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Abstract

This work is the amalgamation of analytical and physical modelling of Y203-based memristor crossbar array
for neuromorphic computation. Firstly, in the case of analytical modelling, the advancement has been
implemented in the existing analytical model and remove the limitations to make the new memristive device
more dedicated towards the neuromorphic applications by introducing two novel internal state variables
namely as forgetting rate and retention. The newly introduced parameters greatly helped in investigation of
the working of the system and improved the synaptic behavior in terms of potentiation and depression

processes by enabling re-stimulation process effectively.

The developed analytical model is fully capable to emulate the highly dense memristive crossbar array-based
neural network of biological synapses and can implement the learning capability of the neurons. These
biological synapses control the communication efficiency between neurons by varying the synaptic weight
between to neurons during effective communication process. During electrical stimulation of the memristive
devices, the memory transition is exhibited along with the number of applied voltage pulses, which is
analogous to the real human brain functionality. Further, to obtain the forgetting and retention behaviors of the
memristive devices, a modified window function is proposed by incorporating two novel internal state
variables. The obtained results confirm that the effect of variation in electrical stimuli on forgetting and
retention is similar to that of the biological brain. The modelled data is well fitted with the fabricated Y>Os-
based memristive crossbar array to evaluate the performance of the memristive array system and helps to
understand the synaptic behavior in the neuromorphic computation. The developed analytical memristive
model can further be utilized in the memristive system to develop real-world applications in neuromorphic

domains.

On the other hand, a physical electro-thermal modelling of nanoscale Y20s3-based memristor devices has also
been carried out to understand and analyze the effect of symmetric and asymmetric electrodes variation on the
resistive switching (RS) properties and device synaptic properties. The physical modelling of memristor device
is carried out in a semiconductor physics-based tool i.e., COMSOL Multiphysics and MATLAB Livelink with
a well-defined MATLAB script. The RS responses for the reported physical model show low values of
coefficient of variability (Cv) i.e., 6.69 and 7.11% in SET and RESET voltages, respectively, during cycle-to-

cycle variation which eventually confirms the stability of the modelled device.



The physics-based simulation is carried out by considering minimum free energy of the materials at an applied
certain voltage. The simulated results also exhibit a stable pinched hysteresis loop in the RS responses in
symmetric and asymmetric electrodes combinations with an efficient ON/OFF ratio. Moreover, the simulated
devices show the synaptic plasticity functionalities in terms of potentiation and depression processes with
almost ideal linearity factor for symmetric and asymmetric electrodes combinations. Therefore, the presented
work efficiently depicted the electrode material's suitability with the Y203 switching layer which shows better
device performance and can also help the researchers to develop a perfect Y20O3-based memristor device for

neuromorphic, digital, and logic applications.
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Chapter 1
Introduction

1.1 Background

Artificial neural networks are inspired by the remarkable efficacy of
biological systems, and can be practically realized by utilizing two-terminal
memristive devices [ 1]. Further, the emulation of the synapse is a promising
step toward the enhancement of efficiency of artificial neural networks [2].
The synapse is one of the fundamental cellular units of the biological neural
unit [3]. More specifically, in the biological nervous system, neurons are
interconnected with one another through synapses, and information gets
transferred from presynaptic to post-synaptic neurons via synapses [3, 4].
During this transfer, the synaptic weight of the synapse, which is analogous
to the memristive device conductance, can be modulated under the
application of electrical stimuli [5]. The synaptic weight is strengthened
under the application of positive electrical stimuli, while in the case of

negative electrical stimuli, the synaptic weight is debilitated [4].

In neuromorphic computation, the strengthened and debilitated processes
are termed as the potentiation and depression mechanism, respectively [4,
5]. The synaptic weight of the memristive device can be dynamically varied
according to the use of electrical pulse excitations [6, 7]. Synaptic plasticity
is the fundamental functionality of the biological brain to change and
receive new information, and plays vital role in the learning and forgetting

process in the human brain [8].

Neuromorphic computation requires ultralow power, high-density
networks, remarkable efficiency and complementary metal oxide
semiconductor-compatible devices and systems [7, 9]. A memristive
system fulfilling all these requirements would make it a highly suitable
candidate for neuromorphic computation [5], synaptic functionality [10]
and data storage applications [11]. Besides these, memristive systems are

able to show various synaptic functionalities, such as nonlinear



transmission characteristics [12], spike-rate-dependent plasticity [2], spike-
timing-dependent plasticity [2], long-term potentiation (LTP) [13], short-
term plasticity (STP) [13], learning behavior [14] and forgetting behavior
[14], and short-term memory (STM) [15] and long-term memory (LTM)

[15] behaviors of the real biological synapse.

Due to the versatile nature and competent characteristics of memristive
devices, it is the need of new era to do the comprehensive study and
modelling of the memristors which could eventually leads to tackle the
substantial challenges in the new world of nanotechnology i.e., Moore’s

Law.

1.2 Motivation
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Figure 1.1: Detailed Schematic illustration in the process form of a Biological Synapse
and the ion channels neuron membrane. In an extremely simplified model, the signal

transmission strength from the presynaptic neuron to the postsynaptic neuron.

Memory is a vital fundamental building block in learning and decision-
making process in biological systems. Human memory is not permanent,
not like semiconductor memories. Forgetfulness is the key characteristic
of learning behavior; it is not always seen as a disadvantage since it free up
space memory storage for more valuable or more often approached data

and necessary to adjust to new condition. Eventually, only memories that



are important enough are transformed from short-term memory (STM) into
long-term memory (LTM) through continual stimulation. Stimulus could
be anything that could be sensed by our senses. In the neuromorphic
computation applications, on the essential basis device must be ideal to the
human brain which possess characteristics as the human brain does.
Through incorporating the forgetting behavior in the existing device
models, leads to the advancement in the endeavor to successfully achieve
the milestone of silicon brain. Retention loss in a nanoscale memristor
device bear striking resemblance to memory loss in biological systems.
Conventional models of the memristor attempted to bring the
characteristics of the device closer to the ideal brain but suffered due to
synaptic bottlenecks till now higher ideality hasn’t achieved yet. To
overcome the bottleneck and to bring closer to the human biological
system, retention and forgetting ability must be incorporated in the
memristive systems. Memristive devices with forgetting and retention
effect support artificial neural network structures with the potential to

support application in neuromorphic in-memory computation.

1.3 Memristor

Memristors can be used in extensive range of applications due to its
versatile and characteristic properties. For each different application,
memristor should possess different characteristics. For an instance,
memory design, an element that have the ability to compute, control and
store the data after computation is needed. They need to have fast read and
write times. The reading mechanism shouldn't change the data while
reading. The difference between stored data should be large enough to
avoid bad noise margins and have better sensitivity. Needed high loop areas
in order to achieve larger window for multiple levels so that number of bits
can be stored. Also, for storing Boolean data or design logic in a memristor,
the ratio between Ron and Roff or Ion and Ioff resistances should be high
enough. There are other characteristics that are important for memristor

applications, such as good scalability, switching speed, retention, ON/OFF



ratio, endurance, low power consumption, flexibility and compatibility

with conventional CMOS.

Memristor, the fourth fundamental two-terminal element other than
resistor, capacitor and inductor, was first described by Leon Chua in 1971
element when combining the fundamental physical quantities in
electromagnetism i.e., current (I), charge (Q), flux (®), voltage (V) and
time (t). Figure 1.2 shows the relation between each pair formed from these
quantities. Out of the possible six combinations, three elements were
already known prior to his work; i.e., capacitor, inductor and resistor and
two are based on well-established Ampere and Lens law. The relation
between flux (@) and charge (Q) was identified as the missing element as
pointed out in Figure 1.2. This implies that this missing element keeps track
of not only the amount and direction but also, the history of charge flown
through that element Regardless of the discovery, memristive device
technology underwent a long period of silence due to strong dominance of
CMOS technology in computing systems. However, since the successful
demonstration of TiO2-based memristor device by HP labs in 2008, amid
recent stagnation faced by CMOS technology, memristive device
technology is considered as a potential to replace/- complement CMOS
technology. Some of the attractive attributes offered by memristive device
technology are non-volatility, high scalability and good compatibility with
CMOS technology. The shared characteristics of the family of memristive
devices include the property to switch between stable resistance states and
retain the state even without any voltage supply (non-volatility). Some of
the well-known memristor-based memories are phase change memories
(PCM), spin-torque transfer magnetic RAM (STT-MRAM), conductive
bridge RAM (CB-RAM), redox oxide-based RAM (ReRAM).
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Figure 1.2: Linkage among four fundamental elements and basic circuit

parameter [16].

Memristor-based applications require an appropriate model for analysis
and simulation of the system. Going through the literature, we can see that
HP memristor model works on the principle of the drift of oxygen
vacancies. The HP Lab memristor model composed of Pt/TiO2/Pt structure,
as shown in Figure 1.3. In HP labs model, a positively charged oxygen
vacancies are present at one side of the TiO2 oxide layer, which is

sandwiched between the two noble metallic layers, i.e., platinum [16].
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Figure 1.3: The structure of TiO2-based memristor developed by HP Labs.

The doped part of oxide layer shows the low resistance behavior while the
high resistance behavior is demonstrated by an undoped portion of the
oxide layer. On an application of appropriate supply, the ionic drift between

the doped portion and therefore the undoped portion leads to a change in



the width of the doped region. Here the width of the doped region is taken
as a state variable. Also, when the width of the doped region approaches
zero, the memristor goes to a high resistance state (HRS). When the width
of the doped region approaches a boundary, the memristor goes to a low
resistance state (LRS). Since the dimensions of memristor are very small
(~nm), a low excitation in the supply can cause a change in the doped
region. Thus, the resistance of the memristor varies between HRS and LRS
[17]. Negative bias electroforming drives O* ions to the lower electrode,
where they discharge to form O». The conducting channel thus formed is
the Magneli phase Ti4O7, which acts as a source/sink of oxygen vacancies
in TiOz. TiO2 is an insulator TiO4 is a conductor. Initial cell resistance is
high (e.g., bit =0). Voltage causes TiO4 to migrate, producing lower cell
resistance. This state is stable when voltage removed. (e.g., bit=1). Reverse
voltage cause TiO4 to migrate back, causing higher cell resistance. This

state is stable when voltage is removed. (e.g., bit =0)

The relationship between voltage, current, charge, and flux for the

memristor is given by:
v(t)=M(q®) it) (1)

M@) =" @)

i =w@n)ve) A

_aq(e)
W(g) = 4)
where W (¢) has the unit of conductance and M(q) has the unit of resistance.
Memristor shows different properties compared from other fundamental

circuit elements that are pinched hysteresis loop, passivity, and non-volatile

memory effect.



When Equation (1) and (2) are analyzed, Equation (5) and (6) can be written

as follows:
v(t) =M (f_tooi(t)dt) it) )

i) =M (f_too v(t)dt) v()  (6)

The current passing through the memristor tells about the Memristance
value. That means, when the current flow through memristor is off, it
retains the value of the Memristance, and when the current flow through
the memristor is passed again, Memristance value will change from the last
retained value, i.e., before the cutoff. That shows the non-volatile property
of memristor and also tells about that, the memristor is not an energy
storage element [17, 18]. Memristor is analogous to a resistor with memory
[19]. The I-V curve of memristor shows the pinched hysteresis loop

characteristic.

If a bipolar signal periodic in nature is applied to a memristor it shows a
pinched hysteresis I-V characteristic that always crosses the origin. As the
frequency of the applied signal increases the pinched hysteresis loop shows
the singled valued function and behaves as a linear resistor. When the
frequency reaches to infinity, the pinched hysteresis loop behaves as a
single-valued function which has resemblance with resistor following ohms

law [20, 21].

The memristor is a passive circuit element which can remember the state
of resistance because of the voltage-current integral relationship. Because
of these features, they are used soft computing, in resistive memories,

neurocomputing, etc.

Resistive random-access memory (RRAM) or memristor has been widely
investigated as one of the promising and leading candidates for scale limits

of typical electron storage-based memories [22-25]. Based on its resistive
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switching mechanisms, the memristor can be simply categorized into two
types: filamentary-type and interfacial-type [24,26]. The filamentary-type
memristor device can be operated in a local region and due to this, it shows
a high switching speed as well as higher device scalability as compared to
interfacial-type memristor [26]. However, to fulfill the desired
requirements for the synaptic device, the interfacial-type memristor is
comparatively more suitable than the filamentary-type memristor [27,28].
The interfacial-type memristor has extremely stable and analog resistance
change as it comes from electrochemical reactions between the reactive
metal layer and resistive switching layer. The resistive synaptic devices
need to be evaluated in different ways with the non-volatile memories
(NVMs). To implement the hardware for the neuro-inspired computing
system, millions of resistive synaptic devices are necessarily required to
integrate with other complementary metal oxide semiconductor (CMOS)
device components. Therefore, the device scalability is one of the most
critical factors for hardware implementation. From the scalability point of
view, the Y203-based synaptic device offers numerous advantages such as
it is simple metal-insulator-metal (MIM) structure which can be highly

stable and efficiently integrated into the crossbar array architecture.

1.3.1 Resistive Switching (RS) Mechanisms of
RRAM Devices

To provide a comprehensive overview of RRAM devices, it is necessary to
implement and study in-depth survey on different RS mechanisms. The
current investigation of RS mechanisms for RRAM devices is linked to not
only materials selection of electrode/RS medium but also utilized operation
modes. Now, profoundly opted switching mechanism is established on
conductive filaments (CFs). This section is focused on the research of
several working mechanisms related to anion/cation migration and thermal-
chemical reaction, including thermal-chemical mechanism (TCM), valance

change mechanism (VCM) and electrochemical metallization (ECM).



1.3.1.1 Thermal-Chemical Mechanism (TCM)

TCM can be applied to explain the formation and rupture of CFs resulted
from ions (oxygen or metal ion) migration induced by thermal-chemical
reaction (Joule heating), which is independent of the switching mode
(unipolar and bipolar) for RRAM devices [29-31]. Zhang et al. explained
the working principle of their Pt/Al/Al1Ox/ITO RRAM device with TCM
theory [29]. As illustrated in Figure 3, oxygen ions driven by Joule heating
effect drifted to TE and left oxygen vacancies in the AlOx layer; CFs based
on the accumulation of oxygen vacancies set the device to LRS. For the
RESET process of unipolar device, the current steadily increased with the
increasing positive voltage bias, the formed CFs finally broke when it
reached the critical temperature induced by Joule heating, which made the
device switch back to HRS. Similarly, for the RESET process of bipolar
device, the oxygen ions drifted back to the AlOx layer due to the melting
of CFs and switched the device to HRS again. TCM based on Joule heating
reaction is related to the formation and rupture of CFs. The filament based
on metal Ag played a dominating role during the RS process. The formation
of Ag CF made the device from HRS to LRS during the SET process. Due
to the Joule-heating-based oxidation, the Ag CF ruptured by the thermal
dissolution and completed the RESET operation. In general, with the
SET/Forming operation, the thermal decomposition process that occurs in
the RS medium generates the ions migration in the RRAM device and the
resulting formation process of CFs transforms the device from HRS to
LRS. With the reversed voltage bias applied onto the electrode, the existing
CFs rupture due to the thermal melting reaction, which transforms the

device back to HRS and completes the RESET process accordingly.
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Figure 1.4: Switching mechanism of unipolar (a, b) and (c, d) AlO,-based RRAM devices,
reproduced from [39], with the permission from Springer Nature, 2020.

1.3.1.2 Valence Change Mechanism (VCM)

VCM has oxygen-related defects/vacancies and their electrochemical
reaction occurred in the RS medium [32-37]. In addition, it is not necessary
for an RRAM device to operate with the structure that consists of an active
electrode and an inert electrode, namely, the activity difference between TE
and BE is not required [38]. Chen et al. researched the unipolar
performance of Pt/SiOx/Pt RRAM device with VCM and dangling bond
(DB) [33]. With the effect of ternal electric field, the strength of the polar
covalent Si-O bond was weakened and finally broken. With the much
higher concentration of DB near the middle of the silicon band gap, the
hopping process could make the transportation of the electron through the
discontinuation of DB, which was similar to the initial state (HRS) of their
devices. If the DB concentration arose up to the threshold value of the
percolation path, the electron transport could occur in the mini-band of DBs
and the device switched into LRS, which accordingly indicated the SET
process. Munjal also initiated the analysis process of CoFe>Os-based
RRAM devices with the VCM theory [37]. In most cases, for VCM RRAM
devices, the resistance change performance is attributed to the formation
and rupture process of CF based on oxygen vacancies in the RS layer [32—
37]. With the positive voltage bias applied onto the inert electrode, oxygen

ions drift from where they stayed before with the effect of external electric
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field and oxygen vacancies left in the RS medium. The consequent CF path
made up of leftover oxygen vacancies connects TE and BE through the
functional layer, which increases the electric conductivity of the RS thin
film and switches the device from HRS to LRS. Whereas, with the reversed
voltage bias onto the same electrode, oxygen ions drift back to the RS layer
and result in the rupture of formed CF, which makes the device switch back
to HRS again. Therefore, oxygen defects/vacancies and oxygen may be the
dominating aspect during the growth and destruction of CF in the functional

layer.

B Ee

Mini-baLnd
Pt | S0y | Pt =P Pt [mtiBase] pt
i R |
SiOx g, Si0x R,

Figure 1.5: Schematic of discontinuous and continuous states of mini-band DB:s,

reproduced from [], with permission.

1.3.1.3 Electrochemical Metallization (ECM)

Compared with TCM and VCM, ECM based on electrochemical reaction
and cation migration, as

the most recognized mechanism, is always used to explain the working
principle of RRAM device with an active electrode, which is similar to
VCM [39-45]. Generally, most active electrodes for ECM devices are
active metal such as Cu [40-42] and Ag [39,43-45]. Tsuruoka et al.
investigated Cu/Ta;Os/Pt RRAM device based on Cu filaments [40]. With
a positive voltage bias applied onto Cu TE, Cu atoms near the interface
between Cu layer and Ta>Os layer were dissolved into Cu ions (Cu?*) and
electron (e") due to the electrochemical reaction. These Cu?" ions drifted
towards the RS layer with the effect of external electric field, which
induced the Cu®" ions supersaturation near the Ta>Os/Pt interface. Then
continuous cathodic deposition reaction occurred between Cu?" and e led

the formation of Cu-based filament and switched the device into ON state.
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Yu et al. also confirmed that multiple Ag filaments attributed to the
multilevel RESET behavior of RRAM device with a switching layer based
on nonmetal materials (Ag/SiO2/Pt) [39]. With a small negative voltage
bias, the Ag/SiO»/Pt device exhibited gradual resistance increasement.
When the voltage bias continued to increase beyond a threshold value, the
resistance of device was increased to a higher state sharply, which
suggested that multiple Ag filaments were effective as predicted. As
demonstrated in Figure 1.6, in the SET process, Ag CFs with different sizes
existed under a big CC after several switching cycles. During the RESET
process, Ag from Ag CFs transferred into Ag™ due to the dissolution
reaction, which resulted in a gradual resistance increase of device. When
these smaller CFs were broken, the resistance changed significantly. After
that, CFs with larger sizes were getting thinner until they ruptured, which
further induced the multilevel performance of RESET process. Long et al.
also used ECM based on Ag filament to explain the switching mechanism
of Ag/ZrO;: Cu/Pt RRAM device [43]. With the effect of external electric
field induced by voltage bias applied onto TE Ag, the oxidation process
occurred on Ag atoms and Ag atoms transferred into Ag ions (Ag — Ag"
+ €’). Then Ag+ migrated gradually to BE Pt as the electric field increased
in the ZrO; thin film and ions were reduced back to atoms (Ag"+ ¢ — Ag).
Finally, the formed Ag filament switched the device into LRS when the
voltage reached VSET, which showed the related metallic transportation
behavior. However, for the RESET process, when the voltage bias with
reversed polarity was applied onto the active electrode, the existing Ag
filament was broken within the oxide layer due to the electrochemical
reaction w/o Joule heat assistance. Similarly, research reported by
Tsuruoka et al. also presented the same perspective, which indicated that
the RESET process related to formed metallic filaments might be related to

electrochemical reaction w/o Joule heat assistance [40].
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Figure 1.6: Illustration of multilevel RESET process of Ag/SiO2/Pt RRAM device.

1.4 Organization

This chapter has introduced the background, motivation of the thesis and
introduction of the memristive devices including device switching
mechanism and its interrelation with other circuit parameters. The

remainder of this thesis report is organized as follows:

In Chapter 2, we have discussed the analytical modelling, physical
modelling and experimental demonstration for the Y20O3-based memristive
crossbar array, in detail. Analytical model consists two internal state
variables introduced in time derivative of the internal state variable (w(¢))
and according formulated the differential equations of forgetting rate and
retention. 3-D electrothermal physical model has been created and studied
the switching response of symmetric and asymmetric electrodes
combinations along with the synaptic behavior. Obtained experimental data

fitted with analytically generated.

In Chapter 3, we have discussed results of proposed analytical model which
involves study of effect of newly introduced internal state variable, namely
viz the forgetting rate (z) and retention (fr) and results exhibit a stable
pinched hysteresis loop in the resistive switching (RS) responses in
symmetric and asymmetric electrodes combinations with an efficient

ON/OFF current ratio of numerical model RRAM.

In Chapter 4, Conclusion and Future Work.
13
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Chapter 2

Analytical, Physical and Experimental

Demonstration

In this chapter, we discussed Analytical, physical and experimental
demonstration in detail. Firstly, discussed the detailed description of
already existing, non-linear analytical memristive model, which is based on
interfacial switching mechanism and confabulate the current-voltage
equation, its effect on the V-I characteristics and other part includes the
proposed modified analytical model in which 2 novel the internal state
variable (w(¢)) and two important parameters, namely viz the forgetting rate
(z) and retention (#r) to emulate the retention and forgetting behavior of the
memristive crossbar array. Next section, discussed the developed physical
model of memristor which was modelled on physics-based software i.e.,
COMSOL Multiphysics with a defined MATLAB script and effect of
symmetric and asymmetric electrode variation on the resistive switching
properties of the nanoscale Y20Os3-based memristor devices is also
investigated. Lastly, experimental section is discussed in detail in which
fabrication process to realize the Y>0s-based memristive crossbar array
using the DIBS system is weighed up and done the R>-fitting accuracy of
99.2% with corresponding experimentally obtained data of the fabricated

crossbar array with analytically obtained data from the model.

2.1 Analytical Model for Memristive Systems for

Neuromorphic Computation

2.1.1 Current-Voltage Equation

Equation (1) describes the current-voltage (/-V) relationship for the Non-
Linear Analytical model which is nearly related to the equations of the

model reported by Yang at al [3].
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Figure 2.1: Resistive switching characteristic of a memristive device (sweep rate: 1.042
V s—1). Inset-1 and inset-2 show parallel connection of rectifier and memristor and

piecewise window function, respectively.

The first term on the right side of equation (1) describes the flux-controlled
memristive behavior and it is dominated by the interfacial switching
mechanism which is not incorporated by various previously reported
models [1, 3, 4]. The parameters a; and a> are the degrees of influence of
the state variable on current for positive and negative voltage biases,
respectively and also contribute in the control of loop area of the hysteresis
loop. b1 and by are the experimental fitting parameters which define the

slope of conductivity in -V characteristics, w is the state variable,
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Figure 2.2: (a) I-V Characteristics (b) Log(l) -V Characteristics.
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a1 and oy are the major hysteresis loop area controlling parameters. The
second term on the right side of equation (1) is linked with the ideal diode
behavior in -V characteristics which plays a vital role when the state
variable (w) approaches zero i.e., non-conducting state or OFF state and
parameters y and y denote the net electronic barrier of the memristive
device. Vi(t) is the applied input voltage and in the case of -V
characteristics, a triangular waveform and while in the case of synaptic
functionality, rectangular voltage pulses are used. Analytical model is
applicable for both unipolar and bipolar memristive systems while
previously reported models [2, 3] are utilized only for bipolar memristive

system.

2.1.2 Window Function

A new piecewise window function, f (w) is described by equation (2), as
shown in the inset of Figure 1, which ensures that the state variable (w) is
limited between 0 and 1. In the analytical modeling, a constant value of p=2
is used. The range of parameter p defines the limit of the f (w) € {0, 1}
(seen in Figure 2.3) and if the value of p > 10, the upper limit of the f (w)
is beyond 1 thus violating the essential conditions reported by Prodromakis

etal [2]:

1+w)?, 0<sw<0.1
fw) =log{ (1.1)P, 0.1 <w <09 ;(2)
2-w)f,09<w<1

21.0f | p=T1 1@
c p=1

& p=8

2

50.5¢ p=6

L.

3 p=4

(=]

2 p=2

2090 05

State Variable (w)

Figure 2.3: Piecewise window function.
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2.1.3 Time-Derivative Equation of State Variable

The time derivative of the state variable (w(t)) is governed by the equation
(3) in which it depicts the rate of variation of the state variable with respect
to time in the memristive devices and depends upon the nature of input

voltage and window function.

L= AxVMOXfW) ()
where, A and m are the parameters that determine the dependence of the
state variable on the input voltage and m is always an odd integer to ensure
that the opposite polarity of the applied voltage leads to opposite change in
the rate of change of state variable. Table 1 presents the physical

significance and numerical values of all parameters used in analytical

modeling.

Table 1. Physical interpretation and values of parameters for analytical

modeling.
Parameters | Values for Y203 Physical Significance

b1 1.59x 107 Experimental fitting parameters

b2 -6.2 Experimental fitting parameters

ai 1.2 Degrees of influence of the state
variable under positive bias

a 0.3 Degrees of influence of the state
variable under negative bias

o 0.60 Hysteresis loop area controlling
parameters under positive bias

(V) -0.68 Hysteresis loop area controlling
parameters under negative bias
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X 1x 10! Magnitude of ideal diode behavior

% 1 Diode parameters like thermal

voltage and ideality factor

A 5x10* Control the effect of the window
function
m 5 Control the effect of input on the

state variable

P 0<P<10 Bounding parameter for window

function between 0 and 1

2.2 Analysis of the Proposed Analytical Model

Synaptic Learning
2.2.1 Current-Voltage Equation

Equation (4) describes the current—voltage (/-V)) relationship that governs
the switching characteristics of the augmented Y20O3-based memristor [9]:

16 = {blwm (e@Vi® — 1) + y(e?"i® —1),V,(t) = 0} W

byw (e%Vi® — 1) 4 y(e?Vi® — 1), V,(t) < 0

Here, the first term described on the right-hand side of (4) is associated with
the flux-controlled memristive behavior due to the interfacial switching
mechanism and is not reported in previously reported models [14-15].
Here, the parameters a; and a; determine the degrees of influence of the
state variable on the device current for positive and negative polarities of
the applied bias voltage, respectively. b; and b, are designated as the
experimental fitting parameters, which describe the conductivity slope in
resistive switching characteristics. w is the internal state variable, and o,
and oo are the pinched hysteresis loop area controlling parameters. The

second term on the right-hand side of (4) stands for the ideal diode behavior
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in resistive switching characteristics and plays a key role when the internal
state variable (w) approaches zero, and parameters x and y denote the net
electronic barrier of the memristive device. Vi(t) is the applied input bias

voltage.

2.2.2 Window Function

A piecewise window function f(w) is utilized as described in equation (5)
[9]. The window function ensures that w is restricted between 0 and 1. In
the analytical modeling, a constant value of p = 2 is used. The value of the
parameter p helps one to limit the value of fiw)e {0, 1}. However, for p >
10, the upper limit of f (w) is beyond 1, and thus violates the essential
conditions for f (w), which is defined between 0 and 1, as reported by
Kumar et al [7] and Prodromakis et al [10]:

(1+w)?, 0<w<0.1
fw) =log<{ (1.1)", 0.1<w <09 (%)
2-w),09<w<1

21.0 p=T1 (a)
< o=
g p=3
o

50.5¢} p=6
LL

3 p=4
()

= p=2
=>0. .
=09, 5

0.
State Variable (w)

Figure 2.4: Piecewise window function.
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2.2.3 Modified Time-Derivative Equation of State
Variable

Equation (6) describes the time derivative of the internal state variable
(w(?)) [9] and is further modified by incorporating two important
parameters, namely viz the forgetting rate (t) and retention (#) to emulate
the retention and forgetting behavior of the memristive crossbar array. The
time derivative of the (w(¢)) is dependent on the nature of the input voltage,
window function and forgetting and retention terms of the memristive
crossbar model. However, the previously reported model [6] has not been
experimentally validated for the switching response of the memristive

crossbar array:

w {A X V™) X f(w) — (u)} (6)

dt T

where 4 and m are the parameters that define the dependence of the state
variable on the input voltage, and m ensures that the opposite polarity of
the applied voltage leads to an opposite change in the rate of change of the
state variable. The last term on the right-hand side of (6) is associated with
the memory forgetting rate (t) and retention (¢r) behavior of the memristive

device.

2.2.3 Proposed Internal State Variables

The voltage derivative of forgetting rate and retention can be defined by
(7) and (8), respectively:
dar

= 0(eT — &) (7)

S = g(eM — 7MY X f(w) (8)

where n1 expresses the interface effect with positive and negative voltage
and is considered as positive-valued fitting parameter, and n» represents the
material properties, such as activation energy [5]. The value of # is limited

between 0 and 1, ie., # € [0, 1], and o and O are the corresponding
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parameters for #r and T and are considered as constants during the analytical

modeling.

Equations (7) and (8) are used to accurately model the synaptic plasticity;
more specifically, the STM and LTM properties. The value of T denotes the
forgetting rate, which is greater than 0 (tr > 0), and ¥ and o are always
positive-valued parameters to analyze the forgetting rate and the retention
behavior of the memristive crossbar array systems. Table 2 presents the
physical interpretation and numerical values of all parameters used in the

analytical modeling.

Table 2. Modeling parameter values and their physical interpretation.

Parameters Values Physical interpretation
bi 1.59 x 1073 Experimental fitting parameters
b2 -6.2 x 107 Experimental fitting parameters
ai 1.2 Degrees of influence of the state

variable under positive bias

a 0.3 Degrees of influence of the state

variable under negative bias

o1 0.60 Hysteresis loop area controlling

parameters under positive bias

o2 -0.68 Hysteresis loop area controlling

parameters under negative bias

X 107! Magnitude of ideal diode behavior

Y 1 Diode parameters such as thermal

voltage and ideality factor
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A 5x107* Control the effect of the window
function

m 5 Control the effect of input on the state
variable

p 0<pg10 Bounding parameter for window
function between 0 and 1

T 0.15 Forgetting rate

tr 0.1 Retention; #r € [0,1]z

c 10¢ Corresponding parameters for #r and 7

0 107 Corresponding parameters for #r and 7

n 4 Interface effect with positive and
negative voltage and independent of w

2 2 Interface effect with positive and

negative voltage with positive-valued
parameters and determined by the SL
material properties and independent of

w

2.3 Analysis of the Physical Electro-Thermal

Modelling

2.3.1 Numerical

Specification

Electro-Thermal Model and

As Figure 2.5 (a-b) represents the 2D axisymmetric model of the memristor

in COMSOL for RESET (or OFF) and SET (or ON) processes,
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respectively. The 2D geometry of memristive device in COMSOL helps to

reduce the volume integrals in equation (9) to area integrals.

Si0; (300 nm)
10 nm
——
Top Electrode Al
(30 nm)
Yttrium (Y)
(10 nm)

Filament Dielectric
Y203 (5 nm)

Gap

Bottom Electrode Al
(65 nm)

Si0; (300 nm)
500 nm

Si0O; (300 nm)
10 nm
e
Top Electrode Al
(30 nm)
Yttrium (Y)
(10 nm)
SiO;
Filament [SDiclcctric (110 nm)
Y,03, [MeO05(Sum)

Bottom Electrode Al
(65 nm)

Si0; (300 nm)
500 nm

Figure 2.5: (a) 2D structure of memristive device under SET operation, and (b) 2D
structure of memristive device under RESET operation. In addition, the sketches indicate
number of boundary conditions, materials, and regular parameters. (Figures are not

sketched to their true scales)

Resistive Switching equivalent to the SET process is an amalgamation of 2
processes:
e Formation of filament between the electrodes.
o Nucleation and
o Longitudinal growth of CFs due to their probabilistic nature
[15]

e Radial development of Conducting Filament.

Equivalently, Resistive Switching for RESET process is also formed of 2
processes:
e Nucleation and
e Growth of the gap (or rupturing of the CFs). Nature of the growth
of the gap is also of stochastic nature [15].

As seen from Fig. 1(a-b), a layer of SiO; is used as a thermally insulated

layer surrounding the memristor device. The yttrium metal used as an
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oxygen reservoir layer and enhance the formation of stable CFs during the
SET process. The numerical analysis is rooted on the concept of minimum
free energy (FE) of memristive device which increases on the application
of external voltage. At the same time, the device evolves in such a way to
minimize its free energy due to phase transition in oxide material by
braking chemical bonds. The free energy in a memristive device can be

expressed as [16]:
F = [ pCp8Tdx® + [ |E|2dx® + 2mrhos + mr2hop 9)

The area integrals associated with SET and RESET processes in COMSOL

are expressed as [16-17]:

Fsgr = [[ pCpéTdrdz + %ff e|E|*drdz + 2nrhog + nr2hép,  (10)

Freser = [f pCp8Tdrdz + [[ e|E|2drdz + 2mrhas + mr218y, (11)

where, p is the mass density, Cp, is the specific heat capacity at constant
pressure, o7 is the change in temperature, ¢ is the permittivity, £ is the
electric field, » is the radius of conducting filament, / is the conducting
filament height in SET process (referred as: / is gap length in the case of
RESET process), os 1s the interfacial energy, and o, is the difference in
chemical potential between unstable conductive phase and insulating phase
during SET process (d.1) and between unstable conductive phase and
metastable conductive phase during RESET process (J,2) [16-17].The first
and second terms of equation (9) describe the thermal and electrostatic
energy, respectively, while the last two terms of equation (9) can be

correlated to the phase transformation energy.
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Energy

.uuc B

i uc mc
Configurational Coordinate

Figure 2.6: One dimensional (1D) presentation of the system where chemical potentials
in unspecified configurational coordinates showing three distinct minima corresponding
to the insulating (i), unstable conductive (uc), and metastable conductive (mc) phases and
their related barriers. Arrows represent transformations between mc and uc and the uc

and i phases where energy barriers are relatively low [18].

2.3.2 Implementation in COMSOL Multiphysics:

2.3.2.1 COMSOL Algorithm:

1. Open the COMSOL Model Wizard.
2. Select 2D Axisymmetric in Space Dimension section.
3. Select AC/DC module
e add Electric Currents submodule.
e clectrical Circuit submodules.
4. Select Heat Transfer Module
e add Heat Transfer in Solids submodule.
5. Select Done.
6. Create Geometry of the device from schematic as shown in Figure 2.5.
7. Add Blank Materials in the Materials junction and add material
properties from Table 3.

8. Add the temperature-dependent electric conductivity,
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In Definitions junction, select Functions then Interpolation, and
then insert temperature and corresponding conductivity values in
the given Table 3.

Select Linear for both Interpolation and Extrapolation option.

9. Add the temperature and voltage dependent hopping conductivity,

In Definitions junction, select Variables, add the formula from

Table 3, and then select the corresponding domain.

10. Select the materials to the respective domains.

11. In Electric Currents submodule

add Terminal boundary condition.

select the top boundary of the top electrode.
select Circuit as the Terminal type.

add Ground boundary condition.

select the bottom boundary of the bottom electrode.

12. In Electric Circuit submodule,

add Resistor and value of load resistance,

add External I Vs. U from External Coupling.

select Terminal voltage from Electric potential option.

add Voltage Source for OFF and ON modules.

select Pulse source as Source type for ON and OFF modules and
define the pulse length according to the different ramp-rate as listed
in Table. III

Add Current Source for RESET and SET modules.

select DC-Source as Source type for SET and RESET modules.

13. In Heat Transfer in Solids submodule,

add Temperature boundary condition.

select the top of the SiO2 superstrate and bottom boundary of the
S102 substrate.

add Diffusive Surface boundary condition.

select all the inner boundaries, and then choose 298K in the user
defined temperature section and 0.9 Surface emissivity for the user

defined value.
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14. In Multiphysics node, to couple the Electric Currents and Heat Transfer
in Solids submodule,
e select all the domains and boundaries in Electromagnetic Heating
sub-node.
e select Heat Transfer in Solid as Source and Electric Currents as
Destination in Temperature sub-node
15. Create Mesh
e select Build All
16. Select Study type
e select Time Dependent study for ON and OFF modules.
e add Times corresponding to the pulse lengths.
e select Stationary study for SET and RESET modules.
17. Select Compute
18. Obtain results from the Results node as shown in Figure (2.7-2.10)

The following sections describe the modules that are considered during
the model’s process in COMSOL:
[1] Electric Current Module:

V.J=0 (12)
] = oF (13)
E= -V (14)

where E represents the electric field, J depicts the electric current density,
V. shows the divergence operator, V defines the three-dimensional gradient

operator, and V denotes the electric potential.
[ii]] Heat Transfer Module (solids):

—kV2T = Qg (15)
aT
pCr 5 —KVT= Qs (16)
where absolute temperature in Kelvin is given by T, k is the thermal

conductivity, the specific heat capacity is depicted by Cp, the
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electromagnetic heat source is given by Qs, and the density is represented

by p.

[iii] Multiphysics Module:
Qs=J.E (17)
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Figure 2.7: (a) 2-D Electric Potential Plot. (b) 3-D Electric Potential Plot. (c) 3-D

Electric Potential Plot of Cutout section. (d) 3-D Temperature Plot. (e) Temperature
Contour Plot. (f) 2-D Electric Field Plot. For the OFF Process.
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Figure 2.8: (a) 2-D Electric Potential Plot. (b) 3-D Electric Potential Plot. (c) 3-D

Electric Potential Plot of Cutout section. (d) 3-D Temperature Plot. (e) Temperature
Contour Plot. (f) 2-D Electric Field Plot. For the SET Process.
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Figure 2.9: (a) 2-D Electric Potential Plot. (b) 3-D Electric Potential Plot. (c) 3-D

Electric Potential Plot of Cutout section. (d) 3-D Temperature Plot. (e) Temperature
Contour Plot. (f) 2-D Electric Field Plot. For the ON Process.
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Table 3: Values of the coefficients of the differential equations and FE used in

electro-thermal modelling

Thermal Specific Relative Mass
Materials Electrical Conductivity (o) [S/m] Conductivity Heat Permittivity Density
() [W/K.m] Capacity (&) (p)
[J/kg. K] [kg/m?]
SiOz 1x10° 1.38 703 3.9 2.20 x10°
Al 3.8x107 235 904 -oo! 2.70x103
Y 1.8x10° 17 298 -o0! 4.47x10°
Y203 10! 0.3 440 15 5.01x103
Y10 t eV | 3
203 G exp (Jfln (?)) e | [o 0o(T,V)TL 528 0 6.01x10
1
t eV 3
Gap Gigexp (_ngn (?)) - ( k_> Kegeoe (T, V)TL 440 15 5.01x10
1
TiN 1.00x10° 11.9 543.33 -oo! 5.22x10°
Cu 5.90x107 400 386 -oo! 8.96x10°
Au 4.50x107 320 126 -oo! 1.93x10*
Pd 9.49x10° 71.2 240 -o0! 1.20x10*
Ag 6.20x107 430 233 -oo! 1.05x10*
Al 3.80x107 235 921 -o0! 2.70x10*
Pt 9.40x10° 71 125 -o0! 2.15x10*
Mo 2.00x107 139 251 -oo! 1.03x10*
Ta 7.70x10° 57 140 -o0! 1.67x10*
Parameters Values Parameters Values
Oif 5 kS/m RL 3.1kQ
) Oig 3 kS/m o Vs 1.5V
Electrical o 20.05 Circuitry Vo -5V
Conductivity ag 0.05 A(VIs) 102, 10%,10°
t \a Thermal Kete 10
t; 0.1ps Conductivity
(Gap)

110° was used for practical purpose as an alternative to —oo.

2.4 Memristor Device Structure and Modelling

To simulate the Y»0s3-based memristor structure, symmetric and
asymmetric top and bottom electrodes have been utilized, as depicted in
Figure 2.11 (a) shows the various symmetric electrodes combinations with
Y203 as a resistive switching layer while Figure 2.11 (b) shows the
asymmetric electrodes combinations with Y203 as a switching layer. The
cross-sectional area of the simulated device structure is 314 nm?. As seen
in Figure 2.11, a thick layer of SiO; insulating layer is used in which the
width of the SiO> layer is 490 nm, and top and bottom thickness of 300 nm.
The thick layer of SiO> acts as a heat shield layer surrounding the memristor
device to prevent the uncontrollable heat flow from the device to outside
ambient (i.e., air) during the device switching operation [19]. Also, this
passivation layer helps to maintain a stable temperature all around the
device [20] which is advantageous to achieve the stable resistive switching
response of the device. Further, the effective thickness of the memristor

device is 100 nm, in which 65 nm thickness is of the bottom electrode (BE),
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5 nm thickness of Y203 which acts as the switching layer, and 30 nm
thickness of the top electrode (TE). It should be noted that, in the case of
symmetric electrodes combinations, the same metal is used for TE and BE,
as depicted in Figure 2.11 (a) while in the case of asymmetric electrodes
combinations, active metal Ag is used as a TE and different metals such as
Al, Au, Mo, Pd, Ta, and TiN have been used as a BE of the simulated

memristor structure, as depicted in Figure 2.11 (b).

On the other hand, the resistive switching (RS) process in the memristor
device is majorly categorized into two sections such as ‘SET’ process and
‘RESET’ process. The SET process is the combination of two sub-
processes such as fast shunting of electrodes and the radial growth of
conductive filaments (CFs), as depicted in Figure 2.12 (a) The shunting
process can be further divided into two ways such as nucleation and
longitudinal growth of CFs due to their stochastic nature [21]. While the
RESET process is also categorized into two sub-processes such as
nucleation and growth of the gap. The growth of the gap originated due to
rupturing of the CFs, as shown in Figure 2.12 (b) The formation of the gap
in the RESET process is also of stochastic nature [21].

Figure 2.11: Y>03-based memristor device with (a) Symmetric electrodes (similar metal is
used for the top and bottom electrodes), (a) Asymmetric electrodes (different metal is used

for top and bottom electrodes).
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'

(RESET process ?\

Figure 2.12: Formation and rupture of the CF’s in a generic metal-insulator-metal (MIM)
memvristor device where (a) SET and (b) RESET process.

Here, under the positive applied voltage, step a(i) shows the initial stage of
the device and in stage a (i1 and iii) the nucleation process is started with
radial growth of the CFs and device switches into SET state. On the other
hand, under the negative applied voltage, step b(i) shows the shrinkage of
CFs and in stage b(ii and 1i1) the dissolution of CFs is started and due to
which the device switches into RESET state. The Vs, R and Rp shows the
applied input voltage, load resistance and device resistance, respectively.
The simulation of the memristor device is based on the thermodynamic
numerical analysis which is further related to the principle of minimum free
energy (FE) of the memristor device. The minimum FE increases due to an
applied external voltage. However, at the same time, the device evolves in
such a way to minimize its free energy due to phase transition in oxide
material by breaking chemical bonds. The free energy in a memristor
device can be expressed by equation (18) [22].
F = [ pCp6Tdx3 +%f€|E|2dx3 + 2nrhog + nr?hép (18)

where, p = mass density, C, = specific heat capacity at constant pressure,
oT = change in temperature, ¢ = permittivity, £ = electric field, » = radius

of CF, h = CF height in SET process (/ is gap length in the case of RESET

39



process), as = interfacial energy, and du = difference in chemical potential
between unstable conductive phase and insulating phase during the SET
process (Jdu1) and between unstable conductive phase and metastable
conductive phase during RESET process (du2) [22-23]. The first and second
terms of equation (18) are associated with the thermal and electrostatic
energies, respectively, while the last two terms of equation (18) can be
correlated to the phase transformation energy. The electrostatic energy of
the conductive components such as electrodes and filaments are negligible,
as compared to that of the insulating layer, which is the dominant candidate
for higher capacitance in the memristor device. Hence, the electrostatic
energy contribution in the overall value of FE is typically dominated by the
insulator layer and the thermal contribution is dominated by the conducting
filament that helps in the flow of current through insulating placed between
the top and bottom electrodes. A detailed explanation of adopted simulation
steps, an algorithm for the device design and the various partial differential
equations and their boundary conditions have already been reported in our

previous report [24].
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2.5 Experimental Demonstration
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Figure 2.13: Schematic diagram of (a) cleaned Si substrate, (b) deposition of insulating
Y203 layer on top of Si, (c¢) BE deposition via DIBS system, (d) SL deposition via DIBS

system, (e) TE deposition via DC magnetron sputtering. (f) A schematic, digital camera

photograph of the finally fabricated 4 x 4 crossbar array architecture and (g) schematic

diagram of finally fabricated 4 x4 crossbar array architecture.
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Figure 2.14: (a) Magnified optical microscopy images of developed memristive crossbar
array architecture, (b) FESEM images of top surface of Y03 SL, (c) resistive switching

response of the fabricated memristive crossbar array fitted with the analytical model.

Experimental Figure 2.13 describes the detailed fabrication process to
realize the Y>0Os-based memristive crossbar array using the DIBS system
[7, 8]. During the fabrication process, metal shadow masks are used to
pattern the bottom electrode (BE), switching layer (SL) and top electrode
(TE) of the crossbar array. For the (4 x 4) crossbar array fabrication, a 3-
inch cleaned Si (100) substrate is utilized, as shown in Figure 2.13 (a)
Further, an Ar" plasma etching process is performed for 15 min by the
secondary ion assist source in the DIBS system to remove the native
ultrathin SiO; layer on top of Si [7]. After the removal of native oxide, 150
nm thick polycrystalline Y203 is grown over the Si substrate as an
insulating layer [8], as shown in Figure 2.13(b) at 100 °C in a pure Ar (5
sccm) environment in the assist ion source of the DIBS system. The
deposited insulating layer has a remarkable surface morphology and
smoothness due to the similar lattice constants of Si (2aSi = 10.86 A) and
Y203 (a Y203 = 10.60 A), as reported elsewhere [20, 21]. Furthermore, a
low resistive (5.3 x 10* Q-cm) [13] Ga doped ZnO (GZO) with 100 nm
thickness is grown over the insulating Y»O3 layer at 100 °C in a pure Ar (5
sccm) environment in the assist ion source. The deposited GZO acts as the
BE and is patterned via a shadow mask with a width of 800 um, as shown

in Figure 2.13 (c). Subsequently, a 50 nm amorphous Y»O3 layer is
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deposited as a resistive SL, as shown in Figure 2.13 (d). The SL is deposited
at 300 -C at a fixed ratio of Ar to O> gas flow of 2:3 in the assist ion source
of the DIBS system [25]. At the end, a 70 nm Al TE is deposited via a
direct-current (DC) magnetron sputtering system, as presented in Figure
2.13(e). The line width of the TE shadow mask is 300 um. Figures 1(f) and
(g) show a schematic and digital camera photograph of the finally
fabricated 4 x 4 crossbar memristive array. To investigate the resistive
switching performance of the fabricated crossbar array architecture, a
semiconductor parameter analyzer (SCS-4200A) system is utilized.
Further, optical microscopy is performed to visualize the realistic view of
the fabricated crossbar array, and field emission scanning electron
microscopy (FESEM, Carl Zeiss) is used to assist in the surface
morphological analysis. Subsequent to the fabrication and performance
measurement of the memristive device, it is essential to analyze the
performance to understand the underlying physics, and analytical modeling
is essential. Previously, several analytical [15, 23-25] and circuit models
[4] have been reported; however, none of the reported models have been
validated with respect to the memristive crossbar array response. Some of
the earlier reported models [15, 24, 25] have not been validated with the
experimental results. Here, a memristive crossbar analytical model with
experimental validation has been formulated to emulate the various

memristive device properties.

Figure 2.14 (a) shows optical microscopy image of the developed
memristive crossbar array, which clearly shows that the deposited layers
are perfectly aligned to form a cross point structure in the array. Figure 2.14
(b) exhibits a continuous Y>03 SL layer with compact grains, which is also
described in our earlier report [7]. To analyze the resistive switching
response of the fabricated crossbar array, the TE is connected to the
positive/negative voltage terminal of the SCS-4200A while the BE is fixed
to the ground. To examine the switching response, a triangular voltage
waveform is applied to the device with an amplitude of £3 V and a pulse
width of 100 ms, and captures the resistive switching performance of the

device as shown in Figure 2.14 (c). Further, when a positive voltage (0 to
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+3 V) is imposed on the TE, the device switches from a high resistance
state (HRS) to a low resistance state (LRS) and this process is termed the
‘SET’ process, as shown in Figure 2.14 (c). The detailed switching
mechanism of the Y>0s3-based memristor is described in our previous report
[27]. For a negative voltage bias (from 0 to —3 V) applied on TE, the device
switches from LRS to HRS [27], and this process is known as the RESET
process, as depicted in Figure 2.14(c). Figure 2.14 (c) also reveals that the
developed crossbar array shows a consistent resistive switching response
in multiple switching cycles, and toggles between HRS and LRS and back
without any noticeable change in the SET and RESET voltages. The
negligible variation in the SET and RESET voltages signifies that the DIBS
system is extremely promising to develop a reliable and stable memristive
crossbar array. The analytical model, as discussed above, also captures the
resistive switching behavior with an R>-fitting accuracy of 99.2% with
corresponding experimentally obtained data of the fabricated crossbar
array. The accuracy of the model is comparatively higher than that observed
in our previous reports [9, 14], in which ~98% [9] and ~96% [14] accuracy
levels were reported. Besides that, the presented model has also shown
better accuracy as compared to previously reported models [6, 26, 15] in
terms of the stable switching response, with a better hysteresis loop area in
multiple cycles. The presence of a pinched hysteresis loop in the resistive
switching characteristics of the device is a footprint of the memristive
system [28], and the pinched hysteresis loop can be collapsed into a single-

valued function as described by Chua [29].
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Chapter 3

Results and Discussion

In this chapter, Firstly, we have discussed results of proposed time
derivative of the internal state variable (w(#)) and two important parameters,
namely viz the forgetting rate (z) and retention (#r) to emulate the retention
and forgetting behavior of the memristive crossbar array. Synaptic behavior
of memristive device on the application of consecutive positive and
negative pulses with different amplitude and duration. Lastly, we discussed
the simulated results exhibit a stable pinched hysteresis loop in the resistive
switching (RS) responses in symmetric and asymmetric electrodes
combinations with an efficient ON/OFF current ratio. Moreover, the
simulated devices show the synaptic plasticity functionalities in terms of
potentiation and depression processes with almost ideal linearity factor for

both electrode combinations.

3.1 Analytical Modelling
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Figure 3.1: The plasticity of memristive crossbar using (a) pulses with different amplitude
and duration, (b) pulses with different interval with constant amplitude. Here, the format
of the labels, i.e., 4 V/50 ms/50 ms, shows the pulse amplitude, pulse width and interval

between two consecutive pulses, respectively.

It is known that the conductance of memristive systems is dependent on
various parameters, such as the input pulse amplitude, pulse time duration
and time interval between two consecutive pulses. Here, Figure 3.1 (a)

analytically shows the variation in the memristive device conductance with
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respect to the number of pulses, in which ten consecutive voltage pulses
with different amplitude and time duration are imposed on the memristive
crossbar. It is observed that the pulses with larger voltage amplitude and
longer time duration trigger a larger change in the device conductance,
while on the other hand, the pulses with smaller amplitude and shorter time

duration result in a negligible or no change in the device conductance,

which is associated with the device activation state.
i
Oxygen 1ons >
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Figure 3.2: (a) lon diffusion and (b) ion migration at the memristive device interface.

However, the relentless competition between ion diffusion and ion
migration, as shown in Figure 3, at the device interface decides the net
conductance of the memristive device. The ion diffusion decreases the
device conductance while ion migration increases the device conductance
[3, 8, 9]. Figure 3.2 (a) shows the ion diffusion process under the
application of negative applied voltage at the TE, in which the net
concentration of oxygen ions is less at the interface, which affects the
interface conduction and further leads to a decrement in the device
conductance [10—14]. On the other hand, under the application of applied
positive voltage at the TE, the oxygen ion migration process takes place at
the interface and the concentration of oxygen ions is higher at the device
interface, which leads to an increment in device conductance at the
interface [10—14], as shown in Figure 3.2 (b). Further, the time duration and
interval have a significant impact on the device conductance [15, 16]. For

this analysis, ten consecutive voltage pulses with the same amplitude and
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different time duration and interval are applied on the memristive crossbar,
and it is observed that the pulses with shorter intervals induce a larger
change in the device conductance as compared to pulses with longer time
intervals. This is because, in general, the longer time interval leads to ion
diffusion, which substantially reduces the device conductance [3]. Similar
memory plasticity is experimentally demonstrated by Das et al [4] in a
DIBS-grown Y:0s3-based single memristive device. In that work, the
memristive device conductance is varied with the number of input pulses,
and the impact of the conductance is investigated by the variation of pulse
amplitude and duration. The experimental results reported by Das et al [4]

are analytically verified by Kumar et al [5].
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Figure 3.3: I-V curves of memristive systems under consecutive (a) positive voltage pulses
of +3 Vand (b) negative voltage pulses of —3 V. The change in device current/conductance

is the basis of synaptic plasticity in memristive systems.

Further, the proposed model also captures the change in device current
under the application of successive voltage sweeps, as shown in Figure 3.3.
Figure 3.3 (a) represents a continuous enhancement of the device current
(or conductance) under the application of successive positive voltage
sweeps, and this phenomenon is analogous to the potentiation mechanism
of memristive systems [1, 2]. On the other hand, for successive negative
voltage sweeps, the device current (or conductance) continuously declines,
as presented in Figure 3.3 (b), which is analogous to the depression

mechanism of memristive systems [1, 2].
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Figure 3.4 (a) and (b) T —t and tr—t curves.

Figure 3.4 shows the retention and forgetting rate in the improved diffusion
term and it is varied along with the time for which the electric field is
applied. The direction of the ion diffusion is determined by the comparative
result of the conductance and the retention. When w > t;, the positive
electrical field is overlapped, while an overlapping negative electric field is
observed when w < t;. In other cases, the ion diffusion mechanism promotes
the increment or decrement in the device conductance, i.e., the ion diffusion
process has the same direction as the ion migration [3]. Moreover, the
asymmetric variation in the positive and negative electric field, Tt and t.,
vary more rapidly under a positive electric field as compared to the case for
a negative electric field, as shown in Figure 3.4 (a). From Figure 3.4 (b), it
is clear that the forgetting rate and the retention are improved significantly
under the application of repeated electrical stimulation. The forgetting rate
increases from 0.15 to 0.26 s along with the increasing input stimuli
number. At the same time, as shown in Figure 3.4 (b), the retention also
increases from 10% to 20.1%, which is comparatively better than the
previously reported data [3], 6 and the increment in forgetting rate and
retention indicate a clear transition from STM to LTM [3]. Another
important behavior of a memristive system is the transition from STM to

LTM, which is captured by the proposed analytical model.
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Figure 3.5: (a) Transition from STM to LTM in which conductance varies along with
stimulation pulses, (b) potentiation and depression processes along with restimulation

process.

As shown in Figure 3.5 (a), 20 consecutive input pulses of +4 V amplitude
and 40% duty cycle are imposed on the memristive device. Under the
application of each electrical stimulation, the device conductivity is first
increased, followed by a decay due to spontaneous diffusion, as mentioned
earlier. However, when the time interval between the successive
stimulation is relatively short, in the range of 5-30 ms, an overall increment
in the conductance is observed despite the spontaneous decay, as shown in
Figure 3.5 (a). This phenomenon is caused by the competing process
between diffusion and ion migration [3, 8, 9, 15]. Moreover, the
stabilization in the switching process and persistence of LTM are evidence
of the growth of new synaptic connections and a change in the shape and
size of the pulse, adding more pathways for synaptic transmission. LTM
fades with time, showing that the synaptic connections revoke with time,

but at a much slower speed compared to the decay in STM [15].

Figure 3.5 (b) shows the synaptic plasticity behavior in terms of the
potentiation and depression processes of the memristive device [1, 2, 4].
During a positive electrical stimulus, the synaptic weight or the normalized
conductance of the memristive device is continuously strengthened, while
under a negative electrical stimulus, the synaptic weight is gradually
debilitated. Figure 3.5 (b) further displays the re-stimulation process

followed by the first stage of the potentiation and depression processes, in
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which a comparatively smaller number of electrical input stimuli are
required to achieve the same stage of memory learning process. This
phenomenon is similar to the learning behavior of biological systems,
which allows relearning of the elapsed information to be at a much faster

rate [4, 15].

The extensive benefits of the discussed analytical model are that it is able
to emulate the forgetting and retention behavior and STM-to-LTM
transition precisely, which was not captured by earlier reported models [5,
6, 7]. Further, the proposed model also has the ability to capture the realistic
behavior of biological systems, which helps engineers and researchers to
analyze the various functionalities of biological systems. Moreover, the
developed analytical memristive model is also able to compute the diverse

real-time neuromorphic characteristics.

3.2 Physical Modelling
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Figure 3.6: Resistive switching response of symmetric electrodes-based memristor
structure: (a) Al/Y>03/Al (Vser: +0.5788 V and Vyeser: -0.5654 V), (b) Au/Y:03/Au (Vser:
+0.5684 V and Vyeser: -0.5641 V), (c) Mo/Y>03/Mo (Vsgr: +0.7002 V and Vgeser: -0.6907
V), (d) Pd/Y>O03/Pd (Vser: +0.7123 V and Vgeser: -0.6957 V), (e) Ta/Y>O3/Ta (Vser:
+0.5554 V and Vigser: -0.5428 V), (f) TiN/Y>03/TiN (Vser: +0.6988 V and Vygeser: -0.6494
V), (g) Ag/Y>03/Ag (Vser: +0.5844 V and Vreser: -0.5709 V), and (h) combined switching
response of (a-g).

Figure 3.6: shows the simulated RS response of the various symmetric

electrodes-based Y203 memristive devices. To evaluate the switching
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response, the amplitude of an input voltage is £1.5 V with a pulse width of
~10 ms has been imposed on the top electrode via a load resistance. As seen
from Figure 3.6 (a), the RS response can be categorized into four parts
namely as: (1) positive forming voltage (+VF), (2) positive SET voltage
(Vser), (3) negative rupture voltage (-Vr), and (4) negative RESET voltage
(Vreser). During the positive voltage supply, all the CFs are formed inside
the resistive switching medium of Y>0;3 layer and memristive device is
switched into the SET position from the forming position (V¥) and the
process is termed as “SET process”. The amplitude of Vser is <JF, as
depicted in Figure 3.7 Also, it is observed that the hysteresis loop area in
the resistive switching behaviors is dependent on the used metal
combinations. On the other hand, when negative polarity voltage is applied
on the top electrode all the formed CFs are ruptured and the memristive
device is switched into RESET position and process is termed as “RESET
process” where voltage amplitude < -J'g, as shown in Figure 3.7 The values
of Vser and Vreser for all the symmetric device structures in which these
are varied from one metal combination to the other. Figure 3.7 shows the

RS response of the various asymmetric electrode-based Y203 memristive

devices.
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Figure 3.7: Resistive switching response of asymmetric electrode-based memristor
structure: (a) Ag/Y>03/Al (Vser: +0.6537 V and Vgeser: -0.6399 V), (b) Ag/Y>O3/Au (Vser:
+0.5819 V and Vgeser: -0.5711'V), (c) Ag/Y>03/Mo (Vser: +0.5687 V and Vreser: -0.5632
V), (d) Ag/Y:03/Pd (Vser: +0.6049 V and Vrgser: -0.5966 V), (e) Ag/Y>03/Ta (Vser:
+0.6537 V and Vreser: -0.6399 V), (f) Ag/Y>O3/TiN (Vser: +0.5359 V and Vgeser: -0.5187
V), and (g) combined switching response of (a-f).
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Figure 3.8: Operating voltages (Vser and Vreser) and operating voltage ratio (=
Vser/|Vreserl) of Y20s3-based memristor with (a) symmetric electrodes, and (b) asymmetric
electrodes.

Figure 3.8 shows the different operating voltages such as SET voltage
(Vser) and RESET voltage (Vreser). Figure 3.8 (a) depicts the Vsgr and
Vreser for the symmetric electrode-based Y203 memristor device while
Figure 3.8 (b) shows the Vser and Vreser for the asymmetric electrode-
based Y203 memristor device. Here, it is noticed that the operating voltages
for each device structure combination are identical and had slight variations
from one device structure to another. Further, to compare the differences
between Vsgr and Vreser for all the simulated structures, we defined
operating voltage ratio (= Vser/Vreser). As seen from Figure 3.8 (a), in the
case of symmetric electrode-based memristor device, when the device
electrode combination shift from Au/Auto Ta/Ta to TiN/TiN, the operating
voltage ratio is increased. While on the other hand, in case of an asymmetric
electrode-based memristor device, when device electrode combination
shifts from Ag/Mo to Ag/Ta to Ag/TiN, the operating voltage ratio is also
increased, as shown in Figure 3.8 (b). That means the optimized bias
condition is necessary for each device structure to obtain the proper change

in the device conductance.
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Figure 3.9: ON/OFF ratio of (a) symmetric electrodes, and (b) asymmetric electrodes-

based Y>O3; memristor.

Figure 3.9 shows the ON/OFF ratio of current for both symmetric and
asymmetric electrodes-based Y203 memristor devices. The simulated
results show that when Ag, Au, and Al are considered as top and bottom
electrode in Y203 memristor device, the ON/OFF ratio of current is highest,
as compared to the other symmetric electrode combinations. On the other
hand, the ON/OFF ratio is highest when Mo is considered as a bottom
electrode in case of the asymmetric electrode where Ag acts as a top
electrode. The ON/OFF ratio of the memristor device is associated with the
memory window of the device and higher values of the ON/OFF ratio lead
to the better stability in the switching response along with cyclic operations

and time scale which is further useful in digital and logic applications.
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Figure 3.10: Potentiation and depression processes of symmetric electrodes-based Y>03
memristor: (a) Al/Y>03/Al, (b) Au/Y:03/Au, (c) Mo/Y.Os/Mo, (d) Pd/Y.Os3/Pd, (e)
Ta/Y>0s3/Ta, (f) TiN/Y>03/TiN, and (g) Ag/Y>03/Ag.
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Figure 3.11: Potentiation and depression processes of asymmetric electrodes-based Y>03
memristor: (a) Ag/Y>03/Al, (b) Ag/YO3/Au, (c) Ag/Y.O3/Mo, (d) Ag/Y.Os3/Pd, (e)
Ag/Y>05/Ta, and (f) Ag/Y>O3/TiN.

Further, to evaluate the synaptic plasticity behavior of the memristive
device in terms of potentiation and depression, a train of 50 positive and 50
negative triangular voltage pulses with amplitude of +1.5 and -1.5 V,
respectively, with voltage ramp rate (Vrr) of 100 V/s are imposed on the
memristive device. Figure 3.11 shows the synaptic plasticity characteristics
for symmetric electrode-based while Figure 3.11shows the asymmetric
electrode-based Y203 memristor device. As seen from Figure 3.10 and
3.11, under the application of positive voltage pulses, the synaptic weight
or the normalized device conductance of the memristive device is
continuously strengthened. The continued strengthening in the synaptic
weight is analogous to the ‘learning behavior’ of the human brain
functionality and this process is termed as ‘potentiation’. While, in the case
of negative electrical pulses, the synaptic weight is gradually weakened, as
shown in Figure 3.10 and 3.11. The continuous weakening in the synaptic
weight is familiar with the ‘forgetting behavior’ of the human brain
functionality and this process is termed as ‘depression’. Also, the
continuous strengthening and weakening of the synaptic weight are
analogous to the synaptic plasticity functionality of the human brain [17-
18, 21-25]. Here, a chain of consecutive 100 (50 positive and 50 negative)
identical pulses with an amplitude of £1.5 V and pulse width of 15 ms are
imposed on the device to compute the synaptic characteristics. As seen

from Figure 3.10 and 3.11, under the identical pulses, the metal/insulator
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interfaces are observed to exhibit gradual potentiation and abrupt
depression process [26-29]. The abrupt change in the depression process is
associated with the difference in metal-oxide free energy [30]. Moreover,
considering the metal-oxide free energy, induced oxide layer and non-
identical spikes pulses which have different pulse amplitude or duration can
be an efficient solution to overcome the high asymmetry ratio [18] in
potentiation and depression processes. However, the non-identical spike
may enhance the complexity of the peripheral circuits and the neuro-

inspired computing system [18].
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Figure 3.12: Evaluation of asymmetric ratio in potentiation (0 to 50 pulses) and
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Here, in Figure 3.12 and 3.13, the potentiation and depression processes are
plotted for symmetric electrodes and asymmetric electrodes-based
memristor with the same number of applied pulses. For the potentiation,
the number of pulses is expressed from 0 to 50, while in case of the
depression, the number of pulses is from 50 to 0. Hence, based on this
bilateral symmetric superposition, the absolute conductance difference
between the potentiation and depression can be calculated and defined as
an asymmetry ratio (Ra). To compare the values of conductance (G) among
these samples, normalized values of device conductance are considered. In
case of the neuro-inspired computing system, it is required to be updated
the synaptic weights and conductance of the synaptic device need to be
changed with the same incremental value at any conductance value. In other
words, at any certain conductance value, the potentiation and depression
can be executed randomly [19, 20]. Thus, the increment in the conductance
change (4G) needs to be the same during the potentiation and depression
processes. For example, if the potentiation is processed for ten times at a
certain conductance value, and sequentially the depression process is
processed for ten times, then the final conductance value needs to be similar
to the initial conductance value. However, sometimes, the final and initial
conductance values are not similar and, in this case, a more complicated
circuits and processes are required to make a target conductance of the
synaptic device. The unreliable change in the device conductance (4G) can
degrade the learning accuracy in the computation of neuro-inspired
computing systems [19, 20]. Therefore, the similar change in the
potentiation and depression is one of the important factors for designing
and developing the synaptic device. Here, to compare all simulated device
structures, asymmetry ratio has been utilized which can show the linearity
in weight, indirectly. Based on the maximum and minimum G values (Gmax
and Gmin), it is assumed that G is varied from Gmin t0 Gmax during the
potentiation and from Gmax to Gmin during the depression. Thus, at a certain

pulse number (Nx), the Ra can be defined as:

Gpot at Nx
Gpep at (Nmax—Nx)

Asymmetric ratio (Ry) =

(1
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where, Gpot 18 G value during the potentiation, Gqep 1s G value during the
depression, and Nmax 1s total pulse number between Gmin and Gmax.
However, this Ra cannot be a direct indicator for the linearity in weight, it
can show a difference of G between the potentiation and depression after a

certain number of pulses.
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Figure 3.15: Evaluation of asymmetric ratio in potentiation (0 to 50 pulses) and
depression (50 to 0 pulses) processes of asymmetric electrodes-based YOz memristor: (a)
Ag/Y>05/Al, (b) Ag/Y:03/Au, (c) Ag/Y.0s/Mo, (d) Ag/Y:03/Pd, (e) Ag/Y:03/Ta, and (f)
Ag/Y>03/TiN.

Here, in Figure 13 and 10, the NL i.e., non-Linearity curves are plotted for

symmetric electrodes and asymmetric electrodes-based memristor with the
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same number of applied pulses. Here, to compare the ideal learning
behavior of all simulated device structures over the excitation, Ideality
factor has been utilized which can show the behavior of ideality in weight
with the applied pulses while potentiation and depression respectively.
Based on the absolute difference of the conductance values IF i.e., ideality
factor can be calculated. Thus, at a certain pulse number (Nx), the IF can be
defined as:

Ideality Factor (IF) = |GPx — GDx| )
where, GPx and GDy are G value during the potentiation and depression at
certain pulse number. However, this IF cannot be a direct indicator for the
Ideality in synaptic weight updation while learning process. The value of
IF for the ideal learning process must be zero, but as we can see in the
reported IF values are nearly close to the zero and zero at the transition of
P and D, where potentiation ends and depression begins. Number of
maxima and minima can be observed in the in plots in which global maxima
and global minima represents the maximum and minimum deviation from
the ideal behavior, respectively. In the major number of plots global
maxima occurs near the 50" pulse which means deviation is maximum
almost at the end of process. The deviation in device conductance (|[4G|)
can degrade the learning accuracy in the computation of neuro-inspired
computing systems. Therefore, change in the GP and GD is one of the

reliable factors for designing and developing the ideal synaptic device.
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Figure 3.16: Asymmetric ratio of Y>03-based memristor with (a) symmetric electrodes,
and (b) asymmetric electrodes. Here, in both the cases, the asymmetric ratio is
comparatively higher at the lower potentiation pulse as compared to higher potentiation

pulse.
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Figure 3.16: shows the values of Ra for symmetric electrodes-based (see
Figure 3.11(a)) and asymmetric electrode-based (see Figure 3.11(b)) Y203
memristor. As seen from Figure 3.11, the values of Ra are nearly ‘1’ at the
higher potentiation pulse for both symmetric and asymmetric electrodes-
based memristors which is the ideal case in synaptic characteristics. While
for the lower potentiation pulse, the values of Ra are comparatively higher
in comparison to the ideal value for both symmetric and asymmetric
electrodes-based memristor. In case of lower potentiation pulse, the higher
values of RA can be associated with the initially generated perturbations

inside the memristive device.
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Chapter 4
Conclusions and Future Work

4.1 Conclusions

We have reported the detailed fabrication process for an Y>Os-based
memristive crossbar array architecture with its highly stable resistive
switching response. Further, a nonlinear analytical model is also proposed,
which is capable of simulating the resistive switching response of the
fabricated crossbar array. Moreover, the developed analytical model shows
various characteristics such as synaptic plasticity with learning behavior,
the potentiation and depression processes, and the re-stimulation
mechanism. These are essential properties for neuromorphic computation
application. The developed analytical model also captures the new
forgetting and retention functionality, including the memory transition
between STM and LTM. Therefore, the described model can be further
used in the design and modeling of memristive systems for in-memory
computation, neuromorphic computation and artificial neural network

applications.

Further, we have reported the resistive switching performance of the Y,0s-
based memristor device with symmetric and asymmetric electrode
combinations via COMSOL. The simulated results show the stable RS
behavior in the pinched hysteresis resistive switching response with an
efficient ON/OFF current ratio. The simulated outcomes suggest that, in the
case of symmetric electrodes, Au/Au configuration shows a minimum
operating voltage ratio while in the case of asymmetric electrodes, Ag/Mo
configuration shows the minimum operating voltage ratio. Moreover, the
highest ON/OFF current ratio is shown by Al/Al (Au/Au and Ag/Ag also
shown the similar values in ON/OFF current ratio) electrodes configuration
which is in case of symmetric while Ag/Mo in case of asymmetric
electrodes configuration. The simulated memristor devices with symmetric

and asymmetric electrodes configurations have also effectively established
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the synaptic plasticity functionality with the almost ideal linearity factor
which is analogous to the functionality of human brain. Therefore, the
extensive benefit of the presented work is to be beneficial for the
researchers to select the appropriate metal electrodes to develop Y20:s-
based memristor devices which able to capture the realistic behavior of the

biological synapse.

4.2 Future Work

e To explore the physical modelling of the memristive device with
the stacked layer of MoS, and emulate the various Synaptic
Properties like short term memory (STM), long term memory
(LTM).

e To analysis the switching response of the Stacked-Layer MoS;-
based memristive device at nanoseconds or picosecond pulse width.

e To study the DAC behaviour of MoS2-based memristive device.

e To explore and study the effect of perturbation at both interfaces

(i.e., Top and bottom).
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Figure 4.1: 2D structure of Stacked-Layer MoS, memristive device.

67





