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Motivation and Thesis Structure

In recent, decades, electronic devices have become essential elements in our

daily lives. They are present in all aspects of our society, like communications,
entertainment, home automation, health, emergency systems, among many
others. The demand for smaller and more efficient devices forces the traditional
semiconductor industry to reduce the size of its main elements. During the last
years, the integration level has followed the trend of Moore’s Law, however,
nowadays it is facing its physical scaling limits, at the atomic scale. To address
these challenges, emerging technologies are being explored, offering the
potential to either complement or disrupt traditional approaches. Among these,
memristors have garnered significant attention for their implementations in
memory technologies such as resistive random-access memories (RRAMs).
Beyond memory, their unique non-linear properties have opened new
possibilities in fields like logic operations, analog circuits, cryptography, and
neuromorphic systems. In neuromorphic computing, memristors are particularly
promising for advancing beyond the limitations of traditional Von Neumann
architectures, where separate memory and processing units create a bottleneck
in speed and energy efficiency. With the increasing demands of artificial
intelligence (AI) and the Internet of Things (IoT), post-Von Neumann

paradigms that integrate memory and computation are essential. Memristors,
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which can emulate biological phenomena with scalability and CMOS
compatibility, offer a path toward realizing these architectures. Despite the
extraordinary properties of memristors and their potential, for reaching full
commercialization, this technology must overcome its most critical drawback,

the dispersion or variability in the conduction characteristics.

This thesis tackles two critical aspects of the memristor technology. First, it
focuses on characterizing and modeling the intrinsic variability of memristors.
Experimental studies combined with robust compact models are essential for
understanding, simulating, and predicting the behavior of these devices. Second,
it investigates the impact of the stochastic resonance (SR) phenomenon on
memristor’s performance. SR, observed in non-linear systems exposed to noise,
enhances system performance at optimal noise levels. Here, SR is examined at
both individual memristor level, by analyzing the effects of injected noise on
memristors, and within memristor-based neuromorphic systems, which aim to
emulate brain functionality. As the brain is inherently noisy, exploring the
influence of noise in neuromorphic systems is vital for developing practical and
realistic implementations. These contributions help the advance of RRAM
technology and promote the development of memristor-based neuromorphic

systems.

This Ph.D. thesis has been written as a compendium of articles. Therefore,
most of the research topics presented have been already published in
international journals or conference proceedings. The list below presents the

references for the articles related to this thesis:

SSE21: E. Salvador, M.B. Gonzalez, F. Campabadal, J. Martin-Martinez, R.
Rodriguez, E. Miranda, ‘SPICE modeling of cycle-to-cycle variability in RRAM
devices’, Solid-State Electronics, vol. 185, 108040, 2021.

SSE23: E. Salvador, M.B. Gonzalez, F. Campabadal, J. Martin-Martinez, R.
Rodriguez, E. Miranda, ‘Assessment of the variability of the [-V characteristic
of HfOx-based resistive switching devices and its simulation using the quasi-
static memdiode model’, Solid State Electronics, vol. 206, 108667, 2023.



SSE24: E. Salvador, R. Rodriguez, E. Miranda, ‘SPICE simulation of the time-
dependent clustering model for dielectric breakdown’, Solid-State Electronics,
vol. 215, 108895, 2024.

JLPEA24: E. Salvador, R. Rodriguez, E. Miranda, ‘A Simple, Robust, and
Versatile MATLAB Formulation of the Dynamic Memdiode Model for Bipolar-
Type Resistive Random Access Memory Devices’, J. Low Power Electron.
Appl., vol. 14, no. 2, p. 30, 2024.

EDL24: E. Salvador, R. Rodriguez, E. Miranda, J. Martin-Martinez, A. Rubio,
A. Crespo-Yepes, V. Ntinas, G. Ch. Sirakoulis, M. Nafria, ‘Noise-induced
homeostasis in memristor-based neuromorphic systems’, IEEE Electron Device
Letters, vol. 45, no. 8, pp. 1524-1527, 2024.

TED24: E. Salvador, R. Rodriguez, E. Miranda, J. Martin-Martinez, A. Rubio,
A. Crespo-Yepes, V. Ntinas, G. Ch. Sirakoulis, M. Nafria, ‘Stochastic
Resonance in HfO»-Based Memristors: Impact of External Noise on the Binary
STDP Protocol’, IEEE Transactions on Electron Devices, vol. 71, no. 9, pp.
5761-5766, 2024.

TNANO24: E. Salvador, M.B. Gonzalez, F. Campabadal, J. Martin-Martinez,
R. Rodriguez, E. Miranda, ‘Modeling and Simulation of Correlated Cycle-to-
Cycle Variability in the Current-Voltage Hysteresis Loops of RRAM Devices’,
IEEE Transactions on Nanotechnology, vol. 23, pp. 758-764, 2024.

The articles are included at the end of this thesis in the Articles in this Ph.D.
Thesis section whereas in Publications by the Author listed all author's
publications and conferences contributions. The publications have been co-
authored by researchers from other institutions: Universitat Politecnica de
Catalunya (UPC), Institut de Microelectronica de Barcelona (IMB-CNM,
CSIC), and the Democritus University of Thrace (DUTH).

The thesis is structured as follows:

e Chapter 1 is an overview of RRAM technology, its mechanisms and
applications. In addition, it presents the main topics related to this

thesis, like RRAM modeling and stochastic resonance.
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e Chapter 2 presents the different equipment and setups used for RRAM
characterization. The current-voltage (I-V) characteristics of RRAM
devices and the intrinsic variability are shown and discussed in this
chapter.

e Chapter 3 contains the different strategies followed for incorporating
the cycle to cycle (C2C) variability in a compact model for memristors.
The chapter includes the previous considerations regarding the model
and simulation process, the different approaches and the results
obtained during this thesis. This chapter joins and completes
information published in SSE21, SSE23, SSE24 and TNANO24 and in
the complementary works MIEL21 and AIS23.

e Chapter 4 compiles the findings related to the Stochastic Resonance
phenomenon. Firstly, the presented study is carried out at device level
in DC and AC input signals. Secondly, the approaches for using RRAMs
for neuromorphic system applications are incorporated. These
applications are the spike-timing dependent plasticity (STDP) learning
protocol, and the homeostatic regulation. This chapter joins and
completes information published in EDL24, TED24 and the
complementary work ISCAS22.

o Chapter 5 outlines the most important findings and results reported in
this thesis as a conclusion. Considering all the advances in the ditferent
research lines, some future work emerging from the contents in this

thesis is proposed.

The work conducted during the realization of this thesis was carried out within
the research teams NANOCOMP (Computational Nanoelectronics) and
REDEC (Reliability on Electron Device and Electric Circuits) both forming
part of the SGR E2DEVICE group from the UAB Electronic Engineering

Department.
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CHAPTER

Introduction

his chapter provides the fundamental concepts necessary for the further

understanding of the contents in this thesis. Firstly, an introduction of the
resistive switching (RS) phenomenon, presenting the properties and challenges
of the RS devices, highlighting the intrinsic variability, and the different
application fields reported in the recent literature. Two different processes in
the memristor-based neuromorphic systems field, which are key topics in this
thesis, are discussed: the STDP learning protocol and the homeostatic
regulation. Secondly, the stochastic resonance phenomenon is investigated and
linked with the memristors framework incorporating the current state of the
art. Thirdly, the importance of modeling in emerging technologies is highlighted

and general insights about modeling in memristors are presented.

As an important note, in the context of resistive switching technologies, the
terms ‘memristor’ and ‘RRAM?” are often used interchangeably in the literature,
reflecting the overlap between the theoretical concept of the memristor and its
practical implementation in resistive memory devices. While a memristor is a
theoretical construction that links resistance to the history of charge and flux,
RRAM specifically refers to non-volatile memory technologies that utilize
resistive switching mechanisms. Despite their distinctions, the shared principles

of resistance change, and non-volatile behavior have led to a convergence in

7



CHAPTER 1. INTRODUCTION

terminology, particularly in discussions of neuromorphic systems and memory
applications. In this thesis, this convergence is acknowledged and the terms are

used interchangeably when the context allows.

1.1 Resistive Switching Phenomenology

Resistive switching (RS) is a phenomenon whereby the resistance of a dielectric
material changes by applying a suitable external electric field. In contrast to
the dielectric breakdown, where the resistance change is permanent, the RS
phenomenon is reversible and can be repeated. Typically, RS is non-volatile, i.e.
the resistance state does not change once the external stimulus is removed. RS
has been studied since the 60’s, where a thin dielectric layer was sandwiched
between two electrodes and cycled [Hickmott1962]. Generally, the triple layer
consists of a metallic top electrode, a dielectric material, and a bottom electrode
that can either be a metal or a semiconductor. The resulting structures are
metal-insulator-metal (MIM) and metal-insulator-semiconductor (MIS) devices.
These devices, in which the phenomenon of resistive switching occurs, are
known as memristive devices or memristors. The term memristor is a
contraction of the words memory and resistor, meaning that its resistance at
any given moment depends on its previous history. Memristors were first
predicted by 1971, when Prof. Chua claimed the existence of a ‘Forth missing
element’ joining the resistor, the capacitor and the inductor [Chual971].
Although not exempt from criticism, this device was experimentally
demonstrated in 2008 by Dr. Strukov [Strukov2008].

The following subsections provide a comprehensive overview of the key aspects

of the switching dynamics, properties and applications of RS devices.

1.1.1  Resistive Switching Modes

Figure 1.1 shows the current as a function of the external applied voltage (V)
for the different processes involved in the resistive switching. In the pristine
state (PS) of the device, the dielectric materials have a very high resistance. To

observe resistive switching, the first experimental step consists in the



application of a high external voltage to the device (Viumie) in order to induce
a new stable state with lower resistance. This process is called ‘electroforming’
or just ‘forming’. An abrupt current jump occurs during the forming process, so
it is of utmost importance to limit the current, which is referred to as
compliance current, to avoid an irrecoverable dielectric breakdown. After the
forming process, the device is considered switchable. However, some devices
have no distinction between pristine state and high-resistance state (OFF state
or HRS), and those are called forming-free devices. The second step is the reset
process, which consists in switching the device from the low resistance state
(ON state or LRS) to the HRS through the application of an external voltage
(Vieset). The third process is called set, which switches the device from the HRS
to the LRS through the application of an external voltage called V. At this
stage, successive set and reset processes can be performed (cycling). During the
set process a compliance current also needs to be set, but, for the reset process,
the current limit is usually not required because this is not a self-accelerated
process. It has been observed that not all the RS devices exhibit the same type
of switching. Three different types of RS can be distinguished: unipolar, bipolar
and threshold switching.

Log | /|

Vrescl Vscl Vfo-'m\ng

Vexl

Figure 1.1. Schematic I-V curves showing the RS operation. The initial forming process
and further reset and set processes are presented and ordered in green, red, and blue,

respectively.
1. Unipolar Resistive Switching

In this type of RS only one polarity of the external voltage source is required

for successively switching the device. This is the reason for the ‘unipolar’ term.
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The typical I-V relationship for unipolar devices is illustrated in Figs. 1.2a and
1.2b. Notice that these devices can either work for negative (a) or positive (b)
polarities. Using the positive polarity example (Ve >0), when the voltage Viee
is reached, the resistance sharply increases, entering the HRS. While in the
HRS, if a Vi voltage is applied, the resistance value drops, turning back to the
LRS. In unipolar RS devices, the set process, which needs to be current limited,
typically occurs at higher voltages than the reset voltage. The same procedure
is replicable for negative polarity devices, where the set process occurs at higher
negative voltages than the reset process. Some dielectric materials showing the
above-described characteristics are for example CuOy, FeOy, TiOy, and ZnOy
[Lee2015, Fujiwara2008, Chae2008, Inoue2008].

2. Bipolar Resistive Switching

For successively switching bipolar RS devices, both positive and negative
polarities of the external voltage source are required. The typical -V
relationship for bipolar devices is presented in Fig. 1.2¢. One polarity is needed
to reset the device, and the opposite polarity is employed to induce the set
process. Since both polarities of Ve are needed for this type of RS, the
switching is called ‘bipolar’. Due to the hysteretic I-V relation shape, it is often
called ‘butterfly’ plot, or ‘figure of eight’. The area in the hysteresis lobes is
usually called memory window. Again, the set process requires current
limitation. Different dielectric materials are reported to exhibit this type of
switching, such as TiO,, HfOx, Al:O;, TaOy, graphene oxide, WOx or SrTiO;
[Jeong2011, Telmini2012, Jeong2010, Sawa2004].

For certain dielectric materials, like TiO, or NiO, coexistence of unipolar and

bipolar switching is reported [Lee2015].
3. Threshold switching

In addition, a less frequent type of RS is threshold switching, where only one
resistance state is stable, generally the HRS, meanwhile the LRS is only stable
if a certain bias range (positive or negative) is applied [Seo2004]. This unstable

LRS is non-volatile and is presented in Fig. 1.2d.
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Figure 1.2. Schematic of the I-V curves for RS devices after the electroforming process,
if needed. a) for negative unipolar devices, b) for positive unipolar devices, ¢) for bipolar
devices and d) for threshold devices. Both HRS/LRS states and set/reset processes are
highlighted. The current limitation is indicated for the set process.

1.1.2  Physical Mechanisms of Resistive Switching

The RS phenomenon is driven by a number of physical mechanisms which
strongly depend on the dielectric material and the electrode composition. Also,
different factors determine the instantaneous resistive state of the device. Some
of them can be controlled externally, i.e. applied electric field and current
compliance and some are material and fabrication dependent, i.e. electron
mobility, species concentrations, gradient of temperature within the insulator
region and lattice defects. In terms of the physical mechanisms involved in the
RS, after intense investigation carried out by the research community, it is
possible to identify four different types of RS: nanoionic, electronic, phase
changing and nanomechanic [Tetzlaff2004, Vaidyanathan2024, Zahoor2020,
Wong2012].

11
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Nanoionic: In these devices the structural changes involving the change

in resistance state are ruled by ion movement within the dielectric layer,

which leads to the formation and dissolution of a conductive filament
(CF) connecting both electrodes, see Fig. 1.3. Due to this filament-based
mechanism, this type of resistive switching is also referred to as
filamentary [Celano2016, Coll2019]. Inside the nanoionic type of RS,

three categories emerge:

a.

Valence change: In this category, the resistance changes are
induced by the movement of oxygen vacancies in the dielectric
material, usually a transition metal oxide. This type of device is
also known as valence change memories (VCMs) [Padovani2015].
This is the case for most of the characterized devices in this

thesis, more precisely, HfO, based memristors [Poblador2018].

Electrochemical metallization: In this case, the device must
have an active metal electrode, whose ions can diffuse into the
dielectric layer, and a second inert metal electrode. Also known
as conductive bridge RAMs (CBRAMs) [Kozicki2016,
Valov2011].

Thermochemical: In this instance both previous categories

might be present simultaneously [Waser2007].

Bottom Bottom Bottom
electrode electrode electrode

Figure 1.3. Schematic of the dielectric material for different resistive states in

filamentary type RS. (a) Pristine state, (b) creating conductive channels during the

electroforming process, (¢) complete CF after a set process (LRS) and (d) filament

rupture after a reset process (HRS). Adapted from [Mohammad2016].

12



2. Electronic: In this instance, the RS mechanism is linked with changes

in the electronic conduction of the devices. It can be separated into two

sub-categories:

a. Ferroelectric: The layer in between the electrodes is a
ferroelectric material, whose polarization is affected by the
external electric field leading to a change in the charge state
[Chanthbouala2019].

b. Charge-trapping: These devices include a dielectric layer
capable of trapping and releasing electrons as a function of the
external electric field [Fan2017].

3. Phase Changing: This type of RS device includes chalcogenides in its

fabrication process. The property of these materials to modify their
atomic network from amorphous to crystalline state induce the
resistance state change. An external heat source is required for these

devices to operate [Wouters2015].

Nanomechanic: In this case, the mechanical deformation of the
dielectric material is responsible for the changes in the resistance state
[Wu2011].

1.2. State of the Art: Properties and Challenges

Even though RRAM technology has garnered significant attention due to its

unique features and potential applications, it is facing some hurdles to be

handled for industrialization in the different application fields. In this section

the main properties and challenges to be addressed are presented.

1.

In terms of endurance, the consecutive set and reset processes can
damage the device in the long term, meaning degradation and
performance loss. Endurance represents the number of set/reset cycles
a memristor is able to perform maintaining a minimum resistance ratio

(Rratio) between the HRS and LRS, indicating that these two states are

13



CHAPTER 1. INTRODUCTION

14

still clearly distinguishable [Hui2017]. The common endurance levels are

around 107, however for some cases 10" has been reported [Lee2011].

The state retention quantifies the amount of time a state can be
maintained after a set or reset process. A correct retention for non-
volatile memories is 10 years at 85°C [Lanzal9, Cagli2008, Cheng2010).

The active area of RRAM devices can reach really low dimensions due
to its filamentary nature. It is pivotal not only for the size limits of
single memories but also for building more complex configurations, like
crossbar arrays and 3D architectures. Generally, there is a compromise
between the active area and the power required by the forming process.
For smaller areas (under 100 nm?) higher forming voltages are needed
compared with larger areas (around few pm?) [Lanzal9]. This is because

of the Poisson area scaling of dielectric breakdown.

Switching time and energy consumption are two related properties
since for a general characterization assay, the more time it takes to
switch, the more power is consumed. In RRAMs the range of switching
time is around a nanosecond and the energy consumption in the range
between 0.1 to 1 pJ/bit [Carbonil9).

In RRAM technology different phenomena inducing fluctuations in the
switching behavior coexist. Firstly, endurance can be considered as a
long-term fluctuation since the distance between HRS and LRS is
affected by cycling and time [Dozortsev2018, Lanza2021]. In Fig. 1.4a,
a typical endurance test is presented. The current evolution related to
the HRS and LRS states (I, and Lg) is shown against the cycle number.
Both currents were extracted at a fixed voltage (0.1 V) after a transition
pulse to ensure the set and reset events respectively. Notice the gap
between both currents is narrowed with cycling due to the reduction of
the HRS-LRS window [Roldédn2023]. Secondly, random telegraph noise
(RTN) causes random fluctuations between two different levels over
time. The origin of this phenomenon is the capture and emission of
charges in the insulating layer of the memristor. It can affect the
reliability of the device in terms of data retention and reading accuracy

[Pal2020]. Thirdly, one of the major issues for the further development



of the RRAM devices is their intrinsic stochastic variability,

thoroughly detailed in the following subsection.

6. Representing accurately the RS phenomenon in models is crucial for
better understanding its mechanisms. Nowadays, there is a lack of
robust and well-established models. Solid mathematic tools are required
for extracting and analyzing experimental data to use the information
as inputs for modeling. It is a key issue for the well-development of an
emerging technology like RRAM devices [Shao2022, Im2020, Yu2016].

1.2.1.  Variability in RRAM Devices

In RRAM devices, variability refers to unintended fluctuations in the device
performance or characteristics. It can be split into device-to-device (D2D) and
cycle-to-cycle (C2C) variability. D2D variability is linked to the manufacturing
process, the material properties and the environmental influences [Perez2019].
For nanoionic memristors, which is the type of device considered in this thesis,
the intrinsic C2C variability in RRAM devices is related to the randomness of
the switching process. This variability is inherently rooted in the morphological
changes occurring in the CF connecting both electrodes at the atomic scale
because of charge traps, mobile ions or oxygen vacancies, depending on the
filamentary RS mechanisms [Chen2011, Piccolboni2016]. Understanding and
controlling this variability has become one of the biggest challenges for this
technology. In addition, the analysis of the C2C variability in RRAM devices is
crucial for building optimal designs and models for further supporting the
development of this technology. These fluctuations are often non-desired for real
applications but also become useful to develop random number generators
(RNGs) for security, cryptography and stochastic applications. C2C variability
is typically characterized by the sequential use of voltage sweeps in the same
device, as shown in Figure 1.4b [Roldan2023]. Notice the variability in HRS is
significantly more spread than in the LRS. This is a common phenomenon
related to the gap distance between the broken CF and the metal electrode
after a reset process. Hence, as a consequence of the HRS variability, the set
event C2C variability is often significantly higher than the reset voltage C2C

variability. Other key variability issues are detected in the literature. Figure 1.5
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exemplifies some of these issues. Usually, an initial stage of higher C2C
variability is experienced before the switching stabilization of the device is
achieved. Sometimes, the number of cycles can last from tens to hundreds. This
effect is appreciated in Fig. 1.5a. Instead, in Fig. 1.5b, a situation where the
LRS presents multiple levels is illustrated. A reduction in the gap between HRS
and LRS is evidenced in Fig. 1.5¢ due to a degradation of the switching

characteristics.
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Figure 1.4. HfO,-based RRAMs variability study. a) Evolution of HRS and LRS
currents measured at -0.1 V as a function of the number of pulsed cycles. b) Typical

RS current-voltage characteristics for 3000 voltage sweeping cycles. Adapted from
[Roldén2023].
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Figure 1.5. Evolution of the HRS and LRS currents measured at -0.1 V in filamentary
RRAMs. C2C variability issues are evidenced: a) Resistive switching instabilities in the
first cycles. b) Formation of multiple stable CF configurations. ¢) Progressive reduction
of the memory window after the degradation of the insulator. Adapted from
[Roldén2023].
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1.2.2.  Stochastic Resonance

While noise in electronics is typically considered as a major drawback that
needs to be eliminated, in nonlinear systems it can play a favorable role. This
counterintuitive phenomenon is called stochastic resonance (SR), where the
presence of a certain level of external noise can enhance the performance or
response of the considered system [Krauss2017]. By dynamically adjusting the
noise level, as an optimization process, the output performance plot generally
presents a maximum, as visible in Fig. 1.6. SR was first introduced in
[Benzi1981], and it has been observed in several research fields including biology,

physics, and engineering.

« Stochastic Resonance Peak

Output Performance

Noise magnitude

Figure 1.6. Typical theoretical stochastic resonance curve, illustrating the relationship
between noise magnitude and output performance. The curve exhibits a peak shape,
highlighting the optimal noise level at which the system's output performance is
maximized. Adapted from [McDonnell2009].

In [Wiesenfeld1995], the SR beneficial effect is discussed in different fields:
climate science, biological systems like sensory neurons in crayfish using noise
to detect certain signals, or physical systems like superconducting quantum
interference devices (SQUIDs), where noise can help detecting weak magnetic
fields. In [Anderson2000], the authors explored the role of noise in the visual
cortex and its contribution to maintain contrast invariance in the neuronal
response. This study demonstrated that noise introduced in the neural
processing pathways can stabilize the perception of optical signals, ensuring

robust visual processing even under varying stimulus conditions. Additionally,
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in [Longtin1997], the phenomenon of autonomous stochastic resonance (SR) in
bursting neurons was investigated. The results showed that intrinsic noise
within neuronal systems enhances the sensitivity of neurons to weak stimuli,
thereby improving their responsiveness and efficiency. This work attributed the
increased sensitivity to the SR effect, which helps amplify subthreshold signals
in neuronal networks, providing key insights into how biological systems utilize

noise for functional optimization.

In [Harmer2002|, a technical guide in terms of theory, mechanisms, circuit
implementation and measurement techniques related to SR is reported. In
[Kasai2014], a study of the impact of SR in nanoelectronic devices is presented,
showing its potential in the development and optimization of advanced
electronic devices and emerging technologies. A detailed discussion of the SR
phenomenon, its research approaches and its applications is presented in
[Naprstek2017]. This last book chapter disseminates the approaches from
analytical, using sophisticated mathematical techniques to study the SR
phenomenon, to numerical approaches, where researchers model the SR
phenomenon using computational models or Monte Carlo simulations.
Moreover, it highlights that SR can improve sensing performance or
communication systems and benefit signal transmission in neurons. Memristors
present nonlinear current-voltage characteristics and nonlinear dynamical
behavior enabling the utilization of properties linked with nonlinear systems,
as stochastic resonance [Ntinas2021]. From the literature, some works have
considered noise as a beneficial element in these devices. An approach using
manganite-based memristors is presented in [Patterson2013|. This work
highlights the beneficial role of noise in these materials, emphasizing how noise
can optimize resistive switching dynamics. In addition, they state that the
noise-enhancement is partially volatile and reaches a saturation point, as can
be seen in Fig. 1.7, where the mean values and standard deviation of the OFF
(HRS) and ON (LRS) state resistances are presented against the noise

amplitude 1 ms (red) and 10 ms (green) after the input signal was turned off.
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Figure 1.7. Roff and Ron, a) and c), and d,¢¢ and gy, b) and d) vs. noise amplitudes.
Data in red corresponds to 1 ms, and in green to 10 ms after the signal was turned off.
Adapted from [Patterson2013].

In contrast, in [Maldonado2023], the SR phenomenon was analyzed using
ramped input signals (0.28 V/s) with added noise of different standard
deviations (o) and three statistical distributions: normal, uniform, and
exponential. 100 complete I-V switching curves were analyzed for each case.
The evolution of HRS and LRS resistance, and resistance ratio are presented in
Fig. 1.8. The HRS resistance shows clear resistance variations with increasing
noise. The normal distribution exhibited the largest variation, while the
exponential distribution's changes were intermediate between normal and
uniform. The mean Rorr/Rox ratio versus noise intensity confirmed the SR
effect.
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Figure 1.8. LRS and HRS resistance versus cycle number. The values were obtained at
0.2 V of the applied ramp with added noise of different distributions: a) normal or
Gaussian, ¢) uniform, e) exponential. HRS/LRS resistance ratio versus cycle number
calculated for the data corresponding to figures a), ¢) and e) for the noise generated

with b) normal or Gaussian, d) uniform, and f) exponential statistical distributions.
Adapted from [Maldonado2023].

Finally, SR in 2D materials-based memristors is analyzed in [Rolddn2024]. This
investigation revealed how noise interacts with the unique electronic properties
of 2D materials, offering novel insights into optimizing device functionality
through SR. The findings illustrate the potential of integrating these materials

into future energy-efficient memory and computational architectures.
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This thesis presents a comprehensive study of the positive impact of noise on
isolated RRAM device performance. Experimental measurements and
simulations were combined to this end. In memristor-based neuromorphic
systems, noise improvement was tested in applications like the STDP learning

protocol and homeostasis, which are introduced in the next sections.

1.3. Applications

Because of all the outstanding properties of memristors and the potential they
represent, nowadays there is a significant research effort that is currently
ongoing to integrate these devices into a wide range of applications. This
includes security applications, control systems, quantum computing,
neuromorphic systems, RRAMs, logic gates among others [Lv2021]. Some of

the main applications of this technology are detailed as follows:

1. For security applications, physical unclonable functions (PUFs)
[Koeberl2013] and RNGs [Aziza2020, Arumi2023] can be implemented
with memristors due to their stochastic properties. The variable
parameters of the switching mechanism (set and reset voltages, HRS
and LRS, current fluctuations in a certain period) are used to implement
circuits for these applications. The RTN [Li2021] have attracted interest
in this type of applications since the fluctuations do not require the
creation or destruction of the CF [Karpov2016]. Thus, in terms of
endurance and power consumption it is clearly favorable since not so

high voltages or drastic changes must be forced to the devices.

2. The most studied application for memristors has been the memory
devices called RRAM, where the information is stored as a logic “0” or
“1” associated with the device state HRS or LRS respectively [Shen2020,
Wang2023, Telmini2018]. This kind of memory is considered to be a very
promising candidate for the future of digital information storage. The
switching time allows high frequency applications. In addition, the state
retention and robustness can translate into high endurance and reliable
memories. Higher device density can be achieved since RRAM devices

can be smaller than the actual transistor technology limits.
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Memristors can implement logical operations. Different logic gates have
been studied and reported in the bibliography [Gopal2015, Su2022|. As
examples, in Fig. 1.9, two different logic functions (IMPLY and NAND)
using memristor-based circuits are presented. In this application,
memristors can build a non-volatile logic unit integrating the processor
and memory which represents an improvement compared to the
conventional computing architectures [Maestro-Izquierdo2019]. There is
also the possibility to integrate these devices into logic gates matrices
or field-programmable gate arrays (FPGAs) leading to smaller

architectures and lower power consumption [Zhang2023].
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Figure 1.9. Memristor-based logic operations and its equivalent circuit. a) IMPLY
function and b) NAND function. Adapted from [Maestro-Izquierdo2019].

4. Memristors can be used to fabricate neuromorphic systems, where

these devices could either mimic the biological synapses or act as
artificial neurons [Zheng2015]. In this sense, biological neurons are the
fundamental building blocks of the nervous system, responsible for
transmitting and processing information. A neuron consists of three
primary components: the soma (cell body), dendrites (input structures),
and the axon (output structure), see Fig. 1.10. Information is

transmitted through electrical impulses called action potentials, which



propagate along the axon to synapses which are the junctions between
neurons. At the synapse, chemical neurotransmitters are released,
modulating the electrical activity of the postsynaptic neuron. By
mimicking these processes in artificial devices like memristors,
researchers aim to replicate the brain's computational efficiency and
energy conservation. This complex but efficient mechanism of signal
transmission and adaptation has inspired the development of
neuromorphic computing systems, where memristor-based structures
are considered to be an alternative to the von Newman architectures
[Ogban2007] by allowing the computation and the memory units to be

joined in a single operational structure.
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Figure 1.10. Structure of a neuron, highlighting its main components: dendrites, cell
body (soma), nucleus, axon and axon terminals. These elements enable the transmission

of electrical and chemical signals essential for neural communication.
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In addition, there have been attempts to construct artificial neural
networks (ANNs) capable of performing complex operations [Yang2013,
Ye2022]. ANNs are computational models to mimic the human brain
and are configured for certain applications such as data classification or
pattern recognition by means of a learning process. A network working
principle consists in transmitting events from one source node (in this
case neurons) to other nodes (synapse), and the learning is implemented
by updating the strength (weight) of those interconnections, organized
in layers [Kim2012]. ANNs and the human brain both exhibit learning
and storing knowledge in the internal neurons by means of a magnitude
called synaptic weights. The first model for an ANN generation was
presented in [McCullock1943] and it was called perceptron. The
perceptron learning is based on adjusting the synaptic weights
depending on the output error. It consists of a single layer of neurons
capable of performing simple tasks like binary classification [De-
Benito2019]. On the one hand, deep neural networks (DNNs), also
known as deep learning, are based on continuous data representation in
time, and can solve more complex problems (i.e. image recognition,
language processing and others). DNNs consist of multiple layers of
neurons (one input layer, one or more hidden layers and one output
layer) interconnected by adjustable synaptic weights [Aguirre2024,
Yuan2019]. In Fig. 1.11a the general structure for a DNN is presented.

On the other hand, spiking neural networks (SNNs) are a type of neural
network where the information is coded in an alternative way, using
time-dependent spikes. Its functioning is much more similar to the
biological neural networks, and they are known for its potential in terms
of energy consumption and processing temporal information
[Wang2023]. In Fig. 1.11b the general structure for a SNN is shown.

Notice both types of ANNs are similar in terms of layer structure,
interconnection of neurons and adjustment of synaptic weights for the
learning process. The main differences consist in the input and output
signals and the communication between layers. On the one hand, in
DNNs, the input is continuous data, the output is a continuous

prediction, and the communication is operated in discrete time steps.



On the other hand, in SNN, the inputs are spike trains, the outputs are
spike patterns, and the communication is spike or event-driven and

asynchronous.

Integrating memristors into ANNs offers different advantages in terms
of processing memory and efficiency, adaptability in learning, fast
computations and robustness. However, some challenges still need to be
overcome regarding integration into existing technologies, fabrication
and variability before unlocking the full potential of neuromorphic

computing [Aguirre2024].

In this thesis, two different neuromorphic processes have been
reproduced with memristive devices. They are, the spike timing-
dependent plasticity (STDP) and the homeostasis which are

thoroughly discussed in the following subsections.
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Figure 1.11. Comparison of a) Deep Neural Networks (DNNs) and b) Spiking Neural

Networks (SNNs), illustrating their structural similarities but emphasizing differences

in input and output signal processing as well as hardware implementation approaches.

Adapted from [Wang2023].
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1.3.1.  Spike Timing-Dependent Plasticity

Neuromorphic systems draw inspiration from biological neural networks, aiming
to replicate their efficiency and adaptability in hardware. Over the decades, this
field has evolved from analog VLSI circuits to nanoscale technologies like
memristors, which offer unique advantages for implementing synaptic behaviors
due to their non-volatility, compact size, and dynamic conductance properties
[Gerstner1993, Im2020]. Among various biologically inspired learning rules
(Hebbian learning, Spike Rate-Timing Dependent Plasticity, gradient-based
learning, and others), Spike-Timing-Dependent Plasticity (STDP) is
particularly well-suited for memristor-based systems because these devices can
mimic synaptic behavior through dynamic conductance changes, which are
influenced by timing-based inputs like voltage spikes [Burr2017, Du2015,
Lee2020]. STDP is an experimentally verified biological learning rule in which
the timing, or time difference, between two synaptic spikes, in pre- and post-
synaptic neurons, condition the direction and magnitude of change in the
synaptic strength [Cai2015, Pedretti2018]. STDP has two distinct plasticity
windows: long term potentiation (LTP) and long-term depression (LTD)
described next. In LTP, the synapses increase efficiency and the spike activation
if the pre-synaptic neuron occurs shortly before the spike in the post-synaptic
neuron. In LTD, the synapse decreases efficiency and the spike activation in the
post-synaptic neuron spikes shortly before the pre-synaptic neuron. Synaptic
plasticity allows to store information and react to different inputs based on the
past history. For a visual explanation, a clinical perspective adapted from
[Bliss2011] is presented in Fig. 1.12, where both (a) LTP and (b) LTD processes
are induced in mice by means of visual stimulation. Both figures represent the
% change in synaptic strength over time, which refers to the efficacy of synapses
in transmitting signals. The time axis has negative values since the moment
where the visual stimulation is performed is set at zero. Notice the figures
include the induced LTP and LTD regimes (black symbols) and the control
curves (white symbols). For LTP, after the stimulation, the synaptic strength
grows (1.12a) and for LTP after the stimulation the synaptic strength decreases
(1.12b).
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Figure 1.12. Experimental results showcasing induced synaptic plasticity from
[Bliss2011]: (a) Long-Term Potentiation (LTP) and (b) Long-Term Depression (LTD)
showing the % change in synaptic strength over time. The black and white symbols are
induced and control experiments respectively. (¢) STDP learning protocol presenting
the % change in synaptic strength as a function of the pre/post-synaptic timing.
Adapted from [Bliss2011].

In addition, STDP plays a crucial role in the development and well-functioning
of neural circuits and contributes to learning and memory processes in the brain.
In the specific case of STDP implemented with memristors, memristors are used
as the synaptic connections between neurons in neuromorphic systems. The
resistance of the device is linked to the synaptic weight. This resistance is
changed by means of spikes, in this case voltage spikes, arriving to the device,
and occurs when a pre-synaptic voltage spike arrives shortly before the post-
synaptic voltage spike or vice versa. In the first case (pre-post pairing) the
device conductance is increased, meaning potentiation and in the second case
(post-pre pairing) the conductance decreases, meaning depression [Shuai2018].
This is visible in Fig. 1.12c, where the STDP protocol is presented
experimentally showing the % change in synaptic strength as a function of the
pre- and post-synaptic timing [Bliss2011]. For STDP implemented with

memristors, there are other influencing factors in addition to the spike-timing:
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the device hysteresis, the initial conductance of the device, the voltage spike
waveform, the material properties and variability [Linares-Barranco2009,
Elhamdaoui2022|. In recent literature, several investigations regarding the use
of memristors to perform the STDP learning rule can be found [Zamarreno-
Ramos2011, Camunas-Mesa2020]. In [Se0o2011] a demonstration of the
possibility of building artificial synapses in a neuromorphic network using TiOx
based memristors was presented. In [Matveyev2016] the STDP functionality
was demonstrated for HfO, based memristors. In [Wang2012| the STDP
characteristics were studied using voltage pulses at the top and bottom
electrodes finding consistent conductance/timing results with the biological
synapse behavior. In [Mohan2021] the STDP learning rule is measured

experimentally using a silver-chalcogenide based memristor.

In this thesis, we explore how stochastic resonance phenomenon (previously
presented in this chapter) can trigger the STDP learning protocol, enhancing

learning efficiency in neuromorphic architectures.

1.3.2. Homeostasis

Homeostasis is a pivotal process in living organisms and refers to the ability to
maintain the stability of an internal system despite changes in external
surroundings [Vergara2019]. It ensures the stability of fundamental variables or
magnitudes within certain margins essential for survival. This stability is
achieved as a dynamic equilibrium, continuously adjusting to changes while
maintaining relatively uniform conditions (steady state) [Davies2016,
Davis2006]. Examples of biological homeostatic regulation include body

temperature (see Fig. 1.13), fluid balance, blood sugar levels, and pH levels.
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Figure 1.13. Illustration of the homeostasis process in the human body, showing the
mechanisms of sweating and shivering in response to extreme temperature variations.
Sweating occurs to cool the body down during high temperatures, while shivering
generates heat to warm the body in cold conditions, both ensuring the maintenance of

a stable internal temperature.

In neuromorphic systems, implementing homeostasis with memristors is not
only feasible but effective, as their switching behavior allows for gradual and
adaptive adjustments in synaptic weights. This mimicks the biological processes
of regulating synaptic strength [Christensen2022, Wang2016, Harnack2015]. In
addition, neurons in the brain are subject to diverse varying processes like
synaptic plasticity, changes in sensory signals and tissue damage. These
processes can lead to under-stimulation (low firing rate) or over-stimulation
(continuous spike firing). Both situations are undesired since if maintained in
long-term, can be dangerous and energy inefficient. Neural homeostasis role is
to prevent both situations maintaining an optimum regime. In case of over-
stimulation, excitatory synapses are diminished, inhibitory synapses are
increased, and the firing threshold of neurons is increased |[Perrinet2010], see
Fig. 1.14. In the literature, some works consider the homeostasis in memristor-
based neuromorphic systems [Wang2022, Shi2018, Querlioz2011]. In [Sun2022]
a memristor-based neural network including memory with emotional
homeostasis is designed. In [Yang2021] a training method based in homeostasis
was used for pattern recognition. In [Querlioz2013] a spiking neural network
implemented with memristive devices immune to device variations is reported.
In [Ma2023] a work providing fast inhibitory homeostasis in a circuit with a
memristive synapse is presented. Most of the proposals presenting homeostasis

in memristor-based systems do not include experimental proof and are only
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software based. In a realistic scenario, it would be convenient to include the
homeostatic property in the real memristors performance for self-stabilizing the
neuron activities. This thesis includes a study on the role of stochastic resonance
in regulating neural activity, demonstrating how it enhances system stability

by balancing excitatory and inhibitory regimes.
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Figure 1.14. Diverse homeostatic plasticity mechanisms stabilize the activity of

developing neurons. Adapted from [Tien2018].

1.4. RRAM Modeling

In the recent years, memristors have attracted a lot of interest, but
unfortunately not so many new solid and robust memristor models have
emerged. This reflects the difficulty of building an accurate model for a non-
linear behavior device like a memristor. [Chua2019, Snider2007]. The process
for creating a device model reproducing the memristor characteristics involves
theoretical analysis, data collection, testing various hypotheses and iterations.
Since all models are, in fact, an approximation of a real phenomenon, simplicity
becomes a key characteristic to be achieved by any model. However, by
increasing simplicity, other qualities can be compromised. These qualities any

realistic model should possess consist of:
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- Being well-posed, meaning that it should not result in non-physical
results.

- To have simulation capability, i.e., a computational solution of the
model should be close to the experimental data desired to reproduce or
understand.

- Having qualitative similarity to the real device in terms of behavior.

- To have predictive ability for simulations in non-experimented
environments.

- Being structurally stable, meaning slight modifications in the model

parameters do not lead to hard output properties variation.

Considering these essential characteristics, the following section presents a
classification of existing models, highlighting their characteristics, strengths,

and limitations.

1.4.1. Classification of RRAM Models

The industrial development of RRAM technology requires different
approaches for modeling and predicting device behavior, scaling and
reliability. Different simulators can be classified according to their degree of
accuracy and computational cost. Three main groups can be discerned:
atomistic simulations relying on the density function theory (DFT), which
are used to calculate fundamental material properties and defect
characteristics, device simulations which are physically based employing the
finite element methods (FEM), and the kinetic Monte Carlo (KMC) models,
used to project the material properties into the electrical performances, and
compact models, or semi-empirical, used in circuit simulations for assessing
the system performance starting from isolated device characteristics. Figure
1.15 presents an overview of the types of models for RRAM technology in
terms of scale, capabilities and computational cost. This comparison is

depicted next in this subsection [Ielmini2017].
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Figure 1.15. Summary of the types of models for RRAM devices highlighting the

size scale, the complexity, and computational cost. Adapted from [lelmini2017].

1.

Atomistic simulators are the ideal approach for an in-depth study of
the phenomenology of the physical processes behind the RS devices. For
simulations, ab initio or molecular models (based in DFT) are used.
These simulators provide the basis for understanding the materials band
structure, the ions or atoms migration, diffusion mechanisms and all the
effects rooted to the charge conduction (CF creation and destruction,
material structure evolution, heat dissipation). To achieve this goal, the
simulators must incorporate structural, phase changes, thermal or
optical properties, defects from the materials at the atomic level, etc.
The obtained information can be incorporated as inputs for device
simulation models. The computational cost of atomistic models is the
highest among all the RRAM modeling types [Jiang2016, Onofrio2015].

In device simulation models, technology computer-aided design
(TCAD) techniques allow the simulation of the device conduction and
switching characteristics. These techniques provide information about
the RS phenomenon in terms of scaling and the impact of geometry on
the switching. Device simulation models are interesting for both
researchers and industry. TCAD models can be split into two classes:
KMC models and FEM models.

The KMC modeling approach considers discrete quantities, like

position, crystalline structure, vacancies, energy states, and others. In



memristors, generation and recombination of vacancies can be
considered as the origin of switching and trap-assisted tunneling as
responsible for the conduction. Simulations relating to discrete
composition of the CF and its conduction characteristics can be
obtained [Yu2011].

In a FEM model, generally, the electron transport equations are solved
in 2D or 3D geometries where volume is discretized with finite elements.
RRAM simulations involve thermal and ionic effects because of their
strong link with the RRAM devices functioning. Oxygen vacancies and
impurities can be considered for studying changes in the CF
[Villena2017, Larentis2012]

Both types of models have been reported to accurately reproduce
experimental features of RRAM devices. The FEM models generally
describe average device behavior and the KMC can also describe the
current fluctuations and switching variability [Larcher2012]. Both FEM
and KMC need input parameters calculating using ab initio calculations

and must be calibrated using electrical characteristics of devices.

Compact models, or semi-empirical models, are paramount for
developing circuits and systems based on RRAM devices. These models
rely on simplification of concepts, i.e. considering the CF of a certain
shape, like cylindric or conic. In addition, physical assumptions are
based on empirical measurements. In this context, a compact model
should be encapsulated in a limited number of simple and robust
equations driven by a set of parameters. Usually, these models are
implemented in well-known circuit hardware like Spice or Verilog-A.
Two different families of models emerge from compact modeling. On the
one hand, physical compact models aim to capture the physical aspects
behind the RRAM phenomenology by means of detailed and complex
model equations and extensive parameters. These models can
incorporate computational techniques like the previously explained
KMC or FEM [Brown2022, Ielmini2011, Huang2013]. On the other
hand, in behavioral compact models, the pivotal goal is not to perform
better than KMC or FEMs in fidelity and accuracy of the device physics,
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but to closely match the model outputs and simulations with
experimental data. In this regard, behavioral models are built by a few
solid equations with a reduced number of parameters. Obtaining an
accurate representation of the electron transport for different input
signals facilitates the design and control of more complex circuits and
enables the identification of connections between the elementary
modeling components that lead to the different observed behaviors in
the conduction characteristics. In compact modeling, by subtracting
complexity, the computational cost of the simulations is harshly
reduced, allowing to focus on aspects for circuit designing and
simulations and predicting the device behavior within larger circuits. In
this way compact behavioral modeling bridges the atomistic, KMC
models or FEMs with practical circuit simulations [Cisternas2019,
Jiang2014, 1i2014, Larcher2014].

1.4.2.  Modeling C2C Variability in RRAMs

One of the biggest concerns of RRAM technology lies in its C2C variability,
which is intrinsically linked to the resistive switching mechanism. Hence, this
variability must be assessed from different scopes, not only experimentally
characterized but also in modeling approaches [Chen2011, Dai2015]. Accurately

modeling the variability in RRAM devices is crucial for several reasons:

1. By incorporating variability models and simulations in design processes,
the development of circuits can be improved in terms of robustness
against fluctuations.

2. The performance prediction under different circumstances is essential
for system integration. Including variability allows researchers and
designers to anticipate the device behavior in real-world applications.

3. Modeling variability helps to understand how it affects reliability and
endurance of RRAM devices.

4. Optimizing the fabrication and material selection. Understanding the
sources and impact of variability related to the fabrication process

allows the engineers to produce more reliable devices.
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Different approaches for modeling RRAM devices variability have been reported
in the current literature. In [Rolddn2023] a review of the most recent advances
in this regard is reported, where different strategies are presented to tackle
variability from multiple perspectives as well as good practices to assess it.
Firstly, experimental characterization is key to quantify variability from real
devices. It involves detailed experimental studies used to validate the models
and understand the physical origins of variability. Microscopy techniques and
electrical characterization can be used to determine the statistical distributions
of the device parameters [Wouters2019]. Secondly, different types of modeling
approaches are necessary for the well-development of this technology. Physical
models aim to describe the mechanisms behind the resistive switching
phenomenon at microscopic level [Guan2012, Chen2015]. Stochastic models,
which use probabilistic methods to represent the randomness in the switching
process. This approach can help physically understanding the intrinsic
variability and predicting the device behavior [Joglekar2009, Linn2014].
Behavioral models, which focus on the observable behavior of the real devices
simplifying complex processes into functional representations [Panda2018,
Roldan2023b]. Summarizing, the ideal path for modeling variability in RRAM
devices involves hybrid approaches. Combining different modeling techniques
can enhance the limits of each method, for example, stochastic models can be
integrated with behavioral models to improve the understanding and predictive

capabilities.
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Figure 1.16. 100 Simulated [-V curves of a device exhibiting both RTN and C2C
variability. The variability of the conduction mechanisms and switching thresholds

varies with the device’s cycling and feeding voltage. Adapted from [Garcia-
Redondo2017].

More specifically, in [Piccolboni2016], a variability study considering correlation
of the HRS and LRS currents for the initial cycles using an analytical model is
reported. In [Garcia-Redondo2017], an approach for emulating variability and
RTN effects in a Spice memristor model is discussed (Fig. 1.16). In this
approach, the variability is included introducing the standard deviations from

experimental data or directly including the scattered data in Spice.

In [Li2015], a Monte-Carlo approach to reproduce C2C variability is presented
(Fig. 1.17). The variability was included by means of a zero-mean Gaussian
function in the definition of the key physical variables of the model: the gap
distance (g) and the CF radius (r).
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Figure 1.17. a) Schematic of modeling conductive filament (CF) evolution processes
during SET and RESET operations on RRAM cell. b) Measured and (c¢) simulated
characteristics with resistance distributions due to cycle-to-cycle variations. d)

Measured and e) simulated switching voltage distributions. Adapted from [Li2015]

In [Reuben2020], an algorithm for the inclusion of variability in the Stanford-
PKU model is presented. In [Gonzalez-Cordero2016], the connection between

the temperature and filament shape with variability is analyzed.

A time series analysis for the evolution of particular observables in RRAMs can
also be found in [Alonso2021]. This work presented an approach intended to
reproduce the ‘inertia’ the experimental parameters have by defining the set
and reset voltages as a function of the previous cycles and the error between
experimental and simulated values. This approach required a deep analysis of

the experimental features and their autocorrelation (Fig. 1.18).
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Figure 1.18. a) Set voltage versus cycle number for the switching series under
consideration. Measured values are shown in black lines and the modeled ones in blue.
b) Vreset versus cycle number for the switching series under consideration. Measured
values are shown by black lines and the modelled ones in orange. Figures obtained using
the approach in [Alonso2021] and adapted from [Rolddn2023].

In this thesis, different methodologies to incorporate variability in RRAM
device simulations are examined. These methodologies include thorough
analysis of experimental data, development of the modeling approach and
valuable tools for comparing experimental and simulated results. The model
used in this thesis is the memdiode model for RRAM devices, a behavioral
compact model [Miranda2015, Miranda2020, Aguirre2022|. Since this is a model
in constant evolution and update, all the sections introducing the different

approaches include the description of its version of the model.

1.4.3. Modeling Stochastic Resonance in RRAMs

The study of the beneficial role of SR in the performance of RRAM devices is
an emerging topic in recent research. To establish effective methodologies and
fully understand this phenomenon, a combination of experimental and modeling
techniques is essential. As stated in the previous subsection, to address this
issue from a modeling perspective requires the development and integration of

various approaches, including physical, stochastic, and behavioral models.

While the modeling methods for RRAM variability have considerably evolved

in recent literature, the modeling approaches for stochastic resonance in RRAM

38



devices remain less developed. Nevertheless, some studies have begun to address

this challenge.

For instance, in [Stotland2012], the impact of additive noise in memristors was
investigated using a physical model of a memristor. This work solves
numerically a simplified version of the model equations and includes Gaussian
noise in the input voltage. This study demonstrated that under specific
conditions, noise can enhance the memory performance of the device, providing
an early theoretical basis for understanding noise-induced effects in resistive
switching systems. From Fig. 1.19, it can be observed that for a certain noise
sigma (called T in Fig. 1.19), there is a maximum in the wideness of the
hysteresis lobe area (or window) in the I-V curve and for larger noise intensities

the window shrinks again.
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Figure 1.19. Simulated I-V characteristic for different noise intensities (here called T').
V, is the amplitude of the sinusoidal voltage input. Iy = V, /R,y is the maximum possible

current through the system. Adapted from [Stotland2012].

In [Mikhaylov2021], a noisy signal was applied to zirconium and tantalum
pentoxide-based memristors, with a detailed analysis from both experimental
and theoretical viewpoints. This work included randomness in a physical model
equation variable, and also in the external voltage source. The study reported
a constructive role of noise in enhancing the switching dynamics, as represented

in Fig. 1.20, where experimental and simulated results are compared. The
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memory window opens and gets wider by increasing noise until a point where

it narrows again with noise excess.

001
(b)
z .
& 2
oy = 0.00
: :
3 3
e ..__NQEE_Q_!‘l\L’J_ /______ Noise:0mV's|
085 s 05 10 %% 05 00 05 10
Voltage v) Voltage (V)
0.15— . 05—

e D.!O s 0_101 (d) _
< o005 T 005 /‘
= o,oo = 0.00! =
o'é -0. 05 E: -0.057

3 0. 10 3 -0.10;

. 005 (a) 0.103 (h)

2N ]

01 : N0|sa 0 09 mV s 01 __Noise: 0.09 mV’s| E
8053 R ne\., 00 05 10 Z
Volta e(V) oltage (V)

015 - : 0.15———— ot S E
__0.10) __o10{ zZ
% 0.05/ < 005, A _ w
= 0.00} = 0.00/ 1 24
é 0,05/ é 0,05/ g
3 010 3 0.10| o

0.1 Nmse‘na?m\{‘s .0.15. Noise: 1.37 mV" s| >

3o~ 10 936 05 00 05 10 =
Volta e V Voltage (V)

0.10— g ( ) , .1 <

o

O

<

Current (
656 6bo
53885
C

Noise: 16.74 mV's| © 920/  _ Noise: 16.74 mV* sl

0205065 00 05 10 -10 05 00 05 1.0
Voltage (V) Voltage (V)
010 - p—t— i — a3 - - - -
0.05| (I)
< 0.00
£E .0.05
E -0.10|
|: -0. 15 E 0.
3 ggo ) No:so 34. 1Bm\f s|] © j'goj __ Noise: 34.16mV' s |
30 1.0 “10 05 00 05 10 v
Voltage (V) Voltage (V)

Figure 1.20. I-V characteristics of the memristors under study measured (left panels)
and simulated (right panels) under the amplitude of signal 1 V and frequency 10 Hz for
the growing intensity of external noise. Adapted from [Mikhaylov2021].
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In this thesis, we aim to reproduce experimental findings on the beneficial role
of external noise in RRAMs at device level (in both DC and AC regimes) and
to investigate the effects of introducing noise into the voltage inputs of RRAM-

based neuromorphic systems, using the memdiode model for both cases.

1.5. Highlights

This chapter provided a comprehensive overview of the state of the art of the
resistive switching phenomenon, covering its dynamics, properties, and
applications. Additionally, the chapter discusses the impact of the stochastic
resonance phenomenon on RRAM devices and presents various modeling
approaches from recent literature. This chapter provides the necessary
background for the discussions and findings presented in the remainder of the
thesis. The following chapter details the equipment used for electrical
characterization and outlines the key fabrication processes of the investigated
memristors, which are essential for the experimental results discussed in later

chapters.
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CHAPTER

Equipment and Fabrication

his chapter is dedicated to present and describe the measurement
equipment and setups as well as the fabrication processes for the

memristors used for the experimental part reported in this thesis.

2.1 Equipment

The electrical measurements performed during this thesis have been carried out
on a multiprobe table, where wafers or wafer fragments are placed and fixed to
the chuck using vacuum. An optic microscope is used to contact the probes to
the device electrodes. The connectors are plugged into the required instruments
according to the required experiment, for example a semiconductor parameter
analyzer (SPA), or a signal generator and an oscilloscope. All these instruments
are connected to a PC via General Purpose Interface Bus (GPIB bus). The PC
is in charge of controlling the GPIB-connected instruments, in our case using
Matlab software. The basic principle behind the system’s operation is the use
of a ‘talker’ device (the PC) and one or multiple ‘listener’ devices (instruments).
This system sends individual commands to the instruments like setting a
voltage and receiving information from the instruments like registering the
current. By using Matlab as the controlling software, the input and output data

can be stored and analyzed within the same workspace.
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Figure 2.1 presents the protocol for the most used setup in this thesis. The main
instrument in the setup is the Agilent 4156C (AG-SPA), connected to the PC
(a) with a GPIB cable (b) enabling us to perform and analyze the
measurements. Since memristors are two terminal devices, the measurements
require two probes and two triaxial cables, or source-measurement unit (SMUs)
connecting the SPA and the device. In Fig. 2.1, the connections are visible from
the AG-SPA (c) to the tips contacted to the device under test (d). After the
post-measurement data treatment by means of Matlab software, the results can
be presented, for example as a typical I-V curve from a HfOs-based memristor
(e). The setup presented in Fig. 2.1 was used for measurements like isolated or
cycled voltage sweeps for the electrical characterization of memristors presented
throughout the following chapters of this thesis.

e) Typical memristor /-V curve
a) PC + Matlab
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Figure 2.1. Most used setup for electrical characterization of memristors showing the
PC (a) connected with a GPIB cable (b) to the AG-SPA (c), the SMU connections to

the tip station (d), and an example of a device I-V curve (e).
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Figure 2.2. Instruments for electrical characterization: a) the Keithley 4200A-SCS
semiconductor parameter analyzer, b) the Keysight 81150A pulse and noise generator
and c) the Keysight MSOS254A high-definition oscilloscope.

In addition, other setups were used during the thesis for memristor
characterization, like the Keithley 4200A-SCS semiconductor parameter
analyzer (K-SPA) (Fig. 2.2a). This instrument was used to study the effect of
external noise on memristors subjected to AC voltages, since it has a pulsed
module which allows the application of pulsed signals with an accurate timing
control (pulse width, rise and fall times and period) and register the current
simultaneously. This pulsed module is the Keithley 4225-PMU (Pulsed Measure
Unit) paired with the Model 4225-RPM (Remote Preamplifier Module).
Another instrument that was used for different experimental measurements is
the Keysight 81150A, called pulse generator (PG) in this thesis from now on
(Fig. 2.2b). This instrument is able to generate pulses or triangular signals and,
most important, it can generate a noisy signal, pivotal for the experiments

related to the stochastic resonance phenomenon. The PG must be combined
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with another instrument for data capturing. In addition, for some electrical
measurements, the Keysight MSOS254A which is a high-definition oscilloscope
is used to capture the input and output signals to the device (Fig. 2.2¢).

The following section deals with the general structure of the devices used in
this thesis as well as its fabrication process. It is worth mentioning that different
wafers containing a large number of devices were characterized, so that the
fabrication process parameters and conditions might slightly change. However,

the processes detailed in the next section are common in all the analyzed wafers.

2.2 Fabrication Process of RRAM Devices

The memristors used in this thesis, which were fabricated at the Institut de
Microelectronica de Barcelona (IMB-CNM, CSIC), allowed an in-depth study
of the electrical characteristics reaching the results to complete the main goals
of the thesis. In this subsection, the fabrication method for two ditferent
memristor configurations are described. As previously mentioned, the RRAM
device structure consists of a MIM or a MIS structure. One option for these
structures is the cross-point configuration defined by an intersection of two
metal lines, one for each electrode of the device. In between these metallic
tracks, the dielectric layer is deposited. The fabrication requires 3 different
photolithography masks: one for defining the bottom electrode, one for the top
electrode and one to define the openings that will constitute the electrical
contact to the bottom electrode. The initial surface is a silicon wafer. The cross-

point, configuration fabrication sequence is detailed next:

1. Growth of an insulating oxide layer through a thermal oxidation process
of silicon.

2. A layer of metal that will form the bottom electrode of the device is
deposited by sputtering deposition.

3. First photolithography: Patterns in Mask 1 are defined in the
photoresist that are to be transferred to the bottom electrode metal
through metal etching.

4. Removal of the photoresist: The metal patterns defined by Mask 1

remain on the wafer surface.
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A thin layer of dielectric material is deposited using Atomic Layer
Deposition (ALD) technique.

A layer of metal that will form the top electrode of the device is
deposited by sputtering.

Second photolithography: Patterns in Mask 2 are defined in the
photoresist that are to be transferred to the top electrode metal through
metal etching.

Removal of the photoresist: The metal patterns defined by Mask 2 are
now present on the wafer surface.

Third photolithography: Patterns are defined in the photoresist that
will form the contact pads to the bottom electrode, which is entirely

covered by the dielectric layer.

This process is summarized in Fig. 2.3 where a step-by-step flux diagram and

the resulting device schematic cross-section after every fabrication step are

presented with an optical microscope view of the final fabricated devices.

Substrate (Si)

!

Thermal oxidation of Si

I

Bottom electrode fabrication

I

Dielectric Layer Deposition

I

Top electrode fabrication

I

Pad opening of the bottom electrode

Figure 2.3. Cross-point configuration fabrication diagram, schematic cross section and

resulting optical microscope top view of different sized memristors. Adapted from

[Poblador2021].
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Another option of samples fabrication is the isolated configuration, an
alternative involving just one etching process and avoiding the two metals
crossing. This approach consists of using an oxide layer to define the active area
of the device, and a highly doped silicon substrate so that contact to the bottom
electrode can be done by contacting the back side of the silicon substrate. Again,
the initial surface is a silicon wafer. The isolated configuration fabrication

sequence is detailed next:

1. Deposition of the bottom electrode over the entire surface of the silicon

wafer is performed using sputtering.

Now there are two options for further steps depending on the moment of

deposition of the dielectric thin layer:
Option 1: ALD first

2. Growth of the dielectric layer using Atomic Layer Deposition (ALD).

3. Deposition of a SiO, layer using Plasma Enhanced Chemical Vapor
Deposition (PECVD).

4. First photolithography: Patterns in the mask defining the active area of
the device are transferred to the photoresist and then to the oxide by

etching and removal of the photoresist.
Option 2: ALD last

Deposition of a SiO; layer: Using PECVD.
First photolithography: Patterns in the mask defining the active area of
the device are transferred to the photoresist and then to the oxide by
etching and removal of the photoresist.

4. Growth of the dielectric layer using ALD.

From this point the sequence is the same for both options, structuring the top

electrode:

5. Second photolithography transferring the patterns in the mask to the
photoresist.
Sputtering deposition of the top electrode metal.
Removal of the photoresist and structuring the metal via lift-oft process.

8. Backside metallization of the wafer by metal sputtering.
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This process is summarized in Fig. 2.4 where a step-by-step flux diagram and
the resulting device schematic cross-section after every fabrication step are

presented with an optical microscope view of the final fabricated devices.
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Figure 2.4. Isolated configuration fabrication diagram, schematic cross-sections and

resulting optical microscope top view of different sized memristors. Adapted from
[Poblador2021].

The isolated configuration presented sequence results in a MIM structure, since
the bottom electrode is a metal layer. However, with this fabrication procedure,
a MIS structure can also be fabricated, where, instead of the metal layer, the

devices can be grown on top of silicon wafers [Poblador2018].

Once the main measurement setup and the general fabrication methods have

been detailed, in every further chapter of this thesis, the devices used will
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schematically be defined and referred to this subsection specifying the resulting
device structure and highlighting any modification of the general fabrication
method.

2.3 Typical I-V Curves and Figures of Merit

This section introduces the typical I-V curves obtained by using the AG-SPA
setup and highlighting the main figures of merit to be analyzed in the following
chapters. The devices used for this section consist of MIM structures with
isolated configuration. The active area is 5x5 pm?® In this wafer, the bottom
electrode is common to all the devices and the electric contact to this electrode
is performed by contacting the back side of the wafer, which was metallized
with an aluminum layer (see Fig. 2.5a). All the memristors used in this thesis
require an initial forming process. During this process the CF is completely
created, and the device switches from the pristine state (PS) to the LRS, or ON
state. At this point a reset process can be performed to reach the HRS, or OFF
state and cycling set/reset processes is enabled. As an example, Fig. 2.5b
presents the I-V curve during forming and the subsequent I-V curve is shown

in Figs. 2.5¢ and 2.5d with linear current and logscale current respectively.
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Figure 2.5. a) HfO,-based memristor structure with an aluminum layer on the back
side of the wafer, b) forming process, ¢) linear current I-V curve, and d) logarithmic

current I-V curve after forming using the AG-SPA setup presented in Fig. 2.1.
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For the forming process, a voltage sweep from 0 V to 6 V was applied to the
memristor using a 1 mA compliance. For the I-V curves, the applied input signal
was a DC voltage sweep from 0 V to 1.3 V, from 1.3 V to -1.3 V, and finally
from -1.3 V to 0 V with a compliance of 20 mA. In addition, different figures of
merit, or observables are highlighted: the set and reset voltages, and the HRS
and LRS currents. These four observables will be pivotal for analyzing the

memristor behavior under different conditions.

The HRS and LRS currents are generally extracted by obtaining the current
values at a fixed voltage (-0.5 V in this case). The fixed voltage must fulfill two
conditions: it must be high enough for differentiating both memristor states and
low enough for not being close to the set or reset transitions. The reset voltage
was defined as the voltage at the maximum current value in the negative region
of the curve. There are different methods for obtaining the set voltage.
Generally, it was obtained by finding the maximum slope change in the first
quadrant of the [-V curve. However, some devices present more progressive set
events where the maximum slope change is not a good method to select the set
voltage. For those devices other approaches need to be followed to define the
set voltage, like selecting a current value and obtaining the voltage, or plotting
the conductance and selecting the voltage where the conductance is halfway
from the HRS to the LRS. The key issue is to select a consistent method for
determining the set voltage and proceed equally for all the data used for a
certain experiment. Otherwise, the results would be inconclusive. A pivotal
figure of merit for characterizing the device conduction is the resistance ratio
(Ropr/Ron OF Rpatio), defined as the relation between Iirs and Igrs since the
voltage value is the same for both extracted current values. The Rg,;;, indicates

the window opening in the I-V curve or the separation of HRS and LRS states.
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2.4 Highlights

In this chapter, the equipment, methodologies for the fabrication of memristive
devices and a first presentation of the electrical measurements have been
detailed. A comprehensive understanding of the setups and devices is crucial
for further research, as it lays the basis for interpreting both expected and
unexpected results. Hence, this chapter serves as a reference in subsequent
chapters, enhancing clarity and avoiding repetition. In addition, the main
figures of merit to be analyzed which provide a thorough basis for device
evaluation were introduced. The main two research directions of this thesis
consist in exploring modeling approaches for the memristor cycle-to-cycle
variability and studying the impact on memristor performance of the addition
of external noise in the applied signal. These lines of research are discussed

thoroughly in Chapters 3 and 4, respectively.
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CHAPTER

Modeling RRAM Devices and
Cycle-to-Cycle Variability

his chapter of the thesis compiles the information, software and model

specifications, data analysis tools and the different approaches for a general
modeling of RRAM devices and its intrinsic C2C variability. As previously
stated in the introduction, the software used for performing the simulations in
this thesis is mainly LTspice [Brocard2021] using the memdiode model. The
details about the version of the model used for each approach will be presented
in the corresponding subsection. The content of this chapter evolves around the
following publications: SSE21, SSE23, JLPEA24 and TNANO24 where
different approaches to include C2C variability in LTspice and a robust and

versatile Matlab implementation of the memdiode model are introduced.

In order to include variability in the LTspice simulator having a robust random
number generator (RNG) is imperative. In this regard, a thorough study of the
different alternatives to generate random numbers is reported in TNANO24-
SM. This analysis compares different RNGs in LTspice and presents the
implementation of the Monte Carlo Gaussian (MCG) RNG model, using the
Box-Muller algorithm [Gentle1998], which ensures Gaussian noise generation.
Despite some limitations from the simulator, the MCG function proved close

alignment with a normal distribution, as quantile-quantile plots and Lilliefors
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test demonstrate [Lilliefors1967]. The resulting MCG RNG was used in articles
EDL24, TNANO24 and TED24. In addition, TNANO24-SM highlights the
importance of properly selecting the minimum timestep to prevent glitches in
signals with high sampling rates. Visit TNANO24-SM in the complementary

works section for the complete study.

3.1. Spice Modeling of Uncorrelated C2C Variability

As previously stated in Chapter 1, variability of the conduction characteristics
of RRAMs is a hot research topic in academia and industry because it is
considered one of the major showstoppers for the successful development and
application of this technology. Since variability is always present in the
operation of RRAM devices, its inclusion in any compact model is of pivotal
importance. In this section, the quasistatic memdiode model (QMM) and the
dynamic memdiode model are presented and detailed. A sensitivity analysis of
the QMM is also reported and an approach to include uncorrelated cycle-to-
cycle (C2C) variability is presented for both QMM and DMM. The contents in
this section are extracted from the fundamental articles SSE21, SSE23 and
TNANO24, the section of the review paper [Roldan23] AIS23 and the
conference paper MIEL21 included in the complementary works section of the

thesis.
3.1.1 Quasistatic Memdiode Model

The quasistatic memdiode model (QMM) is a behavioral compact model that
describes the conduction characteristics of bipolar resistive switching devices
using a hysteresis operator which keeps track of the memory state of the device.
According to the QMM, the I-V characteristic reads [Miranda2015]:

I(V) = Iy(A) sinh{a(D)[V — (Rs(L) + R)I]} (3.1)

where I5(4) = Iymin + Uomax — lomin)2A is the current amplitude factor, Rg(2) a
variable series resistance, and a(l) a fitting parameter. Iy, and Ipme, are
minimum and maximum current values (same for Ry and a), respectively.
According to (3.1), for low currents, I depends exponentially on V whereas for

high currents, I depends linearly on V. Equation (3.2) expresses the relationship
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between the memory state A, a variable ranged from 0 to 1 determining the
resistive state (OFF and ON respectively), and the voltage across the filament’s

constriction V, =V — R; - I through the recursive hysteresis operator:
AVe) = min{I~ V), max[A(Ve), T+ (Vo)) (3.2)

where A(V;) is the memory value a timestep before (in practice dictated by the
simulator timestep). TI'* and '™ are the so-called positive and negative ridge

functions (sigmoidals), respectively, and are expressed as:

1

O = T el (e vl

(3.3)

which represent the creation (+) and dissolution (-) processes occurring in the
CF. n* (etas and etar in the model script) are the set (+) and reset (-) transition
rates respectively and V* are the threshold voltages for set (+) and reset (-).
The model uses other parameters for the fine-tuning of the simulated curves
(see the green fragment in the model script in Table 3.1). The model is
implemented in LTspice using an equivalent circuit with behavioral current

sources and includes the snapback (isb) and snapforward (gam) effects.
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.subckt memdiode + - H

.params

+ HO=2E-3 ri=190 rsmin=10

+ etas=50 vs=2 etar=9 vr=-0.57

+ rsmax=38 ish=33E-6 imax=4.5E-3 amax=2.0

+ imin=18E-6 amin=2.0 vt=0.48 gam=0.07

*Memory equation

BH 0 H I=min(R(V(C,-)),max(S(V(C,-)),V(H))) Rpar=1

CH H 0 1E-3 ic={H0}

-V

RE + C {ri}

RS C B R=K(rsmin,rsmax)

BD B - [=K(imin,imax)*sinh(K(amin,amax)*V(B,-)) Rpar=1E10
*Auxiliary functions

func K(min,max)=min+(max-min)*V(H)

func S(x)=1/(1+exp(-etas™(x- if(x>isb,vt,vs))))

func R(x)=1/(1+exp(-etar* if(gam==0,1,pow(V(H),gam))*(x-vr)))

.ends

Table 3.1 LTspice quasistatic memdiode model script. Colors separate the different
parts of the script: green for the parameters, violet for the model equations and blue

for the auxiliar functions.

The devices in this section were fabricated using the previously detailed cross-
point configuration presented in Chapter 2 and the resulting structure consists
of a HfO,-based MIM structure with a 10 nm-thick oxide layer and 5x5 pm?
active area. The resulting schematics is shown in Fig. 3.1a. More information
about the electrical characterization of these devices is available in
[Poblador2018]. Figure 3.1b shows the model adjustment to the median curve
of 450 experimental voltage sweeping cycles and Fig. 3.1c presents an isolated
cycle from the experimental dataset including the snapback (SB) voltage effect
(in red). The SB effect occurs during the transition from HRS to LRS, during
the creation of the conductive filament. This effect is characterized by a negative
slope in the I-V curve dictated by the series resistance R; (external or internal).
By applying an appropriate R; value and using the voltage correction (V.o =

V —R;-1), the intrinsic characteristics are revealed, showing a sharp current
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increase at a voltage called V. The current increase after SB is often ascribed
to the accumulation of ions or defects in the CF or to its lateral expansion
[Karpov2016]. In the reset transition, the filament dissolution triggers at —V;.
Hence, V; represents the minimum voltage required for moving the ions or
vacancies [Maldonado2021, Maldonado2022].

a) Ti—10nm TiN-200nm
W=2000m HfO, - 10nm
— o
]
5i0,
Si
Sio,
b)S.J c) 5 T T T T T T T
Current (corrected V)
3 ) —— Current
4l —Slmul:lated 41 d
—— Experimental

<3l <3t 1
= =
5ol fuas I Bal ]
E E
o 7 o

1 k 1+ 8

0 0 1 3 1

-1.5 -1.0 -0.5 0.0 0.5 1.0 1.5 -1.5 -1.0 -0.5 0.0 0.5 1.0 1.5

Voltage (V) Voltage (V)

Figure 3.1. a) Schematic cross-section of the experimental devices. b) Simulation
(black) results compared to the experimental (red) median I-V curve extracted from
450 cycles of experimental voltage sweeps. ¢) Isolated experimental cycle in blue and
curve applying the snapback voltage correction in red.

A one-way sensitivity analysis was performed using the QMM which relates
how uncertainty in the simulation output (observables) can be apportioned to
different sources of uncertainty in the model inputs (parameters) [Saltelli2004,
Saltelli2008]. In this case, as observables, we selected a figure of merit for every
region of the I-V curves: the high resistance state current (lurs), the low
resistance state current (Irrs), the set voltage (Vs) and the reset voltage (Vr).
In this sensitivity analysis the parameters were swept one at a time (50 steps

each) in a reasonable range (this process does not include C2C variability) and
the obtained I-V curves analyzed.
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Figure 3.2 shows the relative variation of the observables a) Iurs, b) Tirs, ¢) Vs
and d) Vi as a function of the relative variation of selected model parameters:
reset transition rate 7, or etar (in orange), the I-V slope parameter a or alpha
(in blue), the maximum current I, (in green), and the minimum current I,;,
(in black). Table 3.2 summarizes the magnitude and trend associated with the
variation of each observable in terms of all the modified model parameters (a
change of +30% from its reference value was considered for the analysis). Notice
that Table 3.2 uses colors and signs. Red color is associated with almost no
dependence between the observable and the model parameter; orange indicates
that for a 10% model parameter variation, less than 10% variation is detected
in the observable and green corresponds to a variation larger than 10%. (+) or
(-) indicate direct or inverse dependence, respectively. Reading the first column
of Table 3.2, we can see the impact of all the inputs over the observable Iyps.
It is observed for Iygs a strong and positive dependence on alpha, Imin, and
gam. It also exhibits strong and inverse dependence on Vapp and etar, weak
and positive effect from Vr and Imax and it is scarcely affected by Ri, etas, Rs,
and Isb. This kind of test is of utmost importance for investigating the
sensibility of the considered simulation model when subjected to variability.
This helps the readers and potential users of the model to understand the effect
of parameters and be able to easily fit their own experimental data to analyze
it and predict its behavior in different scenarios. This subsection contains

information from article SSE23, and the conference paper MIEL21.
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Figure 3.2. One-way sensitivity plots for the relative change of the observables a) Tngs,

b) Iirs, ¢) Vs and d) Vg against the relative change of the model parameters: etar

(orange), alpha (blue), Imax (green) and Imin (black).

Inrs | Itrs | Vs | VRr

Vapp - 0 + 0
R1 0 - 0 -F
etas 0 0 0 0
etar - 0 + +
alpha + + - +
Vr + 0 - +
Rs 0 - 0 -
Isb 0 0 + 0
Imax 4= 4= - +
Imin + 0 - 0
gam + 0 - 0

Table 3.2. Sensitivity analysis summary: intensity and sign (direct or opposite) of the

four selected observables against all the analyzed parameters. + and — signs for direct

and inverse dependence, respectively. Green: >10%, orange: <10% and red 0%.
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3.1.2  Uncorrelated C2C Variability using the QMM

Once the QMM model has been introduced and analyzed, this subsection is
dedicated to the inclusion of uncorrelated C2C variability through the random
assignment of the model parameters value. Accordingly, the generated I-V
cycles are considered independent so that no trends in the low (LRS) or high
(HRS) resistance state are expected. This analysis mainly focuses on the spread
of the I-V curves around the median characteristic. In this subsection we first
investigate the statistical distribution of 450 experimental cycles using the
fitdistrplus package for the R language [Delignette-Muller2015]. Figure 3.3a
presents all the experimental voltage sweep cycles, in this case using memristors
as those indicated in Fig. 3.1. Again, the active area is 5x5 pm® The HRS and
LRS current histograms are shown in Figs. 3.3b and 3.3c. The measurement
procedure was performed using the AG-SPA setup and comprises a forming
process occurring at around 4 V limited at 1 mA. During cycling, the applied
voltage was swept from 0 V to 1.5 V, from 1.5 V to -1.5 V, and finally from -1.5
V to 0 V with a compliance of 5 mA. Observing the LRS current histogram in
Fig. 3.3c, there is a double peak, which suggests that there are two main

different configurations of the CF once completely created.
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Figure 3.3. I-V curves (a) and HRS and LRS current histograms (b and ¢ respectively)

from the HfOs-based memristors of 5x5 pm? active area and cross-point configuration.
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The information obtained from the statistical analysis of the experimental

curves is used to define the model parameters in the QMM LTspice script using

the following step list:

1.

Measurement, and analysis of the experimental curves to extract the
experimental parameters to be reproduced.

The best candidate distributions for the observables are found by means
of a combination of tools. First, the Cullen and Frey skewness-kurtosis
(SK) plot is used as an indicator of the appropriateness of the different
candidate distributions. Further analysis is required before concluding
which distribution better suits.

The different candidate distributions (normal, lognormal, gamma, and
Weibull) are fitted and compared with the experimental observables by
means of the goodness-of-fit (GoF) statistics (Kolmogorov-Smirnov,
Cramer-von Mises, Anderson-Darling) and criteria (Akaike’s and
Bayesian). In addition, the quantile-quantile (Q-Q) plots graphically
compare the experimental distributions with parametric models. This
determines the most plausible distributions for experimental
parameters.

Once the model parameter distributions were established, they were
included in the QMM model script for performing simulations including
variability.

An iterative optimization process was followed to adjust the simulation
parameters for obtaining close agreement with the experimental curves.
The simulated observables and their variability obtained from a
complete simulation run were analyzed first. With this information at
hand the parameter values were modified in the appropriate direction
(with the help of the one-way SA approach) and the simulation was
performed again. This process was repeated until coincidence is
achieved, within certain error margins, between the experimental and

simulation results.

Figures 3.4a-¢c show the density plots for Vi, Vg andR;, respectively,

corresponding to the distributions investigated. In addition, the quantile-

quantile (Q-Q) plots, which graphically compare the experimental

distributions with the parametric models, are illustrated in Figs. 3.4d-f, for
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Vi, Vi andR;, respectively. The combination of the information obtained
from the GoF statistics and criteria, and the Q-Q plots were used to
determine the most plausible distribution for each observable. For the
complete study of the candidate distributions, including the SK plots and
statistics, read articles SSE21 and SSE23.
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Figure 3.4. a), b) and c) show density plots for Vr, Vg and R;, respectively, with normal,
gamma, lognormal, and Weibull distributions. d), e) and f) show Q-Q plots after
selecting the best fitting distribution.

In summary, the analysis carried out indicates that Vr follows a lognormal
distribution while Vi and R; are better described by a normal distribution. The

same procedure was followed for the rest of the observables resulting in a normal
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distribution for Ig and lognormal distributions for Iurs and Iigs. This
information was included in the model parameters section of the QMM script

and was used to generate a set of simulated curves with variability.

Table 3.3 presents the parameters section of the model script including
variability. The parameters following a normal distribution and a lognormal
distribution are represented in red and blue colors respectively. The model
equations and auxiliary functions are exactly the same, as in Table 3.1. Some
of the model parameters were assumed to be constant to avoid over-randomness
in the output curves. The LTspice gauss function was used to generate the
appropriate parameter values and variability. Simulations were performed
taking into account the particular features of the experimental curves, such as
the voltage span and the number of cycles. The parameters (including
variability) are calculated at the beginning of each cycle and are kept constant
until the next cycle. Since ultimately the simulated I-V curves are the result of
a sequence of operations in which a number of random parameters are involved,
there is always an underlying connection among the mean and dispersion values
that need to be considered in order to achieve a consistent set of curves. The
goal was to reproduce as close as possible the median curve and the spread of

the whole experimental data set.

.params
+ HO0=2E-3 ri=193+gauss(1) rsmin=10

+ etas=50 vs=2 etar=9 vr=-0.57+gauss(0.028)
+ rsmax=8+gauss(1) isb=33E-6+gauss(2E-6)
+ imax=exp(-5.38+gauss(0.06)) amax=2.0

+ imin=exp(-10.9+gauss(0.68)) amin=2.0

+ vt=exp(-0.733+gauss(0.08)) gam=0.07

Table 3.3. Parameters section of the model script. Parameters including variability with

a normal and lognormal distribution are represented in red and blue respectively.

63



CHAPTER 3. MODELING RRAM DEVICES AND CYCLE-TO-CYCLE VARIABILITY

a) 5p , o) 5
5 = Experimental > — Simulated
4l 4t
= o
£3 E 3+
g
6 2 E 2

AWELS | -
-5 -1.0 -05 0.0 0.5 1.0 1.5 -5 -1.0 -05 0.0 0.5 1.0 1.5
Applied Voltage (V) Applied Voltage (V)
b) ' d)
— Experimental — Simulated
1E-3 1E-3
53 z
é IE-4 | BlE4f
& o}
1E-5 1E-5
-.5 -1.0 -05 00 05 1.0 1.5 -1.5 -0 <05 00 05 1.0 1.5
Applied Voltage (V) Applied Voltage (V)

Figure 3.5. Experimental and simulated curves comparison. a, ¢) I-V curves, and b, d)

I-V curves in logscale for experimental and simulated respectively.

In Fig. 3.5, experimental (black) and simulated (blue) curves are compared
using two alternative plots for the same set of I-V curves: a) and c¢) linear-linear
axes, and b) and d) log-linear axes. The fitting is reasonably good and
simulations reproduce the main features of the experimental curves in all cases.
The most conspicuous difference occurs in LRS, mainly because of the
peculiarity of the available experimental data. A deeper and fairer comparison
between the experimental and simulated observables is presented in Fig. 3.6.
This figure shows the statistical distributions corresponding to the four main
observables. Aiming to compile information from the different sections of the I-
V curves, the following observables were specifically selected: Igs for the HRS
curve, Vr for the SET transition, I,s for the LRS curve, and Vi for the RESET
transition. I;zs exhibits a notable difference. For the case under study, the
experimental I g¢ histogram shows a double peak which likely corresponds to
two different configurations of the CF or different coexisting CFs. Since the

approach we report in this subsection only considers a single set of parameters
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for each distribution, the simulated curves cannot reproduce the two
distributions experimentally observed. For reproducing this double-peak
parameter a possible solution would be to include two different distributions
and a probability factor for each distribution.
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Figure 3.6. Comparison of experimental and simulated parameter distributions: a) Iygs,
b) Vr, C) ILRs, and d) Vr.

3.1.3 Uncorrelated C2C Variability using the DMM

Following the same approach as in Subsection 3.1.2, here we applied the same
procedure of experimental curves analysis and parameter distribution
determination but now using the dynamic memdiode model (DMM). The
contents of this subsection contain information from a section in the
[Roldédn2023| review, included as AIS23 in the complementary works section at
the end of this manuscript. Before entering the C2C variability inclusion, the
DMM will be presented. The DMM describes the conduction characteristics of
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RS devices under the application of arbitrary input signals. The origin of the
switching behavior is related to the creation and destruction of the CF that
spans across the dielectric layer. The DMM reproduces the I-V characteristic of
bipolar-type memristive devices using two coupled equations. The first equation
(3.4) deals with electron transport while the second equation (3.5) relates to
the internal state of the device. According to the DMM, the I-V characteristic
reads [Miranda2020, Aguirre2022, Blasco2015]:

1(V) = Io(A) sinh{a(D[V — (R(2) + R)I} (3.4)

where V is the applied voltage, I, the current amplitude factor, R. a variable
series resistance, and a a fitting parameter. A runs between 0 and 1 and it is
called the memory state of the device. Its purpose is to control the transitions
HRS©LRS. R; is a fixed resistance related to the snapback voltage correction
Notice that Equation (3.4) includes three different parameters with -
dependence. For simplicity, these parameters are assumed to change linearly
and in the same way from a minimum (off) to a maximum (on) value as a
function of A. For instance, Io(2) = Iozs + (In — Iosr) - A, where I,z and I,,
represent the minimum (HRS) and maximum (LRS) current values,
respectively. According to Equation (3.4), in HRS, the current depends
exponentially on V, while in LRS, the current depends linearly on V because of
the potential drop across the series resistances R; and R.. 1 is described by a

balance-type voltage-driven differential equation [Miranda2020]:

da _ 1-1 A
dt Tg (ﬂ, Vsb) TR (ﬂ,, Vsb)

(3.5)

where 75 g, called T'S and TR, respectively in the model script (Table 3.4), are
the characteristic times for the set and reset transitions. These characteristic

times are expressed as:
(V) = exp[—ns(Vsb - VS,T)] (3.6)
R(V) = exp[ngA? (Vsp — Vr)] 3.7)

where ngr, also called etas and etar respectively in the model script, are the
transition rates. Vsp are the set and reset switching voltages, respectively. The
snapback current (isb in the model script in Table 3.4) acts as a threshold

current for the snapback effect. The snapforward parameter yv=0 (called gam in
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the model script) controls the reset transition rate. Further details about the
DMM can be found in [Miranda2020, Aguirre2022].

.subckt memdiode + - H

.params

+ H0=0 ri=30 RPP=1E10 etas=20

+ Vr=-0.6+gauss(ov:) vs=2 etar=20

+ lon=1E-2+gauss(0in) aon=2 ron=1

+ Toff=1E-5+gauss(0ion) aoff=2 roff=10

+ Isb=20E-6+gauss(oww) vt=0.7 gam=0.2

*Memory Equation

BI O H I=if(V(+,-)>=0,(1-V(H))/TS(V(C,-)),-V(H) /TR(V(C,)))
CH H 0 1 ic—{H0}

-V

RI + C {ri}

RS C B R=K(ron,roff)

BF B - I=K(Ton,Toff)*sinh(K(aon,aoff)*V(B,-)) Rpar={RPP}
*Auxiliary functions

func K(on,off)=off+(on-off)*limit(0,1,V(H))

func TS(x)=exp(-etas™(x-if(I(BF)>Isb,vt,vs)))

func TR(x)=exp(etar*pow(V(H),gam)*(x-Vr))

.ends

Table 3.4. LTspice DMM script including variability in the most significant parameters.
The Gaussian function is added, and the ¢ is written as a variable for each parameter
since different values were applied in this subsection. Colors separate the different parts
of the script: green for the parameters, violet for the model equations and blue for the

auxiliar functions.

Notice the DMM has similarities with the previously introduced QMM, like the
current equations and the building parameters. However, there are key
differences between both models. In the QMM the internal state of the device
adjusts instantly to changes in the inputs, neglecting the time-dependent
dynamics. In contrast, the DMM accounts explicitly the time-dependent
evolution of the internal state variable by means of a differential equation. While
the QMM is useful for steady-state or low-frequency conditions, the DMM is a
better option for understanding higher frequency domains or transient

responses.
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Figure 3.7. Impact of different model parameters on the I-V characteristics: a) loff, b)
Ion, ¢) Isb, and d) Vr. The main effects produced by the change of the model parameters

is marked with an arrow.

In order to understand model behavior, the effect of changing the key model
parameters is evaluated in the model script presented in Table 3.4, Figure 3.7
shows the results of this study. The changes are obtained by iterating 4 different
parameters a) loff, b) Ion, ¢) Isb and d) Vr, one at a time. Notice that Isb and
Vr changes only produce changes in the output transitions meanwhile Ioff
impacts the HRS current and set transition and Ion impacts the LRS current
and reset transition. In Fig. 3.7, similarly to the one-way SA in the previous
subsection, it is shown that different parameters impact different regions of the
output simulations. It is of utmost importance to understand the role of each
parameter for not crashing the simulator or generating curves including over-
randomness in its parameters in the process of reproducing the variability of a

given experimental set of curves.

Once the DMM is introduced, the uncorrelated C2C variability inclusion is

discussed. The followed approach is the same as in the previous subsection, by

68



including variability in the model parameters by means of the gauss function in
LTspice. However, in this case, the simulations are not reproducing any
experimental measurements. In this subsection, only 4 parameters contain the
addition of the gauss function, hence with these 4 parameters, a simulation
containing C2C variability can be performed. In the experimental procedure,
three different configurations of variability were selected: A, B and C increasing
the o values for every parameter. For every configuration, a 10-cycle of 1 second
simulations were carried out applying the same sinusoidal voltage (1Hz and
1.5V of amplitude). The results are shown in Fig. 3.8 and the o values for every
configuration: a) A in black, b) B in red and C in blue) are collected in Table
3.5 As expected, the simulated results show more dispersion as the chosen o
values are increased. Since DMM is a behavioral compact model, by means of
tuning the model parameters value and o, a suitable configuration to fit an

experimental set of measurements can be found.

Current (A)
Current (A)

A5 -0 05 00 05 1.0 15 A8 -0 05 00 0.5 1.0 15 5 -0 05 00 0.5 1.0 1.5
Voltage (V) Voltage (V) Voliage (V)

Figure 3.8. I-V curves from 10 cycles simulations including the o values configuration
in Table 3.5; a) A (lower values) in black, b) B (moderate values) in red, and c¢) C
(high values) in blue.

A B C
Oloff 0.1E-5 0.2E-5 0.4E-5
Oion 0.1E-2 0.2E-2 0.4E-2
Olsb 1E-6 2E-6 2E-6
Ov: 0.015 0.03 0.04

Table 3.5. Configurations for o values added to the parameters in the model (Toff, Ton,

Isb and Vr) to obtain the three sets of simulated curves in Fig. 3.8.

In this subsection a first approach to include C2C variability in the DMM was

presented. The effect of changing the parameters value was studied and 3
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different configurations of variability were presented. The model is able to
generate variable I-V curves, and the output simulated curves respond
according to changes in the parameters value and . The further steps consist
in generating a more realistic variability. Since parameters can be affected by
themselves as an autoregressive process, by other parameters and by the time
evolution, the logic continuation would consist in the addition of the

autocorrelation of parameters.

3.2 Modeling Correlated C2C Variability

As stated in the previous section, the inclusion of autocorrelation in the variable
parameters is a coherent process. In this section, a method for including
correlated C2C variability in the Dynamic Memdiode Model (DMM)
[Miranda2020, Aguirre2022] is reported. This section contains information from
article TNANO24 and supplementary material TNANO24-SM. The proposed
methodology basically consists in introducing correlation and noise in some key
model parameters of the DMM. The objective of this work is to show how this
new approach is able to generate I-V curves with a degree of dispersion and
correlation comparable to what is experimentally observed in HfOo-based
RRAMs. The devices used in this section were presented in the previous section
in Fig. 3.1. The [-V measurements were performed using the AG-SPA. Fresh
devices were subjected to a 1 mA current-limited forming process, which in
these devices occurs at voltages close to 3.5 V. During cycling, the applied
voltage was swept from 0 V to 1.3 V, from 1.3 V to -1.3 V, and finally from -
1.3 Vto 0 V (100 cycles). Current limitation was included during the set process
(20 mA) to avoid an irreversible breakdown of the device. The reset process
takes place with no kind of limitation. Figure 3.9a shows 100 I-V cycles for an
electroformed memristor. Cycled curves are shown in grey while the median
curve is in red. For the analysis, HRS and LRS currents were also evaluated at
V =-0.2V. Figure 3.9b shows the resulting I-V curves after applying the
snapback (SB) correction to the voltage Vg, =V —R-I, where R is any

internal/external series resistance.
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Figure 3.9. a) All cycles and median [-V characteristics for the RRAM devices in
logarithmic current axis. b) The same I-V curves using the snapback voltage correction.

Vi is the transition voltage and Vg the reset voltage.

Figure 3.10a presents the HRS and LRS current evolution measured at —0.2'V
for all the cycles just reported in Figs. 3.9a and 3.9b. Notice that both the LRS
and HRS currents exhibit correlated fluctuations, which are clearly detected in
the autocorrelation (AC) plots of Fig. 3.10b. Because of this autocorrelated
fluctuations, an extension of the approach presented in the previous section was

required.

A good candidate function to include correlated variability in the simulations
was the Ornstein-Uhlenbeck (OU) process, which fulfils the randomness and
autocorrelation effects. The AC of an OU process follows the exponential
relationship AC ~ e~*1395 where «a is a constant. We found ayzs = 0.4 and a5 =
0.17 for the selected experimental data. Figure 3.10b graphically summarizes
the strength of the relationship between the current and past observations
(Lags), in our case, the current and past cycles. This approach to include
correlated variability in the DMM also includes the experimental analysis for
the experimental curves presented in Subsection 3.1.2, where the best
distributions for the different experimental observables were obtained using the

fitdistrplus package for the R language and incorporated into the LTspice model

71



CHAPTER 3. MODELING RRAM DEVICES AND CYCLE-TO-CYCLE VARIABILITY

script. The description of the OU process and the mathematical steps towards

the inclusion of the uncorrelated C2C variability are described next.
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Figure 3.10. a) HRS and LRS current values measured at -0.2V for all the cycles
available. b) AC plots for HRS (in black) and LRS (in red) currents. The dash lines are

the theoretical exponential decay for AC in an OU process (4C ~ e~*1Lags),

3.2.1 The Ornstein-Uhlenbeck Process

This subsection is dedicated to introducing the Ornstein-Uhlenbeck (OU)
process [Uhlenbeck1930] and how to implement it in the LTspice circuit
simulator. OU is a widely known stochastic process that comprises a
deterministic term for the evolution of the variable of interest plus a noise term
which drives the system out of equilibrium. OU processes have a plethora of

applications in physics, mathematics, biology, and more, and are the only
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stationary Gauss-Markov processes. Because of that, OU plays a central role in
the theory of stochastic processes. Since the simulated variable drifts towards
its mean value, the OU process is also called mean-reverting. The general
expression for the OU process is given by the Ito-type stochastic differential
equation (SDE):

where x, is the value of the variable at time t,u its central location, © the
reversion coefficient, dt the time step, o the volatility coefficient (noise
amplitude) and W, the Wiener process (white noise). The discretized version of
(3.8) is expressed as [Gardiner2004]:

Xns1 = X + O(u — X,)At + oAW, (3.9)

where AW, are independent identically-distributed Wiener increments, or in
other words, a normal distribution with zero mean and At variance. Hence,
AW, ~N(0,At) = +/At - N(0,1). Accordingly, in practice, Equation (3.9) reads:

X1 = X +0(u — X,))At + oAt - N(0,1) (3.10)

The implementation of (3.10) requires the use of a Gaussian number generator,
a topic thoroughly discussed in TNANO24-SM.

3.2.2 Correlated C2C Variability in LTspice

This subsection is focused on the simulation and characterization of the
complete stochastic process. The LTspice tool for generating a controlled
recursive process as required by (3.10) is the delay function in LTspice.
Otherwise, the simulation timestep is always under the control of the simulation
engine. The delay function considers two parameters: the variable of interest
and in our case the time between two consecutive cycles (At or del in the model
script). This At considered for simulations needs to be compatible with the
experimental data. Subsequently, the model script is presented in Table 3.6 and
thoroughly analyzed. + and — are the conventional device terminals, while H is
the output terminal for the memory state (not used here). The first section
defines the model parameters. del specifies the timing of the autoregressive part

of the function and corresponds to the period of the measurement cycle. fps

73



CHAPTER 3. MODELING RRAM DEVICES AND CYCLE-TO-CYCLE VARIABILITY

(fluctuations per second) is the sampling rate for the random part of the
function. HO is the initial memory state and V; the transition voltage. RPP is a
parallel resistance required by the output current generator. The complete
circuit is illustrated in Fig. 3.11, which shows the details of the model parameter
distributions. To model the correlated variability, a first approximation pseudo-
OU (p-OU) processes in the definition of 4 DMM parameters were used (see
the model script in Table 3.6). The reason for calling the generated processes
pseudo-OU is the appearance of unexpected points during the simulations
because the timestep is not under the user’s control in LTspice but only the
maximum timestep. However, the time evolution and probability distribution
of the LTspice generated signal proved to match an OU signal generated with
Matlab. This analysis and further details on the implementation of the p-OU
signal in LTspice are reported in TNANO24 and TNANO24-SM.

R=if(-I(R1)<=20E-3,0.01,V(in,out)/20E-3)
R1

in _out
PULSE(0-1.30.50.250.2501) Vi
U1
PULSE(01.300.250.2501) | v2 LT RE
1E10 <7
memdiode
~

Jtran 0 140 0 le-6

Figure 3.11. L'Tspice schematics used to perform the simulations. Combining V1 and
V2, the bipolar voltage sweep signal is achieved (from 0 to 1.3V, to —1.3 V and back
to 0). Other signals can be applied if required. R1 is used for setting the current
compliance at 20 mA. By combining the model script in Table 3.6 and schematics, the
simulated I-V curves shown in Fig. 3.12 were obtained.
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.subckt memdiode + - H

_params

+ HO=0 RPP=1E10 vs=2; initial condition, parallel resistance, set voltage

+ etar=40 del=1 fps=1; reset transition rate, time between cycles, RNG rate

+ gam=0.1; snapforward factor, ishb=1/gam=0 no snapback/snapfoward

+ th1=0.15 mul=In(1.28E-4) s1=0.19 icl=mul+gauss((s1**2)/(2*th1)) n1=1; Ioff, HRS current

+ th2=0.45 mu2=20.3E-3 $2=0.7¢-3 ic2=mu2+gauss((s2**2) /(2*th2)) n2=2; Ion, LRS current

+ mu3d=6¢-5 $3=0.2E-5 n3=3; Isb, snapback current

+ thd=0.25 mud=-0.51 $4=0.009 icd=mud+gauss((s4*¥2)/(2¥th4)) nd=4; Vr, resct voltage

+ mub=27 s5=0.2 n5=3; 1i, fix series resistance

+ th6=0.25 mu6=In(0.415) s6=0.0415 ic6=mub-+gauss((s6%*2)/(2*th6)) n6=6; Vt, transition voltage
+ mu7=3.0 s7=0.16 n7=7 mu8=1.9 s8=0.01 n8=8; aoff/aon

+ muY=20 s9=1.8 n9=9 mul0=>5 s10=0 n10=10; roff/ron, variable series resistance

F mull=34 s11=3 nl1=11; etas, set transition rate

*Memory Equation

BI 0 H I=if(V(+.-)>=0,(1-V(H))/TS(V(C;)),-V(H)/TR(V(C,-))) ; current generator for the memory state
CH H 0 1 ic={HO0}; initial state

*I \/7

RI + C R=V(P05); fixed series resistance, ri

RS C B R=K(V(P10),V(P09)) : variable series resistance

BF B - I=K(V(P02),exp(V(P01)))*sinh(K(V(P08),V(P07))*V(B.-)) : current generator for electron current
RB + - {RPP} ; parallel resistance

*Parameters and variability using pOU process

BP01 0 P01 I=th1*(delay(V(P01),del)-mul)+delay(V(P01),del)+sqrt(del)* MCG(0.51,fps,nl) IC=icl Rpar=1; Ioff

BP02 0 P02 T=th2* (delay(
BP03 0 P03 I=mu3+MCG(0,s3,fps.n3) Rpar=1; Isb
(

[(P02),del)-mu2)+delay(V(P02),del)+sqrt (del ) *MCG(0,52,fps,n2) IC=ic2 Rpar=1; Ton

BP04 0 P04 I=-th4*(delay(V(P04).del}-mud)+delay(V(P04),del)+sqrt(del ) *MCG(0,84,fps.nd) IC=ic4 Rpar=1; Vr

BP05 0 P05 I=mub+MCG(0,s5,fps.n3) Rpar=1; ri

BP06 0 P06 I=-th6*(delay(V(P06).del})-mub)+delay(V(P06),del)+sqrt(del ) *MCG(0,56,fps.n6) IC=ic6 Rpar=1; Vt

BP07 0 PO7 I=mu7+MCG(0,87.fps,n7) Rpar=1; aoff

BP08 0 P08 I=mu8+MCG(0.58,fps.n8) Rpar=1; aon

BP09 0 P09 I=mu9+MCG(0,59,fps.n9) Rpar=1; roff

BP010 0 P10 I=mul0+MCG(0.810.fps,n10) Rpar=1; ron

BP011 0 P11 I=mull+MCG(0.811.fps,nll) Rpar=1; etas

*Auxiliary functions

fune K(on,off)=off+(on-off)*limit (0,1,V(H)); distribution function
Afune TS(x)=exp(-V(P11)*(x-VSB(I(BF)))); characteristic set time
Afunce TR(x)=exp(etar*ISF(V(H))*(x-V(P04))); characteristic reset time
Afunc VSB(x)=if(x>V(P03).exp(V(P06)).vs): snapback voltage

v\_/

func ISF(x)=if(gam==0,1,pow(limit(0,1,x),gam)); snapbforward effect

fune MCG(x,y 7n)=x+(y)*sqrt(-2*In(rand((1E3*n)+time*x)) ) *cos(2*pi*rand((1E3*n) +time*z+1E3)); Gaussian
generator

.ends

Table 3.6. Model script. LTspice DMM seript including the parameters (fix, following
probability distribution, and p-OU type), the model equations and auxiliary functions

for simplicity.
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3.2.3 Correlated C2C Variability in the DMM

In this subsection, the simulations including correlated C2C variability using
the presented approach are shown and analyzed comparing the simulation
results with the experimental curves. It is worth mentioning that simulations
were performed using the same timing and voltage conditions as those used for
the measurements. The adjustment of the model parameters takes into account
the shape of the I-V curves, their statistical distribution and the autocorrelation.
The statistical agreement between simulations and experiments is assessed using
the Wasserstein’s distance (WD) [Villani2009] and comparing the CDF plot for
different stages of simulations. The WD is a metric that measures the distance
between two probability distributions. In order to find out the best set of
parameters, the simulated and experimental curves were subjected to an iterative

process in which the global deviation is calculated.
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Figure 3.12. Simulated and experimental I-V curves in pink and black respectively in
logarithmic axis for the current. The simulated curves were obtained by using the model

script and schematics presented in the previous subsection.

The median of the experimental curves is considered as the initial guess for this
process. The simulated results, including variability, are compared with the
measurements cycle after cycle until a final target is reached. Figure 3.12 shows
the final results obtained with the DMM. As can be seen, the main features of
the curves are correctly addressed. Fitting the LRS current is by no means
straightforward since the corresponding observable is the result of the

combination of several model parameters associated with HRS (I,zr, Rosf, Gory )-
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In turn, the model parameters associated with the LRS current (I,,, Ron, @Gon)
directly impact on the voltage location and variability of the reset transition.
This is referred to as variability propagation. The complete simulation requires
the strict control of some model parameters like I,;; for example in order not to

trigger a simulation error by an improper combination of model parameters.

0.6 T T T T T T T T T

HRS LRS|

Normalized WD

Simulation N°

Figure 3.13. Wasserstein distance for the four selected observables in chronologically
ordered simulations. For illustrative purposes, the simulated curves are included for

initial (S1), intermediate (S5), and final (S11) chronological situations.

More in detail, Fig. 3.13 presents the evolution of the Wasserstein distance for
the four selected observables: Iygs (in black), Iz (in red), V; (in green) and Vg
(in violet) for different stages of the optimization process. Here, we use the WD
as a measure of the difference between the simulated and experimental
distributions. For the y axis, WD is normalized by the mean value of the
experimental observable. This allows plotting the four different observables in
the same scale. It is clearly seen that as the optimization process proceeds, WD

decreases, which indicates more accurate results in a statistical sense. The
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optimization process ends when WD reaches a predefined threshold value. If a
given change in the model parameters leads to an increase of WD, this change
is rejected. For the sake of clarity, Fig. 3.13 also includes the set of experimental
and simulated I-V curves for three different stages of the optimization process:
initial (S1), intermediate (S5) and final (S11) situations. The reduction of WD
coincides with the improvement of the fitting results. Notice that the selected
observables are strategically chosen so as to summarize the information about
the complete loop: Iygs for the HRS curve, transition voltage Vi for the SET
transition, I,z for the LRS curve, and V; for the reset transition. Other selection
is also possible. Figure 3.14 shows the cumulative distribution functions for the
four selected observables, in black for measurements and in a darkness-fade for
simulations (initial-bright, late-dark). In the legends, the simulation numbers
(S1, S3, S6, S9, S11) indicate the chronological progression, with S1 representing
the first trial and S11 the last. Again, in agreement with the above discussed

process, the darker curves are closer to the black ones as optimization proceeds.

a) —Ex S11——S9 c) —Ex §11——s9
10 9683 st 10, ——S8—88 s1
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Figure 3.14. Evolution of the CDF plot. Experimental (black) and simulations in a
darkness-fade, from initial (lighter) to late (dark). a) for HRS current, b) for LRS

current, ¢) for the transition voltage and d) for the reset voltage.
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Figure 3.15. Comparison of the autocorrelation coefficients as a function of the Lag
(cycle number) for the four selected parameters corresponding to the simulated (pink)
and experimental (black) curves. a) for HRS current, b) for LRS current, ¢) for the

transition voltage and d) for the reset voltage.

Figure 3.15 shows the AC plots for the selected observables (experimental in
black and simulated in pink) as a function of the measurement cycle for: a) Iygs,
b) Igs, ¢) Vr and d) V. Notably, the AC values of the simulated plots match

those of the experimental data.

In summary, the proposed approach to include correlated C2C variability by
incorporating p-OU processes in the model parameters was shown to reproduce
the experimental data. The adjustment was addressed with a comprehensive
evaluation of the Wasserstein distance, the CDFs and the autocorrelation of the

different experimental and simulated observables.

3.3. Matlab Version of the Dynamic Memdiode Model

This section presents a fast, simple, robust, and versatile model for RRAM
devices built in Matlab. The proposed model is a recursive and discretized
version of the DMM, originally implemented in LTspice, as seen in previous

sections in this chapter. This section contains information from the article
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JLPEA24. Nowadays, a lot of models are implemented in simulators like Spice
or Verilog [lelmini2017]. These simulators are useful for complex architectures
involving several devices but also lead to long waiting times for running the
simulations and post-processing the data. In this section, a simple and effective
tool is presented for reproducing the behavior of single RRAM devices in
Matlab, a common and well-known programming language. The advantages of
the tool presented consist in easy implementation, straightforward data
analysis, short simulating running times, and versatility in terms of parameters
definition and input possibilities (applying non-trivial signals like noise). In the
current literature there are a few works using Matlab for RRAM modeling. In
[Elgabra2012], several existing models were studied using MATLAB
simulations. In [Huang2023], a Kinetic Monte Carlo simulation in MATLAB to
estimate and optimize the reliability of RRAM devices was reported. In
[Mladenov2024], the implementation of a memristor-based neural network using

MATLAB, Simulink and LTspice for simulations and analysis was presented.

Here, the modifications in the original DMM Equations (3.4) and (3.5),
presented in Section 3.1.3 are discussed. Using the approaches reported in
[Miranda2023], the discrete recursive approach for the -V characteristic in

Equation (3.4) now reads:

(V) = %{W [a};IO exp(aVl-)] -w [aI;IO exp(—aVl-)]} (3.11)

where W is the Lambert function (lambertw in Matlab) and V; =V — I - R;. Next,
the memory state in the DMM in Equation (3.5) is recursively expressed and

discretized as follows:

A
Aev1 = [Ae — HVi)] exp {— 7 ‘ } + H (V) (3.12)

iS,R

A; is the memory state, At the selected timestep and H the Heaviside step
function. 75 are the characteristic times for the set and reset transitions defined
previously in Equations (3.6) and (3.7) respectively. The complete script is
reported in Table 3.7, for the reader possibility to copy and use it for its own
purposes. In the model script, the first section (in black) builds the input signal.
The second section (in green) is dedicated to the model parameters and initial

conditions. The third section of the script (in blue) presents the auxiliar

80



functions required by the model equations. The fourth section (in red) calculates
the current I(t+1) and the memory state I(t+1). Finally, (in violet) the
simulated currents and voltages are stored in the Im and Vm variables and
plotted in the last two lines of the script, in addition the memory state is stored

in the Im variable.

step=bE-3; V1=0:step:1.2; V2=0:-step:-1.2; V=[V1 flip(V1) V2 flip(V2)]; %Voltage input
aoff=2; aon=2; Ri=40; Roff=30; Ron=30; loff=10E-5; Ion=3E-3; %Parameter definition
etas=40; etar=-15; gam=>0.1; At=1E-3; Vs=0.5; Vr=-0.3; 1(1)=0; I(1)=0;

for t=1:length(V) %Auxiliary functions

Vi=V(t)-Ri*I(t); 10=(Ton-Toff)*1(t)+Ioff; a=(aon-aoff)*1(t)+aoff; R=(Ron-Roff)*1(t)+Roff;
Tsr =exp(-etas™(Vi-Vs})*(V(t)>0)+exp(-etar*1(t) " gam™(Vi-Vr))*(V(t)<=0);
I{(t+1)=(1/(a*R))*(lambertw(a*R*10/2) *exp(a*Vi)-lambertw(a*R*10/2*exp(-a*V1i)));
1(t+1)=(1(t)-heaviside(Vi))*exp(-At/Tsr)+heaviside(Vi); %Model Equations

Vm(t)=V(t); Im(t)=I(t); Im(t)=1(t); %Saving variables and plotting

end

semilogy(Vm,abs(Im), black’)

xlabel(*Voltage (V)); ylabel(‘Current (A)’); title(‘Current-Voltage Characteristics’);

Table 3.7. Script for the recursive dynamic DMM implemented in Matlab. In black,
the applied voltage. In green, the model. In blue, the auxiliar functions. In red, the

model equations. In violet, saving parameters and plotting the I-V curve.

Figure 3.16 shows the simulated results for the script described in Table 3.7,
showing the typical memristor current-voltage loop (in black) and the memory
state-voltage loop (in blue), highlighting the high/low-resistance states and the

set/reset processes.
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Figure 3.16. Simulated I-V characteristics (black) obtained with the model seript in
Table 3.7. High and low resistance states, and set and reset processes are highlighted.

The memory state voltage loop is represented in the right Y axis (blue).
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Figure 3.17. Effect of modifying different model parameters on the I-V characteristics.

a) vs, b) vr, ¢) aon, d) aoff, e) etas and etar, and f) gam.
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In Fig. 3.17, a study of the impact of modifying different model parameters on
the current-voltage characteristic is presented: a) for vs, b) for vr, ¢) for aon,
d) for aoff, e) for etas and etar, and f) for gam. This study shows the model
sensitivity and is a useful guide for potential users of this version of the dynamic

memdiode model.

3.3.1. Matlab Modeling of Uncorrelated C2C Variability

In this subsection the simulations in Section 3.1.2 are performed using the
Matlab version of the DMM and compared with the same experimental data
(450 cycles of I-V curves measured in HfO,-based memristors). Appendix B in
article JLPEA24 presents the Matlab script for the simulations in this
subsection. As in section 3.1.2, the best distributions for each model parameter
were found and incorporated into the model parameters definition. Here two

different examples of parameters including variability are reported:

Maoff = 2.1; Saoff = 0.13; aof f = Maof f + Saof f * randn; (3.13)

Mloff = 3.7E —5; Iof fLN = log(MIoff); Sloff = 0.06;

(3.14)
Iof f = exp(Iof fLN + Slof f * randn);

Equations (3.13) and (3.14) present two different cases, one following a normal
distribution (3.13) and the other following a lognormal distribution (3.14). The
variables defined in (3.14): Maoff, and Saoff (which represent the mean and
standard deviation respectively) are used to define the normally distributed aoff
parameter. For a lognormally distributed parameter, like in (3.14), the same
MIoff, and Sloff are defined, but two extra steps are required: IoffLN, which is
the logarithm of MIoff and the application of an exponential function in order
to generate the lognormal distribution of Ioff. The randn function is used for
generating a different random number in every cycle. Notice that not all the
model parameters include variability and some of them are constant for the

sake of simplicity.
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Figure 3.18. Comparison of the 450 I-V cycles. a) From the experimental devices in
Section 3.1.2 (in blue) and b), from the simulations (in red) including C2C variability.
In both figures, the median curve is shown in black.

In Fig. 3.18, the experimental data reported in Subsection 3.1.2 in blue (Fig.
3.18a), and the simulations obtained using the recursive DMM model in Matlab,
in red (3.18b), are compared. The good agreement between experimental and
simulated results indicates the ability of the model to reproduce variability in
the I-V loops. In addition, Figs. 3.19a, b, ¢ and d present the histograms for
the HRS current, LRS current, set voltage, and reset voltage, respectively, both
for experiments and simulations. All the histograms are well reproduced except
the LRS current case, in which the experimental data exhibits a double peak
likely caused by different atomic configurations of the CF. In Subsection 3.1.2,
several trials were performed until finding the optimum combination of model
parameters for achieving the observed variability. This process is time
consuming when performed in LTspice since the obtained results must be
analyzed somewhere else. Now, the parameters, model equations and data
analysis are carried out with the same Matlab script largely reducing the time

consumption, thus easing the possibility of finding better fitting results.
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Figure 3.19. Histogram comparison of a) HRS current, b) LRS current, ¢) set voltage

and d) reset voltage for experimental curves (in blue) and simulations (in red).

Moreover, in the JLPEA24 article, there is a case study dedicated to illustrating
the model sensibility to variations in the input signal frequency (for sinusoidal
signals) or the ramp rate (for voltage sweeps) performing the simulations with
Matlab. In the literature, it is reported that for high frequencies or ramp rates,
both the set and reset voltages of bipolar RS devices increase in absolute value,
making a wider butterfly shaped I-V curve. A linear relationship between the
logarithm of the ramp rate and the set and reset voltages has been reported in
the literature [Ostrovskii2022, Rodriguez-Fernandez2017].

3.4. Highlights

This chapter has thoroughly explored various methodologies for incorporating
variability into RRAM device simulations, a critical aspect of accurate modeling
in this field. Different approaches to model both uncorrelated and correlated

cycle-to-cycle (C2C) variability were presented. The chapter also introduced
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several powerful tools for analyzing experimental data, such as the fitdistrplus
package for identifying the best-fitting distributions, as well as Q-Q plots, the
Lilliefors test, and others. Finally, it provided valuable methods for comparing
experimental results with simulations, including density plots, the Wasserstein

distance, and autocorrelation plots.

In addition, the article SSE24 presents a method for dealing with the time-
dependent dielectric breakdown (TDDB) of the oxide layers for MOS and MIM
structures using the LTspice software. The TDDB describes the physical
phenomenon in which a dielectric material, subjected to an electric field below
its intrinsic breakdown strength, progressively degrades the material over time.
This process results in a kind of phase transition of the dielectric from an
insulating state to a more conductive state, called breakdown, which is one of
the major failure mechanisms in integrated circuits [McPherson2012]. The
TDDB phenomenon bears notable similarities to the resistive switching
mechanism in memristors. Both processes involve the dynamical interaction of
electric fields with defects within the oxide layers, ultimately leading to a
transition in conductivity. While TDDB is a failure mechanism, resistive
switching in memristors exploits similar defect migration processes, such as the
movement of oxygen vacancies, to achieve controllable and reversible switching
between high and low resistance states. These similarities suggest the approach
presented in SSE24 could be implemented to study time-dependent switching
transitions in memristors; however, this remains an open avenue for future

research and has yet to be fully explored and validated with memristors.

In conclusion, this chapter presents a comprehensive and open-source
framework for modeling variability in RRAM devices, underlining its
importance in developing robust and accurate models. By sharing all scripts,
the chapter not only facilitates replication but also encourages further
advancements in the field. As RRAM technology continues to evolve, the
inclusion of variability in models will remain imperative for achieving reliable
and predictive simulations. This chapter included information from the
following articles and complementary works: SSE21, SSE23, SSE24,
TNANO24, TNANO24-SM, JLPEA24, MIEL21 and AIS23.
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CHAPTER

Stochastic Resonance in RRAM

Devices

his chapter of the thesis contains the findings regarding an in-depth study

of the stochastic resonance phenomenon in RRAM devices. The analysis
begins with a detailed investigation of the manifestation of the SR phenomenon
in the I-V characteristics of RRAM devices under test by using DC sweeps. The
impact of the SR in these devices was determined by studying the non-linear
response of the memristors under different noise intensities. The main studied
figures of merit are the resistance ratio and the transition voltages (set and
reset). Once the impact of noise in the DC regime was established, the behavior
of the devices using inputs of different frequencies was examined. This provided

insights about the response of memristors to dynamic inputs and noise.

In addition, this chapter highlights two distinct applications of memristors in
neuromorphic systems, with a focus on the experimental influence of external
noise. The first application examines the binary STDP learning protocol, where
we explore how stochastic resonance can activate the protocol, enhancing
learning efficiency in neuromorphic architectures. The second application
investigates homeostasis, analyzing the role of SR in regulating neural activity.
This mechanism promotes system stability by maintaining a balance between

excitatory and inhibitory regimes. While most current studies on memristor-
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based neuromorphic applications rely on simulations, the approach in this thesis
emphasizes experimental validation, complemented by simulations to reproduce

the results using the memdiode model.

This chapter includes contents from the JLPEA24, TED24 and EDL24
publications and from the ISCAS22 complementary work.

4.1. Stochastic Resonance Applying DC Voltage Sweeps

This section focuses on introducing measurements and simulations including
noise in the voltage inputs and presenting the results of the study of the impact
of the SR phenomenon in RRAM devices in a DC regime. This section includes
information from articles EDL24, JLPEA24, and the conference paper
ISCAS22.

4.1.1. Experimental SR Applying DC Voltage Sweeps

This subsection is dedicated to the experimental study of the SR phenomenon
in RRAM devices. The bipolar devices used for the first DC study are from the
same wafer previously described in Section 3.1.1 and Fig. 3.1 with an active
area of 5x5 um?® The measurement setup is the AG-SPA. The instrument was
controlled with Matlab software. The input voltage signal was programmed
point-by-point to form a voltage sweep. The noise was included in every point
of the input signal using the randn function from Matlab (V,oise = Vin + Onoise -
randn), already presented before in the Section 3.3.1 of this thesis, when
generating Gaussian randomness for variability modeling. Firstly, fresh
memristors were subjected to a ImA current-limited forming process that takes
place at voltages around 4V. After forming, the memristor I-V characteristics
were registered during 200 consecutive cycles. To measure the I-V curves, the
samples were subjected successively to voltage sweeps, sweeping the voltage
from OV to 1.3 V, from 1.3 V to -1.3 V and from -1.3 V to 0 V and the current
was registered during the application of voltage. To assess the effect of noise,
Gaussian noise with standard deviation (sigma, o) varying from 50 mV to 150

mV was added to the voltage sweep. The investigation of the effect of noise on
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the Rorr/Rox ratio was performed by using a fresh memristor for every noise
situation. The resistance ratio was obtained directly through Ohm’s law by
measuring the currents (Iorr and Iox) at a voltage of -0.5 V in the I-V memristor
characteristics (see Fig. 4.1a). A typical stochastic resonance curve is found in
Fig. 4.1b, which plots the mean ratio value versus the noise sigma. In this figure,
every spot represents the mean value of Rorr/Rox from the 200 cycles performed
for every noise sigma. The cumulative distribution functions (CDFs) for the
Rorr/Rox ratio measured for the 200 cycles at each noise condition are shown
in Fig. 4.1c. The lowest Rorr/Rox ratio was measured without including noise,
and the incorporation of noise always produces a higher ratio. By increasing
the noise g, a shift to the right of the CDF curves appears meaning a higher
resistance ratio. The maximum CDF shift, and so, the maximum resistance
ratio was obtained for ¢ = 90 mV, also the maximum in the mean resistance
ratio plot (Fig. 4.1b). However, from this o value on, the CDF curves shift back
to the left with lower ratios indicating that the stochastic resonance

phenomenon was observed in the presence of noise.
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Figure 4.1. (a) I-V characteristic of the devices used in this section. b) Rorr/Rox mean
values versus noise a. The peak SR curve is distinguished. ¢) CDFs of the memristor
Rorr/Rox for all the noise o values measured. The maximum resistance ratio is obtained

for a o noise of 90 mV.
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For a deeper investigation of the SR effect on the conduction characteristics,
Fig. 4.2 shows different I-V curves from the measurements without noise (Fig.
4.2a) and adding the noise that produces the peak of the SR curve (o =90 mV,
Fig. 4.2b). From the 200 cycles, three different situations are presented: an early,
a mid, and a late cycle (cycles 12, 91, and 193 respectively). Noticeable
differences can be observed between both figures in terms of resistance states
and transitions between states. The memory window notably increases for noisy
measurements, resulting in higher Rorr/Rox ratios. We can also observe in each
figure that, for late cycles, the memory window is decreased compared with
early cycles. This effect was observed for all the experiments and was attributed

to the device degradation due to the successive switching [Gonzalez2019].
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Figure 4.2. Device I-V characteristic for early, mid, and late cycles (12, 91 and 193) a)

without noise and b) with a noise =90 mV.

The following experiment introduces a study of the impact of the SR
phenomenon in the set and reset transitions voltage in a DC regime. In this
regard, the advantage of these unipolar devices with respect to the bipolar
devices used in this thesis is the abruptness of the transitions. As previously
stated in the introduction, in this type of memristors both set and reset
transitions occur at the same voltage polarization. In the case of these devices

at negative voltage.

In Fig. 4.3a, the schematic cross-section of the used unipolar memristors is
shown and in Fig. 4.3b the [-V curves from 10 voltage sweeping cycles are
presented (set and reset processes in black and red respectively). These devices

were fabricated with the isolate configuration (introduced in Chapter 2), and
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have some distinct characteristics, which are the dielectric layer and the nickel
top electrode. In this case, the dielectric layer consists of a stack of HfO, and
Al;O3: 4 nm HfO; — 4 nm Al,O3 — 4 nm HfO; — 4 nm Al,O3 — 4 nm HfO», resulting
in a 20 nm-thick dielectric layer. The active area of the devices is 5x5 pm?®. Further
details regarding the fabrication process and device characterization of these
unipolar devices can be found in [Maestro-Izquierdo2020]. To trigger the
electroforming process, a negative voltage sweep was applied, limiting the
current to 1 pA to avoid the irreversible breakdown of the device. This
electroforming occurs at around -11 V. After, consecutive reset (switching from
LRS to HRS) and set (from HRS to LRS) events are performed, through voltage
sweeps starting at 0 V and ending when certain conditions are fulfilled. For the
reset process, the voltage sweep is halted (reset voltage) when a current decrease
of at least one order of magnitude is detected, with a 50 mA compliance limit
fixed. The set voltage was defined as the voltage at which the memristor current

has increased until 50 pA.
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Figure 4.3. a) Schematic cross-section of the unipolar memristors used to study the
impact of the SR phenomenon in the set and reset transition voltages in a DC regime

and b) typical I-V characteristics after the electroforming of the conductive path.

Using the same measurement process in terms of voltage and current compliance
for the electroforming, 500 set-reset cycles were performed. A slight change in
the cycling current compliance was employed, now fixed to 90 pA for the set
process. Figure 4.4a shows the set events (red) and Fig 4.4b presents the reset
events (blue). Moreover, a correlation plot between the HRS current and the
reset voltage is shown in Fig. 4.4c. It reveals an observable phenomenon: higher

(more negative) values for the reset voltage induced lower HRS currents.

91



CHAPTER 4. STOCHASTIC RESONANCE IN RRAM DEVICES

a) 4T b)
T 1T
1E-6F ﬁ ‘ ‘ 4
< ] L\%\‘ | < 1e6)
£ 1E8F DL i 2 4
o o [ E
3 3 1E9
O 1E-10f o =
il F
F

1E-12

Voltage (V)

c) 0

_ N v
> Sl
o 2 e

o)

5

o

:

v

&

4 2 0
HRS current (pA)

Figure 4.4. I-V curves from 500 set-reset memristor cycles for a) set (red), b) reset

processes (blue) and ¢) correlation plot between the reset voltage and the HRS current.

Once the unipolar devices and their electrical behavior are introduced, the SR
impact study is performed. In this experiment, after forming, 100 cycles of
consecutive reset (switching from LRS to HRS) and set (from HRS to LRS)
events are applied using the same set and reset stop conditions previously
defined to obtain the results in Fig. 4.4. Again, the external Gaussian noise was
added point-by-point to the bias. Several noise standard deviations (o) were
considered, ranging from 0 mV to 150 mV. In Fig. 4.5, the mean values of the
set (a) and reset (b) voltages and their standard deviations (c¢) were registered
and plotted against the applied noise a. Again, the typical SR curve is observed,
with a decrease (in absolute value) of the threshold voltages and a decrease of
their o, in a range of noise ¢ around 60 mV. The complete picture demonstrates
that the threshold voltages of the memristor can be tuned through the action

of an external noise source.
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In addition, Fig. 4.6 presents in red the set process (a, ¢ and e) and in blue the
reset process (b, d and f) for three distinct situations: Figures 4.6a and 4.6b for
the experiments without noise, Figs. 4.6¢ and 4.6d for experiments with ;. =
60 mV, and Figs. 4.6e and 4.6f for experiments with oy, = 150 mV. It is clear
that for o, = 60mV both set and reset transitions occur at lower voltage
values than those corresponding to the absence of noise and with o, =
150 mV. In addition, the transitions for g,,;,, = 60 mV are less spread, meaning

that the set and reset events are shifted to lower and less variable voltage values.
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Figure 4.6. I-V curves from the 100 set-reset memristor cycles for set (in red, left
column) and reset processes (in blue, right column) for three cases: no noise (a and b),

noise addition with g, = 60 mV (¢ and d) and opise = 150 mV (e and f).

4.1.2. Simulating SR Applying DC Voltage Sweeps

In this subsection, the findings in Fig. 4.1b are reproduced using the Matlab
version of the DMM presented in Section 3.3. The randn function in Matlab is
used to generate a normally distributed input voltage signal. The model script
used for this study is presented in Appendix C of the JLPEA24 article, where
the main difference with the basic model script shown in Table 3.7 is the
addition of noise. Equation (4.1) shows the script line for defining the noise

inclusion in the input signal:
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ampn=((g-1)*40)*1E-3; V(t)=V(t)+ampn*randn; (4.1)

where ampn is the noise g, g is an iteration parameter to increase the noise o
after every 200 cycles, V(t) is the input signal updated every time t to include

noise using the randn function.

The simulation process follows the experimental method described in the
previous subsection to obtain the results in Fig. 4.1, which consist of 200 I-V
cycles adding different noise values to the applied voltage sweeps. This is carried
out with the aim of capturing the real device phenomenology under noisy

signals.

Figure 4.7a shows the simulation results without adding noise. The mean
resistance ratio extracted from 200 simulated I-V cycles against noise o is
presented in Fig. 4.7b. A maximum in the mean resistance ratio is clearly
observed for g,,;, =240 mV. Even though the experimental (Fig. 4.1b) and
simulated curves noticeably differ (a deep investigation about all the model
parameter values is required), the model results qualitatively capture the device
behavior when an external noise source is added to the input signal. The
experimental-simulated coherence in this subsection could be enhanced by

adequately modifying the model equations to consider the impact of external

noise.
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Figure 4.7. a) Simulated I-V curves using the DMM implemented in MATLAB without
additional noise. b) Mean resistance ratio evolution versus the applied noise standard

deviation in simulations using the DMM.
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The results presented in this section motivated further studies presented in the
subsequent sections in this chapter. The observed impact of noise, which
enhanced the resistance ratio and modulated transition voltages in a DC regime,
inspired various new approaches. The findings in DC regime were qualitatively
reproduced using the Matlab version of the DMM model. The following sections
in this chapter study the memristor responses at different frequencies and
explore potential applications considering the stochastic resonance phenomenon
in memristors. The chosen applications focused on neuromorphic systems, a

field that has gained considerable importance in recent years.

4.2. Stochastic Resonance Applying AC Voltage Inputs

This section is focused on the impact of the SR phenomenon in memristors
observed during AC voltage inputs. As stated in Chapter 2, there are different
setup possibilities for performing experimental measurements. This section
includes results from three different approaches: a setup combining the pulse
generator (PG) and the advanced oscilloscope (AC Setup 1), a setup combining
the pulse generator and the Agilent SPA (AC Setup 2), and a setup combining
the pulse generator and the Keithley SPA (AC Setup 3).

4.2.1. AC Setup 1

Keysight 81150A
Pulse Generator

Keysight MSOS254A
Oscilloscope

Memristor

Figure 4.8. Schematic of the AC Setup 1 used for the first approach of the AC stochastic
resonance study on memristors. The Keysight 81150A pulse generator is connected to
the top electrode of the device sending the input triangular signal and the bottom
electrode is connected to the Keysight MSOS254A oscilloscope for collecting the current

and voltage data.

The first characterization setup consisted in connecting the PG at the
memristor top electrode and the high-definition oscilloscope to its bottom
electrode (see Fig. 4.8). The role of the oscilloscope is to capture the input and

output voltages, which, by means of the internal resistance of the instrument,
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can be converted to current. The devices in this approach were fabricated
following the cross-point configuration method introduced in Chapter 2 and
have a 5x5 pm? active area. The device structure was presented previously in
Fig. 3.1. The PG was programmed to send a triangular signal of 10 Hz frequency
and 1.4 V of voltage amplitude (see Fig. 4.9a) emulating the DC voltage sweeps
in a low frequency regime. The current for switching was limited to 20 mA. The
signal was captured with the oscilloscope. Both instruments were activated and
controlled via Matlab programming. Two examples of single current-voltage
curves from two different devices of the same wafer are presented, using linear
axis for both magnitudes and logscale for the current axis in Figs. 4.9b and 4.9¢
respectively. In both cases, a previous electroforming event occurring at around

4.5 V limited to 1 mA, and some stabilization cycles were performed.
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Figure 4.9. a) Input triangular signal with 1.5 V amplitude and 10 Hz frequency. b)

Linear and ¢) logarithmic current I-V curves using the AC Setup 1.

The resulting curves in Fig. 4.9 are notably noisy (notice that these curves do
not include external noise in the input signal), with more evidence in the case
of low currents for the current logscale figure. The setup responded correctly

but the noisy curves could not be improved after several approaches. However,
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since it allowed AC measurements, a stochastic resonance study applying

different signal frequencies was performed.

Figure 4.10 introduces a stochastic resonance study applying a low frequency
triangular signal (10 Hz) using the bipolar devices just presented in Fig. 4.9.
The Keysight 81150A (PG) can generate programmable white Gaussian noise
with controlled amplitude and crest factor. The crest factor is the ratio of the
peak amplitude to the root mean square (RMS) amplitude of a waveform. It
measures the peak abundance of the signal compared to its average power. The
PG generates the noisy signal by internally adding the noise with a moderate
crest factor to the triangular signal. The triangular signal amplitude was
programmed to 1.4 V (as in Fig. 4.9a). Each input signal including different
noise o was cycled 100 times using a fresh device for every noise o value. Figure
4.10a shows the mean resistance ratio evolution for all the noise o values added
to the triangular signal. Again, as in the previous section, a typical SR curve
was obtained, with a maximum at g,,;, = 90 mV. For a deeper visualization,
Fig. 4.10b provides the CDF plots for all the applied noise a. Notice that all
the noisy experiments result in a higher resistance ratio (higher mean value and
right shifted in the CDF plots) than the experiment without noise. As a support
for understanding the impact of noise, Fig. 4.10c presents an example of a
smoothed version from the I-V curve of the experiment without noise (in black)
and from the experiment including the noise ¢ = 90 mV, which resulted in the
peak of the SR curve (in red). Notice that the red I-V curve is clearly wider.
This experiment proved that the SR phenomenon is occurring using a low-

frequency signal.
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Figure 4.10. Stochastic resonance study using a 10 Hz triangular signal with the AC
Setup 1. a) Mean resistance ratio evolution versus noise for different noise o values, b)
CDF plots for all the noise o values. ¢) Comparison of an I-V curve without noise
(black) in the applied voltage and applying a 6y,0ise = 90 mV (red).

However, the measurements performed using the AC Setup 1 showed
considerable fluctuations for the low current region of the curves, and the
information extracted by observing the complete cycling measurements should
not be considered as definitive. In this case, the resistance ratio values were
obtained by selecting a range of points to exclude outliers and enhance
consistency. By only selecting one point at a certain voltage, since these
measurements presented a highly noisy regime in the HRS, the extracted
resistance ratio would not be precise. Another observation by comparing the
SR study in DC (Fig. 4.1) and the 10 Hz AC study is the mean resistance ratio
starting point and maximum. On the one hand, in DC, the starting point was
5 and reached 24 at the maximum of the SR curve. On the other hand, in the
10 Hz AC study, the starting point was 2 and reached 10 at the maximum of

the SR curve. This result was expected since the time the voltage is applied is
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reduced by increasing the frequency and so reducing the impact of the set and
reset transitions on the conductive filament. Consequently, this leads to

narrower window openings.

4.2.2.  AC Setup 2

The following experiment was performed using the second setup option for the
stochastic resonance (SR) impact study under AC conditions, which combines
the K-SPA with the pulse generator. In this setup, the K-SPA was connected
to the top electrode of the device, while the pulse generator was connected to
the bottom electrode, acting as a ‘noisy ground’, see the setup schematics in
Fig. 4.11. The K-SPA simultaneously sent pulses and measured the device's
response with real-time data captured by using the remote pulse module (RPM)
of the K-SPA.

Keithley 4200A-SCS
SPA

Keysight 81150A
Pulse Generator

Memristor

Figure 4.11. Schematic of the AC Setup 2, used for the stochastic resonance study on
memristors subjected to AC conditions. The K-SPA is connected to the top electrode
of the device both sending the input pulsed signal and receiving the data, and the
bottom electrode is connected to the Keysight 81150A pulse generator as a ‘noisy

ground’.

The devices used in this experiment were the same as ones used with the AC
Setup 1 (introduced in Fig. 3.1). The objective was to study the SR
phenomenon using pulsed input signals with different frequencies. In this
experiment, the frequency was raised to 50 Hz and 1 kHz, with pulses used as
the input signal, and the SR impact was evaluated. The pulses started at -1.1
V, increased to 0.8 V, and then decreased back to -1.1 V. See the pulse
schematics of Table 4.1, where the pulses timing is also described. Notably, the
aspect ratio (width/rise and fall time ratio) was consistent in both frequency

cases.

The experiment consisted of cycling 200 times for every frequency (50 Hz and

1 kHz) and noise o values (ranging from 0 mV to 300 mV). Figure 4.12 shows

100



the mean resistance ratio for every noise o value at the two programmed
frequencies: 50 Hz (black) and 1 kHz (red). In this case, the HRS and LRS
currents were directly extracted at -0.5 V from the measurement datapoints.
The devices responded as expected to the noise inclusion, and stochastic
resonance curves were obtained for both frequencies. Again, higher frequencies
produced lower resistance ratio values. This setup enabled a successful SR
impact study at frequencies up to 1 kHz. However, programming and response

issues arose at higher frequencies.

s N
90% 90% \ o8V
‘ 50% v
|(7 Pulse width 1.1V /
10% 10% / ]
Rise time Fall time
|« Period >
\ S
Frequency Period (ms) Width (ms) Rise/Fall time (ps)
50 Hz 0.02 0.01 1
1 kHz 1 0.5 50

Table 4.1. Input pulse timing (period, width and rise/fall times) for the two frequencies
applied in the experiment in Fig. 4.12. The above pulse schematics shows the meaning

of the timing terms.
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Figure 4.12. Mean resistance ratio evolution versus noise ¢ when pulses of 50 Hz (black)

and 1 kHz (red) frequency are applied with the AC Setup 2.

4.2.3. AC Setup 3

The third approach (AC Setup 3) consisted in combining the pulse generator
(at the memristor top electrode) and the AG-SPA (at the memristor bottom

electrode), as shown in Fig. 4.13.

Keysight 81150A
Pulse Generator

Agilent 4156C
SPA

Memristor

Figure 4.13. Schematic of the AC Setup 3 for the stochastic resonance study on
memristors subjected to AC conditions. The Keysight 81150A pulse generator is
connected to the top electrode of the device applying the input pulsed signal and the
bottom electrode is connected to the Agilent 4156C SPA to read the resistance state of

the device.

The AG-SPA is not capable of measuring the real-time current and voltage
coming from an external instrument. Hence, a strategy to measure the
resistance state after every pulse is required. In this case, the set and reset
pulses are performed by the PG and the reading pulses after every transition
are applied with the AG-SPA (see Fig. 4.14a and the list below). The reading

102



pulses consist in a negative voltage that is not affecting the memory state. The
devices used in this experiment are the same as the ones previously presented

in Fig. 2.5 with the aluminum layer as the common bottom electrode.
The following list introduces the complete measurement procedure:

Forming + 20 stabilizing DC I-V cycles performed with the AG-SPA.

2. Set process conducted with the PG. The connection to the AG-SPA is
grounded.

3. The connection to the PG is grounded. The AG-SPA sends a read pulse
of -0.5 V amplitude.

4. Reset process performed with the PG. The connection to the AG-SPA
is grounded.

5. The connection to the PG is grounded. The AG-SPA sends a read pulse
of -0.5 V amplitude.
* Cycling is performed by iterating steps 2 to 5.

Figure 4.14b shows the HRS (blue) and LRS (red) currents from a 200 cycles
measurement without including noise, following the procedure in the previous
list.

a) ‘ b} 15
1.8 Set Pulse 1 !
- e\ .
12} | o s H i oS T
__ 06
S J
% 0,0 LRS Current
= g6 HRS Current
>
12 ]
Reset Pul . ) 4
-1,8 L ‘ eset Pulse 0'0 -l"" ‘ l ' -z PI-
0,00 0,05 0,10 0 50 100 150 200
Time (s) Cycles

Figure. 4.14. Pulsed measurements performed with the AC Setup 3 using a 5x5 pm?®
active area memristor. a) Complete time evolution of the applied signal. b) HRS (blue)

and LRS (red) currents for 200 applied signal cycles.

Once the measurement procedure is introduced, Fig. 4.15 presents the
comparison of experiments of 200 resistive switching cycles with (red) and
without (black) noise performed applying pulses of four different frequencies: 1

Hz, 1 kHz, 10 kHz and 100 kHz. Every experiment was carried out using a fresh
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device. The set and reset pulses consisted in a £1.2 V pulse respectively. Now,
the set and reset pulses include noise, whereas the read pulses do not. After
considering different values, the selected noise ¢ was 150 mV, which resulted
suitable for the different frequency values. The device-to-device variability was
altering the output results, so the initial resistance ratio from the initial
stabilization cycles (Ry) was extracted to perform a normalization and defined
the relative resistance ratio. This consisted in the measured resistance ratio for
every experiment (noise o and frequency) divided by the Ry from each device.
Figure 4.15 represents the mean value of the relative resistance ratio as a
function of the pulse frequency. If the relative resistance ratio is 1, it means the
resistance ratio from the experiment is the same as the ones obtained in the
initial voltage sweeping cycles from the device. Upon closer analysis, it can be
observed that at 1 Hz, the noisy experiment results in a ratio exceeding Ry, while
all other experiments show ratios below Ry. This result is expected, since as the
frequency increases, the memristor is exposed to the input signal for a shorter
duration, thereby reducing the impact of noise. At 100 kHz, there is no
discernible difference between the noisy and noise-free experiments, illustrating

the minimal effect of noise at such high frequencies.
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Figure 4.15. Mean relative resistance ratio evolution versus pulse frequency. In red, the

experiments without noise, and in red the experiments with a noise o of 150 mV.
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This third approach to study the impact of external noise on memristor
performance proved to be the most stable. The results are promising, suggesting
that the noise influence drops as the frequency increases. However, none of the

setups used was ideal, leaving room for methodological improvements.

While the current findings are significant, several limitations in the
experimental setup must be addressed to obtain more robust results. The first
concern comes from the transition voltages shift observed for different
frequencies (as discussed in article JLPEA24), which introduces a double-
variable effect: the stochastic resonance (SR) phenomenon and the frequency-
dependent transition voltage shift. This dual effect complicates the

interpretation of results, highlighting the need for more refined methodologies.

To address these challenges, future experiments should incorporate more stable
setups capable of remote control and precise pulse application. A good potential
option is using the Keysight B1500A, which includes a pulsed module and
Matlab integration. This system would introduce noise in the input signal using
the randn function in Matlab and simultaneously registering the current.
Additionally, to account for the frequency-dependent transition voltage shift,
future studies should consider varying pulse amplitudes for different frequencies
to ensure that all experiments begin from a similar start point in terms of
resistance ratio. For higher frequencies, higher pulse amplitudes are required to

obtain the same resistance ratio.

These improvements in both experimental setup and methodology could lead
to more solid and reproducible results, enhancing the reliability of conclusions
regarding the impact of external noise on memristor performance. Once these
optimizations are implemented and with a more rigorous approach, these results
could help the advance in understanding the memristor performance under the
influence of the stochastic resonance phenomenon and the input signal

frequency.

The findings in this section provided deep insights into the AC stochastic
resonance phenomenon and also opened the door to potential applications in
the memristor-based neuromorphic systems field, like the spike timing-

dependent plasticity (STDP) learning rule and the homeostasis.
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4.3. Impact of External Noise on the Binary STDP

Protocol

The results obtained in the previous sections in this chapter motivated the
analysis of the SR effect in a more sophisticated biasing configuration. In this
section, we will focus on the SR effect on memristor-based neuromorphic
computing, and in particular, on the binary STDP learning rule
implementation. This effect was studied both experimentally and complemented
with LTspice simulations. As previously stated in the Introduction, STDP is a
fundamental learning rule that updates the synaptic weight based on the timing
between pre- and post-synaptic spikes. In binary STDP, where synaptic weights
are constrained to discrete states (in this case HRS and LRS), the introduction
of noise can help to activate the learning process. Even though artificial neural
networks are assumed to work with no noise, neurobiological systems are known
to operate in noisy environments. Thus, noise can tune the activation threshold
of neurons, enhancing the response of nonlinear circuits. This section includes
information from the TED24 article.

4.3.1. Experimental Noise-Induced Binary STDP

The devices used for the experimental study of the impact of noise in the binary
STDP learning protocol are the same isolated configuration devices from the
previously presented wafer with aluminum as a common bottom electrode (see
Fig. 2.5 in Section 2.3). The electrical setup consisted of one SMU from the
AG-SPA connected to the top electrode of the device and another SMU to the
bottom electrode. The noise was added to the input signal by means of the
randn function in Matlab. In this case, to analyze the external noise impact on
binary STDP, under the absence of noise, the memristor state does not change.
However, the application of noise allows the memristor to switch, activating the

occurrence of the set and/or reset processes.

We study binary STDP via the SR phenomenon following three ditferent
approaches: A) activating the set process, B) activating the reset process and

C) activating both set and reset processes simultaneously.
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To provoke binary STDP the memristors were subjected to set and reset pulses
to reach ON and OFF states respectively. Firstly, all the set and reset pulses
are formed from a pre-synaptic pulse (Vi) applied to the top electrode of the
device and a post-synaptic pulse (V,ut) applied to the bottom electrode. The
resultant voltage drop at the memristor reads: Vior = Vyre — Vyose as illustrated
in Fig 4.16a. The width of the pre- and post-synaptic pulses was always 150 ms.
Also, we consider two different types of set and reset pulses: fixed and variable.
The fixed ones consist of a constant pulse with voltage amplitude high enough
to ensure the memristor state transition. The more complicated variable pulses
follow an adaptive pulse-width scheme that is detailed next, in each approach.
Depending on each investigated case, the set and reset pulses can be fixed or
variable, and with or without noise addition. After completing every transition
pulse (set or reset), the memristor conductance state was determined by means
of a read voltage pulse (V,pqq = —0.5V) of 150 ms duration applied to the top
electrode of the device and grounding the bottom one. The complete sequence
of applied signals will be presented in each corresponding approach. A fresh
device was used for each experiment (one for measuring without noise and one

for the noisy measurement).
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Figure 4.16. a) Memristor schematics presenting the applied pulses (pre- and post-
synaptic) at the top and bottom electrodes respectively. b) Initial situation of the
applied pre- and post-synaptic pulses (no overlap) is represented with continuous lines.

Different situations with delay of the post-synaptic pulse are presented in dash lines.

The added noise, for all the different considered test conditions, was Gaussian
(Opoise = 150 mV), which was found to be the suitable value for the SR
observation in these samples, after analyzing different values. The resistance

. . R v 1 1
ratio is calculated as follows: Roy/Ropp = (RResety = (VRead/IResety — (Iset y " yhare
Rget VRead/Iset IReset
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Ige; and Ip,s.; consist in the registered currents during the read pulse after the
set and reset pulses, respectively. In what follows, the information about the
complete applied signal and the results corresponding to the three different

approaches is introduced.
A. Set Process Activation

In this first approach, the focus is to improve the binary STDP with the
addition of Gaussian noise to the pulse that provokes the set transition. We
ensure that the memristor remains in the HRS state by selecting appropriate
amplitudes for the pre- and post-synaptic pulses without external noise. For
this reason, we selected a set voltage, Vior = Vier, slightly below the voltage
required to activate the set transition. This ensures that once noise is added,
there is a probability of overcoming the set threshold voltage. In this study, we

set the maximum voltage to Vs = Vior = 0.35V.

To induce a change from LRS to HRS, a reset pulse was generated by applying
-0.5 V at the top electrode and 0.5 V at the bottom electrode. Thus, the reset
pulse consists of V,pser = Vipr = —1V during 150 ms. However, generating the set
pulse, V., is more challenging because the post-synaptic pulse must allow for
adaptive time-shifting to generate different overlap situations between the pre-
and the post-synaptic pulses. This overlap induces changes in the maximum
values of V. In Fig. 4.16b the initial situation of the pre- and post-synaptic
pulses is illustrated. Notice that initially there is no delay between pulses. The
dash lines in the figure represent the successive delays of the post-synaptic
pulse. For a better understanding, we describe the details of a variable set pulse
generation. The duration of the set pulse at maximum voltage (0.35 V) starts
at 0 ms, goes up to 150 ms and drops back to 0 ms following 15 ms steps. Figure
4.17 illustrates three cases for a variable set process: in a) the pre- and post-
synaptic pulses are not overlapped, that produces a 300 ms pulse of Vy,, = Vi =
0.175V; in b), a partial overlap situation that generates a 3-level voltage pulse.
In this situation, the maximum Vi, = V., = 0.35V was during approx. 60 ms;
in ¢), a complete pulse overlap, where Vg, =V, = 0.35V pulse that lasts 150

1msS.
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Figure 4.17. Total set voltage (Vi) in continuous lines. Pre- and post-synaptic pulses
in dashed lines for three different overlap cases: a) no overlap, b) intermediate, and c)

complete.

In Fig 4.18a, the complete measurement sequence for this first approach is
reported. In every post-synaptic pulse delay (At), the sequence is cycled 20 times
to allow for statistical analysis. At the beginning of the measurement sequence,
the pre- and post-synaptic pulses do not overlap, and the 20 cycles are
performed. The post-synaptic pulse is then delayed 15 ms, and again the 20
cycles are executed. This process is repeated for each shift. At = n * 15 ms where
n starts at 0 and grows until 21. Focusing again on Fig. 4.17: a) presents the
initial situation where n=0. As At increases, the overlap grows until a maximum
situation in ¢) for n=11. After the maximum overlap situation, n keeps growing

until there is no overlap again, for n=21.

The currents for the 20 cycles after each set and reset processes in all the
previously mentioned iterations are illustrated in Figs. 4.18b and 4.18c against
At for experiments without considering noise and including it respectively.
Orange symbols represent the read currents after a set transition and the blue

ones after a reset transition. In addition, in the figures, the mean value of the
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read current is shown with a solid line of the same color of the respective
symbols. The comparison of both figures reveals that noise addition is crucial
in identifying resistive states. Without noise, there is no state separation (see
Fig. 4.18b). However, with noise, both ON and OFF states are separated
because the set transition is enhanced. This state separation is proportional to
the overlap between pre- and post-synaptic pulses. It is important to highlight
that the maximum overlap situation is shown at At = 150 ms. Figure 4.18d
displays the mean resistance ratio as a function of At for the measurements
without (in blue) and with noise (in orange). The dash grey line in Fig. 4.18d
represents the overlap as a function of At, which supports the analysis reported
in Figs. 4.18b and 4.18c. about the proportionality between pre- and post-
synaptic pulses overlap and the resistance ratio. In conclusion, the addition of

noise to the set transition improves the resistance ratio.
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Figure 4.18. Set process activated via noise addition. a) Complete applied signal for
this study during one cycle. The maximum value timespan of Vg, pulse varies every 20
cycles. The current during the 20 cycles for each At and mean current evaluated after
a set transition, in orange, and after a reset in blue is presented in b) for the
measurements without noise and in ¢) including noise (o0 = 150mV). In d) the mean
value of Rpario against At is presented. For the measurements without including noise,

in blue, and with noise, in orange.
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B. Reset Process Activation

This approach presents the opposite situation to the previous case. Set pulses
are fixed while reset pulses are variable. Now, it is the reset process the one
intended to be activated via noise addition. Hence, the applied voltages have
the opposite sign with respect to case A. The set pulses maximum voltage is
fixed to a voltage high enough to ensure the transition to the LRS. Now, the
pre- and post- synaptic pulses consist in 0.3V and —0.3V pulses respectively,
resulting in a 150ms pulse of Vi, =V, = 0.6V, which is always applied (the
same in all cycles and iterations). However, the complexity appears now in the
reset voltage, but the methodology used for its generation is the same as that
considered in the previous approach resulting, in this case, in a negative voltage
pulse with a maximum value V,eso; = Vior = —0.55V. This value is low enough to
activate the reset process. The noise intensity is the same as in the previous
approach (005 = 150mV). Here, the delay is in the post-synaptic pulse for the
reset process, what generates a different overlap condition every 20 identical

cycles. In this approach, the noise is applied during the reset process.

As reported in the previous approach, Fig. 4.19a shows one cycle of the applied
signal for this reset process activation, where the set process is a fixed pulse
and the reset pulse is variable, changing every 20 cycles, as mentioned above.
Figure 4.19b illustrates an example of a medium overlap situation between the
pre- and post-synaptic pulses to form the reset pulses in this approach and
highlights the resulting voltage values. Figures 4.19c¢ and 4.19d show the
currents measured after every transition and cycle as a function of At for the
experiments without and with noise, respectively. Again, the noise allows the
device to switch, but in this case from LRS to HRS with a switching probability
proportional to the overlap. This trend is confirmed by the results shown in Fig
4.19e, where the Rgqtio of the two different situations (with and without noise
inclusion) is shown as a function of the post-synaptic pulse delay. The figure
includes the dash gray line showing the overlap evolution as a function of the
delay as well. Once it is demonstrated that both set and reset processes can be
activated separately with the addition of noise, the key part of this work is to
combine both activations simultaneously. This study is presented in the

following approach.
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Figure 4.19. Reset process activated via noise addition. a) Complete applied signal for
this study during one cycle. b) medium overlap situation between the pre- and post-
synaptic pulses to build the variable reset pulse. The maximum value timespan of Vg,
pulse varies every 20 cycles. The current during the 20 cycles for each At and mean
current evaluated after a reset transition, in orange, and after a reset in blue is presented
in ¢) for the measurements without noise and in d) including noise (6 = 150mV). In e)
the mean value of R,4:, against At is presented. For measurements without including

noise, in blue, and with noise, in orange.
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C. Complete Switching Activation

In this approach, the combination of the two previous studies is presented. This
is the most realistic situation where a system is always driven by a noisy signal.
Hence, both set and reset processes will be under noise influence. The applied
voltages are Vg = Vior = 0.38V and Vyper = Vipr = —0.58 V. Both values are not
sufficient to activate the switching. The same noise (0,5, = 150 mV) was
applied. The slight set and reset voltage values differences with respect to the
previous approaches are a consequence of the inherent device-to-device (D2D)
variability. These particular values were selected so as to achieve an initial
condition as similar as possible for all the experiments. From the results in
several devices (~25), we identified the optimal voltage ranges to be: Vi, from
0.35V t0 0.4 V and V,4g; from —0.55V to 0.6 V. In the same line as in the previous
approaches, Fig 4.20 summarizes the experimental study carried out. Figure
4.20a illustrates the applied voltage signal where both set and reset durations
are variable. A key point for the set and reset pulses timing in this approach is
that the evolution of the pre- and post-synaptic pulses duration is synchronized.
This means that the timespan of the maximum value in both set and reset

pulses is the same (i.e., the same overlap), for all the cycles.

Figures 4.20b and 4.20c present the measured current after every set and reset
transition against At for the experiments without noise and including it,
respectively. The added noise enables both transitions simultaneously. In this
approach, the overlap between pre- and post-synaptic pulses evolves equally in

both set and reset transitions.

It is worth mentioning that there are differences in the resistance ratio values
obtained with the three approaches (see Figs 4.18d, 4.19e and 4.20d) described
above. In the first approach, where the set process is activated by noise, the
maximum resistance ratio value is approximately equal to 20. In the second
approach, where the reset process is activated, the maximum value is around
3.5, and in the third approach, with both transitions activated, the maximum

value is 9.
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Figure 4.20. Set and reset processes activated via noise. a) Presents the complete
applied signal during one cycle. The duration of the maximum values of Vset and Vreset
is the same. The current during the 20 cycles for each At and mean current evaluated
after a set transition, in orange, and after a reset in blue is presented in b) for the
measurements without noise and in ¢) including noise (o0 = 150mV). In d) the mean
value of R4 against At is presented. For the measurements without including noise,

in blue, and with noise, in orange.
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The resistance ratio differences observed in the three approaches can be ascribed
to the widely known intrinsic memristor variability, the selection of noise sigma,
and the voltage values for the constant pulses for reset and set transitions in
approaches A and B respectively. The predominant factor is the different
abruptness of the set and reset processes in the used memristors. Regarding the
last issue, in the typical HfOs-based memristors I-V curves, the set process is
notably more abrupt than the reset process, which is more gradual. Hence, the
noise activation of the set (approach A) allows a high resistance ratio after a
complete reset process. However, for approach B, the resistance ratio values are
lower because of the progressiveness of the reset process, therefore noise does

not allow a large resistance state change during this process.

In this subsection, a comprehensive investigation into the SR effect within
neuromorphic systems utilizing memristors was presented. The study
highlighted the positive impact of noise on the binary STDP protocol. Through
the strategic introduction of noise in either the set pulse, reset pulse, or both
simultaneously, we demonstrated the switching activation. The experiments
detailed in this study were replicated using other devices from the same wafer

to verify consistency and reproducibility of results.

4.3.2. Simulating STDP Activation via SR

As part of this study, this subsection reports simulation results using the
LTspice simulator. The goal is to reproduce the same input signal used for the
third and more complex approach presented and to analyze the response of the
memristor provided by the considered model. For the simulations we have used
the already presented DMM model for RRAM devices (see Subsection 3.1.3 in
this thesis). In this subsection, the model will be tested with complex and noisy

signals.

Before the simulations, setting the model parameters is a necessary step. The
procedure consisted in selecting the model parameters that reproduce the
behavior of the devices used in this work, which are obtained by fitting the
experimental data to the model equations. The result of this fitting process is

shown in Fig 4.21a, where the I-V curves corresponding to 10 experimental
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cycles (in grey) are compared to a simulated curve (in red). In addition, Fig
4.21b presents the schematics of the LTspice circuit used for the simulations
containing 4 voltage sources: the pre- and post-synaptic pulses (Vpre and
Vpost), and the noise sources for the set and reset processes (SetVn and
ResetVn, respectively). The complex signals were generated in LTspice using
the Piecewise linear (PWL) function, where time and voltage can be
programmed point by point, while the white gaussian noise signal is added
externally. Once the pulsed signals are generated, the noise is included in the
transitions, the simulations run, and the results externally compiled and

analyzed in Matlab.
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Figure 4.21. a) Comparison of the experimental (grey) and fitted (red) I-V
characteristic. b) LTspice circuit schematics used to simulate STDP activation via SR.
¢) Simulated current during the 20 cycles for each At and mean current evaluated after
a set transition, in orange, and after a reset transition in blue including noise obtained
using the LTspice simulator and the DMM model. d) Experimental (grey) and simulated

(red) resistance ratio against At showing a good agreement between both curves.
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The results reported in Fig. 4.21c¢ (symbols) show the reading current after
every set (in orange) and reset (in blue) transitions versus the At for a
simulation including noise. The continuous line corresponds to the mean value
of the LTspice simulation. The HRS and LRS reading current values and
dependence on the post-synaptic pulse delay obtained through simulation show

that the model is able to reproduce the experimental behavior.

Figure 4.21d compares the experimental and simulated resistance ratio against
At. The simulations demonstrate that the binary STDP protocol can be
activated through external noise addition in LTspice, showing a good agreement,

between experimental and simulated results.

In this section, a complete experimental study of the SR in STDP protocol
implemented with memristors, showing the beneficial role of additive noise on
the binary STDP protocol was reported. This study analyzes the SR
phenomenon in a scenario where the memristor's HRS and LRS was not
distinguishable. Nevertheless, we have demonstrated that by including noise to
the set pulse, reset pulse or both pulses simultaneously, the resistive switching
was activated. These findings showed that as the duration of the maximum
noise-activated transitions (set, reset, or both) increases, the resistance ratio
also increases. The results obtained from the simulations using the DMM well
reproduce the experimental observations. The presented results are promising
and offer a potential avenue for further exploration of the stochastic resonance

phenomenon in more complex neuromorphic systems.

4.4. Homeostasis in Memristor-Based Neuromorphic

Systems

In this section, the capability of noise to emulate the biological homeostatic
properties of neurons within memristor-based neuromorphic systems is
demonstrated. As previously detailed in Subsection 1.3.1, homeostasis is a
critical feature in biological neural networks, ensuring stability and adaptability
in response to external stimuli. Inspired by this biological principle, in this
section, it is shown how controlled noise injection into the bias applied to

memristors enables the regulation of their performance when functioning as
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artificial neurons. Specifically, the addition of external noise facilitates the
modulation of memristor threshold voltages and switching times, effectively
controlling the firing process of the artificial neuron. This approach leverages
the stochastic resonance phenomenon to achieve noise-induced homeostasis,
mimicking key aspects of neuronal behavior. Such regulation is particularly
relevant for neuromorphic systems that require adaptability and robustness, like

biological networks.

In this section, noise-induced homeostasis in memristors is studied by observing
the effect of noise on the spike time of a single memristor operating as a neuron.
We focus on the simplest memristor neuron, where the spike time is defined as
the time to trigger a memristor set event. In this sense, on the one hand, if the
presence of external noise reduces the time required for a set event (spike), the
system exhibits increased excitability, termed potentiation regime. On the other
hand, if noise prolongs set event times, the system experiences decreased
excitability, known as depression regime. Both potentiation and depression
regimes are previously illustrated in the Introduction, and visible in Fig. 1.12.
In this case, in the following subsections two different results are presented using
distinct devices from the same wafer. In the first one, noise-induced potentiation
is demonstrated and in the second one it is proved that both potentiation and

depression regimes can be induced via noise.

To validate the proposed approaches, extensive experimental characterizations
were conducted and supported by simulations. The experimental results were
obtained using the unipolar type devices previously presented in Section 4.1,
where the external noise modulated both set and reset voltages (see Figs. 4.3
and 4.4) and were reproduced using the LTspice simulator, employing the
dynamic memdiode model (DMM). The electrical measurements in this section
were carried out with the AG-SPA setup and the noise was included via software
with the randn function in Matlab. This combination of empirical and simulated
data highlights the consistency and reliability of the findings. Parts of the
content in this section were published in the EDL24 article.
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4.4.1. Noise-Induced Potentiation

This subsection is dedicated to demonstrating the noise-induced potentiation
effect on memristors acting as neurons. To reach that goal, the memristor initial
state was the HRS and the memristor spike time is defined as the cumulative
time needed to produce a set event when a staired constant voltage is applied
(i.e., a sequence of constant voltages of a certain duration, whose value was
increased in steps in a given voltage range, see Fig. 4.22a). The staired voltage
started at -1.2 V adding -100 mV every 1.5 seconds; the sweep is stopped once
the set event occurs (i.e., when the current abruptly increases and reaches 50
nA). To ensure the memristor was at the HRS, the reset process was induced
with voltage sweeps as the ones applied in Fig. 4.6. The staired constant voltage
is applied to accelerate the set transition and to ensure that the device switches
to the LRS in an acceptable time window. The voltage increase is clearly slower
than when a voltage sweep is applied. This procedure (reset with a voltage
sweep and set with a staired constant voltage) was repeated 100 times (i.e.,
cycles). The best noise sigma for modulating the set transition was found to be
Onoise = 120 mV after testing different values. The ideal noise sigma depends on

the device and the raw input signal.
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Figure 4.22. a) Time evolution of the staired constant voltage. Current versus time
evolution without noise (black) and with o6,,,, = 120mV (red) obtained b)

experimentally and c) in simulations.
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The experimental results are visible in Figure 4.22b, where the memristor
current versus time without (black) and with noise (red) for the 100 measured
cycles respectively is presented. The abrupt increase of the current means the
occurrence of the memristor spike. It is clearly observable at first sight that the
noise inclusion induces lower set event times, and consequently, meaning a
decrease of the spike time. This emulates the biological neuron behavior and
modulates the neuron performance increasing its activity (potentiation regime).
For a more detailed evaluation, Fig. 4.23a presents the experimental set event
time along the 100 experimental cycles without noise (black) and with noise
(red). Again, it is clearly observed that noise impacts reducing the set event
times. The previous experimental results were compared with LTspice
simulations carried out with the DMM memristor model. The DMM relies on
two key equations, one governing the current-voltage characteristic and the
other dictating the memristor memory state. Cycle-to-cycle variability was
included in the model parameters related to the HRS current and set voltage,
following the method presented in Subsection 3.1.2. The calibration of the
model parameters was performed by reproducing the experimental median I-V
behavior using standard voltage sweeps. After calibration, the same input signal
was reproduced including Gaussian noise in the applied signal. The reduction
of the set event times is also clearly observed in the simulations, see Fig. 4.22¢
and Fig. 4.23b. This result proves the well-functioning of the DMM in terms of
versatility since it can qualitatively reproduce the experimental behavior of

different types of memristors under the influence of different input signals.
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Figure 4.23. a) Set times for every cycle without noise (black) and with gy,4i5e = 120 mV

(red) obtained a) experimentally and b) in simulations.

After this experiment on the noise-induced potentiation regime, a more
complete approach was performed to reach modulation in both potentiation
and depression regimes. By inducing these two regimes using different noise
values, the homeostatic regulation could be emulated. This approach is

presented in the following subsection.

4.4.2. Noise-Induced Homeostasis

This subsection extends the findings in the previous one, where a demonstration
of the noise-induced potentiation on single memristors acting as a neuron was
presented. In this subsection, in order to induce both potentiation and
depression regimes, firstly, the same unipolar memristors were subjected to
larger o, values following the same method as the one used in the previous
subsection to obtain a typical stochastic resonance curve. The results of this
experiment are shown in Fig. 4.24, where we observe a stochastic resonance
curve depicting the evolution of mean set time (or spike time) versus
Opoise- Notice that different points are highlighted. Assuming brain as a noisy
system, for instance, B point can be interpreted as an equilibrium point. When
Onoise 18 increased, shorter set times are obtained leading to a potentiation
regime, meanwhile a decrease in g4, results in a depression regime. The
dynamics are reversed if D is interpreted as the equilibrium point. The impact

of noise on the memristor spike time has been analyzed in detail for three

122



different noise o values: 160mV, 200 mV and 240 mV (points A, B, and C
respectively in Fig. 4.24).
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Figure 4.24. Stochastic resonance curve in the set event time against the noise o.

Schematic of homeostatic regulation possibilities for different equilibrium situations.

Fig. 4.25a shows the experimental memristor current as a function of time for
Onoise = 160mV  (red curves) and o4, = 200 mV (black curves). The abrupt
increase in current means the occurrence of the memristor spike. A depression
regime is observed, being the spike time increased by reducing 0,,ise- On the
contrary, Fig. 4.25b shows the memristor current as a function of time for the
experiments with a,,;c = 200 mV (black curves) and with oy, = 240 mV (blue
curves). Now, a potentiation regime emerges, demonstrating reduced spike time
with increased noise o. Thus, modifying the o,,,., memristor spike times are

modulated, thereby regulating the neuron activity to maintain homeostasis.
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Figure 4.25. a) Experimental current versus time evolution during a staired constant
voltage for Opgise = 160 mV (black curves) and oy, = 200 mV (red curves). b) for
Onoise = 200 mV (black curves) and 6y = 240 mV (blue curves).

The previous experimental results were again compared with LTspice
simulations carried out with the DMM memristor model following exactly the
same process as in the previous subsection, but with different o,,,;,, values.
LTspice simulated results in Fig. 4.26 are qualitatively the same as the
experimental results of Fig. 4.25 observing the spike time modulation in both
depression (Figs. 4.25a and 4.26a) and potentiation (Figs. 4.25b and 4.26b)

regimes. This result demonstrates the suitability of the DMM for simulating
the noise impact on the spike time.
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Figure 4.26. a) Simulated current versus time evolution during a staired constant
voltage for Opeise = 160 mV (black curves) and gy, = 200 mV (red curves). b) for

Onoise = 200 mV (black curves) and 6y = 240 mV (blue curves).
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The work in this section presented a first experimental demonstration of noise-
induced modulation of the spike time in memristor-based SNNs. The stochastic
resonance phenomenon was previously observed in both memristor set and reset
voltages and their respective standard deviations earlier in this chapter. The
inclusion of noise can modulate the memristor spike times, thereby facilitating
both potentiation and depression of neural activity, crucial for maintaining
system homeostasis. The experimental results were correctly reproduced in
LTspice using the DMM. The results highlight the pivotal role of noise in SNN,
thereby paving the way for further research of next generation computing

systems.

4.5. Highlights

This chapter explored the findings related to the stochastic resonance
phenomenon in RRAM devices. First, the effect of noise on these devices under
DC regime was investigated through voltage sweeps. Then, the behavior under
AC signals, including pulses and triangular waveforms, was analyzed.
Additionally, the impact of stochastic resonance on the binary STDP learning
protocol was examined. Finally, a noise-induced homeostasis study was carried

out using memristors as neurons.

In conclusion, this chapter presents a comprehensive study of the positive
impact of noise on the performance of isolated RRAM devices. While most of
the results presented are experimental, the reproduction of these findings using
the DMM model highlights the significance of noise. In the field of memristor-
based neuromorphic systems, noise was shown to enhance performance in
applications such as the STDP learning protocol and homeostasis. These
findings open the door to further research, including exploring different types
of memristors and materials, achieving higher frequencies in AC experiments,
establishing more stable and innovative setups, and performing more complex
measurements and simulations with multiple memristors to approach more
realistic scenarios in artificial neural networks. This chapter included
information from the following articles and complementary works: ISCAS22,
JLPEA24, TED24 and EDL24.
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CHAPTER

Conclusions and Future Work

Conclusions

In this thesis RRAM devices were characterized, modeled and simulated

focusing on the cycle-to-cycle variability and the impact of the stochastic
resonance phenomenon. Most of the findings in the thesis are reported in
different publications and conference papers carried out during the thesis

period.

The content of this thesis was divided into four chapters (excluding the current
chapter with conclusions and future lines). Once the motivation and general
objectives were exposed, the most relevant aspects discussed in each chapter

are pointed out below:

An overview of the state of the art regarding RRAM devices was reported in
Chapter 1. In that chapter it was briefly explained the general switching

mechanisms of RRAM devices, their properties and applications.

The description of the measurement instruments and its combinations to build
different setups for characterization, the main fabrication processes and the

electrical characterization of memristors were presented in Chapter 2.

Chapter 3 discussed various methodologies for incorporating variability into

RRAM devices simulations, a critical aspect of accurate modeling in this field:
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Uncorrelated C2C variability was included in simulations using different
versions of the memdiode model: the QMM in LTspice, the DMM in
LTspice and the discretized DMM in Matlab.

Correlated C2C variability was included in simulations using the DMM
in LTspice reproducing the features from experimental data.

Several powerful tools for analyzing experimental data were introduced,
such as the fitdistrplus package for identifying the best-fitting
distributions, as well as Q-Q plots, the Lilliefors test, and others.
Valuable methods for comparing experimental results with simulations
were also provided, including density plots, the Wasserstein distance,

and autocorrelation plots.

This chapter presented a comprehensive and open-source framework for

modeling variability in RRAM devices, highlighting the importance of this

aspect in developing robust and accurate models. By sharing all the associated

methods and model scripts, this chapter not only facilitated replication but also

encouraged further advancements in the field. As RRAM technology continues

to evolve, the inclusion of variability in models will remain imperative for

achieving reliable and predictive simulations.

An examination of the findings related to the stochastic resonance phenomenon

in RRAM devices was presented in Chapter 4.
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The effect of noise in RRAM devices under a DC and AC regimes was
investigated through voltage sweeps, pulses and triangular waveforms.
The beneficial role of external noise was proved for DC and AC regimes
enhancing the resistance ratio of the devices. The typical SR curves were
obtained for both regimes.

The positive impact of the SR phenomenon on the binary STDP
learning protocol was demonstrated. By strategically introducing noise
in the set pulse, the reset pulse or both simultaneously, the STDP
protocol was activated via noise. In addition, the resulting resistance
ratio of the devices was directly related to the overlap between pre- and
post-synaptic pulses.

A noise-induced homeostasis mechanism was explored using memristors

operating as a neuron. By controlling the noise inclusion, the memristor



spike time was modulated in both directions facilitating potentiation
and depression of neural activity, essential for maintaining the system

homeostasis.

Summarizing, this chapter presented a thorough study of the positive impact

of noise on the performance of isolated RRAM devices. While most of the results

included in this chapter were experimental, the reproduction of these findings

using the DMM model highlighted the significance of noise and proved the

versatility of the model.

Future Work

Several potential research avenues have emerged from this thesis which are

worth highlighting:

In the modeling research line, future work could involve testing the
proposed approaches for incorporating cycle-to-cycle (C2C) variability
in different materials and device types. Additionally, these approaches
could be further developed by increasing their complexity, such as
introducing trends in the simulations or considering multivariate
correlations. However, greater complexity may lead to slower and more
computationally demanding simulations. Since this thesis focused on
device-level variability modeling, extending the inclusion of C2C
variability to systems involving multiple memristors would be a logical

next step.

For the research line related to the stochastic resonance phenomenon,
the findings open the door to further research, including exploring
different types of memristors and materials, higher frequency AC
experiments, the development of more stable and innovative
experimental setups, and conducting more complex measurements and
simulations involving multiple memristors to approximate more realistic

scenarios in neuromorphic systems.
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In this work, we investigated how to include uncorrelated cycle-to-cycle (C2C) variability in the LTSpice quasi-
static memdiode model for RRAM devices. Variability in the I-V curves is first addressed through an in-depth
study of the experimental data using the fitdistrplus package for the R language. This provides a first approxi-
mation to the identification of the most suitable model parameter distributions. Next, the selected candidate
distributions are incorporated into the model script and used for carrying out Monte Carlo simulations. Finally,

the experimental and simulated observables (set and reset currents, transition voltages, etc.) are statistically
compared and the model estimands recalculated if it is necessary. Here, we put special emphasis on describing
the main difficulties behind this seemingly simple procedure.

1. Introduction

Memristors or Resistive RAMs (RRAMs) are electroformed metal-
oxide-metal devices that can alter their resistance states in a non-
volatile fashion. They are currently considered not only for memory
arrays but also for a plethora of applications including neuromorphic
computing, logic circuits, cryptography, etc. [1-3]. Nevertheless, one of
the major drawbacks that this technology currently faces concerns with
its inherent variability, which is associated with the alternate formation
and destruction of the filamentary conducting structure at atomic scale
[4,5]. Since variability is at the heart of RRAM operation, inclusion of
this phenomenon in any compact model intended for circuit simulation
environments would be of utmost importance. In this work, we explore
the introduction of uncorrelated cycle-to-cycle (C2C) variability in the
quasi-static memdiode model (QMM) for RRAM devices [6]. Correlated
C2C variability involving time series dependence (simulation results for
cycle i depend on simulation results for cycle i-1) and chained parameter
simulations involving multivariate regression (parameter value i
explicitly depends on parameter value j within cycle k) are the following
logical steps to investigate after this first attempt. However, before
entering into the subject, it is important to understand how variability
affects the simulation results. Uncorrelated C2C variability does not
mean that the parameter estimands can be independently chosen within
a certain cycle. Since the generated I-V curve is the result of a sequence
of operations in which multiple parameters intervene, there is an

* Corresponding author.
E-mail address: emili.salvador@uab.cat (E. Salvador).
https://doi.org/10.1016/j.sse.2021.108040

Available online 29 May 2021

underlying connection among their average and dispersion values. This
interdependence must be addressed in order to obtain realistic simulated
curves. In this work, we adopt a simplistic approach which consists in
estimating first the most suitable distribution functions for the experi-
mental observables and then attributing these functions to the corre-
sponding most relevant model parameters in each part of the I-V curve.
However, recall that the final simulated curve is the result of a combi-
nation of nonlinear functions with random parameters. In order to
obtain acceptable results under this scheme, we follow a kind of recur-
sive approach in which the model parameters are at the end selected
according to the statistical results they generate.

2. Devices and experimental results

HfO,-based MIM structures [7] were investigated in this work. The
oxide thickness is 10 nm and the area of the devices 5x5pm?. The bottom
electrode is a 200 nm-thick W layer and the top electrode is a 200 nm-
thick TiN layer on top of a 10 nm-thick Ti layer acting as oxygen getter
material [8]. Simulations are compared with experimental data ob-
tained from applying 450 voltage sweeps to the devices described pre-
viously. The complete set of experimental I-V curves and the median
curve are shown in Fig. 1.a. High (Iurs) and low (I gg) resistance state
currents are extracted at V = 0.2 V. The snapback (SB) correction is
calculated as Vs = Vgypiied — Ri-Imeasured> Where Rj is a series resistance
(internal). R; is chosen so as to achieve a current increase at a constant

0038-1101/© 2021 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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Fig. 1. a) Experimental I-V curves: 450 cycles and median curve. b) Voltage
correction illustrating the snapback effect in a single cycle and parameter
specification.

transition voltage Vr (see Fig. 1.b) [9]. This correction is calculated for
all the cycles using a different R; value. The RESET voltage Vg is the
voltage corresponding to the maximum current reached at negative bias.
The SB current Isp is found from the last data point before the occurrence
of the SET jump. The parameter extraction was carried out using
MATLAB. The extracted parameters for the whole set of curves were
analyzed using the tools available in the fitdistrplus package for the R
language [10]. Different distributions (normal, lognormal, gamma, and
Weibull) were fitted to the data and compared. The goodness of fit and
criteria (minimum values in Table 1) in combination with the quanti-
le-quantile (Q-Q) plots are illustrated in Fig. 2, which graphically
compare the experimental distributions with the parametric models.
This information is used to determine the best candidate distributions.

Fig. 2.a, .b and .c show the density plots for Vi, Vg
andR;corresponding to the four distributions investigated. According to
this analysis, Vr follows a lognormal distribution while Vi and R; are
better described by a normal one. The same analysis was carried out for
the rest of the above mentioned parameters resulting in: normal distri-
bution for Ig, and lognormal distributions for Iygs and Iigs. This prior
information will be used to define the distribution of the leading model
parameters in the device script.

Solid State Electronics 185 (2021) 108040

Table 1
Goodness-of-fit statistics (Kolmogorov-Smirnov, Cramer-von Mises, Anderson-
Darling) and criteria (Akaike’s and Bayesian) for a) Vr, b) for Vzand c) for R;.

a)
Method Normal Lognormal Gamma Weibull
. K-S 0.0375 0.0295 0.0298 0.0856
g C-vM 0.1289 0.0576 0.0696 0.9333
A-D 0.9495 0.3944 0.5076 6.343
= AIC -1654.55  -1662.72 -1661.04 -1585.18
© BIC -1646.34  -1654.501 -1652.82 -1576.96
b).
Method Normal Lognormal Gamma  Weibull
. K-S 0.0275 0.0449 0.0393 0.046
g C-vM 0.045 0.1709 0.1149 0.2497
A-D 0.2707 1.043 0.6944 1.858
- AIC -1500.53 -1487.75  -1493.46 -1480.1
©  BIC -1492.32  -1479.532 -1485.25 -1471.89
c).
Method Normal Lognormal Gamma  Weibull
. K-S 0.0954 0.0986 0.1003 0.1532
g C-vM 0.7561 0.7826 0.8059 3.077
A-D 4.819 4.991 5.137 18.919
z AIC -3315.67 -3313.39  -3313.25 -3463.92
© BIC -3323.89  -3321.62 -3321.46 -3472.14

3. QMM with variability

Once the model parameter distributions are established, they are
included in the header of the QMM model script as shown in Table 2.
Some model parameters are assumed to be constant in order to avoid
over-randomness. The LTSpice gauss function and its transformations
are used to generate the appropriate parameter values and variability.
According to the QMM [2] the I-V characteristic reads:

1(V) = Io(2)sinh{a(2)[V — (Rs(4) + R)I] } (€]

where Io(4) = Iomin + (Iomax — Iomin)-A is the current amplitude factor, Rg a
series resistance, a a fitting parameter and Iomin and Iomax, minimum and
maximum current values, respectively. Equation (2) relates the memory
state 2 to the voltage across the filament’s constriction V¢ through the
recursive hysteresis operator:

#Ve) = min{" (Ve).max[2(Ve). 1 (ve) | } @

where I'" and '™ are the so-called ridge functions, which represent the
ion/vacancy movement for SET and RESET, respectively. /I(%) is the

memory value a timestep before (dictated by the simulator). The model
includes other parameters for the fine-tuning of the simulated curves.

4. Comparison between experimental and simulation results

The next step consists in performing Monte Carlo simulations using
the QMM model discussed in the previous Section. In Fig. 3, experi-
mental (grey) and simulated (red) curves are compared using three
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Fig. 2. a), b) and ¢) show density plots for V1, Vg and R;, respectively, with normal, gamma, lognormal, and Weibull distributions. d), ) and f) show Q-Q plots after

selecting the best fitting distribution.

different plots for the I-V curves: @) linear-linear, b) log-linear, and c)
linear-linear (with SB correction). Although the fitting is not perfect, the
simulations reproduce the main features of the experimental curves in
all the cases. The most conspicuous difference occurs in LRS, mainly
because of a peculiarity of the experimental data. This will be discussed
in detail next.

In order to make a fair comparison, the statistical distributions of the
four observables is considered in Fig. 4. These observables were

specifically selected so as to compile information from the entire set of
the I-V curves in the different regimes: Iygs for the HRS curve, Vy for the
SET transition, I;gs for the LRS curve and Vg for the RESET transition.
This compilation was performed without considering the SB correction
and for a direct evaluation of Iyrs and I;gs. As shown in Fig. 4, simulation
results for Iygs, Vr, and Vg are consistent with the experimental data.
However, ;s exhibits a notorious discrepancy. The reason is clear, for
the particular case under study, the experimental I;s histogram presents
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Table 2

LTSpice QMM script including variability in the most significant parameters
taking into account the previously extracted best candidate distributions. In red
the Gaussian distribution and in blue the lognormal distributions.

.subckt memdiode + - H

.params

+HO0=2E-3 ri=193+gauss(1)

+ etas=50 vs=2 etar=9 vr=-0.57+gauss(0.028)
+ rsmax=8+gauss(1) rsmin=10

+ imax=exp(-5.38+gauss(0.06)) amax=2.0

+ imin=exp(-10.9+gauss(0.68)) amin=2.0

+ vt=exp(-0.733+gauss(0.08)) isb=33E-6+gauss(2E-6)
+ CHO=1E-3 gam=0.07 RPP=1E10

*Memory equation

BH 0 H I=min(R(V(C,-)),max(S(V(C.-)),V(H))) Rpar=1
CHH 0 {CHO} ic={HO}

*-V

RE + C {ri}

RS C B R=RS(V(H))

BD B - I=10(V(H))*sinh(A(V(H))*V(B,-))

RB + - {RPP}

*Auxiliary functions

func I0(x)=imin+(imax-imin)*x

func A(x)=amin+(amax-amin)*x

func RS(x)=rsmin+(rsmax-rsmin)*x

func VSB(x)=if(x>isb,vt,vs)

func ISF(x)=if(gam==0,1,pow(x,gam))

func S(x)=1/(1+exp(-etas*(x-VSB(I(BD)))))
func R(x)=1/(1+exp(-etar*ISF(V(H))*(x-vr)))
.ends

two peaks which likely corresponds to two different configurations of
the filamentary path or to competing filaments. The simulated curves
are unable to capture this feature because of the use of a single distri-
bution function. This single distribution is responsible for the large
central peak shown in Fig. 4.c. This inconsistency illustrates that caution
should be exercised when unexpected deviations in the experimental
data occur.

Finally, Fig. 5 illustrates the importance of C2C correlations in the
experimental curves [11]. Experimental and simulated data corre-
sponding to the time evolution of two parameters (high resistance state
current Iyrs and reset voltage Vg) are compared. Notice that our
approach is unable to generate a trend since the LTSpice simulations
considered in this work are uncorrelated. These issues will be further
investigated in the future.

5. Conclusions

In this work, we explored how uncorrelated C2C variability can be
included in the QMM model for resistive switching devices. The exper-
imental I-V curves obtained from HfO,-based devices were analyzed and
the main parameters extracted. The best candidate distributions for the
experimental parameters were determined using the fitdistrplus package
from the R language and this information was included in the model
script. We showed that the model results reproduce reasonably well the
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main features exhibited by the experimental curves. Future in-
vestigations will include time series and chained-parameter analysis for
correlated C2C variability simulations.
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ARTICLE INFO ABSTRACT

Keywords: Variability of the conduction characteristics of filamentary-type resistive switching devices or resistive RAMs
Memristor (RRAME) is a hot research topic both in academia and industry because it is currently considered one of the major
Var?al?ili[y o showstoppers for the successful development and application of this technology. In this work, we thoroughly
ﬁigz“ve switching investigate the statistics of the cycle-to-cycle (C2C) variability observed in the experimental current-voltage (I-V)

curves of HfO,-based memristive structures using the fitdistrplus package for the R language. This exploratory
analysis allows us to identify which parametric probability distributions are the most suitable candidates for
describing our data. This study involves graphical tools such as the density, skewness-kurtosis (S-K), and
quantile-quantile (Q-Q) plots. The analysis is completed with the aid of goodness-of-fit statistics (Kolmogorov-
Smirnov, Cramer-von Mises, Anderson-Darling) and criteria (Akaike’s and Bayesian). The selected distributions
are incorporated into the SPICE script of the quasi-static memdiode model for resistive switching devices and
used for simulating uncorrelated C2C variability. Finally, a one-way sensitivity analysis is carried out in order to

test the impact of the model parameters variation in the output characteristics of the device.

1. Introduction

Filamentary-type resistive switching devices or resistive random-
access memories (RRAMs) are electroformed metal-oxide-metal struc-
tures that can alter their resistance state upon the application of an
external stimulus (voltage, current, light, etc.). In these structures, a
localized vacancy or ion conducting bridge spans the oxide layer and
connects or disconnects the opposite electrodes in a non-volatile fashion.
This means that when power is turned off, the last resistance state of the
device remains unaltered. Nowadays, this kind of structure is considered
a promising candidate for a plethora of applications including infor-
mation storage, neuromorphic computing, logic circuits, cryptography,
and many more. [1-3] Nevertheless, one of the major drawbacks that
this technology must face concerns with its intrinsic variability linked to
morphologic changes of the conducting filament occurring at the atomic
scale [4,5]. This is particularly important for the high resistance state
where a few atoms participate in the conduction process. Since vari-
ability is always present in RRAM operation, its inclusion in any

* Corresponding author.
E-mail address: emili.salvador@uab.cat (E. Salvador).

https://doi.org/10.1016/j.sse.2023.108667

compact model for such devices would be of utmost importance. In this
work, uncorrelated cycle-to-cycle (C2C) variability is introduced in the
quasi-static memdiode model (QMM) [6-7] through the random
assignment of the model parameter values. We consider here the QMM
because we are only interested in simulating the devices when subjected
to ramped voltage with fixed ramp rate. For pulsed measurements,
where switching times are of utmost importance, a dynamical approach
is required. Uncorrelated C2C means in this context that the generated
cycles are considered independent so that no trends in the low (LRS) or
high (HRS) resistance state are expected. Trends can be included by
adding the appropriate wearout rules in the definition of the model
parameteres. The analysis reported here mainly focuses on the spread of
the I-V curves around the median characteristic. It is worth mentioning
that for specific applications, the model should be recalibrated since the
parameter values may be affected by the device state history if it in-
volves any kind of irreversible effect. After the inclusion of variability in
the model parameters, the attention concentrates on the general
behavior of the QMM. We have investigated how sensitive the model is
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Fig. 1. A) experimental i-v curves: 450 cycles and median curve. b) voltage correction illustrating the snapback effect in a single cycle and parameter specification.

to systematic modifications of the parameter values. The approach fol-
lowed is also valid for any other model and it is technically referred to as
a one-way sensitivity analysis (SA). To be more precise, the sensitivity
we are discussing relates to how uncertainty in the simulation output
can be apportioned to different sources of uncertainty in the model in-
puts [8,9]. This paper is organized as follows: in Section 2, the fabri-
cation process of the devices under investigation and the preparation of
the experimental data are described. In Section 3, the experimental
observations are statistically analyzed. In Section 4, the quasi-static
memdiode model is presented. The inclusion of variability in the
model script is discussed in Section 5. In Section 6, experimental and
simulated results are compared and, in Section 7, the one-way SA is
performed. Section 8 reports the conclusions of this work.

2. Devices and preparation of experimental data

The devices studied in this work are HfO»-based metal-oxide-metal
structures [10]. The oxide thickness is 10 nm and the active area of
the devices is 5x5 um2. The bottom electrode consists in a 200 nm-thick
W layer and the top electrode is a 200 nm-thick TiN layer on top of a 10
nm-thick Ti layer acting as oxygen receiver material [11]. After the
electroforming process, the devices are cycled 450 times with a bipolar
voltage sweep with limits + 1.5 V. The electrical measurements were
performed using the Semiconductor Parameter Analyzer (SPA) Agilent
4156C. The equipment was controlled via GPIB bus and programmed
with Matlab software. The measured I-V curves are plotted in grey in
Fig. 1.a. The median curve is plotted in blue. In Fig. 1.b, the snapback
(SB) correction for a single cycle extracted from the set of experimental

curves is illustrated. The snapback voltage is defined as
Vs = Vapplied —Ri*Imeasured Where R; is an internal series resistance (it can
also include any external series resistance). The value of R; is selected so
as to provide an almost vertical increase of the current after the SET
event. This vertical increase occurs at a constant voltage called the
transition voltage Vr. [12] Both R; and Vr are obtained individually for
each cycle in the measurement set. A number of observables are indicated
in Fig. 1.b: the high (Iygs) and low (Ijgs) resistance state currents are
obtained by extracting the current values at a fixed voltage, V= 0.2V,
the RESET voltage Vy is obtained from the voltage corresponding to the
maximum current reached for negative bias. The last current data point
before the SET event is the SB current Isp. All these observables are
extracted from the experimental curves using Matlab coding. In the
following Section, the statistical distribution of these observables is
investigated.

3. Analysis of the experimental results

In this Section, we investigate the statistical distribution of the ob-
servables mentioned in Section 2 using the fitdistrplus package for the R
language [13]. The obtained results will be used to define the model
parameters in the QMM SPICE script. First, the Cullen and Frey
skewness-kurtosis (SK) or Pearson plot is used as an indicator of the
appropriateness of the different candidate distributions (normal,
lognormal, gamma, Weibull, logistic, etc.). This plot compares the kur-
tosis and the squared skewness corresponding to the available data. For
some specific distributions (normal, uniform, logistic, exponential),
there is only one possible value for the skewness and kurtosis. Thus, the
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Fig. 2. A), b) and c) show the cullen and frey plots for Vi, Vg and R;
respectively.

distribution is represented by a single point on the plot. For other dis-
tributions, areas of possible values are represented, consisting in lines
(as for the gamma and lognormal distributions), or shaded areas (as for
the beta distribution). Notice the location of the observation (blue dot)
with respect to the theoretical symbols and lines. The yellow points are
bootstrapped data (random sampling with replacement). Fig. 2.a-c show
the SK plot for Vr, Vg, and R;, respectively. For V and Vg, the figures
show that the experimental observations are close to the star symbol
(normal distribution). Nevertheless, the Vy observation as well as the
bootstrapping cloud are slightly shifted almost coinciding with the
dashed line representing the lognormal distribution. In contrast, for R;,
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Table 1
Goodness-of-fit statistics (Kolmogorov-Smirnov, Cramer-von Mises, Anderson-
Darling) and criteria (Akaike’s and Bayesian) for a) Vr, b) for Vg and c) for R;.

a)

Method Normal Lognormal Gamma Weibull
. K-S 0.0375 0.0295 0.0298 0.0856
§ C-vM 0.1289 0.0576 0.0696 0.9333
A-D 0.9495 0.3944 0.5076 6.343
= AIC -1654.55 -1662.72 -1661.04 -1585.18
© BIC -1646.34  -1654.501 -1652.82 -1576.96
b).
Method  Normal Lognormal Gamma  Weibull
. K-S 0.0275 0.0449 0.0393 0.046
g C-vM 0.045 0.1709 0.1149 0.2497
A-D 0.2707 1.043 0.6944 1.858
- AIC -1500.53 -1487.75 -1493.46  -1480.1
S g 4149232 -1479.532 -1485.25 -1471.89
).
Method  Normal Lognormal Gamma  Weibull
. K-S 0.0954 0.0986 0.1003 0.1532
§ C-vM 0.7561 0.7826 0.8059 3.077
A-D 4.819 4.991 5.137 18.919
= AIC -3315.67 -3313.39  -3313.25 -3463.92
© BIC -3323.89 -3321.62 -3321.46 -3472.14

the blue dot and the bootstrapped data show a large kurtosis (leptokurtic
behavior) which means that the tails of the distribution are heavier than
those corresponding to a normal distribution. Since the SK plot must
only be used as a first indicator, further analysis is required before
concluding which distribution better suits. Next, the different candidate
distributions (normal, lognormal, gamma, and Weibull) are fitted and
compared with the experimental observables. The goodness-of-fit (GoF)
statistics (Kolmogorov-Smirnov, Cramer-von Mises, Anderson-Darling)
and criteria (Akaike’s and Bayesian) are shown in Table 1. Fig. 3.a-c
show the density plots for Vr, Vg, and R;, respectively, corresponding to
the distributions investigated. The quantile—quantile (Q-Q) plots, which
graphically compare the experimental distributions with the parametric
models, are illustrated in Fig. 3.d-f, for Vr, Vg, and R;, respectively. The
combination of the information obtained from the GoF statistics and
criteria, and the Q-Q plots were used to determine the most plausible
distribution for each observable. In summary, the analysis carried out
indicates that Vr follows a lognormal distribution while Vg and R; are
better described by a normal distribution. The same procedure was
followed for the rest of the observables resulting in: normal distribution
for Isg and lognormal distributions for Iyrs and Iirs. This information
will be included in the model parameters of the QMM script and will be
used to generate a set of simulated curves with variability.

4. Brief introduction to the QMM
As mentioned in Section 1, variability simulations and sensitivity

analysis were performed with the QMM model [7]. This model describes
the conduction characteristics of bipolar resistive switching devices
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selecting the best fitting distribution.



E. Salvador et al.

Table 2
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LTSpice QMM script including variability in the most significant parameters taking into account the previously extracted best candidate distributions. In red the

Gaussian distributions and in blue the lognormal distributions.

.subckt memdiode + - H

.params

+ HO0=2E-3 ri=193+gauss(1) rsmin=10

+ etas=50 vs=2 etar=9 vr=-0.57+gauss(0.028)
+ rsmax=8+gauss(1) isb=33E-6+gauss(2E-6)
+ imax=exp(-5.38+gauss(0.06)) amax=2.0

+ imin=exp(-10.9+gauss(0.68)) amin=2.0

+ vt=exp(-0.733+gauss(0.08)) gam=0.07
*Memory equation

BH 0 H I=min(R(V(C,-)),max(S(V(C.-)),V(H))) Rpar=1
CHHO 1E-3 ic={HO0}

*I-V

RE + C {ri}

RS C B R=K(rsmin,rsmax)

BD B - [=K(imin,imax)*sinh(K(amin,amax)*V(B,-)) Rpar=1E10

*Auxiliary functions
func K(min,max)=min+(max-min)*V(H)
func S(x)=1/(1+exp(-etas*(x- if(x>isb,vt,vs))))

func R(x)=1/(1+exp(-etar* if(gam==0,1,pow(V(H),gam))*(x-vr)))

.ends

using a hysteresis operator which keeps track of the memory state of the
device. The origin of the switching is related to the formation of a
conducting filament (CF) spanning the dielectric film caused by the
application of an external field (SET process for the transition HRS to
LRS). The CF is created as a consequence of the displacement and
accumulation of metal ions or oxygen vacancies (depending on the de-
vice type). The CF can be ruptured by the application of a field with
opposite sign (RESET process for the transition LRS to HRS). According
to the QMM, the I-V characteristic reads:

1(V) = Iy(A)sinh{a(2)[V — (Rs(1) + R)I] } €3}

where Io(2) = Iomin +(Iomax — Iomin)A is the current amplitude factor,
Rs(4) a variable series resistance, and a(4) a fitting parameter. Iop;, and
Iomax are minimum and maximum current values (same for Rg and a),
respectively. According to (1), for low currents, I depends exponentially
on V whereas for high currents, I depends linearly on V. Equation (2)
expresses the relationship between the memory state 4 and the voltage
across the filament’s constriction Vg = V —R;lthrough the recursive
hysteresis operator:

A(Ve) :min{F’(VC).max[ﬂ(\a)‘l"*(Vp)} } 2

where 4 (\76) is the memory value a timestep before (in practice dictated

by the simulator timestep). I'" and I'~ are the so-called positive and
negative ridge functions (sigmoidals), respectively, and are expressed as:
" 1

T = e =V = V) @
which represent the creation (+) and dissolution (-) processes of the CF.
n* (etas and etar in the model script) are the set (+) and reset (-) tran-
sition rates and V* are the threshold voltages for set (+) and reset ().
The model uses other parameters for the fine-tuning of the simulated
curves (see the script in Table 2). The model is implemented in LTspice
using an equivalent circuit with behavioral current sources and includes
the snapback (isb) and snapforward (gam) effects.

5. Simulation with variability using the QMM

Once the model parameter distributions were established (see Sec-
tion 3), they were included in the QMM model script (see Table 2). Some
of the model parameters were assumed to be constant to avoid over-
randomness in the output curves. The LTspice gauss function and its
transformation were used to generate the appropriate parameter values
and variability. Simulations were performed having in mind the
particular features of the experimental curves, such as the voltage span
and the number of cycles. The parameters (including variability) are
calculated at the beginning of each cycle and are kept constant until the
next cycle. The goal was to reproduce as close as possible the median
curve and the spread of the experimental data set. Since ultimately the
simulated I-V curves are the result of a sequence of operations in which a
number of random parameters are involved, there is always an under-
lying connection among the mean and dispersion values that need to be
considered in order to achieve a consistent set of curves. To control this
interdependence an iterative optimization process was followed to
adjust the simulation parameters for obtaining close agreement with the
experimental curves. The simulated observables and their variability
obtained from a complete simulation run were analyzed first. With this
information at hand the parameter values were modified in the appro-
priate direction (with the help of the one-way SA approach) and the
simulation was performed again. This process was repeated until coin-
cidence is achieved, within certain error margins, between the experi-
mental and simulation results. Notice we included variability in 7 out of
15 model parameters, this combination was found to be reasonable for
reproducing the experimental curves. For other devices, less variable
parameters might be enough to reproduce their behavior, in fact a basic
variable set of curves can be obtained by including the ‘gauss’ LTSpice
function in 4 parameters (imin, imax, isb and vr).

6. Comparison between experimental and simulation results
Simulations using the QMM model were performed taking into ac-

count the iterative optimization process discussed in the previous Sec-
tion. In Fig. 4, experimental (black) and simulated (blue) curves are
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compared using three alternative plots for the same set of I-V curves: a)
and d) linear-linear axes, b) and e) log-linear axes, and ¢) and f) line-
ar-linear axes (with SB correction). The fitting is reasonably good and
simulations reproduce the main features of the experimental curves in
all the cases. The most conspicuous difference occurs in LRS, mainly
because of a peculiarity of the available experimental data. This will be
discussed later. A deeper and fairer comparison between the experi-
mental and simulated observables is presented in Fig. 5. This figure
shows the statistical distributions corresponding to the four main ob-
servables. Aiming to compile information from the different sections of
the I-V curves, the following observables were specifically selected: Ixrs
for the HRS curve, Vr for the SET transition, I;rs for the LRS curve, and
Vg for the RESET transition. This compilation was performed using the
corrected I-V curves for Vr and Vg, and the raw I-V curves, i.e. without
applying the SB correction for a direct evaluation of Iygs and Iigs. As
shown in Fig. 5, the density plots corresponding to the experimental and
simulated data, Iyrs and Vr are reproduced correctly. Vr presents a
curious effect: taking a closer view at the raw I-V curves, the dispersion
in the simulations is clearly higher than in the experimental case, but for
the corrected I-V curves, the dispersion is well reproduced. Instead, I rs
exhibits a big difference. The reason is clear, for the case under study,
the experimental I;zs histogram shows a double peak which likely cor-
responds to two different configurations of the CF or different coexisting
CFs. Since the approach we are reporting here only considers a single set
of parameters for each distribution, the simulated curves cannot
reproduce the two distributions experimentally observed. Our parame-
ters are only able to generate a single peak as illustrated in Fig. 5.c. This
inconsistency illustrates that caution should be exercised when unex-
pected deviations in the experimental data occur and additional features
are required to simulate them appropriately.

As an indicator of the importance of considering the time series
evolution and the correlation among parameters, Fig. 6 shows experi-
mental and simulated data corresponding to the C2C variability of two

parameters: the high resistance state current a) Iyrg and the RESET
voltage b) Vg [14]. Both figures show the presence of a trend in the
experimental observables. Notice that our approach is unable to
generate this trend since the LTspice simulations considered in this work
do not include cross-correlation among parameters. Aiming to compare
the fluctuation of the observables without trends, Fig. 6 ¢) and d) illus-
trate the difference in the observable between cycle k + 1 and cycle k
both for Iyrs and Vg, defined as Alygs and AV, respectively. As ex-
pected, the plots show that the experimental and model fluctuations are
of the same order of magnitude regardless the cycle number. In order to
quantify this fluctuation, different indicators are presented in Table 3:
the mean value g, i.e. the first moment of the distribution, the standard
deviation (o), i.e. the second moment of the distribution, the inter-
quartile range (IQR), a measures of the data spread, and the mean ab-
solute deviation (MAD), which represents the average distance between
each point and the mean value. Table 3 compares the four indicators
(experimental and simulated), for the four different observables indi-
cated in Fig. 6. It can be seen that the indicators are similar for all the
observable which points out that the fluctuations are correctly captured.

7. One-way sensitivity analysis of the output curves

As mentioned in Section 1, a one-way sensitivity analysis (SA) was
also carried out as part of this study. This analysis was performed
considering a voltage sweep high enough to achieve the full SET and
RESET states of the I-V cuves without introducing irreversible damage to
the devices. To understand why the applied voltage is an important issue
for this analysis, Fig. 7 illustrates the role played by the maximum
applied voltage (Vapp) on the simulations. The figure includes indicators
for the trends of the four different observables as the maximum applied
voltage is increased. Notice that if the voltage is set to 1.5 V (black
curve), the simulated curve does not reach the full HRS, which means
that the RESET process is not complete. Therefore, if the referred voltage
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Fig. 6. Time evolution of experimental and simulated parameters for: a) HRS
current, b) reset voltage, ¢) and d) the difference in the observable between
cycle k + 1 and cycle k for Iyrg and Vg (Alygs and AVg).

is not high enough, it will seriously affect the sensitivity studies per-
formed on the rest of observables. This is an important point to consider
within this analysis.

In what follows, we will only take into account complete SET and
RESET processes. This can be achieved with a maximum applied voltage
of + 2.5V (see Fig. 7 in green). The parameters were swept one at a time
(50 steps each) in a reasonable range (this process does not include C2C
variability) and the obtained I-V curves analyzed. Fig. 8 shows the
relative variation of the observables as a function of the relative varia-
tion of selected model parameter: a) #, or etar (reset transition rate), b) a
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Table 3

Different indicators for studying the fluctuations of: HRS current, reset voltage,
and the difference in the observable between cycle k + 1 and cycle k for Iyjgs and
Vg (Alygs and AVg).

Vi Trs AV Alygrs
Expo 0.0455 1.08e-05 0.0458 7.63e-06
Sim o 0.0381 7.84e-06 0.0541 1.12e-05
Exp IQR 0.0624 1.29¢-05 0.0555 7.53e-06
Sim IQR 0.0523 8.96e-06 0.0784 1.29¢-05
Exp MAD 0.0455 1.08e-05 0.0458 7.63e-06
Sim MAD 0.0381 7.84e-06 0.0541 1.12e-05

Current (MA)

3 2 -1 0 1 2 3
Applied Voltage (V)

Fig. 7. Simulated I-V curves for different applied voltages. The change in the
observables is indicated.

or alpha (I-V slope parameter), ¢) Inax, and d) I, (maximum and min-
imun currents). Table 4 summarizes the magnitude and trend associated
with the variation of each observable in terms of all the modified model
parameters (a change of + 30% from its reference value was considered
for the analysis). The reference parameters are those obtained from the
fitting of the median I-V curve (see Fig. 1). Notice that Table 4 uses
colors and signs. Red color is associated with almost no dependence
between the observable and the model parameter; orange indicates that
for a 10% model parameter variation, less than 10% variation is
detected in the observable and green corresponds to a variation larger
than 10%. (+) or (-) indicate direct or inverse dependence, respectively.
Reading the first column of Table 4, we can see the impact of all the
inputs over the observable Iygs. It is observed for Iygs a strong and
positive dependence on alpha, Imin, and gam. It also exhibits strong and
inverse dependence on Vapp and etar, weak and positive effect from Vr
and Imax and it is scarcely affected by Ri, etas, Rs, and Isb. This kind of
test is of utmost importance for investigating the sensibility of the
considered simulation model when subjected to variability.

8. Conclusions

In this work, we investigated uncorrelated C2C variability in RRAM
devices using the QMM model. The analysis consisted in comparing
experimental I-V curves, obtained from HfO,-based devices with SPICE
simulations. First, the experimental curves were analyzed and the main
observables extracted. By means of the different tools available in the
fitdistrplus package from the R language, the best candidate distributions
for the experimental observables were determined. The obtained infor-
mation was included in the model script. Simulations indicate that the
QMM model can reproduce reasonably well the main features exhibited
by the experimental curves in terms of mean value and variability. It was
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Fig. 8. One-way sensitivity plots for the relative change of the observables a)
Turs, b) Iirs, ©) Vs and d) Vg against the relative change of the model param-
eters: etar, alpha, Imax and Imin.

also shown that the study of time series and chained-parameter analysis
for correlated C2C variability simulations is a required action. We also
investigated the impact that variations in the model inputs (parameters)
have in the model outputs (observables) using a one-way sensitivity
analysis. The role of each model parameter was assessed and presented
graphically summarizing the intensity and detected trend between
parameter and observable (direct or inverse).
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Table 4

Intensity and sign (direct or opposite) of four observables against all the
analyzed parameters. + and — signs for direct and inverse dependence, respec-
tively. Green: greater than10%, orange: less than10% and red 0%.

Iirs | Vs | Vr

Iurs

Vapp - 0
Ri
etas
etar

(=R L)

1
+lo|o|+

1
S|+ S |S
+ |+ |+ ]|+ ]

alpha + -

Vr I -

Rs 0 - 0 -

Isb 0 0 1= 0
Imax aF 4 - aF
Imin + 0 - 0
gam hii 0 - 0
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In this letter, a method for dealing with the time-dependent dielectric breakdown (TDDB) of oxide layers in MOS
and MIM structures in the framework of SPICE simulations is reported. In particular, we focus the attention on
the clustering model (Burr’s XII distribution) for dielectric breakdown which can be considered an extension of

KEYW”@“" the well known Weibull model. The oxide time-to-breakdown for both models is calculated using the inversion
;lrzﬁafg:in method for the cumulative distribution function. For the sake of completeness, the proposed approach includes
realiability uncorrelated variability both in the initial and final resistance states. For illustrative purposes, it is also shown
SPICE how voltage acceleration, progressive breakdown or any other correlation factor can be introduced in the
Weibull simulation parameters. As an application example, the proposed method is used to simulate the simplest case of a

gate-to-drain dielectric breakdown of a NMOS-based inverter circuit.

1. Introduction

Because of the stochastic nature of the dielectric breakdown (BD)
phenomenon in metal-oxide-semiconductor (MOS) and metal-
—insulator-metal (MIM) devices, its statistical features need to be
addressed in terms of probability distributions. The most widely used
distribution representing the time-to-BD statistics for constant or ram-
ped voltage/current stress is the Weibull distribution [1]. This is a very
flexible distribution able to capture different failure rate regimes, the
most relevant one in the context of oxide reliability being the wearout
phase (increasing failure rate). In previous studies, Monte Carlo simu-
lations were used to investigate compound Weibull distributions [2] as
well as the deviations caused by the oxide thickness variation and series
resistance effect [3]. However, in recent years, oxide failure data have
been shown to follow in many cases the so-called time-dependent
clustering (TDC) model, from which the Weibull distribution can be
derived as one of its limits [4]. Weibull and TDC coincide at the lowest
percentiles but they notoriously differ at the highest ones. Importantly,
TDC not only applies to failure data but also to the set and reset voltages
of memristive devices based on the resistive switching (RS) mechanism
[5,6]. TDC is a member of the Burr’s family of distributions (Burr XII)
and it can be regarded as a superposition of Weibull distributions with
different scale factors [7]. This distribution of scale factors can arise for
instance from a nonuniform gate oxide thickness from device to device
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E-mail address: emili.salvador@uab.cat (E. Salvador).
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which reflects in a wider spread of the BD times. In the case of RS de-
vices, the distribution of scale factors can be attributed to the different
current capacities of the generated filamentary structures. In any case,
TDC involves some kind of additional variability in the analyzed data
(detectable or undetectable) other than the weakest link character of
dielectric BD. Monte Carlo simulations were also used to investigate TDC
in the context of Bayesian inference [8] and non-uniform BD [7,9,10]. In
this work, TDC is implemented in the LTspice XVII circuit simulator
from Analog Devices [11] with the aim of simulating the oxide failure
event occurring during a constant voltage stress. This is the typical
experiment considered for qualifying a given MOS or MIM technology
and is often referred to as Time-Dependent Dielectric Breakdown
(TDDB). The proposed methodology can be adapted to more complex
situations in which device area, stress voltage and temperature accel-
eration or correlation effects across model parameters and/or in be-
tween the initial and final resistance states of the device need to be
considered. In the general case, to accomplish these objectives one can
make use of feedback signals (current or voltage) acting on the behav-
ioral electric components provided by the simulator or by adding new
elements to the basic circuit. Here, we will concentrate on the simplest
case, i.e. when the applied voltage directly drops across the device under
test but series resistance effects can be easily included in the simulations.
Once the simulation ends, measurement directives allow extracting the
target information for further analysis or just for the generation of
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Fig. 1. Simulated data using the LTspice model (symbols) and calculated
curves (lines) using Eqs. (1) and (4). The blue dashed line corresponds to the

Weibull model. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)

statistical reports. The method is extended to the case of progressive
breakdown of the oxide layer. A simple example consisting in a biased
MOS transistor with a gate-to-drain dielectric BD working as an inverter
is used to illustrate how the proposed approach operates in a circuit
environment.

2. Theoretical considerations

According to the TDC model, the cumulative distribution function for
the BD events reads:

—a

Fe()=1- [1 +$(£)q ()

where a is the clustering factor, f the shape factor, and 7 the scale factor
(characteristic time). 7 corresponds to the 63rd percentile value of the
failure time. Following [8], expression (1) can be rewritten as:

F(y=1— eXP{ e [1 * (11 Gﬂ } N

so that considering a series expansion results:
L L1\ 11 P\’
F<’>=‘*”f’{*"[;(;) GO 560 *]} ®

For a— oo, the Weibull distribution is obtained:
ne
Ful) =1~ mp[—(f) } @

It can be demonstrated that expression (4) coincides with expresion (1)
at the lowest percentiles. In Fig. 1, the corresponding Weibit functions W
calculated as W = In[-In(1-F)] are plotted. In order to generate BD times
consistent with Eq. (1) and therefore with Eq. (4) in the appropriate
limit, Eq. (1) is inverted for a uniform random number u ~ Unif[0,1] so
that the BD time reads:

= el 1))
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.tran 0 200 0 1e-3

.step paramrun 1 200 1

.param RO=10Meg+gauss(1Meg) RBD=10K+gauss(1K)
.param a=0.592 b=4.258 t0=4.2E2 gam=3.61E-1

.param seed=1000 t=t0*exp(-gam*Vs) Vs=7

.param tbd=t*((a*(rand(run+seed)**(-1/a)-1))**(1/b))

Vi .meas time_to_BD param tbd
Q .meas BD_current find I(R1) at 200s

.meas fresh_current find I(R1) at 0s
V' R=(RBD-RO)*(time>tbd)+R0

Fig. 2. Complete schematic in LTspice for the time-dependent clustering and
Weibull models for dielectric breakdown. The complete explanation about the
expressions and commands used in this script is provided in Section 3.

Notice that since u is uniformly distributed, 1-u is also uniformly
distributed. As reported in [12], for the model parameters considered in
this work, 7 is a voltage-dependent parameter which in the framework of
the E-model (voltage acceleration) [7,13] is expressed as:

7 =toexp[—y(V — e Rs)] (6)

wherer, and y are constants, V the applied voltage, I the current flowing
through the device and Rg a series resistance. Eq. (6) illustrates how the
potential drop in a series resistance can be introduced in the charac-
teristic failure time as a feedback or correction term. This kind of effect
has been reported in [3].

It is also worth mentioning that alternative expressions for the
voltage acceleration factor in Eq. (6) such as the V*-model [14], 1/E-
model [7] or E”-model [2] can be considered as well.

3. SPICE model and simulation results

Simulations were carried out using the LTspice XVII simulator. This
is a free downloadable circuit solver with a powerful simulation engine.
For the sake of simplicity, the clustering parameters reported in [12] for
the first BD event in Al;03/HfO5-based devices are considered. This is
not relevant in the context of this work since we are not focusing neither
on a particular device nor technology. We are presenting a computa-
tional method for its use in a circuit simulator which can be easily
adapted to the user’s particular needs. Since we will not analyze here the
case of multiple failure events, the potential drop in Eq. (6) caused by
the current flowing through the device can in principle be neglected. The
proposed circuit schematic is illustrated in Fig. 2. After the definition of
the total simulation time (200 s) and maximum timestep (1 ms), the
parameter run (from 1 to 200 in unity steps) determines the number of
independent simulations to be generated. Then, parameters a (a), § (b),
70 (t0), and y (gam) are specified. seed (1000) is a parameter used to alter
the random number generator output. tbd computes the BD time using
Egs. (5) and (6) with uniform random numbers generated by the stepped
parameter run. Vs (7 V) is the stress voltage. R specifies the device
resistance before (Rg) and after (Rgp) the BD event. time > tbd is a logic
expression whose value is 1 for time > tbd and 0 for time < tbd. For
simplicity, pre- and post-BD resistance values with Gaussian variability
were assumed here but notice that these componenst can be easily edited
so as to represent the current flowing through the fresh device
(tunneling, Schottky, Poole-Frenkel, etc.) and the BD current (soft or
hard BD, quantum point contact: R = h/(2¢?N), etc.). R abruptly changes
as the simulation proceeds according to tbd. Finally post-processing di-
rectives (.meas) provide the required outcomes as a function of the
simulation run. In this particular case, the BD time is stored in the
variable called time_to_BD. The current flowing through the device at the
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Fig. 5. Correlation plots among generated variables using TDC: a) time-to-BD
as a function of the fresh current magnitude, b) post-BD current as a function
of the fresh current magnitude. In this case, no specific correlations
are expected.

onset (0 s) and end time (200 s) of the simulation are also recorded for
further analysis. All these results can be viewed using the Plot.step’ed.
meas data option (right click on the mouse) in the VIEW — SPICE Error
Log tag. Notice that the BD times generated in this way can exceed the
chosen simulation time window. In this case a redefinition of the total
simulation time is required in order to avoid censoring. Average

quantities or specific circuit values at a given time or condition can also
be achieved using similar directives.

Fig. 1 shows the Weibit plot for the simulated BD times according to
the TDC (see Fig. 3.a) and Weibull (see Fig. 4.b) approaches. Notice the
close agreement between the simulated data and the theoretical curves
calculated using Egs. (1) and (4). As expected, both distributions coin-
cide at the lowest percentiles and differ for the longest BD times. For
completeness, Fig. 3.b and 4.b show the BD times and the initial and
final current values as a function of the simulation run. Correlation plots
are provided for the TDC model in Fig. 5. In the present case, currents
are straightforwardly linked to the resistance values so that no corre-
lations across calculated variables are expected. These plots are just for
illustrating the kind of analysis that can be performed using the post-
processing tools (.meas in Fig. 2) the simulator offers.

In addition, Fig. 6 illustrates how the proposed approach can deal
with voltage acceleration (see Eq. (6)). As the applied voltage is reduced
(Vs =9, 7, and 3 V), longer BD times are statistically observed. This is
equivalent to the addition of a series resistance in the circuit mesh. The
acceleration law appears as a multiplicative factor in Eq. (6) and this
affects both the average value and dispersion of the BD times.

The proposed approach also allows modeling progressive breakdown
of the oxide layer. If a sigmoidal evolution [15] is assumed for the
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function of the time to breakdown. Curves were obtained using the script shown
in Fig. 2 with k = 0.1 57,

breakdown resistance R in Fig. 2:

R = (RBD — RO){1 — exp| — k(time — tbd) | }-(time > tbd) + RO (@]

the results shown in Fig. 7 are obtained. k is a constant referred to as the
degradation rate and depends on the applied voltage [16]. In this case,
progressive breakdown and clustering/weibull models are combined in
a single approach. As expected, the final state of the device depends on
the total simulation time, the time-to-BD, and the initial and final dis-
tributions of resistances. As is clearly seen in Fig. 7's inset, the final
breakdown current is no longer gaussian-distributed, i.e. degradation
time matters.

4. Application to circuit simulations

The simulation of a failure event in SPICE or in any other simulator is
important not only for the effects occurring in the device itself but also
for the consequences this event can generate in the rest of a circuit
[17,18,19,20,21]. As an application example, Fig. 8 shows the effects of
a severe gate-to-drain dielectric BD occurring in transistors. Only the
TDC case is investigated here for a simple NMOS inverter circuit. The
same parameter values as in the previous sections were used just for
illustrative purposes but they actually need to be tuned for the pulsed
stress (dead times need to be considered). As shown in Fig. 8.a a pulsed
signal (0-5 V) with duty cycle 0.5 is applied to the gate of the transistor
(2 N7002). At ~ 35 s, according to the TDC distribution, the oxide
breaks down establishing a direct path between gate and drain. A simple
resistor (hard BD) was considered here but a power-law (soft BD) for the
current-voltage characteristic can also be assumed [13,18,22]. From
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Fig. 8. A) application of the tdc model to a nmos inverter circuit. b) transfer curve for the circuit shown in a) before and after the bd event. ¢) input and output
characteristics of the transistor as a function of time before and after the bd event (tbd ~ 35 s).

this point on, the circuit does no longer work as expected. Fig. 8.b shows
the transfer function before and after the BD event. The channel current
cannot be switched off and the gate current reaches positive and nega-
tive values as reported in [20]. The bottom panel in Fig. 8.c illustrates
that, though the device still operates as an inverter, the output voltage
excursion becomes limited. In [23], a similar problem was addressed in
SPICE but considering the contribution of several independent voltage-
controlled current sources in the gate-drain circuit. The authors
analyzed the impact of a successive BD events on the performance of a
ring oscillator. In this case, Monte Carlo simulations were carried out in
combination with the Weibull distribution. Successive BDs in a CMOS
inverter and their impact on the frequency drift of a ring oscillator were
also investigated in [24] but again in the context of Weibull distribution.
For the case of a gate-to-channel short, a model consisting in third order
polynomial sources at the drain and source with a third current source in
between drain and source with value proportional to the channel current
was proposed in [25]. In none of the cases, the script used for generating
the oxide BD data was provided.

5. Conclusions

A SPICE approach for simulating the breakdown time of the oxide
layer in MOS and MIM structures was reported. We show how the
clustering model for dielectric breakdown can be implemented using the
inversion method for the cumulative distribution function. The Weibull
distribution is included as a limiting case. Most of the paper is devoted to
abrupt breakdown events, but it has also been shown how the equations
can be adapted to the progressive breakdown case. A simple example
(NMOS inverter with a gate-to-drain hard breakdown) showing how the
proposed approach applies in a circuit environment was also presented.
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Abstract: Modeling in an emerging technology like RRAM devices is one of the pivotal concerns for
its well-development. In the current bibliography, most of the models face difficulties to implement
or simulate unconventional scenarios, particularly when dealing with complex input signals. In ad-
dition, circuit simulators like SPICE require long running times for high resolution results because
of their internal mathematical implementation. In this work, a fast, simple, robust, and versatile
model for RRAM devices built in MATLAB is presented. The proposed model is a recursive and
discretized version of the dynamic memdiode model (DMM) for bipolar-type resistive switching
devices originally implemented in LTspice. The DMM model basically consists in two coupled equa-
tions: one for the current (non-linear current generator) and a second one for the memory state of
the device (time-dependent differential equation). This work presents an easy-to-use tool for re-
searchers to reproduce the experimental behavior of their devices and predicting the outcome from
non-trivial experiments. Three study cases are reported aimed at capturing different phenomenol-
ogies: a frequency effect study, a cycle-to-cycle variability fit, and a stochastic resonance impact
analysis.

Keywords: RRAM, memristor, MATLAB, Stochastic Resonance, Variability

1. Introduction

In recent years, the scientific community in the microelectronics field has expressed
huge interest in RRAM (Resistive Random Access Memory) devices due to their unique
properties such as low power consumption, high scalability, endurance, and CMOS com-
patibility, among others [1]. As the switching material, these devices can be based on metal
oxides like TiO2 or HfOs, chalcogenide glasses, lower dimensional materials like nan-
owires or nanodots as well as other novel materials like metal-oxide frameworks [2-4].
Their application range include logic circuits, neuromorphic systems, cryptology, and in-
formation storage [5-9]. Since RRAM devices are still an emerging technology, device
level characterization and powerful modeling tools are key for enhancing its evolution to
a massive commercialization. Up to the date, a lot of models are implemented in simula-
tors like Spice or Verilog [10]. These simulators are useful for complex architectures in-
volving several devices but also lead to long waiting times for running the simulations
and post-processing the data. In this work, a simple and effective tool is presented for
reproducing the behavior of single RRAM devices in MATLAB, a common and well-
known programming language. The advantages of the tool presented consist in easy im-
plementation (since the script is openly included in the manuscript), straightforward data
analysis, short simulating running times, and versatility in terms of parameters definition
and input possibilities (applying non-trivial signals like noise). In the current literature, a
few works using MATLAB for RRAM modeling are discussed. In [11], different existing
models were studied using MATLAB simulations. In [12], a Kinetic Monte Carlo simula-
tion in MATLARB to estimate and optimize the reliability of RRAM devices was reported.
In [13], the implementation of a memristor-based neural network using MATLAB, Sim-
ulink and LTspice for simulations and analysis was presented. In this work, the presented
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tool consists in a recursive version of the dynamic memdiode model (DMM) for RRAM
devices, which was originally built for LTspice [14]. Its main features and the correspond-
ing script are introduced in Section 2. In Section 3, a study about the effect of the input
signal frequency is shown. Section 4 disserts a method for incorporating cycle-to-cycle
variability in the model. Finally, a stochastic resonance impact study is presented in Sec-
tion 5.

2. Dynamic Memdiode Model

This section introduces the DMM, which is defined by means of mainly two coupled
equations, one for the current conduction and another for the memory state. The DMM is
a compact behavioral model built under the idea that the current flows through a conduc-
tive filament (CF) running across the insulating layer of a metal-insulator-metal/semicon-
ductor structure. The CF is created and destroyed as the consequence of the application
of an external field, and this is the origin of the switching behavior [15-16]. For a bipolar-
type resistive switching device, the DMM reads:

1(V) = Iy(W)sinh {a()[V — (R; + R))1]} 1)

where Iy(2) = (Ion — logg)A + logs is the current amplitude and A the memory state (I
in the model script) which ranges from 0 to 1. @(4) (a in the model script) and R(4) are
defined in the same way as I,. ‘off’ and “on’ terms are linked to the high and low-resistance
states (HRS and LRS), respectively. V is the input voltage and R; is a constant series re-
sistance [14]. After some considerations thoroughly discussed in [17], the discrete recursive
approach for the I-V characteristic reads:

1 aRlI, aRI,
V) = E{W 2 exp(aVi)] - W[ 2 exp(—aV))|} 2)

where W is the Lambert function (lambertw in MATLAB) and V; = V — I - R;. Next, the
evolution of the memory state in the DMM is written as the following balance equation:
dr 1-1 2

dt T TR

©)

(3) is the general equation for a redox process and is a nondimensional differential
equation. Ty are the characteristic switching times for the set and reset transitions, respec-
tively. According to our convention, the set occurs at positive bias and the reset at negative
bias. Again, after some approaches discussed in [17], the recursively expressed and discre-
tized version of (3) reads:

Aeyr = [ — HV)] EXP{ } +HVi) (C]

t
Tis,R
A¢ is the memory state, At the selected timestep and H the Heaviside step function.

Tis(Vie) = exp [-15(Vir — V5)] ©)]

Tir(Vie) = exp [-npA (Vir — Vi)] (6)

where 75 and Vs i (vs and vr in the model script) are the transition rates (ns > 0, 1z <
0, etas and etar in the model script respectively) and reference switching voltages (Vs >
0, Vg < 0). Physically, these dependences are linked to the movement of metal ions or oxy-
gen vacancies. y or gam, in the model script, controls the reset transition rate. The model is
ruled by equations (2) and (4). (5) and (6) are auxiliar functions. The complete script is
reported in Table 1, for the reader possibility to copy and use it for its own purposes. In
the model script, the first section (in black) builds the input signal. The second section (in
green) is dedicated to the model parameters and initial conditions. The third section of the
script (in blue) presents the auxiliar functions required by the model equations. The fourth
section (in red) calculates the current I(t+1) and the memory state I(++1). Finally, (in violet)
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the simulated currents and voltages are stored in the Im and Vm variables and plotted in
the last two lines of the script, in addition the memory state is stored in the Im variable.
The same color pattern is followed in Appendixes A, B and C where the scripts for the case
studies in the following Sections 3, 4 and 5 are presented. In the Appendixes, the violet
fragment includes the data analysis. Figure 1 shows the model results for the script de-
scribed in Table 1, showing the typical memristor current-voltage loop (in black) and the
memory state-voltage loop (in blue), highlighting the high/low-resistance states and the
set/reset processes.

In Figure 2, a study of the impact of modifying different model parameters on the
current-voltage characteristic is presented: a) for vs, b) for vr, c) for aon, d) for aoff, e) for
etas and etar, and f) for gam. This study shows the model sensitivity and is a useful guide
for potential users of the model.

T
Reset process
— -1.00
1E-3 4
0.75 o
g 1E-4 g
= E -0.50 >
[ [¢]
5 IS
a3 L0.25 @
1E-54 =
-------- 10.00
Current
— — Memory State
1E-6 T " i " T
-1 0 1

Voltage (V)

Figure 1. Simulated I-V characteristics obtained with the model script in Table 1. High and low re-
sistance states, and set and reset processes are highlighted. The right Y axis, in blue, represents the
memory state.

Dynamic Memdiode Model in MATLAB
step=5E-3; V1=0:step:1.2; V2=0:-step:-1.2; V=[V1 flip(V1) V2 flip(V2)]; %Voltage input
aoff=2; aon=2; Ri=40; Roff=30; Ron=30; loff=10E-5; lon=3E-3; %Parameter definition
etas=40; etar=-15; gam=0.1; At=1E-3; Vs=0.5; Vr=-0.3; 1(1)=0; I(1)=0;
for t=1:length(V) %Auxiliary functions
Vi=V(t)-Ri*I(t); I0=(Ion-loff)*I(t)+]off; a=(aon-aoff)*I(t)+aoff; R=(Ron-Roff)*I(t)+Roff;
T'sr =exp(-etas*(Vi-Vs))*(V(t)>0)+exp(-etar*l(t)*gam*(Vi-Vr))*(V(t)<=0);
I(t+1)=(1/(a*R))*(lambertw(a*R*10/2) *exp(a*Vi)-lambertw(a*R*10/2*exp(-a*Vi)));% Model equations
1(t+1)=(1(t)-heaviside(Vi))*exp(-At/Tsr)+heaviside(Vi);
Vm(t)=V(t); Im(t)=I(t); Im(t)=1(t); %Saving variables and plotting

end
semilogy(Vm,abs(Im),’black’)
xlabel(‘Voltage (V)'); ylabel(‘Current (A)'); title("Current-Voltage Characteristics’);

Table 1. Script for the recursive dynamic memdiode model implemented in MATLAB. In black, the
applied voltage. In green, the model. In blue, the auxiliar functions. In red, the model equations. In
violet, saving parameters and plotting the I-V curve.
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Figure 2. Effect of modifying different model parameters on the I-V characteristics. a) vs, b) vr, ¢) 113
aon, d) aoff, e) etas and etar, and f) gam. 114
3. First case study: Modeling of frequency and ramp rate effects 115
This section is dedicated to illustrate the model sensibility to variations in the input 116
signal frequency (for sinusoidal signals) or the ramp rate (for voltage ramps). In the liter- 117
ature, it is reported that for high frequencies or ramp rates, both the set and reset voltages 118
of bipolar RS devices increase in absolute value, making a wider butterfly shaped I-V 119
curve. A linear relationship between the logarithm of the ramp rate and the set and reset 120
voltages has been reported [18-19]. For ramped input voltages, the magnitude for express- 121
ing the timing is the ramp rate (RR), which is directly related to the signal frequency. Fig- 122
ure 3 presents the evolution of the conduction characteristic for a typical experiment as 123
reported in [19], using a voltage ramp as the input with different RRs of 50 V/s (red), 500 124
V/s (orange), 5000 V/s (light green) and 50000 V/s (dark green). On the one hand, in Figure 125
3a, the study is focused on the set evolution when the reset ramp rate is kept fixed. On the 126
other hand, Figure 3b focuses on the reset evolution when the ramp rate for the set event 127
is kept unaltered. Figure 3c shows the evolution of the set and reset voltages as a function 128
of the ramp rate for these cases. Notice that the experimental curves are affected by a series 129
transistor (current limitation during set). Further details about the devices and the 130
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measurement setup can be found in [19]. Simulations are reported in Figure 4 and they do 131
not include the transistor effect. Here, the focus is on the frequency phenomenology. The 132
dependence of the set and reset voltages as a function of the ramp rate is shown in Figure 133
4a, including I-V curves using as the input signal a voltage ramp with identical ramp rates 134
and colors used in Figure 3a. In Figure 4b, the dependence of the set and reset voltages as 135
a function of the signal frequency is illustrated, including I-V curves using as the input 136
signal a sinusoidal voltage with frequencies of 1 Hz (red), 10 Hz (orange), 100 Hz (light 137
green), and 1000 Hz (dark green). The insets in Figure 4a and 4b show the set and reset 138
voltage evolution as a function of the logarithm of the ramp rate (4a) or the logarithm of 139
the frequency (4b). A linear dependence is found in both cases. The required modifications 140
in the model script to achieve these results can be found in Appendix A. Notice that some 141
parts are omitted, identified with %Ramp Rate, or %Frequency at the end of the line, since 142
in one script the two kind of evaluations (RR or frequency) can be performed. The Appen- 143
dix A corresponds to the frequency study. For the RR study, delete the lines ending with 144
%Frequency and activate the lines ending with %Ramp Rate. The model parameters RRand 145
At (At in the model script), included in Appendix A, are modified accordingly to set the 146

desired input signal ramp rate or frequency. 147
a) b) 200 q
RR reset
100 RRreset=50V/s —— 510Vis O Reeetnce /"
100 — 510 Vis /-f’_—w
~ 50 = 16 065 .
Z é 5. 10‘ Vis Ji _
£ £ —— 510" V/s* 4 <
= o RRset | = O 2 0,60 = 4
g —— 510V/s é g /
E 50! 510°Vis kS
= =
i} s10'vs| O 10 > oss ./
-100 1 —+— 5.10°V/s RR set =50 V/s /’
200 LM . . . 0.50 o
40 05 00 05 10 40 05 00 05 10 TR TR
Voltage (V) Voltage (V) Ln(RR) (V/s)

Figure 3. Experimental ramp rate study impact study in [19]. In a) and b) I-V curves for studying 149
the set and reset voltage evolution with the RR respectively. ¢) Shows the linear evolution of setand 150

reset voltages against the logarithm of RR. Data from [19]. 151
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Figure 4. Simulated impact of the ramp rate (a) and frequency (b) on the set and reset voltages: a) I- 153
V curves using as input signal a voltage ramp with a ramp rate of 50 V/s (red), 500 V/s (orange), 154
5000 V/s (light green) and 50000 V/s (dark green). b) I-V curves using as input signal a sinusoidal 155
voltage with a frequency of 1 Hz (red), 10 Hz (orange) and 100 Hz (light green) and 1000 Hz (dark 156
green). The insets show the linear dependence of the set (red) and reset (black) voltage with the 157
logarithm of the ramp rate (a) or the frequency (b). 158

4. Second case study: Modeling cycle-to-cycle variability 159

In RRAM devices, the most significant challenge relates to its inherent C2C variabil- 160
ity linked to atomic scale changes in the CF across the dielectric layer [20-21]. The inclusion 161
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of C2C variability is of utmost importance for any comprehensive model intended to re-
produce the real device behavior. In the literature, different approaches for including var-
iability in compact modeling can be found [22-24]. This section reproduces the experi-
mental results reported in [25], where uncorrelated C2C variability is included in a previ-
ous version of the memdiode model. The experimental data comes from 450 cycles of I-V
curves measured in HfOz-based memristors. Additional information about the electrical
characterization and fabrication process of the devices can be found in [26]. Before the
incorporation of the C2C variability in the model, a study of the experimental features of
the I-V curves involving the fitdistrplus package for the R language was carried out [27].
The best distributions for each model parameter were found and incorporated into the
model parameters definition. Appendix B presents the MATLAB model script used for
the simulations discussed in this Section. Here two different examples of parameters in-
cluding variability are reported:

Maoff = 2.1; Saof f = 0.13; aof f = Maoff + Saof f * randn; 7)
Mloff = 3.7E = 5; Iof fLN = log(MIof f); Sloff = 0.06;

Ioff = exp(lof fLN + Slof f * randn);

®

In (7) and (8) (see Appendix B), two cases are presented, one following a normal dis-
tribution (7) and one following a lognormal distribution (8). The variables defined in (7):
Maoff, and Saoff (which represent the mean and standard deviation respectively) are used
to define the normally distributed aoff parameter. For a lognormally distributed parame-
ter, like in (8), the same Mioff, and Sioff are defined, but two extra steps are required: IoffLN,
which is the logarithm of Mioff and the application of an exponential function in order to
generate the lognormal distribution of Ioff. The randn function is used for generating a
different random number in every cycle. Notice that not all the model parameters include
variability and some of them are constant for the sake of simplicity.

a) 0.01 . . . . : 5 b) 0.01 . . . . . .
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Figure 5. Comparison of the 450 I-V cycles. a) From the experimental devices in [25] (in blue) and
b), from the simulations (in red) including C2C variability. In both figures, the median curve is
shown in black. Experimental data from [25].

In Figure 5, the experimental data reported in [25] in blue (5a), and the simulations
obtained using the recursive DMM model in MATLAB, in red (5b), are compared. The
good agreement between experimental and simulated results indicates the ability of the
model to reproduce variability in the I-V loops. In addition, Figures 6a, 6b, 6¢c and 6d pre-
sent the histograms for the HRS current, LRS current, set voltage, and reset voltage, re-
spectively, both for experiments and simulations. All the histograms are well reproduced
except the LRS current case, in which the experimental data exhibits a double peak likely
caused by different atomic configurations of the CF. In [25], several trials were performed
until finding the optimum combination of model parameters for achieving the observed
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variability. This process is time consuming when performed in LTspice since the obtained 197
results must be analyzed somewhere else. Now, the parameters, model equations and 198
data analysis are carried out with the same MATLAB script largely reducing the spent 199

time, thus easing the possibility of finding better fitting results. 200
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Figure 6. Histogram comparison of a) HRS current, b) LRS current, c) set voltage and d) reset voltage =~ 202
for experimental curves (in blue) and simulations (in red). Experimental data from [25]. 203

5. Third case Study: Modeling the stochastic resonance impact on RRAM devices 204

Very often in electronics, noise is considered an undesired factor that needs to be 205
eliminated. However, for certain non-linear systems, noise can play a beneficial role in 206
terms of device performance [28]. This phenomenon is referred to as stochastic resonance 207
(SR), and is present in a plethora of research fields like biology, physics, engineering and 208
many more [29-30]. Since RRAM devices are non-linear components, some works in the 209
recent literature have studied the inclusion of external noise as a beneficial aspect for their 210
performance [31-35]. In this section, noise is added to the applied voltage ramp. Again, 211
the randn function in MATLAB is used to generate a normally distributed input voltage 212
signal. The model script used for this study is presented in Appendix C, where the main 213
difference with the basic model script shown in Table 1 is the following line: 214

ampn = ((g — 1) * 40) * 1E — 3; V(t) = V(t) + ampn * randn; )

In (9) ampn controls the noise standard deviation (0) added to the input signal Vby 215
means of the randn MATLAB function, g is a variable controlling the noise o (every 200 216
cycles it increases 40 mV). The simulation process follows the experimental method re- 217
ported in [36], consisting in 200 I-V cycles adding different noise values to the applied 218
voltage ramps. This is carried out with the aim of capturing the real device phenomenol- 219
ogy under noisy signals. Appendix C presents the script for the simulations described in 220
this Section. Figure 7a shows the simulation results without added noise. The figure of 221
merit that is analyzed here to determine the noise impact on RRAM devices is the separa- 222
tion between HRS and LRS, in particular the resistance ratio extracted at a fixed voltage 223
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(V = —0.3V) as illustrated in Figure 7a. Figures 7b and 7c show the time evolution of the 224
applied voltage and the simulated current, respectively, for a single simulated cycle using 225
anoise amplitude 0=200 mV. The resistance ratio evolution as a function of o is illustrated 226
in Figure 8. The experimental results extracted from [36] are shown in Figure 8a and rep- 227
resent the mean resistance ratio of 200 I-V cycles for different o values. The mean re- 228
sistance ratio of 200 simulated I-V cycles against noise o is presented in Figure 8b, where 229
an evident maximum is found for 0=240 mV. Even though the experimental and simulated 230
curves noticeably differ (a deep investigation about all the model parameter values is re- 231
quired), the model results qualitatively capture the device behavior when an external 232
noise source is added to the input signal. The experimental-simulated coherence in this 233
case study could be enhanced by modifying the model equations to consider the impact 234

of external noise. 235
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Figure 7. a) Simulated I-V curves using the DMM implemented in MATLAB without noise addition. 237
b) and c) time evolution of applied voltage and simulated current respectively, of one simulated 238

cycle using a noise sigma of 200 mV. 239
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Figure 8. Mean resistance ratio evolution versus the applied noise standard deviation in simulations 241
using the DMM in MATLAB. a) Experimental data of 200 cycles each noise sigma in [36] and b) 242
simulated data from 200 cycles each noise sigma. 243

6. Conclusions 244

In this work a versatile and useful tool for modeling RRAM devices is presented. The = 245
model is a recursive version of the dynamic memdiode model (DMM) implemented in 246
MATLAB software. This work includes the model script for the easiness and freely usage 247
of the reader. This model has proven to be frequency sensitive, to reproduce the cycle-to- 248
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Appendix A

Appendix B

cycle variability of experimental devices, and to predict the impact of an external noise
source in RRAM devices, where the resistance ratio against the noise amplitude follows
the typical stochastic resonance curve. Comparing with the DMM version implemented
in LTspice, the time needed to modify parameters, simulate and analyze the results is
largely reduced. Because of these reasons, this tool could be of interest for researchers
working in the RRAM field at device level.
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Frequency Effect - DMM in MATLAB

ncyc=4;

for n=1:ncyc

V=1.2* sin(linspace(0, 2*pi, 10000));%Frequency

% step=0.005; V1=0:step:1.2; V2=0:-step:-1.2; V=[V1 flip(V1) V2 flip(V2)];%Ramp Rate

aoff=2; aon=2; Ri=3; Roff=30; Ron=10; Ioff=10E-5; Ion=150E-3;
etas=40; etar=-40; gam=0; Vs=0.35; Vr=-0.35; 1(1)=0; 1(1)=0;
RR(n)=1; At(n)=1/(10"n); f(n)=1/At(n);%Frequency

% At(n)=1; RR(n)=5*10"(n); %Ramp Rate

for t=1:length(V)

Vi=V(t)-(Ri)*I(t); I0=(Ion-Ioff)*1(t)+loff; a=(aon-aoff)*](t)+aoff; R=(Ron-Roff)*1(t)+Roff;
Tsr=exp(-etas*(Vi-(Vs+log(RR(n))/etas)))*(V(t)>0)+exp(-etar*](t)"gam*(Vi-
(Vr+log(RR(n))/etar)))*(V(t)<=0);
I(t+1)=(1/(a*R))*(lambertw((a*R*10)/2).*exp(a*Vi)-lambertw((a*R*10)/2).*exp(-a*V1i));
1(t+1)=(1(t)-heaviside(Vi))*exp(-(At(n)/Tsr))+heaviside(Vi);

Vm(t,n)=V(t); Im(t,n)=I(t);Im(t,n)=1(t);

end

pos=find(Im(:,n) >=0.5);

reset(n)=Vm(pos(end),n);

set(n)=Vm(pos(1));

end

subplot(2, 1, 1); plot(Vm,(Im)); title('I-V - Frequency effect');%Frequency

subplot(2, 1, 2); plot(log(f),set,log(f),abs(reset)); title('Log F VS IS/R Voltagel'); %Frequency
% subplot(2, 1, 1); plot(Vm,(Im)); title('I-V - Ramp Rate effect'); %Ramp Rate

% subplot(2, 1, 2); plot(log(RR),set, log(RR),abs(reset)); title('Log RR VS |S/R Voltagel'); %Ramp Rate

Appendix A. Script used for obtaining the simulations in Section 3, where a frequency effect study
was performed in the recursive dynamic memdiode model implemented in MATLAB.

Cycle-to-Cycle Variability - DMM in MATLAB

ncyc=450;
for n=1:ncyc
step=0.005; V1=0:step:1.5; V2=0:-step:-1.5; V=[V1 flip(V1) V2 flip(V2)];%for applied voltage
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Maoff=2.1; Saoff=0.13; aoff=Maoff+Saoff*randn;%M=mean S=standard deviation
Maon=1.25; Saon=0.06; aon=Maon+Saon*randn;
MIoff=3.7E-5;IoffLN=log(MlIoff);Sloff=0.6; loff=exp(IoffLN+Sloff*randn);%lognormal
Mlon=2.4E-3; ITonLN=log(MIon);SIon=0.12; Ion=exp(IonLN+Slon*randn);
MVs=0.38;VsLN=log(MVs);SVs=0.12; Vs=exp(VsLN+SVs*randn);%lognormal
MVr=-0.86; SVr=0.035; Vr=MVr+SVr*randn;

Metas=32; Setas=3.1; etas=Metas+Setas*randn;

etar=-27; Ri=60; gam=0; At=1E-3; Roff=50; Ron=20; IC=5E-3; 1(1)=0; 1(1)=0;

for t=1:length(V)

Vi=V(t)-(Ri)*I(t); 10=(Ion-Ioff)*1(t)+Ioff; a=(aon-aoff)*1(t)+aoff; R=(Ron-Roff)*1(t)+Roff;
Tsr=exp(-etas*(Vi-Vs))*(V(t)>0)+exp(-etar*I(t)*gam*(Vi-Vr))*(V(t)<=0);

if I(t)>IC

I(t)=IC; % Compliance current

end

I(t+1)=(1/(a*R))*(lambertw(a*R*10/2)*exp(a*Vi)-lambertw (a*R*10/2*exp(-a*Vi)));
1(t+1)=(1(t)-heaviside(Vi))*exp(-At/Tsr)+heaviside(Vi);

Vm(t,n)=V(t); Im(t,n)=I(t);Im(t,n)=I(t);

end

pos=find(Im(;,n) >=0.5);

posI=find(Vm(:,n)>=0.2);

ihrs(n)=Im(posl(1),n);

reset(n)=Vm(pos(end),n);

end

subplot(2, 1, 1); semilogy(Vm,abs(Im),'r'); title('I-V + C2C Variability');
subplot(2, 2, 3); hist(ihrs,15) ; title('Histogram Ihrs');

subplot(2, 2, 4); hist(reset,15) ; title('Histogram VReset');

Appendix B. Script used for obtaining the simulations in Section 4, where a C2C variability study

was performed in the recursive dynamic memdiode model implemented in MATLAB.

Stochastic Resonance - DMM in MATLAB

for g=1:9 %g iterates the noise sigma

ncyc=200;

for n=1:ncyc

step=0.005; V1=0:step:1.2; V2=0:-step:-1.2; V=[V1 flip(V1) V2 flip(V2)];%applied voltage
aoff=1.9;aon=1.3;Roff=30; Ron=50;loff=19E-5;Ion=6.5E-3; %Parameters
Vs=0.55;Vr=-0.45; etas=4; etar=-9; Ri=0; gam=0; L0=0; At=1E-3;1(1)=0; I(1)=0;

for t=1:length(V)%calculating current

ampn=((g-1)*40)*1E-3; V(t)=V(t)+ampn*randn;%noise inclusion

Vi=V(t)-(Ri)*I(t); 10=(Ton-Ioff)*1(t)+off; a=(aon-aoff)*I(t)+aoff; R=(Ron-Roff)*I(t)+Roff;
Tsr=exp(-etas*(Vi-Vs))*(V(t)>0)+exp(-etar*I(t)"gam*(Vi-Vr))*(V(t)<=0);
I(t+1)=(1/(a*R))*(lambertw(a*R*10/2)*exp(a*Vi)-lambertw(a*R*I0/2*exp(-a*Vi)));
1(t+1)=(I(t)-heaviside(Vi))*exp(-At/Tsr)+heaviside(Vi);

Im(t,n,g)=I(t); Vm(t,n,g)=V(t); %Saving I and V variables

end

nn=1; pos=find(Vm(:,1,1)>=0.3);%Data analysis
Rl=mean((Im(pos(end)-nn:pos(end)+nn,:,g))); Rh=mean((Im(pos(1)-nn:pos(1)+nn,:,g)));
rat=(R1./Rh); RRatio(g,1)=mean(rat);

end

end

subplot(2,1,1); semilogy(Vm(:,:,1),abs(Im(:,;,1)), 'r'); title('I-V without noise');
subplot(2,1,2); plot(RRatio); title('RRatio VS Noise sigma');

Appendix C. Script used for obtaining the simulations in Section 5, where a stochastic resonance
impact study was performed in the recursive dynamic memdiode model implemented in MATLAB.

297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322

323

324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344

345



J. Low Power Electron. Appl. 2024, 14, x FOR PEER REVIEW 110f12

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Im, I. H.; Kim, S. J.; Jang, H. W. Memristive Devices for New Computing Paradigms. Advanced Intelligent Systems. 2020, 2(11),
2000105. doi: 10.1002/aisy.202000105.

Nagashima, K.; Yanagida, T.; Oka, K.; Taniguchi, M.; Kawai, T.; Kim, J.; Park, B.H. Resistive Switching Multistate Nonvolatile
Memory Effects in a Single Cobalt Oxide Nanowire. Nano Letters. 2010, 10, 1359-1363. doi: 10.1021/n19042906.

Ishibea, T.; Maeda, Y.; Terada, T.; Naruse, N.;Mera, Y.; Kobayashi, E.; Nakamura, Y. Resistive switching memory performance
in oxide hetero-nanocrystals with well-controlled interfaces. Science and Technology of Advanced Materials, 2020, 21, 195-204.
doi: 0.1080/14686996.2020.1736948.

Shu, F.; Chen, X; Yu, Z.; Gao, P.; Liu, G. Metal-Organic Frameworks-Based Memristors: Materials, Devices, and Applications.
Molecules 2022, 27, 8888. doi: 10.3390/molecules27248888.

Lee, S.H.; Zhu, X;; Lu, W. D. Nanoscale resistive switching devices for memory and computing applications. Nano Research.
2020, 13, 1228-1243. doi: s12274-020-2616-0.

Ielmini, D.; Wong, S. H. P. In-memory computing with resistive switching devices. Nature Electronics. 2018, 1, 333-343. doi:
541928-018-0092-2.

Pedretti, G.; Milo, V.; Ambrogio, S.; Carboni, R.; Bianchi, S.; Calderoni, A.; Ramaswamy, N.; Spinelli, A. S.; Ielmini, D. Stochastic
learning in neuromorphic hardware via spike timing dependent plasticity with RRAM synapses. IEEE Journal on Emerging
and Selected Topics in Circuits and Systems. 2018, 8, 77-85. doi: 10.1109/JETCAS.2017.2773124.

Li, C.; Hu, M.; Li; et al. Analogue signal and image processing with large memristor crossbars. Nature Electronics. 2018, 7, 52—
59. doi: 10.1038/s41928-017-0002-z.

Aziza, H.; Postel-Pellerin, J.; Bazzi, H.; Canet, P.; Moreau, M.; Della Marca, V.; Harb, A. True Random Number Generator Inte-
gration in a Resistive RAM Memory Array Using Input Current Limitation. IEEE Transactions on Nanotechnology. 2020, 19,
214-222. doi: 10.1109/TNANO.2020.2976735.

Ielmini, D.; Milo, V. Physics-based modeling approaches of resistive switching devices for memory and in-memory computing
applications. J. Comput. Electron. 2017, 16, 1121-1143. doi: 10.1007/510825-017-1101-9.

Elgabra, H.; Farhat, I. A. H.; Hosani, A. S. A.; Homouz, D.; Mohammad, B. Mathematical modeling of a memristor device. 2012
International Conference on Innovations in Information Technology (IIT). Abu Dhabi, United Arab Emirates, 2012, 156-161, doi:
10.1109/INNOVATIONS.2012.6207722.

Huang, L.; Mosleh, A. A Physics of Failure, Kinetic Simulation Model for Reliability of RRAM. 2023 Annual Reliability and
Maintainability Symposium (RAMS). Orlando, FL, USA, 2023, 1-6, doi: 10.1109/RAMS51473.2023.10088177.

Mladenov, V.; Kirilov, S. A Memristor Neural Network Based on Simple Logarithmic-Sigmoidal Transfer Function with MOS
Transistors. Electronics. 2024, 13, 893. https://doi.org/10.3390/electronics13050893

Aguirre, F. L.; Sufié, J.; Miranda, E. SPICE Implementation of the Dynamic Memdiode Model for Bipolar Resistive Switching
Devices. Micromachines. 2022, 13, 330. doi: 10.3390/mi13020330.

Karpov, V.; Niraula, D.; Karpov, I. Thermodynamic analysis of conductive filaments. Appl. Phys. Lett. 2016, 109, 1-5. doi:
10.1063/1.4962136.

Wouters, D.J.; Menzel, S.; Rupp, J.A.J.; Hennen, T.; Waser, R. On the universality of the I-V switching characteristics in non-
volatile and volatile resistive switching oxides. Faraday Discuss. 2019, 213, 183-196 doi: 10.1039/C8FD00116B.

Miranda E.; et al. Simulation of Bipolar-Type Resistive Switching Devices Using a Recursive Approach to the Dynamic Memdi-
ode Model. IEEE Electron Device Letters. 2023, 44(9),1551-1554. doi: 10.1109/LED.2023.3298023

Ostrovskii, V.; Fedoseev, P.; Bobrova, Y.; Butusov, D. Structural and parametric identification of Knowm memristors. Nano-
materials. 2022, 12, 63. doi: 10.3390/nano12010063.

Rodriguez-Fernandez, A.; Cagli, C.; Perniola, L.; Suiié, J.; Miranda, E. Effect of the voltage ramp rate on the set and reset voltages
of ReRAM devices. Mic. Eng. 2017, 178, 61-65. doi: 10.1016/j.mee.2017.04.039.

Chen, A,; Lin, M. R. Variability of resistive switching memories and its impact on crossbar array performance. IEEE IRPS. 2011,
843-846. doi: 10.1109/IRPS.2011.5784590.

Piccolboni, G.; et al. Investigation of Cycle-to-Cycle Variability in HfO2-Based OxRAM. IEEE Electron Device Lett. 2016, 37,
721-723. doi: 10.1109/LED.2016.2553370.

Garcia-Redondo, F.; Lopez-Vallejo, M.; Barrio, C. L. Advanced integration of variability and degradation in RRAM SPICE com-
pact models. 2017 14 International Conference on Synthesis, Modeling, Analysis and Simulation Methods and Applications to
Circuit Design (SMACD). 2017.

Roldan, J. B.; et al. Variability in resistive memories. Advanced Intelligent Systems. 2023, 5, 2200338. doi: 10.1002/aisy.202200338.
Reuben, J.; Biglari, M.; Fey, D. Incorporating Variability of Resistive RAM in Circuit Simulations Using the Stanford-PKU
Model. IEEE Transactions on Nanotechnology. 2020, 19, 508-518. doi: 10.1109/TNANO.2020.3004666.

Salvador, E.; Gonzalez, M. B.; Campabadal, F.; Martin-Martinez, J.; Rodriguez, R.; Miranda, E. Assessment of the variability of
the I-V characteristic of HfO2-based resistive switching devices and its simulation using the quasi-static memdiode model. Solid
State Electronics. 2023, 206, 108667. doi: 10.1016/j.sse.2023.108667

Poblador, S.; Gonzalez, M. B.; Campabadal, F. Investigation of the multilevel capability of TiN/Ti/HfO2/W resistive switching
devices by sweep and pulse programming. Microelectron. Eng. 2018, 187-188, 148-153. doi: 10.1016/j.mee.2017.11.007.

346

347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403



J. Low Power Electron. Appl. 2024, 14, x FOR PEER REVIEW 12 0f12

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Delignette-Muller, M. L.; Dutang, C. fitdistrplus: An R Package for Fitting Distributions. Journal of Statistical Software. 2015,
64(4), 1-34. doi: 10.18637/jss.v064.i04.

Benzi, R.; Sutera, A.; Vulpiani, A. The mechanism of stochastic resonance. Journal of Physics A: Mathematical and General.
1981, 14(11), L453. doi: 10.1088/0305-4470/14/11/006.

Wiesenfeld, K.; Moss, F. Stochastic resonance and the benefits of noise: from ice ages to crayfish and SQUIDs. Nature, 1995, 373,
33-36. doi: 10.1038/373033a0

Harmer, G.P.; Davis, B. R.; Abbot, D. A review of stochastic resonance: circuits and measurement IEEE Transactions on Instru-
mentation and Measurements. 2002, 31(2), 299-309. doi: 10.1109/19.997828.

Kasai, S. Stochastic resonance and related phenomena in nonlinear electron nanodevices. IEEE International Nanoelectronics
Conference (INEC). 2014.

Scotland, A.; Di Ventra, M. Stochastic memory: Memory enhancement due to noise. Physical Review E. 2012, 85, 011116. doi:
10.1103/PhysRevE.85.011116.

Patterson, G. A.; Fierens, P. I; Grosz, D. F. On the beneficial role of noise in resistive switching. Appl. Phys. Lett. 2013, 103,
074102. doi: 10.48550/arXiv.1307.0143

Roldén, J.B.; Cantudo, A.; Torres, J. J.; Maldonado, D.; Shen, Y.; Zhen, W.; Yuan, Y.; Lanza, M. Stochastic resonance in 2D mate-
rials based memristors. npj 2D Materials and Applications. 2024, 8, 7. doi: 10.1038/s41699-024-00444-1.

Mikhaylov, A.N.; Guseinov, D.V.; Belov, A.I; Korolev, D.S.; Shishmakova, V.A.; Koryazhkina, M.N; Filatov, D.O., Gorshkov,
O.N.; Maldonado, D.; Alonso, F.J.; Roldan, ].B.; Krichigin, A.V.; Agudov, N. V.; Dubkov, A.A.; Carollo, A.; Spagnolo, B. Sto-
chastic resonance in a metal-oxide memristive device. Chaos, Solitons & Fractals. 2021, 144, 110723. doi:
10.1016/j.chaos.2021.110723

Rodriguez, R.; Martin-Martinez, J.; Salvador, E.; Crespo-Yepes, A.; Miranda, E.; Nafria, M.; Rubio, A.; Ntinas, V.; Sirakoulis, G.
Ch. Beneficial Role of Noise in Hf-based Memristors. 2022 IEEE International Symposium on Circuits and Systems (ISCAS).
2022.

404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426



Article EDL24

Noise-induced homeostasis in memristor-based
neuromorphic systems

E. Salvador, R. Rodriguez, E. Miranda,
J. Martin-Martinez, A. Rubio, A. Crespo-Yepes, V. Ntinas,
G. Ch. Sirakoulis, M. Nafria

190
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Abstract—In this work, it is experimentally demonstrated that
noise can be used to emulate the biological homeostatic neuron
property in memristor-based neuromorphic systems. The addition
of an external noise to the bias allows regulating the memristor
performance when used as an artificial neuron, controlling the
firing process through the modulation of the memristor threshold
voltages. Experimental results have been correctly addressed
using the Dynamic Memdiode Model (DMM) for memristors in
the framework of SPICE simulation.

Index Terms—Memristor, RRAM, resistive switching, stochastic
resonance, homeostasis, spike neural networks, SPICE.

|. INTRODUCTION

OST Von-Neuman computing architectures, such as

neuromorphic systems, have attracted the attention of the
scientific community in the last years because of their enormous
possibilities in several application fields [1,2]. Neuromorphic
systems try to emulate the brain performance, forming the
computation and memory units a single operational structure.
The development of hardware implementations of these new
architectures using emerging devices such as memristors offers
beneficial features in terms of energy consumption and
computational efficiency. In case of biological neurons, they
receive, process and transfer information through the gap in
between them called synapse. Since memristors are nonvolatile
memory devices exhibiting nonlinearity, good scalability and
programming capabilities, they are considered excellent
candidates for the implementation of both artificial neurons and
synapses in neuromorphic circuits [2, 3].
In Spike Neural Networks (SNN), excitatory and inhibitory
neuron operations are fundamental processes of synaptic
activities, and they mutually coordinate each other. However,
neuron operation can lead to excessive excitatory or inhibitory
processes [4], causing some neurons to continuously fire spikes
(having a dominant role in the training process), while others
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cannot learn because of the low firing frequency [5]. However,
biological neurons present a configurable performance capable
of adapting to changing conditions maintaining the neural
system homeostasis [6]. The homeostatic mechanism is
necessary to balance neuron activities and reach more stable
neural performances, resilient to different types of unstable
neuron behavior [7, 8]. Then, the inclusion of homeostasis in
artificial neural networks becomes mandatory for regulating the
activity of neurons [9] and optimize learning [10].

Some previous works in the literature consider the homeostasis
in memristor-based neuromorphic systems. In [5], the training
of a SNN is enhanced through the flexible adjustment of the
synaptic weight update frequency based on homeostasis. In
[11], a memristive neural network circuit that can implement
memory with emotional homeostasis is designed. In [12,13]
homeostasis also plays a relevant role to avoid device variations
in SNNs. Most of these proposals include homeostasis through
software implementation. In a more realistic scenario, it would
be convenient to include the homeostatic property in the
memristor performance for self-adjusting the neuron activities
and enhance the neuron ability of self-stabilizing.

Because of the non-linear properties of memristors, their
performance can be improved through the exploitation of the
so-called stochastic resonance (SR) phenomenon, which is the
beneficial use of an external noise, in this case, to enhance
memristor functionality (a detailed description of SR can be
found in [14]). Some previous works have observed the
increase of the memristor resistance ratio (Rore/Ron) [15] and
the improvement of the spike-time-dependent plasticity (STDP)
learning protocol [16] through the addition of an external noise.
In this work, we demonstrate that, by adding external noise to
the device bias, the homeostasis property can be implemented
in memristor-based SNNs. The impact of noise on the
regulation of the spiking neuron operation, through the
modulation of the memristor threshold voltages (set and reset
voltages), is described. Experimental results were reproduced
using the LTspice simulator and the dynamic memdiode model
(DMM), which has demonstrated high versatility for different
materials and input signals [17-20].

I1. DEVICES AND MEASUREMENT METHODOLOGY

The devices used in this work were Ni/insulator/Si-n* metal-
insulator-semiconductor (MIS) square structures with a 15x15
um? active area. These devices were fabricated on highly doped
N-type (100) silicon wafers. The insulator layer was deposited
via Atomic Layer Deposition (ALD) at 225 °C using as
precursors trimethylaluminum and H2O for Al;O3, and tetrakis



(dimethylamido)-hafnium and H.O for HfO.. N> was used as
carrier and purge gas. The Ni top electrode was deposited by
magnetron sputtering and patterned by lift-off. The dielectric film
of the characterized devices consisted of a stack of HfO, and
Al>03: 4 nm HfO; — 4 nm Al,03 — 4 nm HfO, — 4 nm Al,O3 - 4
nm HfO,, resulting in a 20 nm-thick dielectric layer. The device
structure is presented in Fig. 1a. Further details regarding the
fabrication process and device characterization can be found in
[21]. Fig. 1b illustrates the unipolar non-volatile memristor
behavior operating at negative voltages, showing the memristor
high resistance state (HRS) and low resistance state (LRS).
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Fig. 1. a) Schematics of the unipolar memristors used in this work and b)
typical I-V characteristics after the electroforming of the conductive path.
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The Semiconductor Parameter Analyzer (SPA) Agilent 4156C
was used to carry out the electrical measurements. The
experiments were programmed, launched and analyzed in
MATLAB software. To trigger the electroforming process, a
negative voltage sweep was applied, limiting the current to 1
HA to avoid the irreversible breakdown of the device. This
electroforming occurs at around -11 V. In the experiments
described in section Ill, after forming, 100 cycles of
consecutive reset (switching from LRS to HRS) and set (from
HRS to LRS) events are applied, through voltage ramps starting
at 0V and ending when certain conditions are fulfilled. For the
reset process, the ramp voltage is halted (reset voltage) when a
current decrease of at least one order of magnitude is detected,
with a 50mA compliance limit fixed. The set voltage was
defined as the voltage at which the memristor current has
increased until 50 pA. An external Gaussian noise was added
point-by-point to the bias voltage; several noise standard
deviations (o) were considered, ranging from 0 mV to 150 mV.
The set and reset voltages and their standard deviations have
been registered and analyzed. In section 1V, after forming,
staired constant voltages (i.e., a sequence of constant voltages
of a certain duration, whose value was increased in steps in a
given voltage range) were applied on different samples. The set
transition modulation was studied by computing the time
needed to switch the device. The experiments detailed in this
work were repeated in other devices from the same wafer to
ensure consistency and reproducibility of outcomes.
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Fig. 3. I-V curves from the 100 set-reset memristor cycles for set (in red, left
column) and reset processes (in blue, right column) for three cases: no noise (a
and b), noise addition with 6=60mV (c and d) and 6=150 mV (e and f).

111. NOISE IMPACT IN THE SET AND RESET TRANSITIONS

In this section, the impact of an external noise in the set and
reset voltages of a memristive device is evaluated. The mean set
and reset voltages obtained for different noise amplitudes o are
shown in Figs. 2a and 2b, respectively; the standard deviation
of these voltages is presented in Fig. 2c. The typical SR curve
is observed, with a decrease (in absolute value) of the threshold
voltages and a decrease of their o, in a range of noise ¢ around
60 mV. The complete picture demonstrates that the threshold
voltages of the memristor can be tuned through the action of an
external noise source. Fig. 3 presents the set (in red, Fig. 3 a, ¢
and e) and reset processes (in blue, in Fig. 3b, d and f) for three
distinct situations: Figures 3a and 3b for the experiments
without noise, Figures 3c and 3d for experiments with 6,55 =
60 mV, and Figures 3e and 3f for experiments with o,,,;5, =
150 mV. It is clear that for g, = 60 mV both set and reset
transitions occur at lower voltage values than those
corresponding to the absence of noise and with 6,5 =
150 mV. In addition, the transitions for o,,;;c = 60 mV are
less spread, meaning that the set and reset events are modulated
to lower and less variable voltage values.

IV. NOISE IMPACT ON MEMRISTOR SPIKE TIME

In this section, noise-induced homeostasis in memristors is
studied by observing the effect of noise on the spike time of a
single memristor operating as a neuron. We focus on the
simplest memristor neuron, where the spike time is defined as
the time to trigger a memristor set event. The results can be
extrapolated to other memristor neuron implementations as for
example, the integer-and-fire memristor neuron [7]. On the one
hand, if noise reduces the time required for a set event (spike),
the system exhibits increased excitability, termed potentiation



regime. On the other hand, when noise prolongs set event times,
the system experiences decreased excitability, known as
depression regime. Considering the memristor in HRS, the
memristor spike time is defined in more detail as the cumulative
time needed to produce a set event when a staired constant
voltage is applied (Fig. 4a). The staired voltage started at -1.2
V adding -100 mV every 1.5 seconds; the sweep is stopped once
the set event occurs (i.e., when the current abruptly increases
and reaches 50 pA). To ensure the memristor was at the HRS,
the reset process was induced with voltage ramps as those
described in section I11. The staired constant voltage is applied
to accelerate the set transition and to ensure that the device
switches to the LRS in an acceptable time window. The voltage
increase is slower than when a voltage ramp (as those in section
111) is applied, so that, as observed in other works [16], for this
new biasing, the beneficial role of noise is observed for
different noise o. This procedure (reset with a voltage ramp and
set with a staired constant voltage) was repeated 100 times (i.e.,
cycles) with different a,,,;5, values in the same device.
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Fig. 4. a) Time evolution of the staired constant voltage. b) Stochastic resonance
curve in the set event time against the noise o. Schematic of homeostatic
regulation possibilities for different equilibrium situations.

In Fig. 4b, we observe a stochastic resonance curve depicting
the evolution of mean set time versus g,,;s.. Different points
are highlighted. Assuming brain as a noisy system, B point can
be interpreted as an equilibrium point. When o6y, iS
increased, shorter set times are obtained leading to a
potentiation regime, meanwhile a decrease in o,5. results in
a depression regime. The dynamics are reversed if D is
interpreted as the equilibrium point. The impact of noise on the
memristor spike time has been analyzed in detail for three
different noise o: 160mV, 200 mV and 240 mV (points A, B,
and C respectively in Fig. 4b). Fig. 5a shows the experimental
memristor current as a function of time for g,,5;5e = 160 mV’
(red curves) and o,,,;5e = 200 mV (black curves). The abrupt
increase in current means the occurrence of the memristor
spike. A depression regime is observed, being the spike time
increased by reducing ;... Oppositely, Fig 5.b shows the
memristor current as a function of time for the experiments
With gppi5e = 200 mV  (black curves) and with o6, =
240 mV (blue curves). Now, a potentiation regime emerges,
demonstrating reduced spike time with increased noise a. Thus,
modifying the o,,,:5., memristor spike times are modulated,

thereby regulating the neuron

homeostasis.
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Fig. 5. a) Experimental current versus time evolution during a staired constant
voltage for g,,;5. = 160 mV (black curves) and 6,5, = 200 mV (red curves).
b) for g,5i5¢ = 200 mV (black curves) and o,,,;5c = 240 mV (blue curves).
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The previous experimental results were compared with LTspice
simulations carried out with the DMM memristor model. The
DMM relies on two key equations, one governing the current-
voltage characteristic and the other dictating the memristor
memory state. A comprehensive description of this model and
its practical implementation can be found in [17, 18]. Cycle-to-
cycle variability was included in the model parameters related
to the HRS current and set voltage, following the method
presented in [20]. Calibration of the model parameters was
performed by reproducing the experimental median I-V
behavior using standard voltage sweeps. After calibration, the
same input signal was reproduced including Gaussian noise in
the applied signal. LTSPICE simulated results in Fig. 6 are
qualitatively the same as the experimental results of Fig. 5
when, also observing the spike time modulation in both
depression (Figs. 5a and 6a) and potentiation (Figs. 5b and 6b)
regimes. This result demonstrates the suitability of the DMM
for simulating the noise impact on the spike time.

V. CONCLUSION

This work presents a first experimental demonstration of noise-
induced modulation of the spike time in memristor-based
SNNs. Stochastic resonance has been observed in both
memristor set and reset voltages and their respective standard
deviations. Noise inclusion can modulate the memristor spike
times, thereby facilitating both potentiation and depression of
neural activity, crucial for maintaining system homeostasis.
Experimental results have been correctly reproduced in LTspice
using the DMM. The results highlight the pivotal role of noise
in SNNs, thereby paving the way for further research of next-
generation computing systems.
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Abstract— This paper deals with the stochastic resonance (SR)
phenomenon experimentally observed in HfO.-based memristors.
The SR impact on the binary spike time dependent plasticity
(STDP) protocol at device level was investigated. We demonstrate
that the two extreme conductance states of the device that
represent the synaptic weights in neuromorphic systems can be
better distinguished with the incorporation of Gaussian noise to
the bias signal. This technique allows setting the memristor
conductance which is directly related to the overlap between the
pre- and post-synaptic pulses. The study is reproduced in the
LTspice simulator using the dynamic memdiode model for
memristors.

Index Terms—Memristor, RRAM, Stochastic resonance, STDP

1. INTRODUCTION

HE scientific community and microelectronics industry

are highly interested in novel and emerging

technologies for RAM memory devices [1-2]. In this
regard, memristors have exceptional properties, including low
power consumption and high integration capacity among
others. Memristor's conductance can be changed when exposed
to a suitable biasing scheme. When bias disappears,
memristor’s conductance is maintained in a non-volatile
fashion. This makes the memristor a very promising device to
be used in a huge range of applications, such as data storage,
unconventional computing methods, Artificial Neural
Networks (ANN), and cryptography [3-6]. Memristors present
nonlinear current-voltage characteristics and nonlinear
dynamical behavior enabling the utilization of properties linked
with nonlinear systems. Despite noise in electronics is
considered as a major drawback and commonly needs to be
eliminated, in nonlinear systems it can play a favorable role,

This research was funded by the Spanish MCIN/AEI/10.13039/50
1100011033 and Project PID2019-103869RB and P1D2022-1369490B-C22
funded by MCIN/AEI/10.13039/ 501100011033/FEDER, UE. The authors
acknowledge the Instituto de Microelectrénica de Barcelona (IMB-CNM,
CSIC) for sample fabrication. E.S. acknowledges the ‘Departament de
Recerca i Universitats de la Generalitat de Catalunya’ for the 2020 FISDU
00261 scholarship.

!Electronic Engineering Department, Universitat Autonoma de Barcelona,
08193 Bellaterra, Spain

2Electronic Engineering Department, Universitat Politécnica de Catalunya,
08034, Barcelona, Spain

Dept. of Electrical & Computer Engineering, Democritus University of
Thrace, 67100, Kimmeria, Xanthi, Greece

email: emili.salvador@uab.cat

such as enhancing the device performance or, in the particular
case of memristors, modifying the switching phenomenon. This
phenomenon is often referred to as stochastic resonance (SR)
and it has been observed in several research fields including
biology, physics, and engineering [7-10]. A detailed description
of the well-known SR phenomenon is reported in [11]. SR
occurs in nonlinear devices whose characteristic curves present
thresholds, like occurs in memristors. From the literature, some
works have considered noise as a beneficial element in these
devices. For instance, in [12] the impact of additive noise in
memristors was investigated using a physical model of a
memory resistor. A different SR modeling for manganite-based
memristors is presented in [13], which reports good
concurrence  between theory and measurements. An
experimental investigation was conducted in [14], where
memristors were exposed to sinusoidal signals with added noise
to examine SR. In [15], a study of the effect of the SR in the
resistance ratio of HfO,-based memristors is discussed. In [16],
a noisy signal was applied to zirconium and tantalum
pentoxide-based memristors. The analysis from both
experimental and theoretical viewpoints and the constructive
role of noise in these samples is reported. In addition, SR in 2D
materials based memristors is analyzed in [17].

The use of memristor-based artificial neural networks
(ANNSs) has gained increasing importance in the recent years
due to their potential to implement efficient and low-power
computing architectures [18]. In neuromorphic systems, the aim
consists in reproducing brain performance. In this sense, spike-
timing-dependent plasticity (STDP), which is a learning
approach inspired in biology, it is widely accepted in the
scientific community as a way to describe the brain synapse
when implemented with RRAM devices [19]. The STDP
process updates the synaptic weight and direction as a function
of the time difference or delay between the pre- and post-
synaptic spikes [20,21]. In the specific case of the memristor
based binary STDP, the resistive switching process is essential
for the achievement of the two different states: ON and OFF,
which correspond to the memristor low resistance (LRS) and
high resistance (HRS) states respectively [22, 23] (Fig. 1).

Even though artificial neural networks are assumed to work
with no noise or spike jitter, neurobiological systems are known
to operate in noisy environments. Thus, noise can tune the
activation threshold of neurons, enhancing the response of
nonlinear circuits. In [24], Anderson reported that noise
produced in the visual cortex facilitates the perception of the



optical signal. In [25], an increase of neuron sensitivity
efficiency is reported , ascribing it to the SR effect.

The aim of this work is to experimentally study in detail the
role of noise in the binary STDP implemented with HfO,-based
memristors, considering the set, reset and complete set-reset
processes, extending our preliminary work in [26] where only
the set process was addressed. In this case, an improvement of
the STDP protocol was observed when noise is added under
different circumstances considering noise in both memristive
state transitions separately and jointly. Moreover, after this
analysis, we show that the study of the constructive role of noise
in the binary STDP can be reproduced using the LTspice
simulator with the help of the dynamic memdiode model
(DMM) [27, 28]. The external signals with noise were applied
to the device and the simulation results compared with the
experimental data.

11. NOISE-INDUCED BINARY STDP

This section focuses on the SR effect on memristor-based
binary STDP learning rule implementation. The devices used in
our study are Metal-Insulator-Metal (MIM) structures consisting
of TiN-Ti-HfO>-W layers, as shown in Fig. 1.a. These devices
were fabricated on silicon. The HfO, layer was deposited via
atomic layer deposition (ALD). A 50 nm—W layer acts as bottom
electrode and a 200 nm—TiN layer over a 20 nm—Ti layer acting
as oxygen-gettering material (top electrode). The Al layer at the
wafer bottom performs as the bottom contact of the memristors
in the wafer. The used devices are square cells with an active area
of 5x5 um? For more information regarding the fabrication
process visit [29]. The Semiconductor Parameter Analyzer
(SPA) Agilent 4156C was utilized to carry out measurements.
The experiments were programmed and launched in MATLAB.
Figure 1.b represents the typical I-V characteristics after the
electroforming event (using a 1 mA current limitation) for the
memristors analyzed in this section [30]. Now, the voltage
sweeps were from 0 V t0 0.7 V, from 0.7 V to —1.3 V and from
—1.3V to 0 V. The current was also read simultaneously to the
voltage application. During measurements, current limitation
was fixed to 25mA to avoid any eventual irreversible
breakdown of the dielectric film.
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Fig. 1. a) Device structure, b) example of a current-voltage
characteristic of the memristors studied in this work. ¢) Memristor
schematics presenting the applied pulses (pre- and post-synaptic) at the
top and bottom electrodes respectively. d) Initial situation of the

applied pre- and post-synaptic pulses (no overlap) is represented with
continuous lines. Different situations with delay of the post-synaptic
pulse are presented in dash lines.

In the analysis of the external noise impact on binary STDP,
when no noise is applied, the memristor state is ensured not to
change. However, the application of noise allows the memristor
to switch, activating the set and/or reset processes.

We study binary STDP via the SR phenomenon following
three different approaches: A) activating the set process, B)
activating the reset process and C) activating both set and reset
processes simultaneously.

To provoke binary STDP, the memristors were subjected to
set and reset pulses to reach ON and OFF states respectively.
Firstly, all the set and reset pulses are formed from a pre-
synaptic pulse (Vpre) applied to the top electrode of the device
and a post-synaptic pulse (Vpost) applied to the bottom electrode.
The resultant voltage drop at the memristor reads: Vi, =
Vore = Vpose @ illustrated in Fig 1.c. The width of the pre- and
post-synaptic pulses was always 150 ms. Also, we consider
two different types of set and reset pulses: fixed and variable.
The fixed ones consist in a constant pulse with voltage
amplitude high enough to ensure the memristor state transition.
The more complicated variable pulses follow an adaptive pulse-
width scheme that is detailed in the following subsections.
Depending on each investigated case, the set and reset pulses
can be fixed or variable, and with or without noise addition.
After completing every transition pulse (set or reset), the
memristor conductance state was determined by means of a
read voltage pulse, V;..qq, 0f 150 ms duration applied to the top
electrode of the device and grounding the bottom one. In our
case Vyeqq = —0.5 V to ensure a clear separation between HRS
and LRS. The complete sequence of applied signals will be
presented in the corresponding subsection.

A fresh device was used for each experiment (one for
measuring without noise and one for the noisy measurement).
The added noise, for all the different considered test conditions,
was Gaussian (0yi5e = 150 mV), which was found to be the
suitable value for the SR observation in these samples, after
analyzing different values. The resistance ratio is calculated as

. RReset VRead/IReset Iset
follows: R o = (R85t = (FReadlResely — (=€l where
ratio = ( Rset )= VReaad/lset ) ’Reszt)

Iser and Igesee CONSIst in the registered currents during the read
pulse after the set and reset pulses, respectively. The following
subsections summarize the information about the complete
applied signal and the results corresponding to the three
different tests.

A. Set Process Activation

In this first approach, the focus is to improve the binary
STDP with the addition of Gaussian noise to the pulse that
provokes the set transition. We ensure that the memristor
remains in the HRS state by selecting appropriate amplitudes
for the pre- and post-synaptic pulses without external noise. For
this reason, we selected a set voltage, Vo = Vse, Slightly
below the voltage required to activate the set transition. This
ensures that once noise is added, there is a probability of
overcoming the set threshold voltage. In this study, we set the
maximum voltage to Vse, = Vi = 0.35 V.

To induce a change from LRS to HRS, we generate a reset
pulse by applying -0.5 V at the top electrode and 0.5 V at the



bottom electrode. Thus, the reset pulse consists of V,,ger =
Vioe = —1V during 150 ms.

However, generating the set pulse, Vs, is more challenging
because the post-synaptic pulse must allow for adaptive time-
shifting to generate different overlap situations between the pre-
and the post-synaptic pulses. This overlap induces the
maximum value of V,, to have different values. In Fig. 1.d the
initial situation of the pre- and post-synaptic pulses is
illustrated. Notice that there is no delay between pulses. The
dash lines in the figure represent the successive delays of the
post-synaptic pulse.

For a better understanding, we describe the details of a
variable set pulse generation. The duration of the set pulse at
maximum voltage (0.35 V) starts at 0 ms, goes up to 150 ms
and drops back to 0ms following 15ms steps. Figure 2
illustrates three cases for a variable set process: in a) the pre-
and post-synaptic pulses are not overlapped that produces a
300 ms pulse of Vg, =V, =0.175V; in b), a partial
overlap situation that generates a 3-level voltage pulse. In this
situation, the maximum Vg, =V, = 0.35V was during
approx. 60 ms; in c), a complete pulses overlap , where V,, =
Vioe = 0.35V pulse that lasts 150 ms [26].

In Fig 3.a, the complete measurement sequence for this first
approach is reported. In every post-synaptic pulse delay (At),
the sequence is cycled 20 times to allow for statistical analysis.
At the beginning of the measurement sequence, the pre- and
post-synaptic pulses do not overlap, and the 20 cycles are
performed. The post-synaptic pulse is then delayed 15 ms, and
again the 20 cycles are executed. This process is repeated for
each shift. At = n* 15 ms where n starts at 0 and grows until
21. Focusing again on Fig. 2: a) presents the initial situation
where n=0. As Atincreases, the overlap grows until a
maximum situation in c) for n=11. After the maximum overlap
situation, n keeps growing until there is no overlap again, for
n=21.
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Fig. 2. Total set voltage, Vio, (black line) and pre- and post-synaptic
pulses (blue and orange lines) for three different overlap cases: a) no
overlap, b) intermediate, and c) complete.

The currents for the 20 cycles after each set and reset
processes in all the previously mentioned iterations is illustrated
in Figures 3.b and 3.c against At for experiments without
considering noise and including it respectively. Orange
symbols represent the read currents after a set transition and the

blue ones after a reset transition. In addition, in the figures, the
mean value of the read current is shown with a solid line of the
same color of the respective symbols. The comparison of both
figures reveals that noise addition is crucial in identifying
resistive states. Without noise, there is no state separation (see
Fig. 3.b). However, with noise addition, both ON and OFF
states are clearly distinguished because the set transition is
enhanced. This state separation is proportional to the overlap
between pre- and post-synaptic pulses. It is important to
highlight that the maximum overlap situation is shown at
At=150 ms. Figure 3.d displays the mean resistance ratio as a
function of At for the measurements without (in blue) and with
noise (in orange). The dash grey line in Fig. 3.d represents the
overlap as a function of At, which supports the analysis reported
in Figs. 3.b and 3.c. about the proportionality between pre- and
post-synaptic pulses overlap and the R,.4;,. In conclusion, the
addition of noise to the set transition improves the R,4tio-
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Fig. 3. Set process activated via noise addition. a) Complete applied
signal for this study during one cycle. The maximum value timespan
of Vs, pulse varies every 20 cycles. The current during the 20 cycles
for each At and mean current evaluated after a set transition, in orange,
and after areset in blue is presented in b) for the measurements without
noise and in ¢) including noise (6 = 150mV). In d) the mean value of
Ryatio against At is presented. For the measurements without including
noise, in blue, and with noise, in orange.

B. Reset Process Activation

This subsection presents the opposite situation to the
previous approach. Set pulses are fixed while reset pulses are
variable. Now, it is the reset process the one intended to be
activated via noise addition. Hence, the applied voltages have
the opposite sign with respect to case A. The set pulses
maximum voltage is fixed to a voltage high enough to ensure



the transition to the LRS. Now, the pre- and post- synaptic
pulses consist in 0.3V and —0.3V pulses respectively,
resulting in a 150ms pulse of Vs, = V,o, = 0.6V, which is the
same in all cycles and iterations. However, the complexity
appears now in the reset voltage, but the methodology used for
its generation is the same as that considered in the previous
subsection resulting, in this case, in a negative voltage pulse
with a maximum value V,eser = Vior = —0.55V. This value is
below the voltage required to activate the reset process. The
noise intensity is the same than in the previous subsection
(Gnoise = 150mV). Here, the delay is in the post-synaptic pulse
for the reset process, generating a different overlap condition
every 20 identical cycles. In this section, the noise is applied
during the reset process.
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Fig. 4. Reset process activated via noise addition. a) Complete applied
signal for this study during one cycle. b) medium overlap situation
between the pre- and post-synaptic pulses to build the variable reset
pulse. The maximum value timespan of V., pulse varies every 20
cycles. The current during the 20 cycles for each At and mean current
evaluated after a reset transition, in orange, and after a reset in blue is
presented in c) for the measurements without noise and in d) including
noise (o = 150mV). In €) the mean value of R,, against At is
presented. For the measurements without including noise, in blue, and
with noise, in orange.

As reported in the previous subsection, Fig 4.a shows one
cycle of the applied signal for this reset process activation,
where the set process is a fixed pulse and the reset pulse is
variable, changing every 20 cycles, as mentioned above. Figure
4.b illustrates an example of a medium overlap situation
between the pre- and post-synaptic pulses to form the reset
pulses in this subsection and highlights the resulting voltage
values. Figures 4.c and 4.d show the currents measured after
every transition and cycle as a function of At for the

experiments without and with noise, respectively. Again, the
noise allows the device to switch, but in this case from LRS to
HRS with a switching probability proportional to the overlap.
This trend is confirmed by the results shown in Fig 4.e, where
the R4, Of the two different situations (with and without noise
inclusion) is shown as a function of the post-synaptic pulse
delay. The figure includes the dash gray line showing the
overlap evolution as a function of the delay as well. Once it is
demonstrated that both set and reset processes can be activated
separately with the addition of noise, the key part of this work
is to combine both activations simultaneously. This study is
presented in the following subsection.

C. Complete Switching Activation

In this subsection, the combination of the two previous
studies is presented. This is the most realistic situation where a
system is always driven by a noisy signal. Hence, both set and
reset processes will be under noise influence. The applied
voltages are Vi, = Vi = 0.38 V and
—0.58 V. Both values are not sufficient to activate the
switching. The same noise (0p0ise = 150 mV) was applied.
The slight set and reset voltage values differences with respect
to the previous sections are a consequence of the inherent
device-to-device (D2D) variability. These particular values
were selected so as to achieve an initial condition as similar as
possible for all the experiments. From the results in several
devices (~25), we identified the optimal voltage ranges to be:
Vser from 0.35V t0 0.4 V and V45, from—0.55V t0 0.6 V. In
the same line as in the previous subsections, Fig 5 summarizes
the experimental study carried out. Figure 5.a illustrates the
applied voltage signal where both set and reset durations are
variable. A key point for the set and reset pulses timing in this
subsection is that the evolution of the pre- and post-synaptic
pulses duration is synchronized. This means that the timespan
of the maximum value in both set and reset pulses is the same
(i.e., the same overlap), for all the cycles. Figures 5.b and 5.c
present the measured current after every set and reset transition
against At for the experiments without noise and including it,
respectively. The added noise enables both transitions
simultaneously. In this subsection, the overlap between pre- and
post-synaptic pulses evolves equally in both set and reset
transitions.

It is worth mentioning that there are differences in the
resistance ratio values obtained with the three approaches (see
Figs 3.d, 4.e and 5.d) described above. In the first approach,
where the set process is activated by noise, the maximum
resistance ratio value is approximately equal to 20. In the
second approach, where the reset process is activated, the
maximum value is around 3.5, and in the third approach, with
both transitions activated, the maximum value is 9. The
resistance ratio differences observed in the three subsections
can be ascribed to the widely known intrinsic memristor
variability, the selection of noise sigma, and the voltage values
for the constant pulses for reset and set transitions in
subsections A and B respectively. The predominant factor is the
different abruptness of the set and reset processes in the used
memristors. Regarding the last issue, in the I-V curve shown in
Fig 1.b, the set process is notably more abrupt than the reset
process, which is gradual. Hence, the noise activation of the set
(section A) allows a high resistance ratio after a complete reset

Vieset = Vior =



process. However, for subsection B, the resistance ratio values
are lower because of the progressiveness of the reset process,
therefore noise does not allow a large resistance state change
during this process.

In this section, a comprehensive investigation into the SR
effect within neuromorphic systems utilizing memristors was
presented. The study highlighted the positive impact of noise
on the binary STDP protocol. Through the strategic
introduction of noise in either the set pulse, reset pulse, or both
simultaneously, we demonstrated the switching activation. The
experiments detailed in this study were replicated using other
devices from the same wafer to verify consistency and
reproducibility of results.
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Fig. 5. Set and reset processes activated via noise. a) Presents the
complete applied signal during one cycle. The duration of the
maximum values of Vset and Vreset is the same. The current during
the 20 cycles for each At and mean current evaluated after a set
transition, in orange, and after a reset in blue is presented in b) for the
measurements without noise and in c) including noise (c = 150mV).
In d) the mean value of R,.., against At is presented. For the
measurements without including noise, in blue, and with noise, in
orange.

I11. SIMULATING STDP ACTIVATION VIA SR

As part of this study, we report in what follows simulation
results using the LTspice simulator. The goal is to reproduce
the same input signal used for the third and more complex
approach presented and to analyze the response of the
memristor provided by the considered model. For the
simulations we have used the dynamic memdiode model
(DMM) [27, 28] for RRAM devices, which has demonstrated
high versatility for a wide variety of input signals [31, 32]. In
this work, the model will be tested with complex and noisy
signals. The DMM is implemented in LTspice, and it basically

consists in two main equations, one for the current-voltage
characteristic and another for the memristor memory state.
Detailed information about the model and applications can be
found in [27, 28].

Before the simulations, setting the model parameters is a
necessary step. The procedure consisted in selecting the model
parameters that reproduce the behavior of the devices used in
this work, which are obtained by fitting the experimental data
to the model equations. The result of this fitting process is
shown in Fig 6.a, where the I-V curves corresponding to 10
experimental cycles (in grey) are compared to a simulated curve
(in red). In addition, Fig 6.b presents the schematics of the
LTspice circuit used for the simulations containing 4 voltage
sources: the pre- and post-synaptic pulses (Vpre and Vpost),
and the noise sources for the set and reset processes (SetVn and
ResetV/n, respectively).
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Fig. 6. a) Comparison of the experimental (grey) and fitted (red) I-V
characteristic. b) LTspice circuit schematics used to simulate STDP
activation via SR. c) Simulated current during the 20 cycles for each
Atand mean current evaluated after a set transition,in orange, and after
a reset transition in blue including noise obtained using the LTspice
simulator and the DMM model. d) Experimental (grey) and simulated
(red) resistance ratio against At showing a good agreement between
both curves.

The complex signals were generated in LTspice using the
Piecewise linear (PWL) function, where time and voltage can
be programmed point by point, while the white gaussian noise
signal is added externally. Once the pulsed signals are
generated, the noise is included in the transitions, the
simulations run, and the results externally compiled and
analyzed in MATLAB. The results reported in Fig. 6.c
(symbols) show the reading current after every set (in orange)
and reset (in blue) transitions versus the At for a simulation
including noise. The continuous line corresponds to the mean
value of the LTspice simulation. The HRS and LRS reading
current values and dependence on the post-synaptic pulse delay
obtained through simulation show that the model is able to
reproduce the experimental behavior. Figure 6.d compares the
experimental and simulated resistance ratio against At. The
simulations demonstrate the binary STDP protocol can be
activated through external noise addition in LTspice, showing
a good agreement between experimental and simulated results.



1V. CONCLUSION

In this work, the beneficial effect of the addition of an external
noise source to the base signal in the performance of HfO,
based memristors was experimentally demonstrated. We
reported a complete experimental study of the SR in STDP
protocol implemented with memristors, showing the beneficial
role of additive noise on the binary STDP protocol. Our study
analyzes the SR phenomenon in a scenario where the
memristor's HRS and LRS was not distinguishable.
Nevertheless, we have demonstrated that by including noise to
the set pulse, reset pulse or both pulses simultaneously, the
resistive switching was activated. The slight impact of the D2D
variability forces to define a narrow range of input signals for
the set and reset transitions activation. The results unveiled the
impact of noise was different for the set and reset transitions,
being more evident for the set transition. This effect was
attributed to memristor variability, noise sigma, selected set and
reset voltages values and to the abruptness of the set event
comparing with the more gradual reset event. We assessed the
positive impact of noise by examining the relationship between
the resistance ratio and the duration of the highest value of the
noise-triggered transition pulse. Our findings showed that as the
duration of the maximum noise-activated transitions (set, reset,
or both) increases, the resistance ratio also increases. The case
where both (set and reset) transitions were noise-activated was
simulated using the DMM in LTspice. The obtained results well
reproduce the experimental observations. The presented results
are promising and offer a potential avenue for further
exploration of the stochastic resonance phenomenon in more
complex neuromorphic systems. This includes using multiple
memristors for experimental analysis and simulation of
artificial neural networks.

REFERENCES

[1] I H.Im,S.J.Kim, H. W. Jang, “Memristive Devices for New Computing
Paradigms”. Advanced Intelligent Systems, 2(11), 2000105, 2020.

[2] T.Gong etal., “First Demonstration of a Design Methodology for Highly
Reliable Operation at High Temperature on 128kb 1T1C FeRAM Chip”,
2023 IEEE Symposium on VLSI Technology and Circuits (VLSI
Technology and Circuits), 2023.

[3] S.H. Lee, X. Zhu, W. D. Lu, “Nanoscale resistive switching devices for
memory and computing applications”, Nano Research, 13, pp. 1228-
1243, 2020.

[4] D. lelmini, S. H. P. Wong, “In-memory computing with resistive
switching devices”, Nature Electronics, 1, pp. 333-343, 2018.

[5] G. Pedretti, V. Milo, S. Ambrogio, R. Carboni, S. Bianchi, A. Calderoni,
N. Ramaswamy, A. S. Spinelli, D. Ielmini, “Stochastic learning in
neuromorphic hardware via spike timing dependent plasticity with
RRAM synapses”, IEEE Journal on Emerging and Selected Topics in
Circuits and Systems, 8, pp. 77-85, 2018.

[6] D.Li, M. Hu,Y.N.Li,H.Jiang, N. Ge, E. Montgomery, J. M. Zhang, W.
H. Song, N. Davila, C. E. Graves, et al. “Analogue signal and image
processing with large memristor crossbars”, Nature Electronics, 7, pp.
52-59, 2018.

[71 R. Benzi, A. Sutera and A. Vulpiani, “The mechanism of stochastic
resonance”, Journal of Physics A: Mathematical and General, vol.
14(11), L453, 1981.

[8] K. Wiesenfeld, F. Moss,” Stochastic resonance and the benefits of noise:
from ice ages to crayfish and SQUIDs”, Nature, 373, pp.33-36, 1995.

[9] G.P. Harmer, B. R. Davis, D. Abbot, “A review of stochastic resonance:
circuits and measurement”, |IEEE Transactions on Instrumentation and
Measurements, 31(2), pp. 299-309, 2002.

[10] S. Kasai, “Stochastic and related in
electron nanodevices”, IEEE International Nanoelectronics Conference
(INEC), 2014.

1 I

[11] J. Naprstek and C. Fischer, ‘Stochastic Resonance and Related Topics’,
Resonance. InTech, Nov. 29, 2017.

[12] A. Scotland, M. Di Ventra, “Stochastic memory: Memory enhancement
due to noise”, Physical Review E, 85, 011116, 2012.

[13] G. A. Patterson, P. I. Fierens, D. F. Grosz, “On the beneficial role of noise
in resistive switching ", Appl. Phys. Lett., 103, 074102, 2013.

[14] V. Ntinas, A. Rubio, G. Ch. Sirakoulis, R. Rodriguez, M. Nafria,
“Experimental Investigation of Memristance Enhancement”, IEEE/ACM
International Symposium on Nanoscale Architectures (NANOARCH),
2019.

[15] R. Rodriguez, J. Martin-Martinez, E. Salvador, A. Crespo-Yepes, E.
Miranda, M. Nafria, A. Rubio, V. Ntinas, G. Ch. Sirakoulis "Beneficial
Role of Noise in Hf-based Memristors,” 2022 IEEE International
Symposium on Circuits and Systems (ISCAS), pp. 975-979, 2022.

[16] A.N.Mikhaylov etal., “Stochastic resonance in a metal-oxide memristive
device”, Chaos, Solitons & Fractals, 144, 110723, 2021.

[17] J. B. Roldan, A. Cantudo, J. J. Torres et al. “Stochastic resonance in 2D
materials based memristors™, npj 2D Materials and Applications, 8, 7,
2024.

[18] 1. Boybat, M. Le Gallo, S. R. Nandakumar, T. Moraitis, T. Parnell, T.
Tuma, B. Rajendran, Y. Leblebici, A. Sebastian, E. Eleftheriou,
“Neuromorphic computing with multi-memristive synapses”, Nature
Communications, 9, 2514, 2018.

[19] C. Zamarrefio, L. A. Camuiias, Jose A. Perez, T. Masquelier, T. Serrano
and B. Linares, “On spike-timing-dependent-plasticity, memristive
devices, and building a self-learning visual cortex”, Frontiers in
Neuroscience, 5, 26, 2011.

[20] C. de Benito, M. M. Al Chawa, M. Roca, R. Picos, S. G. Stravinides,
“Self-learning perceptron using a digital memristor emulator”, 2019 8th
International Conference on Modern Circuits and Systems Technologies
(MOCAST), 2019.

[21] S. Vidya, Mohammed Riyaz Ahmed, “Advent of memristor based
synapses on neuromorphic engineering”, 2017 International conference
on Microelectronic Devices, Circuits and Systems (ICMDCS), 2017.

[22] C. Mohan, L. A. Camufias-Mesa, J. M. de la Rosa, T. Serrano-
Gotarredona, B. Linares-Barranco, “Implementation of Binary Stochastic
STDP Learning Using Chalcogenide-Based Memristive Devices”, 2021
IEEE International Symposium on Circuits and Systems (ISCAS), 2021.

[23] Z. Zhou, C. Liu, W. Shen, Z. Dong, Z. Chen, P. Huang, L. Liu, X. Liu, J.
Kang, "The Characteristics of Binary Spike-TimeDependent Plasticity in
HfO2-Based RRAM and Applications for Pattern Recognition”,
Nanoscale Research Letters, 12, pp. 1-5, 2017.

[24] J.S. Anderson, 1. Lampl, D. C. Gillespie, D. Ferster, “The contribution of
noise to contrast invariance of orientation tuning in cat visual cortex”,
Science. 290 (5498): 1968-1972, 2000.

[25] A. Longtin, "Autonomous stochastic resonance in bursting neurons",
Phys. Rev. E. 55 (1), pp. 868-876, 1997.

[26] E. Salvador, R. Rodriguez, J. Martin-Martinez, A. Rubio, V. Ntinas, G.
Ch. Sirakoulis, A. Crespo-Yepes, E. Miranda, M. Nafria, "Stochastic
resonance effect in binary STDP performed by RRAM devices", 2022
IEEE 22nd International Conference on Nanotechnology (IEEE NANO),
pp. 449-452, 2022.

[27] E.Mirandaand J. Sune, "Memristive State Equation for Bipolar Resistive
Switching Devices Based on a Dynamic Balance Model and its
Equivalent Circuit Representation”, IEEE Trans. Nanotechnol., 19, pp.
837-840, 2020.

[28] F. Aguirre, J. Suii¢, E. Miranda, “SPICE Implementation of the Dynamic
Memdiode Model for Bipolar Resistive Switching Devices”,
Micromachines, 13, 330, 2022.

[29] S. Poblador, M. Gonzalez, and F. Campabadal, “Investigation of the
multilevel capability of TIN-Ti—HfO2-W resistive switching devices by
sweep and pulse programming”, Microelectronic Engineering, 187, pp.
148-153, 2018.

[30] A. Marchewka, R. Waser, S. Menzel, “Physical modeling of the
electroforming  process in  resistive-switching  devices”, IEEE
International Conference on Simulation of Semiconductor Processes and
Devices (SISPAD), 2017.

[31] E. Salvador, M.B. Gonzalez, F. Campabadal, J. Martin-Martinez, R.
Rodriguez, E. Miranda, “SPICE modeling of cycle-to-cycle variability in
RRAM devices™, Solid State Electronics, 185, 108040, 2021.

[32] M. Saludes, M.B. Gonzalez, F. Campabadal, J. Sufié, E. Miranda, "SPICE
model for complementary resistive switching devices based on anti-
serially connected quasi-static memdiodes", Solid State Electronics, 194,
108312, 2022.



Article TNANO24

Modeling and Simulation of Correlated Cycle-
to-Cycle Variability in the Current-Voltage
Hysteresis Loops of RRAM

E. Salvador, M.B. Gonzalez, F. Campabadal, J. Martin-
Martinez, R. Rodriguez, E. Miranda

202



E. Salvador et al.: Modeling and Simulation of Correlated Cycle-to-Cycle Variability in the Current-Voltage Hysteresis Loops of RRAM devices

Modeling and Simulation of Correlated Cycle-
to-Cycle Variability in the Current-Voltage
Hysteresis Loops of RRAM Devices

E. Salvador, M.B. Gonzalez, F. Campabadal, R. Rodriguez, and E. Miranda, Senior Member, IEEE

Abstract—Resistive RAMs or memristors are nowadays
considered serious candidates for the implementation of
energy efficient and scalable neuromorphic computing
systems. However, a major drawback of this technology is
the instability of the device -current-voltage (I-V)
characteristic as is clearly revealed by the so-called cycle-
to-cycle (C2C) \variability. This lack of complete
reproducibility is a consequence of the spontaneous or
induced morphological changes of the filamentary
conducting structure occurring at atomic level. Variability
is an essential issue any compact model for the conduction
characteristics of RRAM devices should be able to cope
with to be considered realistic. In this work, a thorough
investigation of the C2C variability in the I-V loops of HfO2-
based memristive structures was carried out with the aim
of incorporating this information into the equations of the
Dynamic Memdiode Model. From the compact modeling
viewpoint, C2C correlation effects are achieved using
model parameters expressed as mean-reverting stochastic
processes driven by Wiener noise (Ornstein-Uhlenbeck
process). The direct and indirect links between the random
behavior of the model parameters and the observable
magnitudes (high and low resistance states, set and reset
voltages, etc.) are discussed. The agreement between
simulation and experimental results is statistically
assessed using the Wasserstein’s distance metric.

Index Terms—RRAM, memristor, variability, SPICE.

I. INTRODUCTION

Resistive Random Access Memories (RRAMs), also known
as memristors, are electroformed two-terminal devices
capable of modifying their resistance state in a non-volatile
fashion in response to the application of an external stimulus
(voltage, current, light, etc.) [1-2]. These devices are nowadays
seriously considered for a number of applications in the areas
of information storage, neuromorphic computing, logic circuits,
cryptography, etc. Among their properties we can mention low
power consumption, high scalability, velocity, endurance,
retention, and what is remarkably important, CMOS
compatibility [3-8]. RRAMs rely on the Resistive Switching
(RS) phenomenon, which arises from the alternate formation
and destruction of a conductive filament (CF) embedded in the
dielectric layer of a metal-insulator-metal structure (MIM). The
devices investigated in this work exhibit the so-called bipolar-
type behavior in which opposite electric fields need to be
applied to switch the device on and off alternately. These two
extreme conduction states are often referred to as the low (LRS)
and high (HRS) resistance states of the device, respectively. In
memristive devices, the origin of the switching mechanism can
be related to the movement of metal ions or oxygen vacancies

within the dielectric film. However, one of the major drawbacks
for the massive application of these devices is their intrinsic
instability. The current variability is largely related to
morphologic changes in the CF occurring at atomic scale and
can occur spontaneously or be induced [9-10]. An important
aspect for the development of this technology, as well as for any
other, is compact modeling. Having an accurate and robust
model for the conduction characteristic of the device certainly
helps in the understanding, design, and expansion of a new
technology. Since variability is unavoidable in current RRAM
devices, any compact model intended to reproduce their output
characteristics should consider to a lesser or greater degree this
phenomenology. However, this is not straightforward since
variability is not only related to the particularities of the device
under test but also to the kind of stimulus to which the device
is subjected during its lifetime. As this is in principle
unpredictable without further specification, one possibility is to
adopt a broad-range application model capable of being adapted
to specific circumstances. A number of works dealing with the
compact modeling of C2C variability in RRAMs can be found
in the literature [11-17]. A comprehensive review including the
most recent advances in the variability assessment in RRAM
modeling is presented in [11]. In [12], a variability study
considering correlation of the HRS and LRS currents for the
initial cycles using an analytical model is reported. In [13], an
approach for emulating variability effects in a SPICE memristor
model is discussed. In [14], a Monte-Carlo approach to
reproduce C2C variability during the set and reset processes is
described. In [15], an algorithm for the inclusion of variability
in the Stanford-PKU model is presented and in [16], the
connection between the temperature and filament shape with
variability is analyzed. A time series analysis for the evolution
of particular observables in RRAMs can also be found in [17].
None of these works considers C2C correlation effects in the
most important observables associated with experimental /-V
curves.

In this work, we report a method for including correlated C2C
variability in the Dynamic Memdiode Model (DMM) [18-19]
through the use of pseudo-Ornstein-Uhlenbeck (p-OU)
processes. The proposed methodology basically consists in
introducing correlation and noise in some key model
parameters of the DMM. In a previous work [20], we added
variability to the DMM parameters, but no correlation effects
were considered. The objective of this work is to show how this
new approach is able to generate /-V curves with a degree of
dispersion and correlation comparable to what is
experimentally observed in HfO,-based RRAMs. The
agreement between simulations and experiments is statistically
assessed using the Wasserstein’s distance (WD) [21]. This
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paper is organized as follows: Section 2 describes the devices
investigated in this work, mainly their structure and fabrication
process. In Section 3, the proposed approach to include
variability in the compact model is discussed. Section 4 focuses
on practical issues about the model implementation. Section 5
reports the results of this work including a comparison of
different figures of merit for the simulated and experimental
curves. Finally, Section 6 presents the conclusions of this work.
Details of the proposed approach can be found in the
Supplementary Material (SM) file.
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Fig. 1: a) Cross section of the investigated devices. b) All cycles and median |-V
characteristics for the RRAM devices in logarithmic current axis. ¢) The same |-V
curves using the snapback voltage correction (Vsp=V-R-l). V7 is the transition
voltage and Vr the reset voltage.

Il.  EXPERIMENTAL DEVICES AND METHODOLOGY

This Section describes the devices under test and the
measurements carried out. The cross section of the investigated
structures (TiN-Ti-HfO,-W) is shown in Figure la. The 10 nm-
thick HfO, layer was grown using the atomic layer deposition
(ALD) technique at 225°C. The active area of the device
is 5x5 um?. The precursors used for the deposition were
TDMAH and H20. N> was used both as carrier and purge gases.
The bottom electrode is a 200 nm-thick Ti layer, while the top
electrode consists of a 200 nm-thick TiN layer deposited on a
10 nm-thick Ti layer, which acts as the oxygen scavenging
material. I-V  measurements were performed using the
Semiconductor Parameter Analyzer (SPA) Agilent 4156C. Fresh
devices were subjected to a 1 mA current-limited forming
process, which in our devices occurs at voltages close to 3.5 V
(not shown here). During cycling, the applied voltage was swept
from 0 Vto 1.3 V, from 1.3 V to -1.3 V, and finally from -1.3 V
to 0 V (100 cycles). Current limitation was included during the
set process (20 mA) to avoid an irreversible breakdown of the
device. The reset process takes place with no kind of limitation.
Further details about the electrical characterization can be found
in [22]. In our devices, the HRS<>LRS transitions are related to

the formation and destruction of a vacancy-formed filamentary
structure spanning the oxide layer [23]. Figure 1b shows 100 /-
V cycles for an electroformed memristor. Cycled curves are
shown in grey while the median curve is in red. For the analysis,
HRS and LRS currents were also evaluated at V = —0.2'V.
Figure 1c shows the resulting /-¥ curves after the snapback (SB)
correction to the applied voltage Vs, =V — R - I, where R is
any internal/external series resistance. This SB correction
allows us to extract the transition voltage which is related to the
abrupt current increase at the transition voltage V;. As can be
seen in Fig. 1c, using an appropriate R value results in Vi = —Vj.
More information about the effect of the series resistance and its
extraction methods are reported in [24,25]. The current increase
after SB is often ascribed to the accumulation of ions or defects
in the CF or to its lateral expansion [10]. V; represents the
minimum voltage required for moving the ions or vacancies.

a) . . . . ‘ .
—_ —
<012+ HRS ]
£
Z 008 1
Zooat W T
3.62 T T T T | v -
2 LRS
E 3.60 1
:é 3.58+ g
=
O356l
0 20 40 60 80 100
b) Cycles
< 1,0 X ‘AC - glags ‘ (I AC s |1
Q h I AC s
S 08| g 04| =l
= VN
o N - e =017
o 0,6 \ \\ -
O gy
s ol [M [y ]
“"“‘ <
8 0,2 ' N
o O 8
5 0.0 I [| i -1 Ijtil‘ir-—
g o, -
o
) P— P S P d
<70 5 10 15 20

Lags

Fig. 2: a) HRS and LRS current values measured at -0.2V for all the cycles
available. b) AC plots for HRS (in black) and LRS (in red) currents the dash lines
are the theoretical exponential decay for AC in an OU process (AC ~ e~%+295),

Figure 2a presents the HRS and LRS current evolution
measured at —0.2 V for all the cycles reported in Figs. 1b and
1c. Notice that both the LRS and HRS currents exhibit
correlated fluctuations, which are clearly detected in the
autocorrelation (AC) plots of Fig. 2b. The AC of an OU process
follows the exponential relationship AC ~ e~%495 where « is
a constant. We found ayzs = 0.4 and @, zs = 0.17. Figure 2b
graphically summarizes the strength of the relationship between
the current and past observations, in our case, the current and
past cycles. As it will be shown next, we propose to model these
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correlated fluctuations using as a first approximation p-OU
processes in the definition of the DMM parameters. Specific
long-term trends in the lower and upper limits of the device
resistance window caused by aging effects must be considered
separately and can be later added to the C2C fluctuations if this
is the case.

Ill. IMPLEMENTATION OF THE ORNSTEIN-UHLENBECK
PROCESS IN LTSPICE

In this Section, the fundamentals of the OU process and its
generation method in the framework of a circuit simulator like
LTspice [26] are discussed. It is worth mentioning that the
experimental curves were first explored with the aim of
extracting statistical information about the measured observables
(high and low resistance states, set and reset voltages) [20].
Then, the corresponding parametric distributions were used in the
definition of the model parameters values. The best distributions
for the different experimental observables were obtained using
the fitdistrplus package for the R language [27] and incorporated
into the LTspice model script. In a second phase, an iterative
process was carried out with the aim of obtaining the optimum
combination of model parameter values. The mathematical steps
towards this final goal are described next.
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Fig. 3: Simulated OU processes, the considered parametersare u = 1,0 = 0.1,6 =

0.5. The initial conditions are normal distributions centered at: 0 (black), 1 (red)
and 2 (blue).

A. The Ornstein-Uhlenbeck process

Variability is introduced in the simulated curves through the use
of OU processes [28]. OU is a widely known stochastic process
that comprises a deterministic term for the evolution of the
variable of interest plus a noise term which drives the system out
of equilibrium. OU processes have a plethora of applications in
physics, mathematics, biology, etc. and are the only stationary
Gauss-Markov processes. Because of that, OU plays a central
role in the theory of stochastic processes. Since the simulated
variable drifts towards its mean value, the OU process is also
called mean-reverting. The general expression for the OU
process is given by the Itd-type stochastic differential equation
(SDE):

dx, = O(u — x)dt + adW, (1)

where x; is the value of the variable at time t,u its central
location, © the reversion coefficient, dt the time step, o the
volatility coefficient (noise amplitude) and W, the Wiener

process (white noise). The discretized version of (1) is expressed
as [28,29]:

Xni1 = Xn + O(u — Xp)At + oAW;, 2)

where AW, are independent identically-distributed Wiener
increments, or in other words, a normal distribution with zero
mean and At variance. Hence, AW, ~N (0, At) = VAt - N(0,1).
Accordingly, in practice, (2) reads:

Xns1 = Xn +O(u — X,)At + aVAL - N(0,1) 3)

Figure 3 presents three OU processes generated using (3). As
shown in the figure, by selecting an appropriate initial condition
(IC), the transient effect can be eliminated if required. In order to
achieve this condition, the initial value is assumed to follow a
normal distribution N (u, o,¢) centered at the mean value of the

OU signal and with standard deviation o,c=£4 The

implementation of (3) requires the use of a Gaussian number
generator, a topic discussed in the SM file. The control of the
initial condition is also advantageous in cases where the DMM
parameters need to account for initial transient effects.

B. Simulation and characterization of the p-OU process

Since this work mainly concerns with the inclusion of variability
in LTspice simulations for the conduction characteristics of
RRAM devices, the proposed approach imperatively requires the
use of a random number generator (RNG). In order to generate
an OU process, a white Gaussian RNG must be implemented. A
thorough examination of the tools provided by LTspice and the
construction of an ad-hoc Gaussian RNG are reported in the SM
file. The Box-Miiller algorithm [30] was used for this task and
the generator is referred to as Monte Carlo Gaussian (MCG). The
Lilliefors test was considered for evaluating its statistical
properties [31]. In what follows, we focus on the simulation and
characterization of the complete stochastic process. The
LTspice tool for generating a controlled recursive process as
required by (3) is the delay function. Recall that otherwise the
simulation timestep is always under the control of the
simulation engine. The delay function considers two
parameters: the variable of interest and in our case the time
between two consecutive cycles (At or del in the model script).
This At considered for simulations needs to be compatible with
the experimental data. Simulations using (3) were first
performed in LTspice. For a double check, the generated results
were statistically compared with MATLAB simulations
obtained under identical conditions. Since the timestep is not
under the user’s control in LTspice but only the maximum
timestep, the simulated signal can contain unexpected points.
The appearance of these unexpected points is the reason for
calling the generated process a pseudo-OU (p-OU) process.
Thus, in order to compare with the signal generated in
MATLAB, the unwanted datapoints from the LTspice dataset
must be removed (via software) taking into account At. The
results obtained this way can then be analyzed in R. Figure 4a
illustrates the comparison between the p-OU LTspice signal
(pink) and the OU MATLAB signal (green). The same input
parameters (O, 1, o, z) were used in both calculations. Similar
distributions are observed. More in detail, Fig. 4b compares the
associated probability densities.
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IV. SIMULATIONS USING THE DYNAMIC MEMDIODE MODEL

This Section focuses on the inclusion of correlated C2C
variability in the DMM. The DMM describes the conduction
characteristics of RS devices under the application of arbitrary
input signals. The origin of the switching behavior is related to
the creation and destruction of the CF that spans across the
dielectric layer. This in turn is linked to the metal ions or oxygen
vacancies displacement depending on the device type (CBRAM
or OxXRAM). In bipolar devices, the transition between HRS and
LRS (CF generation) and viceversa (CF rupture) takes place at
opposite voltages [32-33]. This is the case we are going to
analyze next. The DMM reproduces the I-V characteristic of a
bipolar-type memristive devices using two coupled equations.
The first equation (4) deals with the electron transport while the
second equation (5) relates to the internal state of the device.
According to the DMM, the /-V characteristic reads:

1V) = 1,() sinh{a(D[V = (R:(4) + R)IT} “)

where Vis the applied voltage, I, the current amplitude factor, R,
a variable series resistance, and a a fitting parameter. A runs
between 0 and 1 and it is called the memory state of the device.
Its purpose is to control the transitions HRS<>LRS. R; is a fixed
resistance related to the snapback voltage correction discussed in
Section II [34]. Notice that (4) includes three different
parameters with A-dependence. For simplicity, these parameters
are assumed to change linearly and in the same way from a

minimum (off) to a maximum (on) value as a function of A. For
instance, Io(1) = I,zr + (Ion - laff) - A, where Iorp and I,y
represent the minimum (HRS) and maximum (LRS) current
values, respectively. According to (4), in HRS, the current
depends exponentially on ¥, while in LRS, the current depends
linearly on ¥ because of the potential drop across the series
resistances R; and R.. A is described by a balance-type voltage-
driven differential equation [18]:

d 1-2 A

U ") V) ®)

where 75, called 7S and TR, respectively in the model script
(details in the SM file), are the characteristic times for the set and
reset transitions. These characteristic times are expressed as:

75(V) = exp[-ns(Vep = V)] (6)
(V) = exp[ng Y (Vsp — Vi)] 7)

where 715z, also called etas and etar respectively in the model
script, are the transition rates. Vg p are the set and reset switching
voltages, respectively. The snapback current (isb in the model
script) acts as a threshold current for the snapback effect. The
snapforward parameter y>0 (called gam in the model script)
controls the reset transition rate. Further details about the DMM
can be found in [18,19]. In addition, more references to the
snapback and snapforward effects in the I-V characteristic can be
found in [19]. The model script, the schematics used in the
LTspice simulator, and a short explanation about the inclusion of
variability in the model parameters specifying each variable
parameter type (p-OU or probability distribution) are reported in
the SM file. It is worth mentioning that simulations were
performed using the same timing and voltage conditions as those
used for the measurements. The adjustment of the model
parameters takes into account the shape of the /-V curves, their
statistical distribution and the autocorrelation. In order to find the
best set of parameters, the simulated and experimental curves
were subjected to an iterative process in which the global
deviation is calculated. The median of the experimental curves is
considered as the initial guess for this process. For the sake of
simplicity, and to avoid over-randomness, only 4 parameters, one
for each key region of the hysteretic loop, were selected to be
described as p-OU processes:  Iogs, lon, Vr and V. The
remaining parameters are constant or follow a specific
probability distribution. The simulated results, including
variability, are compared with the measurements cycle after cycle
until a final target is reached. Further details are discussed in the
next Section.

V. COMPARING EXPERIMENTAL AND SIMULATED CURVES

In this Section, the comparison between the simulated and
experimental 1-V curves is discussed. Figure 5 shows typical
results obtained with the DMM. As it can be seen, the main
features of the curves are correctly addressed. Fitting the LRS
current is by no means straightforward since the corresponding
observable is the result of the combination of several model
parameters associated with HRS (Iof, Rof, @off)- In turn, the
model parameters associated with the LRS current
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(Ion, Ron, a,y,) directly impact on the voltage location and
variability of the reset transition. This is referred to as
variability propagation. The complete simulation requires the
strict control of some model parameters like 1,5, for example
in order not to crash the simulator by an improper combination
of model parameters.
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Fig. 5: Simulated and experimental |-V curves in pink and black respectively in
logarithmic axis for the current. The simulated curves were obtained by using the
model script and schematics presented in the Supplementary Material.

More in detail, Fig. 6 presents the evolution of the Wasserstein
distance for the four selected observables: Iygs (in black), I;gs
(in red), Vy (in green) and V (in violet) for different stages of
the optimization process. Here, we use the WD as a measure of
the difference between the simulated and experimental
distributions [21]. For the y axis, WD is normalized by the mean
value of the experimental observable. This allows plotting the
four different observables in the same scale. It is clearly seen
that as the optimization process proceeds, WD decreases, which
indicates more accurate results in a statistical sense. The
optimization process ends when WD reaches a predefined
threshold value. If a given change in the model parameters leads
to an increase of WD, this change is rejected. For the sake of
clarity, Fig. 6 also includes the set of experimental and
simulated 1-V curves for three different stages of the
optimization process: initial (S1), intermediate (S5) and final
(S11) situations. The reduction of WD coincides with the
improvement of the fitting results.
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Fig. 6: Wasserstein distance for the four selected observables in chronologically
ordered simulations. For illustrative purposes, the simulated curves are included
for initial (S1), intermediate (S5), and final (S11) chronological situations.
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Notice that the selected observables are strategically chosen so
as to summarize the information about the complete loop: I'ygs
for the HRS curve, transition voltage V- for the SET transition,
I, gs for the LRS curve, and V, for the reset transition. Other
selection is also possible. Figure 7 shows the cumulative
distribution functions for the four selected observables, in black
for measurements and in a darkness-fade for simulations
(initial-bright, late-dark). Again, in agreement with the above
discussed process, the darker curves are closer to the black ones
as the optimization proceeds. Figure 8 shows the AC plots for
the selected observables (experimental in black and simulated
in pink) as a function of the measurement cycle for: a) Iygs, b)
I gs, c) Vyand d) Vg. Finally, Fig. 9 presents the C2C evolution
of the HRS and LRS currents for the experimental (Fig. 9a) and
simulated (Fig. 9b) curves. Both HRS and LRS currents were
evaluated at V = —0.2V. The dashed lines represent the
experimental mean value. This visual representation
summarizes the temporal evolution of the two alternate states
enriching the preceding statistical analysis. This last exercise
illustrates the capability of the proposed approach to reproduce

the two extreme conduction states, an essential feature for
memristor-based digital applications. Of course, as mentioned
several times along this work, an appropriate calibration
process for each specific test considered is always necessary.

VI. CONCLUSION

In this work, a compact approach for SPICE simulations based
on a modified version of the Dynamic Memdiode Model
(DMM) able to account for correlated cycle-to-cycle variability
in RRAM devices was presented. In order to generate such
correlation effects, Ornstein-Uhlenbeck processes were
assumed for the DMM parameters. A comprehensive study on
the random number generation in LTspice was also carried out.
It was shown that care should be exercised when invoking the
internal functions of the simulator. The reported SPICE model
includes the capability of simulating correlation effects in all
the regions of the current-voltage characteristics of RRAM
devices, a clear innovation with respect to the available
approaches found in the literature. The ability of the model to
reproduce the C2C experimental results was evaluated using the
Wasserstein distance for the evolution of four strategically
selected observables corresponding to the positive and negative
quadrants of the 1-V curves. The analysis was accompanied by
a thorough assessment of the evolution of the autocorrelation
and cumulative distribution plots for the observables.
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Supplementary material

A — Model script, schematics and guidelines

Subcircuit definition

.subckt memdiode + - H

.params

+ HO0=0 RPP=1E10 vs=2; initial condition, parallel resistance, set voltage

+ etar=40 del=1 fps=1; reset transition rate, time between cycles, RNG rate

+ gam=0.1; snapforward factor, isb=1/gam=0 no snapback/snapfoward

+th1=0.15 mul=In(1.28E-4) s1=0.19 icl=mul+gauss((s1**2)/(2*th1)) n1=1; loff, HRS current

+ th2=0.45 mu2=20.3E-3 s2=0.7e-3 ic2=mu2+gauss((s2**2)/(2*th2)) n2=2; lon, LRS current

+ mu3=6e-5 s3=0.2E-5 n3=3; Ish, snapback current

+ th4=0.25 mu4=-0.51 s4=0.009 ic4=mud-+gauss((s4**2)/(2*th4)) n4=4; Vr, reset voltage

+ mu5=27 s5=0.2 n5=5; ri, fix series resistance

+ th6=0.25 mu6=In(0.415) s6=0.0415 ic6=mu6+gauss((s6**2)/(2*th6)) n6=6; V1, transition voltage

+mu7=3.0 s7=0.16 n7=7 mu8=1.9 s8=0.01 n8=8; aoff/aon

+ mu9=20 s9=1.8 n9=9 mu10=5 s10=0 n10=10; roff/ron, variable series resistance

+mull=34 s11=3 n11=11; etas, set transition rate

*Memory Equation

BI 0 H I=if(V(+,-)>=0,(1-V(H))/TS(V(C,-)),-V(H)/TR(V(C,-))) ; current generator for the memory state

CHH 01 ic={H0} ; initial state

*I-vV

RI + C R=V/(P05) ; fixed series resistance, ri

RS C B R=K(V(P10),V(P09)) ; variable series resistance

BF B - 1=K (V(P02),exp(V(P01)))*sinh(K(V(P08),V(P07))*V(B,-)) ; current generator for electron current

RB + - {RPP} ; parallel resistance

*Parameters and variability using pOU process

BP01 0 P01 I=-th1*(delay(V(PO1),del)-mul)+delay(V(P01),del)+sqrt(del)*MCG(0,s1,fps,n1) IC=icl Rpar=1; loff
BP02 0 P02 I=-th2*(delay(V(P02),del)-mu2)+delay(V(P02),del)+sqrt(del)*MCG(0,s2,fps,n2) IC=ic2 Rpar=1; lon
BP03 0 P03 I=mu3+MCG(0,s3,fps,n3) Rpar=1; Ish

BP04 0 P04 I=-th4*(delay(V/(P04),del)-mu4)+delay(V(P04),del)+sqrt(del)*MCG(0,s4,fps,n4) IC=ic4 Rpar=1; Vr
BP05 0 P05 I=mu5+MCG(0,s5,fps,n5) Rpar=1; ri

BP06 0 P06 I=-th6*(delay(V/(P06),del)-mu6)+delay(V(P06),del)+sqrt(del)*MCG(0,6,fps,n6) IC=ic6 Rpar=1; Vt
BP07 0 PO7 I=mu7+MCG(0,s7,fps,n7) Rpar=1; aoff

BP08 0 P08 I=mu8+MCG(0,s8,fps,n8) Rpar=1; aon

BP09 0 P09 I=mu9+MCG(0,s9,fps,n9) Rpar=1; roff

BP010 0 P10 I=mu10+MCG(0,510,fps,n10) Rpar=1; ron

BP011 0 P11 I=mul11+MCG(0,s11,fps,n11) Rpar=1; etas

*Auxiliary functions

.func K(on,off)=off+(on-off)*limit(0,1,V(H)) ; distribution function

func TS(x)=exp(-V(P11)*(x-VSB(I(BF)))) ; characteristic set time

.func TR(x)=exp(etar*ISF(V(H))*(x-V(P04))) ; characteristic reset time

func VSB(x)=if(x>V(P03),exp(V(P06)),vs) ; snapback voltage

.func ISF(x)=if(gam==0,1,pow(limit(0,1,x),gam)) ; snapbforward effect

.func MCG(x,y,z,n)=x+(y)*sqrt(-2*In(rand((1E3*n)+time*z)))*cos(2*pi*rand((LE3*n)+time*z+1ES5)) ; Gaussian generator
.ends

TABLE A Model script. LTspice DMM script including the parameters (fix, probability distributed, and p-OU type), the model equations and
auxiliary functions for simplicity.

R=if(-I(R1)<=20E-3,0.01,V(in,out)/ 20E-3)

in /\'};\/out

PULSE(0-1.30.50.250.2501)
(

PULSE(0 1.3 0 0.250.250 1) \/ T /vz un R6
() TuAN
&/ ' 1E10 \l/

.tran 0 140 0 1e-6

Figure A: LTspice schematics used to perform the simulations. Combining V1 and V2, the bipolar voltage sweep signal is achieved (from 0
to 1.3V, to —1.3V and back to 0). Other signals can be applied if required. R1 is used for setting the current compliance at 20 mA. By
combining the model script and schematics, the simulated I-V curves shown in Fig. 5 in the manuscript were obtained.



Explanation for the model script

The model script is described in Section A of this Appendix. In Table A, + and — are the conventional device
terminals, while H is the output terminal for the memory state (not used here). The first section defines the
model parameters. del specifies the timing of the autoregressive part of the function and corresponds to the
period of the measurement cycle. fps (fluctuations per second) is the sampling rate for the random part of the
function. HO is the initial memory state and V; the transition voltage. RPP is a parallel resistance required by
the output current generator. The complete circuit is illustrated in Figure A shows the details of the model
parameter distributions. The following lines define the parameters used to account for the variability: 4 p-OU
processes were considered here. Notice that there are 4 building parameters per line: thX, muX, sX and nX,
where X is the line number and each value represents a different model parameter. thX is the cycle-to-cycle
reversion coefficient, muX is the mean value of the parameter, sX is the standard deviation of the noise term,
and nX is a factor for differentiating the noise amplitude for each parameter. Next, the p-OU generators are
defined, again one line for each model parameter (specified at the end of the line after a semicolon).

I = —thl * (delay(V(P01),del) — mul) + delay(V(P01),del) + sqrt(del) *
MCG(0,s1, fps,nl) IC = ic1 Rpar =1

Q)

(1) is an example of a p-OU process defined in the model script. The corresponding parameter is generated
using a current source in parallel to a resistance of value unity (Rpar = 1). However, it is worth pointing out
that for some specific parameters (for example I, ¢ ), the best probability distribution is lognormal, not normal
as expected from an expression like (1). In such cases, a simple transformation of the p-OU signal is performed
when calling the parameter in the corresponding model equation. In other words, if the natural logarithm of a
variable is normally distributed, the variable itself is lognormally distributed. Hence, by computing the
exponential of the p-OU signal presented in (1), we achieve a lognormally distributed p-OU signal. The p-OU
processes include three terms: the reversion factor, the value of the variable corresponding to the previous
cycle, and the random term generated by the MCG RNG (defined in Supplementary Material, Section B). In
addition, in the script line of each p-OU process, a proper initial condition (/C) is included. This helps to
eliminate the transient effect as explained in subsection III.A of the manuscript. Alternatively, (2) describes a
direct approach (PD) for generating a random parameter value with a given distribution (no correlation effect
is assumed in this case).

I =mu3 + MCG(0,s3, fps,n3) Rpar =1 2)

Table B summarizes for each model parameter the variability type (PD or p-OU) considered, the associated
probability distribution, and the reason behind the underlying assumption. Extracted means the distribution is
selected via fitdistrplus (R package) and support means the parameter is set as variable for accuracy issues.
For the sake of simplicity, and to avoid over-randomness, only 4 parameters, one for each key region of the
hysteretic loop, were selected to be described as p-OU processes: Iof, Ion, Vr and Vi. The rest are considered
PD-type.

Par t Type Distribution Origin
e p-OU Normal Extracted
Loss p-OU Lognormal Extracted
I, PD Normal Extracted
Vr p-OU Lognormal Extracted
Vg p-OU Normal Extracted

Aon, Aoff PD Normal Support

Ron, Rogr, Ri PD Normal Support

etas PD Normal Support

Table B: Summary of the model variable parameters. Information about the variability type (p-OU or PD), the used distribution, and the
origin of this distribution, either extracted from the experimental, or just for support or reproduction issues.



B — Random number generation (RNG) in LTspice

In order to generate an OU process, a white Gaussian RNG must be implemented. To this aim, LTspice offers
different base functions: white, rand, random and gauss. From this list, the gauss function can be
straightforwardly disregarded because it only operates when used in the model parameters definition, i.e.,
before the simulation starts and remains fixed ever since. It is indeed useful when independent cycles are
generated as in [1]. Although the three remaining candidate functions are supposed to generate a uniform
distribution of numbers in the range [0,1], they have subtle differences: random is a smoothed version of rand,
and white is a bit smoother than random. white is not just an offset version of random. More in detail, Fig. B
illustrates the generation of random numbers using the functions: a) rand, b) random, and c) white. The
histograms are the result of 4 - 105 generated data points. As can be seen, the best candidate function is rand
since the other two distributions are far from being uniform.
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Figure B: Histograms for the signals obtained with the different LTspice functions: a) for rand, b) for random and c) for white. Correlation
plots for two signals obtained with the same LTsipice function but different seed: d) for rand, e) for random and f) for white.
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Figure C: a) Q-Q plot for normality test and b) FFT spectrum in logscale, for the signal generated with the Box-Mdiller algorithm using the
rand function from LTspice with a 107 sampling rate.

Next, in order to generate normally distributed random numbers, we consider the Box-Miiller (BM) algorithm



[2]. The method requires two independent uniformly distributed random variables (U; and U,) as the inputs.
The output is a normally distributed random variable (Z,) with average 0 and variance 1. The BM algorithm
is expressed as:

20 =TI -cos (-0 @

In order to confirm the independence of the two inputs, Fig. B also presents the correlation plots for two
different signals generated with the same LTspice function: d) for rand, e) for random, and f) for white. The
figures show that the correlation coefficients (CC) are very low in all the cases. These results were obtained
by ensuring a high enough offset between the seeds of the two inputs. The correlation, and therefore the
dependence between these two generated random variables is strongly affected by this offset: the lower the
offset, the higher their interdependence. Importantly, the correlation plots in Fig. B highlight the simulator
limitation concerning RNGs. Since the internal computation timestep is not under the control of the user, a
uniform time grid cannot be straightforwardly generated. In this connection, the correlation plots shown in
Fig. B are expected to exhibit a 2D randomly distributed set of points, however, intermediate points always
appear in between the extremes of each segment. This undesirable effect is more pronounced in the cases
of the random and white functions.

In the DMM script (see Supplementary Material - Section A), the BM algorithm is implemented using (4)
with some additional specific features. The function is called Monte Carlo Gaussian (MCG) and it is expressed
as:

MCG(x,y,z,n) =x +y-sqrt (—2 -In(rand(time -z + k- n))) -cos(2 - pi-rand(time -z + k- n + 4)) 4)

In (4), x and y represent the mean value of the variable of interest (u) and its standard deviation (o),
respectively. z refers to the sampling rate of the noise generator and n is an integer number in the range [1, d]
that forces a different seed for each model parameter (d parameters) considered for variability. More in detail,
in (4), three different bolded terms appear: time - z, k - n and 4 as arguments of the rand functions. time - z
corresponds to the generation of z random numbers per unit of time. Both the sampling rate z of the MCG
generator and the parameter del must be chosen accordingly. 4 ensures a different seed for both multiplicative
terms considered in BM. In general, this number needs to be large (10° in the simulations shown in this
work). Finally, x - n specifies the seed for each model parameter (10% in our simulations). The obtained
results are reported in Fig. C. Figure Ca shows the quantile-quantile (Q-Q) plot and Fig. Cb the Fast Fourier
Transform (FFT) of the generated data with the MCG function at a sampling rate of 107. These results are
assessed using the Lilliefors test [3], which is a specialized variant of the Kolmogorov-Smirnoff statistical test
for normality. As can be seen in Fig. Cb, the signal spectrum remains almost flat until the frequency reaches
the chosen sampling rate. Despite of the simulator limitation, i.e., the generation of undesired intermediate
points, the analysis carried out reveals that the dataset generated by the rand-based MCG generator
approximately follows the requirements of an OU process. However, this must be imperatively assessed for
each specific situation.

Another practical issue that requires attention is the timestep effect in the LTspice simulated signals in
connection with the sampling rate (z) in the RNG. It was found that the use of a very short maximum timestep
(Max;) is crucial for obtaining changes in the signal at the expected time values. Figure D illustrates this
point by comparing identical processes using z = 10* with two different Max,, values: 1073 and 107, in
pink and green, respectively. For the sake of clarity, the green signal includes a 0.4 offset in the y-axis. The
main differences between both signals occur at the points where the RNG value is expected to change. For a
low Max,s (pink signal) the transitions show glitches. The problem is solved by using a shorter Max, as in
the case of the green signal. As a rule of thumb, z - Max,; < 10~2 should be used in LTspice.
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Abstract - In this work, we assess the impact that changes
in the parameters of the quasi-static memdiode model
(QMM) for RRAM devices will have on the simulated
conduction  characteristics. ~ Sensitivity  analysis is
recognized as the most important technique for identifying
which parameters are key drivers of the model’s results.
The model’s reference parameters are extracted first from
a typical (median) experimental I-V curve of an
electroformed HfO.-based metal-insulator-metal (MIM)
structure. Then one parameter is changed at a time (so-
called univariate or one-way analysis) in the LTSpice
script and the variation of some selected observables
recorded. Special attention is paid to the voltage span-
induced sensitivity effect.

l. INTRODUCTION

Memristors or resistive RAMs (RRAMs) are two terminal
devices with a non-volatile switching resistance property.
The devices can switch from a high-resistance state (HRS)
to a low-resistance state (LRS) in a process called the set
event. The opposite process (transition from LRS to HRS)
is called the reset event [1]. This kind of devices are
currently considered as good candidates for a plethora of
applications including memory arrays, neuromorphic
computing, logic gates, cryptography, etc. [2-3]. For this
reason, the development of appropriate compact simulation
tools is urgently needed. As there is still no definite model
for these devices and the number of approaches relentlessly
grow year after year, the different proposals must be
thoroughly evaluated before considering them reliable. In
this work, we have focused the attention on a particular
feature of the quasi-static memdiode model (QMM). This
is also valid for any other model. This feature is the
sensitivity of the model, that is, how uncertainty in the
simulation output can be apportioned to different sources
of uncertainty in the model input [4]. In our case, we must
consider as inputs not only the model parameters but also
the applied voltage span. This is a relevant issue because of
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the hysteretic nature of the memristor conduction curve:
the current that flows through the device depends on the
applied voltage as well as on its previous history. This
work is also motivated by the need to ensure consistency
with a previous work concerning cycle-to-cycle (C2C)
variability in RRAM devices simulation [5]. In [5], a
method for including uncorrelated C2C variability by
extracting some parameter distributions from the
experimental data and their incorporation into the QMM’s
parameters for Monte Carlo simulations was proposed. The
obtained results showed that simulations can reasonably
reproduce the main features exhibited by the experimental
curves. In this work, a one-way sensitivity analysis, which
consists in the change of one parameter at a time and the
evaluation of its impact on the model output, is carried out
[6]. The method was applied to the QMM for four
significant observables related to the |-V characteristic.
They are: i) the high (Iurs) and ii) low (I rs) resistance
state currents extracted at V=0.3V, iii) the set voltage (Vs)
corresponding to the current jump in the positive bias
region, and iv) the reset voltage (Vr) corresponding to the
maximum current reached at negative bias. These four
observables, the two extreme conducting states and the set
and reset transitions, are selected so as to cover the
different regions of a typical RRAM I-V curve.

1. THE QUASI-STATIC MEMDIODE MODEL

As mentioned in the Introduction, the one-way sensitivity
analysis was applied to the QMM model [7]. This model
describes the conduction characteristics of bipolar resistive
switching devices. The switching is originated by the
formation of a conducting filament (CF) inside the
dielectric caused by the application of an external field.
This filament is related to the accumulation of metal ions
or oxygen vacancies (depending on the device type). The
CF can be ruptured by the application of a field with the
opposite sign.

The QMM comprises two equations, one for the electron
transport, consisting in a double-diode circuit with series
resistance (1), and a second equation for the internal
memory state of the device based on the logistic hysteron
(2). According to this model, the I-V characteristic of a
RRAM device reads:

1(V) = Io(4) sinh{a(D[V = (Rs(D) + RIIT} (1)



where Iy(A) = ILnin + (Imax — Imin)A 1 the diode current
amplitude, Rg; and R; series resistances, a a fitting
parameter and I,,;; and I4,, Minimum and maximum
current amplitude values, respectively. Both Rs and a can
change in a similar fashion. From (1), as I, increases the I-
V curve modifies its dependence from an exponential
function to a linear one. This is a consequence of the series
resistance effect. The memory state A, which is a control
parameter that runs from 0 (HRS) to 1 (LRS), is related to
the voltage across the filament’s constriction V, =V — R;I
through the recursive operator:

MVe) = min{T=(V), max[A(Te), T* (VO] (@)

where A(VE) is the memory value a timestep before and T'*
and '~ are the so-called ridge functions. These functions
are expressed as:

1
1+exp [-nt- (Vo —VH)]

which represent the sequential creation (+) and dissolution
(-) of the conductive filament. n* are the set (+) and reset
(-) transition rates and V* are the threshold voltages for set
(+) and reset (-). The model uses other parameters for the
fine-tuning of the simulated curves (see the script in Table
1) and it is implemented in LTSpice using an equivalent
circuit with behavioral current sources. H is the output
node corresponding to the memory state. The model
includes the snapback (isb) and snapforward (gam) effects.

r+,) = 3)

subckt memdiode + - H

.params

+ HO=8E-3 ri=190 vt=0.45 ish=43E-6

+ etas=200 vs=2 etar=10 vr=-0.63 CHO=1E-3
+ imax=4.8E-3 amax=2 rsmax=15 gam=0.12
+ imin=1E-5 amin=2 rsmin=15 RPP=1E10

*Memory equation
BH 0 H I=min(R(V(C,-)),max(S(V(C,-)),V(H))) Rpar=1
CH H 0 {CH0} ic={HO0}

*1-V

RE + C {ri}

RS C B R=RS(V(H))

BD B - I=10(V(H))*sinh(A(V(H))*V(B,-))
RB + - {RPP}

*Auxiliary functions

.func 10(x)=imin+(imax-imin)*x

.func A(x)=amin+(amax-amin)*x

func RS(x)=rsmin-+(rsmax-rsmin)*x

func S(x)=1/(1+exp(-etas*(x- if(I(BD)>isb,vt,vs))))
func R(x)=1/(1+exp(-etar*pow(V(H),gam)*(x-vr)))
.ends

Table 1 : LTSpice QMM script. The listed parameters are set to
fit the median curve of the experimental data. Model parameters
are not directly linked to the corresponding observable.

1. EXPERIMENTAL RESULTS AND ANALYSIS

The devices investigated in this work are HfO,-based MIM
structures with oxide thickness of 10nm and area of
5x5um?. The electrodes are Ti and W. The device structure
can be seen in Fig. 1.a. Further details about the devices,
fabrication, and measurements can be found in [8]. The
model parameters are chosen so as to reproduce the median
curve of the experimental data obtained from 450
consecutive voltage sweeping cycles. Fig. 1.b shows the
comparison between the simulated curve and the median
curve obtained from the experimental data. The four
observables that will be analyzed are indicated in the
figure. Notice that the current magnitude in HRS and LRS
is independent of the bias sign. The complete set of
measurements is presented in Fig. 1.c in log-lin scale.

a ——V
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Ti—- ———
W
Si
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- \
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R -0.5 0.0 0.5 1.0 1.5
Applied Voltage (V)

Current (A)

-1.5 -1.0 -05 00 05 1.0 1:5
Applied voltage (V)

Figure 1: a) Device structure, b) simulation results compared to
the experimental median |-V curve extracted from c)
experimental 450 voltage sweeps with current in logscale.



The one-way analysis was carried out considering a bias
voltage high enough to achieve the full set and reset states.
Hence, Fig. 2 illustrates the effect of the maximum applied
voltage (Vapp) on the simulations. The figure also
indicates the trends for the four different observables as the
applied voltage is increased. Notice that for a maximum
applied voltage of 1.5V (red curve), the simulation does
not achieve a full reset state so this voltage affects the
sensitivity studies performed on the rest of observables.
This is an important point to consider.

5 [— T T T T
4t |
Vapp = 1.5V
——Vapp=25V
23 ——Vapp =35V |
£
g
£ 2 1
=3
]
l 4
T Vs
0 1 L L 1

Applied Voltage (V)

Figure 2: Simulated 1-V curves for different applied voltages. The
change in the observables is indicated.

In what follows, we will only consider only full set and
reset states. This can be achieved with a maximum applied
voltage of £2.5V (see Fig. 2). The parameters were swept
one at a time (50 steps each) in a reasonable range and the
obtained 1-V curves analyzed. Fig. 3 shows the relative
variation of the observables as a function of the relative
variation of selected model parameters: a) n, (reset
transition rate), b) a (1-V slope parameter), ) L4y, and d)
Imin  (maximum and minimun currents). Table 2
summarizes the magnitude and trend associated with the
variation of the four observables in terms of all the
modified model parameters (a change of +30% from its
reference value was considered for the analysis). The
reference parameters are those obtained from the fitting of
the median curve (see Fig. 1.b).

Notice that there are colors and signs in Table 2. Red
means almost no dependence between the observable and
the model parameter; orange indicates that for a 10%
model parameter variation, less than 10% variation is
detected in the observable. Finally, green corresponds to a
variation larger than 10%. (+) or (-) indicate direct or
inverse dependence, respectively. Reading the first column
of Table 2, we can see the impact of all the inputs over the
observable Iygs, it has a strong and positive dependence on
alpha, Imin and gam. It also exhibits strong and inverse
dependence on Vapp and etar. Weak and positive effect

from Vr and Imax and scarcely affected by Ri, etas, Rs and
Ish.
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Figure 3: One-way sensitivity plots for the relative change of the
observables a) Inrs, b) Iirs, ¢) Vs and d) Vg against the relative
change of the model parameters: etar, alpha, Imax and Imin.
Notice that this kind of analysis is a necessary step for the
incorporation of C2C variability in the model script.
Modelers can test a wide range of scenarios and need to
know how this variability in the model inputs can modify
their simulations.

Ihrs | Irs | Vs | Vr

Vapp - - + 0
Ri 0 - 0 +
etas 0 0 0 0
etar - 0 + +
alpha + + - +
Vr + 0 - +
Rs 0 - 0 -
Isb 0 0 + 0
Imax + + - +
Imin + 0 - 0
gam + 0 - 0

Table 2: Intensity and sign (direct or opposite) of four
observables against all the analyzed parameters. + and — signs
for direct and inverse dependence, respectively. Green: >10%,
orange: <10% and red 0%.

1V. CONCLUSION

A one-way sensitivity analysis was performed on the
quasi-static memdiode model. The impact that variations in
the model inputs will have in the model outputs was
investigated. The work was motivated by the need to
extend the analysis carried out in a previous work [5]
where a first attempt to include C2C variability in RRAM
simulations, particularly in the QMM for LTSpice, was
reported. Here, the role played by the different model
parameters was assessed. The results were graphically
represented in a table summarizing the intensity and
relation between the model inputs and outputs (direct or
inverse).
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*This document is only a section of the above presented review paper.
5.2.- Application of the Dynamic Memdiode Model for C2C variability

As highlighted in the introduction and previous sections, variability in resistive
memories in general and in bipolar-type filamentary RS devices in particular are hot
research topics. Variability was shown to be the result of morphological changes in
the CF at the atomic scale [Yu2016, Lee2015]. Since this kind of variability is inherent
to RRAMs operation, any compact model intended to reproduce as realistically as
possible their behavior in the circuit simulation landscape must contemplate this
phenomenon. In particular, this section focuses on the inclusion of non-correlated
C2C variability in the Dynamic Memdiode Model (DMM) for RRAM devices
[Miranda2020, Aguirre2022]. The DMM describes the conduction characteristics of
RS devices under the application of arbitrary input signals. The origin of the switching
behavior is related to the creation and destruction of the CF that spans across the
dielectric layer. This in turn is linked to the metal ions or oxygen vacancies
displacement depending on the device type (CBRAM or OxRAM). In bipolar devices,
the transition between HRS and LRS (CF formation) and vice versa (CF rupture) takes
place at opposite voltages [Dai2015, Blasco2015]. This is the case we are going to
analyze next.

The DMM reproduces the hysteretic behavior of the memristive device by means of
two nonlinear coupled equations: one for the electron transport (Equation 5.2.1) and
one for the memory state (Equation 5.2.2). According to the DMM, the I-V
characteristic reads (see expression (3.2.5)):

I(V) = Iy(A) sinh{a(D[V — (R.(A) + R)I]} (5.2.1)

where V is the applied voltage, I, is the current amplitude factor, R, is a variable
series resistance, and « is a variable model parameter. R; refers to a fixed resistance
related to the snapback voltage correction (Vg, =V —R; - 1) [Wouters2019]. The R;
value corresponds to a vertical current increase at the transition voltage Vr. Notice
that Equation 5.2.1 includes three different parameters with A-dependence. For
simplicity, these parameters are assumed to change linearly and in the same way
from a minimum (off) to a maximum (on) value as a function of 1. For example,
Io(A) = Iogs + (Ion — logs) - A, Where I, and I,, represent the minimum (HRS) and
maximum (LRS) current amplitude values, respectively. A runs from 0 to 1 and is
called the memory state of the device (a state variable in the general memristor
model). Its purpose is to control the transitions HRS «> LRS. According to Equation
5.2.1, HRS depends exponentially on V, while LRS depends linearly on V (because of
the potential drop across the series resistances R; and R.). 4 is described by a balance-
type voltage-driven differential equation [Miranda2020]:



dA 11— A A
dt ~ 15(4,Vs) TR(A V)

(5.2.2)

where 15, [s], called TS and TR respectively in the model script in Table 5.2.1, are
the characteristic times for the set and reset transitions. They are expressed as:

z5(V) = exp[-ns(Vep — Vsr)] (5.2.3)
TR(V) = exp[npAY (Vs — V)] (5.2.4)

where ng; [V7'], also called etas and etar respectively in the model script shown in
Table 5.2.1, are the transition rates; Vs, [V] are the set and reset switching voltages,
respectively. The snapback current (isb in the model script) acts as a threshold
current for the snapback effect and the snapforward parameter y > 0 (called gam in
the model script) controls the reset transition rate. HO is the initial memory state.
RPP in Table 5.2.1 is a parallel resistance required by the output current generator.
Further details about the Dynamic Memdiode Model can be found in [Miranda2020,
Aguirre2022].

The model script is presented in Table 5.2.1. The script contains the model
parameters as well as the transport and memory equations. + and - are the
conventional device terminals, while H is the output terminal for the memory state
(not used in this work). For illustrative purposes, Figure 5.2.1 shows a simulated
curve with the DMM for a sinusoidal applied signal with amplitude 1.5 V and frequency
1 Hz. While Figure 5.2.1a shows the I-V characteristic in logarithmic scale, Figure
5.2.1b shows the same I-V curve (in black) in linear axis and the resulting curve after
the snapback correction (in red). Notice the vertical current increase in the red curve
occurring at V7.

a 001 T T T T T b u T T T T T T

— |-V characteristic
~—— Snapback correction
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Voltage (V) Voltage (V)

Figure 5.2.1. Simulated I-V curve obtained with the script and parameter configuration in
Table 5.2.1, without including variability. a in logscale and b in linear scale (black) presenting
the snapback correction (red).

.subckt memdiode + - H

.params

+ HO=0 ri=150 RPP=1E10 vs=2.0 vt=0.45 gam=0.2; if gam=0 no SF
+ etas=40 etar=20 aoff=2 roff=10 aon=2 ron=10

+ vr=vr0+gauss(sigvr) vr0=-0.4 sigvr=0.02

+ isb=isb0+gauss(sigisb) isb0=40E-6 sigisb=5E-6; if isb=1 no SB

+ ion=ion0*exp(gauss(sigion)) ion0=3E-3 sigion=0.1

+ ioff=ioff0*exp(gauss(sigioff)) ioff0=20E-6 sigioff=0.25




*Memory Equation

BI 0 H I=if(V(+,-)>=0,(1-V(H))/TS(V(C,-)),~V(H)/TR(V(C,-)))

CHHO1ic={HO} U1
*I-v vi
RI + C {ri} -+ +
RS C B R=K(ron,roff) =
BF B - I=K(ion,ioff) *sinh(K(aon,aoff)*V(B,-)) Rpar={RPP}

*Auxiliary functions

.func K(on,off)=off+(on-off)*limit(0,1,V(H))

func TS(x)=exp(-etas*(x-if(I(BF)>isb,vt,vs))) .tsé:E’(_ozii:i:_)s
-func TR(x)=exp(etar*pow(V(H),gam)*(x-vr)) .step param X1 100 1
.ends

H

memdiode

Table 5.2.1 = LTSpice DMM script including the transport and memory equations. Variability is
included in several key parameters. The Gaussian function is added in red for normal
distributions and in blue for lognormal distributions. The LTSpice schematic is included for
simulating 100 cycles under the voltage and timing considerations.

Before introducing variability in the script, it is essential to understand the model
behavior and the role each parameter plays within it. In [Salvador2021b], a one-way
sensitivity analysis was performed in a simpler version of the memdiode model. In
the referred paper, the impact of the model parameters in the simulated I-V
characteristics was evaluated for four observables (HRS and LRS current magnitudes,
SET and RESET voltage transitions) and the results reported in a summary table.
Similarly, in this subsection, the effect of considering variability in the key model
parameters is studied one at a time using the o (sig) values incorporated into the
model script. The inclusion of C2C variability in the DMM is performed by adding a
Gaussian random number generator to the model parameters (gauss function in
LTSpice). This function returns a zero centered normal distribution function with a
standard deviation 0. This is indicated in Table 5.2.1: red for a normal distribution
and blue for a lognormal distribution. This selection is consistent with the
experimental study carried out in [Salvador2021b]. Figure 5.2.2 shows the results
obtained from this analysis varying a) ioff, b) ion, c) isb, and d) vr one at a time. The
reported results correspond to 100 cycles.
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Figure 5.2.2. Impact in the I-V characteristics of including variability in model parameters
one at a time: a joff, b ion, cisb, and d vr.

Notice that isb and vr changes only affect the transition regions as expected.
Nevertheless, ioff not only impacts the HRS current but also the set transition.
Similarly, ion not only impacts the LRS current but also the reset transition. As it can
be seen in Figure 5.2.1 as well as in our previous study [Salvador2021b], a single
random parameter can impact more than one region of the simulated curves. This is
a consequence of the hysteresis effect and is referred to as variability propagation in
the simulation process. The results reported in Fig. 5.2.3 indicate that an excess of
model parameters with variability (concurrent variability) can introduce over-
randomness in the simulated curves which in the context of circuit simulation can be
hard to keep under control. This is further discussed next.

Once the impact of including variability in a single model parameter at a time has
been analyzed, the second step consists in investigating how a combination of
random model parameters affects the DMM output results. Here, for the sake of
simplicity, variability was included in some of the key model parameters without
considering cross-correlation effects among them. In [Salvador2021b], the main
features of C2C variability in a HfO2-based RRAM device were reproduced using an
iterative approach for the selection of the model parameters but the process was
applied to a simpler version of the memdiode model. Notice that by including
variability in 4 parameters (ioff, ion, isb and vr) simulations exhibiting C2C variability
in all the curve regions can be achieved. As illustrated in the inset of Table 5.2.1, the
procedure consists in generating a 100-cycle set of 1 second simulations, each one
obtained after the application of the same input signal (sinusoidal voltage with
frequency 1 Hz and amplitude 1.5 V). Importantly, each loop in the simulation is
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computed independently from the others ruling out correlated C2C. The results are
obtained using the model script and the parameter values reported in Table 5.2.1.
Figure 5.2.3 shows the simulated I-V curves, a) in logscale and, b) in linear scale.
The magnitude of the fluctuations can be changed using the o value associated with
each model parameter. Variability in the rest of parameters: ri, etas, etar, etc. is also
possible but caution should be exercised since this can introduce over-randomness
as discussed above.
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Figure 5.2.3. I-V curves from 100 cycles simulations including variability in the 4 specified
parameters as presented in Table 5.2.1. a in logscale and b in linear scale.

After presenting the model response to concurrent variability, additional concerns
about the variability propagation problem can arise. For instance, variability
propagation can introduce an unexpected behavior in the HRS current: since for the
example discussed here simulations start in the first quadrant and finish in the third
quadrant, the initial and final spread of the resulting I-V curves (HRS) can be different
if the experiment is not properly designed. However, this is a possible outcome that
can occur under specific experimental circumstances. First, we have to take into
account the impact of the applied voltage span, i.e., if this span is not large enough
to produce a complete set or reset of the device, then variability in the simulated
HRS curves will be different for positive and negative voltages. This aspect of the
problem was studied in [Salvador2021b] and it was referred to as voltage-induced
variability.

Second, the simulation cycle number can also have influence on the symmetry of the
I-V loop if cycles are not independent. A difference between the first and the
subsequent cycles can be interpreted as a propagation variability issue. In this case,
the first HRS cycle is strongly connected with the initial memory state parameter HO
which is sometimes unknown or simply put to zero. However, in the second cycle, if
the cycles are not independent, the initial HRS current value is forced by the
magnitude of the previous reset event. In Figure 5.2.4, a density plot comparing the
initial and final HRS current values (extracted at 0.2 V, respectively) are compared
for the first and second cycles and the maximum applied voltage: a) 1st cycle and
Vmax=0.9 V, b) 1%t cycle and Vmax=1.5V, c) 2" cycle and Vmax=0.9 V, and d) 2"
cycle and Vmax=1.5 V. Figures 5.2.4b and 5.2.4d show that the initial and final HRS
current distributions coincide because the voltage span is high enough to induce the
complete reset of the device.

However, Figs. 5.2.4a and 5.2.4c show a different behavior. In a), the densities are
shifted, meaning that the initial and final HRS currents do not match as



experimentally expected. This difference is voltage-induced since 0.9 V is not high
enough for the device to reach the full reset condition and therefore the final HRS
current is ruled by this incomplete reset process. c) corresponds to the second cycle
but since the initial HRS current is ultimately determined by the previous incomplete
reset process, both the initial and final HRS current distributions (measured at
opposite voltages) match. If the reset process is not complete, the I-V loop estabilizes
only after one or more cycles.
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Figure 5.2.4. Comparison between the initial and final HRS current densities for different
voltage and cycle situations: a 15t cycle and Vmax=0.9 V, b 1st cycle and Vmax=1.5 V, ¢ 2"
cycle and Vmax=0.9 V and d 2" cycle and Vmax=1.5 V.

In summary, this subsection reported a simple approach for including uncorrelated
C2C variability in the DMM for RRAM devices. The model is able to generate random
I-V curves with the desired variability. A more realistic scheme not only should
include self-correlation effects in the model parameters but also cross-correlation
effects. This imperatively requires a detailed time series analysis such as that
reported in [Roldan2019]. In addition, the effects of variability propagation and the
role played by the voltage sweep span were also discussed.
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Abstract— The beneficial role of noise in the performance of
Hf-based memristors has been experimentally studied. The
addition of an external gaussian noise to the bias circuitry
positively impacts the memristors characteristics by increasing
the OFF/ON resistances ratio. The known stochastic resonance
effect has been observed, when changing the standard deviation
of the noise. The influence of the additive noise on the memristor
current-voltage characteristic and on the set and reset related
parameters are also presented.
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I. INTRODUCTION

Emerging devices as memristors are nowadays of great
interest in the scientific community due to their properties, as
low power consumption and large integration density [1]. The
reversible change in memristor conductivity when subjected
to a proper biasing opens the possibility of their use in a wide
range of applications, such as non-volatile memory,
alternative computing architectures, neuromorphic systems,
security schemes, etc [2-6]. Memristors show a non-linear
current-voltage characteristic, so the properties associated to
nonlinear systems can be explored in these devices. In this
sense, although noise in electronics should usually be avoided,
in non-linear systems it can have a beneficial role, improving
the performance of devices. This phenomenon is known as
Stochastic Resonance (SR) and it is present in nature in
several fields as biology, engineering, etc [7-10]. SR takes
place in non-linear devices with thresholds in their
characteristic curves, as it is the case of memristors.

Several previous works have analyzed the constructive
role of noise in memristors. [11] analyzes theoretically the
beneficial role of an additive noise in memristors through a
memristor model. An alternative SR model in memristors can
be found in [12], with a good agreement with experimental
measurements in manganite samples. In [13] SR is
experimentally studied in memristors subjected to sinusoidal
signals with noise added. The SR was also shown to reduce
the Bit Error Rate (BER) in Resistive Random Access
Memory (RRAM) devices [14]. In [15], the addition of noise
in metal-oxide memristors fabricated with zirconium dioxide
and tantalum pentoxide is analyzed both experimentally and
theoretically, observing the constructive role of noise in these
samples.

In this work, we demonstrate experimentally the beneficial
role of noise in CMOS compatible hafhium oxide-based
memristors. Differently to other works where the noise signal
is needed to observe the regular memristor hysteretic current-
voltage characteristic (1-V, Figure 1), in this work we start

vasileios.ntinas@upc.edu
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Figurel: Typical current-voltage characteristic of the memristors used
in this work. Inset: The set/reset voltages were defined as the positive
(Vset) /negative (Vreset) voltages for which the mean value between
the maximum and minimum conductance values in the I-V curve
characteristic were measured. Iset and Ireset currents correspond to the
currents associated to Vset and Vreset respectively.

from samples where the initial 1-V curves (without noise)
show a clear differentiation between the memristor low
resistance state (LRS, ON state) and the high resistance state
(HRS, OFF state), and study the impact of a noise added to the
bias of the device on these I-V characteristic curves. In this
case, noise is not used to initiate/achieve memristor state’s
switching, but to further improve/widen the existing resistance
window. Statistical characterizations of the resistance ratio
between the ON and OFF states (Rorr/Ron) and of the currents
and voltages in the set and reset processes in the presence of
noise are analyzed.

1. SAMPLES AND MEASUREMENT PROCEDURE

The tested samples consist in TiIN-Ti—-HfO,~W Metal-
Insulator-Metal (MIM) structures. A cross-sectional view is
shown in Figure 2. The devices were fabricated on Si wafers
with a thermally grown 200nm-thick SiO; layer. The 10nm-
thick HfO. layer was deposited by atomic layer deposition
(ALD) at 225°C using TDMAH and H;O as precursors, and
N as carrier and purge gas. The bottom electrode consists of
a 200nm-W layer and the top electrode of a 200nm—TiN on
top of alOnm~—Ti layer acting as oxygen getter material. The
resulting device structures are square cells with an area of
5x5um?. Further details of their fabrication process can be
found in [16].

The measurements were performed wusing a
Semiconductor Parameter Analyzer (SPA) Agilent 4156C.
The equipment was controlled via GPIB bus, and the
measurements programmed with Matlab software. Firstly,
fresh (i.e. as-grown) memristors were subjected to a 1mA



current-limited forming process that takes place at voltages =
4V. After forming, the memristor 1-V characteristics (Figure
1) were registered during 200 consecutive cycles. To measure
the 1-V curves, the samples were subjected successively to
voltage ramps, sweeping the voltage from 0V to 1.2V, from
1.2V to -1.2V and from -1.2V to OV and the current was
registered during the application of voltage.

The memristors used in this work present a bipolar
behavior. The set process (the change from HRS to LRS) is
produced for positive voltages and the reset process (the
change from LRS to HRS) takes place at negative voltages
(Figure 1). The variation in the memristor conductivity is
related to the formation/destruction of a conductive filament
through the dielectric where oxygen-related species are
responsible of this conductive variation [17].

Registration of each 1-V curve takes several seconds, so
that each voltage ramp can be considered as a series of DC
measurements with increasing voltage. To analyze the noise
impact, Gaussian noise, whose standard deviation (c) ranged
between 50 mV and 150 mV, was added to the ramp voltage
by smart instrument control. Noise was generated by the SPA,
programmed with a Matlab script to add point to point to the
voltage ramp bias a gaussian signal of a determinate sigma.
Fresh devices were used to analyze each noise condition.
Noise impact on the difference between ON and OFF
memristor resistance ratio (Rore/Ron), 1-V curves, set and
reset voltages and currents (Vreset and Ireset) were studied.

Memristors were also subjected to pulsed voltages of 50
Hz and 1KHz frequency using the Keithley 4200A-SCS. For
these measurements, Gaussian noise was added to the system
by hardware, using the Keysight 81150A pulse function
arbitrary noise generator.

I1l. RESULTS

A. Impact of noise on memristor Rorr/Ron resistance ratio

From the values of currents at a voltage of -0.5V in the I-
V memristor characteristics (lorr and lon in Figurel) the
resistance ratio Rore/Ron was directly obtained through
Ohm’s law. The reading voltage of -0.5V was chosen because
the probability to change the memristor state at this voltage

without noise
|—— noise o = 50mv
|—— noise = 75mv

CDF

- = noise o = 125mv|
|=——noise o = 150mv|

0 20 40 60 80
R, /R,

Figure 3: CDFs of the memristor Rorr/Ron ratio for different noise
. The curves are ordered following the stochastic resonance behavior.
Noise o of 90 mV offers best Rorr/Ron ratio.

value is very low. Rore/Ron Was evaluated from the 1-V’s
measured with and without additive noise. Figure 3 shows the
cumulative distribution functions (CDFs) of the Rorr/Ron
ratio measured for the 200 cycles at each noise condition. Note
that the smallest Rorr/Ron ratio is measured when noise is not
added and that the presence of noise always leads to larger
values of this parameter. However, the improvement depends
on the value of o. Initially, as o increases, the CDF curves are
shifted to the right (i.e, to larger Rore/Ron Vvalues), with a
maximum shift for the case of o= 90 mV. But, for larger noise
o values, the CDFs curves shift towards smaller values of
Rore/Ron. This result suggests that the phenomenon of the
stochastic resonance is observed in memristors in the presence
of noise. Figure 4 shows the mean value of the Rore/Ron ratio
as a function of the noise standard deviation. Each point in this
graph is the mean value of the ratios measured in the 200
cycles applied for each noise condition. Clearly, an increment
of the Rorr/Ron ratio is observed when noise is added, and the
maximum improvement is observed for noise ¢ around 90
mV. The addition of noise has a clear beneficial role, and the
typical stochastic resonance curve with a peak for
intermediate noise levels is observed.

To further analyze the impact of noise in the memristor I-
V characteristic, Figure 5 shows the memristor 1-V curves
without adding noise (left) and with a noise of 90 mV o
summed to the bias (right). Differences in the currents and
voltages associated to set and reset processes are also observed
in the presence of noise. These differences are analyzed in
more detail in the next section. From the 200 cycles, cycles
12, 91 and 193 were selected as examples of initial,
intermediate, and final cycles. The memristor |-V
characteristic is clearly more open when noise is added,
leading to the larger Rore/Ron resistance ratios. In both cases,
as the number of cycles increases, the difference between ON
and OFF state currents decreases, and the hysteretic behavior
of the I-V curves tends to decrease. This is a general trend for
all the noise o studied and can be attributed to a memristor
degradation as the number of I-V cycles increases, that
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Figure 5: Memristor current-voltage characteristics at cycles 12, 91 and 193
without (left) and with 90 mV noise o.
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Figure 6: Memristor Rorr/Ron ratio as a function of the number of
cycles for the without noise case and for additive noise s of 50 mV/
and 90 mV.

provokes a decrease of the memristor resistance ratio. As an
example, Figure 6 shows the evolution of the Rore/Ron ratio
along the 200 I-V cycles, for the w.o.-noise case and when a
noise of 50 mV or 90 mV o is added. A clear difference in the
evolution of the Rore/Ron ratio with cycling is observed,
depending on the presence or absence of noise. Again, a
notable increment of the ratio for =90 mV is observed in the
first cycles. However, as the number of cycles increases, the
Rore/Ron ratio tends to decrease, for the three cases
represented, which is related to the reduction of the difference
between the ON and OFF state currents observed in Figure 5,
attributed to the memristor degradation.

The previous results have been obtained through the
application of slow ramp voltages that can be considered a
sequence of increasing voltage DC measurements. Rorr/Ron
ratio was also investigated when memristors were subjected
to bipolar pulsed voltages (with top and bottom voltages of
1.1V to -1.1V respectively) with frequencies of 50 Hz and
1KHz. For each frequency and noise o, 200 pulse periods
were applied. Memristor -V curves are obtained from the rise
and fall edges of the pulsed signal, and the Rorr/Ron ratio was
calculated from the lon and lorr currents at -0.5V as in the
DC case. Figure 7 shows the mean value of the Rorr/Ron and
the standard deviation for each frequency/noise condition.
As frequency increases, both the resistance ratio mean value
<Rorr/Ron> and its standard deviation decrease, as expected
[18]. A dependence of the Rore/Ron ratio on the noise
standard deviation is also observed, with larger Rorr/Ron

35— T T T T T T

—=—50 Hz
30 —e— 1KHz|

251

20

151

Rore/Ron

10 777%7 +
0 50 100 150 200 250 300
Noise ¢ (mV)

Figure 7: Rorr/Ron resistance ratio for memristors subjected to
pulsed measurements. Error bars indicate the standard deviation.

values for noise o ranged between 50 and 200 mV. However,
the impact of noise in these pulsed conditions is lower than
for the DC case.

B. Impact of noise on memristor set and reset parameters

The effect of noise on the voltages and currents associated
to the set and reset processes (Vset, Vreset and Iset, Ireset)
was also analyzed for the DC case.

Figures 8 and 9 show the Vset and Vreset voltages and
their standard deviations, respectively, as a function of the
noise o. The results suggest that the addition of noise tends
to decrease Vset. In the case of Vreset, the influence of noise
is not so clear. Although, in general, larger values of Vreset
(in absolute values) are measured in the presence of noise, for
6=90 mV, a change of tendency to lower reset values is
observed. The effect of noise in the Vreset and Vset
dispersion is more noticeable (Figure 9). For the noise o
where SR is more clearly observed (from 75mV to 100 mV),
a lower dispersion of the Vset and Vreset values is obtained.
Similar trends have been observed for the Iset and Ireset
currents (Figure 10). For the noise cases where the SR is more
visible, Iset and Ireset currents tend to increase (in absolute
value), leading to a major difference between LRS and HRS
conduction levels, that is, the Rorr/Ron ratio. Again, the
impact of noise is more appreciable in the Iset and Ireset
standard deviations, with lower current dispersions for noise
o between 75 mV and 100 mV (Figure 11).
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Figure 8: Mean values of Vset and Vreset as a function of noise o.
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V. CONCLUSIONS

The potential beneficial role of external noise has been
demonstrated in Hf-based memristors. The addition to the bias
of gaussian noise of a determined standard deviation increases
the resistance difference between the memristor LRS and HRS
by opening the resistance window between ON and OFF
states. The typical stochastic resonance curve has been
observed with a peak at a certain optimum noise level: the
OFF/ON resistance ratio is the lowest for the case without
noise, and in the presence of noise, it increases until the
optimum noise standard deviation and decreases again for
larger noise amplitudes. Clear differences in the memristor
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Figure 10: Mean values of Iset and Ireset currents as a
function of noise o
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Figure 11: Iset and Ireset standard deviations as a function
of noise c.

current-voltage characteristics have been observed when noise
is added, affecting the hysteretic memristor behavior. The
impact of noise on the set and reset voltages and currents has
also been studied, observing that the addition of the external
noise provokes a lower dispersion of set and reset voltages and
currents. Though more investigation about the constructive
role of noise on memristors should be performed, this work
paves the way for a promising scenario where characteristics
and reliability of memristive circuits can be enhanced, taking
advantage of the SR phenomenon.
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