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Abstract

ENGINEERS have often drawn inspiration from biology in their quest for more
efficient systems. In the realm of micro-electronics and computer science,

such design practices have resulted in the emergence of the neuromorphic
engineering research field, which aims to design electronic hardware and software
that replicates the computing paradigms of the brain. Indeed, the human brain
can perform complex processing, inference, and generation tasks while relying
on an inherently noisy and imperfect hardware, with a power consumption
equivalent to that of a few light bulbs. The quest towards replicating the brain
computing software can be tackled through several angles. The first would be a
top-down approach, where bio-inspired machine learning algorithms are run on
conventional CMOS-based Von Neumann processor architectures. An alternative
is a bottom-up approach in which novel hardware primitives are designed to
emulate the behavior of individual neurons. In such approach, rather than being
designed independently from the computing platform, the algorithm is defined by
the neuronal architecture itself. Like in biological neurons, information is encoded
in the timing of electrical spikes produced by these emerging devices. A myriad
of implementations of computational neurons and synapses have popped up over
the last decade: some analog or digital, based on conventional CMOS processes
or using novel materials. What is still missing is a bio-inspired interface with the
real world: that is, devices that would be able to emulate the sensory neurons that
convert information such as temperature, light, or sound into electrical spikes, in
other to feed neuromorphic processing systems.

In this thesis, we propose a specific implementation of such sensory spiking
neurons based on vanadium dioxide (VO2), a phase-change material. VO2
possesses the peculiar property of transitioning from a semiconductor to a metallic
phase around a temperature 68 ◦C. Such phenomenon can be leveraged to design
devices which demonstrate a reversible transition from high to low resistive states,
allowing to emulate the electrical spikes of neurons. Akin to phenomena taking
place in biological neurons, such resistive switching is intrinsically stochastic,
while the physical mechanisms behind these variations are not yet fully identified.
Depending on the neuron use case, one might desire to minimize or harness
such stochasticity. However, due to the poor understanding of the phenomenon,
there is a lack of guidelines to design devices tailored for both cases. In addition,
most of the research has been focused on designing computational rather than
sensory VO2 neurons. The phase transition in VO2 can be triggered by a wide
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⋆ | Abstract

variety of stimuli, including temperature, light, and deformation. This opens the
possibility of performing stimulu transduction directly within the neuron, and to
simultaneously encode it into the timing of spikes. Finally, although neuromorphic
technologies are often put forward as a lever to perform energy-efficient informa-
tion processing and possibly to curb the environmental footprint related to the use
phase of large AI models, there is little research on the environmental impact of
the fabrication of such emerging devices.

This work attempts to bridge these gaps, starting from the vanadium diox-
ide material properties and building up towards application level. Chapter 1 in-
troduces the rich landscape of neuromorphic computing and maps VO2 neurons
among other existing implementations, highlighting their peculiar properties and
discussing their benefits compared to other solutions. Chapter 2 presents the syn-
thesis of polycrystalline VO2 thin films and the design of micro-resistors exhibiting
resistive switching. It then studies how specific material properties and device de-
sign parameters can affect the resulting neuron stochastic behavior. Our findings
suggest that the number of grains that compose a VO2 neuron has a significant im-
pact on its stochasticity, and that the latter can thus be impacted by the film grain
size and device dimensions. Our observations lead to significant improvements of
the present understanding of stochasticity in resistive-switching devices. Chapter 3
demonstrates how the VO2 micro-resistors can be used within a simple circuit com-
posed of one transistor and one capacitor to produce electrical spikes. We discuss
how the intrinsic cycle-to-cycle variations of the device I-V characteristics, studied
in detail in a static approach in Chapter 2, result in a dynamic cycle-to-cycle varia-
tions in the spike duration. Static and dynamic stochasticities are bridged through
an analytical dynamic model, which is verified by both static and dynamic empiri-
cal data and allows us to determine the dominant causes of spike rate stochasticity.
We then take the use case of temperature as specific stimulus, to explore different
ways of translating information into the timing of spikes. Through a more classi-
cal approach, we demonstrate encoding of the temperature into the spike rate of
VO2 neuron. We investigate how the dynamic stochasticity impedes the Limit of
Detection (LoD) in such scenario. We then propose a novel, more bio-plausible
and energy-efficient encoding technique by biasing the VO2 neuron at the edge
of its stable spiking regime, yielding sparse stochastic spikes bursts. We study the
specific burst metrics in which the stimulus is encoded, as well as the statistical dis-
tribution of these bursts and underlying physical phenomena. Finally, Chapter 4
takes a step back to discuss the possible environmental impacts of such technolog-
ical development. We quantify the direct environmental impact of the device pro-
duction through a cradle-to-gate Life Cycle Assessment, identifying critical process
steps that dominate indicators such as primary energy demand and greenhouse
gasses emissions. We propose eco-design routes to minimize such footprint and
compare this footprint to that of alternative CMOS-based implementations.
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Introduction

Do the best you can until you know better.
Then when you know better, do better.

– Maya Angelou

Context

FOR decades, the improvement of computing performances has been driven
by the famous Moore’s law. Subsequent miniaturization steps allowed to

follow this golden rule, which predicts that the number of transistors within a
given area of integrated circuit (IC) would double every two years. This evolution
has allowed engineers to design microprocessors with increased computing
capabilities, transforming our world and, more recently, enabling the processing
of ever-growing flows of data through AI models. However, with transistor
dimensions now down to a few nanometers, the technology is approaching its
physical limits and Moore’s law is slowing down [1]. On the other hand, the
amount of data generated at the edge1 and requiring processing is expected to grow
rapidly with the spread of Internet-of-Things (IoT) sensors [2, 3]. A first approach
to tackle the problem would be to rationalize the amount of such data by reflect-
ing on the scenarios in which they are truly relevant. In a complementary way,
we can find radically less energy-hungry means to generate and process such data2.

A community of researchers is actively studying the second option, and they
are turning to biology for inspiration. Indeed, in terms energy-efficient decision
making based on real-time sensory information, biological brains such as that
of humans (∼ 30 W) [5] or honey-bees (less than 10 µW) are yet unmatched by
conventional computers. To reach such performance, the field of neuromorphic
engineering underlines fundamental paradigm shifts with respect to conventional,
Von Neumann computers. One of them relates to the encoding of information.
Instead of encoding it digitally in bits and acquiring/updating it at a predefined

1In information and communication technologies, the edge designates data-emitting de-
vices that are located at the periphery of the network, but are not permanently connected to
this network. Examples are smartphones, connected watches, air quality monitors, ...

2For this strategy to be successful, awareness must be raised so that rebound effects due
to new use-case scenarios do not cancel the benefits of technology optimizations on a global
scale [4].
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and fixed rate, biological neurons encode information into the timing of electrical
spikes or action potentials. This approach allows to leverage the sparsity of events
that is inherent to numerous sensing scenarios, in which relevant variations in
stimulus information only take place at specific moments in time. This evolution
has started to take place in the field of Machine Learning (ML): Spiking Neural
Networks (SNNs), a bio-inspired kind of Artificial Neural Network (ANN), are the
first kind of hardware to implement this paradigm.

However, there is still a missing link in the chain. To showcase their full po-
tential, SNNs must be fed with a sparse, spike-encoded version of the stimulus
information. A conventional approach would consist in sampling the output of
analog sensors at a fixed rate using Analog-to-Digital Converters (ADCs), and con-
vert it into spikes using a dedicated Digital Signal Processing (DSP) unit. But what
if, akin to biological sensory neurons, we could bypass these blocks and their asso-
ciated overhead, by designing compact sensors with a stimulus-dependent spiking
behavior? This question opened up a new research field, that of neuromorphic sen-
sors. Present CMOS-based implementations of such spiking sensors, referred-to as
event-based cameras, suffer from two main limitations. First, they have a large
pixel area [6], hindering scalability perspectives. Second, they are mostly limited
to transducing optical stimuli in the visible domain [7], since they rely on the trans-
duction capabilities of silicon.

Sensor
Analog-to-Digital 

conversion

Digital Signal 

Processing

Spiking Neural 

Network

Neuromorphic

sensor

Spiking Neural 

Network

0110

State of the art

With neuromorphic sensors

Fig. 0.1 Architectural paradigm shift brought by neuromorphic sensors.

In the recent years, researchers have turned towards memristors based on all
kind of emerging materials to implement neuromorphic primitives [8–10]. As their
conductivity can be modulated through electrical stimulation, they can emulate
spiking behavior in a very compact way. More recently, they have been interfaced
with sensors to design sensitive neurons, a form of neuromorphic sensors. In cer-
tain rare cases, stimulus transduction can even be performed directly within the
memristive device. Phase-change material vanadium dioxide (VO2) is one of the
materials used to fabricate such memristors. VO2 memristive devices benefit from
three main assets to implement sensitive neurons. First, they can exhibit volatile
switching from high- to low-resistive states under electrical stimulation, thanks to
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their insulator-to-metal transition properties (whereas some other types of mem-
ristors exhibit non-volatile switching properties). Secondly, they are able to enter
self-sustained oscillating regimes, allowing them to emulate complex neuronal be-
havior. Thirdly, their insulator-to-metal transition can be modulated by a diversity
of stimuli types, enabling transduction functionalities without relying on an exter-
nal sensor. However, as VO2 spiking sensors are a fairly new research topic, their
large-scale development is still hindered by a number of limitations, which will be
tackled in this thesis.

Thesis objectives

The overall objective of this work is to explore some of the main present limitations
of VO2 spiking sensors. Rather than to try to improve the state-of-the-art (SoA) on
specific key performance indicators (KPI), we want to gain understanding on the
causes of these limitations, to derive guidelines on how they should be overcome.

Limitation #1 A first non-ideality relates to the inherent stochasticity of the resis-
tive switching phenomenon, which is not unique to VO2 memristors. This stochas-
ticity induces cycle-to-cycle variations in the device electrical properties, which can
be significant in certain cases. Depending on the given neuromorphic applications
the device is intended for, the designer will wish to harness or mitigate these vari-
ations. However, given the present poor understanding of the causes behind such
stochasticity, designers are rather clueless on how to proceed to maximize or mini-
mize it. Therefore, we aim at answering the following question:

How can specific material properties and device design parameters impact the resulting
VO2 two-terminal devices cycle-to-cycle stochasticity?

Limitation #2 When VO2 memristors are used to design sensitive spiking neu-
rons which perform rate-coding of an input stimulus, one observes cycle-to-cycle
variations in the durations of spikes. These variations can deteriorate the sensor
Limit of Detection (LoD). However, how this spike rate jitter relates to the cycle-to-
cycle variations in VO2 electrical characteristics is not well understood. In addition,
the LoD of VO2 sensitive neurons is seldom quantified, although it can greatly af-
fect the sensor energy efficiency: in a device with large spike rate jitter, one will
have to measure the spike rate over a longer period of time to achieve a given res-
olution. We thus ask the following question:

What are the dominant causes of dynamic stochasticity in rate-coded spiking
VO2 sensors? How does this stochasticity impact the sensor Limit of Detection?
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Limitation #3 Presently, all VO2 spiking sensors perform rate-coding of the in-
put stimulus. However, due to the specific way in which spikes are generated by
VO2 devices, there are no refractory period in between spikes, which are produced
consecutively. As soon as a given spike is over, the next one will be produced: the
information is actually encoded in the duration of a spike (and as a consequence, in
the spike rate). This behavior differs from that of biological neurons, which emit
action potentials of roughly constant duration independently of the input stimu-
lus, but exhibit more or less long refractory periods or silent times in between spik-
ing events, also implementing rate-coding. It’s this specific feature that fosters the
sparsity that is sought for in SNNs, and is presently lacking in VO2 neurons. We
thus ask ourselves:

Can VO2 resistive-switching devices be used to design sensitive spiking neurons with
sparser encoding techniques than plain rate-coding?

Limitation #4 Just as we did ourselves in the above context, VO2 spiking sensors
- and neuromorphic hardware in general - are often introduced by showcasing their
energy-efficiency potential, which could allow to reduce the energy consumption
associated to data generation and processing. Narratives suggesting to use neuro-
morphic technologies to strive for sustainable AI data centers [11] or green AI [12]
are common. However, these works usually don’t take into account the environ-
mental impacts associated to the fabrication of these technologies. Although work
attempting to quantifiy these impacts for mainstream CMOS technologies exist,
this approach has never been undertaken for any kind of neuromorphic hardware.
Indeed, these assessment studies are expected to be even more challenging when
applied to emerging devices such as memristors. We thus ask the question:

What are the direct environmental impacts associated to the fabrication of VO2 memristive
devices? Can they be reduced through eco-design, and how do they compare to those of

CMOS spiking neurons?

Thesis outline

To tackle these four main research questions, our work is structured as followed.
Chapter 1 provides a first introductive dive from the top abstraction level of SNNs
towards the specific field of VO2 spiking sensors and their peculiar properties.
Throughout the rest of the thesis, the specific results of our work will be presented
as we climb our way back from the material physics and device aspects (Chapter
2) towards the application level (Chapter 3), ending with environmental impact
assessment considerations (Chapter 4). Fig 0.2 sums up this structure.
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Fig. 0.2 Illustration of the thesis outline.

Chapter 1 provides an introduction to the concept of neuromorphic hardware
and explains its main paradigm shift. Spiking Neural Networks are presented,
together with their need for neuromorphic sensors. We then detail present CMOS
implementations of such sensors, before showing how four main categories of
memristive devices can provide a compact alternative. We then focus on the spe-
cific case of VO2 memristive sensors. To understand their working principles and
assets, a preface on VO2 transition properties and multi-stimuli responsiveness is
provided. Finally, we list the main types of existing VO2 spiking sensors, so that
the reader will be able to grasp their present limitations discussed in the following
chapters.

Chapter 2 tackles Limitation #1 by improving the understanding of stochastic
resistive switching in VO2 two-terminal devices. Its end goal is to derive de-
sign guidelines to control this stochasticity. To that end, we synthesize several
polycrystalline VO2 thin films with various grain size, and use them to fabricate
two-terminal memristive devices of different dimensions. We perform high-
resolution electrical measurements of the devices I-V characteristics over hundreds
of cycles. Through these measurements, we discover that the magnitude of the
cycle-to-cycle stochasticity in the device electrical parameters is correlated to the
number of grains along the device channel length. We show that minimizing grain
size and maximizing device length allows to mitigate this stochastic behavior.
To the best of our knowledge, this is the first study that takes an empirical,
comparative approach to identify certain parameters that impact stochasticity.
In addition, we provide for the first time hypotheses explaining the bi-modal
distributions in VO2 devices electrical parameters. This phenomenon has been
observed previously in literature, but left unexplained. These conclusions could
be especially useful to the memristive device research community, as they could
apply to memristors based on other materials than VO2.
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Chapter 3 starts by investigating Limitation #2. By embedding the two-terminal
devices fabricated in Chapter 2 within a simple, compact circuit, we design an
artificial spiking neuron. We use it to study the relationship between the static
cycle-to-cycle stochasticity studied in Chapter 2, and the spike rate jitter observed
during the neuron dynamic operation. Using an analytical stochastic dynamic
model, we find that the dominant sources of spike rate jitter are the cycle-to-cycle
variations of the device electrical parameters in its insulating state. We then show
that we can use this neuron to perform rate-coding of temperature, and quantify
how the spike rate jitter impacts the sensor Limit of Detection. Interestingly, we
prove that the energy-resolution trade-off induced by the spike rate jitter can be
relaxed when increasing the spike rate.

The second part of this chapter investigates Limitation #3 by demonstrating
a novel operating regime of VO2 neurons. When biased at the limit of the region
where they demonstrate stable spiking behavior, we show that they start emitting
bursts of spikes separated by quiescent periods of time. We prove that stimulus
information (temperature, in our case) can be encoded into the temporal charac-
teristics of these bursts. This bursting behavior resembles the response of certain
insect biological receptors to noxious heat, and exhibits a form of self-induced
sparsity. To the best of our knowledge, it is the first time that this kind of behavior
is emulated by an artificial sensory neuron.

Chapter 4 addresses Limitation #4 and reports a cradle-to-gate Life Cycle Assess-
ment (LCA) to quantify the environmental impacts of the fabrication of our VO2
device detailed in Chapter 2. By constructing a high-precision inventory of the pro-
cess elementary flows (input materials and equipment electricity consumption),
we estimate their impact on three metrics: global warming potential, cumulated
energy demand and ultra-pure water consumption. We find that the use of gold
for the electrical contacts dominates the footprint on the first two metrics, and
show that it can be significantly reduced by using aluminium as an alternative.
First characterizations show that performance seem to be preserved when using
aluminium contacts. This conclusion could have positive impacts on the future
development of VO2 memristors, as almost all of them presently use high-impact
precious metals for their contacts. This study is one of its kind, as it is the first
time that LCA is applied to a neuromorphic technology. We use the results to
provide a preliminary comparison to the environmental impacts of CMOS neurons.

Finally, we conclude by benchmarking the specific VO2 neurons developed
within this work compared to other VO2-, memristor- and CMOS-based neuro-
morphic technologies, in terms of energy efficiency and neuron area. We discuss
the limitations and perspectives of our work, and conclude on some final thoughts
regarding the variety of possible applications of VO2 neurons.
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The landscape of

neuromorphic hardware

What if, every time I started to invent something,
I asked: "How would nature solve this"?

– Janine Benyus

THE goal of this chapter is to position the VO2 devices developed in this work
within the rich landscape of neuromorphic hardware, and to highlight the

ways in which they could complement and interface with existing neuromorphic
platforms. This chapter starts from the higher abstraction level of neuromorphic ar-
chitectures, zooming progressively towards the component level. First, we define
neuromorphic processing systems, along with their main applications and essential
characteristics. We explain why neuromorphic sensors are required to leverage the
full potential of such platforms. We then detail the different types of neuromorphic
sensors. We briefly present the different technological implementations allowing to
create such hardware primitives, before digging into the specific case of vanadium
dioxide-based devices. We present the phase transition properties of this pecu-
liar material, and show how they can be leveraged to design resistive-switching
devices able to emulate neurons. Finally, we present existing realizations of VO2
neuromorphic sensors, and highlight the key challenges associated with their de-
velopment which will be addressed in this thesis. The objective of this chapter is
not to present an exhaustive state of the art of neuromorphic technologies at the
higher abstraction level, but rather to provide the reader with a synthetic view of
the research field. A detailed literature review is however presented for VO2-based
neuromorphic sensors.
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1.1 Neuromorphic processing systems

The brain has always been a source of inspiration for computer scientists and
electrical engineers, partly thanks to its impressive computing performance: with
about 1011 trillions of neurons connected by around 1021 of synapses, it is able to
perform complex recognition, inference and creative tasks at a power consumption
of merely 30 W [5]. In comparison, the power consumption of supercomputers
designed with a similar number of transistors lies in the megawatt range [13]. In
addition, such supercomputers are designed to perform highly specific tasks (i.e.
large scale, systematic computations), and do not offer the versatility and flexibil-
ity of the brain. It is generally considered that the development of bio-inspired
artificial intelligence algorithms and hardware unfolded through three consecutive
generations of architectures [14]: Artificial Neural Networks (ANNs), Deep Neural
Networks (DNNs) (which are essentially larger ANNs), and Spiking Neural Net-
works (SNNs).

1.1.1 Artificial Neural Networks

neuron

𝑥𝑖
𝒘𝒊

𝑦𝑖 = Φ ෍

𝑖
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Output 

layer
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Fig. 1.1 Architecture of an Artificial Neural Network. Neurons perform a weighted sum-
mation of inputs, add a bias to this sum, and apply a non-linear function ϕ to the result.

ANNs are densely connected networks of individual neurons and synapses, as il-
lustrated in Fig. 1.1. Neurons perform a linear combination of the data received
from their input neurons, add a bias term, and apply a non-linear function (i.e. ac-
tivation function) to the result. Synapses hold the network weights that are used as
multiplying constants in the linear combination performed by the neurons. Updat-
ing these weights over time allows to implement learning within the network. The
most common learning method is the backpropagation algorithm [15], in which
synapses weights are updated from the output towards the input layers in a way
that minimizes the error on the result. As Moore’s law unlocked ever growing com-
puting power capacities, the number of neuron layers in ANNs increased, yielding
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the Deep Neural Networks (DNNs) that are the backbone of today’s AI. These ar-
chitectures contain large numbers of so-called hidden layers in between their input
and output neuron layers, enabling the extraction of complex, abstract features.
When run on conventional Von Neumann architecture, the storage/update of the
network weights, and the computing of network states are performed on distinct
locations (namely, in the CPU and in the memory), as illustrated in Fig. 1.2. The
constant data shuttling between these two components creates overhead referred
to as the Von Neumann bottleneck, limiting operations throughput since CPU speed
has scaled faster than memory access speed [16].

Input data Output data

Central Processing 

Unit (CPU)

Memory

Unit

Control Unit

Arithmetic Logic Unit

Bottleneck

Fig. 1.2 Illustration of the Von Neumann bottleneck.

Solving the Von Neumann Bottleneck

To address this issue, a first key paradigm shift brought by neuromorphic
systems is the co-location of the memory and computing units, a concept
which gave rise to the field of in-memory computing (IMC). In-memory com-
puting was first implemented in a digital fashion in the 1960s through logical
in-memory arrays [17]. IMC leverages the fact that machine learning algorithms
perform matrix-vector multiplication to compute the output of a neuron layer,
and rely on a physical hardware implementation of such matrixes to perform
these multiplications [18]. State of the art implementations can be digital [19] or
mixed-signal [20, 21]. In their most literal interpretation, bio-inspired neuromor-
phic platforms implementing IMC design principles would thus be composed
of densely connected hardware primitives emulating each individual neurons
and synapses. In such implementation, the ANN is directly embedded within
the hardware architecture, rather than run as a set of instructions on a CPU. For
practical density and flexibility purposes, neuromorphic hardware platforms often
implement multiplexing, meaning they emulate large network architectures on a
smaller subset of neurons and synapses.
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Today, a form of memory co-location that is gaining popularity within neuro-
morphic hardwares are memristive crossbar arrays [22], in which two fully con-
nected layers of neurons are located at the column and row entries of a matrix,
while synapses are located at the matrix crosspoints (Fig. 1.3). In these architec-
tures, synapses are emulated by single devices called memristors which we detail
further below, leveraging the peculiar physical properties of emerging materials.

“Memory”

(synapse)

wi,j

“CPU”

(neuron)

෍

Output layer

Fig. 1.3 Architecture of a memristive crossbar array.

1.1.2 Spiking Neural Networks (SNNs)
The second key component of neuromorphic systems lies in the way they encode
information. Conventional processors encode information digitally in bits of zeros
and ones, with a resolution defined by the number of bits. In contrast, a specific
category of neuromorphic systems called Spiking Neural Networks (SNNs) takes
further inspiration from the brain by encoding information in all-or-nothing events
under the form of electrical spikes. In this case, information content is embedded
in the timing of these spikes, following different possible codes. The architecture
of SNNs is illustrated in Fig. 1.4. In SNNs, synapses and neurons definitions are
extended with respect to ANNs.

“Memory”

(synapse)

“CPU”

(neuron)

Stimulus

Stimulus

Stimulus

Neuromorphic

sensors

Fig. 1.4 Architecture of a Spiking Neural Network (SNN). Inspired by [23].
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Synapses

As in ANNs, synapses are responsible for implementing one of the different ex-
isting learning rules, hence emulating the memory and plasticity (i.e. the ability to
adapt to new information) of the brain. The key function of synapses in Spiking
Neural Networks are to change their intrinsic state depending on certain character-
istics of the electrical spikes that they receive from the neurons they are connected
to. This variation impacts the way subsequent spikes are propagated to the neu-
rons connected downwards of the synapse. The specific spikes characteristics that
impact the synapse internal state depend on the learning rule. The most common is
Spike Timing Dependent Plasticity (STDP) [24], in which the synapse internal state
varies as a function of the relative timing of the pre- and post-synaptic spikes. If
the neuron connected upstream of the synapse fires before (resp. after) the neuron
connected downstream of it, expressing a form of causality (resp. non-causality),
the synapse will reinforce (resp. decrease) the connexion between the two neu-
rons. This phenomenon was first theorized by Donald Hebb in 1949 [25] under
the maxim "neurons that fire together wire together", or Hebbian learning rule. In
neurons, it typically translates to long-term potentiation or LTP (resp. long-term
depression or LTD). Synapses can be implemented analogically using CMOS tech-
nology [26, 27]. However, a category of analog implementation that has gained
more interest in the recent years are memristors.

V tpost – tpre

ΔG

LTP

LTD

I

HRS

LRS

set

reset

(b) (c)

(a)

Fig. 1.5 Key characteristics of a memristor : (a) symbol, (b) theoretical I-V curve, and (c)
implementation of Spike Timing Dependent Plasticity.

Memristors are passive electronic elements whose conductance varies in re-
sponse to electrical stimulation. They are able to undergo a transition from a
high-resistive state (HRS) to a low-resistive state (HRS). When these memristors
are used to implement synapses, such variation must be non-volatile, meaning it
must persist after the removal of the applied electrical stimulus for a more or less
long timescale, or unless some form of reset is applied to them. Depending on the
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specific timescale of this decay, they can implement long- or short-term plasticity.
First theorized in 1971 by Chua [28], the memristor has been linked to physical im-
plementations only 37 years later [29]. Today, a large variety of emerging materials
are exploited for their peculiar physical properties allowing to design non-volatile
memristors, as highlighted in multiple reviews [8–10]. They are often referred to as
resistive-switching devices for their ability to switch from their HRS to LRS. The key
characteristics of memristors are illustrated in Fig. 1.5.

Neurons

The most simple model of a biological spiking neuron was first introduced in the
early 1900s [30] by Louis Lapicque. It is referred to as the Integrate-and-Fire (IF)
model: like in ANNs, the neuron still performs a non-linear function of the sum of
the inputs it receives. It does so by integrating input spikes over time and firing
a spike or action potential once its internal potential (an analogy to the membrane
potential in biological neurons) reaches a certain threshold. An extension of this
model is the leaky Integrate-and-Fire (LIF) neuron [31], which includes the leaking
of the neuron internal potential over time and can be modeled as an RC circuit
(Fig. 1.6a). More complex models exist, such as the exponential Integrate-and-
Fire (EIF) [32] where the membrane potential follows an exponential function upon
threshold crossing; the adaptive exponential Integrate-and-Fire (AdEx) [33] which
includes an adaptation current; and the Hodgkin and Huxley (H&H) model [34].
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Fig. 1.6 Illustration of two neuron models: (a) the leaky Integrate-and-Fire (LIF) model and
(b) the Hodgkin & Huxley (H&H) model. Adapted from [35].

This model captures the potassium and sodium ion channels of neurons which
control how polarizing currents charge and discharge the neuron membrane,
through a set of differential equations with four state variables. Each element of
the biological neuron is modeled by an electric component (Fig. 1.6b): its mem-
brane is modeled by a capacitor, its ionic and leaking channels are modeled by con-
ductances, ionic pumps are modeled by a current source, and difference in ionic
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concentrations between the membrane exterior and interiors are modeled by volt-
age sources. Generally speaking, there is a trade-off between the neuron models
complexity and biological fidelity. Different implementations of artificial neurons
have been proposed, both digital in CMOS technology [36] or (2) analog. Analog
neurons, more specifically, can be realized both using CMOS transistors operated
in subthreshold mode (first demonstrated by the pioneers of the neuromorphic
field, Carver Mead and Misha Mahowald, in the early 1990s [37, 38]). Just like
for synapses, a category of analog implementations that gained attention in the re-
cent years are those based on memristors using emerging materials [39], which we
further discuss in Section 1.2.2.

Hardware implementations
Despite the rising popularity of emerging analog memristive devices that demon-
strate synapse or neuron functionalities, large-scale hardware implementations of
SNNs still mostly rely on CMOS technology and are all at least partly digital. A
distinction can be made between mixed-signal and digital implementations. Mixed-
signal implementations typically perform their computations with analog neurons
(the latter often relying on subthreshold CMOS dynamics), while the routing of
spikes through the network is handled digitally. Examples of such chips are DY-
NAPs [40], ROLLs [41], BrainScaleS [42] and Neurogrid [43]. On the other hand,
fully digital SNNs are used as accelerators to emulate large cognitive models and
include examples such as TrueNorth (IBM) [44], Loihi (Intel) [45], ODIN [46] and
MorphIC [47] (UCLouvain) neuromorphic chips. While analog/mixed-signal im-
plementations are more biologically plausible, they require longer design times
and provide less portability from one technological node to the next [48]. For
smaller problems such as pattern recognition involving very small numbers of pix-
els, SNNs composed exclusively of memristive neurons and synapses have been
demonstrated theoretically [49] and experimentally [50], the latter being illustrated
in Fig. 1.7.

synapses

neurons

Fig. 1.7 Spiking Neural Network fully implemented using memristive devices for neurons
and synapses. Adapted from [50].
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These architectures offer high scalability perspectives as neurons and synapses
can be implemented with single devices. However, devices non-idealities limit the
further deployment of fully memristive architectures. These include endurance
issues, non-linearity of the memristive synapses conductance under electrical stim-
ulation, and device-to-device variability. Mixed-signal, hybrid memristive-CMOS
implementations can mitigate these non-idealities [51]. The drift of the memris-
tive synapses internal state over time also limits the lifetime of the system memory.
Finally, in fully memristive SNNs, information of each image pixel must still be
encoded into spikes in a software fashion before being fed to the hardware imple-
menting the network. Demonstrations of fully analog spiking systems from sensing
to processing are still missing.

Information encoding
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Fig. 1.8 Different types of neuronal code: (a) rate coding, (b) time to first spike, (c) Four out
of the 20 Izhikevich behaviors. Adapted from [52].

Several neural code have been observed in biological neurons. The most common
is rate coding (Fig. 1.8a), in which information is encoded into the frequency of
spiking events. Izhikevich reported the most prominent spiking behaviors of bi-
ological neurons [52], a few of which are illustrated in Fig. 1.8c. Rate coding can
be assimilated to the Class 1 excitability among the Izhikevich behaviors. With rate
coding, one needs to witness a certain amount of consecutive spikes to be able to
deduce their information content. Other codes exist, such as time to first spike (Fig.
1.8b), which allows to encode information in single spikes through the delay be-
tween the stimulus onset and the spiking event. Spike-based information encoding
leverages event sparsity: with rate coding, the lower the stimulus power or infor-
mation content, the lower the spike rate, meaning that the network is essentially
asleep in the absence of meaningful information (it is however noteworthy that
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time-to-first-spike encoding is more energy efficient than rate coding). In "at-the-
edge" scenarios in which real-time processing of sensory information is required,
and in which the data has a high temporal dimension (i.e. the data only shows rel-
evant variations during short periods of time), such sparsity could be leveraged to
perform energy-efficient inference tasks such as pattern recognition. This however
requires a hardware with low static power consumption in the absence of spikes.

Energy efficiency and need for spiking sensors
Following such logic, several works have attempted to prove the potential of SNNs
compared to conventional ANNs in terms of energy efficiency. So far, conclusions
are mitigated. Dampfhoffer et al. [53] estimated theoretically that SNNs could out-
perform ANNs in energy efficiency under conditions of very high spike sparsity,
less than 1.5 spikes per inference. Lemaire et al. [54] modelled an up to 8-fold supe-
riority in energy efficiency of SNNs compared to ANNs. However, Bhattacharjee
et al. [55] show that theoretical estimations can underestimate actual measured en-
ergy consumption, due to several hardware bottlenecks including device-to-device
variations. Davidson and Furber [56] highlight that when using rate coding, event
sparsity is not sufficient for SNNs to outperform ANNs from an energy view-
point. In their work, Frenkel et al. [48] benchmark their digital SNN implementa-
tion compared to other SNNs and ANNs using N-MNIST, a spiking version of the
MNIST dataset [57], and show that in most case SNNs do not outperform ANNs
in terms of energy efficiency. However, they underline the fact that the N-MNIST
dataset is constructed from static images, thus not conveying the temporal dynam-
ics that might benefit SNNs. Benchmarking using SNNs-dedicated datasets1 with
a prominent temporal dimension such as the Heidelberg dataset [60] would be de-
sirable. Spiking datasets are needed as the use of SNNs for at-the-edge recogni-
tion tasks requires sensory information to be encoded under the form of spikes.
This can be performed by converting the analog output of conventional sensors
into the spiking domain, sampling it at a predefined rate and converting it into
spikes using Analog-to-Digital converters (ADCs) and Digital Signal Processing
(DSPs) units [61]. However, such clock-based hardware blocks induce overhead
and would impede the system from truly benefiting from event sparsity in a real-
life scenario of embedded application. In consequence, engineers have been trying
to design neuromorphic sensors able to directly encode information into the spiking
domain, in a compact and energy-efficient manner.

1By opposition to ANNs-tailored ones such as MNIST [58] or CIFAR10 [59], both based on
static inputs.
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1.2 Neuromorphic sensors

Just like the hardware primitives of neuromorphic processing systems, neuromor-
phic sensors can either take the form of sensitive synapses or sensitive neurons, each
of which can be implemented in different fashion.

Neuromorphic sensors

Sensitive neurons 

Sensitive synapses

Resistive switching 

devices

implementations

CMOS 

implementations

Our work

Fig. 1.9 Cartography of neuromorphic sensors implementations. Our work relates to sensi-
tive neurons implemented using resistive-switching devices.

1.2.1 Sensitive synapses

Sensitive synapses show a change in their internal state in response to stimuli, but
are not able to generate spikes by themselves and thus require to be interfaced
with an upstream artificial neuron, or artificially stimulated with spikes. Sensitive
synapses encode stimulus information into the network weights, with the effect of
strengthening or weakening connections between specific neurons. In recent years,
an increasing number of sensitive synapses have been implemented using non-
volatile memristors [62–68] (introduced in Section 1.1.2), in which transduction is
directly performed by the memristor. The specific physical mechanism depends on
the used material. The most basic form of memory implemented by these sensi-
tive synapses are Long Term Potentiation (LTP) or Long Term Depression (LTD),
a persistent change in device conductance under stimulus power, impacting the
post-synaptic current (PSC). Two main forms or LTP/LTD are reported. In the first
case, the potentiation is performed through input voltage spikes, and the stimulus
power modulates the magnitude of the conductance variation [62] (Fig. 1.10a). The
magnitude of conductance change will also depend on the input spikes frequency
(spike frequency dependent plasticity or SFDP), duration and power. Alternatively,
the potentiation can be directly triggered by applying stimulus pulses (e.g. light
pulses for photosensitive neurons [63–65]; see Fig. 1.10b). Here again, dependence
on stimulus pulse frequency, duration and power is demonstrated. Typically, long
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term depression or resetting of the synapse initial state after LTP will be performed
by applying voltage pulses of opposite polarity. Other types of synaptic behav-
ior implented by memristive sensitive synapses are paired-pulse facilitation (PPF)
or depression (PPD), where postsynaptic currents are temporarily increased or re-
duced by previous pulses (Fig. 1.10c-d). Once again, this behavior can be triggered
by voltage input pulses modulated by the stimulus of interest, or directly triggered
by stimulus pulses (mainly in light sensitive synapses). Currently, memristor-based
sensitive synapses have been demonstrated for strain [62, 63, 65, 67] and optical
stimuli (in the ultraviolet or UV [65, 68], visible or VIS [63] and near-infrared or
NIR [64] spectra). For light sensors, most implementations rely on phototransistor
architectures based on emerging materials. In all these implementations, transduc-
tion is performed directly by the memristive device.
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Fig. 1.10 Different behaviors of sensitive synapses. (a) Long-term potentiation (LTP) trig-
gered by input voltage pulses, and modulated by stimulus power. (b) LTP triggered by stim-
ulus pulses (here, light), and modulated by pulses frequency. (c) Definition of paired-pulse
facilitation (PPF) ratio. (d) Modulation of PPF by an external stimulus.

1.2.2 Sensitive neurons
Sensitive neurons, on the other side, are able to generate electrical spikes under
certain bias conditions, and to encode stimulus information into the timing of these
spikes. They thus simultaneously fulfill the functions of stimulus transduction and
spike generation.
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CMOS implementations

(a) (b)

Fig. 1.11 Working principle of an event camera. (a) Spikes generation from the signal of an
analog light sensor. (b) Example of generated image, red (resp. green) spikes correspond to
negative (resp. positive) brightness change. Adapted from [7, 69].

The first generation of such sensors to receive attention in the neuromorphic re-
search field are so-called event-cameras. In such cameras, each pixel is independent
and generates asynchronous "all-or-nothing" events (spikes) in response to bright-
ness change instead of absolute brightness. In addition to carying temporal and
spatial information, the spikes have a polarity depending on whether the bright-
ness change is positive or negative. The concept is illustrated in Fig. 1.11. The idea
of event cameras, or dynamic vision sensors (DVS), was first introduced in the early
90s by Mahowald and Mead as an inspiration from the way the biological retina op-
erates [70]. It was then further developed by of Todi Brucker’s lab in ETHZ [7] in
the 2000s. Despite their bio-plausibility, they suffer from three main limitations.
First, a large pixel size, as each pixel typically relies on a large number of tran-
sistors2. Second, the fact that most implementations limit themselves to sensing
light in the visible spectrum, as they use CMOS-based photodiodes and are thus
restricted to the transduction mechanisms taking place in silicon. A few demon-
strations of CMOS-based spiking sensors could however be adapted to other stim-
uli than optical ones by interfacing conventional sensors with CMOS-based analog
or digital circuits [71–73]. The third limitation relates to a relatively high pixel
power consumption, as they require a biasing current leading to significant static
consumption (while conventional CMOS image sensors are purely dynamic, with
no static power consumption in the pixel array). All in all, the main drawback of all

2There has however been progress made on that matter, with a collaboration between
Sony and Prophesee demonstrating an event camera with a 24 µm² pixel size [6], thanks to
the 3D-stacking of a backside illuminated image sensor and processing chip.
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CMOS implementations of spiking sensors is that they require a significant num-
ber of active elements for the spike generation function, posing scalability concerns,
mostly as Moore’s law is slowly reaching its limits. While techniques such as 3D
stacking and chiplet interconnects [74] could mitigate the Moore’s law slowdown,
they cannot totally prevent it.

Resistive-switching device implementations

Resistive

switching

devices

Oxygen vacancies 

migration into

a transition metal oxide
TaOx, TiOx, Wox

IF neurons

Metal ions migration into

a solid electrolyte
Metal ions : Ag, Cu, Ni

Matrix : SiO2, HfOx, TiO2, 

Cu2S, Ag2s

LIF neurons

Amorphous to crystalline 

transformation
Chalcogenides :

Ge, Se, Tb alloys

IF neurons

Insulator to metal 

Mott transition
NbOx, V2O3, VO2

 

LIF and H&H neurons

Our work

Non-volatile Volatile

Fig. 1.12 The four main families of resistive-switching devices, together with their respec-
tive physical mechanisms, typical materials, and type of neuron models that they can imple-
ment. Our work belongs to the family of Mott memristors. Schematics show the state of the
device in high-resistive state (HRS) in each four cases. Inspired from [39].

An alternative is to follow a similar approach than for sensitive synapses, and to
turn to memristors to implement computational neurons that perform spike genera-
tion function, in a way that requires a smaller number of circuit components. The
modulation of the timing of these spikes by an external stimulus can then be imple-
mented by interfacing the computational neuron with an external sensor, to build
sensory neurons3. This design paradigm exploits the resistive-switching properties
of memristors based on emerging materials (introduced in Section 1.1.2). The non-
linearity of their I-V curve makes it possible to use them to implement IF and LIF
neurons, and even more complex models such as the H&H neuron. Typically, the
two-terminal resistive devices will integrate input spikes through a variety of pos-
sible physical mechanisms, leading to the formation of a conductive filament. The
formation of this filament is concomitant to the generation of a current or voltage
spike due to the sudden decrease of conductance, as the device switches from its
high- to low-resistive state. To mimic the neuron behavior, this filament must then
resorb in the absence of electrical spikes so that the device returns to its HRS. De-
pending on the underlying physical mechanism, this relaxation will either be spon-

3This distinction between computational neurons, which solely perform spiking functions,
and sensory neurons, which implement spiking and sensing functions, will be used systemati-
cally throughout this thesis.
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taneous (corresponding to the case of the volatile memristor, in which the resistive
switching is unstable), or artificial through the application of a RESET pulse (for
non-volatile memristor, in which the resistive switching persists over time). Fig. 1.12
quickly summarizes the four main physical phenomena behind resistive switch-
ing: oxygen vacancies formation, amorphous to crystalline transition, metal ions
migration, and Mott-type insulator-to-metal transition. We discuss each of these
four categories in more details in the following paragraphs (see Fig. 1.13 to 1.16).
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Fig. 1.13 Operation principle of a resistive-switching neuron based on oxygen vacancies
migration. (a) Typical I-V curve. The HRS is shown in orange, the LRS in blue. (b) High- and
low-resistive states, showing the oxygen vacancies (orange) within the oxide matrix (blue). (c)
Integration of input pulses and spike firing, followed by relaxation through a RESET pulse.
(d) The memristor integrates inputs and stores the neuron internal potential, while external
circuitry is required for threshold detection and resetting of the neuron state. Inspired from
[75, 76].

A first type of resistive-switching device illustrated in Fig. 1.13 is based on the
migration of oxygen vacancies into an oxide such as HfOx, TaOx, PrxCayMnO3.
In such devices, the transition from high- to low-resistive state takes place through
a soft breakdown of the oxide under a sufficiently high applied electric field, re-
sulting in the formation of a conductive pathway of oxygen vacancies (Fig. 1.13b).
For this filament to resorb, an electric field of opposite polarity must be applied
to trigger recombination of the ions (Fig. 1.13a). Such resistive switching is thus
non-volatile, but can be leveraged to implement an IF behavior [75, 76]: the device
integrates SET input spikes until its internal state reaches a critical level of ionic
transport and a conductive filament of oxygen vacancies connects the device two
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terminals, after which the conductance increases suddenly (Fig. 1.13c). These types
of memristors essentially store the neuron membrane potential, while external cir-
cuitry is required to detect threshold crossing (Fig. 1.13d). Once the spike has been
fired, the neuron must then be reverted back to its HRS by applying a RESET pulse
of reversed polarity. This feedback mechanism also requires additional circuitry
which limits the compactness of the neuron.
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Fig. 1.14 Operation principle of a resistive-switching neuron based on amorphous to crys-
talline transition. (a) Conductance variation with number of input SET pulses. The initially
large amorphous region (blue) progressively shrinks as the input voltage pulses induce crys-
tallization (orange), increasing the device conductance. The conductance can then be reset to
its low value by recreating the amorphous region through a high-power voltage pulse. (b)
Integration of input pulses and spike firing, followed by relaxation through a RESET pulse.
(c) Here again, the memristor integrates input and stores the neuron internal potential, while
external circuitry is required for threshold detection, spike generation and resetting of neuron
state. Inspired from [77].

A second type of resistive-switching illustrated in Fig. 1.14 exploits the
progressive re-crystallization of an amorphous region within the memristor
channel, triggered through Joule heating by applying short voltage pulses of
relatively low power (Fig. 1.14a). Typical materials implementing such reversible
crystallization are chalcogenides such as Ge, Se and Tb alloys [77–79]. Similarly to
oxygen vacancy migration, this phenomenon is not volatile and must be reverted
back by applying a longer, higher-power voltage pulse (Fig. 1.14b) to heat up a
significant part of the device above the material melting point, re-creating a large
amorphous region upon quenching through a glass transition. Once again, the
threshold crossing detection, spike firing and RESET functions involve additional
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circuit elements (Fig. 1.14c). In this case, there is no conductive filament that
fully connects the two electrodes, but rather an amorphous region that shrinks
progressively through crystallization, and is then reset back through melting and
quenching.

A third type of resistive-switching mechanism illustrated in Fig. 1.15 is based
on the migration of metal ions from a metallic electrode (Ag, Cu, Ni) into a solid
electrolyte material (Ag2S, Cu2S, SiO2, SiOx, ...). Similarly to oxygen vacancy mi-
gration, metal cations will migrate from the electrode under the action of an electric
field (Fig. 1.15b). A conductive filament progressively forms under the action of
repeated electrical pulses (integration); the abrupt increase of conductance once a
conductive filament of cations forms across the device mimics the firing of a spike.
In the absence of applied electric field, the conductive path will resorb naturally
through diffusion as the metallic nanoparticles tend to regroup in isolated clusters
to minimize their interfacial energy, so that no RESET pulse is needed (Fig. 1.15a).
This volatility allows to implement the leakage behavior of LIF neurons [80–82]
(Fig. 1.15c). The relaxation time can range from the tens of micro- to the tens of
milliseconds range4. In case of too fast relaxation compared to the input dynamics,
a parallel capacitance will be added to the memristor to perform integration of in-
put spikes (contrary to non-volatile device in which this integration is performed
within the memristor itself).
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Fig. 1.15 Operation principle of a resistive-switching neuron based on metal ions migra-
tion. (a) Typical I-V curve. (b) High- and low-resistive states. (c) Integration, firing and
spontaneous relaxtion upon input voltage pulse. Inspired from [82].

Finally, a fourth type of resistive switching illustrated in Fig. 1.16 exploits the
reversible insulator-to-metal transition (IMT) in Mott insulators such as NbOx,
V2O3 and VO2. This transition corresponds to a change of energy band and crys-
talline structure in the material, and is accompanied by a drastic reduction in re-
sistivity. Interestingly, this transition can be triggered by several types of stimuli,
depending on the specific material. The most generic stimulus which is observed

4Typically, biological neural codes operate in the 1-100 millisecond timescales [52], with
each spike lasting for about 1 millisecond [83].
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to trigger such transition is temperature: the transition temperature TIMT is around
1080 K for NbO2, 340 K for VO2, 415 K for V3O5. In small dimensions (micrometer-
scale) two-terminal devices, the transition can be triggered by an applied voltage
through a debated combination of electrical and Joule heating effects5.
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Fig. 1.16 Operation principle of a resistive-switching neuron based on Mott insulator-to-
metal transition. (a) Typical I-V curve. (b) High- and low-resistive states. Circuits allowing
to design LIF and rate-coded neurons (c) and H&H neurons (d). (e) Firing of a spike under
input voltage pulse (LIF neuron). (f) Self-sustained oscillations in case of device presenting a
NDR, with rate coding of input current. (g) Bio-plausible spiking behavior as implemented
in a H&H Mott neuron with four specific stages: resting, hyperpolarization, depolarization
and refractory undershoot. Inspired from [84, 85].

The result is the formation of a metallic filament (LRS, Fig. 1.16b), which
resorbs as soon as the applied voltage is removed, allowing the device to return to
its HRS. Mott insulators are characterized by their ultrafast transition dynamics:
both the transition from HRS to LRS (integration) and LRS to HRS (relaxation) take
place in the nanosecond timescale, allowing to design neuromorphic devices with
accelerated timescales with respect to biological ones. Here again, a parallel capac-
itance is thus commonly used in computational neurons to integrate input spikes
and design LIF neuron. Under certain conditions, resistive-switching devices
based on Mott insulators can present a range of negative differential resistance (NDR)
in their I-V curve (Fig. 1.16a). By setting a current corresponding to this specific

5The literature debate around the triggering mechanism will be detailed in Section 1.3.2.
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range, the device can be set in an astable regime in which the filament will form
and resorb in a cyclic fashion, resulting in a self-sustained spiking behavior. In
this specific regime, the spike rate can be modulated by the level of input current,
implementing a rate-coding behavior (Fig. 1.16c,e,f). When combining two Mott
memristors together, one can model the potassium and sodium ion channels of
the H&H neuron model and capture more complex behaviors (Fig. 1.16d,g) [84–86].

Since the early 2010s, these four types of resistive-switching devices allow to
implement computational neurons [78, 84]. Theoretically, they also offer the pos-
sibility of being interfaced with sensors to design sensitive neurons. However,
demonstrations of the latter have only emerged in recent years. Most implemen-
tations rely on the two types of volatile memristors, namely resistive-switching
devices based on Mott insulators [87–97] and metal-ions migration mechanisms
[64, 98–102], thanks to their ability to mimic more complex neuron behavior than
plain IF (i.e. LIF, H&H). Most Mott memristors implementing sensitive neurons
rely on the use of NbOx [87–90] and VO2 [91–97] as active material. Regarding
sensitive neurons based on metal-ions migration, the metal used preferentially
as active electrode is Ag6, while the most common solid electrolyte materials are
SiO2 [64, 101] and TaOx [100, 102]. In most cases, the sensing function is fulfilled
by an external sensor whose analog output is fed to the neuron. However, in cer-
tain niobium oxide [88], vanadium oxide neurons [91–94] and metal-ion migra-
tion neurons [98–100], stimulus transduction is performed directly by the memris-
tor itself by exploiting the dependence of the device I-V characteristics on stimu-
lus power (which can be due to various physical mechanisms depending on the
specific material). Such implementations where the sensing is directly embedded
within the volatile memristor have been reported for thermal [92, 94, 100], opti-
cal [91, 98, 99] and RF [91, 93] stimuli. On the other hand, strain sensing is typically
implemented through external sensors [88–90, 95, 101, 103]. The compactness of
integrated-sensing implementations is an interesting feature, especially in scenar-
ios in which large number of sensors must be integrated in a reduced area.

1.3 Vanadium dioxide for neuromorphic applications

We now dig more specifically into implementations of neuromorphic sensors based
on Mott insulator vanadium dioxide (VO2). We first detail how the insulator-to-
metal transition takes place in VO2 thin films, and what are the dominant physical
mechanisms put forward in the literature to explain such phenomenon. An in-
teresting property of VO2 - compared to other Mott insulators such as NbOx - is

6Thanks to the fast diffusion dynamics of Ag ions in a variety of electrolyte materials. Cu
can be used as an alternative, but the electrode will be subject to oxidation.
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that its phase transition can be triggered through a wide range of stimuli includ-
ing thermal, optical, strain, magnetic, electro-chemical and electrical [104]. This
multi-stimuli responsiveness makes it an ideal candidate to implement neuromor-
phic sensors with transduction directly embedded within the memristive device.
We quickly review how these different stimuli can affect the insulator-to-metal
transition, or even directly trigger it in certain cases. We then focus on the elec-
trically triggered transition, and show how it can be harnessed in micro-scale VO2
two-terminal devices. We present the existing architectures of VO2 spiking sen-
sors based on such two-terminal devices. Finally, we evoke the remaining chal-
lenges associated to the deployment of VO2 spiking sensors, which will be tackled
throughout the different chapters of this thesis.

1.3.1 Transition properties

Fig. 1.17 Phase diagram of vanadium oxides as function of their oxygen/vanadium content
and temperature. Greyed areas correspond to single phases, other correspond to mixture
of phases. The insulating and metallic phases of VO2 are highlighted in blue and orange,
respectively. Adapted from [105].

Vanadium dioxide (VO2) is one of the numerous existing stoichiometries of vana-
dium oxides, as shown in the phase diagram of Fig. 1.17. Among these different
phases, five are thermodynamically stable, meaning they are stable as pure com-
pounds: V2O3, V3O5, VO2, V3O7, and V2O5. Other phases are referred to as un-
stable or metastable, and are likely to decompose into one of the stable phases.
Vanadium oxide stoichiometries can also be decomposed into (1) those in which
vanadium atoms have single valence (there are four of them: VO, V2O3, VO2 and
V2O5), and (2) those with a mixed-valence of vanadium. The latter either belong
to the family of Magnéli series (VnO2n−1, 3 ≤ n ≤ 9) or Wasley series (VnO2n+1,
n ≥ 3). Thermodynamically stable phases have applications as batteries, catalysts
and supercapacitors. In addition, they all present some form of phase transition,
taking place at various temperatures [106]. However, most of them are either too
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low (around -113 ◦C for V2O3 [107], -268 ◦C for V3O7 [108]) or too high (around 157
◦C for V3O5 [109], 257 ◦C for V2O5 [110]) for practical applications in electronic, as
CMOS circuits typically operate from room temperature to 125 ◦C [111].
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Fig. 1.18 Difference in (a) crystalline structure and (b) band structures between the insu-
lating and metallic vanadium dioxide phases. Adapted from [112]. In (a), the solid blue line
show the V-V dimers.

However, VO2 stands out as an interesting candidate thanks to its insulator-to-
metal transition taking place close to room temperature. This transition was first
observed by Morin et al. in 1959 [107], triggered thermally at a temperature TIMT
of around 340 K (68 ◦C). The two phases have different crystalline structures [104]
(shown on Fig. 1.18a). In its metallic phase, VO2 has a rutile (R) tetragonal
crystalline structure, in which vanadium ions are arranged in a linear, symmetric
way. The average distance between the nearest V-V pairs along the cR axis is
identical for all pairs (about 2.88 Å). In its insulating phase, VO2 has a monoclinic
(M1) phase of low symmetry, and one witnesses a dimerization7 of the V atoms,
with dimers rotating in the cM direction. As the Vanadium dimers rotate, two
different V-V bond lengths appear (2.65 Åand 3.12 Å), and the bonds form zig-zag
patterns. The two phases also have distinct band structures [113] (shown on Fig.
1.18b). In the metallic phase, there is a superposition of the d∗π and d|| bands, and
the Fermi level falls within this superposition zone. As a result, there is an absence
of bandgap and VO2 shows the conductivity of a metal. In the insulating phase,
the d|| band is split into two bonding and antibonding states, while the d∗π band is
moved upward the Fermi level, yielding to the formation of a bandgap Eg of ∼ 0.6
- 0.7 eV.

7Dimerization qualifies the process of joining two entities by a chemical bond (in this case,
two V atoms forming a V-V dimer).
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While VO2 is often referred to as a Mott insulator, Mott’s theory is only one of
the two major theories regarding the physical mechanism causing the transition
between both states [114]. The first theory, or Peierls model, states that it is the
structural phase transition which drives the IMT transition and band structure
change, through lattice distortion and associated electron-phonon interactions.
This theory was first introduced by Goodenough [115] in 1971. In his work, the
transition is induced by lattice distortion. The insulator behavior is attributed to
the dimerization of V-V bonds which show two distinct lengths (3.16 and 2.62
Å). Since the d-electrons of the vanadium atoms are bound to the V-V bonds,
this results in the in the splitting or localization of the d-orbitals, hence the
insulating property. On the other hand, in the metallic state, the fact that the V-V
distance (2.88 Å) is smaller than the critical interaction distance (2.94 Å) causes the
d-orbital electrons to be shared by all the vanadium atoms, resulting in the metallic
behavior [104]. The second theory, brought by Mott in 1975 [116], elaborates
that lattice distortion is not sufficient to trigger the IMT. Mott attributes the
phase transition to electron-electron interactions (correlation). In this theory, the
insulator-to-insulator transition IMT (referred to as the Mott-Hubbard IMT) takes
place when electrical carriers reach a critical density nc, upon which Coulomb
repulsion will screen the electrons away from the ion cores, and the system will
become metallic. Band structure change takes place simultaneously. In such
theory, the structural phase transition (SPT), i.e. the change in crystalline structure,
is a consequence of the IMT. Whether the IMT is driven by lattice distortion (Peierls
model) or electron-electron interactions (Mott-Hubard model) has been a long
standing debate. As the transition takes place on ultrafast timescales, it is hard to
decorrelate structural and electronic mechanisms. Several works have however
identified the existence of an intermediate monoclinic, metal-like phase occuring
during the IMT [117–119], hinting a cooperation between the Mott and Peierls
mechanisms. In general, most recent works tend to reconciliate both theories by
describing "Mott-assisted Peierls" and "Peierls-Mott" transitions.

The most commonly observed IMT is triggered by heating a VO2 thin film,
typically a few hundreds of nanometers-thick. Such thin films can be deposited
through various techniques, the most common including sputtering, Pulsed-Laser
Deposition (PLD), and Atomic Layer Deposition (ALD). They can be polycrys-
talline of randomly oriented or epitaxial nature, depending on the chosen sub-
strate. The transition is accompanied by a drastic reduction in the thin film resis-
tivity (shown in Fig. 1.19), characterized by the resistivity ratio ρOFF/ρON which
can reach several orders of magnitude, as high as 105 [120]. The hysteretic nature
of the transition can be understood intuitively from the energy landscape model,
as IMT and MIT transitions are associated to different heights of energy barrier
jumps [121]. Such transition properties can also be observed in other structures,
such as VO2 nanowires, nanoparticles, and various device topologies.
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Fig. 1.19 Thermally-triggered hysteretic transition typically observed in a VO2 thin film
resistivity (y axis is logarithmic). Inset shows an energy landscape model giving an intuition
for the cause of the hysteretic behavior.

Modulating the thermally-triggered VO2 transition

The transition properties (transition temperature, hysteresis width and resistiv-
ity ratio) can be modulated through different parameters. On one hand, these
parameters can be intrinsic to the VO2 thin film and set during its microfabrica-
tion (Fig. 1.20a-d), such as choice of substrate [122, 123], film thickness and grain
size [124, 125] (in the case of polycrystalline films), deposition technique, oxygen
content or metallicity [126,127], presence of defects like oxygen vacancies [128–131],
doping [132], and residual stress [133, 134]. Among these different parameters,
some are highly correlated and can difficultly be studied independently (there will
thus be interactions between certain of the modulation mechanisms shown in Fig.
1.20). For example, the type of substrate will impact residual stress [133], grain
structure and the presence of interfacial defects. Grain size will increase with film
thickness [125], and defects and oxygen vacancies will be present in higher concen-
tration in small-grains films [135, 136]. Interestingly, transition properties can also
be modulated in situ by external stimuli (Fig. 1.20e-i), including strain [137–139],
optical [68, 140, 141], electro-chemical [122, 142, 143], magnetic [144] or electrical
[134, 145, 146]. The physical phenomena behind such modulations depend on the
specific stimulus. In the case of strain, it can be attributed to a reduction (resp. in-
crease) of bandgap in the case of compressive (resp. tensile) stress [137]. Regarding
UV light, light induced oxygen-vacancies have been identified as explaining hy-
pothesis [68, 140, 147]. Electro-chemical modulations involve field-induced oxygen
vacancies [122]. Magnetic modulation has been obtained through hydrogen treat-
ment, inducing ferromagnetically coupled dimers [144]; magnetic properties can
also be attributed to oxygen vacancies [104]. Electrical modulation is achieved by
controling carrier density through an external electric field [145].
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Fig. 1.20 Modulation of VO2 thermally-triggered phase transition through process param-
eters (a)-(d) and external stimuli (e)-(i). (a) Modulation through germanium doping of VO2
thin films [132]. (b) Modulation through variation of VO2 thin films thickness [125]. (c) Mod-
ulation by growing identical VO2 thin films on various orientations of TiO2 and Al2O3 sub-
strates [122]. (d) Modulation through introduction of oxygen vacancies by low-temperature
annealing process of VO2 nanonets [130]. (e) Modulation through tensile strain applied on
a VO2 thin film [137]. (f) Modulation by irradiating VO2 thin films under UV light for in-
creasing periods of time [68]. (g) Modulation through oxygen-vacancies creation induced by
liquid ionic gating in a three-terminal VO2 device [122]. (h) Modulation through application
of magnetic field accross VO2 nanowires [144]. (i) Modulation through application of an ex-
ternal electric field across a VO2 three-terminal device [145].

Triggering the VO2 transition through various stimuli
Beside thermal triggering, the insulator-to-metal transition can also be directly in-
duced from the various stimuli mentioned above (see Fig. 1.21). Strain-induced
transition has been reported in VO2 nanowires at strain levels of ∼2 % (Fig. 1.21a)
[148]. Photoinduced transition has also been reported under femtosecond laser
pulses in the visible domain (700 - 800 nm) (Fig. 1.21b) [112, 149–151]. In this case,
the transition takes place through an ultrafast transition of similar femtosecond
timescale, to an intermediate metallic-like monoclinic phase. It is induced by carri-
ers generation and change in Coulomb interactions. This intermediate state is un-
stable, and the modification in lattice potential then drives the VO2 into its metallic
state [112].
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Fig. 1.21 Insulator-to-metal transition triggered through various stimuli, other than
temperature-controlled. (a) Strain-induced IMT in a VO2 nanowire. Y axis shows the fraction
of metallic state in the wire, determined optically (yellow zones in the inset, whereas green
zones correspond to the insulating state) [148]. (b) Photoinduced reflectivity change in a VO2
thin film, induced at different fluences of laser excitation (λ = 800 nm). Reflectivity is used as
a proxy to measure the phase transition. [112] (c) Dependence of a VO2 three-terminal device
sheet resistance on gate voltage, showing IMT induced through field-induced oxygen vacan-
cies effect. The gate oxide is an organic ionic liquid [122]. (d) IMT induced through magnetic
field in a W-doped VO2 thin film. Change in absorption coefficient is used as a proxy to track
the IMT [152]. (e) IMT induced by an applied voltage (black) and applied current (red) in a
two-terminal VO2 device [153].

In the UV domain, insulator-to-metal transition can be triggered through the
generation of oxygen vacancies, which is a slower process taking place in hours
timescale [68, 140]. The insulator-to-metal transition can also be directly triggered
by field-induced oxygen vacancies, using ionic liquid as gate insulator [122] in a
VO2 three-terminal device (Fig. 1.21c). Regarding magnetic stimuli, Matsuda et
al. have shown that a sufficiently high magnetic field could trigger IMT in a W-
doped VO2 film, and attributed it to the a spin effect that induced delocalization
of electrons in V ions (Fig. 1.21d) [152]. Finally, the insulator-to-metal transition
can also be triggered through an applied voltage in three- or two-terminal de-
vices. Three-terminal devices have a structure akin to field-effect transistors (FET),
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in which VO2 is used as the channel material. Contrary to electrochemical trig-
gering, IMT doesn’t involve chemical reactions and is triggered by electrostatical
screening through Coulomb interactions, so that the bandgap collapses and the
channel becomes metallic [114]. The two-terminal device topology corresponds to
the resistive-switching devices introduced in Section 1.2.2. In such devices, IMT can
be triggered through a debated combination of Joule heating and electrical effects.
We take a closer look at them in the next section.

1.3.2 Resistive-switching VO2 devices

The first observation of the insulator-to-metal transition in a VO2 two-terminal de-
vice through an applied voltage is traced back to the work of Stefanovitch [154]
in 2000. Since then, a large body of works have repeated similar observations
( [153, 155–158] to name a few). The typical I-V curve of a two-terminal VO2 de-
vice is illustrated in Fig. 1.22a, along with its key parameters.

V

LRS

(metallic

state)

IMT

MIT

I

HRS

(insulating state)

V-driven

VMIT VIMT

(a)

NDR

current

compliance

I-driven

(b)

(c)

Monoclinic VO2 (insulating) Rutile VO2 (metallic)

Fig. 1.22 (a) Typical voltage driven (solid line) and current-driven (dotted line) I-V curve of
a VO2 two-terminal device. Two possible structures of VO2 two-terminal devices: (b) planar
and (c) vertical or so-called "crossbar". Device structures illustrations are inspired from [159].

Similarly to the thermally-driven transition, the I-V curve shows an hysteresis,
with two distinct threshold voltages VIMT and VMIT associated to the two tran-
sitions. The transition can be triggered in voltage- or current-driven mode. In
voltage-driven mode, a compliance is typically applied to protect the device from
overheating, as the transition is quite abrupt. The current-driven transition shows
a negative differential resistance (NDR) region, which is related to the superlinear
dependence of VO2 resistivity in temperature [160]. The exact phenomenon
behind the electrically triggered IMT is still under debate. A first theory attributes
it to the field induced direct injections of holes or electrons, as initially proposed
by Stefanovitch [154]. Other works suggest that the dominant mechanism is Joule
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heating, through which portions of the VO2 device would locally be brought
to the transition temperature [161, 162]. While both purely thermal and purely
field-induced behaviors have been observed in different VO2 devices topologies
(thin films and three-terminal devices, respectively), in two-terminal devices, the
two phenomena are expected to be strongly coupled. Which mechanism is the
dominant one depends highly on the device topology and on the properties of the
synthesized VO2.

Two terminal devices can be fabricated through two main topologies, illus-
trated in Fig. 1.22 vertical and planar. The vertical topology has advantages in
terms of scalable integration in crossbar arrays (introduced in Section 1.1.1). Verti-
cal devices have also been claimed to induce less device-to-device variability [163].
Indeed, in planar devices, transition has been shown to take place through a
filamentary process [121, 164, 165], as illustrated in Fig. 1.22b. Once the applied
voltage is sufficiently high, certain isolated domains inside the VO2 channel will
undergo IMT. Voltage drops will redistribute across these domains neighbours,
precipitating the formation of a metallic filament. In certain planar devices, exces-
sive heating can take place during the first transition, as all current is redirected
towards the filament, locally resulting in very high current densities [120]. This
can permanently alter the grain structure and I-V curve of the device [166]. After
this first cycle - sometimes referred to as electroforming -, transition properties can
still persist, but device-to-device variability will be induced due to change in the
defice ON and OFF state resistances. In vertical devices, transition is expected to
take place in a more uniform fashion as shown in Fig. 1.22c. The device is thus
expected to experience lower temperatures during transition, removing the elec-
troforming behavior and associated device-to-device variability [159]. However,
planar devices offer other advantages, including a simpler fabrication process,
and possibility to deposit VO2 on a variety of substrates (indeed, obtaining a
high-quality growth of VO2 on a metallic substrate can be challenging [167]).

In the previous section, we have shown that the thermally-triggered transi-
tion in VO2 can be modulated by a variety of stimuli. As discussed above, in
two-terminal devices, the voltage-triggered transition is due to a combination
of thermal effects (Joule heating) and electrical effects (field-induced carriers).
Since the mechanisms inducing the transition are similar to those at play in a
temperature-controlled transition, it is thus expected that the I-V curve of VO2
two-terminal devices could also be modulated by the stimuli explored above.

This claim has been confirmed for several stimuli, including strain [148, 168]
(Fig. 1.23a), optical stimuli in the visible domain (450 to 900 nm, Fig. 1.23b) [91,169]
and UV domain [170,171], and temperature [156,172] (Fig. 1.23c). Regarding strain,
the proposed physical mechanism is the emergence of metallic domains due to lat-

32 |



Vanadium dioxide for neuromorphic applications | 1.3

tice deformation [148]. Modulation in the UV domain is attributed to hole-trapping
effect on the surface of VO2 micro-wires, which are increased due to oxygen species
under UV light [170,171]. However, these results are reported on devices which do
not show sharp voltage-triggered transition, preventing their use as spiking neu-
rons. In the visible domain, sensitivity is lower and attributed to coupled thermal
and optical effects [169]. Thermal modulation is the stimuli for which the most ob-
servations were reported. It is also the most well understood as it follows directly
from the strong coupling between thermal and electrical effects during the voltage-
triggered IMT. Thermal sensitivity has been demonstrated from room-temperature
up to the transition temperature.

Modulation of

resistive switching

in VO2 devices

(b) Optical (VIS) (c) Thermal

(a) Strain

Fig. 1.23 Modulation of the voltage-triggered transition properties of VO2 two-terminal
devices under different external stimuli. (a) Compressive strain (up to ∼ 2 %) modulates the
IMT in VO2 single crystal nanowires [148]. (b) Modulation of the IMT in a VO2 polycrystalline
two-terminal device under visible light at different power (wavelength is 450 nm) [169]. (c)
Modulation of the IMT in a VO2 polycrystalline two-terminal device in temperature range 30
- 80 ◦C [172].
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1.3.3 VO2 neuromorphic sensors
It is now clear that the multi-responsiveness of VO2 makes it an interesting can-
didate to design neuromorphic sensors. These sensors can take the form of sen-
sitive synapses, exploiting the dependence of VO2 resistivity to various stimuli (see
Fig. 1.20). Alternatively, VO2 two-terminal devices can be used to design sensi-
tive spiking neurons, thanks to the modulation of their voltage-triggered resistive-
switching properties under certain stimuli (see Fig. 1.23). In other spiking neu-
rons implementations, transduction is performed by an external sensor, while the
VO2 two-terminal devices solely implement the spike generation function. We will
quickly review the state of the art of these different implementations.

VO2 sensitive synapses
As introduced in Section 1.2.1, sensitive synapses based on non-volatile memris-
tors show variation of their resistance under an applied stimulus, and implement
various learning rules with respect to the properties of input spikes (duration, fre-
quency, ...). A number of light-sensitive synapses have been realized using VO2
devices, and operate in various wavelength ranges. These implementations are
summed up in Table 1.1.

Table 1.1 State-of-the art of VO2 sensitive synapses

Reference Type of device Neuron material Wavelength Synaptic behavior Learning rule

Li 2022 [68]
Three-terminal

device
VO2

UV (375 nm)

VIS (450 nm,

532 nm, 650 nm)

LTP (UV)

STP (VIS)

SNDP (UV),

SDDP (UV)

Niu 2024 [173]
Two-terminal

device
VO2 UV (275 nm, 365 nm) LTP (both wavelengths) /

Wang 2024 [174]
Two-terminal

device

HfS2 /VO2

heterostructure
VIS (405 nm) STP, LTP

PPF, SRDP, SDDP,

SNDP

Yu 2024 [175]
Three-terminal

device

Graphene/VO2

heterostructure
VIS (405 nm) STD, LTD PPF, SRDP, SDDP

Guo 2024 [176]
Two-terminal

device

VO2 /MoO3

heterostructure

UV (355 nm)

VIS (405 nm)

NIR (980 nm,

1342 nm, 1550 nm)

STP, LTP

(all wavelengths)

PPF (1550 nm),

SDDP (1550 nm)

Synapses based solely on VO2 show non-volatile variation of resistance (i.e.
long-term potentiation or LTP) under UV light, owing to photo-induced oxygen
vacancies evoked previously [68, 173]. Volatile synaptic behavior, i.e. short-term
potentiation (STP), has also been observed in VO2 in the visible wavelengths.
It has been attributed to photo-generated electron-holes pairs which recombine
rapidly when light is removed [68]. Non-volatile modulation of VO2 devices in
larger wavelengths than UV is achievable when combining VO2 to other materials
within heterostructures. Indeed, devices involving HfS2 [174], graphene [175], and
MoO3 [176] showed LTP respectively at 405 nm for the first two, and at 355, 405,
980, 1342 and 1550 nm for the latter. VO2 can thus effectively be used to implement
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light-sensitive synapses from the UV to the near-IR (NIR) spectra. Various learning
rules are implemented depending on the wavelength and specific devices, includ-
ing paired-pulse facilitation (PPF), spike-number dependent plasticity (SNDP),
spike-rate dependent plasticity (SRDP), and spike-duration dependent plasticity
(SDDP). In such sensitive synapses, voltage-pulses can also be used to trigger
plasticity behavior or to reset light-induced memory states. They can be applied
either in two- or three-terminal device configurations.

Additionally, a few implementations of "computational" VO2 synapses (whose
hardware does not perform stimulus transduction) are worth mentioning. They
use three-terminal topologies with liquid ionic gating, where non-volatile poten-
tiation is triggered electro-chemically through gate voltage pulses which induce
proton-doping [177–179]. Finally, among other vanadium oxide stoichiometries,
V3O5 neurons enable visible light induced non-volatile modulation [180].

VO2 sensitive spiking neurons

Table 1.2 State-of-the art of VO2 sensitive spiking neurons

Reference
Neuron

material
Stimulus Sensing

Number of

devices
Encoding

Device

topology

Rosca

2021

[91, 169]

VO2

RF

(60 - 110 GHz)

Optical

(500 - 700 nm)

VO2 memristor

itself

3 (capacitor,

transistor, memristor)

Rate

coding
Planar

Duan

2022

[181]

VO2

Temperature

(284 - 306 K)

Strain

VO2 memristor

itself (temperature)

External piezoresistive

sensor (strain)

2 for temperature

(resistor, memristor)

3 for strain (resistor,

memristor,

piezoresistive sensor)

Rate

coding
Planar

Fang

2022

[95]

VO2
Pressure

(4 - 11 kPa)

External

pressure sensor

3 (capacitor,

memristor,

pressure sensor)

Rate

coding
Vertical

Yuan

2022

[96]

VO2

Pressure

(0 - 0.98 N)

Optical

(broadband)

Temperature

(30 - 100 °C)

External sensors

5 (capacitor,

two resistors,

memristor,

external sensor)

Rate

coding
Planar

Han

2022

[92]

VO2
Temperature

(20 - 40 °C)

VO2 memristor

itself

2 (capacitor,

memristor)

Rate

coding
Vertical

Qaderi

2023

[93]

VO2
RF

(130 - 160 GHz)

External RF ports

together with

VO2 memristor itself

5

(capacitor, transistor,

memristor,

two RF ports)

Rate

coding
Planar
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Table 1.2 sums up the state of the art of VO2 spiking sensors. While they all
take care of the spike generation function, the different works can be divided
between those in which stimulus transduction is performed by the VO2 memristor
itself, or by an external sensor. In the first case, spiking sensors have been
reported for RF (radio-frequency) radiations [91, 93], visible light [91, 169], and
temperature [92, 181]. Transduction mechanisms are similar to those evoked in
Section 1.3.2. Regarding transduction of RF radiations, the RF signal is routed
towards the VO2 two-terminal devices using RF ports and a co-planar waveguide;
transduction mechanism is expected to take place through a combination of
field-induced carriers and Joule heating [93]. Other implementations use external
sensors for the transduction of temperature [96], pressure [95, 96] or strain [181],
and broadband white light [96]. Both planar and vertical topologies are reported.
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time
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power

(c)

(a) (b)
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Fig. 1.24 Examples of two architectures of sensitive spiking VO2 neurons. (a) Transduction
is performed via an external resistive sensor Rsense. Spiking frequency is modulated by the
change in the sensor output current. A scaling resistor Rscale is used to ensure that the current
falls within the device NDR, inducing spiking behavior. The capacitor is intrinsic to the VO2
device. (b) Transduction is performed by the VO2 memristor itself. Current is fixed, and set
through the gate voltage VG of a NMOS transistor set in saturation regime, so that it falls
within the device NDR. An external capacitor is added. Spiking frequency is modulated by
the change in the VO2 memristor I-V characteristics under the stimulus. (c) In both case, the
stimulus is encoded through rate coding, as an increase in stimulus power results in spikes of
smaller duration.

Regarding spike generations, all implementations follow a similar principle.
To enter spiking regime, a current must be forced within the negative differential
resistance range of the device (see Fig. 1.24), which induces an astable behavior in
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which the VO2 two-terminal device oscillates between its metallic and insulating
state, resulting in output voltage spikes. The duration of a given spike is dictated
by the circuit RC constant in the device metallic and insulating regimes. The
capacitor can be either intrinsic to the VO2 device, or external. To make sure it falls
within the NDR region, the current level can be set either using an external resistor
or a transistor working in saturation regime. In the latter case, the I-V curve is
flatter, offering finer control. When transduction is performed by the VO2 device
itself, spiking frequency will be modulated by the variation in the VO2 device
I-V characteristics under the stimulus (as evoked previously in Section 1.3.2).
Meanwhile, the current fed to the device is kept constant. When transduction
is performed by an external sensor, spiking frequency is directly modulated by
the sensor current which is fed to the VO2 device. Depending on the different
cases mentioned above, the number of circuit elements can vary from 2 to 5.
Two examples of spiking VO2 sensor designs are illustrated in Fig. 1.24a-b. The
different characteristics of the design (intrinsic or external capacitor, transduction
through the VO2 memristor or an external sensor, current set through a scaling
resistor or a transistor) are mixed and matched in the different works reported in
the literature. In all cases, these spiking sensors perform rate coding of the input
stimulus, in an all-or-nothing regime. Indeed, they are either completely OFF
(when the current does not fall within the device NDR), or always spiking, with
the stimulus being encoded into the duration of the consecutive spikes.

A few additional architectures are worth mentioning; while they do not di-
rectly implement sensing, they have been used as encoders in sensing scenarios
such as epileptic seizure recognition [103], spatio-temporal sound source differen-
tiation [182], and retina emulation [86]. In these cases, the stimulus is encoded into
spikes using a software before feeding it to the VO2 neuron. These implementations
have more complex circuit architecture but are able to implement a larger variety of
neuron behaviors, such as spike frequency adaptation, spikes with various polarity,
and tonic bursting.
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1.4 Key messages

Several key messages can be retained from this introductive chapter.

Spiking Neural Networks could offer energy-efficient processing of data when
such data features a prominent temporal dimension. In the realm of biomimetic
or neuromorphic hardware, SNNs hold theoretical promises of higher energy
efficiency compared to ANNs to perform information processing in at-the-edge
sensing scenarios of dynamic stimuli. This theoretical advantage relies on two
main paradigm shifts: memory and computation co-location, and spike-based
temporal encoding that leverages event sparsity. However, this superiority
remains to be proved through benchmarking of hardware platforms using sensory
data with a prominent temporal dimension, encoded in the spiking domain.

Spiking Neural Networks require neuromorphic sensors, and existing solutions
have limitations. In at-the-edge sensing scenarios, SNNs need stimulus infor-
mation to be encoded in the spiking domain. This encoding is currently either
performed using software, ADC and DSP units, or CMOS-based event cameras.
The first two existing options induce large overhead. Event cameras suffer from
scalability concerns (a single pixel has a large area as it involves several transistors,
which are also associated to a large static power consumption) and are currently
limited to visual stimuli, as they are constrained by the transduction capabilities of
silicon.

Memristive devices allow for compact implementation of spiking sensors. To
overcome the above mentioned limitations, memristive devices based on various
emerging materials have been proposed as an alternative to design neuromorphic
sensors compatible with SNNs. They offer promises of high scalability thanks to
their compactness.

• Non-volatile memristors have been proposed to implement sensitive synapses,
whose resistance can be durably altered under electrical spikes and various
stimuli.

• Volatile memristors, also referred to as resistive-switching devices thanks to their
ability to switch reversibly from a high- to low- resistive state under electri-
cal stimulation, have been proposed to implement sensitive spiking neurons
enabling compact spike-encoding of stimuli.

Among these memristors, those based on Vanadium dioxide offer both neuro-
morphic functionalities and stimuli versatility. Indeed, vanadium dioxide (VO2)
stands out as an interesting candidate to design neuromorphic sensors, thanks to
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several key properties.

• First, its reversible insulator-to-metal transition that takes place close
to room-temperature, enabling the design of voltage-triggered resistive-
switching devices with volatile memristive properties. This allows it to em-
ulate complex neuron models such as LIF and H&H.

• Second, this transition can be modulated and even directly triggered through
a wide variety of stimuli, including thermal, electrical, optical, magnetic,
electro-chemical and strain. This opens the possibility to embed transduction
of different stimuli directly within VO2 devices. However, cross-sensibility
issues could arise.

Vanadium dioxide neuromorphic sensors recently started to develop. Leveraging
these two properties, several implementations of neuromorphic sensors based on
VO2 have emerged in the four previous years:

• VO2 enabled the realization of light-sensitive synapses in wavelengths ranging
to UV to near IR.

• VO2 enabled the realization of spiking neurons sensitive to temperature, visible
light, strain, pressure, and RF radiations. Among these implementations, direct
embedding of sensing within the VO2 memristor has so far been achieved
for temperature and visible light.

The research field of VO2-based neuromorphic sensors is very young, but holds
promises for the realization of compact, scalable spiking neurons sensitive to a
wide variety of stimuli. However, their development faces several challenges, and
this thesis aims at addressing some of them. First, Chapter 2 will tackle the intrin-
sic stochasticity of the resistive switching phenomenon, and its impact on cycle-to-
cycle variations in VO2 two-terminal devices electrical properties. Chapter 3 will
then investigate the consequence of these variation on the dynamic operation of
VO2 spiking sensors, and on their resulting resolution. In its second part, Chapter
3 will discuss the lack of sparsity in rate-coded VO2 spiking sensors, and propose
an alternative encoding technique. Finally, Chapter 4 will evaluate the direct envi-
ronmental footprint of their fabrication, to propose eco-designed alternatives. Note
that not all of the limitations of present VO2 spiking neurons are addressed in these
works. Some of them, such as their reliability issues and their relatively high static
power consumption, are addressed in the conclusion and perspectives of this work.
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Understanding the

stochasticity of resistive
switching in VO2

We can never achieve absolute truth,
but we can live hopefully by a system of calculated probabilities.

– Agnes Meyer Driscoll

STOCHASTICITY is inherent to the operation of resistive-switching devices, and
results in cycle-to-cycle variations of their electrical properties. VO2 two-

terminal devices are no exception, as the electrical characteristics of a given device
vary from one insulator-to-metal transition to the next one. Depending on their
specific application in the neuromorphic research field (and beyond), such varia-
tions can be either beneficial or detrimental. Since the mechanisms behind these
variations are not yet fully understood, there is currently a lack of guidelines to
design VO2 memristors with minimized or maximized cycle-to-cycle stochastic-
ity. In response, this chapter explores the following research question:

How can specific material properties and device design parameters impact the resulting
VO2 two-terminal devices cycle-to-cycle stochasticity?

Theories presently put forward in the literature highlight the role of cycle-to-
cycle variations in individual crystallites in the device channel. Based on these
theories, we make the hypothesis that increasing the number of grains within
the device channel should mitigate cycle-to-cycle stochasticity. To challenge and
experimentally verify this hypothesis, we fabricate VO2 two-terminal devices
with varied grain size and channel length, hence varying the number of grains
inside the channel. We then study the impact of these two parameters on the
cycle-to-cycle variations of the devices electrical properties.
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This chapter starts from a material science investigation, detailing the synthe-
sis of VO2 thin films. We identify key process parameters allowing to tune grain
size, while monitoring their impact on the films transition properties. We then
present the process flow leading to the fabrication of VO2 two-terminal devices,
along with their electrical characteristics. Next, we detail the main present ex-
planatory theories behind their stochastic behavior. To investigate the impact of
process and design parameters on device cycle-to-cycle stochasticity, we pick two
specific VO2 thin films with large difference in grain size, and study the behavior of
the two-terminal devices fabricated from these films. We show that grain size and
device channel length have large effects on cycle-to-cycle stochasticity. We also
highlight the presence of bi-modal distributions in the electrical properties statis-
tics of small-length devices, a phenomenon that has been sparsely observed but
never explained. By analyzing the evolution of the electrical parameters towards
the insulator-to-metal transition, we show that these modes could correspond to
distinct percolation paths and filaments. In conclusion, we derive key guidelines
for the design of VO2 devices with minimized or maximized cycle-to-cycle stochas-
ticity. Results from this chapter are adapted from our Nano Letters publication [JP1].

2.1 VO2 thin film synthesis

In this section, we first detail the synthesis technique for VO2 thin films which was
developed in the framework of this thesis, including the choice of substrate and
the choice of deposition technique. We then explore two key parameters allow-
ing to tune grain size: oxygen concentration and annealing temperature. We also
show that oxygen concentration is a key calibration parameter to obtain the right
vanadium oxide stoichiometry.

2.1.1 Choice of substrate
Synthesizing vanadium dioxide thin films starts from the choice of substrate, which
can greatly impact the films residual stress, crystallinity, interfacial defects and
resulting transition properties [122, 123, 183]. In the framework of this thesis, we
chose to work with 3 inches (100) oriented silicon substrates on which we perform
a wet thermal oxidation step to obtain a 200 nm-thick SiO2 layer. This choice is
motivated by several factors. First, previous work showed that polycrystalline
VO2 thin films deposited on Si/SiO2 substrates allowed to obtain a satisfying ∼
103 OFF/ON resistivity ratio through various deposition techniques [184–187],
enabling the design of functional resistive-switching device. Indeed, a sufficiently
high OFF/ON ratio is required for the devices to show a negative differential
resistance region [188], which is itself a condition to observe self-sustained spiking
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behavior [166]. Other types of substrates such as Al2O3 allow to obtain even
higher OFF/ON ratio (up to 105 [120]), thanks to their lattice constants being
closer to that of VO2, allowing to grow epitaxial VO2 thin films. However, a too
high OFF/ON ratio is likely to induce irreversible damages upon transition, due
to the high current density within the metallic filament [120]. In addition, Si/SiO2
have the advantage of CMOS compatibility, which could become relevant if VO2
neurons were to be integrated in architectures containing CMOS transistors1.

2.1.2 Deposition technique

Another important factor impacting the properties of VO2 thin films is the deposi-
tion technique. In this thesis, we chose to use DC reactive magnetron sputtering
(illustrated below in Fig. 2.1), which is one of the most widely used technique for
the synthesis of VO2 thin films for neuromorphic applications [86, 92, 95, 182, 189].

cathode (-)

substrate
thin film

VO2 particle

charged plasma 

particle

(Ar or O2 ion)

rotating

holder

V target

magnets

chamber

(anode +)

Fig. 2.1 Illustration of a reactive magnetron sputtering chamber. Image of the sputtering
target adapted from [190].

It possesses several assets, including a high deposition rate, and good
deposition uniformity across a large substrate area. Pulsed laser deposition

1However, this claim depends on the specific process flow which would be selected for
CMOS co-integration. One could imagine depositing a thin Al2O3 buffer layer through e.g.
ALD at the back-end of the CMOS process flow, which would also be CMOS-compatible.
However, it would be less straightforward than using SiO2, since the latter is already present
in the CMOS process.
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(PLD) is another popular technique yielding VO2 thin films with similar prop-
erties [91, 93, 96, 168, 181], but provides less uniformity as the deposition area is
typically smaller than the substrate. PLD however enables better control of the film
composition, since the target stoichiometry is preserved during the deposition.
In DC reactive sputtering, a plasma is created by applying a voltage between a
cathode and an anode. The cathode is usually located behind the target, a small
cylinder of the specific material to be deposited (metallic vanadium in our case).
The anode corresponds to the chamber walls. The chamber is first pumped to low
pressure, then filled with an inert gas such as argon, before the plasma is ignited.
The high electric field accelerates the electrons present in the gas, which will collide
with gas atoms and tear off their electrons through electrostatic repulsion, creating
positively charged Ar+ ions. These positively charged ions are then accelerated
towards the cathode and will in turn collide with the target. The substrate is placed
face down on a rotating holder. Atoms at the surface of the target will be ejected
and subsequently deposited on the substrate, creating a thin film. In reactive
sputtering, a reactive gas (oxygen in our case) is introduced in the chamber to con-
tribute to the plasma. Oxygen ions will combine with vanadium atoms sputtered
from the target to form vanadium oxide species. The oxygen ions will also directly
react with the target and form a surface oxide. The specific stoichiometry can be
controlled through the oxygen concentration in the chamber. In magnetron sputter-
ing, the plasma is closely confined near the target surface through strong magnets.
This techniques yields higher density plasma with higher deposition rate, and
improves film quality by preventing accelerated plasma particles to collide with
it and damage it. However, target will wear quicker over time, as it will thin out
in its center at the place where magnets are located. We chose to use DC over
RF sputtering as the former offered a more stable plasma and faster sputtering rate.

Table 2.1 Process parameters related to the sputtering of VO2 thin films studied in this work

Parameter Value
Target Vanadium 99.95 % purity

Plasma power 200 W
Target cleaning under Ar 5 min

Target cleaning under Ar/O2 5 min
Base pressure 3e-7 Torr

Deposition pressure 5e-3 Torr
Deposition duration 17 minutes 20 seconds

Total gas flux (Ar + O2) 50 sccm
Oxygen concentration 7 to 14 %

Process parameters related to the synthesis of VO2 thin films through DC re-
active magnetron sputtering realized in this work are detailed in Table 2.1. Depo-
sition starts with a target cleaning under argon, followed by a conditioning step
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under mixed argon-oxygen atmosphere. The goal is respectively to clean the tar-
get surface from previous depositions, and to reset it back to a controlled oxidation
state. During these two steps, a shutter prevents the sputtered material to reach the
sample; this shutter is opened at the beginning of the actual deposition step.

Table 2.2 Process parameters related to the annealing of VO2 thin films studied in this work
(sputtering equipment is an AJA model).

Parameter Value
Base pressure 2e-2 Torr

Annealing pressure 1,5e-1 Torr
Gas flux Ar, 30 sccm

Ramp duration 30 min
Annealing duration 60 min

Annealing temperature 300 - 650 ◦C
Cooling Natural cooling under argon flux

The deposition step is performed at room temperature due to equipment con-
straints, and thus yields amorphous VO2 thin films. To obtain a film with suffi-
ciently high OFF/ON ratio, it is necessary to perform an annealing step in order to
trigger crystallization [191]. We perform such step in a tubular oven with controlled
pressure and atmosphere. All parameters are detailed in Table 2.2.

2.1.3 Impact of oxygen concentration

Stoichiometry
Oxygen concentration during the sputtering step heavily impacts the resulting
properties of the vanadium oxide thin film, starting with its stoichiometry. As
introduced in Chapter 1, there exist many different phases of vanadium oxide.
In order to obtain VO2, a calibration of the sputtering equipment is necessary
to determine the exact oxygen range yielding VO2. In reactive sputtering, the
deposition rate varies with the oxygen concentration in the chamber, and serves as
a qualitative indicator of the thin film oxidation state. It is expressed in nm/min
and measured in situ using a quartz piezoelectric micro-crystal. A calibration
curve can be produced by continuously increasing the oxygen concentration
during a test deposition. As shown if Fig. 2.2, the sputtering rate first increases at
low oxygen concentration, then starts dropping at a critical concentration [O2]crit.
This phenomenon is detailed in [192]: below [O2]crit, all oxygen ions of the plasma
are adsorbed by the vanadium atoms sputtered from the target. Above [O2]crit,
the oxygen flow rate becomes higher than the vanadium atoms adsorption rate,
and oxygen starts to react with the target, creating a layer of vanadium oxide
at its surface. Oxidized targets have a lower sputtering yield, hence the drop in
deposition rate.
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We identified the [O2] range yielding specific stoichiometries by sputtering
vanadium oxide thin films at different oxygen concentrations (indicated on Fig.
2.2). Deposition parameters are those specified in Table 2.1. We know from [193]
that the VO2 stoichiometry typically corresponds to chamber oxygen concentra-
tions located around the midst of the drop in deposition rate. The range in which
the deposition rate rises (at low oxygen concentrations) corresponds to VO, while
V2O3 corresponds to the beginning of the drop of deposition rate. Saturation of
this rate corresponds to the most oxidized phase, namely V2O5.

Fig. 2.2 Evolution of the sputtering rate with oxygen concentration in the chamber, mea-
sured by continuously increasing oxygen concentration during the deposition on a single
dummy substrate. Individual films have latter been deposited at the specific concentrations
highlighted by arrows. Stoichiometry indicated in black has been later deduced through Ra-
man spectroscopy. Stoichiometry indicated in gray are deduced based on previous work
performed on a similar equipment [193].

To assess the stoichiometries of these phases, we used Raman spectroscopy.
Raman is a non-destructive spectroscopy technique allowing to retrieve informa-
tion about the chemical structure and phase of a sample. It exploits the scattering of
light (emitted by a monochromatic laser) by the sample crystal lattice. Most specifi-
cally, Raman leverages Stokes and anti-Stokes Raman scattering, an event upon which
light is re-emitted at a higher or lower wavelength than that of the incident light.
This process is inelastic: the lattice gains (resp. loses) part of the energy from (resp.
to) the incident photon and becomes excited to a higher (resp. lower) vibrational
level. In consequence, the photon has lost (resp. gained) energy and has a larger
(resp. smaller) wavelength. Statistically, in a large group of crystal unit cells, Stokes
scattering (resulting in a reflected photon with larger wavelength) is more likely.
The so-called Raman shift in wavelength depends on the incident wavelength and
on the different possible vibrational modes of the crystal lattice. This vibrational
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mode is related to the angles and length of the crystal lattice bonds. This means
each crystalline structure has its specific Raman signature with peaks of reflected
light intensity located at various wavelength "shift" with respect to the laser in-
cident wavelength (expressed in cm-1), corresponding to its different vibrational
modes.
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Fig. 2.3 Raman spectra of the vanadium oxide thin films sputtered at different O2 concen-
trations, then annealed. The peaks attributed to the different stoichiometries are indicated.
Spectra closely located on the y-axis are plotted with identical y-scale. Spectra were acquired
with a blue laser of 488 nm wavelength, at 10 % of full laser power to avoid any heating effect,
with 20 second acquisitions averaged over 3 measurements.

For their Raman peaks to be visible, vanadium oxide thin films need to be crys-
talline or polycrystalline. Indeed, molecules in amorphous films are randomly ori-
ented, meaning the angle and length of their bonds will vary depending on their
chemical interactions with their neighbours. As a result, Raman peaks will be
broader in amorphous than in crystalline samples, often too weak to be detected.
Performing thermal annealing of all films at 500 ◦C (with the process parameters
detailed in Table 2.2) yields polycrystalline films due to the amorphous nature of
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the SiO2 substrate. The Raman spectra of these different films are shown in Fig. 2.3.
Peak attribution has been performed by comparison to reference Raman spectra of
films prepared similarly, i.e. by sputtering of a V target on a SiO2/Si substrate [105].
In films deposited with oxygen concentration ranging from 7 to 14 %, all peaks can
be attributed to the VO2 stoichiometry. Peaks tend to become more intense and de-
fined with respect to the background noise with increased oxygen concentration,
with peak intensity achieved at 13 % [O2]. In the 15 to 16 % range, new peaks
corresponding to an intermediate phase between V7O16 and V3O7 emerge. At 17
%, peaks corresponding to V6O13 start to appear, while most peaks can still be at-
tributed to the V7O16 / V3O7 mixture. Finally, at 21 %, most of the peaks can be
attributed to V2O5.

Grain size and transition properties
Oxygen content in VO2 thin films can also heavily impact their transition proper-
ties. We thus take a closer look at the VO2 films deposited with 7, 9, 11, 12, 13 and
14 % oxygen concentration. Top and cross-section scanning electron microscope
(SEM) images of all 6 samples are shown respectively in Fig. 2.4 and 2.5. Grain size
has been extracted from the top view pictures using X-ray diffraction (XRD) and
the Scherrer equation [194], which allows to deduce mean crystallite size from the
width of VO2 XRD peaks:

t =
Kλ

ϵ · cosθ
, (2.1)

with K a shape factor usually equal to unity, λ the wavelength of the incident
X-ray, ϵ the peak width at half of its maximum intensity (FWHM), and θ the Bragg
angle. One witnesses a clear increase in grain size with oxygen concentration (Fig.
2.6).

Fig. 2.4 SEM top view images showing the impact of the oxygen concentration during sput-
tering step on the grain size of the resulting polycrystalline VO2 thin films (after 500 ◦C an-
nealing). Grain size has been deduced through XRD. Scale bar is valid for all pictures.
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Fig. 2.5 SEM cross section images of the same samples. One can distinguish the polycrys-
talline VO2 layer, on top of the SiO2 200 nm-thick layer grown from the Si substrate. All VO2
thin films have similar 135 nm thickness.

Fig. 2.6 Extracted mean grain size as function of oxygen concentration for the six deposited
VO2 thin films, along with exponential fit.

Oxygen concentration has rarely been reported as a mean to tune grain size in
VO2 thin films, as this effect is not spectacular (mean grain size remains in the same
order of magnitude in the whole oxygen concentration range investigated). To un-
derstand this phenomenon, it is necessary to explain the mechanism behind thin
film growth [195], illustrated in Fig. 2.7. Impinging particles ejected from the vana-
dium target will condense on the substrate and attach to it through adsorption. After
losing part of their energy due to the collisions, the adsorbed atom (referred to as
adatom) can travel on the substrate surface through diffusion [196]. They can then
either be re-evaporated, or chemically bind with other adatoms deposited on the
substrate (chemisorption). Successive chemisorption will create clusters of critical
size (nucleation), which will latter grow to larger crystallites upon thermal anneal-
ing of the samples. The supersaturation is defined as the ratio of rate of impinging
atoms Ri over the rate of re-evaporated species Re.
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Fig. 2.7 The different steps of thin film growth. Adapted from [195].

At lower oxygen concentration, oxygen-deficient species could have lower
probabilities to undergo chemisorption or chemical binding with other adatoms
due to their sub-stoichiometric state. The probabilities of such particles to be
re-evaporated would thus increase, reducing supersaturation and nucleus density.
This hypothesis is also put forward by [127] in a study on the impact of oxygen flux
in VO2 thin films deposited through PLD. Another hypothesis could be related
to the annealing step. During annealing, species will gain energy through tem-
perature and diffuse to form larger clusters, yielding the polycrystalline structure.
Oxygen-deficient species in films deposited at lower oxygen concentration could
have smaller diffusion rates.

In addition to grain structure, we studied the impact of the oxygen concen-
tration on the transition properties of the VO2 thin films. We used the four-point
measurement technique (see inset in Fig. 2.8b) to extract the films sheet resistance
Rs. We evaporated gold contacts patterned using a shadow mask, then performed
wire bonding on these contacts2. The samples were placed in a Espec SH-42 climatic
chamber to vary ambient temperature from 25 to 100 ◦C upon a heating and cooling
cycle. Electrical measurements were performed every 2 ◦C, using a Keithley 2400
source-meter an a remote-controlled program to automate electrical measurements
and temperature stepping. Several trends are clearly visible (Fig. 2.8): the transi-
tion temperature, OFF/ON resistivity ratio, and OFF and ON state resistivities tend
to increase with oxygen concentration, while the hysteresis width reduces. We at-
tribute these observations to the higher concentration of oxygen vacancies in films
prepared with lower oxygen concentration. Indeed, as introduced in Chapter 1,
oxygen vacancies have been shown to modulate the thermally-triggered transition
in a similar way [122, 130, 140, 197]. Oxygen vacancies are missing oxygen atoms
in VO2 crystal lattice, leaving a positively charged vacancy at their previous posi-
tion (see inset in Fig. 2.8c). They are commonly found in oxygen-defficient VO2−δ

2Even to perform four-point measurements using probes, gold contacts are necessary. In-
deed, unlike for silicon substrates, attempts to contact VO2 thin films directly with probes
does not yield reliable ohmic contacts.
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films [198], and form preferentially at grain boundaries due to the lower formation
energy of such sites [136]. They play the role of carriers as they can act as electron
donors, thus lowering the resistivity of the film [199]. They serve as nucleation
sites for the insulator-to-metal transition as they contribute to the destabilization of
the monoclinic state, hence increasing the metallicity of the film and lowering the
transition temperature [130].
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Fig. 2.8 Impact of the oxygen concentration during the sputtering step on the transition
properties of the resulting VO2 thin films. (a) Thermal hysteresis of their sheet resistance
Rs. (b) Evolution of their OFF/ON resistivity ratio. Inset shows four-point setup for sheet
resistance extraction. (c) Temperature derivative of their sheet resistance (decimal logarithm
value), allowing to extract their insulator-to-metal transition temperature TIMT (d). Inset il-
lustrates the definition of an oxygen vacancy.

2.1.4 Impact of annealing temperature
We have seen that oxygen concentration during the sputtering step can have large
effects on transition properties, and a slight effect on grain size. However, a most
common way to tune grain size is through annealing temperature. During thermal
annealing, grain growth is driven by the reduction of the system energy, resulting
in the reduction of grain boundary surface area. The higher the temperature,
the higher the diffusion rate of species, the higher the migration rate of grain
boundaries, yielding bigger grains [200]. Grain size has also been shown to
increase with annealing duration, although this parameter was not investigated
within this thesis [201].
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To study the impact of annealing temperature on grain size, we sputtered five
VO2 thin films with identical process parameters (see Table 2.1) and 13 % oxygen
concentration. We then annealed them at 400, 500, 600, 650 and 800 ◦C, respec-
tively (other annealing parameters are those of Table 2.2). The SEM top views and
cross sections of the resulting films are shown on Fig. 2.9 and 2.10. A one order
of magnitude difference in crystallite diameter can be observed between 400 and
800 ◦C annealed films, proving that it can be an effective parameter to tune grain
size in our specific process. Microstructure of the thin films also varies with an-
nealing temperature, as shown in Fig. 2.10: at low annealing temperatures, small
grains tend to stack up closely across the layer thickness, while starting from 650
◦C, crystallites widths span across the full film thickness. The stoichiometry of all
fabricated films was associated to VO2 through Raman spectroscopy.

Fig. 2.9 SEM top view images showing the impact of annealing temperature on the grain
size of the resulting polycrystalline VO2 thin films. Scale bar is valid for all pictures.

Fig. 2.10 SEM cross section images of the same samples. One can distinguish the polycrys-
talline VO2 layer, on top of the SiO2 200 nm-thick layer grown from the Si substrate. All VO2
thin films have similar 135 nm thickness.
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At larger temperatures, pinholes (void areas in between grains) start to appear,
which is common when performing annealing of amorphous films [202]. This phe-
nomenon fades out when further increasing film thickness, as shown in Fig. 2.11.

Fig. 2.11 Top view (a),(b) and cross-sections (c),(d) showing the impact of film thickness on
the grains microstructure. Film shown in (a),(c) is 135 nm-thick, while film shown in (b),(d)
has been deposited during 53 min 30 seconds (for about 3 times longer), yielding a 400 nm
thickness. Other process parameters are equal (13 % [O2], 650 ◦C annealing).

The impact of the annealing temperature on the transition properties will be
explored in the following section for two specific films.

2.2 Two-terminal device fabrication

Annealing temperature has thus proven to be an effective lever to tune grain size,
in larger proportions compared to oxygen concentration. In the remaining of this
work, we will thus fabricate two-terminal devices from two specific VO2 thin films:
the small-grains film annealed at 500 ◦C, and the large-grains film annealed at 650
◦C, both produced at 13 % oxygen concentration3. All other process parameters
related to the synthesis of the VO2 thin films are identical, and have been specified
previously in Table 2.1 and Table 2.2.

2.2.1 Process flow

The seven-steps process flow leading to the fabrication of VO2 two-terminal de-
vices is shown in Fig. 2.12. Cleaning of the silicon wafer is performed using a
3:1 mixture of H2SO4 and H2O2 in two consecutive baths heated at 100 ◦C for 10
minutes, each of which is followed by 10 minutes rinsing steps using DI water.
The goal of these baths is to remove any organic impurities from the wafer surface.
Wafers are then immersed in a diluted HF bath (2 %) for 15 seconds to remove the
thin native oxide at the surface of the silicon wafer, followed by further DI water
rinsing and drying. Wafers then undergo a 4-hours wet thermal oxidation at 1000
◦C in a Koyo furnace to obtain a 200 nm-thick silicon oxide, which serves both as

3This concentration was selected as it maximized the OFF/ON resistivity ratio, which
must be sufficiently high in order to observe a voltage-induced sharp resistive switching (see
Fig. 2.17). For example, two-terminal devices fabricated with an 8 % [O2] and annealed at 500
◦C did not present a sharp resistive switching behavior in their voltage-driven I-V curve.
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amorphous layer for the growth of the VO2 thin film, and as electrical insulation
layer between the VO2 thin film and the silicon substrate. Sputtering and annealing
of the VO2 thin film have been detailed previously in Section 2.1.2.

Fig. 2.12 Process flow leading to the fabrication of the VO2 two-terminal devices

The two-terminal devices are defined by patterning electrodes on top of the
unpatterned VO2 thin film through liftoff. A lithography step is performed by
spincoating a thin layer of MicroChemicals AZnLof 5510 negative resist (dedicated
to liftoff applications) at 3000 rpm for 60 seconds. A soft bake is perfomed at 90
◦C for 60 seconds to dry the resist. The wafer is then exposed under a UV lamp
at 120 mJ dose under a customely designed quartz photomask, followed by a
post-exposure bake of 105 ◦C during 120 seconds. Development is performed
manually during 33 seconds (this duration is a key parameters that has been
optimized to achieve the target 600 nm resolution) using MicroChemicals AZ
726 MIF developer, before rinsing the wafer with DI water and drying it under
nitrogen. A bilayer of nickel and gold4 (respectively 5 and 150 nm thick) are
then deposited through electron-beam thermal evaporation, based on previous
literature work [203]. Liftoff of the resist is performed to reveal the contacts
geometries, using two consecutive 5 minute-long baths of dimethyl sulfoxide
(DMSO) heated at 60 ◦C under ultrasound vibrations (37 kHz, 100 % power, pulse
mode), followed by acetone, methanol and DI water rinsing. Finally, the wafer are
dried under a nitrogen flux.

4Gold is commonly used as material for the electrical contacts when investigating the elec-
trical properties of emerging materials, thanks to its low resistivity and stainless properties.
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The two types of two-terminal VO2 devices studied in this work, namely the
large-grains devices and the small-grains devices, are shown in Fig. 2.13. The channel
dimensions are defined solely by the contact geometries, since the VO2 layer is not
patterned. Such choice can increase the power consumption of the resulting device,
as current lines will exceed the channel area, inducing losses. However, it simplifies
the fabrication process, removing the need for a VO2 etching technique selective to
the SiO2 substrate, and leaving the VO2 layer in a pristine state. Dimensions of the
fabricated devices range from L = 0.6 to 6 µm, and from W = 3 to 100 µm. Such low
resolution has been achieved through optimization of the lithography parameters,
with the development duration playing a key role.

Fig. 2.13 Two-terminal devices have been fabricated from the small-grains and a large-
grains films (a)(b) SEM top views show a ten-fold difference in mean grain size (from 32
nm mean size with 8 nm standard deviation, to 210 nm mean size with 77 nm standard devi-
ation, deduced through image processing of the SEM pictures). (c)(d) Convention for device
dimensions: length L and width W. (e)(f) Thin films cross section.
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2.2.2 Material characterization of small- versus large-grains films
Similarly to what we did in Section 2.1.3 for oxygen concentration, we studied
how the difference in grain size tuned through annealing temperature impacted
the films transition properties. Results are shown in Fig. 2.14. Differences between
the two films are similar to those due to change in oxygen concentration, despite
the fact that both films have been sputtered at the same 13 % [O2]. We witness a
larger OFF and ON state resistivity, higher transition temperature, smaller hystere-
sis width and larger OFF/ON resistivity ratio in the case of the large-grains film.
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Fig. 2.14 Resistivity versus temperature hystereses measured from two two-terminal de-
vices of identical dimensions, fabricated respectively from the small-grains film (purple)
and the large-grains film (orange). Measurements have been performed on a temperature-
controlled hot chuck, in the linear resistance regime to prevent self-heating effects (corre-
sponding to the 0 – 10 mV voltage range).

Several works have observed such effects in correlation with grain size reduc-
tion [125, 204, 205]. Once again, we believe we can attribute these results to the
higher concentration of oxygen vacancies in the small-grains film, in correlation to
its higher grain boundaries density. Indeed, as mentioned above, oxygen vacancies
tend to concentrate at grain boundaries [136]. By increasing grain size, the grain
boundaries area is reduced, reducing the preferential nucleation sites of these
defects. Additionally, remaining oxygen species in the annealing ambient could
diffuse in higher concentration inside the VO2 thin film when annealed at higher
temperature, increasing oxygen content and filling oxygen vacancies. One can note
that the small-grains film presents a much smaller OFF/ON resistivity ratio than
the film prepared with similar process parameters when investigating the impact
of oxygen concentration (see Fig. 2.8a), with a one order of magnitude difference.
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This can be explained from the fact that several months separate the experimental
campaigns related to oxygen concentration and annealing temperature, meaning
the V target has aged significantly through numerous depositions, altering the
transition properties of the resulting thin films. However, in each individual
campaign, films have been deposited consecutively and can thus be compared.

To ensure that the difference between the two films were not due to the presence
of a distinct vanadium oxide phase, their stoichiometry was assessed through both
Raman spectroscopy (Fig. 2.15) and XRD (Fig. 2.16). The Raman peaks of both
films were identical in terms of Raman shift, and could all be attributed to the VO2
stoichiometry (beside the 520 cm−1 silicon substrate peak).
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Fig. 2.15 Raman spectra of the small- and large-grains film, performed with similar param-
eters as those of Fig. 2.3. All peaks could be attributed to VO2 or the Si stoichiometry.

However, Raman is not a quantitative technique, as phases present with smaller
concentration might have peaks of low amplitude which would be lost in the back-
ground. XRD spectra reveal additional information. A peak can clearly be at-
tributed to VO2 (011) (Fig. 2.16b), hinting that both films have a preferential (011)
crystalline orientation. The peak of the small-grains film being shifted right and
having a larger FWHM possibly relates to its expected sub-stoichiometry (VO2−δ).
For the two other peaks shown in 2.16c, three candidates have been identified:
V3O7, V2O3 and V7O13. References used for peaks attribution are 65-2870 (Au),
44-0252 (VO2), 71-0454 (V3O7), 65-9474 (V2O3), and 18-1449 (V7O13). No peaks
corresponding to V3O7 or V2O3 were visible in the films Raman spectra; however,
no Raman peaks have been reported so far for V7O13, so it could be a candidate.
Whatever the nature of this peak, it is present in both films, and should thus not be
the cause of the difference in transition properties.
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Fig. 2.16 (a) XRD spectra of the small-grains (purple) and large-grains (orange) film, along
with the substrate and sample support references. Spectra were acquired using a Cobalt ra-
diation source (K-α1 = 1.78897 ), with a 30 kV accelerating voltage. The characterization was
performed at the end of the fabrication process, and peaks attributed to the gold contacts on
the sample surface are indicated by a star. Figures (b) and (c) show close-up views on the
peaks attributed to VO2 and to another vanadium oxide stoichiometry, respectively.

2.2.3 Two-terminal devices electrical characteristics

The typical voltage-driven I-V characteristic of a VO2 two-terminal device (small-
grains, in this case) is presented in Fig. 2.17b. As introduced in Chapter 1, the
insulator-to-metal transition can be triggered electrically through a combination of
Joule heating and charge injection effects, resulting in a abrupt drop in the device
resistance. A current compliance is set on the voltage source to protect the device
in its metallic regime. We define 5 important electrical parameters: its insulator-
to-metal and metal-to-insulator threshold voltages VIMT and VMIT , its voltage-
dependent resistance in the insulating state (Rins,0 close to zero bias and RIMT close
to the transition), and its resistance in the metallic state Rmet. Resistances have been
extracted through linear regression around a bias point. As mentioned previously,
the transition takes place through the formation of a metallic filament, which we
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were able to image through high-resolution microscopy (see Fig. 2.17d). The forma-
tion of this filament is an intrinsically stochastic process, resulting in cycle-to-cycle
variations in the electrical characteristics of VO2 devices, as illustrated in Fig. 2.17b.

Fig. 2.17 (a) Structure of the VO2 two-terminal device, with the measurement setup used
to extract its I-V characteristic. (b) Voltage-driven I-V characteristic of a VO2 two-terminal
device, with its electrical parameters in the insulating (blue) and metallic (red) regimes. (c)(d)
High-resolution microscopy image of a VO2 two-terminal device in both regimes. In its low
resistance state (d), the metallic filament is visible through contrast thanks to the change of
optical constants of the VO2 film when transitioning. Blue (insulating) and red (metallic)
colors have been added to enhance the phase distinction.

2.3 Tuning the stochasticity of resistive switching

Using the two types of two-terminal VO2 devices fabricated with different crystal-
lite size, we can investigate whether the number of grains in the channel can be
used to tune cycle-to-cycle stochasticity. But why would it be desirable to con-
trol this inherent stochastic behavior in the first place? In certain applications
of VO2 micro-resistors, these cycle-to-cycle variations are sought for. They have
been harnessed to design stochastic neuron, which implement behavior such as
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phase-locked firing (also called skipping) [85], or stochastic resonance [206]. These
variations have also been exploited to realize stochastic functions including prob-
abilistic bits [207, 208], stochastic oscillators [209, 210] and random access memo-
ries [211]. Generally speaking, inherently stochastic neurons would be desirable
for the implementation of Stochastic Spiking Neural Networks, which have shown
benefits to escape local minima, optimally explore space of solutions [212], and
realize probabilistic inference [213, 214]. On the other hand, in the case of the sen-
sory VO2 neurons presented in Chapter 1 where stimuli are encoded in the spike
rate [91–93, 95, 96, 169, 181], these variations should be minimized as they induce
jitter on the oscillator frequency. This can impede the sensor resolution, as further
explored in Chapter 3.

2.3.1 On the origin of stochasticity

Fig. 2.18 Illustration of the two hypotheses behind cycle-to-cycle variations: (a) Persistent
metallic islands, located randomly at the location of the metallic filament formed during
the previous cycle, serve as nucleation sites for the formation of the next filament. Inspired
from [208]. (b) Rutile VO2 crystallites can transition into one of four symmetries of the VO2
M1 monoclinic phase during the MIT. Two of them are illustrated here. The solid purple lines
show the V-V dimers, which are located at different places of the unit cell in the two configu-
rations. Inspired from [215].

Although the mechanisms behind these variations are not fully understood, two
phenomena stand out as possible causes, which both take place during the relax-
ation from metal to insulator (MIT). A first possible mechanism is the presence of
long-lived metallic domains [216–219] which can persist up to several milliseconds
after the metallic filament resorption (once the applied voltage is removed), in the
region of the device where the filament previously formed. Indeed, these metal-
lic islands serve as preferential nucleation sites for the next transition [219], and
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their expected random nature [208] could result in slightly different insulating re-
sistances and threshold voltages from cycle to cycle. This hypothesis is illustrated
in Fig. 2.18a. Presence of these metallic domains have been observed through
nano-XRD [216], optical reflectivity [217] and dark-field X-ray microscopy mea-
surements [219]. A second possible mechanism is the fact that individual grains
might change crystalline orientation from cycle to cycle, impacting the device insu-
lating resistance and threshold voltage. These changes have been imaged through
transmission electron microscopy (TEM) [215], and four possible transition path-
ways have been computed for a crystallite undergoing MIT, corresponding to four
90 ◦-symmetrical crystalline orientations of the insulating phase. This hypothesis is
illustrated in Fig. 2.18b. Stochasticity could also be due to a combination of the two
phenomena. In both observations, variations of properties in individual grains are
involved: one thus expects to witness a larger impact on the micro-resistor electrical
properties variations as device dimensions get closer to crystallite size. However,
such claim has never been verified, nor through simulation or measurements; and
the magnitude of the impact on the stochasticity has never been quantified: this
will be the focus of this work. To test whether stochasticity is dependent on the
grain size/device dimensions ratio, we will successively study the impact of grain
size and VO2 micro-resistor length.

2.3.2 The impact of grain size

To understand the impact of grain size on stochasticity, we studied the I-V charac-
teristics of two micro-resistors of identical channel dimensions (L = 600 nm, W = 70
µm) fabricated from the small- and large-grains films, respectively labelled device
A0 and B0. To obtain a good estimate of the electrical parameters distributions,
we measured 300 voltage-driven cycles for each device. Measurements were
performed in a 3-probes configuration5 using a Keysight B1500A Semiconductor
Device Analyzer to extract the exact voltage drop across the micro-resistor. Com-
pliance current was set to protect the device from over-heating during the metallic
filament formation, and avoid damages to the crystalline structure [120, 220, 221].
Measurements were performed on a temperature-controlled chuck at 35 ◦C,
to ensure that the device did not follow room-temperature fluctuations during
measurements. We filled the probe station chamber with a 6 l/min nitrogen
flux during measurements to prevent the VO2 film from oxidizing. We start by
investigating the distribution of the insulator-to-metal threshold voltage VIMT , as
it is a key parameter in most of the above-cited applications. Results are detailed
in Fig. 2.19.

5We used 3 source measure units (SMUs): SMU1 contacts one of the device terminals, is
set as a voltage source and fixed at zero volts (ground); SMU2 contacts the other terminal, is
set as a voltage source and performs the voltage sweep; SMU3 contacts the same terminal,
but is set in current mode and fixed at zero amperes to measure the actual voltage drop.
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A first difference between the two devices is a much lower insulating resistance
of the small-grains device (A0) compared to the large-grains one (B0), and its IMT
taking place at a lower threshold voltage VIMT and larger current levels. In conse-
quence, we set different current compliances for the two devices. These differences
are related to the large difference in resistivity and transition temperature between
the two films, as discussed previously (see Fig. 2.14).

The second difference is that the large-grains device shows larger cycle-to-cycle
VIMT variability, confirming our hypothesis that larger stochastic behavior would
be observed with crystallite size getting closer to device channel length. Thresh-
old voltages have been extracted over 300 cycles, and their distribution fitted (Fig.
2.20g-h) after removal of a small drift over time (∼0.001 %/cycle, obtained from
linear regression). The difference in stochasticity is observed through two features:

• First, the type of distribution, which is purely Gaussian in the case of the
small-grains device, while the large-grains device shows a mixture of two
Gaussian components.

• Second, the widths of these Gaussian functions, which we study through
their standard deviations σVIMT (in millivolts) and coefficients of variation
CVVIMT (standard deviation normalized by the mean, in percentage of the
mean). One notes an 18-fold ratio in σVIMT and 8-fold ratio in CVVIMT when
comparing the small-grains and large-grains device (taking the Gaussian
component with the smallest width for the latter).

The stochastic behavior scaling is thus confirmed both from an absolute and rela-
tive perspective.

62 |



Tuning
the

stochasticity
ofresistive

switching
|

2.3

Fig. 2.19 (a)(b) Voltage-driven I-V characteristics of the small-grains device (A0) and the large-grains device (B0) of identical dimensions (L =
600 nm, W = 70 µm), measured over 300 cycles. (c)(d) Close-up views on the cycle-to-cycle variation in insulator-to-metal threshold voltage VIMT .
The larger variations in the case of device B0 are visible when comparing the colored x-axis of the two figures. (e)(f) Extraction of VIMT for each
cycle, after drift removal. (g)(h) Fit to Gaussian and Gaussian mixture distributions, respectively for the small-grains and large-grains devices.
Standard deviations σVIMT and means µVIMT are indicated, as well as coefficients of variation CVVIMT .|
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2.3.3 The impact of channel length
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Fig. 2.20 Impact of the VO2 device channel length on their threshold voltage distribution.
(a) Small-grains devices, for channel lengths of 600 (A1), 1200 (A2), 1600 (A3) and 2400 nm
(A4). Channel width is 6 µm in all cases. (b) Large-grains devices, for channel lengths of 600
(B1), 1200 (B2) and 2400 nm (B3). Channel width is 70 µm in all cases. The mean µVIMT (in
V), standard deviation σVIMT (in mV), and coefficient of variation CVVIMT (in %) are displayed
for each individual Gaussian distribution. (c) High-resolution microscopy imaging of the
metallic filament across 10 cycles in a small-grains device with 2.4 µm long channel. The
plot shows normalized pixel grayscale values extracted along the channel width over the 10
cycles.

To go further, we also investigated how the distribution of the threshold voltage
would evolve with the micro-resistor channel length, as shown in Fig. 2.20. We
extracted VIMT values from 300 measured cycles for devices of varying channel
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length, fabricated both from the small-grains film (devices labelled A1-A4, see Fig.
2.20a) and the large-grains film (devices labelled B1-B3, see Fig. 2.20b). It is note-
worthy that for small-grains devices, channel width changed from 70 to 6 µm com-
pared to the device studied in Fig. 2.19a. The VIMT distributions of these small-
grains devices with smaller channel width and length also appear to be Gaussian
mixtures. The stochastic behavior magnitude tends to reduce with increased chan-
nel length, providing a second lever to tune intrinsic stochasticity in VO2 micro-
resistors. Once again, this stochasticity reduction manifests itself through two
distinct aspects: (1) the Gaussian mixtures observed for devices of small channel
length tend to fuse into single-Gaussian distributions, and (2) the coefficients of
variation of the individual Gaussian distributions are reduced, as channel length
increases. In all cases, the CVVIMT orders of magnitude are similar to the previous
case (see Fig. 2.19e-f) and maintain a ∼10 ratio between the large- and small-grains
devices.

2.3.4 Discussion
We separately investigate the physical causes for the two aspects of our observa-
tions: reduction in coefficient of variation CVVIMT , and shift from single-Gaussian
to bi-modal distributions.

Reduction in coefficient of variation
The coefficient of variation of VIMT tends to decrease when reducing grain size
and increasing channel length. The percolation process leading to the creation of
a metallic filament during voltage-triggered IMT has been shown to nucleate from
"hotspots" [164, 165, 219] where Joule heating/electrical effects are of higher inten-
sity, and thus transition first. Once this group of crystallites has transitioned, the
voltage drop re-distributes across their neighbours which transition in their turn,
triggering the metallic filament. We hypothesize that VIMT values belonging to
the same Gaussian component correspond to closely located hotspots, yielding fil-
aments in similar positions. Indeed, recent work showed that localized defects
induced with an ion beam reduced the IMT cycle-to-cycle stochasticity by defining
the filament percolation hotspot [222]. To further support our claim, we imaged
filaments in individual devices across several cycles using a Microsanj optical mi-
croscope, acquiring images at a 530 nm wavelength. Results show that for devices
with larger channel width and single-Gaussian VIMT distributions, the filament al-
ways forms at the same location. Results for one of these devices is shown in Fig.
2.20c, and the analysis has been repeated for other devices with single-Gaussian
VIMT distributions (Fig. 2.21), showing that the filament width W f is relatively
constant with channel width W. This can be explained by the fact that the filament
width is limited by the current compliance, which is kept constant at 10 mA for all
measured small-grains devices.
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Fig. 2.21 Optical imaging of the filament over several voltage-driven cycles in 4 different
small-grains devices of identical channel length (L = 2.4 µm) but different channel width (W
= 6, 12, 30 and 60 µm). Left plots show normalized pixel grayscale values extracted along
the channel width over the 10 cycles. The first device corresponds to device A4. One can
see that filament width W f , extracted at half the normalized intensity, is relatively constant
with channel width W, given the equipment resolution. In a given device, the position of the
filament is also constant from cycle-to-cycle. The same 10 mA current compliance is applied
for all devices.
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Although the filament always nucleates from closely localized hotspots, slight
alterations of the grains resistance from cycle to cycle could affect the initial
percolation path, yielding variations in VIMT . As stated earlier, experimental
observations that could explain these variations include the presence of persistent
metallic domains [217], or changes in grains crystalline orientation [215]. Both
theories involve variation in grains located in the area of the metallic filament
formed in the previous cycle. In particular, the presence of residual metallic do-
mains has been shown to facilitate filament re-triggering at the same location from
cycle to cycle [219]. In both cases, as these variations involve individual grains,
one expects them to have less impact on the IMT bias point if the percolation path
involves a larger number of grains, or if these grains are more uniform. In relation
to that, we do show that the small-grains film has a smaller grain size standard
deviation, as specified in Fig. 2.13. Regarding uniformity, low cycle-to-cycle
variability was recently reported [103] in VO2 micro-resistors threshold voltages
(σVIMT and CVVIMT of 9.4 mV and 0.71 %), and attributed to the epitaxial nature
of the VO2 film yielding highly uniform crystallites. However, epitaxial growth
requires specific substrates such as Al2O3 which are not straightforwardly CMOS
compatible. In the case of our small-grains device A0 whose film was grown
on Si/SiO2 substrates, we observe both smaller σVIMT and CVVIMT (2 mV and
0.21 %), which shows that epitaxial growth might not be necessary to minimize
cycle-to-cycle variations.

The grain size variation comes with differences in the films material and elec-
trical properties, which could also explain the stochasticity difference between the
resulting devices. First, the fact that the large-grains film shows a sharper transition
and a higher OFF/ON resistivity ratio (see Fig. 2.14). In this case, filament forma-
tion could be triggered from a smaller number of seed grains, as the "percolation
effect" (applied voltage redistribution across the seed grains neighbours, precipi-
tating the filament creation [165]) could be stronger. This would imply stronger
stochasticity in large-grains devices, consistently with our hypothesis. Secondly,
the possible higher proportion of rutile VO2 within the small-grains film insulat-
ing state [130], and possible presence of another vanadium oxide phase (hinted by
XRD measurements shown in Fig. 2.16), could impact filament formation. Thirdly,
residual stresses and strain (known to have large impacts on the IMT [223] [224])
could be present with larger inhomogeneity in the large-grains film. Different de-
grees of crystalline orientation uniformity between the two films could also explain
the observed differences, but should be confirmed using a more sensitive character-
ization technique such as grazing incidence XRD. In addition to these differences,
dynamical effects related to the decay of persistent metallic islands could play a
role. In our study, the high-resolution measurement of a single cycle lasts for about
102 s, while reported timescales for long-lasting metallic islands range from 10−2

s [217] to 102 s [219]. They are also more concentrated at temperatures closer to
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TIMT [217]. It is thus possible that small-grains devices - which have lower TIMT -
contain more long-lasting metallic domains, impacting stochasticity. However, the
strongest argument hinting that stochasticity could be correlated to the number of
grains in the channel, is the fact that stochasticity depends on device length. This
effect is smaller for large grains: in this case, there is a smaller number of "possi-
ble seed grains location" along the channel length axis, which could explain this
difference. Finally, the presence of an electro-forming behavior in the large-grains
devices is discussed in Appendix A.

Bi-modal behavior

Let’s now investigate the possible causes for the multi-modal Gaussian VIMT dis-
tributions. These could correspond to distinct percolation hotspots and resulting
filament locations. To our knowledge, multi-modal VIMT distributions have been
solely observed once in VO2 oscillators [93], but no explanatory mechanism has
been proposed so far in the literature. Our optical microscopy imaging equip-
ment resolution did not allow us to image the filament in the devices showing
multi-modal VIMT distributions, due to their small channel length. However,
a previous work [225] studied filament localization after voltage-triggered IMT
upon thermal cycling. They found that while the filament always forms at
the same spot in devices of larger channel length, its location is varies from
cycle-to-cycle in devices of smaller channel length. They attributed this to the
higher electric field arising across channels of smaller-length devices, triggering
a purely electrical, field-induced transition. Such transition takes place when
carrier density locally reaches a critical threshold, as recently observed in VO2
nanowires [226]. Since field-induced carrier generation is an inherently stochastic
process, it could happen in any individual grain of the channel, and thus trigger
filament formation at different locations. Indeed, the probability of a given grain
to undergo field-induced IMT increases exponentially with the local voltage drop
across this grain [121]. As devices distributions show a finite number of Gaussian
components, we could argue that there could be preferential sites for field-induced
nucleation.

So far, most works who mention stochasticity in VO2 focused on cycle-to-cycle
variations in the threshold voltage VIMT [93,96,207,217,227]. In this work, we also
studied the variations in the insulating state resistance. The importance of taking
Rins variations into account will be highlighted in Chapter 3 for VO2 temperature
spiking sensors, showing that they contribute to spike rate stochasticity with the
same proportion as VIMT variations. To perform this study, we distinguish the de-
vice resistance close to zero bias Rins,0 from the resistance RIMT just before the IMT
(Fig. 2.17b). Indeed, the OFF-state device resistance decreases with Joule heating,
as VO2 resistivity is temperature dependent in its insulating phase. Fig. 2.22 com-
pares the distributions of these two resistances for the small-grains device A0 and
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large-grains device B0 of identical dimensions. Full comparison of σ and CV values
for the distributions of Rins,0, RIMT and VIMT is available in Table 2.3. Once again,
the large-grains device shows larger cycle-to-cycle variations in the two studied
resistances, both from an absolute (σRins,0 and σIMT) and relative (CVRins,0 and
CVRIMT) perspective. Interestingly, the coefficient of variation of the insulating
resistance is much larger close to the IMT point than around zero bias. This could
hint that the previously mentioned small variations in the resistances of individual
grains (persistent metallic islands, change in crystalline orientation) are amplified
when approaching transition. Indeed, prior to IMT, the resistance of a given grain
in the channel follows a decreasing exponential temperature-dependent law [121].
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Fig. 2.22 Distributions of the devices insulating resistances close to zero bias (Rins,0, on the
right of each graph) and just before the insulator-to-metal transition (RIMT , on the left of each
graph), for small-grains device A0 (a) and large-grains device B0 (b) of identical dimensions
(L = 600 nm, W = 70 µm). The resistances standard deviations σRIMT , σRins,0 and coefficients of
variations CVRIMT , CVRins,0 are indicated.

Table 2.3 Comparison between the parameters of the Gaussian distribution of the three key
electrical parameters of the small-grains device A0 and large-grains device B0

Mean µX Standard deviation σX Coefficient of variation CVX
Small- grains

device A0
Large-grains

device B0
Small-grains

device A0
Large-grains

device B0
Small-grains

device A0
Large-grains

device B0
Rins,0 196.3 Ω 22812 Ω 0.60 Ω 294 Ω 0.31 % 1.29 %
RIMT 66.7 Ω 7613 Ω 1.31 Ω 2069 Ω 1.97 % 27.17 %
VIMT 0.934 V 2.042 V 2 mV 36 mV 0.21 % 1.75 %

2.195 V 42 mV 1.91 %

More interestingly, studying the relationship between Rins,0, RIMT and VIMT
gives us insight on the causes behind bi-modal VIMT distributions. We perform
this study for device A2, one of the small-grains devices with bi-modal behavior,
using scatter plots between its Rins,0 and VIMT values (Fig. 2.23a) as well as its
RIMT and VIMT values (Fig. 2.23b). The goal is to see whether bi-modal distribu-
tions are also observed in these two parameters: while it isn’t the case for the re-
sistance close to zero bias Rins,0, for RIMT , two clusters corresponding to the VIMT
modes are clearly visible (Fig. 2.23a-b). The resistance just before IMT is domi-
nated by the resistance of the zone near the hotspot, as it will be less resistive and
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concentrate current flow. These clusters hint that the two threshold voltages could
correspond to distinct hotspots in the channel, while individual variations inside
one cluster could be related to changes in grains of the same hotspot, as explained
earlier. Such observation gives further evidence that bi-modal VIMT distributions
could correspond to distinct filamentary paths, as illustrated in Fig. 2.23c.
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Fig. 2.23 Investigation of the relationship between Rins,0, RIMT and VIMT for device A2,
one of the devices showing multi-modal threshold voltage distribution. (a),(b) Scatter plots
of Rins,0 and RIMT , respectively, against VIMT . (c) Bi-modal distribution of the device VIMT
(d) Illustration of our hypothesis: cycles whose RIMT values belong to the same cluster would
yield closely located filaments, while those belonging to distinct clusters would yield distinct
filaments.
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2.4 Key messages

Several main conclusions can be taken away from this chapter.

There is currently a lack of design guidelines to understand how to fabricate
VO2 resistive-switching devices with minimized or maximized cycle-to-cycle
stochasticity. Depending on the specific application in the neuromorphic research
field, this stochasticity can be either detrimental (e.g. in sensitive spiking neurons
implementing rate coding of input stimuli), or beneficial (in computational neu-
rons used to build stochastic spiking neural networks). This diversity of targeted
stochastic properties underlines the need for the mentioned design guidelines.

Cycle-to-cycle stochasticity in VO2 two-terminal devices can be minimized by
increasing the number of grains along the device channel length. This can be
realized in two ways:

• By reducing grain size at constant channel dimensions. Reducing grain size
by one order of magnitude allows to reduce relative cycle-to-cycle variations
in the device threshold voltage (quantified by its coefficient of variation) by
one order of magnitude as well.

• By increasing channel length at constant grain size. Increasing channel length
by a factor of 4 yields a ∼6 fold and ∼2 fold reduction in threshold voltage
coefficient of variation for small- and large-grains devices, respectively.

This scaling in stochasticity manifests itself through two main characteristics:

• Reduction in relative stochasticity (coefficient of variation, in percent), and
even in absolute stochasticity (standard deviation, in Volts) in the case of grain
size. These reductions are valid for three of the key electrical parameters of
resistive swicthing devices: insulator-to-metal threshold voltage VIMT , and
insulating resistance both close to zero bias (Rins,0) and to the transition point
(RIMT).

• Emergence of bi-modal distributions in the device electrical parameters
(insulator-to-metal threshold voltage VIMT and insulating resistance close
to transition RIMT), for devices with a smaller number of grains within the
channel.

An hypothesis explaining the presence of bi-modal distributions of the device
electrical parameters could be distinct filament locations. This was deduced by
observing correlation between the modes of VIMT and RIMT . Indeed, the value of
RIMT is dominated by hotspots which concentrate current flow. The two corre-
lated modes observated in both parameters thus hint for the presence of distinct
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hotspots yielding to predominant filament formation paths. We consolidate this
hypothesis by showing that filament always form in similar locations in devices
showing single-Gaussian statistics, through high-resolution optical imaging.

Annealing temperature is an efficient lever to tune the grain size of VO2
thin film. To a smaller extent, oxygen concentration during the sputtering
step also has an impact on grain size. Both parameters have significant impact
on the films transition properties, which could also explain the difference in
stochasticity between the small and large grains samples. However, the scaling
of the stochasticity with device channel length brings generality to our conclusions.

The impact of the devices width on their cycle-to-cycle stochasticity must still
be investigated. Our work did not provide enough measurements to assess such
correlation. We however believe the impact of the devices width would be smaller
than that of their length: indeed, our high-resolution microscopy images showed
that the filament maintained a similar width W f , regardless of the device width W.
This is due to the fact that W f is set by the compliance current. As a consequence,
the number of grains involved in a filament does not depend on the device width.

Through our work, we provide key guidelines to design planar VO2 resistive-
switching devices with minimized or maximized stochasticity. Neuromorphic de-
signers aiming to design sensitive spiking sensors with minimum cycle-to-cycle
variations should choose films with smaller grain size and larger channel length,
while designer seeking to exploit these cycle-to-cycle variations should select de-
vices with larger grain size and smaller channel length. These conclusions could
theoretically extend to planar resistive-switching devices based on polycrystalline
thin films of other materials in which transition also takes place through a filament-
ing process, such as V3O5 [228], V2O3 [229], or NbO2 [230].
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stochastic spiking neurons:
different approaches to

encoding

The manifest unity of our perceptions
belies the indeterminacy of our sensations.

– Misha Mahowald

TO perform energy-efficient processing of data, Spiking Neural Networks re-
quire stimuli to be encoded in the timing of electrical spikes. As introduced

in Chapter 1, sensitive spiking neurons based on VO2 two-terminal devices are
one of the existing options to perform such encoding. However, they suffer from
several drawbacks. First, the intrinsic cycle-to-cycle variations in their electrical
characteristics, which we studied in details in Chapter 2 by measuring them across
several DC measurements. Indeed, when VO2 memristors are used as spiking sen-
sors, such static variations have been observed concomitantly with dynamic cycle-
to-cycle variations in spike duration, or jitter. Presently, it is not yet clear how these
static and dynamic stochastic phenomena are related, and whether the jitter could
come from other noise sources. Among existing works on VO2 spiking sensors,
such frequency jitter is seldom quantified, and its impact on the sensor Limit of De-
tection (LoD) is rarely investigated. In this chapter, we use the resistive-switching
VO2 devices fabricated in Chapter 2 to design temperature-sensitive spiking neu-
rons, and investigate the next research questions:

What are the dominant causes of dynamic stochasticity in rate-coded spiking
VO2 sensors? How does this stochasticity impact the sensor Limit of Detection?
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As detailed in Chapter 1, one of the advantages of Spiking Neural Networks
comes from the fact that they leverage event sparsity through their encoding. How-
ever, current implementations of VO2 sensitive spiking neurons all use rate coding,
while works have shown that rate-coded SNNs are not sufficient to outperform
ANNs. Additionally, all these sensors operate in an "all-or-nothing" regime. Under
a certain stimulus threshold, they will be completely OFF; above this threshold,
they will be constantly spiking, with no dead times in between spikes. Only the
duration of these spikes is affected by the stimulus. This makes us ask the following
question:

Can VO2 resistive-switching devices be used to design sensitive spiking neurons with
sparser encoding techniques than plain rate-coding?

To answer these two research questions, the chapter will be structured in the
following way. In the first section, we introduce the working principle behind the
spiking neurons developed in this work, including the conditions for VO2 devices
to display an oscillating behavior, followed by the circuit interface and associated
test setup allowing to trigger such spiking regime. Using an analytical dynamic
model for the spiking output, we investigate the relative impact of different
noise sources, both external and intrinsic to the VO2 device. We show that the
dominant source of spike rate jitter are the cycle-to-cycle variations in two specific
electrical parameters of VO2 two terminal devices. In the second section, we show
how we use our spiking VO2 neuron to perform rate coding of temperature. We
quantify how the spike rate jitter impacts the sensor LoD, illustrating a trade-off
between resolution and energy consumption. We explore different operating
ranges of our spiking sensor, both in terms of temperature and spike rate, and
see how the resolution-energy consumption trade-off evolves across these ranges.
We then benchmark our implementation against other VO2 spiking sensors.
Finally, the third section explores a new kind of encoding by operating the VO2
device at the limit of its stable oscillation regime, resulting in the generation
of spike bursts whose temporal characteristics are temperature-dependent. We
thoroughly characterize how the statistics of these bursts evolve with temper-
ature, and discuss how such sensor could enable a sparser encoding of information.

All measurements in this chapter have been performed using our small-grains
devices introduced in Chapter 2, since they offer lower cycle-to-cycle stochasticity.
Results are adapted from our ESSDERC 2023 conference paper (CP1) regarding
the first research question, and from our journal paper submitted at Electron Device
Letter (JP2) for the second question.
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3.1 Stochastic spiking neurons

We start by detailing the operation of VO2 two-terminal devices as constantly spik-
ing neurons, i.e. when they are used within relaxation oscillators.

3.1.1 The negative differential resistance condition
For a VO2 device to be able to produce oscillations, its I-V characteristics must
posses a voltage-current region showing a negative differential resistance (NDR)
when measured in current-driven mode. Indeed, when biased in this region, the
device operates outside of its two stable states (metallic or insulator), and thus
enters an astable regime in which it will alternate between the two states. The
physical origin of such NDR has been thoroughly studied. Gibson [160] theorized
that current-controlled NDR can, in principle, take place in any material whose
electrical conductivity has a superlinear dependence on temperature, as it is the
case for VO2. In practice, he states that this dependence must be strong enough so
that the NDR takes place at a sufficiently low temperature to prevent damaging
the device.

The NDR corresponds to the phenomenon of redistribution of the current
within the device channel upon transition of the device from its LRS to its HRS.
This phenomenon can be captured through a simple equivalent circuit of two par-
allel resistances [231], as illustrated in Fig. 3.1a. Indeed, when the metallic fil-
ament forms, the current redistributes between the outer high-resistance "shell"
(with equivalent resistance Rshell) which remains in the insulating domain, and the
inner low-resistance "core" (with equivalent resistance Rcore) formed by the metal-
lic filament. The core presents a negative differential resistance RNDR, since the
voltage across it will decrease when increasing the current as the metallic filament
expands. In literature, two types of NDR have been experimentally reported and
captured using this equivalent circuit model:

• A snap-back response when Rshell < RNDR,max, with the latter being the maxi-
mum NDR of the core. In this case, the current flows predominantly through
the shell, but at lower current density since it has a greater area. This means
that the total current can at first remain constant during the redistribution,
hence the horizontal snap-back behavior.

• A S-type response when Rshell >> RNDR,max. Here, the current flows pre-
dominantly through the metallic filament.

Typically, the shell resistance Rshell can be tuned by varying the device dimen-
sions [166] (length and width), while RNDR will depend on the OFF/ON resis-
tivity ratio of the film (which can be tuned through the film oxygen content and
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grain size, as shown in Chapter 2). When taking into account that both the metal-
lic and insulating regions have temperature-dependent resistivities, coumpound
snap-back and S-type behaviors can be observed [231].
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Fig. 3.1 (a) Parallel resistance model capturing the current distribution between the device
metallic filament (core) and the insulating shell, as developed in [231]. These two components
are visible through contrast between their optical constants on the high-resolution microscopy
images of two of our VO2 devices of different dimensions. (b)-(d) Three small-grain devices
of different dimensions displaying various NDR behaviors. Insulator region is shown in red,
metallic region in orange, and NDR region in yellow. (b) This device with dimensions L = 1.6
µm and W = 100 µm shows an NDR of pure snap-back type. (c) This device with dimensions
L = 1.6 µm and W = 5 µm shows an S-type NDR nested between two snap-back responses.
(d) This device with dimensions L = 0.6 µm and W = 5 µm shows snap-back NDR followed
by a S-type NDR.

In the case of our small-grains devices, all dimensions present a snap-back be-
havior at some point in their I-V curve, as shown in Fig. 3.1. However, in device
of smaller length and width (Fig. 3.1b-c), a S-type NDR also appears. This is co-
herent with the fact that the metallic filament (core) has a bigger area in proportion
to the high-resistive shell in devices of smaller dimensions, as shown by our high-
resolution microscopy images (Fig. 3.1a). The presence of a S-type NDR is required
to design relaxation oscillators. Indeed, in device with a pure snap-back response,
the reduction in voltage takes place at constant current, offering virtually no cur-
rent range in which to bias our device so that it reaches an astable state. No matter
the current fed through the device, the latter would be either in a stable insulator
or metallic state.
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In the remaining of this chapter, we will work exclusively with devices of
smaller dimensions (L < 0.8 µm, W < 5 µm), as they present the most pronounced
S-type behavior, offering a larger NDR current range in which to operate our re-
laxation oscillators. Devices of smaller channel area also have the advantage of
displaying a spiking behavior at lower current and voltage level, reducing the sys-
tem power consumption.

3.1.2 Circuit interface

Implementing a relaxation oscillator based on VO2 two-terminal devices typically
requires two additional circuit element: (1) an element controlling the current fed
to the VO2 two-terminal device, to ensure it is biased within its astable NDR region
(see Fig. 3.2a) and (2) a capacitor which slows down the circuit dynamic, since the
IMT takes place at ultrafast nanosecond timescales [232].
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Fig. 3.2 (a) Voltage- and current-driven I-V characteristics of the VO2 device (L = 0.8 µm,
W = 3 µm) used within the relaxation oscillator, together with the NMOS load line, which
falls in the current range for spiking regime (corresponding to the NDR). (b) Schematic of the
spiking neuron circuit interface (c) Output spikes measured across the capacitor at T = 41 ◦C.

As mentioned in Chapter 1, the current is commonly set either using a scal-
ing resistor or a transistor biased in its saturation regime. The latter option offers a
finer tuning of the operating point, and we implement it in this work using a NMOS
ALD1106 discrete transistor. The drain current ID is set through the gate voltage
VG. The full circuit is shown in Fig. 3.2b. For the following series of measurements,
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circuit parameters are the following: C = 33 nF, supply voltage Vsupply = 2.55 V,
VG = 2.09 V and ID = 1.025 mA. The specific device on which measurements have
been realized has dimensions L = 800 nm, W = 3 µm. The measurement of a typi-
cal output waveform is shown in Fig. 3.2c. During the abrupt charging phase, the
VO2 is in its metallic regime: the capacitor C is charged by the large current flow-
ing through the low VO2 resistance, increasing Vout and progressively decreasing
the voltage drop VVO2 across the device. Once VVO2 drops to the lower threshold
voltage VMIT , RVO2 switches back to its insulating regime: the capacitor slowly
discharges through the least resistive path, i.e. the NMOS transistor, and Vout de-
creases. VVO2 thus increases up to the higher threshold voltage VIMT , triggering
the transition towards the metallic phase and starting a new cycle. The dynamics
of the oscillations are dictated by the circuit RC constant, which varies as the VO2
resistance changes from the metallic to the insulator regime.
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Fig. 3.3 (a) Full test setup allowing to measure the VO2 relaxation oscillators under dy-
namic operation. (b) Close-up on the interior of the probe station allowing to contact the VO2
devices directly on the wafer. (c) Gate and supply voltage source-meters (d) PCB implemen-
tation of the interface circuit, also providing coaxial output to measure the output, gate and
supply voltages.
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The full test setup allowing to measure these oscillations is shown in Fig. 3.3a.
The VO2 two-terminal devices are contacted directly on the fabricated wafer using
an electromagnetically shielded probe station (Fig. 3.3b), allowing to test the oscil-
lating behavior of a large variety of devices without requiring dicing and bonding
steps. A thermal chuck allows to control the wafer temperature. The device is in-
terfaced with the circuit using triaxial cables towards a PCB implementation which
holds the capacitor and NMOS transistor, fabricated by our research partners at the
EPFL Nanolab (Fig. 3.3d). Gate and supply voltages are set using two Keithley 2450
source-meters (Fig. 3.3c) connected with coaxial cables, the second also allowing to
monitor drain current. A Tektronix MSO56 oscilloscope with sampling frequency
up to the GHz allows to acquire high-resolution measurements of the oscillations.

3.1.3 Analytical dynamic model
The time-dependent equations for the output voltage of the spiking sensor can
be derived from the fact the system behaves as an RC circuit. There will be
a successive charge and discharge of the capacitor, bounded between the two
threshold voltages of the VO2 device. The dynamic evolution of the output
voltage can thus be modeled by two exponential functions, whose time constants
τ = RVO2C depend on the resistance of the VO2 device in the two phases,
and whose parameters can be determined by setting the appropriate boundary
conditions.

In the charge phase, while Vout < Vsupply − VMIT , the VO2 resistor is in its
metallic state (RVO2 = Rmet). The charge of the capacitor can be modelled by an
function of the following type:

A(1 − e−(t−tc)/τ) + B , (3.1)

with tc the time at the beginning of the charge phase, and τ the circuit RC
constant. The boundary conditions at the beginning of the charge phase (t = tc)
and at asymptotically long times (t = ∞) are:

Vout(t = tc) = Vsupply − VIMT

Vout(t = ∞) = Vsupply − Rmet ID
(3.2)

This yields the following expression for the circuit output voltage:

Vout(t) = (VIMT − Rmet ID)
(

1 − e−(t−tc)/RmetC
)

+ (Vsupply − VIMT);
(3.3)
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In the discharge phase, while Vout > Vsupply − VIMT , the VO2 resistor is in its
insulating state (RVO2 = Rins). The discharge of the capacitor can be modelled by
a function of the following type:

Ce−(t−td)/τ + D , (3.4)

with td the time at the beginning of the charge phase, and τ the circuit RC
constant. The boundary conditions at the beginning of the discharge phase (t = td)
and at asymptotically long times (t = ∞) are:

Vout(t = td) = Vsupply − VMIT

Vout(t = ∞) = Vsupply − Rins ID
(3.5)

This yields the following expression for the circuit output voltage:

Vout(t) = (Rins ID − VMIT)e−(t−td)/RinsC

+ (Vsupply − Rins ID).
(3.6)

Similar mathematical models have been developed in previous works [91, 159,
233]; however, in all these models, the resistance in the insulating state is approxi-
mated as a constant in the [VMIT , VIMT ] voltage range, while it does in reality vary
with the applied voltage through Joule heating (see Fig. 3.2a). We capture this
phenomenon by including an empirical expression for the voltage dependence of
Rins:

Rins(VVO2) = Rins,0 − aebVVO2 (3.7)
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Fig. 3.4 (a) Measured voltage–driven DC sweep of the VO2 device (L = 0.8 µm, W = 3
µm) at T = 41 ◦C (black solid line). Superimposed: transistor drain current approximated as
constant (grey solid line) and fitted resistances in metallic (constant) and insulating (voltage-
dependent) regimes (red dashed lines), as used in the model. (b) Comparison between the
dynamic model of Eq. 3.3 and 3.6 (red) and the measured waveform (black).
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We fit the resistances on the I-V characteristic measured at 41 ◦C (Fig. 3.4a),
and obtain (50 Ω, 2.276 V−1) for the fitting parameters (a, b), Rins,0 = 1088.53 Ω,
and Rmet = 21 Ω. The other circuit parameter (C, Vsupply, and ID) correspond to
the operating parameters specified above. The threshold voltages VIMT and VMIT
are extracted from the average min. and max. values of the measured spikes, in
coherence with the DC measurements. Our deterministic, 9-parameters model re-
produces spike trains with high fidelity (Fig. 3.4b). The model neglects the Early
effect and considers the transistor current ID to be constant.

3.1.4 Dynamic stochastic analysis

To this dynamic analytical model capturing the output voltage of our relaxation os-
cillator, we can add various noise sources and cycle-to-cycle variations. The goal is
to extract a theoretical spike frequency jitter from this new stochastic model, and to
compare it with the jitter obtained from measurements of the stochastic oscillations
of our device. Following this procedure, we can determine which noise sources are
predominantly responsible for the observed spike rate jitter.

Cycle to cycle variations

Fig. 3.5 (a) 400 consecutive voltage-driven DC sweeps measured on the VO2 device (L = 0.8
µm, W = 3 µm), at T = 41 ◦C, with current compliance to protect the device. Close-up of the
cycle-to-cycle variations in threshold voltage VIMT shown in inset. (b)-(e) Distributions of the
resistance in insulating regime Rins,0 and the threshold voltage VIMT , with their respective
mean and standard deviation. Scatter plots show the absence of drift over the consecutive
cycles.
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We first focus on characterizing the cycle-to-cycle variations of the four key electri-
cal parameters of the specific device used in our relaxation oscillator. These param-
eters are its two threshold voltages VIMT and VMIT , its resistance in the metallic
regime Rmet, and its resistance in the insulating regime close to zero bias Rins,0. To
study the statistics of these parameters, we performed 400 high-resolution voltage-
driven DC measurements of the device I-V characteristics (Fig. 3.5a). The method-
ology is similar to the one introduced in Chapter 2. Fig. 3.5b-e show the Gaussian
fitting and absence of drift for VIMT and Rins,0, which will be proved to be the
dominant causes of the spike rate jitter. We obtain coefficients of variations CVi
(defined as the parameter standard deviation σi normalized by its mean µi) of 0.41,
0.042, 0.26 and 0.28 % for Rins,0, Rmet, VIMT and VMIT , respectively.

Other noise sources

In addition to the cycle-to-cycle variations of the device electrical parameters, we
consider a number of other noise sources: the transistor thermal noise, and the
thermal noise on the VO2 resistor. These noise sources are considered as additive
white Gaussian noises, and their root-mean square (RMS) values thus correspond
to the standard deviation of their distribution. We make the hypothesis that these
two noise sources are independent, and we model them as parallel current sources
adding to the NMOS drain current ID, as illustrated in Fig. 3.6. The validity of this
independence hypothesis will be discussed below. The RMS value of a transistor
thermal noise current when operated in saturation regime can be expressed (in
amperes) by the following expression [234]:

Irms,th,NMOS = σth,NMOS =
√

4kBγgmT∆ f [A], (3.8)

with gm the NMOS transconductance equal to 1.8 mS from its datasheet; γ a
coefficient equal to 2/3 for long-channel transistors (in the micron scale); and ∆ f
the bandwidth set to half of the sampling frequency fs (125 MHz in the case of our
measurements, yielding a 62.5 MHz bandwidth).

The RMS value of the VO2 resistor thermal noise can be expressed (in amperes)
by the expression:

Irms,th,VO2(ti) = σth,VO2(ti) =
√

4kBT∆ f /RVO2(t) [A] (3.9)

This RMS value will differ between the charge and the discharge phase. During
the charge phase, the VO2 resistor is in its metallic regime, and RVO2(t) = Rmet.
During the discharge phase, the VO2 resistor is in its insulating regime. However,
from Eq. 3.7, the resistance is modelled as voltage-dependent, and will thus vary
over the course of the discharge phase, together with the noise RMS value.
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Fig. 3.6 Equivalent noise circuit with the two parallel current noise sources corresponding
to the thermal noise on the NMOS transistor and on the VO2 resistor, and one series voltage
noise source modelling the setup noise.

As we considered the two noise sources as independent, the total value of the
current ID,noisy at a given moment t in time can be included in our stochastic model
by sampling values from the parallel noise sources using their Gaussian distribu-
tion, and adding them to the NMOS current ID:

ID,noisy(t) = ID + ith,NMOS(t) + ith,VO2(t) (3.10)

We also account for the additive white Gaussian voltage noise (AWGN) coming
from the electrical setup itself, due to e.g. electromagnetic interference and power
supply noise. Its RMS value is deduced empirically by measuring the output volt-
age of the circuit when biased just below its stable oscillation regime. It is modelled
as a voltage source in series with the output, and can be included in our stochas-
tic model by adding a value sampled from the AWGN distribution to the output
voltage:

Vout,noisy(ti) = Vout(t) + vAWGN,setup(ti) (3.11)

Stochastic analytical dynamic model
Now that we have parameters describing the statistics of our different noise sources
and cycle-to-cycle variations, we can include them in our dynamic analytical model
for the relaxation oscillator output voltage, described in Eq. 3.3 and 3.6. To include
cycle-to-cycle variations, new values of (VMIT , Rmet) and (VIMT , Rins,0) are sam-
pled from their empirically deduced distributions (see Fig. 3.5) at the beginning
of each charge and discharge cycle, respectively. The inclusion of the thermal and
setup noise sources is straightforward: at each time step t, we replace the constant
transistor current value ID by the value computed from the sampling of the cur-
rent thermal noise distributions, as described in Eq. 3.10. We then add the sampled
value from the AWGN setup voltage noise to the resulting Vout expression. We thus
obtain a stochastic analytical dynamic model for the oscillator output.
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Table 3.1 Contribution of the different noise sources to the spike rate jitter at T = 41 ◦C

(1) (2) (3) (4)

Noise
source

Cycle-to-cycle
variations
in VMIT

Cycle-to-cycle
variations

in Rmet

Cycle-to-cycle
variations
in VIMT

Cycle-to-cycle
variations
in Rins,0

Statistical
parameters

µVMIT = 0.088 V
σVMIT = 0.24 mV

µRmet = 21 Ω
σRmet = 0.87 Ω

µVIMT = 0.74 V
σVIMT = 1.95 mV

µRins,0 = 1088.53 Ω
σRins,0 = 4.47 Ω

Simulated
σf ,i (Hz) 4.43 20.00 232.32 263.37

(5) (6) (7)

Noise
source

Thermal noise
on Rmet
and Rins

Noise on
transistor

current

Total AWGN
extracted

from setup

Final
model

Measu-
rements

Statistical
parameters

σth,met = 227 nA
σth,ins = 32 nA

σNMOS
= 36 nA

σAWGN
= 1.56 mV

All noise sources
combined

Simulated
σf ,i (Hz) 2.68 2.56 0.81

σf ,sim
= 353.64

σf ,meas
= 344.82

The respective contribution of each noise source to the resulting spike rate jitter
can be extracted by including them individually in the dynamic model. Results are
shown in Table 3.1. For each noise source, the first row specifies the mean and stan-
dard deviation of the distribution. For the thermal noise on the VO2 resistor in the
insulating state, this value is given for the mean value of Rins,0 (around zero bias),
but it will vary at each modelled time step of the discharge phase, as explained
above. The second row presents the individual impact σf ,i of the noise source on
the spike rate jitter. The plausibility of our stochastic dynamic model is verified
when including all the different noise sources, and comparing the obtained theo-
retical spike rate jitter with the one deduced from a measurement of the oscillator
output. There is a good match between the theoretical and observed distribution
of the instantaneous spike frequency, as shown in Fig. 3.7.
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Fig. 3.7 Concordance between measured and simulated jitter on the spike rate, measured
and simulated over 100 ms. The 8 ns timestepping used to generate the waveform using the
dynamic stochastic model corresponds to the 125 MHz sampling frequency of the measured
waveform. All the noise sources of Table 3.1 have been included in the stochastic dynamic
model.
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Looking at Table 3.1, it is clear that the dominant contributions to the spike
rate jitter come from the cycle-to-cycle variations, and more specifically from
the cycle-to-cycle variations on the threshold voltage VIMT and the insulating
resistance Rins,0 (column 3 and 4). The impact of the thermal and setup noises
are of lower magnitude (criteria 5, 6). These results bring additional insights to
previous literature works, which usually present the cycle-to-cycle variations in
VIMT as the sole source of the spike rate jitter [207]. Indeed, our model is able
to capture the significant contributions of the Rins variations, as it accounts for
its voltage-dependence. Considering it constant throughout the discharge phase
would result in systematic underestimation of its variations impact. Additionally,
our analysis contradicts one of the hypothesis often mentioned in the literature,
which states that the cycle-to-cycle variations in Rmet and Rins could be due to
thermal noise [92]. Indeed, the large difference in their effect on the spike rate
proves they are distinct phenomena. The hypothesis related to the independence
of the noise sources is consistent with the fact that the condition σf ≃

√
Σσ2

f ,i is

satisfied.

The match between our dynamic stochastic model and the measured frequency
jitter does not mean that all the noise sources present in reality were captured with
exactitude or comprehensiveness. However, it does prove that the cycle-to-cycle
variations in the device electrical parameters dominate the spike rate jitter. The
total equivalent magnitude of the remaining noise sources is estimated correctly by
our model, but could possibly include other noise sources than the one considered
here (i.e., flicker noise, random telegraph noise, ...).

3.2 Rate-based temperature encoding

3.2.1 Sensitivity and Limit of Detection
The spike rate is modulated by the variation of the VO2 I-V characteristics with
temperature, shown in Fig. 3.8a for T = 41 − 47 ◦C. Fig. 3.8b-c show the inversely
proportional relationships of Rins,0 and VIMT to temperature, which result in an
increase in spike rate (Fig. 3.8d). The modulation of the insulating resistance and
insulator-to-metal threshold voltage of VO2 two-terminal devices I-V characteris-
tics has recently been modelled by a combination of Joule heating and field-assisted
carrier generation mechanisms [92]. These field-induced carriers are believe to arise
through the Poole-Frenkel effect, under which the applied electric field reduces the
excitation barrier for carriers trapped within in-gap states [226, 235]. The reverse
transition and associated evolution of VMIT with temperature is usually captured
using Newton’s law of cooling [134]. The evolution of the threshold voltage VIMT
with temperature can give us information on the dominant type of mechanism
(Joule heating or field-induced carriers).
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Fig. 3.8 (a) Voltage- and current- driven I-V characteristics of the VO2 device for T = 41 - 47
◦C. (b)(c) Evolution of Rins,0 and VIMT with temperature, with linear fit. (d) Output voltage
of the spiking sensor circuit, showing spiking behavior in the 41 - 47 ◦C range with increase
in spike frequency and reduction in spike amplitude.
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In the narrow temperature range considered in the measurements, the trend
seems to be linear, but should be investigated on a larger temperature range to
allow to discriminate the mechanism, as it will be discussed below. As found
previously using our analytical dynamic model (Eq. 3.3 and 3.6), the variations in
spike rate are dominated by variations in VIMT and Rins,0. The reduction of these
two parameters with temperature is thus the dominant cause for the increase in
spike rate, visible in Fig. 3.8d. This increase is accompanied by a reduction in spike
amplitude, due to the fact that the relaxation oscillator output is bounded between[
Vsupply − VIMT ; Vsupply − VMIT

]
, and that the hysteresis width VIMT − VMIT

reduces with temperature.

From the linear dependence of the spike rate with temperature, we can define
a spike frequency sensitivity S f . To obtain this sensitivity, we perform a linear fit
of the average spike rate f spike at each temperature. This average spike rate is ob-
tained by taking the mean of the instantaneous frequency fspike of each measured
spike (defined as 1/Tspike, the inverse of the spike duration), over the longest ob-
servation duration available (in our case, 100 ms). We obtain a sensitivity S f of 1.71
kHz/◦C (Fig. 3.9). The extraction of the sensitivity based on the longest duration
available measurement can be seen as a calibration step.

41 42 43 44 45

Temperature (°C)

Sf =
1.71 kHz/°C

1.12 °C
0.42 °C

0.15 °C17.26

20.81
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Fig. 3.9 Mean frequencies for T = 41 - 45 ◦C, together with their 99.7 % confidence interval,
for three different averaging times (100 µs, 1 ms, 10 ms). Sensitivity is derived from a linear
fit. Temperature resolution is derived for the worst case of spike rate jitter, i.e. T = 43 ◦C.

During the actual operation of the sensor, we can deduce the measured tempera-
ture using this sensitivity value. However, even assuming perfect calibration, there
will be some amount of uncertainty related to the spike rate jitter. To overcome this
uncertainty, the instantaneous frequency can be averaged over a certain number
of cycles, corresponding to a duration of observation tobs. We propose a two-step
statistical estimation of spike rate uncertainty when averaged over a duration tobs.
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Fig. 3.10 Definition of the spike rate uncertainty associated to the averaging of the instan-
taneous spike frequency over a certain observation duration tobs. First, the mean frequency
fspike(tobs,i) of the instantaneous spike rates is computed over each interval tobs,i . Second, the
distribution of these local mean spike rates fspike(tobs,i) is fitted to a Gaussian distribution,
allowing to extract a standard deviation σf (tobs) which characterizes the uncertainty of the
averaging process. This parameter differs from σf (tobs,i), the instantaneous spike rate stan-
dard deviation extracted over a given measured interval tobs,i .

First, we take the mean fspike(tobs,i) of the instantaneous spike rates over each
interval tobs,i within the measured waveform; then, we fit the distribution of these
local mean spike rates fspike(tobs,i) to a Gaussian distribution. We can then obtain
a standard deviation σf (tobs), which captures the spike rate uncertainty when per-
forming averaging on a given observation duration1. This procedure is illustrated
in Fig. 3.10. Knowing this uncertainty, we can define the spike rate resolution for
a given observation duration using a 99.7 % (3σ) confidence interval. From the
frequency sensitivity to temperature S f , it can be converted to a temperature reso-
lution or Limit of Detection (LoD):

LoD3σ(tobs) = 2
3σf (tobs)

S f
(◦C) (3.12)

Fig. 3.9 illustrates the estimation of this LoD for three different observation
duration at temperature T = 43 ◦C: the LoD improves with the averaging time,
from 1.12 ◦C for a 100 µs observation to 0.15 ◦C for a 10 ms observation. This
indicates a clear resolution-energy trade-off: one order of magnitude of LoD can be
gained at the cost of increasing the associated energy consumption by 100, through
a 100-fold increase in observation duration.

1It is noteworthy that the parameter σf (tobs) differs from σf (tobs,i), the standard deviation
of the instantaneous spike frequency extracted on a given measured interval tobs,i .
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So far, it seems that increasing the averaging duration yields ever smaller
LoD. However, distinct noise processes can take place at different timescales,
and there might be a limit to this improvement. To answer this question, an
interesting tool allowing to assess the frequency stability on different timescales
is the Allan variance. The Allan variance was first introduced in 1966 by David W.
Allan to study the frequency deviation of oscillators with respect to their nominal
frequency [236]. It provides a prediction of how far the clock frequency is likely to
drift in an interval of m periods into the future, based on an averaging of many of
such intervals in the past. It does not provide a unique value, but rather depends
on the observation duration tobs, and is thus commonly plotted as a function of the
latter.

Defining the Allan variance requires to extract the time deviation vector x[n]:
a time series which describes, for each measured cycle of the oscillator, by how
much the cycle duration deviates from an ideal reference period Tspike,0. The Allan
variance σ2

y is then defined by averaging these time deviations over an observation
duration tobs:

σ2
y (tobs) =

1
2t2

obs
E
[
(x[n + 2]− 2x[n + 1] + x[n])2

]
(3.13)

Performing such averaging involves a statistical expected value, integrated
over an infinite number of intervals. In practice, an estimator is required to ap-
proach such expected value. A commonly used estimator for the Allan variance
uses overlapped time intervals within the original measured time series [237], and
is defined for an observation duration tobs corresponding to m nominal periods of
duration Tspike,0. The estimator uses a total of N − 2m overlapped time intervals:

σ2
y (mTspike,0) =

1
2m2T2

spike,0(N − 2m)

N−2m

∑
i=1

(x[i + 2m]− 2[i + m] + x[i])2 (3.14)

The Allan deviation is obtained from the Allan variance as:

σy =
√

σ2
y (3.15)

The Allan deviation is unitless, but can be interpreted in terms of frequency
stability by multiplying it by the oscillator nominal frequency fspike,0 = 1/Tspike,0.
The result is shown in Fig. 3.11 for the 100 ms measurements of our VO2 oscillator
in temperature range T = 41 - 47 ◦C. The reference period Tspike is extracted as the
mean of all spikes periods on the full 100 ms observation duration.
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Fig. 3.11 Allan deviation of the seven 100 ms-long measured waveform of the VO2 oscilla-
tor output in the 41 - 47 ◦C temperature range. No clear temperature-dependency trend has
been observed, which is why the curves are all plotted without distinction. The power-law for
three distinct noise sources are plotted in red. The confidence intervals on the Allan deviation
estimator of each measurement are plotted in gray (see Appendix B for detailed expression).

Distinct noise sources will have different power laws when passed through the
Allan deviation tool [238], which are plotted in red dashed lines on Fig. 3.11. One
can see that the measured frequency variations are dominated by white frequency
modulations, while flicker and random walk noises do not seem to appear within
the considered timescale (up to 100 ms, the measurement duration). This validates
the fact that we only included white noise sources within our stochastic dynamic
model presented above. However, one can note that the uncertainty on the Allan
deviation (plotted in gray) increases as the observation duration increase. Non-
white noise processes could thus take place towards longer time scales. However,
we can be confident that performing averaging will reduce uncertainty on the spike
rate for observation duration up to ∼10 ms.

3.2.2 Extended temperature and frequency operation range

After defining the LoD and its associated energy-resolution trade-off, it is interest-
ing to investigate how our VO2 spiking temperature sensor behaves across a larger
temperature and frequency operation range. To that end, we study the behavior of
a second VO2 relaxation oscillator in the 25 - 45 ◦C temperature range. This sec-
ond oscillator is built from a VO2 device of identical dimensions as the one studied
above (L = 0.8 µm, W = 3 µm), but uses a smaller output capacitor of 330 pF (w.r.t.
33 nF in the previous case).
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Fig. 3.12 (a) Voltage-driven I-V characteristics of the VO2 device for T = 25 - 47.5 ◦C, with
2.5 ◦increments. (b)(c) Evolution of Rins,0 and VIMT with temperature, with linear fit. (d) Tem-
perature dependency of the power PIMT required to trigger the transition. All three trends
are fitted with a linear curve.

The evolution of the VO2 device I-V characteristics over the 25 - 47.5 ◦C
temperature range is shown in Fig. 3.12. The linear dependence of the threshold
voltage VIMT , observed above on a narrower temperature range (Fig. 3.8c), is
confirmed on this larger temperature range. This hints that the transition is not
dominated by a Poole-Frenkel mechanism, otherwise a decreasing exponential
behavior of the type VIMT ∝ exp(−T/T0) would be expected [134, 239]. On the
contrary, the linear temperature dependence of the power PIMT = VIMT IIMT
required to trigger the insulator-to-metal transition, shown in Fig. 3.12d, suggests
that the transition is dominated by Joule heating [172, 240].

The dependency of the mean spike rate on the temperature from room temper-
ature (25 ◦C) up to the maximum frequency of oscillation (45 ◦C) is shown in Fig.
3.13a. The mean oscillator frequency was extracted from 10 ms-long measurements
acquired at 1.25 GHz, every 2.5 ◦C. The device stopped oscillating at T = 47.5 ◦C,
which we attributed to the quasi extinction of the NDR range (see yellow curve in
Fig. 3.12a). Whereas the spike rate temperature dependency could be considered
linear when studied on a narrow temperature range (see Fig. 3.9), it becomes ex-
ponential when looking at the full temperature range. This evolution can be easily
reproduced when plugging the linear temperature dependency of VIMT and Rins,0
into our dynamic analytical model presented above. Due to the smaller 330 pF out-
put capacitor with respect to the first oscillator, the VO2 spiking sensor operates at
much higher frequencies: between 400 and 1000 kHz in the 25 - 45 ◦range (whereas
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the first oscillator with C = 33 nF oscillated between 17 and 24 kHz in the 41 − 45
◦range). However, in order to correctly fit the spike rate temperature dependence,
the dynamic analytical model assumes a larger, 1.15 nF capacitor (see Fig. 3.13a).
We thus theorize that there is a large equivalent parasitic capacitance within our
experimental setup, which could be due to the long triaxial cable used to contact
the VO2 device through the probe station (see the setup shown in Fig. 3.3). A par-
asitic capacitance of similar order of magnitude has been estimated in other VO2
oscillators [241]. Alternatively, this "saturation" in the oscillator frequency when
reducing the capacitor could also be attributed to the frequency dependence of the
VO2 device IMT point and resistance in its insulating state [242].
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Fig. 3.13 (a) Spike rate sensitivity to temperature of the higher-frequency VO2 relaxation
oscillator (L = 0.8 µm, W = 3 µm, C = 330 pF), measured (black) and modelled (red). The
dots correspond to the mean frequency, averaged over 10 ms-long measurements. Errorbars
correspond to the standard deviation σf (tobs = 10 ms) of the instantaneous frequency distri-
bution. Sensitivity is defined in a piecewise fashion. (b) LoD computed at T = 40 ◦C for three
averaging times.

A relevant question is to ask how the LoD-energy consumption trade-off
evolves at such higher oscillation frequency. To answer this question, Fig. 3.13b
illustrates this trade-off at a temperature of 40 ◦C. The sensitivity is approximated
locally by performing a piecewise linear fitting between successive temperature
points. Once again, increasing the observation duration allows to reduce the LoD.
Interestingly, at similar temperatures, our second oscillator provides better resolu-
tion performances at equivalent energy costs: for an observation duration of 1 ms,
it achieves 0.08 ◦C LoD, whereas the first oscillator showed a 0.42 ◦C resolution for
the same tobs. The question can also be answered by setting a LoD requirement: to
achieve a 0.1 ◦C LoD, the first oscillator requires an averaging time of 35 ms, while
the second only needs a 250 µs observation time. To explain such behavior, let’s
recall that the dominant source of spike rate jitter are the cycle-to-cycle variations
in the VO2 device electrical characteristics, as demonstrated above. When the oscil-
lator is run at a higher frequency, averaging these variations over a given number
of cycles requires a smaller observation time.
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Table 3.2 Comparison between the characteristics of two VO2 oscillators with LoD analysis
at 43 and 40 ◦C, respectively, over the same number of cycles.

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
Device

dimensions C T ncycles tobs LoD S f µ f
S f
µ f

σf (tobs)
σf (tobs)

µ f

Oscil-
lator 1

L = 0.8 µm
W = 3 µm 33 nF 43 ◦C 100 4.8 ms 0.21 ◦C 1.71

kHz/◦C 20.8 kHz 8.2 % 60 Hz 0.3 %

Oscil-
lator 2

L = 0.8 µm
W = 3 µm 330 pF 40 ◦C 100 13.8 µs 0.11 ◦C 38

kHz/◦C 722.7 kHz 5.3 % 705 Hz 0.1 %

However, this implies that the intrinsic spike rate jitter remains of the same or-
der of magnitude when increasing the oscillation frequency of the neuron. This
is confirmed by our observations. Table 3.2 compares the two oscillators along 11
numbered criteria. More specifically, it shows the LoD of both oscillators (6) at two
close temperatures (3), when extracted on an observation duration (5) correspond-
ing to 100 cycles, i.e. 100 spikes. While the uncertainty σf (tobs) associated to the
averaging is higher in absolute value in the second high-frequency oscillator (10), it
is actually of the same order of magnitude when normalized by the mean spike fre-
quency (11). The sensitivity (7), when normalized by the mean frequency (8),(9), is
also of the same order of magnitude in the two cases, hence the preserved LoD. This
observation seems to prove that the dynamic cycle-to-cycle stochasticity does not
worsen when increasing the oscillator frequency. From our investigations detailed
in Section 3.1.4, we showed that the cycle-to-cycle stochasticity in spike frequency
were dominated and could be fully predicted by the cycle-to-cycle stochasticity of
the device electrical characteristics, extracted in DC. Importantly, we thus conclude
that for our specific device topology and VO2 thin film, the cycle-to-cycle variations
in the device electrical characteristics seem to remain of the same order of magni-
tude for timescales ranging from 102 (DC measurements) to 10−5 seconds (100 kHz
oscillations).

3.2.3 Benchmarking
We compare our VO2 spiking temperature sensor to other existing implementa-
tions of VO2 spiking sensors. The full benchmarking is detailed in Tables 3.3 and
3.4, performed against 18 numbered criteria. We compare both the low- an high-
frequency versions of our oscillators through several key parameters.

Compactness

First, we compare the number of components (criterion 3 in the Table). Our imple-
mentation requires three components: the VO2 memristor, a capacitor and a tran-
sistor. It is more compact than certain implementations [93, 96], thanks to the fact
that the stimulus transduction is performed directly by the VO2 device, whereas
other rely on external sensors (which often require series resistance to scale the cur-
rent within the oscillation region). The most compact implementation [92] requires
only one component: the VO2 device. To that end, it uses a current source instead
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of a voltage source (removing the need for a transistor or scaling resistor to tune
the current), and exploits the parasitic capacitance within the circuit to integrate
the variations. Our implementation could thus be made more compact by includ-
ing these two design choices; however, the transistor used in saturation regime
allows a fine tuning of the current, a feature which will be exploited in the next
section. As for the capacitance, a remaining question is whether it comes from the
wiring between components (as most of these proof of concepts are realized us-
ing PCBs), or if it is truly intrinsic to the VO2 device itself, as suggested in certain
works [92, 181]. In the latter case, truly compact implementation of VO2 sensors
monolithically integrated with CMOS technology could be envisioned. In that per-
spective, compactness can also be compared by looking at the device footprint,
defined by its active area A = W · L (criterion 4). The 2.4 µm² footprint of our VO2
device doesn’t beat the state of the art 0.4 µm² area of other planar devices [96,181].

Power and energy consumption
The power consumption of our spiking sensor can be divided between its static
and dynamic components:

Ptot = Pstat + Pdyn

= Vsupply ID +
C · (VIMT − VMIT)

2

2tcharge

(3.16)

The expression for the dynamic power consumption is derived following a sim-
ilar approach than for CMOS circuits, in which Pdyn corresponds to the power re-
quired to charge the internal circuit capacitances [243]. Indeed, the charge of a ca-
pacitance requires an additional current that is not fed back to the voltage source,
and is rather dissipated through the ground. In our case, the charge of the output
capacitance C takes place during the first half of the spike, upon a voltage step of
amplitude VIMT − VMIT (i.e. the spike amplitude), and for a duration tcharge. From
there, one can define the energy associated to a single spike:

Espike =
∫ Tspike

0
Ptot dt

= Estat + Edyn

= Vsupply IDTspike +
C · (VIMT − VMIT)

2

2

(3.17)

This development considers the NMOS as a current source supplying a
constant current ID, meaning it neglects its Early effect. This expression is valid
for works with similar architectures [91, 93, 169]. Other architectures will have
power consumption and spike energy expressions depending on Vout(t) and∫ Tspike

0 Vout(t)dt, which is why we are not able to estimate them as they require
knowledge of these expressions. We however mention them when they are
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estimated by the authors. For both of our oscillators as well as those with a similar
architecture, the static contribution of the spike energy dominates the dynamic
contribution (see criterion 13 in Table 3.4), such that Espike

∼= Estat.

Our second oscillator has a static power consumption Pstat similar to other os-
cillators with similar architecture (criterion 11) [91,93,169], but lower spike energy
(criterion 13) thanks to its higher frequency (criterion 12). Its spike energy is also
close to the ∼ 3 nJ/spike state of the art [92, 96]. The spike energy is dominated by
the neuron static consumption, constrained by the device threshold voltage VIMT
(criterion 7) and threshold current IIMT (criterion 8), which dictate the operation
current (criterion 9) and supply voltage (criterion 10). To downscale these pa-
rameters, reduction in channel length [96] or shift toward a vertical architecture
(criterion 5) [92] are promising tracks.

Cycle-to-cycle variations and LoD
Work on VO2 oscillator increasingly report on the cycle-to-cycle variations of the
device threshold voltage VIMT (criterion 15). Our oscillator performs better than
most implementations, which we attribute to its small grain size, as explored in
Chapter 2. However, very few works analyze the impact of these variations on the
frequency jitter σf (tobs) estimated on a certain observation duration, and the associ-
ated sensor LoD (criteria 16 and 17), making it hard to benchmark this dimension.
One of them [96] however proposes to define the sensor SNR2 as:

SNR = 10log10
µ2

f

σ2
f

(3.18)

for which our sensor shows similar to slightly better performances, in coherence
with the fact that it shows VIMT cycle-to-cycle variations of a similar order of mag-
nitude.

2The authors of [96] do not specify how they extract the σf parameter, which likely differs
from the way we estimate σf (tobs), the uncertainty related to the frequency averaging defined
in Section 3.2.1. For this comparison, we thus simply extract the standard deviation σf (tobs)
of the spike rate on the full, single waveforms we measured for both of our oscillators.
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Table 3.3 Benchmarking of our VO2 spiking temperature sensor against the SoA of VO2 spiking sensors (Part. I)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Ref. Stimulus Sensing Number
of devices

Neuron
area

Device
topology C VIMT IIMT I Vsupply

Rosca
2021 [169]

Optical
(450 - 800 nm,

0 - 70 mW)

VO2
device 3 ~ µm²

range Planar 150 nF ~ 1.8 V* ~ 700 µA / 5 V

Rosca
2021 [91]

RF
(60 - 110 GHz,
0 to -30dBm),

Optical
(500 - 700 nm,

0 - 70 mW)

VO2
device 3 20 µm² Planar 150 nF ~ 1 V* ~ 900 µA* ~ 1 mA* 5 V

Qaderi
2023 [93]

RF
(130 - 160 GHz,
0 to -30 dBm)

External
RF ports
and VO2

device

5 25 µm² Planar 150 nF ~ 1.3 V* ~ 900 µA* 5 mA* 2.5 V

Duan
2022 [181]

Temperature
(11 - 33 °C),

Pressure
(100 - 250g)

VO2
device

(temperature),
External
sensor

(pressure)

2
(temp.)

3
(pressure)

0.4 µm²* Planar in-
trinsic ~ 1.4 V ~ 500 µA*

~ 800 µA*
(temp.)

~ 700 µA*
(pressure,

100g)

5 V

Fang
2022 [95]

Pressure
(3.8 - 10.6 kPa)

External
sensor 3 314 µm² Vertical 10 nF ~ 1.3 V* ~ 10 µA*

~60 µA*
(pressure,
5.1 kPa)

4 V

Han
2022 [92]

Temperature
(20 - 40 °C)

VO2
device 1 7.9 µm² Vertical

in
-trinsic,
5.5 nF

0.66 V
(20 °C) ~20 µA* 110 µA /

Yuan
2022 [96]

Pressure
(0 - 0.98 N),

Optical
(broadband,
0 - 1275 Lux),
Temperature
(30 - 100 °C)

External
sensors 5 0.4 µm² Planar 2 nF 1.33 V ~ 600 µA* / 5 V

This
work

Temperature
(41 - 47 °C)

VO2
device 3 2.4 µm² Planar 33 nF 0.74 V

(41 °C)
860 µA
(41 °C) 1 mA 2.55 V

This
work

Temperature
(25 - 45 °C)

VO2
device 3 2.4 µm² Planar 330 pF 1.35 V

(25 °C)
900 µA
(25 °C) 1 mA 5 V

*Not explicitly mentioned by the authors, but estimated from graphs or derivated from other given numerical values.
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Table 3.4 Benchmarking of our VO2 spiking temperature sensor against the SoA of VO2 spiking sensors (Part. II)

(11) (12) (13) (14) (15) (16) (17) (18)

Ref. Pstat
Spiking

frequency Espike Sensitivity σVIMT σf (tobs) LoD SNR

Estat Edyn

Rosca
2021 [169]

mW
range 5.5 - 5.7 kHz

µJ/spike
range*† ~ 92 nJ/spike*† 1 - 4.5 Hz/mW / / / /

Rosca
2021 [91] ~ 5 mW*

5.5 - 5.7 kHz
(light)

3.3 - 3.5 kHz
(RF)

~ 877 nJ/spike*† ~ 42 nJ/spike*†

4.64 Hz/dBm
(RF)

4.23 Hz/mW
(optical, 500 nm)

/ / / /

Qaderi
2023 [93] ~12.5 mW* 3.2 - 3.5 kHz ~ 3.6 µJ/spike*† ~ 17 nJ/spike*† 66.3 MHz/W 2.77 mV

(~ 0.22 %*)
1.3 Hz

at 200 ms
58 nW

at 200 ms /

Duan
2022 [181] /

300 - 800 kHz
(temperature)
450 - 950 kHz

(pressure)

/

22.7 kHz/°C*
(temperature)

3.4 kHz/g*
(pressure)

/ / / /

Fang
2022 [95] / 9.6 - 28.4 kHz / 1.9 kHz/kPa* ~15 mV*

(~1.12 %*) / / /

Han
2022 [92] / 16.8 - 60.2 kHz 3 nJ/spike† 1.7 kHz/°C 6.7 mV*

(~1.08 %*) / / /

Yuan
2022 [96] /

104.8 - 253.3 kHz
(pressure)

111.2 - 282.7 kHz
(light)

100 - 300 kHz
(temperature)

2.9 nJ/spike†

47.7 kHz/kPa
(pressure)

0.1 kHz/Lux
(light)

2.8 kHz/°C
(temperature)

9.8 mV
(0.73 %) / /

33.66 dB
(pressure)
31.90 dB

(light)
29.92 dB

(temperature)

This
work 2.55 mW 17.3 - 29.3 kHz 87 nJ/spike† 2 nJ/spike† 1.7 kHz/°C 1.95 mV

(0.26 %)

118 Hz
at 1 ms,

43 °C

0.42 °C
at 1 ms,

43 °C

33.30 dB
over 100 ms,

43 °C

This
work 5 mW 437.6 - 974.8

kHz 5 nJ/spike† 135 pJ/spike†

14.3 kHz/°C
(25 °C)

37.96 kHz/°C
(40 °C)

/
496 Hz
at 1 ms,

40 °C

0.08 °C
at 1 ms,

40 °C

44.42 dB
over 10 ms,

40 °C

*Not explicitly mentioned by the authors, but estimated from graphs or derivated from other given numerical values.
†Computed using the maximum measured oscillation frequency.|
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3.3 Stochastic bursting temperature encoding

In all of the VO2 spiking sensors presented in this benchmarking (including ours),
the stimulus information is encoded solely through rate-coding (namely, the class-1
excitability among the 20 most prominent feature of biological neurons [52]). The
neurons are either completely OFF in the absence of a stimulus of sufficiently high
power; or, above a certain threshold, they spike constantly, with stimulus informa-
tion being encoded into the duration of a given spike. This behavior is not the most
bio-plausible, since biological neurons typically undergo more or less long quies-
cent periods in between spiking events. In addition, in a scenario in which these
sensitive neurons would be interfaced with a Spiking Neural Network (SNN), such
constantly-spiking behavior would impede the hardware energy efficiency, as the
later relies on the sparsity of the input neurons encoding [244]. In this section,
we propose to use the VO2 spiking sensor presented above in a a novel operat-
ing regime, which exploits a phenomenon akin to stochastic resonance to produce
sparse bursts of spikes whose temporal characteristics are stimulus-dependent.

3.3.1 Conditions for bursting

We start by detailing the conditions to reach such bursting regime. The circuit
architecture is identical to the one used for the rate-coding sensor presented in the
previous sections (see Fig. 3.14b). Measurements are performed with a VO2 device
of dimensions L = 600 nm, W = 3 µm. The new behavior is obtained by setting
the transistor current ID at the limit of the NDR region (right above the current
level corresponding to the insulator-to-metal transition IMT, see Fig. 3.14a); in
consequence, oscillations become unstable. The device thus emits bursts of spikes,
visible in five 10 ms-long measured time series in Fig. 3.14c. Such behavior has
already been demonstrated in VO2 computational neurons by biasing them below
their oscillation regime, and artificially adding noise to the input current. It has
been associated to a behavior called phase-locked firing, skipping, or arrhythmic
firing that is displayed by certain biological neurons [85, 245, 246]. Mammalian
cold receptors [247] will for example show an irregular firing pattern, "skipping" a
number of oscillation cycles. Typically, this inhibition will be periodic and tuned
to the frequency of a subthreshold periodic signal.

The phenomenon that we exploit is akin to stochastic resonance, in which sub-
threshold signals are detected through the added noise, as the latter helps the signal
crossing the detection threshold. Stochastic resonance has already been exploited in
VO2 neurons [206] to detect periodic voltage signals of weak amplitude, fed to the
gate of the transistor. In our case, bursts occur when the noise amplitude allows the
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drain current to briefly enter the stable oscillation region of the device. Such noise
could come from the circuit itself (noise on the transistor current, thermal fluctu-
ation in the VO2 resistance; or stochastic charge injection events within the VO2
channel) or from external interference (electromagnetic interference, power supply
noise).
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Fig. 3.14 (a) I-V characteristic of the specific VO2 device studied in this work (L = 600 nm
and W = 3 µm), measured in voltage-driven and current-driven modes at T = 42 ◦C. The NDR
region is indicated in red. The transistor load line at VG = 2.040 V is plotted against the VO2
characteristics. (b) Circuit interface allowing to tune the current through the VO2 device to
bring it into bursting regime. (c) Five 10 ms-long samples showing the bursting output of the
circuit, measured at 12.5 MHz, T = 42 ◦C, C = 33 nF, VG = 2.040 V and Vsupply = 4.5 V.
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3.3.2 Temperature-dependent bursting

As for the rate-coding sensor, it is the temperature-dependence of the VO2 device
I-V curve which allows to encode temperature into the bursts temporal charac-
teristics. Such dependence is shown experimentally in Fig. 3.15a, measured in a
current-controlled way in the 41 to 47 ◦C temperature range.

(c)

(a) (b)

O
ut

pu
t v

ol
ta

ge
 (

V
)

41 °C
42 °C

43 °C
44 °C

45 °C
46 °C

47 °C

Time (s)
0 20 40 60 80 100

0

0.5

1

1.5

Voltage (V)
0 0.2 0.4 0.6 0.8

C
ur

re
nt

 (
m

A
)

Temperature (°C)

660

700

740

780

4241 43 44 45 46 47

C
ur

re
nt

 a
t I

M
T

 I I
M

T
 (

µ
A

)
ΔIIMT/ΔT =
-13.3 µA/°C

NMOS ID current

Fig. 3.15 (a) Evolution of the VO2 device current-driven I-V characteristics with tempera-
ture, in the 41 ◦C (red) - 47 ◦C (yellow) temperature range. Only the forward-part the hystere-
sis is shown. (b) Extraction of the current level IIMT corresponding to the insulator-to-metal
transition point, plotted against temperature. (c) For each temperature point, three 100 s-long
samples of the circuit output voltage were measured at 100 kHz.
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We have seen in Section 3.2.2 that the temperature-dependence of the IMT
bias point (VIMT ,IIMT) is dominated by a Joule heating mechanism. As VO2
conductivity increases with temperature, the Joule power required to bring a
portion of the VO2 channel to the insulator-to-metal transition and trigger the
filament formation reduces. This leads to a linear decrease of the corresponding
insulator-to-metal transition current IIMT with respect to the fixed NMOS current
ID (see Fig. 3.15b), at a rate of -13.3 µA/◦C. The resulting bursting behavior of the
circuit output has been measured through three 100s-long measurements at each
temperature (Fig. 3.15c). At 41 ◦C, the set current is still below the current required
to trigger the IMT, and bursts occur in a very sparse fashion. For the device to
show stable and sustained oscillations, the set current must be more than tens of
µA higher than IIMT , as it is the case at 47 ◦C thanks to the evolution of the device
I-V curve. In the intermediate temperature range, bursts duration tends to increase
with temperature.

Past observations of bursts in resistive-switching neurons were induced by
varying the amplitude of the current fed through the device [248, 249], or by ar-
tificially adding a certain amount of noise to this current [85,206,250]. In this work,
the control current is fixed, and it is the variation of the VO2 device I-V curve with
temperature that progressively brings the system towards fully spiking regime, re-
sulting in the observed stimuli-dependent bursting behavior. To the best of our
knowledge, it is the first time that such behavior is observed in a volatile memris-
tor.

3.3.3 Burst metrics definition
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Fig. 3.16 Definition of the different burst metrics.
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To study this phenomenon, we focus on the 42 - 45 ◦C temperature range where
bursts are not too sparse nor too frequent. The goal is to understand which specific
burst temporal metrics encode the information. The metrics of interest are defined
in Fig. 3.16. They include the burst duration Tb and the number of spikes per burst
Ns. The inter-burst duration IBI corresponds to the elapsed times between the start
of two bursts. The firing rate is defined as the total number of spikes fired over the
three 100-s long measured samples. Finally, we define ISI as the inter-spike interval.
We differentiate the ISI of spikes belonging to different bursts, and the ISI of spikes
belonging to the same burst. This raises an important methodological question:
when should two consecutive spikes be considered as belonging to the same burst
vs distinct bursts?
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Fig. 3.17 Statistical definition of bursts by analysis of inter-spike intervals distributions at
each temperature. For each temperature, the dataset corresponding to the ISIs computed for
each pair of consecutive spikes is shown on the left. On the right, the box-plot of the dataset is
displayed. The boxes are centered around the dataset median, and the box lower and upper
boundaries correspond respectively to the first and third quartiles, Q1 and Q3. The errorbars
around the boxes correspond to the outlier threshold: the upper boundary corresponds to
Q3 + 1.5 · IQR, which we set as the ISI threshold for burst definition.

To answer this question, we define a threshold ISI ISIth using the Interquartile
Range (IQR) method, as shown in Fig. 3.17. The IQR, or "box-plot" method, is
commonly used to detect outliers within a dataset [251]. Our method relies on the
assumption that in a given ISI dataset, ISIs of consecutive spikes belonging to dis-
tinct bursts are less frequent than ISIs of consecutive spikes belonging to the same
burst. Quartiles are statistical metrics which divide a dataset into four intervals,
such that each interval holds one fourth of the dataset samples. For each tempera-
ture, the ISIs between each pair of consecutive spikes are extracted over the three
100-s long measurements, and the three quartiles Q1, Q2 and Q3 dividing the ISIs
dataset into these four intervals are computed. The threshold is defined as such;
two consecutive spikes whose ISI is larger than:

ISIth(T) = Q3 + 1.5 · IQR (3.19)

are considered to belong to distinct bursts. This specific threshold ISIth will
differ for each temperature.
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3.3.4 Burst metrics statistics

Now that we defined the various burst metrics, we would like to know how they
evolve with temperature. However, since the observed bursting behavior is highly
stochastic, it is relevant to first study the distribution of these parameters. Fig. 3.18
and 3.19 show that both the burst duration Tb and the number of spikes per burst
Ns follow an exponential distribution.

The probability density function fX(x) of an exponential distribution is repre-
sented by a single parameter λ:

fX(x) =
1
λ

e
−x
λ , (3.20)

with λ being equal both to the distribution mean and standard deviation. Such
bursting behavior has been observed in coupled oscillators, in which similar ex-
ponential distributions for the bursts duration were experimentally observed and
modelled. This type of distribution is attributed to the "probability for a stochastic
trajectory to temporarily escape from the local basin of attraction of the equilib-
rium, or state of rest" [252]. Modelling the bursting behavior in our spiking VO2
neuron would require a transient model for the different noise sources.
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Fig. 3.18 Histograms of the burst duration at (a) 42 ◦C, (a) 43 ◦C, (a) 44 ◦C and (a) 45 ◦C, fit-
ted to exponential distributions (dashed lines). The mean and standard deviation λTb and the
goodness of fit, corresponding to the R2 coefficient of determination of the fit, are indicated
for each temperature.
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Regarding the distribution of the inter-spike intervals ISI within the bursts,
they follow a Gaussian law (although not shown here), in coherence to observa-
tions of our rate-coding oscillator operating in the stable spiking region (see Fig.
3.7).

Finally, the distribution of the inter-burst intervals IBI can be studied. As
shown in Fig. 3.20, it can also be fitted with an exponential distribution. To quan-
tify the goodness of fit of approximating this distribution by an exponential law,
we use the R2 value, or so-called coefficient of determination. It is defined as:

R2 = 1 − SSres

SStot
, (3.21)

where SSres is the residual sum of squares, and SStot is the total sum of squares.
R2 is bounded between 0 and 1: the closer it is to one, the better the goodness of
the fit.

Studying the distribution of the IBI is especially relevant, as it can give us in-
formation on the independence of burst triggering events. If the burst occurrences
were truly independent from each other (that is, if they could be modelled as a

104 |



Stochastic bursting temperature encoding | 3.3

Poisson process), the distribution of their inter-burst intervals should follow a per-
fect exponential law. However, the fitting shows poor goodness of fit (lower R2

values than for the exponential fitting of metrics Tb and Ns, see Fig. 3.18 and 3.19),
with a higher number of short inter-burst intervals that is not well captured by the
model. This hints that the burst occurrences are not fully independent. Indeed,
mechanisms such as persistent metallic islands at the location of the previously
formed metallic filament after a burst, explored in Chapter 2 (see Section 2.3.4),
could facilitate the occurrence of a subsequent burst, explaining this apparent lack
of independence.
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Fig. 3.20 Histograms of the inter-burst intervals at (a) 42 ◦C, (a) 43 ◦C, (a) 44 ◦C and (a) 45
◦C, fitted to exponential distributions (dashed lines). The mean and standard deviation λIBI
and the goodness of fit, corresponding to the R2 coefficient of determination of the fit, are
indicated for each temperature.

3.3.5 Burst metrics temperature dependence

Now that we have studied the statistics of the different bursts metrics, we can ob-
serve how they vary with temperature, to see how the stimulus information is ac-
tually encoded within the bursts. Fig. 3.21a-b show that the mean λTb of the burst
duration and the mean λNs of the number of spikes per burst, both increase expo-
nentially with temperature. The standard deviations are not shown on the plot, as
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they are equal to the distributions means λTb and λNs . Additionally, the mean ISI
within a burst decreases linearly with temperature, in coherence with the behav-
ior observed in narrow temperature ranges in our rate-coding temperature sensor3

(see Section 3.2). We thus show that stimulus information is encoded within the fine
structure of the bursts. Finally, the firing rate increases exponentially with temper-
ature. The inter-burst duration IBI, not shown here, doesn’t show any trend in cor-
relation to temperature. Interestingly, the evolution of the burst duration, number
of spikes per burst, ISI within a burst and firing rate are similar to those observed
in biological sensory neurons of certain insects in response to heat [253, 254]. The
occurrence of bursts in biological neurons has been a subject of interest in the field
of neuroscience: evidence show that bursts could improve the reliability of infor-
mation transmission across unreliable synapses, and enhance the transmission of
sensory information by improving the signal-to-noise ratio [255]. It often takes
place in situation of danger, such as in noxious heat ranges [254] or in prevision of
a looming collision with an object [256], both observed in insect sensitive neurons.
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Fig. 3.21 Evolution of several burst metrics with temperature : mean burst duration (a),
mean number of spikes per burst (b), firing rate (extracted over 300 s-long measurements), (c)
and mean ISI in a burst (d).

3Indeed, there is a direct correspondance between the ISI within a burst and the spiking
frequency, with ISI = 1/ fspike
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3.4 Key messages

We sum up here the important findings covered in this chapter.

Small-dimensions VO2 devices are best suited to design sensitive spiking
neurons. Indeed, to design VO2 relaxation oscillators, the device needs to display
a negative differential resistance, which is more prominent in device of smaller
length and width.

The dominant source of the spike rate jitter are the cycle-to-cycle variations in the
electrical properties of the VO2 two-terminal devices. More specifically, the con-
tributions of the parameters related to the device insulating phase, i.e. its threshold
voltage VIMT and its insulating resistance Rins,0, dominate.

• To draw this conclusion, we used a dynamic analytical model predicting the
output of the relaxation oscillator. To this model, we included the cycle-to-
cycle variations in the VO2 electrical parameters (extracted through numer-
ous DC measurements), along with other noise sources such as the thermal
noise on the VO2 resistor and the NMOS transistor, and the empirically ex-
tracted electrical noise from the setup.

• The fact that the spike rate jitter can be predicted from these DC-extracted
cycle-to-cycle variations, shows that these variations seem to have a similar
order of magnitude in DC and AC (in the ∼ 104Hz range).

The encoding of the temperature stimulus into the oscillator spike rate can be
performed directly thanks to the VO2 device, without any external sensor, thanks
to the temperature-dependence of the VO2 I-V curve.

• In the case of our specific VO2 device, the dominating mechanism seems to
be Joule heating over field-induced carrier injection.

• In narrow temperature ranges, the frequency depency to temperature can be
approximated as linear, while it is rather exponential on larger temperature
ranges.

Averaging the cycle-to-cycle variations across several cycles allows to reduce the
uncertainty on the spike rate, inducing an energy-resolution trade-off. Our ob-
servations show that a 100-fold increase in observation duration is necessary to
improve the LoD by one order of magnitude.

• Using the Allan deviation statistical tool, we can deduce that white noise
sources dominate up to 10 ms timescales, confirming that averaging the spike
rate on time intervals of corresponding duration will reduce uncertainty.
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• Increasing the oscillator frequency by reducing the output capacitor relaxes
the energy uncertainty trade-off. Indeed, it allows to screen a larger number
of oscillation cycles in a shorter observation time. The trade-off relaxation is
also due to the fact that the cycle-to-cycle variations in spike duration remain
in the same order of magnitude at higher frequencies (∼ 105Hz).

In terms of benchmarking, our rate-coded implementation performs well but
doesn’t beat the state of the art (SoA) regarding compactness, footprint and
energy consumption per spike. However, quantifying the true energy efficiency
of the sensor requires to analyze the spike rate jitter for a certain averaging time,
and the associated LoD. Very few works report on these metrics, despite them
being a crucial parameters of spike rate sensor. We call for systematically including
these kind of analysis.

For the first time, we demonstrate a spiking sensor where information is encoded
into the timing of self-induced bursts, rather than by plain rate coding of indi-
vidual spikes. We attribute this behavior to punctual noise events allowing the
system to escape its rest equilibrium.

• Similarly to the response of insect sensory neurons to noxious heat ranges,
the temperature stimulus is encoded into the burst duration, number of
spikes per burst, ISI within a burst, and firing rate.

• The dead times between burst are a self-induced form of sparsity. For now,
this sparsity does not reduce the energy consumption of the spiking sensor
itself, as the latter is dominated by the static consumption. This sparsity
would become an advantage if miniaturization allowed to bring the static
consumption close to or below the dynamic consumption. In addition, if en-
coding information into the ISI metric, the bursts should be long enough -
or the spike rate jitter low enough - to provide a satisfying LoD. In all cases,
such sparsity would reduce the overall system energy consumption if the
sensor is to be integrated to a Spiking Neural Network, by sparsely trigger-
ing the latter.
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The higher the level of a technology,
the smaller the advantages it can bring

with respect to its drawbacks.
– Simone Weil

SPIKING sensors, and neuromorphic devices in general, are often put forward as a
possible solution to curb the energy consumption and associated carbon emis-

sions of large AI models, with some claiming they could help us achieve "Green
AI" [12, 257]. Beyond the fact that the energy efficiency advantage of these plat-
forms over conventional hardware remains to be proven (as discussed in Section
1.1.2), the direct environmental impacts of their production are usually not con-
sidered when making these claims. As introduced in Chapter 1, neuromorphic
spiking neurons can be implemented either in CMOS technology or using mem-
ristors based on emerging materials, such as VO2. While several works have been
conducted on the environmental footprint associated to the fabrication process of
CMOS technology nodes [258–262], there has so far been no research on the en-
vironmental cost of fabricating emerging neuromorphic devices. Performing such
analysis seems especially relevant in regards of the expected production volumes,
if such technologies were to be industrialized. In a scenario in which emerging
memristive devices would be used as hardware primitives in new generations of
processors, such systems could contain up to millions of neurons [263]. If they hold
their promise in terms of energy efficiency, the number of such processors could in-
crease as well, as the amount of analog data to be processed follows an exponential
growth [264]. Alternatively, if memristive devices were used as spiking sensors like
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proposed in this work, deployment scenarios related to IoT applications would also
imply large volumes of sensors, as the sector also follows steep growth trend [2,3].
In addition, it is recognized that performing impact assessment analysis on tech-
nologies with low Technology Readiness Levels (TRLs) allows to reorient design
choices to minimize the product environmental footprint prior its market penetra-
tion, at which point changes in the process flow would come at higher costs [265].
For these different reasons, this chapter performs a cradle-to-gate Life Cycle As-
sessment (LCA) of the fabrication of the VO2 two-terminal devices presented in
this work, and attempts to answer the following questions:

What are the direct environmental impacts associated to the fabrication of VO2 memristive
devices? Can they be reduced through eco-design, and how do they compare to those of

CMOS spiking neurons?

To address these matters, this Chapter is structured as such. First, Life Cycle
Assessments and their guiding principles are introduced in Section 4.1. Informa-
tion and structure of this short introduction is inspired from the reference book
Life Cycle Impact Assessment of M. Hauschild [266], the content of the ISO norm
ISO14040 [267], and the excellent work of Pirson et al. [261]. We then dive into the
specific LCA of our VO2 spiking neurons. The specific goal and scope of our LCA,
and the methodology followed to perform the inventory and impact assessment
are detailed in Section 4.2. We quantify the impacts on three indicators: the Cumu-
lated Energy Demand (CED), the Global Warming Potential (GWP) and the Ultra
Pure Water consumption (UPW) metrics. These impact categories are those most
commonly found in LCAs of integrated circuits. The life-cycle impact assessment
results are presented in Section 4.3, and allow to identify the process steps that
significantly contribute to the different impact categories. The discussion touches
on several questions. The robustness of our conclusions w.r.t. variations of certain
parameters is analyzed in Section 4.4.1. An alternative design route to reduce the
total GWP and CED of the process is discussed in Section 4.4.2. Finally, in Sec-
tion 4.4.3, the VO2 memristor direct environmental footprint and performances are
compared to CMOS-based implementations. The results presented in this work
have been adapted from our Electronics Goes Green 2024 conference paper [CP2].
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4.1 Basics of LCA

Life Cycle Assessment (LCA) is a tool defined by international standards. It allows
to estimate the direct1 environmental impacts of a product or service throughout
its whole life cycle, including the extraction of raw materials needed to fabricate
it, its manufacturing process, use phase, and end-of-life. It follows a systemic ap-
proach in the sense that it quantifies the product impact on several environmental
indicators: beyond the sole impact on climate change, metrics such as resource de-
pletion, water consumption, soils acidification, ecotoxicity, and many more can be
considered. The specific metrics depend on the selected impact assessment meth-
ods, which are numerous. Independently of the chosen method, this multi-criteria
analysis allows LCA practitioners to gain a global view and avoid problems of
burden-shifting when attempting to minimize the footprint of a product or service.

4.1.1 The four stages of LCA

LCAs typically take place throughout four main stages, defined by the ISO stan-
dard ISO14040 [267] and illustrated in Fig. 4.1.

Goal, scope

& definition

Inventory

Analysis
(yields the LCI)

Impact

Assessment
(yields the LCIA)

Interpretation

Sensitivity & uncertainty 

analysis

Life-cycle assessment framework

Fig. 4.1 The four main stages of an LCA, as defined by the ISO14040 standard [267]. Bi-
directional arrows embody the iterative nature of LCAs. Adapted from [267] and [261].

1To be distinguished from indirect environmental impacts, which arise through the "change
of production processes, products, and distribution systems [268]". Such impacts can be com-
posed of negative contributions (associated to induction and obsolescence effects) or positive
contributions (associated to substitution or optimization effects).
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Goal and scope definition. The first step includes defining the goal of the LCA: is
it performed in an eco-design approach, to minimize the product or service foot-
print? Is it rather intended to compare the product footprint to that of alternative
options? Who will be the target audience of the LCA? Depending on the answers
to these questions, different methodological choices will be made. Most of these
choices are embodied within the scope definition, which includes several aspects.
First, the system boundaries, i.e. the specific phases of the product life cycle that will
be included in the analysis. An example of such system boundaries are so called
"cradle-to-gate" analysis, in which the use and end-of-life stages are not considered.
The four main categories of system boundaries are illustrated in Fig. 4.2. Secondly,
the choice of the product or service functional unit for which the analysis is per-
formed (e.g. the fabrication of 1 cm² of die area of CMOS logic produced in 5 nm
technology node). The functional unit confers a relative nature to the LCA results.

Fig. 4.2 The four main categories of system boundaries in LCAs. Adapted from [261].

Attributional LCA Consequential LCA

“What part of the global 

environmental burden should 

be assigned to the product ?”

“What is the impact of the 

product on the global 

environmental burdens ?”

Fig. 4.3 Illustration of the two types of LCA system models. Adapted from [269].
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The choice of system model is also made during this first stage, between attri-
butional or consequential [269] (illustrated in Fig. 4.3). In the attributional model,
one asks how much of the existing global environmental burdens should be
assigned to a product. In the consequential model, one asks what is the difference
in environmental burden resulting from the product being put on the market.
The attributional practice is the most common. In addition, impact categories and
associated impact assessment methology are also defined during this stage, and will
be detailed below.

Inventory analysis. The inventory stage details the elementary flows attributed
to the functional unit, summed up across temporal and spatial boundaries. In a
cradle-to-gate study of our 1 cm² of CMOS die, these could include the masses of
metals, gases and chemical products required for the fabrication; kWh of electricity
and volumes of petrol used for materials extraction, transport and transformation
within the fab, ... The output of the inventory analysis is the Life Cycle Inventory
(LCI), which lists the quantities of all these elementary flows.

Impact assessment. During the impact assessment stage, one computes the
contribution of LCI’s elementary flows to a list of impact categories and associated
indicators. Indicators can be divided between midpoints and endpoints indicators,
with endpoint indicators aggregating several midpoints indicators. The specific
indicators depend on the chosen impact assessment method. Popular methods
include the Environmental Footprint (EF), maintained by the European Commission,
which defines 16 different midpoint impact categories and associated indicators.
The Cumulative Energy Demand (CED) method, developed by Ecoinvent, assesses
primary energy usage. The assessment can be performed in a bottom-up or top-down
fashion, depending on whether impact data are gathered by summing the impact
of each subsystem within the product, or by deducing them from macro-economic
entities such as markets. Hybrid approaches can also be followed. The impact
assessment stage is an iterative process, and may require reviewing the LCA goals,
scope and inventory if they cannot be fulfilled with the available data. This impact
assessment stage yields the Life Cycle Impact Assessment (LCIA). Once each impact
category result has been quantified, they can optionally be normalized with respect
to a reference (a common normalization reference is the impact of an average
human over one year on the different impact categories considered). A global score
can also be defined by weighting the contributions of the different impact categories.

Interpretation. The interpretation stage attempts to answer the question associ-
ated to the LCA’s goal, using the results of the LCIA step. Depending on the goal,
it could be to determine a hotspot within the product life cycle, and attempt to
find alternatives with smaller footprint. Or it could be to compare the LCIA of
two products. During this step, one generally performs sensitivity, uncertainty and
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scenario analysis to gain confidence on the results robustness. Indeed, uncertainty
is omnipotent in LCAs, and can arise both when constructing the LCI (due to e.g.
inventory errors such as imprecision in quantities, missing elementary flows, en-
tire products sub-system left out of the analysis, ...) and during the LCIA (due to
uncertainty when quantifying the impact attributed to the flows of the inventory).

4.1.2 LCA of AI and neuromorphic technologies

While researchers have started to quantify the direct and indirect environmental
impacts of AI [270–272], research on the direct environmental impact of neuromor-
phic technologies is, to the best of our knowledge, non-existent. An obstacle to
the realization of such studies is the early stage of the technology development,
which makes it hard to evaluate the use phase and end-of-life of a neuromorphic
system, or to project what its production would look like in industrial production
lines. However, cradle-to-gate LCAs could be quite easily performed for CMOS-
based neuromorphic platforms. Indeed, there is a number of work providing
cradle-to-gate LCAs of CMOS technologies, both in literature [258, 259, 273, 274]
and from commercial databases (Sphera, EIME, ecoinvent). Most of them focus
on three impact categories (midpoints): the global warming potential (GWP),
which quantifies all CO2-equivalent emissions within the considered scope; the
cumulated energy demand (CED), which quantifies the equivalent amount of
primary energy required by the product within the considered scope; and the
ultra pure water consumption (UPW) used within the cleanroom. These studies
of course suffer from limitations [275], which we will detail below; however,
they could provide first estimations for the direct environmental footprint of the
fabrication of CMOS neuromorphic platforms.

For neuromorphic hardware primitives based on emerging memristive devices,
one cannot rely on CMOS LCAs, as the process flows widely differ due to the use of
new materials and the lower TRL. A cradle-to-gate LCA would thus require build-
ing a custom, detailed inventory with information granularity at the process step
level. Fortunately, most of the research groups developing such devices do so in
their own cleanrooms, easing the access to these informations. While these tech-
nologies are at an even lower development stage than CMOS-based neuromorphic
hardware, performing a LCA can be relevant in an eco-design approach. Indeed,
so-called ex-ante LCAs, which apply to emerging technologies which only function
at lab or pilot-scale rather than full market existing systems, offer several bene-
fits [265,276]. These include greater inventory precision due to acute knowledge of
fabrication processes; they have the potential to steer technological development
towards sustainable innovation; they can prevent environmental burdens at low
cost.
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4.2 LCA methodology

We now dive into the specific Life Cycle Assessment of the VO2 spiking neurons
fabricated in this work.

4.2.1 Goal and scope
The first goal of this LCA is to identify the largest contributors among the differ-
ent process steps in terms of the three most commonly evaluated impact categories
for microelectronics components: the CED, GWP and UPW consumption. The ob-
jective is then to investigate alternatives to these process steps, to determine eco-
design guidelines and reduce the direct environmental footprint associated to the
device fabrication. This analysis is aimed at researchers and designers in the neu-
romorphic field, eager to make design choices minimizing the direct footprint or
their fabricated device at the upfront of its development. A secondary goal is to
provide a rough comparison with the environmental impact of CMOS-based spik-
ing neurons. In this comparison, we would only consider the spiking functionality
of our neurons (leaving out their sensing capabilities), as very few implementations
of CMOS-based sensitive neurons exist (see discussion in Chapter 1, Section 1.2.2).
The functional limit chosen for this analysis corresponds to a 3-inch silicon wafer
(45.6 cm² surface) on which the memristive devices are fabricated. Our model fol-
lows an attributional approach, as recommended in [266] given the context of our
work. The LCA system boundaries are presented in Fig. 4.4, and correspond to a
cradle-to-gate scope which can be divided into the background and foreground sys-
tems.

Fig. 4.4 Scope and system boundaries of the VO2 spiking neurons LCA, with distinction
between the background and foreground systems. Lighter items are not included in the scope.
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The background system includes the manufacturing of upstream chemicals
required for the process (wet chemicals, gas, metals), as well as the the silicon
wafer production. This includes extraction of raw materials and transformation
processes, but excludes transport of the input products to the fab gate, due to lack
of accurate provenance data from suppliers2. The foreground system includes
on-site processes taking place within the fab: more specifically, the electricity
consumption of process tools, UPW production utilities and other point-of-use
(POU) equipment3, quantified for each of the seven process steps.

Within the fab, we exclude the elementary flows related to elements that are
common to the whole fab facility, and shared by different process flows. This in-
cludes the equipment manufacturing, the construction of the fab infrastructures,
and the electrical consumption of certain utilities (Heating – Ventilation and Air
Conditioning or HVAC, lightning, waste disposal, utility N2 within benches, and
process cooling water). Indeed, unlike in industrial production lines, the VO2 de-
vices studied in this work are fabricated in a research-scale fab where a large num-
ber of different fabrication processes are conducted on the same equipments. This
feature makes it difficult to allocate the shared environmental impacts in a mean-
ingful way. In addition, the first goal pursued in this work being eco-design, such
impacts are considered fixed as they currently cannot be optimized to reduce the
device direct footprint. The packaging, use phase and end-of-life stages are also
neglected: due to the low TRL of the device and associated uncertainty regarding
its specific application, the data required to evaluate these stages of the life cycle
are yet unknown.

4.2.2 Inventory

The fabrication process of the VO2 memristor has been detailed in Chapter 2 (see
Section 2.2.1). As a reminder, it is composed of seven steps: (1) standard cleaning
of the silicon wafer, (2) thermal oxidation to create an 200 nm - thick electrically in-
sulating SiO2 layer, (3) DC reactive sputtering of a 135 nm - thick amorphous VO2
thin film from a vanadium target, (4) thermal annealing to trigger its crystalliza-
tion, (5) lithography, (6) evaporation of a 150 nm - thick gold layer (together with
a thin 5 nm nickel adhesion layer) and (7) liftoff to define the electrical contacts.
The inventory is completed in a bottom-up approach using data gathered directly
within the fab, offering precision and a granularity at the process step level. Typical
elementary flows gathered for a given process step are illustrated in Fig. 4.5.

2Within the ecoinvent database, this choice translates to using production activities instead
of market activities.

3Point-of-use equipments are equipments which support a specific process tool, and are
usually located in the "subfab" level (lower floor w.r.t. process tools). These include pumps,
chiller, heat exchangers, ...
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Fig. 4.5 Elementary flows of the inventory illustrated for a "typical", fictive process step.
The picture shows the process tool used in the VO2 sputtering step.

We can distinguish two key categories in the inventory of each step: input ma-
terials, and equipment electricity consumption, whose individual contribution will
be highlighted below. Quantities of wet chemicals and UPW (used in the standard
cleaning, photolithography and liftoff steps) are directly measured, while quan-
tities of gas (used in the thermal oxidation, sputtering, and annealing steps) are
extracted from the recipes detailed on the equipment control programs. The exact
quantities of metals are either deduced through weighting metallic crucibles before
and after the deposition (for gold and nickel), or by estimations based on sputtering
chamber volume and film thickness (as for vanadium). Electrical consumption of
process tools and POU equipments used in the different process steps are deduced
from the rated power indicated on their datasheets, as well as their operation time
(excluding stand-by operation). The inventory considers one run of each process
step, for which each equipment has a different loading factor (i.e. number of wafers
processed simultaneously), which is taken into account into the normalization to-
wards the functional unit. The inventory is detailed for each process steps in Table
4.1, with load factor specified for each step.
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Table 4.1 Detailed inventory

(1) (2) (3) (4) (5) (6) (7) (8)
Wafer

fabrication
Standard
cleaning

Thermal
oxidation

VO2
sputtering

VO2
annealing Lithography Gold

evaporation Liftoff

Equipment load (# wafers) 1 25 25 1 30 10 4 2
Gas
Ar (g/wafer) 2.18E+00 2.68E-01 †
H2 (g/wafer) 1.48E+00 †
O2 (g/wafer) 2.58E+01 2.47E-01 †
N2 (g/wafer) 3.18E+01 †
Wet chemicals
H2SO4 (g/wafer) 1.27E+02 †
H2O2 (g/wafer) 1.19E+01 †
HF (g/wafer) 7.96E-01 †
HMDS (g/wafer) 9.68E-01 †
Acetone (g/wafer) 1.58E+01 2.38E+01 †
Methanol (g/wafer) 1.59E+01 †
Isopropanol (g/wafer) 2.36E+01 †
DMSO (g/wafer) 7.70E+02 †
PGMEA (g/wafer) 1.62E+00 ⋆
TMAH (g/wafer) 2.02E-01 ⋆
Metals
V (g/wafer) 1.87E-01 ⋄
Au (g/wafer) 2.76E-01 ⋄
Ni (g/wafer) 9.19E-03 ⋄
Others
Silicon wafer (m²) 4.56E-03 †
Ultra Pure Water (l/wafer) 8.00E+00 1.63E-01 6.43E+00
Electricity
Process tools &

POU equipments (kWh/wafer) 2.63E-02 2.59E+00 9.81E-01 2.43E-01 1.97E+00 3.03E+00 5.42E-02 ◦

UPW production (kWh/wafer) 3.14E-01 6.38E-03 2.52E-01 ◦

Sources of CED and GWP data for Impact Assessment : † ecoinvent v3.10, ⋆ Boyd [259], ⋄ Nuss & Eckelmans [277],
◦ PEF and carbon intensity values from IEA [278] [279]
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4.2.3 Impact assessment
For the majority of chemicals used in the process, the CED and GWP associated
to their manufacturing are gathered from the ecoinvent database v3.10 with cutoff
system model, using respectively the Cumulated Energy Demand and EF v3.0 im-
pact assessment methods. Exceptions include wet chemicals such as PGMEA and
TMAH (found respectively in the composition of photoresist and developer used
during lithography), for which CED and GWP values of 3.1 MJ/kg and 0.26 kgCO2-
Eq/kg were used based on the work of Kim & Overcash [280], following the ap-
proach followed in the pioneering work of Boyd on LCA of CMOS processes [259].
Since ecoinvent also lacks data for certain metals, we turn to Nuss & Eckelmans’s
work for CED and GWP values associated to the production of nickel, gold and
vanadium [277]. It is noteworthy that these values are possibly underestimates of
reality, as metals used in semiconductor fabrication processes such as those con-
sidered in this work are of very high purity, while Nuss & Eckelmans do not spec-
ify purity levels. All three data sources follow an attributional approach in term
of system model, making them compatible on that specific matter. To compute
the equivalent CED and GWP associated to the production of electricity consumed
by process tools and POU equipment, we use respectively a Primary Energy Fac-
tor (PEF) for electricity4 of 2.77 [278] and a carbon intensity for electricity of 145
gCO2-Eq/kWh [279], two values estimated by the International Energy Agency
(IEA) considering the Belgian electricity production mix. The UPW consumption
is directly measured on site. The CED and GWP associated to the production of
UPW only considers the electrical consumption of the UPW production unit, as
the emissions and energy requirements related to the distribution of city water are
negligible compared to it [259].

4The Primary Electricity Factor (PEF) for electricty describes the amount of primary energy
required for the production of 1 kWh of electricity. It depends on the electricity production
mix of the considered territory of production.
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4.3 LCA results

The contribution of each individual process step to the total CED (expressed in MJ)
and GWP (expressed in kgCO2-Eq) associated to the fabrication of one wafer of
VO2 devices is detailed in Fig. 4.6. For both impact categories, gold evaporation
stands out as the most intensive step. This is largely due to the extraction and man-
ufacturing of gold, which represents the major part of this specific step footprint
(65.51 % of its CED and 88.69 % of its GWP). The large energy and carbon inten-
sity of gold production is generally attributed to its relatively low abundance in the
earth crust [281], and to the large energy requirements and emissions of some of its
refining steps, such as grinding and post-roasting gas treatments [282].

CED

(a)

Gold evaporation (7)

Lithography (6)
37.95 %

9.41 %

VO2 sputtering (4)
4.31 %

VO2 annealing (5)
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Thermal
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11.54 %

1.73 %

Liftoff (8)
21.43 %

Wafer fabrication (1) 
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Thermal
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Fig. 4.6 LCA results regarding (a) the total CED and (b) GWP associated to the production
of one wafer of memristive devices, with detailed contributions of individual process steps.

When looking at the total cradle-to-gate footprint, the CED and GWP impact
categories are dominated by the manufacturing of the upstream materials. This
trend is highlighted in Fig. 4.7, where the distinction is made between the contri-
bution of the upstream materials manufacturing (orange tones) and the equipment
electricity consumption (blue tones).
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Fig. 4.7 (a) Decomposition of the total CED and GWP associated to the production of one wafer of VO2 memristive devices, by making the
distinction between the electrical consumption of equipment within the fab gates (blue) and the manufacturing of upstream materials (orange). In
each case, contribution of individual process steps is detailed for CED (b,c) and GWP (d,e).
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The top three globally most intensive steps (Fig. 4.6) are also the top three
contributors of the total CED/GWP associated to upstream materials manufactur-
ing. Following gold evaporation, the second and third most intensive steps are
the liftoff and wafer fabrication. The reasons for such high impact differ for each
step. Liftoff requires dimethyl sulfoxide (DMSO, a solvent allowing to dissolve
the photoresist). Its manufacturing is associated to quite standard CED/GWP
values compared to other inputs of the process, but it is used in large quantities
(see Table 4.1) to avoid gold particles attaching onto the samples. The fabrication
of mono-crystalline silicon wafers typically involves low-yield, energy-intensive
steps such as the transformation of trichlorosilane into polysilicon, the crystal-
lization of polysilicon and the sawing of ingots into wafers [283]. Regarding the
remaining steps, the dominant contribution to the CED/GWP are associated to
the production of electricity required by the process tools and POU equipment.
The thermal oxidation involves a high temperature furnace (1000 °C) with 17
kW rated power running for almost 4 hours. The lithography step requires a UV
lamp consuming up to 2.6 kW, and the gold evaporation step requires pumping a
large-volume chamber to low pressure during several hours, further adding to the
contribution of this step.

Finally, the consumption of Ultra Pure Water (UPW) in the different process
steps is shown in Fig. 4.8. Only three steps consume UPW: lithography, standard
cleaning and liftoff. Standard cleaning and liftoff consume the largest amount of
UPW, as large quantities of water are required to rinse remains of acids between
cleaning baths during standard cleaning, and remove solvent, resist and gold par-
ticles during liftoff.

14.6 L
UPW

Standard cleaning Liftoff

Lithography

54.82 %

1.12 %

44.06 %

0 % 100 %

Fig. 4.8 Decomposition of UPW consumption among the different process steps, for the
fabrication of one wafer of VO2 devices.

4.4 Interpretation

4.4.1 Uncertainty & scenario analysis

To test the reliability of our conclusions, we discuss some of the main sources of
uncertainty and vary the value of certain key parameters in different scenarios.
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Uncertainty

In this section, we do not provide a full uncertainty or sensitivity analysis, but we
discuss some important sources of uncertainty. We will discuss two main types of
uncertainties put forward by Hauschild et al. [266]: first, the parameter uncertainty,
which arises from the construction of the inventory (error on the exact quantities
of the elementary flows and possible missing elements with respect to the system
boundaries), and second, model uncertainty which relates to the impact assessment
(error on the impact attributed to the element of the inventory on the different
indicators).

Let us first address the parameter uncertainty related to the inventory. The
construction of the inventory can be divided in two categories as introduced in
Fig. 4.5: input materials, and equipment electricity consumption. As mentioned
above, most of the input materials quantities were measured directly within the
lab, offering great precision for this part of the inventory. However, a significant
amount of uncertainty can be related to the method used to estimate the electricity
consumption of the process steps equipment, which likely yields overestimation.
Indeed, this consumption was extracted based on datasheet rated power values
rather than actual measured instantaneous power consumption. To get insight
on the impact of this hypothesis, we performed such measurements during the
thermal oxidation step using a power-energy logger. We obtain a capacity factor
(actual electricity consumption over rated consumption) of 0.23, confirming our
hypothesis of overestimation. Applying such capacity factor uniformly to the
electricity consumption of all equipment would reduce the total CED and GWP
associated to wafer fabrication by respectively 29.87 % and 12.48 %, and reduce
the contribution of equipment electricity consumption to 16.05 % and 5.47 % of
the new total footprint (without affecting the order of the top three contributing
steps). Of course, in reality, each process tool and POU equipment has its own
capacity factor, which would require performing real-time power consumption
measurement for each of them.

Secondly, let us address the model uncertainties related to the impact assess-
ment stage. In our case, most of the impact quantification was done using the
ecoinvent database, which does not systematically provides uncertainty data for all
of its entries, and does so with qualitative methods. We thus deem it unrelevant to
attempt assessing the individual uncertainties of each inventory flow. However, a
clear source of uncertainty comes from the energy and carbon intensity of PGMEA
and TMAH5, extracted from Kim & Overcash work [280] and estimated to vary be-
tween -75 % to +25 %. Indeed, they were obtained through Economic Input-Output
(EIO) LCA considering different markets than those associated to the semiconduc-

5Used respectively in the photoresist and resist developer of the lithography step
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tor industry [280]. However, since these two chemicals are used in very small vol-
umes (see Table 4.1), such variations would have a marginal effect on the total CED
and GWP of the lithography step, and wouldn’t change the ranking of this step in
the top contributors.

Scenarios analysis
To address the spatial variability of our results [266], we analyze the evolution of the
contribution of the equipment electricity consumption to the total process CED and
GWP in different scenarios of electricity production mixes (see Fig. 4.9).

Fig. 4.9 Evolution of the relative contribution of the upstream materials manufacturing (or-
ange) and the equipment electricity consumption (blue) to the total process CED and GWP,
considering different electricity production mixes.

Indeed, as mentioned above, all previously presented results consider the elec-
tricity production mix of Belgium for the cleanroom consumption. In the case of
Sweden, which has the less energy and carbon intensive mix among the European
Union, this contribution would be reduced to 33.14 % and 1 % of the total process
CED and GWP, but the top three most intensive steps would remain identical. In
the case of Poland, which has the most energy intensive and carbonated mix in
EU, the contribution of the equipment consumption would almost equal that of
the materials manufacturing. The thermal oxidation step would climb to the third
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most intensive step (above wafer fabrication), due to the furnace high electricity
demand. All things considered, in each of the considered scenarios, the gold evap-
oration step remains the most intensive in terms of CED and GWP.

4.4.2 Eco-design perspectives
From this scenario analysis and the discussion on the main sources of uncertainty,
there is now clear evidence that the dominant contribution to the CED and GWP
associated to the VO2 memristors fabrication process is related to the use of
gold for their electrical contacts. This conclusion allows us to meet the primary
goal of our LCA, which was to find a hotspot within the fabrication process: we
can now discuss possible eco-designed alternatives. Gold and noble metals in
general (which have similarly high CED and GWP) are often preferred to contact
memristors based on materials such as Vanadium Dioxide [104], due to their high
workfunction, low resistivity and to the fact that they do not oxidize over time
or at high temperatures. Indeed, during its transition from high-resistive state
(HRS) to low-resistive state (LRS), a VO2 memristor can reach significantly high
temperatures6 [120]. However, alternative to noble metals for contacts have barely
been investigated so far.

Among materials with small energy- and carbon-intensive manufacturing,
one finds aluminium, with an energy and carbon intensity of respectively 131
MJ/kg and 8.2 kgCO2-Eq/kg (w.r.t. 208 000 MJ/kg and 12500 kgCO2-Eq/kg for
gold [277]). Considering a constant deposited mass, replacing gold contacts by
aluminium ones in the fabrication process studied in this work would result in a
decrease of the total process CED and GWP by respectively -25.11 % and -43.38 %,
down to 173 MJ/wafer and 4.49 kgCO2-Eq/wafer. Moreover, aluminium - on the
opposite of gold - is a CMOS compatible material, which would be desirable in the
case of CMOS integration of VO2 devices.

To test if such design choice would impact the device performances, we fab-
ricated two batches of VO2 memristors wafers with identical process parameters,
only differing by their contact material (gold or aluminium). Their electrical char-
acteristics are shown in Fig. 4.10. The contact resistance of the memristive devices
was extracted using the transfer length method (TLM), in which the resistances of
devices with identical electrode dimensions but varying electrode spacing L are
measured. Extrapolating towards zero electrode spacing using a linear regression
yields an estimation for the contact resistance Rcontact, from the equation:

Rtot(L) = 2Rcontact +
ρ

t
L
W

, (4.1)

6Most of the works that report this heating do so in DC measurements; when operated
dynamically, the device could be prevented from reaching such high temperatures, as it only
spends very short periods of time in its metallic regime (depending on the spiking frequency).
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with ρ the resistivity of the VO2 film, t its thickness, L and W the VO2 device
dimensions, and Rtot the total measured VO2 device resistance. Resistances are
measured in the insulating regime of the VO2 devices, close to zero bias.
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Fig. 4.10 Comparison of the electrical characteristics of VO2 memristors fabricated with
gold (orange) and aluminium (blue) electrical contacts: (a) extraction of the device contact
resistance through the transfer length method (TLM), at T = 35 °C (the VO2 film being in
its high-resistive state) (b) current-driven I-V characteristic of two memristors of identical
dimensions (L = 1.2 µm, W = 15 µm). Inset shows the measurement configuration and the
dimension notations (since the VO2 layer is not patterned, device dimensions are defined by
electrode dimensions).

The study shows that despite the fact that aluminium typically has a higher
resistivity than gold, the devices with aluminium contacts present smaller con-
tact resistances. This difference could be attributed to the resistance of the
metal/semiconductor junction itself, and/or to additional phenomena taking place
at the Al/VO2 interface, such as diffusion of aluminium ions into the VO2. Fig.
4.10b shows that the resistive switching properties are preserved for both types of
device: a reversible transition between a high-resistive state and a low-resistive
state takes place. Both types of devices present a region of negative-differential
resistance (NDR), a necessary condition for the devices to exhibit spiking behav-
ior [160] as discussed in Section 3.1.1. Although not shown here, both devices have
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been proven to be able to oscillate, with endurance measured up to 106 cycles in
both cases.

4.4.3 Comparison with CMOS-based neurons
Beyond eco-design concerns, the second goal of our LCA is to estimate whether
the fabrication of VO2 neurons has a larger direct environmental footprint than
that of CMOS-based spiking neurons7. As mentioned during the goal definition
stage, for this comparison, we only consider the spiking functionality and leave
out the sensing functions. Table 4.2 thus compares CMOS spiking neurons to
VO2 ones along 14 criteria. CED, GWP and UPW values associated to the CMOS
nodes fabrication (with cradle-to-gate scope, as in our LCA), have been extracted
from the work of Boyd8 [259]. They must however be taken with caution, as large
variability exists between distinct LCAs of CMOS processes [261], mostly due
to confidentiality concerns on process details, and to scope mismatch between
studies. Energy and power consumptions of the VO2 neuron correspond to those
of our high-frequency VO2 oscillator described in Chapter 3, Section 3.2.3. The
impact indicators are normalized for 1 cm² of die area.

A first conclusion is that the CED, GWP and UPW values associated to the
fabrication of the VO2 technology (normalized for 1 cm²) seem to be one order of
magnitude below those of CMOS implementations (criteria 2-4). Indeed, CMOS
process flows involve larger numbers of steps (up to 206 for a processor in 130 nm
node [258]). For the GWP indicator in particular, chemical vapour deposition and
dry etching steps, which are not present in our process, involve emissions of green
house gases such as fluorinated gases and N2O which have high global warming
potentials. These steps also have large electricity consumption. However, several
factors could explain the larger CED and GWP values within Boyd’s work.

7A comparison with conventional CMOS-based, non-neuromorphic hardware would also
be interesting to perform. However, VO2 neurons are still at low TRL, and the characteristics
of the functional unit required to make a comparison with a CMOS conventional proces-
sor (density, yield, number of devices needed to reach equivalent functionalities) are not yet
known at this stage.

8Chemicals manufacturing, fabrication of the silicon wafer, and impact of the equipment
operation have been included. The electricity mix corresponds to the world average in 2002
(10.7 MJ/kWh). No abatement is considered. Impacts related to the fab infrastructure, trans-
portation, and use phase have been left out to match the scope of our study, although available
in Boyd’s work [259]. For UPW, we assume a yield of 0.5 liter UPW for 1 liter feedwater.
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Table 4.2 Comparison between CMOS- and VO2-based spiking neuron implentations

(1) (2) (3) (4) (5) (6)

Reference Technology
node

CED/cm²
(MJ)

GWP/cm²
(kgCO2-Eq)

UPW/cm²
(l)

Die area for
one neuron (cm²)

Active
area (µm²)

Indiveri [284] CMOS 350 nm 6,07E+01 6,22E+00 1,73E+01 / 2,57E+03
Cruz-Albrecht [285] CMOS 90 nm 3,29E+01 3,00E+00 1,21E+01 / 4,42E+02
Sourikopoulos [286] CMOS 65 nm 3,41E+01 3,43E+00 8,57E+00 1,13E-03 3,50E+01

Nalliboyina [287] CMOS 45 nm 3,53E+01 3,00E+00 3,57E+00 / 4,17E+01
This work VO2 5,07E+00 1,74E-01 3,20-01 6,60E-04 2,40E+00
Yuan [96] VO2 / / / / 4,00E-01
Han [92] VO2 / / / / 1,96E+01
Yi [85] VO2 / / / / 3,00E+00

(7) (8) (9) (10) (11) (12) (13) (14)

Reference CED/die
(MJ)

GWP/die
(kgCO2-Eq)

UPW/die
(l)

CED/neuron
(MJ)

GWP/neuron
(kgCO2-Eq)

UPW/neuron
(l)

Energy
consumption

Static power
consumption

Indiveri [284] / / / 1,56E-03 1,60E-04 4,46E-04 900 pJ/spike /
Cruz-Albrecht [285] / / / 1,46E-04 1,33E-05 5,37E-05 0.4 pJ/spike 40 pW
Sourikopoulos [286] 3,84E-02 3,86E-03 9,64E-03 1,20E-05 1,20E-06 3,00E-06 4 fJ/spike 100 pW

Nalliboyina [287] / / / 1,47E-05 1,25E-06 1,49E-06 1.32 fJ/spike 23 pW
This work 3,34E-03 1,15E-04 2,11E-04 1,22E-07 4,17E-09 7,68E-09 5 nJ/spike 5 mW
Yuan [96] / / / / / / 2.9 nJ/spike 5 mW
Han [92] / / / / / / 3 nJ/spike 100 µW
Yi [85] / / / / / / 100 fJ/spike* 11 µW* *simulated
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First, the fact that the CED metrics are computed using a Primary Energy Factor
for electricity production reflecting the world’s average electricity mix in 2002, al-
most four times larger than the Belgian PEF considered in our estimation. Second,
the fact that the GWP values do not consider any abatement of greenhouse gases9:
when considering ideal abatement, they go down by a factor ∼2. Furthermore,
the yield of our process is considered to be 100 % as it could not be characterized,
while non-ideal yields are accounted for at several steps in the estimations of Boyd.

In addition, it is worth noting that the VO2 devices analyzed within this
LCA are currently produced within a lab-scale fab. It is hard to predict how
the equivalent footprint of 1 cm² of die area of VO2 memristors would evolve
with industrialization. Some factors could decrease this footprint: equipment
loading factors could be optimized (in our case, very few wafers are processed
simultaneously during evaporation and sputtering steps); wafer size could be
increased; power consumption of the equipment could be optimized; re-flow and
filtering of wet chemicals could reduce their required quantities. However, some
other factors could worsen the footprint: to remove impurities and increase the
yield, larger quantities of chemicals could be used in resist stripping and wafer
cleaning steps10; miniaturization could increase the number of lithography steps,
possibly introducing dry-etching steps including fluorinated gases, ...

Despite the difference in impact indicators values when normalized for a die
area of 1 cm², VO2 neurons also offer a smaller die area and active device area
compared to CMOS spiking neurons (see criteria 5, 6), since they only require a
single device to implement neuron behavior. This results in a smaller equivalent
footprint when normalized for the die area (criteria 7-9) and active neuron area
(criteria 10-12). Here, we exclude the external transistor and capacitor used in our
neuron circuit; indeed, we have seen that it is possible to implement spiking be-
havior using solely the VO2 device [92] (see benchmarking in Chapter 3, Section
3.2.3). It is however clear that VO2 neurons still have a much higher static power
consumption and energy consumption per spike compared to CMOS-based neu-
rons (criteria 13, 14). Optimization is thus still required for VO2 neurons to become
competitive regarding their use phase. It is however noteworthy that CMOS and
VO2 neurons might not be used for the same purpose. Indeed, CMOS neurons
would be good candidates for computational neurons in large-scale spiking neu-
ral networks, while VO2 neurons could solely be used for the sensitive entry layer,
hence tolerating a slightly higher power consumption.

9Abatement systems are dedicated equipment which treat the exhaust of process tools
that emit greenhouse gases at their output. It can be performed through various techniques,
including combustion, plasma and UV [288].

10The work of Krishnan [258] provides a detailed inventory for specific steps of CMOS
processes. Cleaning and resist stripping steps respectively use about 10 times the amount of
H2O2 and TMAH used in the corresponding steps of our fabrication process
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4.5 Key messages

The main conclusions of this chapter are summarized here.

Process Life Cycle Assessment of an emerging technology, such as the one per-
formed in this chapter, allows to build high-precision inventories, reducing un-
certainties related to this specific stage of the LCA. A few limitations however
remain:

• While quantities of input materials can be measured with high accuracy, ob-
taining a similar precision on the estimation of process tools and point-of-use
equipment electricity consumption would require systematic in situ mea-
surements using power logger. Indeed, estimation based on rated power
seem to overestimate real time consumption.

• Elementary flows associated to costs shared by the whole fab, such as the
fab infrastructure construction, process tools fabrication, fab utilities elec-
tricity consumption (HVAC, water treatment, ...) have been discarded in our
analysis, due to the difficulty to allocate them to our specific process. How-
ever, they can represent significant proportion of the cradle-to-gate footprint.
In lab-scale fab where several process flows are run concurrently on shared
equipment and facilities, relevant allocation rules should be defined to ac-
count for such costs.

In the fabrication process of the VO2 spiking neurons studied in this work, the
dominant impact on the Cumulated Energy Demand, Global Warming Potential
and Ultra Pure Water consumption insicators are associated to the use of gold
for the electrical contacts. This is principally due to the extraction and refining of
gold, which is associated to high energy requirements and emissions.

• Replacing gold by aluminium would result in a 25 and 43 % decrease in CED
and GWP, respectively.

• Firt samples have demonstrated that the transition and spiking functionali-
ties of VO2 devices are preserved when using aluminium instead of gold for
contacts. Further tests should be perfomed to compare endurance properties,
especially since aluminium can oxidize over time.

• As gold and other precious metals with similar impacts are almost always
used for electrical contacts in VO2 memristive device, this alternative could
reduce the overall footprint of the technology upon industrialization. It also
offers reduced costs and CMOS compatibility.
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Beyond the replacement of gold, further optimization could be realized to reduce
the footprint of the VO2 devices fabrication process.

• Since the liftoff step is the second most impactful in terms of CED and GWP,
mainly due to the large quantities of dimethyl sulfoxide resist stripper used,
reflow and filtering of this specific chemical could be put in place. This is
likely to be the case in an industrialization scenario.

• Fabrication of the silicon wafer and thermal oxidation steps, performed in or-
der to obtain a SiO2 buffer layer for electrical insulation and for the growth
of the VO2 thin film, also rank third and fourth in terms of CED contribu-
tion. Swapping the Si/SiO2 substrate by glass or a flexible substrate [92, 95]
could be an interesting, lower impact swap, at the cost of loss of CMOS-
compatibility.

Compared to CMOS spiking neurons, the fabrication of VO2 spiking sensors
seem to be associated to smaller impacts in terms of CED, GWP and UPW. This
is both due to the lower footprint of the fabrication process, and the smaller area of
VO2 neurons. Two important elements nuance this claim:

• While CMOS process are technologically mature, process flows of VO2 de-
vices have not been industrialized yet. This assessment should thus be re-
performed by projecting the evolution of the VO2 process with industri-
alization, as lots of factors could vary compared to the current lab-scale
prototype. This could heavily impact our conclusions.

• VO2 spiking neurons still have much lower energy efficiencies than CMOS
spiking neurons, with 6 orders of magnitude difference in spike energy,
showing that further optimization is required for them to be competitive
during their use phase. Optimization such as miniaturization are likely to
increase the process complexity, and the associated environmental impacts.

In this chapter, we performed a so-called ex-ante LCA, i.e. an LCA of an emerg-
ing technology which is still at lab-scale. To the best of our knowledge, it is the
first time such approach is applied to the field of neuromorphic technologies. Our
main message is that this method looks useful to identify hotspot within the fab-
rication process and possible lower-impact alternatives. However, using such tool
to compare emerging technologies to more mature ones must be done with cau-
tion. Models to predict how certain parameters evolve upon industrialization of
a microfabrication process in the semiconductor industry (such as equipment load
factors, yield, equipment up time, quantities of input materials) would be desirable,
in order to truly determine the potential environmental benefits or drawbacks of an
emerging technology against the state of the art.
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99 % of my training is falling.
– Janja Garnbret

IN recent years, a large body of work started to develop on the subject of
memristive devices, and more recently on their application as spiking sen-

sory neurons to be interfaced as the entry layers of Spiking Neural Networks.
Taking inspiration from the brain to implement two paradigm shifts (1. memory
co-location and 2. sparse, spike-based encoding of information), such neu-
romorphic sensor-and-processing systems hold theoretical promises of higher
energy efficiency, which however remain to be proven. Beyond energy-efficiency,
memristive spiking sensors have great potential in terms of scalability, as they
allow to transduce stimuli and emulate neuronal behaviors using a very small
number of components. Among the myriad of emerging materials that can be used
to realize spiking neurons, VO2 shows two main advantages. The first relates to its
volatile resistive-switching properties, thanks to its reversible insulator-to-metal
transition, and its ability to enter a self-sustained oscillation regime, thanks to its
negative differential resistance. This allows VO2 memristors to emulate complex
behaviors such as LIF and H&H neurons. The second advantages is owed to the
fact that the electrically-induced insulator-to-metal transition can be modulated
by a variety of stimuli, offering the possibility to perform stimulus transduction
directly within the VO2 memristor. However, VO2 spiking sensors are still at
the beginning of their development, with the earliest research on the subject
dating from 2021 [91, 169]. The goal of this thesis was to tackle the limitations that
currently hinder the development of such sensors, focusing on four of them:

Limitation #1 The inherent cycle-to-cycle variations in their electrical properties,
which are not yet well understood nor controlled (Chapter 2).

Limitation #2 The impact of these cycle-to-cycle variations on the performances of
VO2 spiking sensors, which deteriorate their Limit of Detection and introduce an
energy-resolution trade-off (Chapter 3, Section 3.1 and 3.2).
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Limitation #3 The limited sparsity of rate-based encoding, dominantly used in
present implementations (Chapter 3, Section 3.3).

Limitation #4 The lack of information regarding the direct environmental impacts
associated to their fabrication process, despite promises of applications for "Green
AI" purposes (Chapter 4).

We re-state below the four main research questions associated to these limi-
tations, and the specific findings brought by this thesis in response to them. We
also provide a more complete benchmarking of VO2 spiking sensors against other
memristor-based implementations, CMOS event cameras, and CMOS neurons. We
discuss the main limitations that still further hinder the development of VO2 de-
vices, which were not discussed in detail in this work. Finally, we highlight the
main following research tracks that we deem relevant to pursue in future work,
and give some final thoughts regarding the possible applications of these devices.

Specific findings

Chapter 2

In this chapter, we delved into Limitation #1 and highlighted the present lack of
guidelines to design VO2 memristors with minimized or maximized cycle-to-cycle
stochasticity, due the poor understanding of the random nature of resistive switch-
ing. Such stochasticity can play a beneficial or detrimental role depending on the
specific device application, underlying the need for the mentioned design guide-
lines. We thus asked the following question:

How can specific material properties and device design parameters impact the resulting
VO2 two-terminal devices cycle-to-cycle stochasticity?

To answer this question, we fabricated resistive-switching VO2 devices of various
dimensions and grain sizes, and extracted the cycle-to-cycle variations of their
electrical characteristics through hundreds of DC measurements. To the best of our
knowledge, this is the first time a comparative approach is followed to determine
the parameters that impact cycle-to-cycle variations in memristive devices. This
allowed us to formulate the following claim:

Claim #1 The cycle-to-cycle stochasticity in VO2 two-terminal devices can be
mitigated by increasing the number of grains along the device channel length.
This can be performed either by reducing the thin film grain size (which we
tuned by varying the film annealing temperature), or increasing the device channel

134 |



| ⋆

length. More specifically, reducing grain size by one order of magnitude allows
to reduce the cycle-to-cycle variations in the device electrical characteristics in the
same proportions. Previous works who achieved low cycle-to-cycle variations in
VO2 device (<1 % variations in threshold voltage) turned to epitaxial growth to ob-
tain highly regular crystallites. This technique however requires specific substrates
such as Al2O3, which are not straightforwardly CMOS-compatible. In our work,
we proved that we could obtain similar to slightly lower variations simply by tun-
ing the grain size and device dimensions using polycrystalline VO2 films grown on
CMOS-compatible Si/SiO2 substrates.

Chapter 3

In the first part of this chapter, we discussed Limitation #2 and tried to understand
the impact of the cycle-to-cycle variations studied in Chapter 2 on the spike rate
jitter, when VO2 memristors are operated in self-sustained oscillators. We then
studied the potential of such oscillators to be used as spiking temperature sensors,
quantifying how these variations would impact their performance. Our central
questions were:

What are the dominant causes of dynamic stochasticity in rate-coded spiking
VO2 sensors? How does this stochasticity impact the sensor Limit of Detection?

To answer them, we built a relaxation oscillator from the memristive VO2 device
fabricated in Chapter 2. We used a stochastic analytical dynamic model to predict
the oscillator output, to which we included various noise sources, among which
the experimentally extracted cycle-to-cycle variations of the VO2 device electrical
properties. We then analyzed the sensitivity of our VO2 oscillator to temperature,
and studied how these variations impacted its resolution at various frequencies.
From this analysis, we express the following conclusions:

Claim #2 The cycle-to-cycle variations in the VO2 device electrical properties
in its insulating regime are dominantly responsible for the spike rate jitter,
above variations of the parameters in its metallic regime, or other white noise
sources such as transistor noise or thermal noise on the VO2 resistor.

Claim #3 The spike rate jitter directly affects the Limit of Detection, which
can be improved by averaging the spike rate over a certain number of cycles.
The associated energy-resolution trade-off can be relaxed by operating the
oscillator at higher frequency. This allows to observe an equivalent number
of cycles at a smaller energy cost, and relies on the fact that the cycle-to-cycle
variations seem to remain constant at higher frequencies.
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In the second part of this chapter, we investigated Limitation #3 which states
that present implementations of VO2 spiking sensors do not provide sparse
encoding of stimuli, as they perform rate-coding without real silent periods
between spike events. We thus attempted to answer the question:

Can VO2 resistive-switching devices be used to design sensitive spiking neurons with
sparser encoding techniques than plain rate-coding?

By exploring a new operating region of our VO2 relaxation oscillator, we showed
that it could emit bursts of spikes separated by quiescent time intervals. We
investigated the evolution of these bursts with temperature, and showed for the
first time that a stimulus could be encoded into the temporal characteristics of
these bursts, akin to the response of insect sensitive neurons to noxious heat. Based
on these results, we formulate the following claim:

Claim #4 Beyond plain rate coding, VO2 spiking sensors can encode stimu-
lus information into the temporal characteristics of spike bursts. This new kind
of self-induced sparsity in a spiking sensor could pave the way for more energy-
efficient neuromorphic systems, if integrated with a SNN. In order to offer energy-
efficiency gains at the device level, the static energy consumption of VO2 spiking
sensors should however be reduced below their dynamic spike energy, through e.g.
miniaturization.

Chapter 4

With this chapter, we wanted to challenge the common narrative of literature
which regularly promotes memristive applications as a possible mean to curb
the energy consumption of large AI models. Indeed, up to this day, no research
attempted to quantify the environmental footprint related to the fabrication of
such devices, which should also be taken into balance when making these claims.
We thus ask the following questions:

What are the direct environmental impacts associated to the fabrication of VO2 memristive
devices? Can they be reduced through eco-design, and how do they compare to those of

CMOS spiking neurons?

To address this matter, we performed a cradle-to-gate Life Cycle Assessment
of our VO2 device. We constructed a highly precise inventory of the elementary
flows involved in the process (quantity of upstream materials, ultra-pure water,
and equipment electricity consumption). We then evaluated the impact of the full
process flow on three metrics classically evaluated in the production of integrated
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circuits: GHG, CED and UPW. To the best of our knowledge, this is the first time
an LCA of a neuromorphic technology is performed. Our main conclusions are
summed up in this claim:

Claim #5 At lab-scale, the direct environmental impacts associated to the fabri-
cation of VO2 memristive devices seem to be lower than those of CMOS neurons.
This conclusion is however very likely to evolve upon industrialization. This foot-
print can be significantly reduced by replacing the use of gold for their contacts
by other, non-noble metals such as aluminium. More specifically, the associated
emissions (GWP) and primary energy demand (CED) are reduced by 25 and 43 %,
respectively. First characterizations of device fabricated with aluminium contacts
show that resistive switching and self-sustained spiking behavior are preserved.
This conclusion is especially relevant as all currently reported VO2 memristive de-
vices have been fabricated using precious metals. If adopted, this eco-design guide-
line could thus steer the further development of the technology in a lower-impact
direction.

Final benchmarking

How do the specific VO2 spiking sensors developed in this work11 compare
to other VO2 neurons, and to other technological implementations of sensitive
neurons? We answer this question in terms of energy efficiency (energy per spike
Espike) and neuron area (Fig. 6.1), taking into account spike rate (Fig. 6.2).

VO2 spiking sensors are still at the very early stage of their development: beside
our work, only two implementations demonstrate temperature sensing embedded
directly within the VO2 device [92, 181]. We thus include VO2 spiking sensors sen-
sitive to other stimuli, with some of them relying on external sensors for the trans-
duction. Our device performs close to the 3 nJ/spike SoA [96] in terms of spike
energy, but 6 times worse than the 0.4 µm² area SoA [96] in terms of neuron area.
However, the latter relies on an external sensor which is not included in the area
estimation. In addition, very few works report on the spike rate jitter and asso-
ciated LoD (introduced in Chapter 3), which are required to provide true energy
consumption comparison at equivalent resolution performances: we thus call for a
more systematic evaluation of such metrics.

11We consider the low- and high-frequency versions of our rate-coding sensor, introduced
respectively in Section 3.2 and 3.2.2. We do not include our bursting sensor.
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Fig. 6.1 Benchmarking of our work against different sensitive spiking neuron implementa-
tions, in terms of energy per spike Espike and neuron active area. Several families of implemen-
tations are represented. (1) Analog memristive spiking sensors (in purple), including VO2
implementations [91–93,96] and one NbOx implementation [88], sensitive to different stimuli
(with transduction performed by the memristive device or by an external sensor). (2) Mixed-
signal event-based CMOS cameras (in orange), operating in the visible light domain using
photodiodes [6, 289, 290]. (3) Analog sub-threshold CMOS computational spiking neurons
(in blue), which do not include sensing functionalities, but exhibit LIF [284, 285] and more
complex neuron behaviors [286, 287]. Our specific contributions (low- and high-frequency
versions of our rate-coding sensor) and an average biological neuron reference [291] are high-
lighted in bold. In each case, the spike energy is computed at the maximum measured spike
rate. In the case of memristive neurons, neuron area only includes the memristor active area.
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Fig. 6.2 Benchmarking of of our work against different sensitive spiking neuron implemen-
tations, in terms of energy per spike Espike and spike rate. Implementation families are the
same as in Fig. 6.1. The work of Wang et al., based on metal ions migration, is additionally
mapped within the memristive sensitive neuron family [99]. The spike rate of biological neu-
rons spans from 1 to 200 Hz [52].
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Regarding other memristive sensitive spiking neurons, few implementations
provide spike energy estimation. As introduced in Chapter 1, the two main
other memristive technologies used to realize sensitive spiking neurons are NbOx
memristors [87–90] and metal-ions migration memristors [64, 82, 98, 100–102, 292].
The SoA in terms of spike energy belongs to a NbOx memristor [88], down to 38
pJ/spike (which approaches the 10 pJ/spike estimation of biological neurons), at a
ten-times smaller area (∼ 1 µm² compared to ∼ 10 µm² for biological neurons).

Event-based CMOS cameras [6, 289, 290], which rely on silicon photodiodes
to detect visible light and include mixed-signals interfaces for spike generation,
exhibit lower spike energy than VO2 sensitive neurons. This is in part due to
their higher operating frequencies, as shown in Fig. 6.2; and partially thanks
to their lower static power consumptions (in the nW range, vs µW to mW for
VO2). Event-based cameras however have larger pixel area than VO2 neurons,
as they involve complex circuits with tens of transistors. On the other hand,
they implement more complex functions, with polarized spikes based on contrast
which could be more energy efficient if evaluated together with a SNN.

Other types of CMOS spiking neurons do not yet demonstrate sensing func-
tionality [284–287], but could in theory be integrated with the output of an analog
dedicated sensor, as conceptually proposed recently [71–73]. These implementa-
tions rely on analog sub-threshold CMOS technology, and achieve lower spike
energy than VO2 memristors, event-based cameras, and even biological neurons
(down to the fJ/spike), with however larger areas (which are progressively
scaling down with Moore’s law). However, competitive integration of sensing
functionalities must still be demonstrated.

In conclusion, VO2 memristive spiking sensors are still outperformed by other
memristive devices, CMOS event-based cameras, and possibly future implementa-
tions of CMOS spiking neurons in terms of spike energy. Like other implementa-
tions, they typically operate at accelerated timescales compared to biological spike
rate. While biological neuron time constants are the product of evolution and are
thus optimized to process real-life input stimuli, some specific applications could
benefit from accelerated timescales (e.g. obstacle avoidance in autonomous cars,
real-time digital signal processing of video inputs in media applications, ...). The
main advantage of VO2 spiking neurons lies in their small area (below biological
ones12), which offers promising scalability perspectives. Compared to other mem-
ristive implementations, their main asset relates to the possibility of embedding
transduction of various stimuli within the VO2 device, thanks to the multi-stimuli
responsiveness of its transition.

12The ∼10 µm² span of biological neurons was derived by Poon et. al [291] based on the
average neuron density and cortical surface in mammalian species.
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Limitations and perspectives

We now discuss the limitations related to this work and to VO2 spiking sensors in
general, and identify several key tracks on which research could be deepened.

Improve the understanding of the stochastic behavior. Much could be gained in
the understanding of the physical mechanisms behind the intrinsic stochasticity
of resistive switching in VO2. Ideally, (ultra-fast) high-resolution imaging of the
filament formation [219, 225, 229], which was so far not performed across a large
number of cycles, could help us grasp such mechanisms. It would be especially
relevant to image consecutive filament formations in devices showing bi-modal
distributions in their threshold voltage, to confirm our hypothesis that they
correspond to distinct filament locations. Once the proper cause of stochasticity
is identified through such imaging, our claim regarding the impact of grain size
and channel length on stochasticity could be confirmed using resistance matrix
models13 [121, 162, 165, 232, 293]. In addition, the possible role of the films crys-
talline orientation on the device stochasticity should be systematically investigated
by thoroughly characterizing the degree and direction of crystalline ordering
in each film, using grazing incidence XRD or electron backscatter diffraction
(EBSD). Finally, our study focuses on the impact of the devices length on their
cycle-to-cycle stochasticity: the impact of their width should also be investigated
through additional measurements.

Extend our conclusions to other materials and stimuli. To assess their reach and
generality, conclusions of Chapter 2 regarding the ways of mitigating stochasticity
should be verified on other resistive switching materials with similar filamentary
process, such as NbOx or V2O3. Similarly, the rate-coding and, more importantly,
the burst-coding behavior demonstrated in Chapter 3 could be extended to
other stimuli than temperature, given the multi-stimuli responsiveness of VO2
highlighted in Chapter 1. Strain, most specifically, holds potential to be detected
directly within VO2 neurons [148], although other device architectures such as
nanowires could be needed to reach sufficient strain.

Investigate endurance and device-to-device variability. A main limitation of
VO2 devices which was not fully investigated in this thesis is related to the
electro-forming step that takes place during the initial cycling of certain de-
vices [166, 216, 221]. This phenomenon is related to the high current density that
arises locally during filament formation. It will be more pronounced in devices

13Our preliminary tests show that if large number of cycles must be stimulated and ther-
mal effects are taken into account, such simulations can require a considerable amount of
computational resources, possibly prescribing the need of dedicated servers.
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of larger length, and in those built from films with larger OFF/ON resistivity
ratios [120]. In some cases, it can profoundly alter the grain structure: although
transition properties can be preserved after this electro-forming step, it often
induces large device-to-device variations [159]. From our characterizations, we
suspect such phenomenon can also take place in subsequent cycles, limiting the
device endurance. In our work, no electro-forming steps were observed in the
small-grains devices, which we used to fabricate spiking neurons. They were how-
ever present with limited damages in the large-grains devices studied in Chapter
2, and could possibly nuance our conclusions (see Appendix A). Fabricating films
with a smaller OFF/ON resistivity ratio (by using lower annealing temperature)
thus seem to be a way to prevent this phenomenon, although it will be necessary to
go to small dimensions to observe an NDR. Beyond this electro-forming behavior,
other mechanisms could limit the device endurance (fatigue due to repeated
thermal expansion upon resistive switching, progressive oxidation) and should be
further investigated.

Optimize the energy consumption. Several routes come forward when attempt-
ing to optimize the spike energy. A first obvious idea is to increase the spiking
frequency, which can be done straightforwardly by reducing (or completely
removing [92, 181]) the output capacitor. As mentioned in Claim # 3, this also
allows to relax the energy-resolution trade-off. Some works however hint there
could be intrinsic limits to how fast a VO2 device can oscillate, possibly related
to the heat transfer dynamics [294]. Another track is to attempt to reduce the
device IMT bias point, which seems to be the case in vertical topologies [92, 95] or
in miniaturized planar topologies (i.e. devices with smaller length and width).
Luckily, we have seen in Chapter 3 that small-dimensions devices are also those
who are the more likely to present an NDR, which is a condition to observe a
self-sustained spiking behavior. Miniaturization could also reduce the device
thermal capacitance, hence increase the heat transfer dynamics and the spiking
frequency limit. Finally, maintaining low cycle-to-cycle variations is essential to
preserve the energy-resolution trade-off, which can be done by using films with
smaller grains or increasing device length. However, the latter strategy will also
increase the IMT bias point, introducing another trade-off. The impact of the film
thickness could also impact the device power consumption and cycle-to-cycle
stochasticity (especially in vertical topologies), and should be further investigated.

Extend the bursting neuron regime. The bursting operating regime of our VO2
sensor is currently limited to a very narrow range of stimulus power (in our
case, temperature). Indeed, the specific bias range in which this behavior can be
observed is much narrower than for rate-coding, making burst coding way less
robust. Integrating a feedback mechanism could allow us to remain in this regime
independently of the stimulus power. Encoding would then be performed by the
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ISI, but with added self-induced sparsity. Additionally, the absence of a silent
period between individual spikes - characteristic of most present VO2 neurons, as
they are based on an oscillator implementation - makes them less bio-plausible.
Integrating a feedback mechanism [103] could also allow to include refractory
periods in between spikes, further increasing their sparsity.

Deepen LCA and eco-design. Prospective LCA considering the scale-up of
the technology if fabricated in an industrial production line should be per-
formed to challenge the conclusions of Chapter 4. In addition, more extensive
characterization of the devices fabricated with aluminium contacts should be per-
formed to confirm the reliability and performances of this eco-designed alternative.

Beyond rate-coding and integration with a Spiking Neural Network. Research
suggested that rate-coding might not be the most energy efficient encoding when it
comes to SNN performances. However, sensory neurons must not necessarily have
the same encoding as the first layer of the SNN: sparsity could be implemented by
the latter. The true energy efficiency of a spiking sensor should be assessed in a
systemic approach, when integrated with a Spiking Neural Network.

Final thoughts
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Fig. 6.3 Word cloud summing up some of the frequent words found in the abstracts, intro-
ductions and conclusions of research publications related to artificial spiking neurons, when
authors suggest possible applications. Word size does not correlate to the occurrence fre-
quency.
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To conclude this thesis, we wanted to take a step back and reflect on the possible
applications of artificial spiking neurons, even though they are still at their early
development stage. To embark the reader on this reflection, we gathered a few of
the most commonly put forward vocabulary found in the abstracts, introductions
and conclusions of research papers related to artificial spiking neurons and
neuromorphic hardware, when authors attempt to describe possible applications.
The applications put forward by researchers are quite diverse, ranging from
the treatment of medical conditions, to smart prosthetics, energy-efficient AI
and autonomous cars. Recurring themes include the concept of brain-machine
interfaces and augmented robots. A common point is that very few of these works
demonstrate an actual proof-of-concept related to the evoked application case.

Researchers do not have the power to decide for which specific application
should a technology be developed. However, this shows us that researchers are
not neutral regarding these choices. Each author has its own biases, which will
translate more or less subtly in its storytelling, or the way he decides to showcase
its findings and their potential. Such storytelling, also called "promising communi-
cation" in sociology [295], can have a strong impact on the course of technological
development [296]. Indeed, these prospective discourses can influence funding
of research programs, private and public technology roadmaps, underlying the
responsibility we have as scientists in the way we choose to present our results.

Ethical risks related to the development of brain-computer interfaces and AI,
two applications commonly put forward by researchers, are increasingly discussed
in the scientific literature [297–299]. However, these subjects are still rarely ad-
dressed within the neuromorphic community (although certain counter-examples
exist [300]). While the reason for the absence of such discussions might be the ideal
of scientific neutrality shared by a lot of engineers, Fig. 6.3 shows that some of
this neutrality has already being lost along the way, as we show partiality in the
applications we chose to put forward. In our opinion, low TRL research - prior to
industrialization and general public market opening - is the right place and time to
open up these debates. We believe it would be crucial to discuss the potential risks
and benefits of these technologies within the neuromorphic community, through-
out workshops during conferences and within research groups, ideally integrating
researchers from other disciplines than engineering and neuroscience such as so-
ciologists, ethicists, medical doctors, psychologists and philosophers. Researchers
in the field of neuroethics share this opinion, as they believe integrating ethical
concerns early into the technology design would maximize benefit and minimize
potential harm [298]. In addition, we believe vulgarizing such research to the gen-
eral public will open a much needed democratic debate on the desirability of these
technologies, and on the specific applications that we, as society (and not just us,
engineers), want to see developed.
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Appendices
A Appendix A

The presence of an initial electro-forming cycle has been reported in a number of
VO2 two-terminal devices [120, 159, 166, 220, 221]. This phenomenon takes place
during the first electrically-induced transition measured in the device, and can be
triggered both using current- and voltage-driven measurements. Typically, upon
the first cycle, the device transitions at a relatively high bias point. This initial
transition results in some form of damage to the crystalline structure of the VO2
film inside the device channel. In some polycrystalline films, the VO2 can locally
appear to have "melted" [159, 220], with grain boundaries no longer visible. This
phenomenon is more prominent in films with relatively high OFF/ON resistivity
ratio [120], as the film could locally reach significantly high temperature upon the
formation of the first filament, due to large local current densities. The nature of
these damages (transition from polycrystalline to crystalline [221], change in stoi-
chiometry [301] or VO2 phase/metallicity [220]) seem to be very dependent on the
specific device and film properties, as well as the electro-forming conditions [166].

After this first cycle, the resistance of the device in its insulating state is usually
lowered. When testing a large number of devices, a certain proportion of them do
not show reliable electrically-triggered transition properties anymore. However,
some of them still present repeatable resistive switching, usually at a lower bias
point (IIMT , VIMT) than upon the first cycle. The specific design parameters
impacting the yield of functional devices among those requiring electro-forming
are not yet well identified.

In our work, only the large-grains devices showed such electro-forming be-
havior, possibly due to their larger OFF/ON resistivity ratio. This phenomenon is
illustrated for one specific device in Fig. A.1. These damages are more pronounced
in devices of larger length L, as shown on Fig. A.2 and A.3. They also seem to be
more pronounced when the electro-forming is triggered through a voltage-driven
measurement (Fig. A.2), as opposed to a current-driven measurement (Fig. A.3).
Indeed, in current-driven measurements, the current flowing through the device is
limited by the source as the filament gradually forms. In voltage-driven measure-
ments, the filament formation leads to a fast increase in total current: even when
setting a current compliance on the source, this phenomenon could be too fast for
the equipment detection dynamics, leading to a current spike through the device.
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Fig. A.1 Electroforming behavior illustrated in one of the large-grains devices (see Chap-
ter 2 for specific process parameters). Devices dimensions are L = 1.2 µm, W = 200 µm. (a)
I-V characteristics of the devices before and after electro-forming. Upon the first current-
driven cycle, the device transitions at a relatively high bias point. After the first cycle, the
10 consecutive current-driven measurements show that the device transitions at a lower bias
point, and has a lower resistance in the insulating state. A pronounced NDR behavior is ob-
served. Some form of training is required for the device to show repeatable I-V characteristics.
Resistive-switching properties are preserved and demonstrated upon 10 consecutive voltage-
driven measurements. (b) SEM image of the device in its pristine state, prior to any electrical
measurement. (c) SEM image of the device after the first cycle, at the specific location in the
channel where damage has occurred, showing some form of melting or coalescence of the
grains.

On the other hand, our small-grains devices did not show any electro-forming
behavior. For each measured device, the first I-V curve was similar to the subse-
quent ones, with no significant variations in the device electrical parameters (other
than the cycle-to-cycle variations discussed in detail in Chapter 2). We attribute this
to the lower OFF/ON resistivity ratio of the small-grains film (below 102 vs more
than 103 for the large-grains film), resulting in a lower local current density inside
the metallic filament.
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Fig. A.2 SEM imaging of large-grains devices of various lengths (L = 6 µm to 2.4 µm) and
identical 100 µm width, after the first electro-forming cycle performed through a voltage-
driven measurement. Width of the damages are indicated.

Fig. A.3 SEM imaging of large-grains devices of various lengths (L = 6 µm to 2.4 µm) and
identical 100 µm width, after the first electro-forming cycle performed through a current-
driven measurement. Width of the damages are indicated, showing that they are more pro-
nounced in devices of larger length.
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The fact that the large-grains devices show an electro-forming behavior that
is absent in small-grains devices could also explain the observed difference in
stochasticity investigated in Chapter 2. Indeed, the damages to the crystalline
structure could impact the filament formation. To understand how, high-resolution
microscopy imaging of the large-grains devices should be performed to assess the
location of the filament over several cycles. When attempting to perform such
measurements with our optical setup, we could not distinguish the filament as
clearly as for the small-grains devices, possibly because it has a much smaller
width, or because the optical contrast is not as pronounced.

In all cases, our hypothesis regarding the correlation between the number of
grains along the channel length and the stochastic behavior is backed up by the
stochasticity dependency to device length.

B Appendix B

This appendix details the computation of the confidence interval around the Allan
deviation [302]. The lower and higher bounds involve the use of the chi-squared
distribution χ2. To estimate a 90 % confidence interval, the lower bound uses the
95 % range of the distribution χ2(0.95), and the higher bound uses the 5 % range
χ2(0.05):√

d f · σy,estimated(tobs)2

χ2(0.95)
< σy,true(tobs) <

√
d f · σy,estimated(tobs)2

χ2(0.05)
, (B.2)

with σy,estimated(tobs) the estimator for the Allan deviation detailed in Eq. 3.14
and 3.15 of Chapter 3, σy,true(tobs) the true Allan deviation, and d f the degrees
of freedom for the Allan deviation estimator. For a noise of the white frequency
modulation type, these degrees of freedom are given by the following expression:

d f ∼=
(

3(N − 1)
2m

− 2(N − 2)
N

)
4m2

4m2 + 5
, (B.3)

with m the number of oscillator periods in the considered interval such that
tobs = mTspike, and N − 2m the total number of overlapped intervals considered in
the Allan deviation estimator.
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