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Abstract

In the existing computing paradigm, to compute a function, data from memory needs
to be transferred to the processor and upon processing the data, results need to move back
to memory again to complete the computation. This data movement process consumes
a significant amount of energy. Moreover, the computing process is limited by the band-
width of the data bus and increased latency. Therefore, alternative non-von Neumann
computing architectures, especially neuromorphic computing and in-memory computing
architectures, have been extensively investigated by researchers. In neuromorphic com-
puting (NC) architecture, which is inspired by the energy-efficient biological brain, the
processing elements and memory are colocated, thereby eliminating the energy cost and
latency of data shuffling. CMOS-circuits-based neuromorphic computing architectures,
such as Loihi and TrueNorth, have been extensively studied to emulate the synapses and
neuron-like behaviour; however, they require tens of CMOS gates to imitate single neuron
behaviour, which poses a challenge when large-scale neural network is needed. A sin-
gle memristors-based device, on the other hand, can easily emulate the synaptic plasticity.
Therefore, memristors-based neuromorphic hardware enables high integration density with
low energy consumption.

In this thesis, a lithium (Li) imbued TiOx iontronic device that exhibits both volatile
and non-volatile memory characteristics has been demonstrated. A solid-state electrolyte
lithium phosphorus oxynitride (LiOPN) behaves as the ion source, and the embedding and
releasing of Li ions inside the cathodic like TiOx renders volatile conductance responses
from the device and offers a natural platform for hardware simulating neuron functional-
ities. In addition, the device unambiguously emulates synapse-like short-term plasticity
(STP) behaviour without requiring a forming process beforehand or a compliance current
during switching. Besides, these devices possess high uniformity and great endurance as no
conductive filaments are present. Different short-term pulse-based phenomena, including
paired-pulse facilitation (PPF), post-tetanic potentiation (PTP), and spike rate-dependent
plasticity (SRDP), were observed with unique self-relaxation characteristics. Based on the
voltage excitation period, the timescale of the volatile memory can be tuned. Temperature
measurement reveals the ion displacement-induced conductance channels become frozen
below 220 K. In addition, the same volatile analog devices can be configured into non-
volatile memory units with multibit storage capabilities after an electroforming process,
which is useful for in-memory computing (IMC) applications. Therefore, on the same
platform, we can configure volatile units as nonlinear dynamic reservoirs for performing
neuromorphic training and the non-volatile units as the weight storage layer. We proceed
to use voice recognition as an example with the tunable time constant relationship and
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obtain 94.4% accuracy with a minimal training dataset. Thus, this iontronic platform
can effectively process and update temporal information for reservoir and neuromorphic
computing paradigms.

Moreover, the same lithium-imbued TiOx device was integrated on top of the CMOS
tape-out chip. Due to the incompatibility of Lithium-based materials with the existing
CMOS production facility, CMOS integration with Lithium-imbued TiOx devices is almost
impossible. This thesis proposes a BEOL method to integrate the Li-imbued TiOx with
foundry CMOS chips using an academic fabrication facility. This process will allow the
other CMOS process-incompatible devices to be integrated with CMOS.

Furthermore, this thesis also proposed a Helimagnet-based Non-volatile multi-bit mem-
ory device. The device consists of a Helimagnet layer sandwiched in between two ferromag-
netic layers. The writing of the proposed memory was done using an external magnetic
field applied on the top free layer. The memory state can be read by using resistance
measurement after each stable configuration. Consequently, this device can be used for
in-memory computing (IMC) applications due to its multi-bit, non-volatile nature.
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Chapter 1

Introduction

1.1 Motivation

The recent report published by the International Roadmap for Devices and Systems (IRDS)
highlights the upcoming application pulls, which include big data, Internet of Things (IoT),
deep learning (DL), machine learning (ML), arti�cial intelligence (AI), exascale supercom-
puting, and robotics and autonomous Systems [23]. These emerging applications increase
the demand for computing power dramatically, and the demand is projected to outperform
Moore's law. As can be seen in Figure 1.1(a), the computing demand is now predicted
to rise two-fold every two months due to the constant improvement of graphics processing
unit (GPU) architectures, though with an expense of an order of magnitude more power
[1]. With the projected pace of computing demand, it is highly unlikely that conventional
computing solutions could alone be su�cient. Moreover, the cost associated with the train-
ing of the current AI hardware is shockingly high, as shown in Figure 1.1(b). The training
of the AI hardware requires burning a lot of fossil fuel-based energy that increases carbon
dioxide (CO 2) emissions to the atmosphere, causing global warming. It has been reported
that training a single neural network (NN) model with 213 million parameters could pro-
duce as muchCO 2 as �ve cars produce in their entire lifetimes [24]. Bottlemecked by high
cost and environmental pollution, the existing computing paradigm is in dire need of an
alternative computing approach.

Furthermore, to realize a computing operation in existing computing architecture, data
needs to be fetched from memory to the processor and upon completion, output data is
sent back to memory. The typical addition and multiplication operation does not consume
much energy, although fetching data to and from external memory consumes a lot of energy.
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Figure 1.1: (a) Current computing power demands and future computing demands over
the past forty years with di�erent applications domain. The computing demand before 2012
doubled every two years, whereas current computing demand doubled every two months.
(b) An exponential increase in the cost of AI hardware training would be unsustainable in
the long run [1]. Copyright © 2022 Springer Nature.

2



It has been found that dynamic random-access memory (DRAM) access consumes three
orders of magnitude energy compared to multiply-accumulate (MAC) operation energy in
a hardware accelerator using conventional von Neumann architecture [25]. This problem is
known as the Memory wall. According to Moore's law, the scaling of the transistor should
be doubled every two years. However, scaling reaches its fundamental physical limits, and
further scaling down is way more expensive, with its characteristics unreliable, putting
another obstacle in computing known as the scaling wall. Although transistor size scales
down at a fast pace, the operating voltage does not scale down as proportionally, which
eventually increases power density and results in a power wall or heat wall in the road
of future computing. Figure 1.2 illustrates the existing computing system's constraints,
including memory wall, heat wall, and scaling wall [2]. With all the above-mentioned
constraints, searching for an alternative energy-e�cient computing approach is necessary.

Figure 1.2: Constraints of the existing computing schemes, including heat wall, mem-
ory wall, and scaling wall. Alternating memristor-based non-von Neumann computing
paradigms, which include bio-inspired computing, in-memory computing, and hybrid mem-
ory and logic integration, could overcome those barriers [2]. Copyright© 2018 Springer
Nature.
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Alternative computing architectures, including bioinspired or neuromorphic computing
(NC) and in-memory computing (IMC), have been investigated by researchers, as can be
seen from Figure 1.2. As computation and memory are co-localized in those architectures,
they eliminate the data movement, resulting in highly energy-e�cient and fast-speed com-
puting. In NC, the computation happens in a network of synapses and neurons, similar
to the connection of the biological brain. Each neuron is connected with thousands of
other neurons via synapses, and when thousands of synaptic weights arrive at the neu-
ron terminal, the neuron activates and �res the action potentials to the next neurons.
Recently, Intel and IBM developed Loihi and TrueNorth technology that implements NC
at the hardware level. The function of the synapses and neurons is designed using com-
plementary metal-oxide semiconductor (CMOS) circuits. To mimic a single neuron with
thousands of synapses, the neuromorphic chips require about sixteen thousand transistors,
rendering the feasibility of large-scale systems di�cult and less e�cient [26].

In contrast, Memristors-based devices could mimic the synaptic plasticity in a single
two-terminal-like device structure, allowing them to be a suitable candidate for NC. Mem-
ristive devices are de�ned as devices whose conductance can be tuned to two or more stable
states upon the application of electrical stresses. Also, based on the retention measure-
ment results, memristor resistance states can be volatile or non-volatile. The volatile and
non-volatile natures of memristors resemble the short-term and long-term memory of the
biological brain. Reservoir computing (RC), which is a type of NC architecture, consists of
a reservoir layer and an output layer. In RC architecture, the training updates only at the
output layer, thus bypassing the interior complexity and reducing the number of training
parameters. The volatile memristors can act as a reservoir of the RC system, whereas the
output layer can bene�t from non-volatile elements to retain the training weights.

Previous implementations of the RC scheme were realized by fabricating separate de-
vices for the reservoir and output layer, respectively, as the reservoir layer needs a highly
nonlinear and dynamic system, for which volatile memory was utilized, and the output
layer needs to retain training weights for a long time, for which non-volatile memory was
used. As the devices' materials stack are di�erent, the fabrication cost of the devices was
expensive, and they required larger areas and/or additional metal layers. Therefore, a uni-
versal memory device that can be con�gured as either volatile or non-volatile is of utmost
importance to reduce footprints and latency and to realize low-cost RC systems with cus-
tomizable layouts on a universal platform. The customization can be tailored/optimized
towards speci�c applications, which is similar to the concepts of �eld programmable gate
arrays (FPGA) but geared towards non-digital realizations. Therefore, the �rst objective
focuses on the material stacks that can be con�gured to volatile or non-volatile memory.

Another path to overcome the barrier of von Neumann architecture is IMC architec-
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ture, in which computation occurs inside the memory device, obviating the data transfer
delay and energy needed to transfer the data between memory and processing elements.
Memristor-based IMC architecture is preferable because of its multi-bit capability, energy
e�ciency, and non-volatile nature, meaning the weight can be remembered even without
a power supply. Matrix-vector multiplication (MVM) is considered the most fundamental
mathematical operation in numerous applications, including ML algorithms, digital signal
processing, and solving non-linear equations. The prime advantage of memristive IMC is
the massive parallelism of executing MVM using a memristive crossbar array. There are
several memristive devices that can be used to encode multiple bits of information in a non-
volatile manner, which include resistive random-access memory (RRAM), phase change
memory (PCM), magnetic random-access memory (MRAM), and ferroelectric random-
access memory (FeRAM). While RRAM, PCM, and MRAM rely on the resistance changes
due to the resistive switching (RRAM) or phase changing of a material itself (PCM) or
spin-dependent transport across a material stack (MRAM), FeRAM depends on the po-
larization change instead of resistance inside the ferroelectric materials. The charge can
be found by integrating the current with respect to the voltage sweep. In order to change
the resistance of the ferroelectric material, a ferroelectric �eld-e�ect transistor (FeFET),
consisting of three terminals, con�guration is needed [27]. In FeFET, the resistance change
is caused by the change in dielectric polarization inside the channel; therefore, it can be
used in IMC architecture [28]. However, the three-terminal FeFET structure is the major
bottleneck. In contrast, RRAM-based IMC is two-terminal and easy to integrate with
CMOS to scale up the technology.

To represent the synaptic weight appropriately, memristor devices need to be capable
of storing multi-bit information with non-volatility. Typically, based on how many bits a
memristive device can store, di�erent crossbar architectures have been proposed. Based on
the number of states and transistor con�gurations, one transistor and one resistor (1T-1R),
two transistor and two resistor (2T-2R), and n transistor and n resistor (nT-nR) structures
have been proposed to accelerate the MVM operation. The challenge is to encode as
many states as possible in memristive devices. In the case of limited conductance states,
memristor devices with multiple transistors can enhance the resolution. This thesis uses
a 2T-2R structure that can e�ciently store multi-bit and accelerate the MVM operation.
Also, helimagnet-based resistive memory that is capable of storing multi-bit information
is proposed in this research.
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1.2 Thesis Organization

A brief summary of the rest of the thesis chapters is provided below.

Chapter 2 presents some of the fundamental concepts related to memristive devices
and emerging computing architecture using memristors. This chapter brie
y explains the
memristive device structure and materials, RS types, including bipolar-type and unipolar-
type switching, and volatile and non-volatile memristive devices. An explanation of two
types of mechanisms, namely �lamentary and interfacial resistive switching, is provided
afterwards. Next, conduction mechanisms are explained. A brief overview of solid-state
electrolytes that can be used to controllably transport lithium ions in and out of the
electrode will be described. Moreover, how synapses, a crucial element of the human
brain, can be emulated using memristors will be explained. Finally, a brief description of
memristive emerging computing architectures, such as reservoir computing and in-memory
computing, is presented.

Chapter 3 brie
y describes three basic components of micro- and nano-fabrication, in-
cluding lithography, deposition, and etching processes. At �rst, thin-�lm deposition tech-
niques, such as sputtering and plasma-enhanced chemical vapor deposition, are presented.
Next, dry etching techniques, such as ion milling and reactive ion etching, are covered. The
most important lithography techniques, for example, photolithography using MLA and e-
beam lithography techniques, are brie
y explained thereafter. Moreover, a description of
the whole fabrication process of standalone memory devices and the backend of the line
(BEOL) integration process of the memory device on top of tape-out CMOS chips will be
presented.

Chapter 4 demonstrates a lithium (Li ) imbued TiO x iontronic device that exhibits
synapse-like short-term plasticity (STP) behaviour. A solid-state electrolyte lithium phos-
phorus oxynitride (LiPON ) behaves as the ion source, and the embedding and releasing of
Li ions inside the cathodic likeTiO x renders volatile conductance responses from the de-
vice. Besides, these devices possess high uniformity and great endurance as no conductive
�laments are present. Di�erent short-term pulse-based phenomena, including paired-pulse
facilitation (PPF), post-tetanic potentiation (PTP), and spike-rate dependent plasticity
(SRDP), were observed with self-relaxation characteristics. Based on the voltage excita-
tion period, the timescale of the volatile memory can be tuned. Temperature measurement
reveals the ion displacement-induced conductance channels become frozen below 220 K.
In addition, the volatile analog devices can be con�gured into non-volatile memory units
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with multibit storage capabilities after an electroforming process. Therefore, on the same
platform, we can con�gure tunable volatile units as nonlinear dynamic reservoirs for per-
forming neuromorphic training and the non-volatile units as the weight storage layer. We
proceed to use voice recognition as an example with the tunable time constant relationship
and obtain 94.4% accuracy with a minimal training dataset. Thus, this iontronic platform
can e�ectively process and update temporal information for reservoir and neuromorphic
computing paradigms.

Chapter 5 proposes a design of a helimagnet-based emerging memory device that is
capable of storing multiple bits of information per device. The device consists of a heli-
magnet layer placed between two ferromagnetic layers, which allows us to lock in speci�c
spin con�gurations. We begin by �nding the relaxed spin structure, which is the result of
the competition between the DMI and exchange energy and is referred to as the equilib-
rium state (\0"). The writing of a memory state is simulated by applying an in-plane �eld
that rotates and transforms the spin con�gurations of the memory device. Our results in-
dicate that stable con�gurations can be achieved at rotations of an integer multiple of 180
degrees (corresponding to states \-2", \-1", \1", \2", etc.), where the anisotropy stabilizes
the free layer and thus the exchange coupled helimagnet. These states are separated by
magnetic energy barriers, and intermediate, unstable spin con�gurations tend to revert to
their adjacent states. By simply changing the direction of the �eld, we can achieve multi-
bit data storage per unit memory cell. The maximum number of bits is reached when the
anisotropy energy barriers cannot withstand the strong DMI energy. Reading can be done
by evaluating the di�erent resistance states due to the twisted spin texture.

Chapter 6 summarizes the contributions of this thesis and outlines the future directions
of the research.
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Chapter 2

Background

Overview

This chapter describes some of the fundamental concepts related to memristive devices
and emerging computing architecture using memristors. Starting from memristive device
structure and materials, this chapter brie
y explains the resistive switching types, including
bipolar-type and unipolar-type switching. Based on the memory retention capabilities,
RS can fall into either volatile or non-volatile memristive devices. An explanation of
two types of mechanisms, namely �lamentary and interfacial resistive switching, which
are widely accepted as switching mechanisms, is provided afterwards. Next, conduction
mechanisms are also explained. A brief overview of solid-state electrolytes that can be
used to controllably transport lithium ions in and out of the electrode will be described.
Moreover, how synapses, a crucial element of the human brain, can be emulated using
memristors will be explained. Finally, a brief description of memristive emerging computing
architectures, such as reservoir computing and in-memory computing, is presented.

2.1 Memristive Device

A memristive device, also known as a memristor, is a device that has both �nite resistance
and intrinsic memory. The memristor device theory was �rst proposed by Prof. Leon Chua
in 1971 [29], and the experimental evidence was realized in 2008 by the Hewlett Packard
(HP) research group [30]. Since then, researchers have extensively investigated memris-
tors due to their simple two-terminal structure, fast operational speed, ultra-low power
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Figure 2.1: (a) Memristive crossbar array with bit lines that are used to read/write
data and word lines that are used to select a memristive device. The inset shows a unit
memristive device consisting of two metal electrodes and a metal oxide switching layer.
(b) Two di�erent stable resistance states of a single memory cell.

consumption, and synapses and neuron emulation capability for neuromorphic computing
applications.

2.1.1 Device Layout and Materials

A memristive device typically consists of a switching layer (usually metal oxide) sandwiched
between two metal electrodes, as shown in the inset of Figure 2.1(a). Due to its simple two-
terminal-like structure, a large scalable memristive crossbar array can be easily constructed,
as shown in Figure 2.1(a). This array is promising for building a large neural network and
neuromorphic computing applications [31]. This crossbar structure also allows one to
randomly select any cell within the crossbar, which is why this crossbar is also known as
resistive random-access memory (RRAM).

The electrode in memristive devices is not just a mere contact; it plays a critical role in
the resistive switching process of memristive devices. The electrode materials also govern
the switching mechanism. The lists of electrode materials include metal electrodes ( Ag,
Au, Cu, Pt, W), nitrides (TiN), graphene, conductive oxides (ITO and SrRuO3), and p-
and n-type Si. Similar to the electrodes, switching layer materials, typically an insulator or
a semiconductor, are also crucial as switching takes place in this layer. Metal oxides such
as TiOx , TaOx , HfOx , and WOx or chalcogenide materials are typically used as switching
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layers in the cell. Recently switching layers, including nanowires, two-dimensional (2D)
materials, transition metal chalcogenides (TMDs), and nanoparticles, have attracted a
great deal of attention from researchers. This thesis will focus on the nanoscale thin-�lm
type switching layer because of its fast switching speed, great retention and endurance
characteristics, and, more importantly, CMOS compatibility.

2.1.2 Resistive Switching Types

A typical digital memristive cell contains two resistance states: (a) High resistance state
(HRS) and (b) Low resistance state (LRS). Figure 2.1(b) represents these two resistance
states with two linear slopes within a small voltage window. Switching between these two
resistance states is the most crucial step in resistive memory. By applying an external
electrical bias, the resistance of the memory device can be altered between HRS and LRS.
The SET process, also known as \write", is de�ned as the transition from HRS to LRS,
whereas the RESET process, also known as \erase", is described as the transition from
LRS to HRS. Based on the switching dynamics, memristive devices can be divided into
two categories: (a) digital-type and (b) analog-type. In digital memristors, conductance
changes occur abruptly, whereas in analog memristors, conductance changes are gradual.
The former is useful for storage applications, and the latter is suitable for arti�cial synaptic
devices.

Figure 2.2: Current-Voltage (IV) characteristics of (a) an unipolar type RS. (b) a bipolar
type RS.
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Based on SET and RESET's voltage polarity, RS can be divided into two categories:
(a) Unipolar and (b) Bipolar. In unipolar type RS, resistive switching is independent of
the voltage polarity. So, both Set and Reset occur at the same voltage polarity. In bipolar
resistive switching, the voltage polarity of the RESET is opposite from that of the SET
process. The current-voltage characteristics of a unipolar switching mode are illustrated
in Figure 2.2(a), and those of a bipolar switching mode are shown in Figure 2.2(b). For
both Unipolar and Bipolar operation modes, compliance current is employed in the SET
process to eliminate the permanent breakdown of the resistive memory cell. A small biasing
voltage (about 0.1 V or 0.2 V) is applied without a�ecting the memory state for a typical
read operation to check the current state of the memory, which is known as a memory read
operation. A continuous read for a certain time interval is known as a \retention test".

Volatile Memory Device

A memory device that forgets its state when the external power supply is removed is known
as a volatile memory device. In a memristive volatile device, after the voltage sweep (0 V
- [> V th ] - 0 V), the retention measurement from the device exhibits conductance decay.
Based on the IV characteristics, volatile devices can be divided into two categories: (a)
Analog-type volatile memory and (b) Threshold-type volatile memory. Typical current-
voltage characteristics of analog-type and threshold-type are shown in Figure 2.3(a) and
Figure 2.3(b), respectively. Both characteristics are suitable to emulate the behaviour of
arti�cial synapses and neurons. Various switching materials, including WOx , Nb-SrTiO3,
and Pr0:7Ca0:3MnO3 (PCMO), showed spontaneous conductance decay. The decay charac-
teristics are more important to realize the short-term and long-term plasticity of biological
synapses.

Figure 2.3(c) shows the retention measurement after voltage sweep in an analog-type
memristor device, Pd/WOx /W [3]. As can be seen from the �gure, the conductance decay
has two di�erent slopes, indicating two di�erent time scales. Initially, the decay is faster
and later, the decay is slower. After �tting using two stretched exponential functions, the
time constant of fast decay was found to be around 52.5 ms, and that of slow decay was
found to be around 92.5 ms.

Similarly, threshold switching characteristics show volatile resistive switching. Wang
et al. demonstrated a di�usive threshold memory based on SiOxNy:Ag, shown in Fig-
ure 2.3(d) [4]. The pulse test revealed that conductance can increase when a voltage pulse
is applied, and upon removal of the voltage pulse, the conductance relaxes back to its
initial conductance. As can be seen from the �gure, after a certain delay, the current
starts rising, which is known as delay time. Similarly, the current does not instantly reach
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Figure 2.3: Volatile resistive switching types: (a) analog-type switching and (b)
digital-type switching. (c) Conductance decay in analog-type volatile resistive switch-
ing (Pd/WO x /W) after the removal of voltage excitation [3]. Copyright © 2015 John
Wiley and Sons. (d) Conductance decay in threshold-type resistive switching device
(Au/SiO xNy:Ag/Au) [4]. Copyright © 2016 Springer Nature.

the initial conductance value (before applying bias). The time required to reach the ini-
tial conductance value is known as relaxation time. Interestingly, the non-linear volatile
current-voltage characteristics can be utilized as a reservoir for neuromorphic computing
applications.

Non-volatile Memory Device

A non-volatile memory is a type of memory device that can remember its state even
after the removal of an external power supply. In non-volatile memory, the retention
measurement from the device demonstrates almost no change in conductance value over
time. Similar to volatile memory, non-volatile memory can be classi�ed into bipolar digital
memory and analog-type non-volatile memory. In bipolar digital memory, the device con-
ductance abruptly changes into LRS from HRS once the voltage reaches the SET threshold
value and HRS from LRS when the RESET value reaches the threshold value, as shown
in Figure 2.4(a). One of the conditions for bipolar digital memory is that the value of
SET and RESET threshold voltages should be opposite. Pulse characteristics of bipolar
digital device, shown in Figure 2.4(b), also show abrupt changes in conductance even for
short-duration pulses. This type of resistance switching is preferable in data storage tech-
nology because of its long retention, fast switching speed, and high on/o� ratio. Recent
demonstrations suggest that digital switching can be used to construct arti�cial synapses.
The lack of tunability in multiple conductance states and nonlinear conductance or weight
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Figure 2.4: Electrical characteristics comparison between bipolar digital and analog-type
non-volatile memory. (a) DC I{V characteristics and (b) Change in conductance upon
the applications of pulse of a bipolar digital non-volatile memory device. The bipolar
digital device exhibits a sharp change in conductance. (c) DC I{V characteristics and (d)
pulse operation of an analog-type non-volatile resistive memory device. The analog-type
non-volatile memory device exhibits gradual switching [5]. Copyright© 2020 IEEE.

updates of bipolar digital memory, however, hinder its application in neuromorphic com-
puting.

In contrast to bipolar digital memory, analog-type non-volatile memory exhibits a grad-
ual change in conduction for both DC I{V characteristics and pulse I{V characteristics, as
shown in Figure 2.4(c) & Figure 2.4(d). Analog{type non-volatile memory has the capabil-
ity to tune the conductance into multiple states and the gradually increasing conductance
update capability, making them suitable for hardware accelerators for neural networks and
brain-inspired neuromorphic computing applications. The core of the arti�cial neural net-
work is the MVM operation, which can be realized in a crossbar of analog non-volatile
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resistive memory, where Ohm's law is used to multiply, and Kirchho�'s current law is used
to accumulate the sum of the product. The details of this operation are described in the
memristive in-memory computing section 2.6.2.

2.2 Resistive Switching Mechanisms

After HP labs' experimental breakthrough, the mechanism behind resistive switching has
been meticulously investigated to obtain excellent resistive switching performance that
could potentially be commercialized into a product. In applications like arti�cial synapses
and neurons, better control over conductance modulation and quick response to input pulse
stimuli are essential. As a result, a deeper understanding of the resistive switching mech-
anisms becomes crucial to generate more breakthroughs. Based on the current knowledge
of the memristor device, the switching mechanism can be classi�ed into two categories:
�lament-type RS and interface-type RS.

2.2.1 Filament-type RS

In �lament-type resistive switching, conduction happens through the �lament, which is
formed during the �rst resistive switching process (also known as the forming process).
The ions inside the switching layers start migrating to the opposite polarity electrode due
to a large electric �eld concentrated on a thin �lm. Once the �lament is formed, the
forming process is done. A partial rupture of the �lament causes RESET of the device.
This partial rupture can be compensated again by the SET process, but now SET voltage
is much smaller as only smaller portions need to form. One way to characterize whether
the switching is �lamentary or not is to check the area-dependent conductance. The
conductance is less dependent on the area in the case of �lamentary RS. There are two
types of �lamentary RS devices: anion-type and cation-type �lamentary RS. Details of
both devices are given below.

Cation-type Filamentary RS

Cation-type �lamentary RS is known as conductive bridge resistive random-access memory
(CBRAM). This memory system depends on the electrochemical metallic �lament forma-
tion of an active electrode. The top electrode needs to be made of electrically active
materials such as Ag, Cu or Ni, whereas the bottom electrode must be made of electrically
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inert materials, such as Pt, Ir, or W. The insulator or electrolyte can be oxide, halide or
chalcogenide material. Upon the application of a positive voltage at the top electrode like
Ag or Cu, it dissolves in the electrolyte due to the high electrical �eld and is converted into
Ag+ ion, and then accumulated near the bottom electrode, as shown in Figure 2.5. Thus,
gradually a metallic channel is created, and resistance starts decreasing while the current
is increasing. This channel will not rupture until a very high reverse polarity voltage is
applied. Upon the application of a negative voltage, the metallic �lament is dissolute, and
the channel is broken, leaving the device in a high resistance state. Figure 2.5 illustrates
the whole process of �lament formation and rupture of CBRAM.

Figure 2.5: Schematic illustration of a conductive bridge resistive random-access memory
[6]. Copyright © 2011 IOP Publishing.
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Anion-type Filamentary RS

Unlike metal ions in cation-type �lamentary RS, anions, usually oxygen ions, participate
in anion-type �lamentary RS. The switching layer is usually transition metal oxides and
electrodes do not need to be electrochemically active. The switching mechanism is governed
by the creation and annihilation of oxygen vacancies.

Figure 2.6 shows the �lament formation and rupture process of Anion-type Filamentary
RS memory. At �rst, as a result of a large applied voltage on a thin oxide layer at the
top electrode, a highly localized �eld is created, causing the localized bound oxygen atom
to escape and form an oxygen ion while leaving behind an oxygen vacancy. The process
is very similar to electron-hole pair generation; instead, we have oxygen ion and oxygen

Figure 2.6: Schematic illustration of an oxygen vacancy based RS [7].
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vacancy in this type of RS. Since the ion is a charged particle, the oxygen ion can move
with the applied bias. Upon implementing positive bias at the top electrode, oxygen ions
(since oxygen ion,O2�

, is negative) will migrate under the top electrode and be discharged
at the interface of the electrode and oxide layer. Simultaneously, immobile oxygen vacancy
acts as a conductive path for the electron, eventually constructing the �lament formation
process. Now, current can 
ow through the conductive �lament since electrons can hop
through these vacancies, which are very similar to traps. Thus, we obtain the LRS because
the current can quickly go through the �laments. For the reset process or HRS, we need to
rupture the �lament. By applying a negative voltage at the top electrode, the accumulated
oxygen vacancies at the electrode and oxide layers are again driven back to the oxide layer.
These ions then recombine with the vacancy and the �lament path ruptures. Ion migration
results in a gap between oxide and metal, and due to the low probability of tunnelling, the
current will be signi�cantly less, and we achieve HRS. In the next cycle, we can set the
resistance state at LRS by applying a smaller voltage since we do not need to form the
�lament at the whole oxide length.

2.2.2 Interface-type RS

In interface-type resistive switching, migration of oxygen vacancies causes a change in
the Schottky barrier height. The conductance is proportional to the area of the electrode,
indicating that the entire area of the electrode is participating in the conduction. Therefore,
this is forming-free and suitable for multilevel conduction. Since no forming is needed,
devices could easily achieve device-to-device uniformity and excellent reproducibility. The
interface-type RS was �rst demonstrated by Sawa [32]. Rui Wanget al. demonstrate
an interface-type RS device with Pt/WO3� x /Pt, where oxygen vacancies concentration
changes the conductivity of WO3� x layer [33]. Similarly, oxygen vacancies change the
conductivity in amorphous InGaZnO [34] and Nb-doped SrTiO3 [35].

A schematic of the switching mechanism in interface-type RS is shown in Figure 2.7,
where a metal and n-type semiconductor were used as an example. When a negative bias
is applied at the metal layer (Figure 2.7(a)), oxygen vacancies are attracted towards the
metal electrode and narrow the depletion width, resulting in the LRS of the device. Now,
a positive bias in the metal electrode would repel the vacancies away from the interface,
resulting in a wider depletion width, as shown in Figure 2.7(b). Thus, the device switches
back to HRS.
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Figure 2.7: The switching mechanism of interface-type memristors. (a) During the LRS
transition, vacancies accumulate near the metal-oxide interface, decreasing the depletion
width. (b) During the HRS transition, the depletion width increases due to fewer defects
at the interface [8].

2.3 Conduction Mechanism

An image of various conduction mechanisms from cathode to anode is shown in Figure 2.8.
Conduction mechanisms can be divided into two parts: electrode-limited and bulk-limited.
The conduction mechanism changes by the insulator properties (trap or bandgap energy
level), the device fabrication process (annealing temperature or ambient condition during
annealing), and the interface properties between oxides and contact electrodes (barrier
height). After the set process, the conduction process is mostly ohmic for large operating
current( 200 � A). A larger current in LRS indicates the presence of many defects in the
�laments, which ultimately help to achieve tighter conductance distribution and longer
retention. In contrast, scaling of LRS switching current results in fewer defects in the
�laments, which eventually broaden the conductance distribution and lower the retention
[36].

Typically, the internal conduction mechanisms can be inferred by �tting the experi-
mental current-voltage characteristics data. In addition, from the basics of the tunnelling
phenomenon, one can neglect direct tunnelling if the oxide thickness is greater than 5 nm.
FN tunnelling is negligible at low bias to medium bias, while FN tunnelling will have a
more signi�cant in
uence at high bias.
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Figure 2.8: Probable conduction mechanism picture in a metal-insulator-metal system
[9].

2.4 Battery-like Memristors

So far, memristors based on a metal oxide switching layer have been discussed. Those
devices show either volatile or non-volatile memory characteristics. It is important to
note that controllable doping in the switching layer can drastically improve the device's
performance. One of the ways of controllable doping can stem from all thin-�lm solid-state
battery-like structures, where controllable lithium ion intercalation and deintercalation
cause the charging and discharging of the battery. Ion intercalation/deintercalation can be
de�ned as the insertion/extraction of a foreign ion, for example, lithium or silver, within a
host material. Guofeiet al. demonstrated a \battery-like" tunnel junction, where reversible
Li -ion motion changes the conductivity [37]. Besides, solid-state electrolytes can readily
overcome two barriers posed by existing organic or liquid electrolytes: 
ammability and
limited electrochemical stability. Among the di�erent solid-state electrolytes, lithium-ion-
based solid-state electrolytes are especially promising because of their smaller size with
high ionic conductivity. Therefore, the integration of lithium-based solid-state electrolytes
with the existing metal oxide switching layer de�ned the battery-like memristors, and this
thesis addresses how the battery-like memristors will perform.
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2.4.1 Ionic Conductivity and LiPON

Lithium-ion transport mechanism in solid-state electrolytes is governed by defects. There
are several types of defects, such as point defects, planar defects, line defects, electron
defects and volume defects. Compared to any other kinds of defects, point defects greatly
in
uence the ion transport in crystals. In 1926, Frenkel �rst introduced the idea of point
defects. The schematics in Figure 2.9(a) illustrate di�erent point defect models, including
Schottky and Frenkel defects. In Schottky defects, an anion vacancy is accompanied by a
cation vacancy, whereas in Frenkel defects, a vacancy is accompanied by an interstitial ion.
Ions are incapable of escaping their host sites in perfectly ordered crystals. Ionic current
or transport occurs when the point defects are in motion in a crystal. Ionic conductivity
is also governed by the di�usion pathway, as shown in Figure 2.9(b) and (c). According
to the �gure, the migration barrier or activation energy is di�erent in di�erent closed-pack
frameworks.

In solid-state electrolytes, there are three dominant di�usion mechanisms, including
vacancy-mediated, interstitial-mediated, and interstitial{substitutional exchange-mediated,
as shown in Figure 2.9(d). The vacancy mechanism typically depends on Schottky defects,
creating numerous vacancies and facilitating ion hopping within the crystal. Once aLi -ion
�nishes hopping, a new vacancy is created in the original site, enabling lithium ions to
di�use and perpetuate the mechanism. In interstitial-mediated transport, interstitial ions
travel through the Frenkel defects. Lithium ions migrate in the interstices between molec-
ular structures by continually substituting Li ions at nearby available sites. The Li-ion
transport in a ceramic-like solid-electrolyte is governed by three factors: the type of the
carrier, ionic di�usion pathway, and type of di�usion. In ceramic crystal structures, point
defects govern both the charge carrier types and carrier concentrations that directly in
u-
ence the ionic conductivity. Moreover, during transport, lithium ions interact with each
other and their surroundings, which signi�cantly impacts ionic conductivity.

Ionic conductivity also depends on the activation energy, meaning how easily an ion can
migrate to a neighbouring site. Because of the exponential relationship between conductiv-
ity and activation energy, understanding of activation energy is of paramount importance.
The activation energies can be deduced from Arrhenius's expression, expressed as,

� =
A
T

� exp(�
Ea

kB T
) (2.1)

where � is the conductivity at temperature, T (K), Ea is the activation energy,kB is the
Boltzmann's constant,A is the pre-exponential constant. The activation energy,Ea, can
be calculated from the slope ofln(�T ) versus 1=T plot.
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