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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), artificial 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 sufficient. 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 (CO2) 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 much CO2 as five 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 different 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.
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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-efficient 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-efficient 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 fires 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 difficult and less efficient [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 defined 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 benefit 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 different, 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 configured 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 specific applications, which is similar to the concepts of field programmable gate
arrays (FPGA) but geared towards non-digital realizations. Therefore, the first objective
focuses on the material stacks that can be configured 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
efficiency, 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 field-effect transistor (FeFET),
consisting of three terminals, configuration 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, different crossbar architectures have been proposed. Based on
the number of states and transistor configurations, 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 efficiently 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 briefly 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 filamentary 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 briefly describes three basic components of micro- and nano-fabrication, in-
cluding lithography, deposition, and etching processes. At first, thin-film 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 briefly 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 TiOx 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 like TiOx renders volatile conductance responses from the de-
vice. 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 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 configured into non-volatile memory units
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with multibit storage capabilities after an electroforming process. Therefore, on the same
platform, we can configure 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 effectively 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 specific
spin configurations. We begin by finding 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 field
that rotates and transforms the spin configurations of the memory device. Our results in-
dicate that stable configurations 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 configurations tend to revert to
their adjacent states. By simply changing the direction of the field, 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 different 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 briefly 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 filamentary 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 finite resistance
and intrinsic memory. The memristor device theory was first 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 different 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-film
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 defined 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 artificial synaptic
devices.

Figure 2.2: Current-Voltage (IV) characteristics of (a) an unipolar type RS. (b) a bipolar
type RS.

10



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 affecting 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
- [> Vth] - 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
artificial 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 figure, the conductance decay
has two different slopes, indicating two different time scales. Initially, the decay is faster
and later, the decay is slower. After fitting 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 diffusive 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 figure, 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/WOx/W) after the removal of voltage excitation [3]. Copyright © 2015 John
Wiley and Sons. (d) Conductance decay in threshold-type resistive switching device
(Au/SiOxNy: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 classified 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/off ratio. Recent
demonstrations suggest that digital switching can be used to construct artificial 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 artificial 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 Kirchhoff’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 artificial 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 classified into two categories:
filament-type RS and interface-type RS.

2.2.1 Filament-type RS

In filament-type resistive switching, conduction happens through the filament, which is
formed during the first 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 field concentrated on a thin film. Once the filament is formed, the
forming process is done. A partial rupture of the filament 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 filamentary or not is to check the area-dependent conductance. The
conductance is less dependent on the area in the case of filamentary RS. There are two
types of filamentary RS devices: anion-type and cation-type filamentary RS. Details of
both devices are given below.

Cation-type Filamentary RS

Cation-type filamentary RS is known as conductive bridge resistive random-access memory
(CBRAM). This memory system depends on the electrochemical metallic filament 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 field 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 filament is dissolute, and
the channel is broken, leaving the device in a high resistance state. Figure 2.5 illustrates
the whole process of filament 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 filamentary RS, anions, usually oxygen ions, participate
in anion-type filamentary 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 filament formation and rupture process of Anion-type Filamentary
RS memory. At first, as a result of a large applied voltage on a thin oxide layer at the
top electrode, a highly localized field 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 filament formation
process. Now, current can flow through the conductive filament 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 filaments. For the reset process or HRS, we need to
rupture the filament. 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 filament path ruptures. Ion migration
results in a gap between oxide and metal, and due to the low probability of tunnelling, the
current will be significantly 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
filament 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 first demonstrated by Sawa [32]. Rui Wang et 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 µA). A larger current in LRS indicates the presence of many defects in the
filaments, which ultimately help to achieve tighter conductance distribution and longer
retention. In contrast, scaling of LRS switching current results in fewer defects in the
filaments, which eventually broaden the conductance distribution and lower the retention
[36].

Typically, the internal conduction mechanisms can be inferred by fitting 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 significant influence 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-film 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
defined as the insertion/extraction of a foreign ion, for example, lithium or silver, within a
host material. Guofei et 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: flammability and
limited electrochemical stability. Among the different 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 defined 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
influence the ion transport in crystals. In 1926, Frenkel first introduced the idea of point
defects. The schematics in Figure 2.9(a) illustrate different 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 diffusion pathway, as shown in Figure 2.9(b) and (c). According
to the figure, the migration barrier or activation energy is different in different closed-pack
frameworks.

In solid-state electrolytes, there are three dominant diffusion 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 a Li-ion
finishes hopping, a new vacancy is created in the original site, enabling lithium ions to
diffuse 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 diffusion pathway, and type of diffusion. In ceramic crystal structures, point
defects govern both the charge carrier types and carrier concentrations that directly influ-
ence the ionic conductivity. Moreover, during transport, lithium ions interact with each
other and their surroundings, which significantly 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,

σ =
A

T
∗ exp(− Ea

kBT
) (2.1)

where σ 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 of ln(σT ) versus 1/T plot.
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Figure 2.9: Schematic representation of (a) various defects, (b) Li-ion migration pathway
(left) with calculated energy along the migration path (right), (c) activation barrier of Li
ion as a function of lattice volume, and (d) migration mechanism in solid-state ceramic
electrolytes [10, 11]. Copyright © 2018 ELSEVIER and 2015 Springer Nature.

There are some electrolytes that pose extremely high ionic conductivity of about 0.01
S/cm and are usually known as superionic conductors. In a typical solid, ion conduction
is mediated by the migration of a single ion among sites in the crystal structure, whereas
in superionic conductors, ion conduction happens through the diffusion of multiple ions
because of the low migration barriers. This type of migration is a result of disordered ions
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Figure 2.10: Crystal structure of different oxide electrolytes used in solid-state batter-
ies. Most of them can be amorphous or crystalline structures except LiPON, which is
amorphous-type only. Yellow spheres represent the lithium-ion position in the lattice [12].
Copyright © 2021 Springer Nature.

in the lattice caused by geometric frustration. Lithium-ion-based electrolytes are promis-
ing candidates for superionic conductors. There are three types of solid-state electrolytes:
Polymer electrolytes, Oxide electrolytes, and Sulfide electrolytes. Polymer electrode suf-
fers from low ionic conductivity and less energy density, whereas Sulfide electrolytes have
poor stability and are environmentally hazardous. Oxide electrolytes, on the other hand,
have high ionic conductivity. Figure 2.10 shows different crystal structures of oxide-type
solid-state electrolytes. Among different lithium-ion-based superionic electrolytes, Lithium
phosphorous oxynitride (LiPON) has been used as a superionic electrolyte in thin-film
solid-state batteries (SSB) since 1990. Besides having high ionic conductivity, LiPON is
a good electrical insulator. This is why LiPON will be used in this research.

LiPON thin film can be grown in several deposition techniques, including radio fre-
quency magnetron sputtering, pulsed laser deposition (PLD), ion beam-assisted deposition
(IBAD), and atomic layer deposition (ALD). The most popular method is radio frequency
magnetron sputtering, in which Li3PO4 target is used in a nitrogen plasma environment
to grow amorphous glass-like electrolytes with different stoichiometry of LixPOyNz (2.6 ≤
x ≤ 3.5, 1.9 ≤ y ≤ 3.8, 0.1 ≤ z ≤ 1.3) [38, 39, 40].

2.4.2 TiOx and LiPON Switching Layer

To realize a battery-like memristor device, this research incorporates TiOx, a metal ox-
ide switching layer, and LiPON, a superionic solid-state conductor. It has been well
established that the conductivity of TiOx is determined by the concentration of oxygen
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Figure 2.11: Ternary phase diagram of Lithium-Titanium-Oxygen system with lithiation
path (dashed line) [13]. Copyright © 2019 MDPI.

vacancies, which is also the basis of TiOx-based memristors. TiOx is also known as a
promising electrode material in rechargeable batteries in which Li ions can travel in and
out of the nanostructures, easily forming intercalated ion storage. If the device thickness is
a few nanometers in the thickness direction, Li insertions and extractions happen readily.
A ternary phase diagram of Li-Ti-O compounds is used to understand more about how
lithium intercalation and deintercalation change conductivity. The ternary Li-Ti-O system
can assume various forms, with the oxygen-defected ones highly conducting, serving well
their roles in batteries. As shown in Figure 2.11, phases on the line connecting TiO2 and
Li2O are stoichiometric and insulating. Phases above this line contain oxygen vacancies
and are highly conductive, therefore commonly used as battery electrodes. If the Li in-
tercalated TiOx is in this region, Li tends to bond with O and free up electrons from Ti,
making the conductivity go up as the Li concentration increases. The more detailed results
of this system will be described in the next chapter.

2.5 Memristive Synapses

In a biological brain, there are about 1011 neurons and about 1015 synapses. The func-
tionality of our brain is determined by a complex neural network of synapses and neurons.
The neuron functionality includes the generation and transmission of action potential to
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neighbouring neurons, whereas the synapses basically connect those neurons and build the
communication. A schematic of biological synapses, in which a postsynaptic neuron is
connected with a postsynaptic neuron, is shown in Figure 2.12. Communication between
two neurons is developed via a synapse. At first, neurotransmitters are synthesized and
stored in the synaptic vesicles. When an action potential is generated at the presynaptic
neuron terminal or axon, voltage-gated Calcium channels trigger and Calcium ions (Ca2+)
start flowing into the pre-synaptic neuron and synaptic vesicles shift towards the synap-
tic cleft and release neurotransmitters, which then bind to receptor proteins across the
gap and cause Na or K ions to conduct through the post-synaptic neuron, and this pro-
cess strengthens or weakens the connection strength between synapses, known as synaptic
plasticity.

Based on the retention time period, synaptic plasticity can be divided into two cate-
gories: (1) Short-term plasticity (STP) and (2) long-term plasticity (LTP). While STP is
useful for quick response and information filtering, LTP is crucial for the development of
synapses and the regulation of neural circuits. Nanoscale memristive devices can efficiently
emulate different brain-like synaptic functions. To date, much research has been conducted
to demonstrate the STP and LTP in memristive devices.

2.5.1 Memristive STP

Synaptic plasticity forms that are in the range of milliseconds to minutes are known as
STP, which includes PPF, PTP, synaptic facilitation/depression, and augmentation. As
described earlier, whenever neurotransmitters migrate to the postsynaptic receptors, they
temporarily modify the synaptic efficacy. If there is another identical action potential
generated before the recovery time of the calcium ions, the response from the postsynaptic
neuron becomes higher compared to its first one. This effect is known as PPF. Likewise, a
train of consecutive identical pulses of a certain duration results in a gradual augmentation
of synaptic plasticity, which is known as PTP. In addition, synaptic plasticity is a function
of the spike rate as well. Spike rate modifies the number of neurotransmitters from the
presynaptic neuron, which modifies the strength of synapses; this process is known as
SRDP.

Figure 2.13(a) shows the paired pulsed facilitation when the applied presynaptic spikes
are close. The PPF index, which is defined as the ratio of A1 and A2, as a function of
timing between applied presynaptic spikes, is shown in Figure 2.13(b). If the time interval
between two presynaptic events is large, the PPF indexing becomes small because of the ion
relaxation phenomenon associated with the excitation. Therefore, the PPF index versus
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Figure 2.12: Schematic of a biological synapse connecting a presynaptic neuron with a
postsynaptic neuron. Upon the generation of action potential in the presynaptic neuron,
voltage-gated calcium ion channels open, and calcium influx causes the neurotransmitter
to be released near the synaptic cleft. These neurotransmitters then bind with receptor
molecules and alter the connection strength of the postsynaptic neurons [14]. Copyright
© 2018 John Wiley and Sons.

presynaptic time interval shows an exponential decay-like behaviour. Moreover, a train
of similar pulse shows PTP from the device, and when the pulse interval is too high,
about two orders of magnitude, it causes paired-pulse depression (PPD) characteristics,
as shown in Figure 2.13(d) . The pulse characteristics also confirm the usual PPF and
PPD characteristics from a memristive device. Therefore, memristive devices are capable
of emulating short-term plasticity.
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Figure 2.13: (a) Two consecutive presynaptic spikes with a 200ms delay applied in a
memristive device and corresponding excitatory post-synaptic current (EPSC) from the
device. Here, A1 and A2 are the current amplitudes of the first and second EPSCs, respec-
tively. (b) PPF index as a function of the interval between two presynaptic spikes [15].
Copyright © 2014 Springer Nature. (c) Memristive devices mimic short-term plasticity,
including PPF and PPD, when consecutive pulses with different pulse delays are applied to
the device. (d) Memristive devices with PPD followed by PPF behaviour [4]. Copyright
© 2017 Springer Nature.

2.5.2 Memristive LTP

In contrast to STP, long-term synaptic plasticity, including LTP and long-term depression
(LTD), prevails for several hours to days. Although compared to STP, LTP lasts longer,
it also decays over time. The conductance decay rate depends on the pulse duration and
amplitude. Raymond et al. studied LTP response for varied input conditions. When the
input stimulus is a single pulse train of 100 Hz, the conductance goes back to the initial
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Figure 2.14: Spike timing dependent plasticity (STDP) of a biological synapse. If the
presynaptic input precedes the postsynaptic one, the conductance increases, known as
long-term potentiation (LTP). In the opposite case, the conductance decreases, known as
long-term depression (LTP). The closer the timing, the larger the relative conductance
change, which is defined as ∆G = (Ga - Gp)/ Gp, where Gp is the conductance value before
the synaptic input and Ga is the conductance value after the synaptic input [16, 17].
Copyright © 1998 Society for Neuroscience & 2011 IEEE.

value within two hours. The EPSC decays back slowly to the initial EPSC after four pulse
trains and decays at a much slower speed when eight pulse train stimuli are applied.

The synaptic plasticity in LTP relies on the relative timing difference between presynap-
tic and postsynaptic neurons, which is known as spike-timing-dependent plasticity (STDP)
or Hebbian-like learning. In STDP, if the presynaptic spike input arrives before a post-
synaptic spike input within a short interval in a memristive device, the synaptic weight
increases; similarly, if the postsynaptic input arrives before the presynaptic input, the
synaptic strength decreases. If the relative timings are large, there will be no change in
the synaptic weight. Figure 2.14 shows STDP like LTP and LTD in a memristive device.
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2.6 Emerging Computing Architecture

Existing computing architecture is plagued by higher energy consumption and latency, as
the memory and processor are physically segregated. That’s why neuromorphic computing,
which is inspired by the human brain, is proposed where the memory and processing
elements are co-located, thereby eliminating the energy cost and latency of data shuffling.
There are several emerging computing architectures; however, in this thesis, RC and IMC
will be discussed.

2.6.1 Reservoir Computing using Memristors

Among various artificial neural network (ANN) architectures based on static random-access
memory (SRAM), DRAM, and memristor, the memristor-based ANN has been extensively
studied due to its simple fabrication process and low integration cost. Furthermore, mem-
ristors can have volatile or non-volatile natures, resembling the short-term and long-term
memory of the biological brain. In terms of ANN architectures, feedforward neural net-
works (FFNN) are particularly useful for static spatial patterns, such as image recognition,
while recurrent neural networks (RNN) are more practical for dynamic data, including voice
recognition and forecasting. RNN requires less number of training parameters compared
to the FFNN network, thus reducing complexity. However, the training of RNN suffers
from a vanishing or exploding gradient problem. In a recurrent neural network, weight
matrices are multiplied both in forward and backward propagation. When the error is
multiplied and back propagated, there is a possibility that weights are becoming weaker,
known as the vanishing gradient problem or weights are becoming larger, known as the
exploding gradient. This phenomenon is more pronounced when the time sequence is large
as the error is multiplied again and again, which reduces the value close to zero or infinite,
resulting in the incapability to decide which direction to move to minimize the loss func-
tion. In contrast, in reservoir computing schemes such feedback is avoided. To solve this
issue, a RC method was introduced where training updates only at the output layer, thus
bypassing the interior complexity and reducing the number of training parameters. There
are two main parts in the RC scheme: a reservoir layer and an output layer. The volatile
memristors can act as a reservoir of the RC system, whereas the output layer can benefit
from non-volatile elements to retain the training weights.

A typical RC system is depicted in Figure 2.15(a), consisting of an input layer connected
to a dynamic reservoir and an output layer. The purpose of the dynamic reservoir is to
transform the input into a high-dimensional space representation that can be used to
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Figure 2.15: Reservoir computing and reservoir computing architecture with memristive
devices. a) A schematic illustration of a typical RC system that shows the reservoir with
internal connections and a readout layer. It is interesting to note that only the weight
matrices Θ are trained. b) Illustration of a Memristive RC system with encoded pulse
streams as the inputs, the reservoir based on memristors, and a readout layer, which is
a fully connected neural network. In an example of a digit recognition task that consists
of 5×4 pixels images, and the reservoir has 5 volatile memristors [18]. Copyright © 2017
Springer Nature.
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Figure 2.16: Reservoir computing hardware using volatile dynamic memristor(DM) and
multi-bit non-volatile memristors. Hysteresis current-voltage curves, an optical image
of 24 DMs, and a cross-sectional TEM image of the DM (inset) with vertically stacked
Ti/TiOx/Pd device structure are shown on the left. A photograph of the PCB hardware
that integrated the power module with an MCU, reservoir module, and readout module
(consisting of four non-volatile memory chips) is shown in the middle. Current-voltage char-
acteristics of multi-bit capable non-volatile memory devices with TiN/TaOx/HfAlOy/TiN
material stack and corresponding cross-sectional TEM image are shown on the right [19].
Copyright © 2022 Springer Nature.

linearly separate the input and the output layer is a fully connected neural network. It
is interesting to note that only the weight matrices Θ are trained. Figure 2.15(b) shows
the memristive device-based reservoir computing architecture. The input layer is a stream
of pulses, which is a resultant of 5×4 pixels encoded as a basis of black and white image
values. The memristors are used as a reservoir due to the volatile non-linear current-voltage
characteristics and produce the specific output that will connect via a fully-connected
neural network.

There are several studies investigating the feasibility of memristive reservoir computing
architecture. Most of the implementation was carried out using volatile memristors that act
as a reservoir and non-volatile memristors on the output layer to store the synaptic weights.
Rivu Midya et al. have demonstrated an RC system to classify the Modified National In-
stitute of Standards and Technology (MNIST) handwritten digits database with diffusive
memristors(Pd/SiO2:Ag/Pt) and drift memristors(Pd/Ta2O5/Ta) [41], even though the ac-
curacy of the implementation was 83%. John Moon et al. performed classification and fore-
casting of temporal data using W/WOx/Pd/Au volatile memristor [42], and a parallel dy-
namic RC system was investigated by Yanan Zhong et al. using Ti/TaOy/TiOx/Pt volatile
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memristors [43]. In the above-mentioned works, the output layer was trained separately or
using a different set of memristors [19]. Figure 2.16 shows memristive reservoir computing
hardware architecture implementation using dynamic memristors(Ti/TiOx/Pd ) as reser-
voir layer and multi-bit capable non-volatile memristors (TiN/TaOx/HfAlOy/TiN) to store
the weight of fully connected neural network. Previous implementations were realized by
fabricating separate devices for the reservoir and output layer, respectively, as the reser-
voir 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 different, the fabrication
cost of the devices was expensive, and they required larger areas and/or additional metal
layers. Therefore, a universal memory device that can be configured as either volatile or
non-volatile is of utmost importance to reduce footprints and latency and to realize low-
cost RC systems with customizable layouts on a universal platform. The customization
can be tailored/optimized towards specific applications, which is similar to the concepts of
FPGA but geared towards non-digital realizations. Therefore, the first objective focuses
on the material stacks that can be configured to volatile or non-volatile memory.

2.6.2 Multi-bit-Memory-based In-memory Computing

A typical neural network consists of an input vector, weight matrix, and output vector, as
shown in Figure 2.17(a). The core of the neural network is to accomplish MVM, which can
be done in a digital-like von Neumann architecture or in an analog-like memristive crossbar
architecture. In existing von Neumann-like computing processors such as CPUs and GPUs,
MVM operations are typically accomplished in dedicated hardware units known as MAC
units, as shown in Figure 2.17(b). A MAC unit generally consists of a multiplier unit,
an adder unit, and a register unit that stores the result of the MVM operation. At each
clock operation, the data that are retrieved from the external memories are first multiplied,
followed by accumulating the output in a register. This process, nonetheless, involves large
latency, register operations as well as data access delay based on the matrix size.

In contrast to digital MVM architecture, the memristive crossbar-based MVM architec-
ture features a fully interconnected topology, which enables massive parallelism of MVM
processing, as depicted in Figure 2.17(c). Within the memristive crossbar array, the in-
put vector (multiplier) is applied to the bottom electrode of the crossbar array, and the
memory devices’ conductance acts as a weight matrix (multiplicand). Ohm’s law is used
to multiply the input with weight matrices, and Kirchhoff’s current law is used to sum up
all the multiplied results. The output current from the bit line (top electrode) represents
the resultant MVM operation. With massive parallelism capability, memristive IMC has
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Figure 2.17: a) Schematics of a typical neural network. b) The illustration of a digital
and analog matrix-vector multiplication (MVM) scheme. In digital MVM implementation,
multiplier digital blocks are used to multiply two digits followed by adders blocks to add the
results. The analog VMM can be realized by adding currents from M lines and repeating
the same in N columns of an RS-based crossbar. c) The hardware implementation of MVM
using a memristive crossbar, in which each intersection contains a memory cell. The bottom
electrodes, where input vectors are applied, act as a word line. The devices’ conductance
acts as a weight matrix. The resultant current from the top electrode, which also acts as a
bit line, represents the MVM result. d) Three-dimensional image of a back-end-of-the-line
(BEOL) integrated memristive crossbar [20]. Copyright © 2020 Wiley-VCH GmbH.
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emerged as a promising alternative for efficiently accelerating MVM operations and related
applications.

Memristive devices can be used to represent as synaptic weights of a memory cell.
Memristive crossbar architecture is a promising candidate for highly energy-efficient and
area-efficient implementation due to non-volatility, meaning no voltage is needed to store
the data, and the unit crossbar area required by each device is 4F2. However, passive
memristive crossbar arrays suffer from the sneak-path current problem, which is defined as
an undesired current path due to the simple resistive structure, resulting in failure to read
accurate data value in the cells. The common method to suppress sneak path current is
to use a transistor, diode, or a selector in series with the memristors. To select the specific
cell, the transistor connecting to that cell will be turned on, and all others will be turned
off, which reduces the sneak path current. The transistor connected with a memristive
array is shown in Figure 2.17(d).

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, different crossbar architectures have been proposed. Based on
the number of states and transistor configurations, 1T-1R, 2T-2R, and 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, mem-
ristor devices with multiple transistors can enhance the resolution. This thesis proposed
a 2T-2R structure that can efficiently 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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Chapter 3

Experimental Methodology

Overview

In this section, three basic components of micro- and nano-fabrication, including lithog-
raphy, deposition, and etching processes, will be elaborated. At first, thin-film deposition
techniques, such as sputtering and plasma-enhanced chemical vapor deposition, are pre-
sented. 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 briefly explained afterwards. Moreover, a
description of the whole fabrication process of standalone memory devices and CMOS-
integrated memory devices is presented.

3.1 Thin-film Deposition Processes

Thin-film deposition is a crucial step in any micro-fabrication or nano-fabrication process,
which facilitates the creation of active layers on the substrates for various applications in
photonics, electronics, MEMS, and other state-of-the-art technologies. The deposited layer
can be conductors, insulators, semiconductors, or any other type. At present, there are
two main thin-film deposition techniques: physical vapor deposition (PVD), and chemical
vapor deposition (CVD). The choice of a deposition process relies on the preferred film
properties, uniformity, thickness, and compatibility with underlying substrate materials.
In this thesis, sputtering as PVD and plasma-enhanced chemical vapor deposition as PVD
were employed to fabricate the memristor devices.
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Figure 3.1: Schematic illustration of an RF Magnetron Sputtering system with substrate
rotation capability.

3.1.1 Physical Sputtering

Sputtering is a type of physical vapour deposition (PVD). In this technique, we need a
target, a thick layer of desired materials, and energetic ions typically come from electron
collision with inert Argon gas. When a bias voltage is applied, these energetic ions are
accelerated and collide with the target surface atoms, ejecting an atom from the target and
travelling to the substrate where it condenses. With continuous atoms coalescing, these
atoms eventually form a molecular bond and result in an atomic layer.

One of the factors that make the sputtering system more popular is the better “step
coverage”. Besides, minor damage due to radiation and high-quality compounding of
compounds and alloy layers give good film quality to the deposited layer. Figure 3.1
illustrates an RF Magnetron Sputtering system with substrate rotation capability.
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The sputtering rate is directly proportional to the sputtering yield, which is defined as
the number of atoms ejected per incident ion. Several factors that influence the sputtering
yields are incident ion energy, target atoms and ions masses, atom’s binding energy in the
target, and ion incident angle. Although sputtering yield is not dependent on the target’s
temperature, very high temperature leads to an increase in deposition rate due to the
material’s thermal excitation.

There are four widely used sputtering techniques: direct current (DC) sputtering, radio
frequency (RF) sputtering, Magnetron sputtering, and Reactive sputtering. DC sputtering
is only suitable for conductive materials deposition, such as metals. RF sputtering can be
used for both conductive and insulating materials. If the material deposition rate and lower
chamber pressure are of concern, Magnetron sputtering is the right choice. The reactive
sputtering method is best for depositing compounds.

3.1.2 Plasma-Enhanced Chemical Vapor Deposition

In micro- and nano-fabrication, plasma-enhanced chemical vapor deposition (PECVD) is
a popular technique for depositing thin films such as silicon dioxide (SiO2). This process
requires a lower temperature compared to the chemical vapor deposition process due to the
presence of plasma during deposition. The PECVD process is especially useful where ther-
mal budgets are constrained to avoid damage to the underlying layer. Several intertwined
processes occur during the deposition of thin films, which are summarized below.

• Creation of highly reactive species;

• Transport of highly reactive species onto the wafer/ surface;

• Adsorption onto the wafer surface;

• Reaction onto the wafer surface;

• Desorption of volatile byproducts;

• Pump out volatile byproducts from the chamber;

To passivate the device structure, a SiO2 layer was used, deposited using the PECVD
process, where Silane (SiH4) and nitrous oxide (N2O) were used as precursor gases. The
chamber temperature was kept at 330°C. The deposition time controls the final thickness.

36



3.2 Etching Processes

The process of removing materials from the parent structure’s surface is popularly known
as etching. It is commonly used in semiconductor device fabrication processes. In principle,
one can use two general classes of techniques for etching: wet etching and dry etching. In
wet etching, the solution-based chemical method is used for delivering high concentrations
of etchant to the substrate, which allows efficient use of chemicals for achieving high etching
rates. The main advantages of this method are low cost, high etching rate, and high
selectivity (for some materials). Due to the usual isotropic nature of wet etching, it cannot
be utilized for patterning complex structures in nanometer dimensions. Moreover, isotropic
etching often results in an undercut, which reduces the overall integrity of the devices. In
dry plasma etching, instead of liquid chemical etchants, gas phase etchants are excited into
plasma, and ions and reactive species (mostly free radicals) are generated. These extremely
reactive species chemically react with the materials to be etched and form volatile by-
products, which will be pumped away. Dry etching is much more precise and controllable
with the capability of defining structures less than 100 or even 10 nm. In this thesis, ion
milling and reactive ion etching processes were used and described in detail in the following
sections.

3.2.1 Ion Milling

In physical ion milling, heavy inert gases (typically Ar, because of its high sputtering yield)
are used to etch solid surfaces. Since its etching principle is based on ion bombardment,
it is a physical process without involving chemical reactions. This process is also known
as ion beam etching. For generating gaseous ions, Argon gas, which is chemically inert,
is introduced, and plasma or electron bombardment is used to ionize it. After extracting
the ion beam, they are accelerated onto a substrate with a patterned mask situated in a
vacuum chamber. Argon ion energy leads to various types of physical interaction. If the
ion energy is low (∼ 10 eV), accelerated ions can damage the sample surface up to a few
atomic layers. On the other hand, ions with higher energy (∼ 10 keV) can go deeper into
the sample and become implanted (ion implantation) [44]. As a result, the typical ion
energy for ion milling is kept between hundreds to thousands of eV.

Both the ion density (determined by the plasma source) and ion energy (determined
by DC bias voltage) can be independently controlled in ion beam etching. Besides, the
electric field is set up with independent electrodes, allowing the wafer to remain neutral.
The wafer can be tilted and rotated relative to the direction of the ions to ensure that the
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Figure 3.2: Illustration of a typical ion beam etching system.

etch process can remove tapered sections of the stack. Ion milling is mostly used when
RIE can’t produce volatile by-products because not all the materials can react chemically
to form a volatile compound. Sidewall profile control, tilted feature, and optimization
of radial uniformity can be enabled by ion milling. Due to the anisotropic nature of ion
milling, it can easily be used to transfer nanometer structures effectively.

The schematic of a typical ion beam etching system is represented in Figure 3.2. In this
system, the ion source is separated from the sputtering chamber. Ions can be generated
by an RF source or DC source. Figure 3.2 is a DC source-based system using electron
bombardment on gas molecules. Electrons gain enough energy when there is a potential
difference between the thermionic cathode and anode. Ions are formed when highly ener-
getic electrons collide with the gas molecules. After that, the ionized gases are extracted
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Figure 3.3: Simple diagram of different parts of an ICP-RIE etching system.

as a broad beam toward the sample’s surface. An optional electron gun, located at the
bottom part of the chamber, is used to neutralize the positive charges that accumulate on
the surface of the sample (usually for insulating materials). At Ar ion energy of 1 keV and
current density of 1 mA/cm2, the typical etching rate is 10–300 nm/min.

3.2.2 Reactive Ion Etching

Coburn et al. first showed that incorporation of a chemically reactive gas such as Cl2(g)
into the argon ion beam chamber can increase the etching rate of silicon from 2 Å/min to 10
Å/min [45]. This was the first demonstration of reactive ion etching (RIE). So far, it is one
of the most popular forms of ion-enhanced etching, and the process relies on both chemical
reactions and physical bombardment by ions on the wafer. Also, ions are accelerated by
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an electric field between an electrode in the etch chamber and the wafer itself, thus making
the process highly directional. Another motivation for plasma etching is the reduction of
chemical residue [46]. RIE with parallel plate setup is a low-density plasma system (ions
108 − 1010 /cm3), which implies a low-density of free radicals, thus low etch rate. In brief,
the reactive ion etching process takes place in three steps. At first, reactions happen on
the sample surface. The reaction with the free radicals can be spontaneous, i.e., without
the need of ion bombardment, or ion-assisted, in which the physical ion bombardment can
greatly enhance the reaction rate by mechanisms such as damaging or weakening the sample
surface or boosting the reaction product desorption [47]. After that, reaction products are
formed on the material’s surface to be etched. Finally, desorption of these products occurs,
and the etching continues.

To enhance the etching rate, we need highly dense plasma, which can easily be obtained
by an Inductively Coupled Plasma (ICP). The system runs by using two independent power
controls, namely the ICP coil power and the bias power, and operates at low pressure. In
ICP-RIE etching, the ion flux and ion bombardment energy can be controlled by varying
respectively the ICP and bias RF power. Figure 3.3 shows components of an ICP-RIE
etching system. Ionization is much more efficient, and it can operate at lower pressure,
which leads to fewer ion collisions. Thus, the etching is more directional or anisotropic
with a vertical profile. In ICP plasma, a circular electric field can be generated by using
the AC magnetic field, which accelerates electrons to boost plasma density. Also, no top
plate is actually needed, in contrast to the case with parallel plate RIE.

3.3 Lithography

The lithography process is one of the crucial steps in semiconductor device fabrication. It
is used to transfer a pattern into a resist, which will later be removed after the etching step
(known as the stripping process) or after the deposition of the desired material (known as
the lift-off process). There are two types of lithography processes: photolithography and
electron-beam lithography (EBL). While photolithography is typically used to transfer
microsize features, EBL is used to transfer nanometer-sized features. The basics of both
lithography systems are described in the following sections.

3.3.1 Photolithography

In photolithography, a light source is used to transfer the design into a photoresist by
using a mask or direct write method, such as Maskless Aligner (MLA). The photoresist
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on which the pattern is transferred can be positive or negative. In positive photoresists,
UV light exposure breaks the photoactive compound bonds, which makes it readily soluble
in developer solutions, such as TMAH. Therefore, the exposed area will be removed after
the development process. In contrast, in a negative photoresist, exposure results in cross-
linking or bonding of neighbouring polymer chains, which increases the molecular weight
that becomes insoluble. Thus, unexposed areas have lower molecular weights, which will
dissolve in aromatic developer solutions. The minimum feature size that can be achieved
by photolithography is directly related to the wavelength of the light. The diffraction limit
is the prime bottleneck of this technology, which can be described as,

d =
λ

2 ∗ n ∗ sin(θ)
(3.1)

where d denotes the feature size, λ represents the light wavelength, n is the refractive
index of the medium through which the light is travelling, and θ is the half angle from the
aperture to the focal spot.

The MLA is used in this thesis to write a pattern on the resist. The MLA approach is
cost-effective because it obviates the expensive photomask fabrication process. Moreover,
the patterns can be edited in the software rather than in the physical mask. The advantage
of MLA is the fast writing process. Compared to e-beam lithography, MLA is faster because
of its wider field laser exposure instead of pixel-by-pixel scanning. However, the resolution
is limited in micrometer range.

3.3.2 Electron-Beam Lithography

Instead of lights in photolithography, electron-beam lithography (EBL) utilizes electrons
to transfer the patterns. The feature size can be achieved as small as tens of nanometers
due to the electron’s short wavelength. The wavelength of an electron, λ can be written
as,

λ =
h√

2 ∗m0 ∗ e ∗ V
=

1.226√
V

(nm) (3.2)

where, h is the Planck’s constant, m0 is the mass of the free electron, e is the electron
charge, V is the relativistic corrected acceleration voltage. For example, the associated
wavelength of an electron with a kinetic energy of 1 eV, is 1.23nm, which is about three
orders of magnitude smaller compared to a photon. To write precise and accurate patterns,
an electron beam needs to be well-focused with a circular shape, which can be achieved
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Figure 3.4: Memory device fabrication steps along with a brief description of the process
under the steps. Both the top view and side view are given to clarify the fabrication steps.

by changing the astigmatism of the beam. Once the beam is corrected, the next step is
to perform the writefield alignment that would eliminate the stitching errors. Proximity
effects and charging effects need to be considered to realize a desired pattern. The EBL
system requires a long time to expose a large wafer because of its pixel-by-pixel exposure
nature, and tools are expensive compared to the MLA system.

3.4 Device Fabrication

This section covers the standard microfabrication process of memory devices. The fabrica-
tion steps were performed at the University of Waterloo’s Quantum-Nano Fabrication and
Characterization Facility (QNFCF) and Research Advancement Center (RAC2).

A 3-inch silicon wafer with 100 nm thermally grown SiO2 was selected as a substrate.
The substrate was cleaned using Acetone, IPA, and DI water to remove the surface con-
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taminants. The substrate is then loaded into a loadlock. Once the vacuum reaches 1e-7
torr, the sample is transferred to the Sputtering chamber to grow a TiN thin film, and
during growth, the flow rate of Argon and Oxygen gas sources were kept at 30 and 2.5
sccm, respectively. The sample is then ready for the first lithography step, denoted as Step
1 in Figure 3.4. In Step 1, the sample is spin-coated with Shipley 1811 photoresist with
the following recipe.

• Step–1 — Speed: 500 rpm, Ramp rate: 500 rpm, Duration: 5 sec

• Step–2 — Speed: 5000 rpm, Ramp rate: 1000 rpm, Duration: 60 sec

• Step–3 — Speed: 0 rpm, Ramp rate: 1000 rpm, Duration: 0 sec

• Baking Recipe: 120°C for 90 seconds.

Next, the pattern transfer was accomplished using MLA photolithography (Dose: 105,
Defocus: -2) and developed using MF-319 for about 45 seconds, followed by cleaning using
DI water. The developed wafer is ready to load in AJA ion milling to etch the TiN layer.
During Ar-ion milling, the ion sources were ejected at an angle of 90°, and secondary ion
mass spectroscopy (SIMS) was used during ion milling to determine the etching end-point.
Finally, the stripping of the resist was done by dipping the wafer in acetone. If needed, an
overnight PG rover was suggested to ease the stripping process. After stripping, a cleaning
process was performed using IPA and DI water to remove the residue.

In Step 2, the wafer is loaded in the PECVD chamber to grow a 60 nm SiO2 layer. After
being passivated with SiO2, the wafer is spin-coated with the same recipe (previous step)
except for the photoresist. Shipley 1805 was used instead of Shipley 1811 as it can result
in better resolution and easy stripping. The coated wafer is then exposed and developed,
making it ready to load in the RIE chamber. The SiO2 layer was slightly over-etched to
eliminate the residue. Similar to the previous step, stripping completes the second step.

The wafer is ready to begin the final step, where the switching layer will be deposited.
First, it is again spin-coated with the same recipe as Step–1 and then patterned using
photolithography. After the development process, the wafer is ready to grow the switching
layer (TiOx and LiPON) and top electrode (TiN/Ti/Al) using sputtering. A lift-off process
finishes the device fabrication steps.
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Figure 3.5: Fabrication steps of BEOL integration process along with a brief description
of the processes under the steps. Both the top view and side view are given to clarify the
fabrication steps.

3.5 BEOL Integration Processes

Backend-of-the-line (BEOL) integration of Lithium-imbued memristor devices on foundry
CMOS (TSMC) chips will be described in this section. The integration is crucial to real-
ize the 1T-1R configurations that will allow us to realize computing in memory without
sneakpath current issues. However, the existing CMOS foundry production system is not
compatible with Li-based materials, rendering the lithium-imbued device to be integrated
with CMOS. Therefore, a BEOL integration process that will integrate the lithium-imbued
TiOx devices with tape-out CMOS chips is developed using a university cleanroom fab-
rication facility. This method can be used to integrate other foundry-forbidden materials
with CMOS. Like standalone devices, the fabrication steps were performed at the Univer-
sity of Waterloo’s Quantum-Nano Fabrication and Characterization Facility (QNFCF) and
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Figure 3.6: (a) AFM image of M6 layer opening showing surface roughness and depth of
the hole. (b) The depth profile of the transistor.

Research Advancement Center (RAC2).

The size of the tape-out chip was 3 mm × 4 mm. The spin coater machine can’t handle
this tiny piece to spin coat the resist. Instead, the chip is mounted on a carrier wafer with
PMMA e-beam resist that acts as an adhesion layer (Baking was done at 150° C for 4
minutes). Upon the completion of spin coating, the chip is removed from the carrier wafer
by using gentle external force. The chip was spin-coated with MMA and PMMA e-beam
resist so that the lift-off became easier. The chip is then loaded into the RAITH EBL
chamber to finish the patterning. To maintain continuity, a thick layer of Ta (200 nm) and
TiN (30 nm) was deposited using sputtering techniques so that the hole (M6 opening) was
covered properly. With the lift-off process, the first step of the fabrication is completed,
as shown in Figure 3.5.

Next, the chip is loaded in the PECVD chamber to grow a 60 nm SiO2 layer. After being
passivated with SiO2, the chip is spin-coated with the help of a carrier wafer as described
in previous steps. This time, ZEP 520A e-beam resist was used for spin coating as it can
result in better resolution and easy stripping. The chip is then exposed using RAITH EBL
and developed. Figure 3.6 shows the AFM measurement and corresponding average depth
profile of the M6 opening of the chip. As can be seen from the figure, the surface depth
is not suitable for any device fabrication on top of the transistor, so the patterning of the
device opening was done close to the opening, where the surface is close to flat. The chip
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Figure 3.7: SEM images of CMOS chip after bottom electrode deposition, followed by
passivation with SiO2 and RIE etching. The white box indicates the bottom electrode area
and the Transistor and RRAM opening.

is loaded in the RIE chamber to etch the SiO2. The SiO2 layer was slightly over-etched to
eliminate the residue. The stripping of the e-beam resist completes the second step. The
scanning electron microscope (SEM) image of the device with the bottom electrode and
openings for the transistor and memory device is shown in Figure 3.7.

In the final step, the chip is again spin-coated with MMA and PMMA e-beam resist with
a carrier wafer. Upon patterning with EBL and developing the resist, the switching layer
(TiOx and LiPON) and top electrode (TiN/Ti/Al) will be deposited using a sputtering
system. A lift-off process finishes the fabrication of the BEOL integration processes.
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Chapter 4

Volatile and Non-volatile Iontronic
Memory

Overview

This chapter demonstrates a lithium (Li) imbued TiOx iontronic device that exhibits
synapse-like short-term plasticity (STP) behaviour without requiring a forming process
beforehand or a compliance current during switching. A solid-state electrolyte lithium
phosphorus oxynitride (LiOPN) behaves as the ion source, and the embedding and releas-
ing of Li ions inside the cathodic like TiOx renders volatile conductance responses from
the device and offers a natural platform for hardware simulating neuron functionalities.
Besides, these devices possess high uniformity and great endurance as no conductive fil-
aments 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 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, volatile analog devices can be configured into non-volatile memory units with
multibit capabilities after an electroforming process. 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 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.
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4.1 Introduction

As a result of the significant advancements in artificial intelligence (AI), the Internet of
Things (IoT), and big data technologies, a variety of intricate challenges including image
and voice recognition, autonomous driving, and natural language processing, have been
addressed through the utilization of the prevailing von Neumann architecture [48, 49, 50,
51]. However, this architecture is plagued by higher energy consumption and latency, as
the memory and processor are physically segregated. To address this issue, researchers
have proposed the adoption of neuromorphic computing (NC) architectures inspired by
the human brain, in which the memory and processing elements are co-located, thereby
eliminating the energy cost and latency of data shuffling [52, 42, 53, 54].

Among various artificial neural network (ANN) architectures based on SRAM, DRAM,
and memristor, the memristor-based ANN has been extensively studied due to its simple
fabrication process and low integration cost [55, 56, 57, 58, 59], and memristors can have
volatile or non-volatile natures, resembling the short-term and long-term memory of the
biological brain. In terms of ANN architectures, feedforward neural networks (FFNN) are
particularly useful for static spatial patterns, such as image recognition, while recurrent
neural networks (RNN) are more practical for dynamic data, including voice recognition
and forecasting. ANN requires less number of training parameters compared to the FFNN
network, thus reducing complexity [60]. However, the training of ANN suffers from a
vanishing gradient problem. To solve this issue, a Reservoir Computing (RC) method was
introduced where training updates only at the output layer, thus bypassing the interior
complexity and reducing the number of training parameters. There are two main parts in
the RC scheme: a reservoir layer and an output layer. The volatile memristors can act
as a reservoir of the RC system, whereas the output layer can benefit from non-volatile
elements to retain the training weights.

Some of the existing volatile memories are digital, meaning they set a certain threshold
voltage to trigger the conductance change, and they cannot emulate the analog brain
functionalities, though they are still good in selector applications and artificial nociceptors
[61, 62, 63, 64, 65, 66, 67]. Recently, some researchers have shown analog-type memristor
devices, where the conductance can be gradually tuned, thus emulating biological synapse
[68, 69, 70].

Rivu Midya et al. have demonstrated an RC system to classify the Modified National
Institute of Standards and Technology (MNIST) handwritten digits database with diffusive
memristors(Pd/SiO2:Ag/Pt) and drift memristors(Pd/Ta2O5/Ta) [41], even though the
accuracy of the implementation was 83%. John Moon et al. performed classification and
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forecasting of temporal data using W/WOx/Pd/Au volatile memristor [42], and a parallel
dynamic RC system was investigated by Yanan Zhong et al. using Ti/TaOy/TiOx/Pt
volatile memristors [43]. In the above-mentioned works, the output layer was trained
separately or using a different set of memristors [19]. In light of these, a universal memristor
that can be configured as either volatile or non-volatile is of utmost importance to reduce
footprints and latency in the memristor-based RC system. This would also allow one to
realize low-cost RC systems with customizable layouts on the same platform of memristors.

Inspired by natural neurons where the transport of Na and K ions forms the basic neural
impulses, we seek solutions in an alkaline ion-enabled solid-state system that is also CMOS
compatible. In this research, we report an iontronic device consisting of TiOx, which
is known as a good cathode and anode material, and Lithium Phosphorous Oxynitrate
(LiPON), a good solid-state Li electrolyte, together forming a device capable of control-
lable ionic motion under applied voltages, and configurable to either volatile or non-volatile
behaviour. Volatile memory characteristics can be obtained without needing device form-
ing or compliance currents, thus obviating complex setups. The pulse-dependent study
revealed Short-Term Plasticity (STP), where conductance gradually varies with the appli-
cation of short-duration pulses. The timescale of the volatile memory devices is a function
of the voltage excitation pulse widths. With a temperature-dependent conduction study,
there was a sharp change in conductance above a threshold temperature of 220 K. In
contrast, below the threshold temperature, the ion displacement-mediated conductance
gives way to weakly temperature-dependent variable range hopping conduction. After
electroforming, i.e., creating conductive filaments, these devices can also be configured for
non-volatile memory applications with good retention and endurance. Thus, both volatile
and non-volatile properties can be obtained on the same memristor-based neuromorphic
computing chips, a desirable iontronic platform for creating non-von-Neumann architec-
tures. The tunable timing characteristics of devices were applied to a model task of voice
recognition, showing excellent accuracy of about 94.4% with a minimal amount of training
data input.

4.2 Experimental Methods

4.2.1 Device Fabrication and Characterization Steps

Three-inch Si wafers with thermally grown 100 nm SiO2 were used as the substrates. After
finishing the cleaning process, the TiN bottom electrode was deposited using DC sputter-
ing. It is then patterned with standard photolithography processes and etched using ion
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milling with a secondary ion mass spectroscopy (SIMS) to detect the end-point. Next,
a 60 nm SiO2 passivation layer was deposited using the plasma-enhanced chemical vapor
deposition (PECVD) process. Then the sample was again patterned using photolithogra-
phy and the SiO2 layer was etched using reactive ion etching (RIE) to open active areas
of the devices. Another lithography and liftoff step defined the switching layer and the
top electrode (TiN/Al) and formed junctions with the bottom electrode through the ac-
tive openings. The LiPON and TiOx were reactively sputtered by properly adding N2

and O2 gases, respectively. Focused ion beam scanning electron microscopy (FIBSEM)
and transmission electron microscope (TEM) were done using ZEISS SEMFIB and JEOL
TEM.

4.2.2 Electrical and Temperature Measurement Steps

All electrical measurements, including DC and Pulse, were done with a Keithley 4200A
semiconductor parameter analyzer, equipped with source measure units (SMUs) for DC
measurement and pulse-measurement units (PMUs) and remote preamplifier/switch mod-
ules (RPM) for pulse measurements. Temperature-dependent measurement was performed
using a Janis probe station.

4.2.3 DFT Calculations

The density functional theory (DFT) study was conducted using the Vienna Ab-initio
Simulation Package (VASP) to optimize the structure of anatase TiO2 to its ground state,
with the ultimate goal of determining the energy barrier for Li migration [71]. Initially,
the structure of anatase TiO2 underwent relaxation with a kinetic energy cutoff of 450 eV
for the plane wave. Brillouin zone integration was conducted using the Monkhorst-Pack
scheme, employing a k-point mesh of 5 x 5 x 5, with the exchange-correlation functional
approximated using Perdew-Burke-Ernzerhof (PBE) within the generalized gradient ap-
proximation (GGA) [72]. Under the same conditions, a four times larger supercell was
used to find the local minima for the Li-doped TiO2 O-defective before the climbing im-
age nudge elastic band (CI-NEB) calculation [73]. The CI-NEB calculation was carried
out using high-performance computers equipped with graphics processing units (GPUs)
[74, 75]. To strike a practical balance between convergence and accuracy, the migration
path consisted of five images.
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4.2.4 Voice Recognition Configuration

The voice data was converted into a cochleagram (frequency channel vs time) using Lyon’s
passive ear model. After conversion, the processed data consists of 64 channels, each of
which would be the input vector applied to the reservoir. To reduce the training data
budget, input vectors are binarized first with a threshold value. Each data point of the
binarized input vector would be the voltage applied to the physical reservoir, with “1”
representing 2 V and “0” representing 0 V (Figure 4.13(b)). After RC processing, we
again shrink the data size by evenly sampling eight data points on the time scale and fed
into a fully connected layer for classification. The fully connected layer is pre-trained and
optimized using the RMS-prop method, and softmax is used to convert the output of the
fully connected layer to the classification result. 10-fold cross-validation is used to train
(450 samples) and validate (50 samples) the RC system.

4.3 Results and Discussion

4.3.1 Device Material and Structure Characterizations

A schematic of the device structure, consisting of two TiN layers as top and bottom elec-
trodes, and a TiOx and LiPON bilayer as the active switching layer, is shown in Fig-
ure 4.1(a). The top electrode is connected to the source, whereas the bottom electrode
is grounded. Figure 4.1(b) shows a lamella with the cross-sectional Focused ion beam
scanning electron microscopy (FIBSEM) overview of the device layers, which will later be
processed for transmission electron microscope (TEM) analysis. The region of interest is
shown with a green rectangular box, and the active region (thinner part in the middle) is
surrounded by side walls of SiO2 passivation.

In the TEM images, shown in Figure 4.1(c), the different material layers are contrasted
(from bottom to top, SiO2 on the substrate, TiN of 50 nm, TiOx of 8 nm, LiPON of 4
nm, TiN of 45 nm, Al of 70 nm). Both the top and bottom TiN electrodes are poly-
crystalline, whereas TiOx and LiPON don’t show any visible crystallinity, reflecting an
amorphous nature. Next, we performed electron energy loss spectroscopy (EELS), shown
in Figure 4.1(d-i), and the different elements, including Titanium, Oxygen, Nitrogen, Phos-
phorous, and Silicon, are precisely traced in their corresponding layers.
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Figure 4.1: Material characterizations of the memory device. a) Schematic of the device
structure. b) SEM image of the device lamella profile prepared by FIB showing all layers on
the sidewall profile. c) Cross-sectional STEM micrograph of the device with a zoomed-in
TEM image of the device showing several layers present on the device. d-i) EELS elemental
mapping.

4.3.2 DC Characteristics

Upon the application of linearly sweeping voltages, the device shows a hysteresis loop,
meaning that there is a volatile resistive switching from a HRS to a LRS at a positive
polarity and from LRS to HRS at opposite polarity, as shown in Figure 4.2(a). The
conductance modulation is also a function of sweep speed, as demonstrated in Figure 4.3(a),
where a positive current-voltage sweep is plotted with different sweep delays, ranging from
10 ms to 0.5 seconds delay between voltage sweeps. As the speed decreases, the ratio (i.e.
at a read voltage of 0.1 V) of the conductance modulation becomes smaller due to self-
relaxation, indicating more relaxation towards quasi-static states. The reversed rotation
in opposite polarities is a clear indication that the volatile conductance change is not from
trivial mechanisms such as parasitic capacitance. The inset of Figure 4.2(a) shows that
repeatedly sweeping full voltage loops increases the overall conductance.

The device’s conductance also depends on the amplitude of the applied biases. Fig-

52



Figure 4.2: DC characteristics of the Li-infused TiOx memory device. (a) A gradual
change in I-V characteristics of the device upon sweeping five full voltage loops, (b) Change
in conductivity as a function of increasing voltage, (c) Analogy between biological synapse
and Li-ion imbued TiOx synapse, where Li-induces oxygen vacancies are created due to
the migration of Li-ion into TiOx layer, which then forms a bond with an oxygen atom,
leaving the TiOx more oxygen deficient (reducing the local x), (d) I-V characteristics of
ten 4 µm × 4 µm and ten 10 µm × 10 µm devices and conductance scales with the
area, (e) Self-relaxation and voltage-assisted relaxation from the device (absolute value of
the conductance was plotted for negative voltage), (f) I-V characteristics comparison of
different control devices before forming, where the switching layers have the same thickness.

ure 4.2(b) illustrates the change in the conductance with different amplitudes of voltage
biases. This indicates that with a higher applied voltage, more ions can enter and depart
the TiOx layer and alter the conductance more. Figure 4.3(b) shows the I-V characteris-
tics of five consecutive positive sweeps (0 V - (+2 V) - 0 V) and five consecutive negative
sweeps (0 V - (-2 V) - 0 V). When the voltages sweep only in one polarity (half loops),
the devices’ conductance increases after consecutive positive sweeps and decreases after
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Figure 4.3: (a) Conductance changes as a function of sweep delay between applied voltage.
(b) Gradual increase in conductance upon the applications of five consecutive positive
sweeps (0 V - (+2 V) – 0 V) and decrease in conductance upon the applications of five
consecutive negative sweeps (0 V - (-2V) – 0 V). (c) Current-voltage characteristics of 50
volatile devices distributed across a 1cm-by-1cm area. (d) Endurance test of the device
with asymmetric voltage sweep.

consecutive negative voltage sweeps, as shown in Figure 4.3(b). With repeated positive
potentials, more Li-ion can migrate into the TiOx layer and create defects, causing the in-
crease in conductance; and repeated negative potentials do the opposite by depleting ions.
This gradual change in conductance is analogous to the efficacy modulation in biological
synapses upon the application of the repeated stimulus. Thus, Li-ion modulated TiOx,
before forming, exhibits gradual and volatile conductance modulation and can be used for
artificial synapses.
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When an action potential is generated at the presynaptic neuron terminal or axon,
voltage-gated Calcium channels trigger and Calcium ions (Ca2+) start flowing into the
pre-synaptic neuron and synaptic vesicles shift towards the synaptic cleft and release neu-
rotransmitters, which then bind to receptor proteins across the gap and cause Na or K
ions to conduct through the post-synaptic neuron, and this process strengthens or weakens
the connection strength between synapses. Similarly, in Li-imbued TiOx iontronic devices,
under positive applied bias, lithium ions (red spheres) can migrate into the TiOx layer as
shown in Figure 4.2(c). Here, the yellow spheres represent Li-ion-induced vacancies, and
the gray ones are native oxygen vacancies already in TiOx. Li ions preferably combine
with oxygen and chemically reduce Ti, which has similar effects as forming oxygen de-
fects in TiOx (reducing x). Therefore the Li-ion insertion/extraction increases/decreases
the device conductivity accordingly. Li migration is similar to oxygen migration, but it is
much easier and happens readily at room temperature and low current densities, i.e., no
set/reset voltages/currents or current induced hotspots are needed. The current amplitude
can vary well over an order of magnitude in these processes, depending on the history. The
devices, therefore, possess history-dependent volatile memory suitable for neuromorphic
applications.

The conduction of the device scales well with the device area, which indicates a non-
filamentary type of conduction. Figure 4.2(d) shows a total of twenty devices’ IV character-
istics with two different device sizes: 10 µm×10 µm and 4 µm×4 µm. Also, Figure 4.3(c)
shows 50 more (6 µm×6 µm) devices’ IV characteristics, which are distributed across a
1cm-by-1cm area. As can be seen from those figures, there is little device-to-device vari-
ation as no forming or filament is needed, depicting the good uniformity of the device’s
volatile characteristics. Moreover, the conductance is proportionally larger for larger area
devices. Figure 4.3(d) represents the I-V characteristics of the volatile devices for 100 cy-
cles, meaning the devices were SET followed by RESET 100 times. The devices can sustain
repeated cycling without much degradation, representing the robustness of the devices.

Another important phenomenon observed from the devices is their self-relaxation be-
haviour. To understand this, several systematic tests were performed. First, we applied
a very small read voltage of -0.1 V to check that there was no conductance change from
the fresh device. Once we applied +1 V to the device, the conductance increased (changed
from HRS to LRS), indicated by the black color curve in Figure 4.2(e). Next, a small
read voltage of -0.1 V (blue color) and +0.1 V (red color) were applied to capture the self-
relaxation towards lower conductance, confirming the volatility of the memory device. A
higher negative bias of -1.0 V shows similar but voltage-assisted relaxation to a much lower
conductance state (green color curve), which largely accelerates the relaxation process and
can be a way to speed up the system for practical applications. After changing the polarity
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back, the conductance returns to the original behaviour, represented by the violet color
curve. It is worth noting that due to the cathodic nature of TiOx, the center voltage of
the ion insertion/extraction is not at 0 V, which leads to the monotonic conductance drift
between cycles depending on the voltage sweep window. As an example, when the negative
voltage is not enough to fully extract the ions, the corresponding conductance drifts up
appreciably from cycle to cycle (Figure 4.2(a)). When sweeping asymmetrically instead
(-2.7 V to 2 V, Figure 4.3(d)), the cycle-to-cycle drift becomes negligible. Therefore the
thermodynamic center of the system is approximately at -0.35 V, indicating a spontaneous
redistribution of Li ions due to chemical potentials. This is also the origin of the system
exhibiting faster conductance change at 1 V than at -1 V (Figure 4.2(e)).

The strong volatile behaviour in these devices is a combined result of the electrolyte
LiPON and the cathodic TiOx. To verify this, we fabricated control devices with only
TiOx and only LiPON of the same 12 nm thickness, and the characteristics are shown in
Figure 4.2(f). The LiPON-only devices are extremely resistive and exhibit different hys-
teresis changes (dashed arrows, curve rotation is different from the volatile changes) due to
lagged charging and discharging of their capacitance with a large time constant. Whereas,
the TiOx-only devices before forming have small hysteretic behaviour because the TiOx

is populated with some oxygen vacancies that can also migrate, especially under electric
fields, and more so in hot spots (such as during the forming process). The LiPON/TiOx

hybrid devices have intermediate conductance as expected, and the much stronger volatile
change can be attributed to their mutual influence. When LiPON was grown with reactive
sputtering from the Lithium phosphate target, some Li ions were already incorporated
inside the TiOx layer and created ionic defects ready for voltage manipulation. LiPON
functions as a Li source and reservoir and can absorb or release ions at applied biases.
TiOx functions as the cathode and its conductivity varies with the concentration of oxygen
vacancies [76, 77]. Also, TiOx is often used as electrodes in rechargeable batteries where
Li ions can travel in and out of the nanostructures, easily forming intercalated ion storage
and reducing TiOx [78, 79, 80, 81]. With the ion intercalation and modified TiOx stoi-
chiometry, the conductivity of our devices increases or decreases accordingly, analogous to
the synapse systems in its stimulated conductivity modulations.

4.3.3 Pulse Characteristics

To emulate the brain-like synaptic functions, pulse-dependent characteristics from the de-
vices are essential as most of the signals in the biological brain are similar to short pulses.
Synaptic plasticity, which is defined as the proficiency of neurons to adjust the level of
connection strength between them, is one of the most important aspects of neuromorphic

56



Figure 4.4: Device behaviour upon the application of pulse voltage. (a) The device’s
response upon varying pulse amplitude and inset depicts the key parameters: Va, pulse
amplitude; tp, pulse duration; td, pulse delay. (b) Device current upon varying pulse delay.
(c) Continuous bias and its corresponding conductance. Inset shows the conductance decay
at different excitation durations.

computing [82]. In biological synapses, once an action potential is generated at the axon,
it induces a Calcium ion influx into the presynaptic neuron, causing the synaptic vesi-
cles to move toward the synaptic cleft. Upon reaching the synaptic cleft, the synaptic
cleft releases neurotransmitters, which then migrate toward the postsynaptic receptors,
temporarily modifying the synaptic efficacy. If there is another identical action potential
generated before the recovery time of the calcium ions, the response from the postsynaptic
neuron becomes higher compared to its first one. This effect is known as paired-pulse
facilitation (PPF) [83, 84, 85]. Likewise, a train of consecutive identical pulses of a cer-
tain duration results in a gradual augmentation of synaptic plasticity, which is known as
post-tetanic potentiation (PTP) [86].

The inset of Figure 4.4(a) shows the key parameters of the applied pulses on the devices,
including pulse amplitude Va, pulse duration tp, and pulse delay td. The indexing of the
PPF is defined as the ratio of the current value of the second pulse relative to the current
value of the first pulse, whereas that of PTP is represented by the ratio of the current value
of the 10th pulse to the current value of the first pulse. We first vary the pulse amplitudes
to observe their effects on device conduction. As can be seen from Figure 4.4(a), when the
applied potentials are higher in amplitude, both the PPF and PTP increase much faster.
This fact can be explained by the amount of ions participating inside the device is higher
when the electric field is higher, resulting in a much higher conductance increase. The
potentiation and depression characteristics are shown in Figure 4.5(a), where the pulse
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Figure 4.5: (a) Potentiation and Depression characteristics from the device upon the
application of positive and negative voltage pulses. (b) Partial conductance decay when
the pulse delay is 15ms. (c) Power-law fitting result of the conductance decay as a function
of excitation duration.

amplitude, pulse width, and pulse interval are kept the same. The first fifty pulses are
positive and result in potentiation (conductance increase) from the device and the next fifty
pulses are negative and result in depression (conductance decrease) characteristics. The
input voltage for potentiation is 2.5 V with a pulse width of 0.5 ms and for depression is -3.5
V with a pulse width of 0.5 ms. Like DC Sweep, consecutive positive pulse excitation (SET
pulses) results in augmentation in conductance, known as potentiation, and consecutive
negative pulse excitation (RESET pulses) results in a decrease in conductance, known as
depression.
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Synaptic plasticity is a function of the spike rate as well. Spike rate modifies the number
of neurotransmitters from the presynaptic neuron, which modifies the strength of synapses;
this process is known as spike-rate dependant plasticity (SRDP). Analogous to biological
synapses, the conduction also depends on the delay between pulses as the competing self-
relaxation behaviour exists. To test this assumption, consecutive voltage pulses with a
certain delay are applied to the device and corresponding currents are measured and plotted
in Figure 4.5(b). The applied pulse voltage is 2 V, and the pulse width is 0.5 ms, whereas
the pulse interval is 15 ms. With the high pulse interval value, some ions relax back, and
the conductance increase is slower. The arrow in Figure 4.5(b) indicates the change in the
conductance values. This is why a longer delay results in a smaller final current despite
the accumulated pulse time remaining the same, which is depicted in Figure 4.4(b). Thus,
Li-ion imbued TiOx shows the SRDP of a biological brain and can be used for artificial
synaptic devices.

A continuous biasing approach was performed to determine the timescale of the volatile
memory device. To capture the decay after excitation, we incorporated continuous bias of
different time intervals and amplitudes (for example, 2 V for 5 seconds was used to capture
the potentiation; and to capture the decay, a small negative voltage, -0.1 V, was used).
Figure 4.4(c) shows the overall voltage pulse and corresponding current. Also, the inset of
Figure 4.4(c) shows that a larger duration of voltage stress results in slower conductance
decay, which can be attributed to a large number of Lithium-ion migrations. Next, the
current decay (durations of 1 s to capture only the relevant, fast relaxation) was fitted with
an exponential decay and extracted the time scales. The extracted decay constant is then
plotted as a function of the excitation pulse widths. As can be seen from Figure 4.5(c),
the fitted results can be approximated with a power-law relationship. The curve is best
fitted to a general behaviour of Equation 4.1, where t is the excitation time and τ is the
approximate decay constant.

τ = 0.45 ∗ (t)0.25 (4.1)

Therefore, the short-term memory can be tuned with the excitation duration, which was
used in the later neuromorphic simulations to better represent the system’s true behaviour.
Thus, our device shows tunable volatile memory feature.

4.3.4 Temperature Dependent Characteristics

The participation of ions can be distinctly identified by varying the device temperature,
as ions tend to freeze out easily at reduced temperatures. The temperature was varied
over a wide range, from 40 K to 350 K, while the voltage sweep was fixed from 0 V to
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Figure 4.6: (a) Temperature-dependent current-voltage characteristics (b) Resistance
value at +1V for two different sweep conditions: one at up sweep and another is down
sweep. (c) constant-voltage stress at different temperatures with an applied voltage of
+1V.

2 V (up sweep) and then 2 V to 0 V (down sweep). Figure 4.6(a) shows that before the
temperature reached a certain threshold value, the IV loop openings were small and device
behaviour did not change much, but changes were more pronounced above the threshold
temperature, meaning some thermally activated conduction channels are now participating.
To determine the threshold value, we extract the discrete current data value at +1 V at
both up sweep and down sweep and plot it as a function of the inverse of Temperature, i.e.
1/T. There is a clear slope change at 220 K as shown in Figure 4.6(b). This transition can
be attributed to lithium ions becoming frozen below this threshold temperature, which is
close to the reported freezing temperature of Li ions. Therefore, only thermally promoted
Li ions are able to migrate. On the other hand, the relative change under sweeping voltage
is a result of the applied electric fields driving the already promoted ions, therefore not as
temperature dependent. Similarly, Figure 4.7(a) shows that the absolute relative change
of current value between up sweep (Iup) and down sweep (Idown) at +1 V is increasing
above the transition temperature. Above the transition temperature (220 K), the volatile
hysteresis is more pronounced.

The slope of the semilog plot of the conductance with respect to 1/kT, which is known
as the activation energy barrier, was calculated from Figure 4.7(b), where the conductance
values are recorded above the transition temperature. The activation barrier was found
to be around 0.20 eV, which approximately corresponds to the density functional theory
(DFT) calculated value (a low energy barrier of around 0.4 eV). In the O-defective TiO2

supercell shown in Figure 4.8(a), the green spheres along the path represent lithium (Li)
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Figure 4.7: (a) Relative values of the current changes at different temperatures @+1 V.
(b) Slope above transition temperature.

Figure 4.8: (a) Li migration pathway in the O-defective structure of anatase TiO2 using
ionic radii style. (b) The energy barrier profile for Li migration obtained from DFT-NEB
(Density Function Theory–Nudged Elastic Band) calculations shows a barrier of 0.4 eV.

atoms at different positions, illustrating their optimized migration path, i.e., the most
energetically favorable path for Li-ions. The graph in Figure 4.8(b) shows the energy
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Figure 4.9: The slope below the transition temperature.

barrier for Li migration along the reaction pathway shown in Figure 4.8(a). The energy
barrier peak at around 0.4 eV indicates the maximum energy required for Li to migrate
between two local minima. This low energy barrier suggests that Li ions can move relatively
easily in the O-defective TiO2 structure, implying high ionic conductivity, which is crucial
for low-operating voltage devices. This energy barrier is comparable with the reported
energy barrier for pristine anatase TiO2 structures [87].

Now, below the transition temperature, the Li ions are frozen as there is a minor conduc-
tance change. Figure 4.9 illustrates the absolute log value of conductance as a function of
the temperature (T−1/4). A linear relationship between conductance and the temperature
(T−1/4) can be seen from Figure 4.9, indicating that the conduction mechanism is mostly
dominated by variable-range hopping (VRH), which is much less temperature-dependent.
This conduction mechanism is similar to reported mott VRH at low temperatures [88, 89].

The constant voltage stress curves above the threshold temperature are shown in Fig-
ure 4.6(c). The applied voltage was +1 V. It is clear that higher temperature leads to
higher final conductance and faster conductance change. Faster ionic motion is expected
for higher temperatures, therefore the system can reach dynamic equilibrium significantly
faster. The temperature is a useful controlling knob for the system if tuning operation
speed is necessary.
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Figure 4.10: (a) Forming process comparison of TiOx and Li-imbued TiOx memory
devices, (b) Multi-state capability of the proposed device when stopped at different RESET
stop voltages, which is denoted by Vs, (c) Retention behaviour of the 16 states from the
memory device.

4.3.5 Non-volatile Characteristics

The same volatile memory device can be configured into a non-volatile one by an electro-
forming process. The forming process introduces conductive filaments in Li-imbued TiOx

resistive switching devices, and the device is SET to LRS. The device can be RESET to
HRS by applying opposite polarity voltages. We compare the electroforming behaviour
of hybrid 8nm TiOx/4nm LiPON devices with pure 8nm TiOx control devices, shown in
Figure 4.10(a), and the former need higher forming voltage and larger compliance current
to form appropriate conductive filament width. This is reasonable as LiPON is a good
electrical insulator and a large fraction of the overall applied voltage is dropped across this
layer instead of TiOx.

After forming the devices, we perform the RESET and SET operations for both devices.
For the reset operation, the voltage was kept at a fixed value rather than a compliance
current as current may vary from device to device. As clearly shown in Figure 4.10(a), the
Li-infused TiOx becomes non-volatile after filament formation. Overall, these devices have
higher conductance despite the total layer thickness being higher, because TiOx becomes
more defective in the presence of Li ions, and LiPON likely experiences dielectric breakdown
and no longer participates.

Interestingly, this non-volatile device can be reset to multiple resistance states without
overlapping in between, meaning it is capable of storing multibit information. Followed by
progressive RESET sweep (for example: 0 V – (-0.66 V) – 0 V), the retention behavior was
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Figure 4.11: (a) Retention characteristics of the device after applying an incremental
reset voltage sweep. With an increment of 0.01V, we can set 32 states easily with a margin
of approximate 0.5 $muA. (b) Twenty Li-imbued TiOx devices IV characteristics, showing
the device-to-device variations.

monitored by applying a constant bias of -0.2 V for 1000 seconds. As we stop at different
reset voltages, the current from the device is gradually reduced, as shown in Figure 4.10(b).
Figure 4.11(a) represents the retention characteristics after each reset test of the device. As
can be seen from the figure, the devices retain more than 32 states for thousands of seconds
without much noticeable change. This ensures sufficient margins for programming 4-bit
(16-state) information on each device as shown in Figure 4.10(c), which will be assumed
in the next session for the proposed circuit integration.

Figure 4.11(b) depicts twenty non-volatile Li-imbued TiOx devices’ IV characteristics.
There are some device-to-device variations due to their stochastic filamentary nature, which
is reasonable for TiOx-based devices fabricated with in-house facilities. It is worth pointing
out that the Li-containing devices’ transition from volatile to non-volatile is irreversible,
and once the conductive filament is formed, the system behaves very similarly to pure TiOx

devices with non-volatile memristor behaviour.
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Figure 4.12: Voice recognition task using proposed memory. (a) Process flow of RC for
voice recognition. (b) Comparison of classification accuracy between quantized RC model,
RC model and model without RC processing. (c) Schematic of proposed 2T2R CIM array.

4.3.6 Memristor-based Reservoir Computing

Reservoir computing (RC) is a computation framework that maps input signals to higher
dimensional space, through a non-linear mapping “reservoir”. “Reservoir” can be a dy-
namic system that evolves in time, which can be expressed as f(t+1) = f(t, input). The
volatile switching behaviour of our fabricated device, however, shares similar character-
istics with a dynamic reservoir: the future resistance state, f(t+1), is dependent on the
applied voltage (input) and current resistance state, f(t). To illustrate the neuromorphic
capabilities of our devices, a physical reservoir computing system is proposed for voice
recognition tasks. The workflow of the RC system is illustrated in Figure 4.12(a). After
pre-processing the raw voice data using Lyon’s passive ear model, the generated Cochlea-
gram (frequency channel vs time) is normalized and binarized (with a threshold value of
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Figure 4.13: (a) Cochleagram of voice data, binarized data, and RC processed data. (b)
Voltage input of channel–30 and corresponding current of the volatile device at time scale.

0.2). The x-axis is the time steps of the voice, whereas the y-axis represents the index
number of the frequency channels, which are within human audible ranges.

The Cochleogram of the original voice data is shown on the left of Figure 4.13(a). The
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pixels are the vector values, which are then binarized with a certain threshold and plotted
in the middle of Figure 4.13(a). The data vector of each frequency channel (along the
time step axis) is converted into a voltage input vector (with data “0” representing 0 V
and data “1” representing 2 V), and the time step of the voltage input vector is 33 ms.
The voltage input vector of each channel is fed into the volatile device connected with
the channel. The Cochleogram of the RC processed data from binarized input data is
shown on the right of Figure 4.13(a), which almost perfectly resembles the original voice
data. Figure 4.13(b) represents the voltage input of a frequency channel (30) and the
corresponding current from the volatile memory device. As can be seen from the figure,
the conductance of the volatile device will change (potentiate or self-relax) based on the
voltage input vector. Next, the conductance value of each device is evenly sampled along
the time axis (8 data points sampled in our simulation). Sampled conductance values of
64 channels are flattened into a 1D feature vector and fed into the fully connected layer to
generate the classification results.

The whole system has been trained for 300 epochs, the classification accuracy of the
RC model, defined as the average accuracy of the ten-fold cross-validation, is 94.4%, which
outperforms the binary data without RC processing using the same network architecture
by 4%, as shown in Figure 4.12(b). An experimentally determined variable time scale, as
shown in Figure 4.5(c), was used in our simulation. If we also use the conventional constant
time scale assumption, the simulated accuracy can well exceed 97% for this particular task.
The accuracy improvement is achieved without computation overhead. A performance
comparison between existing literature and our demonstrated device is shown in Table 4.1.
It is clear from the table that our devices show tunable volatility and multi-bit non-volatile
capability, which is special in a single device. Our platform excels with great device
tunability and platform customizability.

The fully connected layer discussed above is based on software simulation, each weight
inside the layer is stored in the format of a 32-bit floating point number (float32). Arith-
metic operations, as well as storage of floating-point numbers, are resource-intensive and
not energy-efficient for hardware implementation. To explore the possibilities of scaling
down the representing bits of weights, post-training quantization (PTQ) is used to map
the trained weights from float32 to int8. The quantized model is validated using the same
validation dataset, and the results show that there is no accuracy drop after quantiza-
tion. Based on that, a 2T2R compute-in-memory (CIM) array is proposed (shown in
Figure 4.12(c)) to accelerate the operation of vector-matrix multiplication, which is used
inside the fully connected layer, with our devices working in non-volatile mode.

With each device programmed to store 4-bit data, the 2T2R unit cell consists of two
non-volatile devices and two access transistors. Two non-volatile devices inside the 2T2R
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Table 4.1: Performance parameter comparison between the existing literature and pro-
posed device structure.

Device Volatility Volatile
Time

Tunability

Non-
volatility

Multi-bit
Capability

Accuracy Ref.

Pd/SiO2:Ag/Pt Yes No No No 83% [41]

Pd/Au/WOx/W Yes No No No 99.2% [42]

Ti/(TiOx/TaOy)/Pt Yes No No No 99.6% [43]

Pt/ SiO2:Ag/Pt Yes Yes No No 99.6% [90]

TiN/TiOx/LiPON/TiN Yes Yes Yes Yes 97.2% [This
Work]

unit cell are used to store one 8-bit weight, the left device is used to represent the most
significant 4 bits (MSB) and the right is used to represent the least significant 4 bits (LSB).
Both devices share the same bit line signal (VBLn), therefore, current flowing through the
MSB source line (ISL2n−1) would be

ISL2n−1 =
M∑

m=0

VBL2n ∗ C2n−1,m

, while the current for LSB line (ISL2n) is

ISL2n =
M∑

m=0

VBLn ∗ C2n,m.

ILSB is fed through a 1/16 current mirror so that the sum of IMSB and ILSB can be
used to represent a 8-bit value. The current sum, (IMSB + 1/16 ∗ ILSB), is sampled by
ADC, which would be digitalized and output the 8-bit product results.

4.4 Conclusions

In summary, we have demonstrated a Li-ion imbued TiOx iontronic device, with both
volatile and non-volatile memory capabilities. Before forming, the devices show inherently
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uniform gradual conductance change upon the application of external bias due to the con-
trolled ionic motion. A self-relaxation phenomenon confirms the volatile nature of the
memory. The Li-ion-induced vacancy creation inside TiOx resembles Calcium-ion-induced
synaptic modulation inside biological synapses. Pulse-dependent results strongly resem-
ble the different brain functionalities such as PPF, PTP, and SRDP characteristics.The
timescale of the volatile memory devices can be tuned by changing the voltage pulse widths.
In addition, the same volatile device can be transformed into non-volatile memory by an
electro-forming process. To illustrate their performance, we applied both tunable volatile
and non-volatile versions of the devices to a proposed reservoir computing architecture and
performed voice recognition tasks with over 94% accuracy. Therefore, we’ve demonstrated
a general iontronic platform that is customarily configurable to mimic brain functions on
a hardware level.
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Chapter 5

Helimagnet-based Non-volatile
Multi-bit Memory

Overview

In this chapter, a design of a helimagnet-based emerging memory device that is capable of
storing multiple bits of information per device is presented. The device consists of a heli-
magnet layer placed between two ferromagnetic layers, which allows us to lock in specific
spin configurations. The bottom pinned layer has high anisotropy energy or stays exchange
biased, which keeps its spin configuration fixed on a specific direction, while the top layer
is free to rotate under the influence of in-plane fields. We begin by finding the relaxed
spin structure, which is the result of the competition between the Dzyaloshinskii–Moriya
interaction (DMI) and exchange energy and is referred to as the equilibrium state (“0”).
The writing of a memory state is simulated by applying an in-plane field that rotates and
transforms the spin configurations of the memory device. Our results indicate that stable
configurations can be achieved at rotations of an integer multiple of 180 degrees (corre-
sponding 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 configurations tend to revert to their adjacent
states. By simply changing the direction of the field, 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
different resistance states due to the twisted spin texture.
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5.1 Introduction

Due to the advancement of information technology and computing, the use of electronic
devices has been rapidly increasing. As all these devices have integrated memory systems,
a substantial increase in their storage capacity has occurred to fill the growing need. Differ-
ent memory devices, including existing and emerging memory, have been used to fulfill this
demand. Existing memory devices, which include static random-access memory (SRAM),
dynamic random-access memory (DRAM), and Flash memory, have several drawbacks
when considering low power consumption and high-density issues; for example, larger foot-
prints are required by SRAM as the single-bit cell area is equivalent to 150 to 300F 2, where
F is the lithography feature size [91, 92], periodic refresh is needed by DRAM [93], and
limited cycles can be withstood by Flash memory [94, 95]. On the other hand, emerg-
ing spin-based memory devices that include spin-transfer torque magnetic random-access
memory (STT-MRAM) [96, 97, 98], and domain wall motion (DWM)-based racetrack
memory [99, 100], and Skyrmion-based memory [101, 102], have the potential to overcome
the above-mentioned constraints of conventional memory.

Spin configurations with a stable spatial variation, such as helimagnets and skyrmions,
have recently attracted a great deal of interest in the research community as they are
promising candidates for magnetic memory, spin-logic devices, and future spintronics ap-
plications [103, 104, 105]. One type of spatial variation, where magnetic moments are
spatially rotating in a plane that is perpendicular to the propagation plane, is known as a
bloch-like chiral helimagnet [106]. In a standard micromagnetic system, this chiral helimag-
net can be realized by the competition between exchange energy and Dzyaloshinskii–Moriya
interaction (DMI) that arises due to a lack of inversion symmetry in non-centrosymmetric
materials [107, 108]. Upon the application of an external magnetic field, the helical period
of the helimagnet can be tuned because the Zeeman energy, which arises upon the external
magnetic field, tends to align spins along the applied field direction [109]. In this letter,
we propose a memory device structure named as helimagnet-based random-access memory
(HMRAM), consisting of a helimagnetic layer sandwiched by two ferromagnetic layers, with
the capability of multi-bit storage and non-volatile memory characteristics. The exchange-
coupled free layer on one side of the helimagnet (the other side is strictly pinned) can
follow the external fields, thus applying controllable torques onto the helimagnet. Once
the external magnetic field is removed, the free layer tends to align to its anisotropy axis
and lock the helimagnet into predefined configurations. Thus, a non-volatile behavior can
be achieved in the helimagnet in the absence of an external magnetic field. This spring-like
helimagnet can be tuned in 180° increments until it can no longer hold more torque. The
number of stored bits is, therefore, determined by the strength of DMI in the helimagnet
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and the anisotropy energy in the free layer.

We first show how the helimagnetic layer can be formed as a result of the competition
between exchange energy and DMI energy. After that, we examine how a helimagnet period
can evolve as a function of DMI energy while maintaining constant exchange stiffness.
We then proceed to illustrate the writing mechanism in our proposed memory system. A
complete 360-degree cycle rotation of the top free layer as a function of an applied magnetic
field is depicted. It is found that the helimagnetic layer follows the free layer and starts
twisting in the presence of a magnetic field, while at zero fields, the free layer’s anisotropy
energy locks the system in non-volatile spin configurations. The non-volatile states’ helicity
can be increased or decreased by simply rotating the external field in the clockwise or
counter-clockwise directions. This way we can write multi-bit memory states and they are
stable without an external magnetic field. Since there is a change in the relative spin angle
within the helimagnet, reading of the memory states can be done simply by sensing the
resistance change as a result of spin scattering [110].

5.2 Simulation Details

In this research, Object Oriented MicroMagnetic Framework (OOMMF) was used to sim-
ulate the dynamics of the magnetization due to its accuracy and acceptance as a standard
micromagnetic problem solver [111]. The total magnetic free energy, E, of our system
is comprised of various energy densities, including exchange energy density (wE), DMI
energy density (wD), Anisotropy energy density (wA), and Zeeman energy density (wZ).
The energy terms selected are in agreement with the experimental evidence of helimagnet
[112, 113, 114]. Thus, Energy, E, can be written as:

E =

∫
[wE + wD + wA + wZ ]d3r (5.1)

Exchange energy density, wE, term can be expressed as:

wE = A[(∇mx)2 + (∇my)
2 + (∇mz)

2] (5.2)

where A is the exchange stiffness of the material and mx, my, and mz are the x,y,
and z components of the magnetization vector m, respectively. Magnetization vector m
is defined as the ratio of normal magnetization, M , to the saturation magnetization, Ms.
To replicate the layered quantum material that has a strong in-plane exchange while a
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Table 5.1: List of parameters values to realize the HMRAM

Name of the Parameters Values

Dimension X : 500nm, Y : 500nm, Z : 120nm

Cell Size X : 5nm, Y : 5nm, Z : 2nm

DMI, D (J/m2) Helimagnet Layer: 2.5 × 10−3

Anisotropy, K (J/m3)
Free Layer: 106

Pinned Layer: 1010

Exchange Stiffness, Az (J/m)

Free Layer: 5 × 10−11

Helimagnet Layer: 1 × 10−11

Pinned Layer: 1 × 10−11

Saturation Magnetization, Ms (A/m) 106

small out-of-plane exchange component, we have modified the exchange energy extension
provided by OOMMF(exchange6ngbr). In the extension, the x,y, and z components are
assumed to be equal, whereas in our case, we have considered the x and y component is
100 times higher than the z components in order to simulate the behavior in a 2D layered
material. This extension could be provided to the reader upon request.

The next term, DMI energy density, wD, can be determined by combining all the
different possible Lifshitz invariants for the T crystallographic class and defined by the
following equation:

wD = D[m.(∇×m)] (5.3)

where D depends on the structure of the material and the unit is in J/m2. The
theoretical and experimental value of D ranges from -1.5 mJ/m2 to 10 mJ/m2 [115, 116,
117]. In our calculation, we used the OOMMF extension developed by David Cortés-Ortuño
et al. in ref. [118, 119].

The third term, Anisotropy energy density term, wA, can be understood as a prefer-
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ence of materials’ magnetization towards a certain lattice direction of the crystal, and the
preferred axis is known as Easy Axis. This term is expressed as follows:

wA = K[(m.u)2] (5.4)

where K is the material-dependent parameter and is usually expressed in J/m3, and u
is the direction of crystalline anisotropy.

The final term, wZ , is known as Zeeman energy density, which results from the inter-
action between the external field and internal magnetic moment. The following equation
is used to describe the term:

wZ = µ0Ms[(m.H)] (5.5)

where H is the amplitude of the external magnetic field direction with a unit of A/m.

Once we define all the system’s energy we let our system relax for minimum energy and
extract the feature to understand the memory effects. The simulation parameter details of
different layers are given in Table. 5.1.

5.3 Results and Discussions

5.3.1 Competition between Exchange and DMI

Exchange energy (J ) is associated with the interaction between the magnetic moments of
neighboring atoms. It is a result of electrons’ quantum mechanical exchange interaction,
which arises from the Fermi nature of electrons. In a ferromagnet, the exchange energy is
responsible for aligning the magnetic moments of neighboring atoms in the same direction,
leading to a strong net magnetic moment. This energy can be realized using a continuous
model with constant A as given in the Equation. 5.2. Figure 5.1(a) represents the relaxed
spin configurations of a typical magnetic system that has only Exchange energy. As ex-
pected, after relaxation, all the spins are aligned in the same direction. DMI arises from
the breaking of inversion symmetry at the atomic scale and can lead to the formation of a
non-collinear magnetic structure. In a material with a strong DMI, the magnetic moments
of neighboring atoms are arranged in a perpendicular fashion from each other as can be
seen in Figure 5.1(b).

When both exchange energy and DMI energy are present in a material, they can com-
pete with each other and stabilizes neighboring spins at a fixed angle. Once the energy
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Figure 5.1: Relaxed spin configurations with (a) Exchange energy term only, (b) DMI
energy only, and (c) both Exchange and DMI energy [This figure is constructed by using
Mayavi [21]].

of the system is minimized, the competition between these two energy terms leads to the
formation of a helimagnet, where the magnetic moments are arranged in a spiral pattern.
A portion of a relaxed spin structure is shown in Figure 5.1(c). Thus, depending on the
relative of DMI with respect to the exchange energy, a helical magnetic structure with
different periodicity can be formed.

To get insights into how the helical period of the helimagnet transforms with respect
to the DMI energy, a simulation of the helimagnet with different DMI energy and a fixed
exchange energy was performed and the result is shown in Figure 5.2. The bottom layer is
pinned to the x-axis with high anisotropy. As can be seen in the figure, with the increase
in DMI energy, the helical period becomes smaller, meaning the helical period is inversely
proportional to the DMI energy value. The results obey the equation of zero fields chiral
length of a magnetic system and can be written as [120],

L(0) ∼=
2πaJ

D
(5.6)

Where L is the helical period, a is the crystal lattice constant, J is the exchange energy,
and D is the DMI energy.
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Figure 5.2: Simulated spin configuration of a magnetic system with a fixed exchange
energy and varying DMI energy (units are in mJm−2).

5.3.2 Writing Mechanism

The proposed memory device, helimagnet-based random-access memory (HMRAM), shown
in the inset of Figure 5.3(a), consists of a helimagnet layer that is sandwiched between two
ferromagnetic layers. The bottom ferromagnetic layer is pinned while the top layer can be
rotated with the application of external fields. The thickness of the bottom pinned layer
is set to 5 nm, and it is strictly locked in the +x direction with very high anisotropy. As
the thickness was very small, to achieve the locking the anisotropy of that layer was set to
a large value.

Figure 5.3(a) illustrates the proposed writing schemes, which consist of a pass transistor,
our proposed single-unit memory cell, electrodes on top and bottom, and two programming
word lines that are perpendicular to one another. An electrical connection is formed
between the bottom electrode of the memory cell and the ground through a stack of vias
that are connected to a pass transistor below.

To write a memory state inside the memory cell, the pass transistor should be in the
off state. After that desired current should be sent to the programming word lines (white
arrows), and magnetic fields (yellow arrows) perpendicular to the current directions will
switch the memory unit to the desired states. As the programming conductors are phys-
ically separated from the proposed memory cell, the parasitic delay would be minimized
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Figure 5.3: Writing scheme on our proposed memory with (a) sense path for reading
and programming path for writing (following the scheme of Ref. [22]), (b) Anisotropy Axis
along with Write Line axis, and (c) Current pulse diagram for writing a complete cycle.
[inset shows the proposed memory structure]
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in the proposed writing scheme. Reading the memory state of the proposed cell could be
done by turning on the pass transistor and sending a small amount of current through
the memory cell and sensing the change in resistance. The easy axis of the ferromagnetic
layers and two different programming lines (Word Line1, WL1, and Word Line2, WL2)
along with their field lines are depicted in Figure 5.3(b).

For effective writing of a memory state, the spin configurations of the top layer must
be changed by a specific arrangement of the applied current pulses with associated per-
pendicular magnetic fields. The pulse polarity and amplitude of the two-word lines along
with the resultant top-layer spin configurations are illustrated in Figure 5.3(c).

Initially, i.e., at time T0, we assume that the top layer is aligned with the negative
x-axis, which is the easy axis of the bit. Next, at T1, current flows only through the
WL1, producing a perpendicular magnetic field in the y-direction. The produced magnetic
field would rotate the top layer configuration due to the Zeeman energy, while the bottom
pinned layer spin configuration will not change due to high anisotropy. At the last quarter
of the time T1, WL2 will be turned on in order to avoid the spin relaxation back to negative
x-direction.

At T2, we need to turn off the current flow through WL1 and turn on the current for
WL2, resulting in a magnetic field along the x-axis and top layer spin configurations will
lock in the same direction due to its anisotropy. The resultant spin configuration is stable
even if we turned off both currents.

At T3, a negative current flows through the WL1. This results in a magnetic field that
aligns the spin configuration of the top layer to the negative y direction. Thus another
90-degree rotation can be achieved. Similar to the previous steps, a negative current is
sent through WL2 before switching off WL1 current to prevent bit flipping back.

Lastly, at T4, a negative current will be conducted through WL2, and a magnetic field
in the negative x direction will be generated and flip the top layer towards that direction.
Thus, a 360 rotation is achieved. It can be seen from the figure that these 360 rotations
of the top layer are in a clockwise (CW) direction. It is worthwhile mentioning that
by simply changing the current polarity, we could achieve a 360-degree counter-clockwise
(CCW) rotation of the spin.
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Figure 5.4: Spin configurations of our proposed memory device (a) when sweeping the
magnetic field in clockwise (CW) and counterclockwise (CCW) direction and (b) when
each corresponding configuration is relaxed without the magnetic field. (c) Schematic
illustrations of the resistance states that correspond to the spin configurations without
external magnetic field.
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5.3.3 Application of Proposed Writing Method in HMRAM

Now, the writing scheme is modeled in a typical memory cell, where the total thickness was
assumed 120nm, with a helimagnet thickness of 95nm, the bottom pinned layer thickness
was 5nm, and the Top layer thickness was 20nm. The parameter details were given in
Table. 5.1. Whichever direction we apply the magnetic field, a gradual change of the
spin configurations was observed and captured in Figure 5.4(a). As can be seen from the
figure, there is no change in the bottom layer magnetization since the anisotropy energy
is dominant over Zeeman energy. The top layer configurations, however, were changed
according to the specific writing scheme described in Figure 5.3(c). To make things more
comparable, the corresponding writing time for the clockwise rotation has been given as
a footnote of Figure 5.4(a). It is worthwhile to note that illustrated spin configurations
are minimized by considering all the energy terms, including Zeeman energy. If we start
from the equilibrium state, the clockwise rotation increases the helicity period, while the
counterclockwise rotation results in a decreased helicity.

Upon finishing the analysis with the magnetic field, the next study was to find out the
non-volatile stable memory state without the magnetic field. The spin configurations of
the relaxed stable states are shown in Figure 5.4(b). As expected, when the top layer spin
configurations are perpendicular to the anisotropy axis, upon removing the external fields,
it immediately relaxes to the adjacent state with lower anisotropy energy. We define the
stable state at T0 as equilibrium state ‘0’, states in the CW direction with positive state
symbols, e.g., +1, +2, and so on, and the states in the CCW direction are denoted with a
negative sign, e.g. -1, -2, and so on. As the spin configuration of the free layer is locked by
the anisotropy energy of the top layer, the corresponding spin configurations will be stable
after the CW or CCW rotation of the free layer. Also, spin configuration at T1, which is a
quarter turn rotation from the equilibrium state, T0, reverts back to its previous state, as
shown by Stable State “0”. Similarly, for smaller rotations not exceeding the anisotropy
barrier, they would relax back to the previous state as well.

In this particular setup, we have found multiple stable states with +6 states in the
positive direction and -6 in the negative direction sweep. Thus, we could fit multi-bit of
information in each memory units.

5.3.4 Reading of the Memory states

Reliable reading of a memory state is also crucial as real application depends on how easily
and reliably we can read and write. In order to read the state of the memory cell, the pass
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Figure 5.5: HMRAM crossbar array to realize im-memory computing architecture.

transistor must be turned “ON”. The helimagnet period changes upon the writing scheme,
and so does its resistance. This is due to the increased spin scattering when the relative
angles between adjacent spins change [121]. Thus, to read the memory state inside the
device structure, a small voltage is applied to the device and measures the current from
the device, which provides the discrete resistance state of the device.

5.3.5 HMRAM crossbar array for IMC

As discussed earlier in Chapter 2.6.2, crossbar memory architecture is a promising can-
didate for highly energy-efficient and area-efficient matrix-vector multiplication (MVM)
implementation due to non-volatility and reduced footprints (4F2). Figure 5.5 illustrates
an HMRAM crossbar array that consists of twelve intersections between a perpendicular
row and column electrodes. At each intersection, an HMRAM cell is connected between the
top (column) and bottom (row) electrodes. The voltage, Vj, is applied to the correspond-
ing column j, and conductance, Gij, is encoded into the memory cell. The multiplication,
described by Ohm’s law, results in circuit current through the device, and the sum of the
current from rows results from Kirchhof’s current law. Thus, in general, a total current
flowing through any row (i), can be written as,
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Ii =
∑
j

Gij ∗ Vj (5.7)

where i is the row number, Gij is the conductance of the HMRAM at row number i
and column number j.

5.4 Conclusion

In conclusion, a memory device structure, consisting of a helimagnetic element sandwiched
by two ferromagnetic layers(a pinned layer and a free layer), with the capability of multi-
bit and non-volatile data storage has been proposed. In order to tune the helical period
of the memory cell, a rotating in-plane external magnetic field, resulting from two-word
lines, was used in CW and CCW direction to increase and decrease the helical period from
the equilibrium state. The spin configurations were stabilized by the anisotropy of the free
layer when the external field was removed, and the states were non-volatile. The reading
scheme of the memory is done through the different resistance states for different memory
states due to spin scattering. In addition, HMRAM-based crossbar array architecture can
be applied for IMC applications. Overall, the proposal of our memory device paves the
path for future spin-based emerging memory.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

With the increased demand for artificial intelligence, computer vision, and natural language
processing, existing computing schemes are constrained with respect to energy efficiency
and cost. In addition, further scaling of CMOS chips is approaching a limit that is also
coupled with power density issues. Most of the energy is consumed to access the external
DRAM memory. Therefore, alternative computing schemes, such as neuromorphic com-
puting (NC) and in-memory computing (IMC), have gained much attention due to the fact
that computation and memory are co-localized. Among different candidates, memristors-
based NC and IMC schemes have attracted a great deal of attention due to their simple
two-terminal structure and capability to switch at low power. The main contribution of
this thesis is the demonstration of a novel lithium-imbued TiOx device that initially, before
forming, shows analog volatile resistive switching, and after forming, the device can store
multi-bit information in a non-volatile fashion. These characteristics are crucial for NC
and IMC architectures. This thesis also discussed a fabrication method of BEOL inte-
gration of the memory device on top of a CMOS tape-out chip that could be utilized in
NC architecture. Finally, a helimagnet-based multi-bit non-volatile memory device was
presented that can be used in IMC architectures. A more detailed contribution from this
thesis is presented below.

1. A Li-ion imbued TiOx iontronic device, with both volatile and non-volatile mem-
ory capabilities, has been demonstrated, which is a first-of-its-kind demonstration
(Chapter 4). Before forming, the devices show inherently uniform gradual conduc-
tance change upon the application of external bias due to the controlled lithium ionic
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motion from a solid-state ionic layer. Li-ion intercalation in cathodic TiOx increases
the conductivity, and Li-ion deintercalation reduces the conductivity of the volatile
memory device. A self-relaxation phenomenon confirms the volatile nature of the
memory. The Li-ion-induced vacancy creation inside TiOx resembles Calcium-ion-
induced synaptic modulation inside biological synapses. Therefore, volatile mem-
ory devices mimic the short-term plasticity (STP) of the biological brain. Pulse-
dependent results strongly resemble the different brain functionalities such as PPF,
PTP, and SRDP characteristics. More interestingly, the time scale of the volatile
memory devices can be tuned by changing the applied voltage pulse durations. By
performing the temperature-dependent analysis, a transition temperature was re-
vealed, above which the conductivity is thermally activated and below which the
conductivity is variable-range hopping dependent.

In addition, the same volatile device can be transformed into non-volatile memory
by an electro-forming process with unique multi-bit capabilities. To illustrate the de-
vices’ capabilities to perform neuromorphic computing, a unique reservoir computing
(RC) scheme was proposed, in which tunable volatile memory is used as a non-linear
dynamic reservoir and multi-bit non-volatile memory as a weight storage layer. In
addition, to explore the possibilities of scaling down the representing bits of weights,
post-training quantization (PTQ) is used to map the trained weights from float32
to int8. The quantized model is validated using the same validation data set, and
the results show that there is no accuracy drop after quantization. Based on that, a
2T-2R IMC array is proposed, which is used inside the fully connected layer, with our
devices working in non-volatile mode. Using the proposed RC computing architec-
ture, voice recognition tasks were performed, and an accuracy of over 94% has been
achieved. Therefore, a general iontronic platform that is customarily configurable to
mimic brain functions on a hardware level has been achieved.

2. A BEOL integration method of Li-ion imbued TiOx iontronic device on foundry
CMOS chips has been demonstrated (Chapter 3). Several materials, including lithium,
are strictly forbidden in the semiconductor foundry, rendering the integration of
memory devices with CMOS almost impossible. Therefore, developing a fabrication
method that could allow one to realize CMOS-integrated memory devices is of great
interest. In this thesis, a BEOL integration of CMOS process-incompatible devices
on CMOS chips has been implemented. The integrated TiOx devices with tape-
out CMOS show similar performance to standalone TiOx devices. The transistor
of the 1T-1R structure provides the benefit of a localized compliance current source
to protect the integrated devices from dielectric breakdown. The BEOL integration
of Li-based memristors on CMOS chips sets steps closer to an all-hardware imple-
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mentation of reservoir computing to actually demonstrate its advantages in energy
efficiency. The developed method can also be generalized to post-integrate other
process-incompatible devices involving quantum materials such as two-dimensional
(2D) materials, superconducting materials, and many more.

3. A novel memory device structure, consisting of a helimagnetic element sandwiched by
two ferromagnetic layers (a pinned layer and a free layer), with the capability of multi-
bit and non-volatile data storage, has been demonstrated (Chapter 5). The period
of the helimagnet, i.e., helical spin configurations, is determined by the material’s
internal exchange and DMI energy value. This period is also an equilibrium state of
the resistive memory device. The writing of the memory device is similar to toggle
magnetic random-access memory (MRAM), in which a rotating in-plane external
magnetic field, resulting from two-word lines, was used in CW and CCW directions
to increase and decrease the helical period from the equilibrium state. The spin
configurations are stabilized by the anisotropy of the free layer when the external field
was removed, and the states are non-volatile. The reading scheme of the memory is
done through the different resistance states for different memory states due to spin
scattering. In addition, HMRAM-based crossbar array architecture can be applied
for IMC applications. Overall, the proposal of our memory device paves the path for
future spin-based emerging memory.

6.2 Future Work

1. The first scope lies in the understanding of the resistive switching mechanism by
using equation-based modelling in COMSOL Multiphysics simulation tools. This
analytical simulation will allow us to realize the underlying mechanism. In-situ TEM
could also reveal changes in the phase of the material, which could also indicate an
indirect mechanism of the device. Although we tried to look at the TEM images of
the as-deposited and hundreds of cycled devices to investigate any sign of the crystal
phase changes, we failed to find any change in the crystallinity of TiOx due to the
amorphous nature of the films.

There is room for performance improvement regarding the speed of the ion motion
and control of the diffusion barrier to controllably change the decay time constant.
The same battery-like structure can be imitated with other oxide layers to compare
and contrast the performance. Regarding Non-volatile memory, the devices still
suffer from limited endurance, which could be improved by a dedicated deposition
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chamber. Although volatile memory devices readily endure thousands of cycles, the
non-volatile devices’ endurance needs improvement to meet industry requirements,
which is about a million (106) cycles.

The voice recognition task was used to benchmark the performance of reservoir com-
puting architecture. A more sophisticated model, such as weather forecasting and
price prediction, can be used to take advantage of this architecture.

2. The timescale of the tunable volatile Lithium-ion imbued TiOx devices depends on
the pulse voltage excitation duration. The decay constant determines the duration of
the memory. It is possible to extend the timescale of the memory by adding a barrier
layer on top of the solid-state ionic layer. Adding this barrier layer can slow down
the decay from the device, allowing one to realize a deterministic timescale fadeable
memory. This fadeable memory can be used for secure information distribution.

3. The tape-out chip was designed with a decoder only, which will activate one transistor
at a time, which limits the applications of the BEOL-integrated memory device. In
the future tape-out chip design, more components are needed to realize the hardware-
level artificial brain. The components include sense amplifiers to sense the state of
the memory cell, analog-to-digital-converters to sum up the accumulated current,
and Multiplexers to enable the row and column. Moreover, the tape-out chip size
could also be increased. The whole assembly could be used to realize a hardware-level
artificial neural network.
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