T10, and Biomaterials based
Memristor Devices
and

Its In-Memory Computing Applications

by
Shubham Ranjan

A thesis
presented to the University of Waterloo
in fulfillment of the
thesis requirement for the degree of
Master of Applied Science
in
Electrical and Computer Engineering

Waterloo, Ontario, Canada, 2020

© Shubham Ranjan 2020



Author’s declaration

| hereby declare that | am the sole author of this thesis. This is a true copy of the thesis, including any
required final revisions, as accepted by my examiners.
| understand that my thesis may be made electronically available to the public.



Abstract

As information technology is moving toward a big data era, the conventional Von Neumann architecture
has shown limitation in performance. This is constrained by the large volume of data being continuously
fetched and stored through input-output (10) device, which not only adds performance penalty but power
penalty as well. Therefore, it is necessary to bring processing unit as close as possible to memory for
minimizing data transmission. Memristors provide dual functionalities of data storage and computing at the
same location without data transmission, therefore is one of the most promising candidates for energy
efficient in-memory computing. However, being stochastic in nature, variations in memristor device is one
of the major challenges in its use towards in-memory computing. In this thesis, we demonstrate novel
memristor devices with unique characteristics, which could facilitate reprogrammable application and high-
density storage. Further, we demonstrate the applications of the fabricated memristor devices for in-memory

computing, with a motive for less sensitive circuits towards variations in devices.

Inthe first device, TiO. and maple leaves (ML) are combined to form a functional layer (TiO2-ML) inside
memristive devices, which demonstrate both the capacitive effect and the non-volatile storage capability.
When the voltage increases from zero, the device firstly enters a capacitive-coupled memristive state at low
voltage before switch to normal memristive state at a higher voltage. The existence of capacitive coupled
and memristive behavior, modulated by programming voltage, forms a unique reprogrammable device. In
the second device, formed by Al/TiO2-Graphene-DNA/Pt layers, high performance and stable intermediate
multistate resistive switching behaviors have been achieved. Further, for in-memory computing, a high-
density memory and multibit parallel logic computations are realized based on the multistate resistive
switching behaviors. This improves data storage capacity and performance up to 2x with respect to
conventional single bit memristor devices when they are used to store binary data, without any compromise
in accuracy. Further, we use Al/TiO2/Al memristor device, to demonstrate a variation tolerant analog-
digital-hybrid matrix multiplication circuit, for high precision and efficient in-memory computing. It was
observed that, in comparison to conventional analog based matrix multiplication scheme using memristor,
the proposed scheme improves the average accuracy up to 16.35%, with sacrificing power, performance
and area up to 18.5%, 8.2% and 3.2% respectively. This work provides a new horizon on the memristor
devices and will improve the understanding of engineering device and circuits for efficient and variation
tolerant in-memory computing.
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Chapter 1

Introduction

1.1 In-Memory Computing

1.1.1 Need for New Computing Paradigm

Artificial intelligence and machine learning have proven to provide means for several advanced
applications. Recently, various improvements and achievements have been accomplished through deep
leaning to implement a wide range of applicationssuch as object detection, face detection, self-driving cars,
predictive technology, chat bots, self-learning robots, game playing computers, etc. [1-9]. Although
machine learning theories have been developed since 1980s, it was not until the last decade when the field
started to boom with an explosive scale of real-world applications. [10-12].
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Figure 1.1. The trend of increasing power densities and clock frequencies of processors [13].
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One of the key challenges in the early days was inability of hardware machines to support these applications
to process large database, often with hundred or more parameters associated with it.  Fortunately,
continuous CMOS scaling has eventually reached the level to enable the hardware for implementation of

deep learning applications.

The CMOS scaling, i.e., the decreasing size of transistor, has been directly associated with the increase
in frequency of the processor which in turn can speed up the computation. However, as the frequency of
the processor is increased, its power density increases as well. As historical data shown in Figure 1.1 [13],
the frequency and power of modern processors have been increasing in a highly correlated manner since
1971. Such trend, however, has started to saturate when Moore’s Law eventually comes to an end. Under
the current scaling scenarios, with further increase in frequency, the power density would become too large
and it is impossible for the chip to cool down by evacuating heat. Therefore, anymore increase in frequency

could result in damaging the chip. This is the known as heat wall and is the first limitation in the existing

computing paradigm.
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Figure 1.2. Memory wall issue in conventional Von Neumann Architecture [14].

The second limitation of the scaling is shown in Figure 1.2, which is known as memory wall [13,14]. The
conventional computers are based on Von-Neumann architecture, where the CPU or the basic processing
unit and memory unit are separate. However, in case of data intensive computation such as deep learning,
a high volume of data movement between processing unit and the memory is involved, which causes high

2



latency and power consumption. In addition, as the technology is scaled, the gap between performance of
processing unit and memory is widening, as shown in Figure 1.3 [15]. Thus, increasing frequency further
adds only little to performance in case of data intensive operation, as processing units needs to sit idle for
the time the data is being fetched from the memory.

Hence, the traditional Von-Neumann architecture is no longer efficient moving forward. Novel
computing architectures are explored for more advanced applications and faster processing.
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Figure 1.3. Processor Memory performance gap widening trend [15].

1.1.2In-Memory Computing
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Figure 1.4. In-memory computing paradigm [14].
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As illustrated in the Figure 1.1, human brain has much less power density as well as lower frequency of
operation comparing with processors based on VVon-Neumann architecture, yet it is able to solve very
complex problems. One of the key reasons for such efficient operation is that the operation of the brain
involves computation and storage of the data in the same region. Therefore, for performing more complex
operation more efficiently, it is necessary to shift hardware designs more closer to paradigm of brain. This
has inspired researchers to explore in-memory computing architecture, in which computation and memory
storage takes within the same unit, as shown in Figure 1.4. These architectures are termed as in-memory
computing architectures.

1.2 Memristor

Several emerging nanoscale memory technologies such as memristor, phase change memory, magnetic
memory, and ferromagnetic memory have been explored for in-memory computing [16].

The memristor was proposed by L. Chua in 1971 based on missing element in the symmetry of
fundamental circuit theory [17]. The classical circuit theory is based on four fundamental quantities (i)
current, (ii) voltage, (iii) charge, and (iv) flux-linkage. The resistor, capacitor and inductor relate voltage-
current, voltage-charge and current-flux linkage respectively. Therefore, based on symmetry, L. Chua
proposed fourth element relating charge and flux, and named it as memristor. Although it was proposed in
1971, the memristor remain unobserved for several decades. It was identified recently in 2008 in HP labs
[18]. Memristor devices have many attractive properties such as nanoscale dimensions, low power
consumption and non-volatile memory [19-22]. This makes them suitable for many applications such as

computer memories, programmable circuits and in-memory computing circuits [16].

Memristor (also known as resistive random-access memory, RRAM or ReRAM), is a combination of
two words, memory and resistor. As its name indicates, memristor behaves similar to a non-linear resistor
in asense that it opposes the flow of charge in the same as resistor does. The difference isthat the memristor
has nonvolatile memory of its states [19]. So, its resistance value changes permanently depending on how
much charge has flown through the device. As long as the input signal across the memristor is applied, the
device keeps changing its resistance. Once the input signal is removed the memristor will in theory maintain
its resistance indefinitely or until input signal is applied again. To change the resistance of the device,
appropriate input voltages need to be applied for the appropriate duration of time.



The structure of a memristor device is a simple two-terminal structure where a dielectric layer is
sandwiched between two electrodes. The resistance of the sandwiched dielectric layer is controlled by the
potential difference applied across it, thus forming a memristor.
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Figure 1.5. Schematic illustration of switching mechanism of memristor [23].

The operation of device can be explained by conductive filament growth and rupture in oxide region with
application of potential difference at both the electrodes, as shown in Figure 1.5 [23]. During the one-time
electroforming process after the device fabrication, a high voltage, known as forming voltage, is applied to
generate mobile oxygen ions through dielectric breakdown. As a result, a conductive filament is formed
due to oxygen vacancies in the dielectric layer. During normal write operations, a programming voltage,
lesser than forming voltage, is applied between top electrode and bottom electrode to control this conductive
filament and thus device resistance. When a negative programming voltage V.« 1s applied at top electrode
with bottom electrode grounded, the oxygen ions migrate back to the oxide layer. Therefore, the conductive
filament ruptures and the device behaves as a high resistance device, which is known as high resistance

state (HRS) of the device. Similarly, when a positive programming voltage V. is applied at top electrode
5



with bottom electrode grounded, the conductive filament grows back again and the device behaves as a low
resistance device, which is known as low resistance state (LRS) of the device. To read the resistance state
of the device, a read voltage Viead, (Vread< Vsa/2; Viead< Vreser/2) 1s applied across the device to sense the read

current.

An ideal memristor should have large I1rs/Inrs ratio (>10?) i.e.., the ratio of read current when the device
is in LRS (low resistance state) to that when the device is in HRS (high resistance state) [16,23-25].
Additionally, an ideal memristor should have high endurance (i.e., device characteristics should not change
with several set and reset cycles) and retention (i.e., the device should be able to retain resistance state for
a long period of time) ability. It has been shown that very high level of endurance (120 billion cycles) and
retention (> 10 years) have recently been achieved in memristor device [16].

1.3 Scope of Research

One of the major hurdles for the use of memristor is its stochastic nature including cycle to cycle variations
and deviceto device variations. Thishas limited the use of memristor yetto be commercialized even though
posing enormous benefits. Moreover, there still remains a lot from a materials point of view to be explored
in order to achieve better performance and more stable device, especially using biomaterials, which

provides a cleaner source of fabrication for the memristor device.

In this thesis, we will try to address these issues in in-memory computing using memristor devices. The
thesis will cover development of memristor device using maple leaves as biomaterials. Further, we will
explore the use of DNA along with graphene, for the fabrication of memristor device and its application
towards development of high-density memory and parallel logic circuits. Lastly, we will discuss novel
circuits for performing matrix multiplication using memristor, with the proposed design being more tolerant
towards stochastic nature of the memristor device.

1.4 Organization

The thesis is divided in four main chapters. The Chapter 2 covers brief review about the related work about
memristor devices and its applications in in-memory computing. In Chapter 3, memristor device
development using maple leaves as a part of functional layer and the behavior of the device under different
voltage range will be discussed. In Chapter 4, high density memory and parallel in-memory logic operations
using memristor based on DNA as biomaterial functional layer along with graphene and TiO. will be
presented. In Chapter 5, novel analog-digital-hybrid matrix multiplication scheme to counter stochastic



nature of the device will be discussed based on memristor with TiO2 as functional layer. The Chapter 6
summarizes the research work and proposes the future work.



Chapter 2
Related work

2.1 Introduction

Since the discovery of memristor device in 2008 by HP, a wide range of materials have been explored to
improve the device stability, behavior, endurance, and fabrication methods. Recently, a lot of work has also
been particularly devoted towards fabrication of memristor using biomaterials for its easy availability,
cheaper fabrication method and environment friendly source. From the circuitand system levels, memristor
devices have been widely explored for its applications in in-memory computing. In this chapter, we will
discuss briefly about previously explored materials for the memristor in section 2.2, followed by various

applications of the memristor in in-memory computing in section 2.3.

2.2 Development of Memristor Device

The structure of a memristor device is a simple two-terminal layered structure, where an oxide layer is
sandwiched between two metal electrodes, as shown in Figure 2.1. However, the selection of materials and

the fabrication method plays an important role in the device characteristics.

‘ Top electrode

~ Oxide layer

% Bottom electrode

Figure 2.1. Structure of memristor device.

The materials for the oxide layer can be a single uniform oxide layer or a combination of multiple
oxide layer. Broadly, the oxide layer can be categorized as inorganic layer, and organic layer, which are
discussed in following section 2.1.1 and 2.1.2 respectively.

2.2.1 Memristor based on Inorganic Materials

A number of inorganic metal oxides have been observed to show memristive behavior, with majority of
them are transition metal oxides, and few are lanthanide series metal oxides [23]. It has been observed that
among different oxides, Cu.O and WO3, shows most compatibility with the conventional CMOS devices
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because a single additional oxidation stage of the Cu or W via/plug is required respectively [23]. The
deposition methods of these inorganic metal oxides usually include the ALD (atomic layer deposition),
PLD (pulse laser deposition), reactive sputtering, and oxidation of a corresponding metal.

TiO; is one of the initial materials to be explored for the memristor application. Yang et al.
fabricated 50nm x 50nm Pt/TiO2/Pt memristor devices, which exhibited stable switching behavior [26].
Strukov et al. explained that the switching mechanism of the Pt/TiO/Pt device is based on the movement
of the positive charged oxygen vacancies [18]. HfO2 isalso an excellent memristor material and its explored
widely for its application in memristor technology. In the primary stage of HfO. based memristor
investigation, the TiN/HfO./Pt structure is typically used to achieve the memristive characteristics [27].
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Figure 2.2. TIN/TiO2/HfO./TiN memristor behavior (a) I-V characteristics. (b) switching endurance
[28].

H. Lee et al. used combination of TiO2 and HfO. as oxide layer for the fabrication of memristor.
The typical -V curve and the variation in resistance with switching cycle for the fabricated memristor, is
shown in Figure 2.2 [28]. The resultant TiN/TiO2/HfO2/TiN memristor with high-speed operation showed
large ILrs/IHrs ratio (> 100), reliable switching endurance (> 108 cycles), long high-temperature lifetime,
and high device yield (~100%).

Among other materials, Al.Oz based memristor behaves very similar to that of HfO2 based

memristor in many characteristics. Additionally, Al.Oz based memristor also showed unique characteristics
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of the low reset current [23]. Using Al/AlO./Pt memristor device, Wu et al. first demonstrated low reset
current down to ~1 uA [29]. Further, Kim et al. doped the AIO; with nitrogen and achieved even lower
reset current (< 100 nA). The low energy/power consumption of AlO2 based memristor is a striking feature

[30].

2.2.2Memristor based on Organic Materials

In comparison to memristor with inorganic oxide layer, the oxide layer based on biomaterials are relatively
less stable, have lower endurance and lower I rs/Inrs ratio. However, the major advantage of using
biomaterials for the fabrication of memristor is its easy availability, cheaper cost of fabrication and

environmentally friendly source [16,31].
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Figure 2.3. Silk based memristor behavior (a) I-V characteristics. (b) Endurance test [32].

Hota etal., demonstrated fabrication of memristor based on biomaterials using natural silk cocoon fibroin
protein of silkworm, Bombyx mori [32]. Additionally, the film developed was transparent across most of
the visible spectrum. ITO and Al were used as top and bottom electrode. The 1-V characteristics of the
device is shown in Figure 2.3a. The endurance test of the device is shown in Figure 2.3Db. It can be clearly
observed that in comparison to device based on complete inorganic oxide layer (shown in Figure 2.2),

device based on biomaterials shows lesser endurance with cycle, and has lower I rs/IHrs ratio.
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B. Sun et al., demonstrated fabrication of memristor with natural biomaterials made from spider silk
(fibroin) developing Ag/Fibroin/Au structure, where the device showed I rs/lHrs 0f 60 [33]. Chen et al.,
fabricated memristor with egg albumen film Al/egg white/ITO structure, where the device showed I rs/lHrs
> 103[34].

Mao et al., demonstrated environmentally friendly and sustainable bio-memristor device with AgAvalnut
skin (WS)/ITOstructure. Interestingly, the fabricated device exhibited an overwhelming capacitance effects
in the bio-memristor device [35]. Xingli He et al., demonstrated use of Egg albumen as the dielectric, and
dissolvable Mg and W, as the top and bottom electrodes, respectively in order to produce water soluble
memristors [36]. The device showed I rs/IHrs ratio in the range of 102~104. It was further demonstrated that

the Mg and W electrodes, and aloumen film all can be dissolved in water within 72 hours.

Ham et al., demonstrated tunable memristor using light illumination [37]. The fabricated device consisted
of organolead halide perovskite (OHP) as dielectric layer, in which the resistance state is modified by both
electrical pulses and light illumination. Owing to the accelerated migration of the iodine vacancy inherently
existing in the coated OHP film under light illumination, the OHP based device exhibited light-tunable

resistivity functionalities with very low programming inputs (=0.1 V).

Ku et al., reported the use of organic-inorganic hybrid perovskite materials for the fabrication of
Ag/MAPDIs/FTO memristor [38]. Further they demonstrated the use of fabricated device for neuromorphic
computing. The results showed that the with energy consumption of the MAPbI3z-based memristor to be

estimated as low as 47 fJ/um?2, which as close as human brain.

The conduction mechanisms observed for the memristor based on organic materials remains same as
memristor based on inorganic materials (formation and rupture of conductive filaments), which was
confirmed by SEM imaging [16,23,31]. Generally, for the deposition of biofilm, spin coating method was
used in above cases, which makes the fabrication step very easy [32-35]. However, the inability to control
film thickness and maintaining film uniformity using spin coating deposition, isone of its major drawbacks.
Therefore, the device shows lesser endurance and retention ability in comparison to inorganic oxide films.
However, other than cheaper fabrication and maintaining cleaner environment, the organic materials based
memristor also adds extraordinary features to the device, which makes it noteworthy to be investigated

further.
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2.3 Applications of Memristor for In-Memory Computing

As discussed in chapter 1, in-memory computing is to perform computation within the memory blocks. As
shown in Figure 2.4, there are several aspects related to computations within the memory [16]. In this
section, we will briefly examine the different digital and analog computing schemes that have been
proposed. The most important element of in-memory computing is development of high-density memory
architecture. We will discuss various recent advancements in 2D, and 3D memory architectures based on
memristor devices in section 2.3.1. For in-memory digital computing, in-memory logics are also being
explored for implementation of general logic computation within the memory. Memristor provides various
alternative to carry out digital Boolean operations, which will be briefly reviewed in section 2.3.2. One of
the other important innovations in in-memory computing is the development of hardware based neural
networks and deep learning within the memory, which deals in TBs of data. The hardware implementation
of such in-memory computing based machine learning applications, has shown promising results in terms
of performance improvement and power reduction in comparison to Von-Neumann architecture [16], which
will be discussed in section 2.3.3. In section 2.3.4, brain inspired computing or neuromorphic processors
within the memory will be discussed, which relies on fundamental principal of working of brain, and is one
the major focus of recent study on in-memory computing.
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Figure 2.4. Aspects of in-memory computing [16].
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2.3.1Development of High-Density Memory

The memristor device is widely explored as non-volatile memory in various computing architectures,
largely due to its smaller area, high packing density, low power, high switching speed and its compatibility
with conventional CMOS device. The data is stored in form of resistance state of the device. Broadly, the
use of memristor as non-volatile memory can be categorized as analog memory and digital memory.
Generally, a crossbar structure is utilized for memory using memristor, where top electrode forms the word
lineand bottom electrode formsthe bit line, and the memristor device is formed at junction of each wordline
and bitline. For digitally storing data in memristor, Os and 1s are stored in form of HRS and LRS
respectively [39-42]. For writing data, a Vse: Or Vreset potential difference isapplied across the device through
word line and bit line. For reading the data, a Vread pulse (generally lower than Vs/2 and Vrest/2) is applied
at the word line and current flowing through bit line is sensed to determine the stored resistance state of the
device [44].
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Figure2.5. The colour map of the readout conductance with a reading voltage of 3V using memristor
based on hexagonal boron nitride and graphene [44].

However, it has been demonstrated that memristor could be used in more efficient manner in an analog
way, where more information can be stored in a single memristor. In this, intermediate resistance states are
being explored to store data. The use of memristor in analog way helps in reducing the area of the memory
significantly [44, 45].

L. Sun et al., demonstrated use of memristor as memory in an analog way as shown in Figure 2.5,
where a 12x12 crossbar structure was used to store data in form for conductance. The device used for the
demonstration based on hexagonal boron nitride and graphene, with I rs/IHrs ratio larger than 103 [44].
However, the use of memristor as memory in analog way also creates issue of precision during memory

write operations due to stochastic nature of memristor device [46-48].
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Planar peripheral circuits

(b)

Figure 2.6. (a) The schematic of 3D vertical memristor array [49]. (b) The schematic of stacked
memristor based memories with peripheral circuit [50].

Other than planer crossbar structure, a lot of research has also been focused on developing
architecture in 3D manner to increase the memory density, as shown in Figure 2.6 [49,50]. The Figure 2.6a
shows stacking of memristor positioned vertically over one another [49]. The Figure 2.6b shows stacking
of memristor layer over the other [50]. The integration of memristor in 3D architecture manner increases
the memory density; however, it makes the fabrication process significantly more complex and potentially

more expensive.

2.3.2In-Memory Logic

In the past two decades, in-memory digital computing has focused on identifying novel logic gate concepts
with lower energy and area consumption [16]. Resistive switching devices, such as memristor, provides a
number of advantages in digital computing, including direct access by interconnect lines, the capability to
electrically reconfigure the device, and nanoscale miniaturization. Figure 2.7 shows various methods to
perform digital Boolean operations using memristor, differing by the input type, the output type, and the
physical operation to describe the logic function [51-53].

In the logic gate of Figure 2.7a, the two input states X1 and X2 are represented by the voltage
values applied to the top and bottom electrodes, respectively, while the output of the logic operation is
stored as the resistance of the memristor device [51]. The output of the computation is the resistive state,
namely a logic value O for the HRS, and 1 for the LRS, where the memristor device is initialized to state 1.
One of the major drawbacks of this method is the requirement of sense amplifier to detect the state of the

device, and the conversion of resistive state to voltage state for the operations. Figure 2.7b shows the inputs
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and outputs for implementation of IMP logic. The IMP or “imply logic” is a fundamental but powerful

Boolean logic operation on two operands (p and q) such that “p IMP q” is equivalent to “(~ p) OR q”.
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Figure 2.7. (a) V-R logic gate based on memristor, and (b) corresponding truth table for material
implication (IMP) operation [16]; (c) The basic gate/latch circuit based on memristor, and (d) The
truth table for the q<—pIMPq [52]; (e) 2T2R logic structure with back-to-back RRAM pair, and (f)
corresponding truth table for P/Q and P’/Q’ when (Vu, Vi, Gp, Go)=(1, 0, 1, 1): P’=Q—P (IMP),
Q’=0 (bit set). P’=Q—0 (NOT) operation is highlighted in blue [53].

The logic gate in Figure 2.7c¢, is fully resistance based logics, where the inputs are stored initially in
memristor p and q. Bit ‘0’ is stored in form of HRS, while bit ‘1” is stored in form of LRS [52]. To execute
IMP function a pulse of Vcond and Vset is applied to p and g respectively, and the final result is stored in form
of resistance state of g. Figure 2.7d shows the truth table for the operation of IMP function using logic gate

shown in Figure 2.7c.

The Figure 2.7e shows another example fully resistance logic, based on memory ratioed logic [53]. In

this, two memristor are connected back to back and are initialized to inputs P and Q. After application of
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appropriate voltage pulse, memristor P stores the final resistance state as P"=Q—P and Q =0 as shown in

truth table 2.7f. The basic principal behind is the voltage drop across the memristors based on its initial
input resistance values.

2.3.3Machine Learning Accelerators

One of the important uses of memristors for in-memory computing is in machine learning
accelerators for faster and efficient matrix multiplication using crossbar array. A crossbar array consists of
multiple intersections between orthogonal row and column electrodes, each intersection containing a
memristor element [16]. The crossbar memories are extremely attractive to reduce the bit cell size, as the
individual device area is just 4F2, where F is the lithographic feature size in the process technology. From
the viewpoint of in-memory computing, the crossbar array naturally provides a hardware accelerator for
analog matrix—vector multiplication (MVM). Figure 2.8 illustrates the concept of MVM in a crossbar array,
where a voltage V; is applied to the ji" column, with j =1, 2, ..., N, where N is the number of rows and
columns. The voltage-induced currents of each resistive element are collected at the grounded rows,
yielding a total current.

i=>,GjjVj (2.1)

at the ith row, where G;j; is the conductance of the resistive memory at row i and column j. Equation (2.1)
is the analog product of the conductance matrix Gij and the voltage vector Vj, which implementsa hardware-
based MVM via Ohm’s law and Kirchhoff ’s law [54].

Crossbar MVM can be adopted for a broad range of problems, including image compression, sparse
coding, and implementation of artificial neural networks (ANNS), where Gij has the meaning of a synaptic
weight, V;j is a pre-synaptic spike amplitude, and i is the input signal to the i*" neuron.

The time consumed in computation of complex algorithms in machine learning and deep learning is
dominated by repeated matrix vector multiplication on huge data set. A separate hardware for matrix
multiplication inside memory provides huge boost in performance of machine learning algorithms. The
analog MVM in the crossbar can be carried out in just one step, as opposed to the digital CMOS based
MAC operation, which is a time and energy-consuming step in classical computers. Note that a significant
amount of energy for crossbar-based MVM is spent in operating analogue-to-digital converters that
transform the digital input vector into analog voltages V; in cases where the input of the calculations does
not come directly from analog sensors, or where further digital processing of the output is needed [16,55].
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Figure 2.8. Matrix vector multiplication using analog crossbar array memristors [16].

Crosshar MVVM has one of the major disadvantages intermsof precision as it relies on memristor devices,
which are stochastic in nature [48,55]. The precision is least of intermediate resistance, when performing
analog matrix vector matrix multiplication. Another method, proposed by Leibin Ni et al which performs
MVM on memristor crossbar array in digital way, where memristor is programmed only to HRS and LRS,
thus avoiding the precision issue. As shown in Figure 2.9, the method is based on four major steps [55,56].

The first step is called parallel digitizing, which requires N x N memristor crossbars. The idea is to split
the matrix vector multiplication to multiple inner-product operations of two vectors. Each inner product is
produced by one memristor crosshar. All columns are configured with same elements that correspond to
one column, therefore the voltages on bit-lines (BLs) are all identical. The key to obtain the inner product
is to set ladder type sensing threshold voltages for each column.

The inner-product output of parallel digitizing step is determined by the position where the result of first
step changes from 0 to 1. In the second step, XOR operation is performed for every two adjacent bits on
the output of the first step, which gives the result index. The third step takes the output of XOR step and
produces in binary format as an encoder. The last step is comprised of addition of all inner products.

In contrast to analog MVVM using memristor crossbar array, this method provides better precision and
consumes lesser area, with penalty in power by 3.12x [55].
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Figure 2.9. Digital Matrix Vector Multiplication using memristor crossbar array (a) Parallel
digitizing step of RRAM crossbar in matrix multiplication. (b) XOR step of RRAM crossbar in
matrix multiplication. (c) Encoding step of RRAM crossbar in matrix multiplication (d) RRAM-
based inner-product operation [55,56].

2.3.4Neuromorphic Computing

Similar to functioning of brain, in addition to performing all the computation within the memory,
the neuromorphic computing is based on mimicking the brain synapse on hardware. VVarious models such
as leaky integrate and fire, Hodgkin-Huxlex, integrate and fire models, etc have been proposed to imitate
functioning of brain to implement neuromorphic computing. In various research papers, memristor is used
as implementation of synapse [57-64]. Inside the human brain, to neurons are connected through synapse.
In neuromorphic computing, weight between two neurons (or the connection between two neurons) isstored

18



in form of memristor’s resistance state. The weight of this device is updated depending upon neuron spike.

STTP is one example of weight update rule [60].
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Figure 2.10. (a) memristor-CMOS synapse with 2T1R configuration. (b) voltage waveforms for Vcs
and Ve applied by the pre-synaptic neuron in the spike event (c) and overall circuit including the
synapse and the pre- and post-synaptic neurons. The overlap between Vce and Ve pulses causes a
negative current proportional to the synaptic weight, which is integrated by the post-synaptic neuron
and eventually contributes to fire [60].

Figure 2.10 shows implantation of leaky integrate and fire model using memristor [60]. Figure
2.10b shows the voltage Vce applied to the gate of the communication gate and Ve to the top electrode,
which are both applied by the pre-synaptic neuron in the spike event. The applied voltage spikes in the
figure induce a spiking synaptic current, which is proportional to the conductance of the memristor, thus
serving as a storage element of the synaptic weight. The synaptic current flows through the synaptic circuit
and is fed into the input terminal of the post-synaptic neuron, where integration and fire take place as shown
in the schematic circuit of Figure 2.10c. As the integrated current exceeds a certain threshold, the post-
synaptic neuron fires, sending a spike to the following neurons in the network, as well as applying a
feedback spike to the fire gate.
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Several neurons are connected together, forming virtual brain on hardware, which forms basis of
neuromorphic computing, which is a promising candidate for the next generation of computing
technologies. [57-60].

2.4 Summary

The memristor provides an efficient hardware technology to perform in-memory computing in terms of
power, area, speed and functionality. However, the roads are not straight forward, rather it is full of
challenges such as stochastic nature of the device, fabrication of 3D architecture, etc. In this thesis we will
discuss the fabrication of memristor using maple leaves along with TiO- layer, where the device shows
reversible capacitive coupled and pure memristive behavior, modulated by external voltage. Further, we
will discuss the fabricated device using graphene as interlayer, where the device shows great potential for
multi bit memory, rendering the need for 3D memory architecture moot. Lastly, we will discuss novel
design for machine learning accelerator using memristor, with better precision and more tolerance to
variation, at the moderate expense of power, performance and area.

20



Chapter 3
Capacitive-Coupled Memristive Behaviorbased on Organic-Inorganic
Heterojunction

3.1 Overview

The reprogrammable device is one of the important needs for circuit design. In this Chapter, TiO> and
maple leaves (ML) are combined to form a functional layer (TiO2-ML) inside memristive devices, which
demonstrate both the capacitive effect and the non-volatile storage capability. When the voltage increases
from zero, the device firstly enters a capacitive-coupled memristive state at low voltage before switch to
normal memristive state at a higher voltage. The existence of the capacitive behavior results in a non-zero-
crossing 1-V characteristic different from the zero-crossing curve observed in normal memristive device.

3.2 Introduction

Both memristor and capacitor share a similar two-terminal structure with a dielectric layer sandwiched
between two metal electrodes. While ideal capacitor has a dielectric layer with infinite resistance, resistive
paths form and rupture inside the dielectric layers of memristors. Thus, the memristor could demonstrate
capacitance characteristic during a unique/extreme phase of operation [65, 66]. That is to say that the
capacitive effect and the memristive effect can evolve with each other [67].

In previous reports, the capacitive effect was usually submerged by the high current density caused by
the formation of conductive filaments [68]. That is, after the conductive filament was formed between the
top electrode and the bottom electrode, it will short-circuit the capacitive effect, thereby exhibiting a pure
memristive effect. I. Valov and J. L. M. Rupp’s groups emphasized that the redox reaction caused by
moisture at the interface/surface plays a leading role for the generation of capacitive state in a memristive
device [69-71]. However, moisture does not provide a reliable way to precisely control the electronic
behavior. In addition, moisture should generally be avoided in the operation of electronic device because
moisture often causes the failure of electronic performance. Besides, the previously observed such
behaviors provide very small difference between memristive states of the device to be used in applications.

In this Chapter, we proposed a new device structure which uses voltage to control the device evolving
between capacitive behavior and pure memristive behavior. The organic-inorganic heterojunction provides
better stability and a greater difference between the resistance states of memristor device. Based on

theoretical analysis, a physical model is proposed to understand the evolution process.
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In the following section 3.3, we will discuss device fabrication steps and its characterization. In section
3.4, we will discuss the results, followed by conclusion in section 3.5.

3.3 Device Fabrication and its Characterization

The preparation process of the organic-inorganic heterojunction device with Ag/TiO2-ML/AI structure is
shown in Figure 3.1.
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Figure 3.1. The preparation processof organic-inorganic heterojunctiondevice with Ag/TiO2- ML/AI
structure. (a) masking for bottom electrode deposition (c) Al sputtering for bottom electrode (d)
formation of bottom electrode (e) deposition of bio film using spin coating method (f) TiO: film layer
formation over bottom electrode (g) Al sputtering for top electrode (h) device formation.

Firstly, glass substrates were cleaned subsequently in acetone, ethanol and isopropyl alcohol, and dried
under nitrogen gas flow. We use the shadow mask process to deposit bottom electrodes. The mask is placed
on the clean glass substrate, and the Al bottom electrode with a thickness of ~200 nm was deposited using
sputtering. Next, the mask was removed, and biofilm made of maple leaves was deposited using a spin-
coating technique. To prepare bio-film layer, we extracted the ultrafine ML powder from maple leaves by
multiple grinding and suction filtration methods, as shown in Figure 3.2. Then we prepared a ML solution
for the deposition of ML film by spin coating on a glass substrate with the Al bottom electrode. The sample
was then allowed to dry in the oven for ~24 hours in order to remove any moisture, followed by the
deposition of second oxide layer TiO2 with the thickness of ~20 nm using sputtering. Finally, the top
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electrode Ag with a thickness of ~300 nm was deposited using sputtering with the mask rotated by 90°
compared to the bottom electrode. An organic-inorganic heterojunction memristive device with Ag/TiO2-
ML/AI structure was obtained following these steps. An optical photograph of the as-prepared device is

shown in Figure 3.3.

Figure 3.2. The preparation processof maple leaf solution for memristor. (a) Maple. (b) Maple leaves.
(c) Maple leaf powder. (d) Maple leaf powder solution.

Figure 3.3. The optical photograph of the as-prepared device.

To study the memristive device behavior, we connect the bottom electrode to the ground and then apply
voltage sweep at the top electrode in the order of 0V —1.0V—0V — -1.0 V— 0V varying linearly at
a constant rate of 0.1 V/s. The experiment is repeated by increasing the voltage ranges from £1.0 V to +3.0
V, 5.0V, and £7.0 V, respectively. Finally, the experiment is repeated by changing the voltage sweeping
rate.

3.4 Result and Discussions

The 1-V curves with Vimax=1.0V, 3.0V, 5.0 Vand 7.0 V are presented in Figure 3.4a, c, e, g (linear scale)
and Figure 3.4b, d, f, h (logarithmic scale), respectively. These I-V curves with 30~100 cycles are shown
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in Figure 3.5. At Vmax = 1.0 V, Figure 3.4a shows that the I-V curve is non-zero crossing and does not have
point of intersection. It is known that this non-zero-crossing |-V curve indicates that a capacitive effect is
present in the memristor [72-74].

Current (LLA)

Voltage (V)

Figure 3.4. (a, c, e, g) The I-V curves under different voltage windows. (b, d, f, h) The corresponding
logarithmic I-V curves. (i) The I-V curve at 1.0 V under different voltage change rate. (j) The
corresponding logarithmic I-V curves.

When Vnax is increased to 3.0 V, it can be observed that there is a crossover behavior in the I-V
curve, and the intersection is in the first quadrant (Figure 3.4c). However, this |-V curve is still non-zero-
crossing. When continuing to increase the test voltage to Vmax = 5.0 V, the 1-V curve shows two cross-over
actions, as observed from Figure 3.4e, and the two intersections are in the first and third quadrants,
respectively. This is when the device transits from capacitive behavior into capacitive-coupled memristive
behavior. In order to further observe the change of the I-V curve at a higher voltage, the Vmax was further
increased to 7.0 V (Figure 3.4g). The standard memristive behavior is observed with a zero-crossing 1-V
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hysteresis curve. These |-V characteristics are repeatable, which can be controlled by the selection of Vmax.
By increasing Vmax, the proposed device evolves from a capacitive behavior to capacitive-coupled
memristive behavior and eventually to a pure memristive behavior.

8
204
() =
1.5F
—~ o~ 4r
= 1.0 F z
= =
= 05¢ = 2
5 5
= =HOoF
5 00} 5
© @)
0.5} 2F
-1.0F 4+
1 1 1 1 1 1 i 1 " 1 i L 1 i 1 i 1
-1.0 0.5 0.0 0.5 1.0 3 2 3 0 ] 2 3
Voltage (V) Voltage (V)
(a) (b)
200
30F
150
R 20 F 100
< =
ot = 50
5 5
E oL E 0
= =
Q O r
-50
10
-100
20 1 ! I 1 ! ! 1 1
-6 -4 2 0 » 4 6 2 0 2
Voltage (V) Voltage (V)
(d) (d)

Figure 3.5. The I-V curves for multiple cycles (a) 100 cycles under voltage window of 1.0 V. (b) 80

cycles under voltage window of 3.0 V (c) 50 cycles under voltage window of 5.0 V (d) 30 cycles under
voltage window of 7.0 V.

Besides, to understand the capacitive effect in the capacitive-coupled memristive device, different
voltage sweep rates (dV/dt) of 0.20, 0.10, 0.07, 0.05 and 0.04 V/s are applied with Vimax = 1.0 V. These
results are shown in Figure 3.4i (linear scale) and Figure 3.4j (logarithmic scale). The bottom electrode is
grounded, and voltage sweep is applied at the top electrode from0V - 10V -0V —-10V.Ina
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capacitor, | o« dV/dt, it is consistent with these results shown in Figure 3.4i. This further proves the
occurrence of capacitive effect in the device at low voltage.

The endurance test and the retention test of the device was performed for standard memristor
behavior, when the voltage sweeping window is variedas 0 V — 7.0V — 0V — -7.0 V. The endurance
test of the device measured at reading voltage of 0.25V is shown in Figure 3.6a. The test shows that cycle
to cycle the device shows small variations in resistance states. The retention test of the device measured for
1000sec for HRS and LRS state of the device is shown in Figure 3.6b. The test shows the device is able to

retain the resistance state without much degradation.
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Figure 3.6. (a) The endurance test of the device at Vread of 0.25 V. (b) Retention test of the device.

To understand the conduction mechanism in Ag/TiO2-ML/Al device, we re-plotted the 1-V curves in a
log-log scale (with |V| for negative voltages), as shown in Figure 3.7, and perform linear extrapolation to
each section of the curves. Based on the fitting results, it is very obvious that there are sections in the log-
log I-V curves with negative slopes (e.g. -0.15, -4.15 and -2.05) when the device is tested at Vimax=1.0V,
3.0V, and 5.0 V. However, no negative slope is observed when the device is tested at 7.0 V. The appearance
of these negative slopes is most likely due to the I-V behavior of a capacitive device [72-75]. When the test
voltage is low, no conductive filament exists in the dielectric layer. Thus, the capacitive effect dominates
in the proposed device. However, when the external voltage is increased to 7.0 V, a conductive filament

was formed in the functional layer of the device, which shorts the top and bottom electrodes of the device.
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In this case, the current is dominated by conduction current, causing the capacitance effect to disappear,
thereby exhibiting a pure memristive effect with positive slopes in log-log 1-V curves.
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Figure 3.7. (a, ¢, e, g) Experimental data and fitted lines of I-V curves of memory device in positive
voltage region. (b, d, f, h) Experimental data and fitted lines of I-V curves of memory device in
negative voltage region.

In addition, we further analyze the case of a positive slope. We can see that the Ohmic conduction
behavior (slope of ~1.0) occurs in the positive voltage region when a low voltage is applied to the device
(Figure 3.79g). However, the device obeys the space-charge-limited conduction (SCLC) behavior (slope ~
2.0) in the negative voltage region when a low voltage is applied to the device (Figure 3.7h), indicating that
electrons are conducted from the un-filled SCLC of the trap change to the trap filled SCLC[76-79]. It obeys
the following equation:

Jerap—fittea = %nsu[g—:] (3.1)
where J is the current density, n is the permittivity of free space, ¢ is the relative dielectric constant, x is the
mobility of charge carriers, V is the applied voltage, and d is the thickness of the functional layer. At the
same time, we can observe larger slopes (~3.15 and ~4.05) in the high voltage range. This larger slope
reflects the current density and energy distribution of the trap. That is to say, a conductive filament was
formed in the functional layer at a high voltage, at this point, the capacitive effect completely disappears.
Based on the above analysis, it is thus expected that the main conduction mechanism in our device would
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be the trap-controlled SCLC by the defects and formation of conductive filaments induced by oxygen
vacancies and Ag ions inside the TiO2-ML bilayer film, as shown in Figure 3.8.
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Figure 3.8. Schematicsshowing the electronsand oxygen vacancy diffusion processes. The conductive
channel is multilevel formed under high voltage district (HVD).

Figure 3.8 illustrates the carrier transport mechanism in the TiO2-ML bilayer film, which display
the conversion of the device between high resistance state (HRS) and the low resistance state (LRS) in the
low voltage district (LVD) and the high voltage district (HVD), respectively. It can be seen that when a
positive voltage is applied to the top electrode of the device, a positive charge, including oxygen vacancies
(Vo?*) and holes, will move toward the bottom electrode along the direction of the electric field and a
negative charge region will be shielded at the bottom interface. At the same time, the anode dissolution
reaction equation of Ag atoms in the top electrode occurs according to the reaction [80,81].

Ag— Agt+e— (3.2)

The positive and negative ions moving in the electric field carry displacement current, which leads
to the capacitive effect at the low voltage in the functional layer (Figure 3.8a, b). The displacement current
exhibits a non-zero-crossing I-V curve. Moreover, as the voltage increases, the ion concentration

correspondingly increases, which further changes the memristive behavior (the circular direction of the |-
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V curve) because of the internal electromotive force [82], thus exhibiting a different mode of capacitive-
coupled memristive effect in our device.

At high voltages, the device generates Joule heat locally due to high currents, which enhances the
mobility of Ag ions and oxygen vacancies, and the high electric field can effectively accelerate the
migration of electrons and ions [83-85]. After it reaches a certain threshold, it will eventually form Ag
conductive filaments and oxygen vacant conductive filaments inside TiO2-ML functional layer (Figure
3.8c). Once the conductive filaments were formed, it provides a path for the conductive current to travel
between the two electrodes, overwhelming any displacement current. At this time, the capacitive effect
completely is largely suppressed, showing a pure memristive effect. After the voltage polarity is inverted,
the Ag* ions and oxygen vacancy will be pushed back to the top electrode due to the Coulomb repulsion
effect, resulting in the conductive filament to be partially dissolved to form a large gap in the functional
layer [86-88]. The carriers of the conduction current are expected to tunnel through this gap. Hence, the
device returns to the HRS after such a reset process (Figure 3.8d). This process at high voltage is similar to
those reported in the standard memristive device.

3.5 Summary

In summary, through the organic-inorganic heterojunction devices fabricated using TiO2 and natural maple
leaves as a functional layer, we proposed a novel memristive device which shows capacitive behavior at
low voltages and normal memristive behavior at high voltages. Further, a theoretical analysis is provided
to explain the operation and behavior of the device. The existence of capacitive coupled and memristive
behavior, modulated by programming voltage, could provide way for new reprogrammable devices for in-
memory computing.
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Chapter 4
High Density Memory and Multibit In-Memory Logic based on Graphene

as Interlayer in Multi-State Memristor

4.1 Overview

As information technology moves toward a big data era, the conventional VVon Neumann architecture
has shown limitation in performance. This is constrained by the continuous large volume of data being
fetched and stored through input-output (10) device [89, 90]. Therefore, it is necessary to bring
processing unit as close as possible to memory for minimizing data transmission. Memristors provides
dual functionalities of data storage and computing at the same position without data transmission,
therefore is one of the most promising candidates for energy efficient in-memory computing. In this
chapter, we demonstrate a memristor device, formed by Al/TiO2-Graphene-DNA/Pt layers, with high
performance and stable intermediate multistate resistive switching behaviors. It was observed that the
asynchronous conduction by either oxygen vacancies migration or injected electron transfer is
responsible for the multistate resistive switching behaviors. Further, for in-memory computing, a high-
density memory and multibit parallel logic computations are realized based on the multistate resistive
switching behaviors. This improves data storage capacity and performance up to 2x with respect to
conventional memristor devices when they are used to store binary data. This work provides a new

horizon on the multistate resistive switching and the complete logic hardware.

4.2 Introduction

Recent research has been devoted to design advanced biomaterial-based resistive switching devices
in order to achieve sustainable, environmental-friendlyand biodegradable electronics [32-36,77,91-94].
Unfortunately, the performance of pure biomaterial-based resistive switching device is usually inferior
compared to inorganic materials-based counterparts. This is because biomaterials are prone to degrade
under the electric field or via chemical reactions with water molecules in the air, which ultimately leads
to the failure of device [94, 95]. Therefore, inorganic-organic multilayer structures, as functional
materials in resistive switching device, have recently attracted great attention. These hybrid structures
can achieve better performance in terms of HRS/LRS resistance ratio, retention and cycle stability [96-
98].

Since resistive switching behavior firstly reported in TiO2 a few decades ago, it has been observed in
other semiconductor materials systems [18,99,100]. Meanwhile, DNA, an organic compound of
deoxyribonucleic acid, is a natural, renewable, and biodegradable biomaterial which shows potential in
light emitting diodes and field effect transistors [101, 102]. Recently, DNA has been reported as a
functional layer in resistive switching devices which exhibit good memory behaviors [103, 104].
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Moreover, graphene has different electron conductivity along horizontal and vertical directions of the
basal plane, which can be used in advanced electronic devices [105, 106]. Here, we design a new
inorganic-organic TiO2-Graphene-DNA hybrid multilayer, as a functional layer to study its memory

behaviors in resistive switching devices.

In this chapter, we explore, for the first time, the behavior of inorganic-organic TiO2-Graphene-DNA
hybrid materials in non-volatile resistive switching devices. It was fabricated with a simple capacitor
configuration consisting of Al/TiO2-Graphene-DNA/Pt. We demonstrate that this memristor has
advantages in in-memory computing by achieving parallel computing, higher storage capacity, and
improved area savings. In the previous works, memristors were used as planer digital memory (storing
binary data in form of either HRS or LRS) [39-42]. However, the memory density in case of using
memristor as planer digital memory remains poor as only single bit can be stored in memristor.
Furthermore, it was also demonstrated that memristors could be used in multilevel way, where device
is used in analog mode by utilizing intermediate resistance state of the device [44,45]. However, the
accuracy and precision of writing data in form of intermate resistance state of the device is very poor
[46-48]. In order to achieve higher memory density and higher accuracy, 3D architectures were
proposed, which makes the fabrication steps complicated [49,50]. In this chapter, we demonstrate high
density memory can be achieved by storing 2-bits using fabricated device Al/TiO.-Graphene-DNA/PY,
without any compromise in accuracy and maintaining easier fabrication method. Further, we
demonstrate the cell can be used perform two simultaneous operations at a time. Compared with other
in-memory computing techniques, this memory system has great advantages in parallel processing,
power reduction and area savings. The described resistive switching device has stable multi-resistance

states, which can process up to two parallel operations in a single memristor.

4.3 Device Fabrication and its Characterization

y

Figure 4.1. The preparation process of memristive device with Al/TiO2-Graphene-DNA/Pt
structure.
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For the device fabrication, firstly, glass substrates were cleaned and dried by nitrogen gas flow.
Subsequently, a layer of Pt was deposited on the glass substrate by magnetron sputtering, as shown in
Figure 4.1. Then an organic DNA layer was spin-coated onto a bottom electrode Pt. When the spin-
coated DNA was completely dried, a layer of graphene was deposited on the DNA by solution method.
Then, we deposited a layer of titanium dioxide (TiO2) film on graphene by magnetron sputtering.
Finally, a mask was used to deposit a top electrode Al with 300 nm thickness and 500 pm in width. As
a result, we got a resistive switching device with Al/TiO2-Graphene-DNA/Pt structure. The current-
voltage (1-V) properties were measured using an electrochemical workstation, where a pulse is applied
at the top electrode of the fabricated device, with its bottom electrode grounded. Similarly, devices with

structure Al/TiO. /Pt, Al/ DNA/Pt, and Al/TiO2-DNA/Pt were fabricated and their 1-V properties were
measured.

4.4 Device Characteristics and Study of its Mechanism
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Figure 4.2. (a-d) I-V curves for the first cycle. (al-d1) corresponding logarithmic I-V curves.
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The Figure 4.2 presents typical first cycle -V characteristics of four fabricated devices
(AI/TIO2/Pt, AI/DNA/Pt, Al/TiO2-DNA/Pt and Al/TiO2-Graphene-DNA/Pt) under the voltage sweep of
0OV—-550V—->0V—-50V —0V.The I-V curve with more than 100 cycles is shown in Figure
4.3. We can observe that the 1-V curve given after many cycles (>100 cycles) is nearly identical to the
curve obtained in the initial characterization, indicating excellent endurance of the resistive switching

device. The corresponding I-V curves of Figure 4.2a-d in logarithmic form are displayed in Figure
4.2al-d1.
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Figure 4.3. (a-d) The I-V curves with 100 consecutive cycles. (al-d1) The corresponding logarithmic I-V
curves.
The 1-V response curves of these devices show obvious changes with different device structures in Figure

4.2. As the number of active layer increases, the loop of the I-V curve becomes larger. In particular, for Al/TiO2-
Graphene-DNA/Pt device (Figure 4.2d), when an external voltage is scanned from 0 to 5.0 V, the device switches
from HRS to LRS after two set processes around voltage of 3.05 V and 4.25 V. After this transition, the LRS would
not change until a sufficiently large opposite voltage is applied. The resistance state returns to the HRS after it goes
through two reset processes happening around voltages of -2.45 V and -3.75 V. The two set and two reset processes
appear in the opposite voltage regions, indicating that the as-prepared device displays bipolar multistate resistive
switching memory performance [107].

The uniformity of DNA film is critical for the device prepared by spin-coating method. This may affect the
stability and reliability of the switching operation. To evaluate the stability of as-prepared devices, we randomly
characterize the resistance switching characteristics at different locations of the devices. Fitting to Gaussian
distributions, Figure 4.4 shows the medians of the set voltages in each type of devices are 4.85 V (Al/TiO2/Pt), 3.40
V (AI/DNA/Pt) and 3.30 V (Al/TiO2-DNA/PY). By nonlinear fitting, the medians of the reset voltages in each type of
device are -4.5V (Al/TiO2/Pt), -3.85 V (AI/DNA/Pt) and -3.80 V (Al/TiO2-DNA/Pt), respectively.

However, for Al/TiO2-Graphene-DNA/Pt device, there are two distinguished peaks, with median set voltages
(3.05V and 4.25 V) and two peaks of reset voltages (median value at -3.75 V and -2.45 V). Since the set and reset
voltages correspond to the write and erase operation in the resistive switching device [108], these multilevel set and
reset processes provide a basis for the preparation and application of multistate memory in memristor devices [109].

The Al/TiO2-Graphene-DNA/Pt devices exhibit multilevel conduction states, as shown in Figure 4.5. At
different negative bias of 3.75V and 2.45 V, it can be observed a current of 0.135 mA (defined as state-0) and
4.75~6.65 mA (defined as state-1) at reset voltages of -2.45V and -3.7 V, respectively. Subsequently, the device
shows a current of 7.25~11.45 mA (defined as state-2) and 17.85~19.85 mA (defined as state-3) at the set voltage of
3.05and 4.25V, respectively. The multilevel conduction states are likely due to the formation of different conductive
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filaments in the TiO2-Graphene-DNA layer at different biases. When the set voltage exceeds 4.25 V, the conductive

filaments are completely formed between the top electrode and the bottom electrode, resulting in the maximum
current of 20 mA. The device shows the four resistance states are almost the same over 100 test cycles, as shown in

Figure 4.5. No obvious deterioration was observed, which indicates a good operational stability of the memory

device.
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Figure 4.4. The range of Vset and Vreset VOItages, and the fitting curve is satisfied the Gaussian distribution. a
Al/TiO2/Pt device. b AI/DNA/Pt device. ¢ Al/TiO2-DNA/Pt device. d Al/TiO2-Graphene-DNA/Pt device.
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The relationship between HRS/LRS resistance ratio and device structures is shown in Figure
4.6. It is worth noting that the Al/TiO2-Graphene-DNA/Pt device represents the largest resistance ratio
(~34.8) among the four types of devices. With the increases of the number of the active material layers,
the HRS/LRS resistance ratio of devices is enlarged gradually. More importantly, graphene as an
insertion layer can significantly improve the HRS/LRS resistance ratio of the device. This may be
because graphene hinders the rapid migration of electron and oxygen vacancies along the vertical
direction of basal plane, so that conductive filaments cannot be formed at low voltages across the top

and bottom electrodes.
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Figure 4.7. Experimental data and linear fitting of I1-V curves of memory device in positive and
negative voltage regions, respectively. (a) Al/TiO2/Pt device. (b) AI/DNA/Pt device. (c) Al/TiO»-
DNA/Pt device. (d) Al/TiO.-Graphene-DNA/Pt device.

It is necessary to explore the resistive switching mechanism in this new hybrid inorganic-
organic multilayer structure. In previous reports, researchers have proposed physical models to explain
the resistance switching phenomenon in different types of resistance switching devices [110-113].

Defect states, such as lattice defects and oxygen vacancies, can be readily formed in the DNA film
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during the solution-based thin film-deposition processes, which may act as trapping sites of charge
carrier [114-116]. To further understand the mechanism based on conduction theory, the -V curves
were plotted in a semi-logarithmic scale as shown in Figure 4.7, the 1-V curve with slope of ~1.0 can
be attributed to Ohmic conduction in the lower-voltage region, and its J-V resigned equation is as
follows [117]:

J =qnep g (4.1)

The above equation reflects the relationship between the current (J), electronic charge (q), the
concentration of the free charge carriers (n), dielectric constant (&), electron mobility (:), applied voltage
(V) and thickness of the functional layer (d). In the region with slope of ~1.13 for AI/DNA/Pt device,
the current conduction is dominated by Poole—Frenkel (PF) conduction in the DNA layer, as shown in
Figure 4.7b, f. It can be described by the equation [118]:

Jor = quep - exp(~LE AT (4.2)

where &g is the barrier height, ks is the Boltzmann constant, T is the absolute temperature, and o is the
permittivity of free space. In addition, the I-V curve obeys space-charge-limited conduction (SCLC)
with slope of ~2.0 at the higher bias voltage region [119]. As the number of injected carriers into the
functional layer increases under higher electric field, the traps in the interface charge limited region are
continuously filled up with injected carriers. It is usually called trap-filled SCLC, which can be
described as follows [119]:

Jtrap—fitlea = %nsu[z—z (4.3)
After that, the injected carriers move freely into the TiO2-Graphene-DNA functional material, leading
to the current rapidly jumping up to LRS. In the LRS, the current is fully controlled by the oxygen
vacancy conduction. In this situation, the 1-V curve follows Child's conductive law, that is Joc\V? [120].
Therefore, the 1-V curve corresponds to Ohmic and SCLC conduction mechanism in three other devices
in Figure 4.7, while AI/DNA/Pt device is followed by PF conduction.

Based on the conductive analysis in Figure 4.7, the conduction mechanism of Al/TiO»-
Graphene-DNA/Pt device would be the trap controlled SCLC by the defects and the formation of
conductive filaments, which are induced by oxygen vacancies inside the TiO2-Graphene-DNA
multilayer film, shown in Figure 4.8. A large amount of oxygen vacancies is contained in the TiO> film
prepared by sputtering [121-123]. Initially, the oxygen vacancies in the TiO» layer move toward the
TiOz/graphene interface along the direction of the applied electric field, and the electrons in the DNA
layer move toward the graphene/DNA interface, shown in Figure 4.8b. Due to the blocking of graphene,
most of oxygen vacancies are unable to pass through the graphene into the DNA layer at low voltage,
while electrons are also limited at the graphene/DNA interface at low voltage, shown in Figure 4.8b.
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With the oxygen vacancies accumulate in the TiO2 layer, a conductive filament composed of oxygen

vacancies is gradually formed [81, 124].
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Figure 4.8. (a) Typical I-V curve labelled different states with the models showing in (b-f); (b-f)
the schematic diagram of physical dynamic processes for these states for Al/TiO2-Graphene-
DNA/Pt device.

When this filament shortsthe top electrode Al and graphene, there isa sudden increase in current, shown
in Figure 4.8c. As the external voltage is further increased, oxygen vacancies overcome the energy
barrier and enter the DNA layer in Figure 4.8d. Oxygen vacancies are also accumulated to form
conductive filaments along DNA. Since DNA is a complex macromolecule containing nucleotides,
carbohydrates, and phosphate groups, which provides a good channel for the formation of conductive
filaments. When the oxygen vacancies conductive filament shorts the top electrode Al and the bottom
electrode Pt, we observe the sudden increase of current again, shown in Figure 4.8d. With the voltage
sweep enters the negative voltage region, the conductive filaments, composed of oxygen vacancies, are
successively disconnected in the TiO> layer (Figure 4.8e) and the DNA layer (Figure 4.8f) due to the
electrochemical reaction processes. Thus, the current has two mutational reductions correspondingly.
Therefore, the multilevel conduction and disconnection of the conductive filaments lead to two sets and
two resets processes, respectively, in the resistance switching devices. The novelty of our method is
that the use of a graphene interlayer allows the conductive filamentsto be multilevel states. This enables
achieving an implementation of a multilevel memory. This is important for non-volatile memory and

logic operation [125].

4.5 High-Density Memory using Al/TiO,-graphene-DNA/Pt as Memristor

As discussed in Chapter 2, memristor could be used as memory in two ways i.e., in digital mode or
in analog mode. In digital mode, HRS and LRS state of the device is used to store binary data ‘0’ and
‘1. However, in this mode, the memory density is relatively lower, as only single bit can be stored in

the device. In the analog mode, intermediate resistance state of the device is utilized in order to store
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more information in single memristor device, or in other words, memory density is higher in analog
mode. However, memristor being stochastic in nature, results in inaccuracy during memory write
operation, especially when writing to an intermediate resistance state of the device.
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Figure 4.9. Al/TiO.-DNA/Pt device modelling with variation. Cycle A represents device
characteristics with maximum Vg, and V. Cycle B represents device characteristics with
MiNimum Ve and Vieset.
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Figure 4.10. (a) Write operation in Al/TiO2-DNA/Pt device in Cycle A (with maximum V. and

Vyeset) @nd Cycle B (with minimum Vg and V). (b) Variation in resistance state between Cycle
A and Cycle B in Al/TiO2-DNA/Pt Device.

To understand the effect of variation, we use the ASU ReRAM model [126] tuned to the fabricated
Al/TiO2-DNA/Pt device, having typical memristor characteristics. The comparison between modelled

device and the fabricated device is shown in Figure 4.9a. The device variation is also measured and
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modelled by adjusting the parameters between Cycle-A and Cycle-B to cover the maximum and
minimum change in Vset and Vreser. Due to this variation, the programming of data in the system
generates inaccuracy as shown in Figure 4.10. Therefore, it can be inferred that the usage of unstable
intermediate states in memristors can lead to imprecision. As shown in Figure 4.10b, it can be observed
that, writing inaccuracy is maximum for intermediate state, while minimum for LRS and HRS. The
maximum and minimum possible length of the conductive filament in oxide layer restricts the variation
of HRS and LRS states.

AllTiO2-graphene-DNA/Pt Device Multiple cycle I-V plot
®— Modelled Al/TiO2-graphene-DNA/Pt Device - Cycle A
—A— Modelled Al/TiO2-graphene-DNA/Pt Device - Cycle B
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Figure 4.11. Al/TiO2-graphene-DNA/Pt device modelling with variation. Cycle A represents
device characteristics with maximum Vg Vserr ViesetidNd Viesero. Cycle B represents device
characteristics with minimum Vet1 Vset2 ViesetnaNd Vieseto.

To overcome this challenge of overall accuracy within small area, the proposed Al/TiO,-Graphene-
DNAV/Pt device can provide a promising solution for high density memory [16,127,128]. The flexibility
of four stable memory states in the device can play an important role in designing a memristor chip
because a single device can store and process 2-bits at the same time. As a result, the memory array
based on Al/TiO2-Graphene-DNA/Pt resistive switching cells can be used to perform multibit operation

with improved speed and accuracy in a small area and easier fabrication technique.

As shown in Figure 4.11, the ASU ReRAM model [126] is tuned to the fabricated Al/TiO2-DNA/Pt
device. The device variationis also measured and modelled by adjusting the parameters between Cycle-
A and Cycle-B to cover the change in Vset1, Vset2, Vresets and Vreser2. IN Figure 4.12, the as-fabricated
Al/TiO2-Graphene-DNA/Pt device shows 4 stable states with two stable intermediate states, which can
store 2-bits data at same time. In order to write bits ‘11°,”10’, a set voltage of 4.25V and 3.05V are
applied at the top electrode respectively, with bottom electrode grounded. Similarly, in order to write
bits ‘01°, ‘00°, a reset voltage of 3.75V and 2.45V are applied respectively, with top electrode at OV.
In-order to read the resistance state of the device, a read voltage of 1V is applied across the device to

measure the current. A current of 8.71mA,1.91mA, 1.12mA and 0.27mA currents were observed
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flowing through the device during the reading operation of ‘10°,’11°,’01° and ‘00, respectively. This

proves the use of device for the storage of 2-bits in a single memristor.

Write Write Write Write
cycle cycle cycle cycle
10’ 11 ‘01" ‘o0’

| TéPelc;Eimdc

Voltage (V)
[ 9

Voltage (V)
S = N W
1

=1 A X PRty : Lo (o v S

Current (mA)
()

Time (us)

Wirite cycle “2:% Read cycle

Figure 4.12. 2-bit memory operation using Al/TiO2-graphene-DNA/Pt modelled device (a) Word
line or the top electrode voltage (b) bit line or the bottom electrode voltage (c) device current.
Cycle-1 represents writing and reading data ‘10°, followed by writing and reading data ‘11°,’01°
and ‘00’ in cycle-2, cycle-3 and cycle-4 respectively. 1.91mA, 8.71mA, 1.12mA and 0.27mA
currents were observed flowing through the device during the reading operation of ‘10°,°11°,°01°
and ‘00°, respectively.

Moreover, as shown in Figure 4.13a, the proposed device shows can be programmed to 4 stable
states despite variations in device. The Figure 4.13b, the change in programing resistance state due to
variation in device. It can be overserved that, similar to Al/TiO2-DNA/Pt device with conventional
memristor characteristics, though the intermediate resistance state is affected due to variations,
resistance state-3, state-2, state-1, and state-0 can be programmed with more precision, attributed to
limits in growth and rupture of conductive filament growth. The storing of data digitally significantly
increases the accuracy w.r.t variations in device, and the fabricated Al/TiO2-Graphene-DNA/Pt device
reduces the number of required memristor to store the data digitally by half. The proposed Al/TiO»-
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Graphene-DNA/Pt device shows a great potential for the use in non-volatile memories in the existing
technologies with the potential of storing twice the datasize for the same number of memristors, without
any loss of accuracy and maintaining simpler fabrication method.
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Figure 4.13. (a) Write operation in Al/TiO2-grphene-DNA/Pt device in Cycle A (with maximum
Vsetl Vsetz Vresetla.nd Vresetz) and CyCIe B (With minimum Vse[l Vsetz Vresaland Vresetz). (b) Variation in
resistance state between Cycle A and Cycle B in Al/TiO2-graphene-DNA/Pt Device.

4.6 In-Memory Logic

In this section, we demonstrate a system, which can perform two operations in parallel with
maximum six inputs operands using the as-prepared cell. One operation calculates the output A_as a
function of input A, C, D, E, and F, while the other operation calculates the output B_ as a function of
inputs A, B, C, D, E, and F, where A and B are the initial resistance states, C and D are word line
amplitude, E and F are bit line amplitude, and A_and B_ are final resistance states of the device. The
parallel operations are performed on resistance states.

The inputs A and B are mapped with one of the four resistance states of a single memory cell prior
the operation. The state (A, B) = (11) is applied by initializing the resistive switching device with an
experimentally obtained set voltage of 4.25 V. This will result in the resistance state of read current
~8.71 mA at read voltage of 1.0 V. Similarly, the logical states (AB) = (10), (01), (00) correspond to
the resistance states after applying a set voltage of 3.05 V or a reset voltage of -2.45 V or a reset voltage
of -3.75 V, respectively. The read current for these logical states (10), (01), and (00) are 1.91 mA, 1.12
mA and 0.2739 mA, respectively in the corresponding reading cycle, when read voltage of 1.0 V was
applied. Thus, it can store and process 2-bits A and B at same time. The inputs C and D are mapped as
input word line voltage on the top electrode of resistive switching device. If the input of (C, D) is (11),
the word line voltage level during the operation is 4.25 V. Similarly, if the inputs are (C, D) = (10), (01)
and (00), the word line voltages during operation are 1.3 V, -1.7 VV and -4.7 V, respectively. The system
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is designed to accommodate all transitions in resistance states ranging from state 3 to state 0 and then
from state 0 to state 3, depending upon word line and bit line voltage. The device could be used for
different voltage ranges, depending upon which the operations will differ. The bit line voltage on the
bottom electrode maps the 2-bits E and F in same manner as C and D on word line voltage on the top
electrode. The output of the computation is stored as the final resistance state of memristor A_and B_
after the word line and bit line voltage pulse. The truth table for A_and B_ is shown in Figure 4.14a
and 4.14b respectively. To identify the dependencies of final resistance state (A_, B_) on word line (C,
D), bit line (E, F) and initial state of the device (A, B), we solve Karnaugh map [129] derived from the
truth tables, shown in Figure 4.15and Figure 4.16. As shown in Figure 4.15, in order to derive equation
of A_, asix variable Karnaugh map is drawn and output A _ corresponding to the input combination of
A, B, C, D, E and F are mapped. Similarly, as shown in Figure 4.16, in order to derive the equation of
B_, asix variable Karnaugh map is drawn and output B_ corresponding to the input combination of A,
B, C, D, E and F are mapped. The Karnaugh map is solved based on maximum grouping of all outputs
of A_ and B_. All the groups formed are shown in Figure 4.15 and Figure 4,16, each forming a
component in sum of product (SOP) form equation of A_and B_ respectively.

The output resistance state of the operation after solving Karnaugh maps can be written as following

complex equation (4.4) and (4.5):
A =C~E+A~E~F+D.~E.~F+A.D.~E+A.C.~F+C.D.~F+A.C.D (4.4)

B =C~E~F+CD.~E+AB.~E+A.B.C+ B.~C.~D.~E + B.~C.~E.F + B.C.~D.~F +
B.C.E.F +B.~C.D.E.~F + A.~C.~D.~E.F + A.~C.D.E.~F + A.C.~D.E.F (4.5)

The two computations are performed in parallel, thus saving processing cost up to two times.

Figure 4.17 shows a group of all 2-operand parallel operations that can be performed. The parallel
AND operation is demonstrated in Figure 4.18. When we fix D, E and F as “1”, equations (4.4) and
(4.5) will be simplified to AND operations of A_= A AND C, B_ =B AND C, as the firstgroup in

Figure 4.17, as shown in below in equations (6) and (7), respectively.
A = C.(0)+ A.(0).(0)+ (1).(0).(0) + A.(1).(0)+ A.C.(0)+ C.(1).(0)+ A.C.(D)

A =AC (4.6)

B = C.(0).(0)+ C.(1).(0)+ A.B.(0)+ A.B.C+ B.~C.(0).(0) + B.~C.(0).(1) +

B.C.(0).(0) + B.C.(1).(1) + B.~C.(1).(1).(0) + A.~C.(0).(0).(1) + A.~C.(1).(1).(0) +

A.C.(0).(1).(1)

B = A.B.C+ B.C = B.C (4.7)
To physically implement these AND operations, we first program (initialize) the cell to one of the

four resistance states correspond to the input (A, B). In this case, the input A and B are “bit 1”” and “bit

42



07, respectively. Thus, the cell is initialized to (10) state, the resistance state 2. During the operation 1
in Figure 4.17, a pulse of fixed 4.25 V is applied on BL (the bottom electrode) as shown in Figure 4.18.
(As E and F are constant “bit 1 for operation 1, thus (E, F) = (1 1), therefore BL voltage is 4.25 V). On
WL (the top electrode), if input C is “bit 17, a pulse of4.25 V is applied during operation 1 in Figure
4.17. Atthiscase (C, D) = (1 1), thus, WL voltage is 4.25 V. If input C is “bit 0”, a pulse of -1.7 V' is
applied during the operation 1. At this case (C, D) = (0 1), therefore WL voltage is-1.7 V, as explained
in paragraph above. The final resistance gives the output (A_B ). In this example, input C is “bit 17,
thus WL pulse of 4.25 V is applied, as shown in Figure 4.18. The read operation of (1 0), the resistance
state 2, shows successful parallel AND operation A = AAND C (inputA=1,C=1)andB_=BAND
C (input B = 0, C = 1). This implies the resultant resistance states A_and B_ are “bit 1” and “bit 0”
respectively. Figure 4.19 shows all other possible combination of inputs A, B and C to perform parallel
operations A_ = A AND Cand B_=B AND C. Figure 4.17 shows a list of 2-operand parallel operations
that can be performed. The system is able to compute all operations in a single step and inputs are in
their true states. No complementary versions of inputs were required. In a similar manner, 3-operand

and 4-operand parallel operations can be derived from equations (4.4) and (4.5).
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Figure 4.14. (a) Truth table for A
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Figure 4.15. Derivation of A_ in SOP form using Karnaugh map.
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Operations Inputs Output Conditions
A C A_=AC
OPERATION 1 AND D=E=F=1
B C B_=B.C
NOT E - A_="E
OPERATION 2 = A=0; B=0; C=1; D=0
NAND E F B_="~(E.F)
NOT E - A_="E
OPERATION 3 = A=1; B=1; C=0; D=1
NAND E F B_="~(E.F)
NOR E F A_="~E~F
OPERATION 4 = A=0; B=1; C=0; D=1
EXOR E F B_=E~F+~EF
NAND E F A_="~(E.F)
OPERATION 5 = A=1; B=0; C=1; D=0
EXNOR E F B_=E.F+~E~F
RIMP C E A =C+"~E
OPERATION 6 = A=1; B=0; D=0; F=0
IMP C E B_=C."E
IMP C E A_=C"~E
OPERATION 7 = A=B=D=F=0
IMP C E B_=C."E
OR A C A_=A+C
OPERATION 8 = B=D=E=F=0
BIT TRANSFER C - B_=C

Figure 4.17. Parallel operations allowed by the proposed Al/TiO2-Graphene-DNA/Pt device.
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Figure 4.18. Parallel AND operations A_ = A AND C and B_ =B AND C for inputs A, B
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the bottom electrode voltage (c) device current.
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Figure 4.19. Parallel AND operations A_=A AND C and B_ =B AND C for inputs A, B

and C as (a) 000; (b) 001; (c) 010; (d) 011; (e) 100; (f) 110; (g) 111, respectively.
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4.7 Summary

In summary, a novel resistive switching device has been demonstrated with the structure of Al/TiO»-
Graphene-DNA/Pt. The device shows an excellent resistive switching memory behavior with stable
multi-level resistance states, which enables 2-bit storage capacity in a single device. Using such device,
parallel logic operations for in-memory computing can be performed, which could provide a way for
more faster and energy efficient solution for in-memory logic. Our study providesaguide for the design
of new functional materials for the multistate logic operation in advanced resistive switching devices,

which could move toward environmentally friendly as well as energy efficient in-memory computing.
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Chapter 5
Varition Tolerant Matrix Multiplication Method using Memristor for

In-Memory Computing

5.1 Overview

Recently, the emphasis has been shifted toward hardware architectures for the implementation of
machine learning applications to meet the demand for faster and more efficient operations on the
massive amount of data. Because of their advantages of non-volatility, nanometer size, and easily
integrated crossbar structure, memristor devices are widely explored for such hardware
implementations. In these applications, matrix multiplication is one of the most frequently executed
operations. Most of the current matrix multiplication schemes using memristors are highly variation
sensitive and suffer from programming inaccuracy. In this work, we propose an analog-digital-hybrid
based matrix multiplication approach to address the issue, providing an efficient way to implement
matrix multiplication using memristor devices. For an input matrix size of 8 with 10-bit elements, the
proposed technique improves the average accuracy up to 16.35% with penalties in power, performance,
and area up to 18.5%, 8.2%, and 3.2% respectively compared with conventional matrix multiplication

design using memristors in the analog/multi-level manner.

5.2 Introduction

With the recent technology advancements, the society has entered a new era of big data. A
drasticamount of information is generated and processed all the time. Such huge volume of data enables
a rapid growth in the domains of machine learning, which in turn post challenges in hardware
technology. It is expected that innovations in hardware technology would lead to better data-heavy
machine learning applications at higher speed, better energy efficiency, etc. One of the major
requirements in implementing machine learning algorithms, particularly neural network and deep
networks, is to perform matrix multiplication repeatedly on large volumes of data [56,130,131]. On
average, 80-90% of the runtime in machine learning algorithms is consumed by matrix multiplication
[132]. While there are many ways to conduct matrix multiplication on hardware, memristor provides
one of the most efficient methods in terms of area, speed and power consumption [55,133,134].
However, there are several challenges associated with the matrix multiplication using memristor. In this
chapter, we propose an analog-digital-hybrid approach to counter the problems with moderate penalty
in power, performance and area (PPA). In the following section 5.3, the fabrication and the operation
of memristor devices will be discussed. In section 5.4, the existing matrix multiplication techniques

using memristors will be briefly reviewed. In section 5.5, design technique is proposed to counter the
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problems associated with the existing design technique. Section 5.6 and 5.7 include experimental setup

and the results to compare the designs. Section 5.8 summarizes the chapter.
5.3 Fabrication and Operation of memristor devices

5.3.1 Device Fabrication

As discussed in previous chapters, memristor (or RRAM) device is a two-terminal device comprising
an oxide dielectric layer sandwiched between the top and bottom electrode as shown in Figure 5.1a. In
this work, we fabricated the device with structure Al/TiO2/Al. The detailed fabrication step is shown in
Figure 5.1b-h. Firstly, glass substrates were cleaned subsequently in acetone, ethanol and isopropyl
alcohol, and dried under nitrogen gas flow. We use the shadow mask process to deposit bottom
electrodes. The mask is placed mounted on the clean glass substrate, and the Al bottom electrode with
a thickness of ~200 nm was deposited using sputtering, as shown in Figure 5.1b-d. This is followed by
the deposition of oxide layer TiO2 with the thickness of ~30 nm using sputtering, as shown in Figure
5.1e-f. Finally, the top electrode Al with a thickness of ~300 nm was deposited using sputtering with
the mask rotated by 90° relative to the bottom electrode, asshown in Figure 5.1g. Following these steps,
a metal-oxide-metal device with Al/TiO2/Al structure was obtained at each junction of top and bottom

electrodes, as shown in Figure 5.1h.
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Figure 5.1. Schematics showing the deposition process of layers for memristor device. (a)
schematic for memristor structure (b) masking for bottom electrode deposition (c) Al sputtering
for bottom electrode (d) formation of bottom electrode (e) deposition of TiO> film (f) TiO2 film
layer formation over bottom electrode (g) Al sputtering for top electrode (h) device formation

5.3.2Device Operation

The 1-V curve of the fabricated memristor device to be used in this chapter is shown in Figure 5.2a. The

operation of device can be explained by conductive filament growth and rupture in oxide region with
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application of potential difference at both the electrodes. During the one-time electroforming process
after the device fabrication, a high voltage, known as forming voltage, is applied to generate mobile

oxygen ions through dielectric breakdown. As a result, a conductive filament is formed due to oxygen
vacancies in the dielectric layer.

During normal write operations, a programming voltage, lesser than forming voltage, isapplied between
top electrode and bottom electrode to control this conductive filament and thus device resistance. When
a negative programming voltage Vreset around -2.3V is applied at top electrode with bottom electrode
grounded, the oxygen ions migrate back to the oxide layer. Therefore, the conductive filament ruptures
and the device behaves as a high resistance device, which is known as high resistance state (HRS) of
the device. Similarly, when a positive programming voltage Vst around +2.5V applied at top electrode
with bottom electrode grounded, the conductive filament grows back again and the device behaves as a
low resistance device, which is known as low resistance state (LRS) of the device. To read the resistance
state of the device, a read voltage Vread Of 0.1V isapplied across the device to sense the read current.

The ratio of read current in LRS and HRS (i.e., I rs/Inrs) for the fabricated device is observed to be ~8.
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Figure 5.2. (a) Multiple cycle I-V curve of fabricated device. (b) Variation in 1-V curve for
fabricated and modelled device for maximum Vg (Cycle A) and minimum Vg (Cycle B). (¢)
Programming by changing pulse width at 2.6V pulse amplitude (d) Programming by changing
pulse amplitude at 20ps pulse width (e) Variation in resistance between cycle A and cycle B when
programmed by changing pulse width at pulse amplitude of 2.6V (f) Variation in resistance

between cycle A and cycle B when programmed by changing pulse amplitude at pulse width of
20ps.

To use memristor in digital circuit, the binary data is stored in form of HRS and LRS of the device. For

applications in analog circuits, the memristor is programmed to intermediate resistance values by
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partially forming conductive filament. The intermediate resistance state isachieved either by controlling
voltage [47,135] between Vset and Vireset OF by varying pulse width to control of conductive filament
length.

The current | can be expressed in terms of the length of this conductive filament and applied voltage V,
as shown in Equation (5.1) [126], where g is the gap between conductive filaments.

I = 1o exp(— ;40) sinh(%) (5.1)

The 1o, go and V, are the fitting parameters, adjusted according to the fabricated device.

The growth and rupture of conductive filament can be expressed in terms of gap g between conductive

filaments as expressed below:

= - o [exp(—129) exp(FP L) - exp(— L0 exp(- L DY) (5.2)

The device is modelled with the ASU RRAM model [126] calibrated to experimental data, as shown in
Figure 5.2b. The modelled device 1-V characteristics matches with that of the experimental data. Due
to stochastic nature of the conductive filament formation, even small atomic fluctuations result in
difference in resistance state of device. Thus, the device tends to have lot of variations, which is evident
from multiple cycle of the I-V curve in Figure 5.2a. The device variation is also measured and modelled
by adjusting the parameter of y in the equation (5.2) between 17.59 (Cycle-A) and 18.04 (Cycle-B) to
cover the maximum and minimum change in Vset and Vreset. v is monotonically related with how much

g responses to the programming voltage.

The variation in device leads to programming inaccuracy, which is most vulnerable for intermediate
states. The Figure 5.2c and Figure 5.2d shows the programming inaccuracy for device with maximum
and minimum Vset. The device programming is performed by changing pulse amplitude and pulse width,
as shown in Figure 5.2c and 5.2d respectively. It can be clearly observed that even due to small
variations in device the programming inaccuracy is significant. The programming inaccuracy due to
variation for the intermediate resistance state is maximum, while for the device’s HRS and LRS states
itis minimum as shown in Figure 5.2e and 5.2f. The higher precision for HRS and LRS can be explained
because of lower and upper limitsto conductive filament formation. Thus, by increasing the time-period
or amplitude of the pulse, it is possible to ensure better accuracy in programming the device to HRS
and LRS states.

5.4 Existing Matrix Multiplication Technique using Memristor

Inmany reported matrix multipliers, memristor crossbar isused inan analog way [48,136,137].

Inthis, as shown in Figure 5.3, each memristor conductance is programmed to different levelsaccording

to the firstinput matrix. The second input matrix is programmed to word line voltage amplitude through

a DAC (Digital-to-Analog Converter). When the voltage pulse is applied, there will be a current
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associated with each cross point of memristor crossbar array. The sum of current through each cross
point in bitline corresponds to the element of output matrix. The output current through bit line is
amplified and passed through ADC (Analog-to-Digital Converter) to compute and store the resultant
matrix in digital form. However, this approach is highly sensitive to memristor variation [46,48,138-
142]. Moreover, programming each memristor device to an intermediate state is itself a challenge.
Though technigues have been proposed to improve programming accuracy [143-146], it does not
eliminate the problem completely and increases the programming time. Thus, it counters the advantage
of using memristor crosshar to speed up the matrix multiplication in the first place.
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Figure 5.3. Analog matrix multiplication using memristor. The conductance of each memristor
cell (e.g. g11, etc.) are sensitive to the device variation and noise.

One other approach proposed in the literature [55,56] isusing adigitalized matrix multiplication
technique. The digitalized way of matrix multiplication only uses binary state of memristor and is more
tolerant of variation. It also saves area since there is no requirement of ADC and DAC, at the expense
of speed and power. However, it can be used only for binary matrix multiplication. To perform decimal
matrix multiplication, it requires circuit for multiple threshold calculations, and circuit for shift and add
operation after each binary multiplication, which leads to significant penalty in delay. Compared to
analog counterpart, digitalized approach [56] suffers 3.12x power consumption. In this work, we
propose an analog-digital-hybrid matrix multiplication technigue, to counter the variation in the
memristor device moderate trade-off of power, speed or area as compared to analog matrix
multiplication.
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5.5 Design for Matrix multiplication

A[1][1] T DAC
A[1][21 T pAc
A1]13] T pAc

Figure 5.4. (a) Schematic for computation of single output element (C[1][1] = A[1,1..m] x B[1..m,
1]) using the proposed analog digital hybrid matrix multiplication. Each element in B is a n-bit
binary number. (b) Full schematic for analog digital hybrid matrix multiplication (not necessarily

m copies of Figure 5.4a).

In the proposed matrix multiplication circuit, to calculate output matrix C = A x B, we use an analog-
digital-hybrid approach to address the issue of variation in memristor devices. A and B are input

matrices with m # of columns and rows respectively. If digitized, each element of A corresponds to a
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p-bitbinary number and each element of B corresponds to a n-bit binary number, where z and p depends
upon the range of values in the input matrices. Each element of A used in multiplication is mapped to
programming voltage levels using p-bit DACs during the computation. Each element of Input B in
active computation is mapped to the resistance values of n # of memristor cells in a binary approach
(i.e., 1 mapped to LRS and 0 mapped to HRS) to improve programming accuracy and decrease the
sensitivity to variations. Figure 5.4a explains the circuit to implement multiplication of A row#1 (1%
row of matrix A) and B col#1 (15t column of matrix B), consisting of a crossbar array with size m x n
single-bit memristor cells and an amplifying circuit.

Using p-bit DACs, the elements A row#1 (i.e., A[1][1],A[1][2], A[1][3]......., A[1][m]) are converted
to different levels of voltages (i.e., V(A[1][1]), V(A[1][2]), V(A[1][3])......., V(A[1][m])) to be fed into
the wordlines of the RRAM array, respectively. The top and bottom electrodes of the memristor are
connected to the wordlines (whose voltages are controlled by Matrix A) and bitlines (which are then
each connected to a resistor r respectively. The i element (i=1,2,3,....m) of B col#1 (i.e., B[{][1]) is
stored in the i row of the memristor matrix, with conductance of the n # of memristor devices in that
row to be gi(B[7][1]), g2(BI[i][1]), to gu(B[Z][1]). These conductances are the reciprocal of either LRS or
HRS values.

The current flowing through ;” bit line can be computed as:
=X V(AN * Bl (5.3)

A small resistance r is used to sense current through each bit line. The value of r (= 0.5kQ in this
example, ~0.02xLRS) should be much smaller than the value of LRS, in order to avoid any alteration
in current flowing through each bit line. The voltage across r in each j bit line can be given as:

Vi=Li*r=XErr* VAL * g(BL[1]) (5.4)
Now, weighted sum of each sampled voltage is added using an inverting sense amplifier. This can be
expressed as:
Via=-ZITIRI*[Vi/ (27R)] (5.5)

The value of R; and R» used in this case is SkQ and 10kQ respectively. The output matrix element
C[1][1] is finally computed by amplifying Vs. using another inverting buffer followed by an
(n+p+logz(m))-bit ADC, and is stored in digitized form, where m is input matrix size.

The Figure 5.4a shows computation of single element (C[1][1]) of output matrix. The Figure 5.4b
shows the computation of first row of output matrix, where all m # of columns of Matrix B are stored
in digital form in memristor crossbar array of size m x (mn). Once the output is computed, in the next
step, a set of pulse corresponding to next row of Matrix A is applied to word line to compute next row
elements of output Matrix. This process is repeated for all rows of matrix A to perform matrix
multiplication.

Similar to the conventional analog multiplication method, I; (and thus Vi) reflects the levels of the

DAC outputs from input A. However, unlike the conventional analog method, memristor cells are only
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used as binary devices. This avoids the impact from variations which are problematic for multi-level
memristor cells. Moreover, though this proposed hybrid approach requires more memristor cells, the
total memristor array area is still only marginal compared with the peripheral circuit. In contrast to
digital matrix multiplication technique, which involves multiplication in memristor crossbar array,
repetitive threshold calculation, comparator circuit, XNOR circuit, decoding logic followed by a shift
and add circuit, all resulting in more performance delay and power loss, the proposed technique is

simple to implement with less power consumption and less delay in performance.

5.6 Using proposed matrix multiplication circuit for neural network application
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Figure 5.5. Edge detection by convolution of matrix. (a) Filter and Input image. (b) Computation
of first element of convolution matrix. (c) Conversion of filter and image patch to 1D. (b) Matrix
multiplication using analog-digital hybrid matrix multiplication circuit. (e) Computation of
second element of convolution matrix.

We perform image classification by implementing a convolution neural network (CNN) to compare
the design’s performance and accuracy. A CNN consists of multiple matrix convolution layers, pooling
layers, and weighted summation layer followed by an activation function. The matrix convolution layer
is the key component of CNN and is the most computationally heavy block. Inthis, convolution of input
image takes place through mathematical filters by repeated matrix multiplication, to detect the presence
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of a set of features in the image. In this paper, we discuss only the matrix multiplication component in

matrix convolution layer of the image classification using CNN.

A set of 250 hand-written digit images from the UCI data set [147] were used as inputs to matrix
convolution layer in CNN, for matrix multiplication. The original 8x8 pixel grayscale images were
passed through a 3x3-dimensional filter, as shown in Figure 5.5b. The convolution is performed by
fattening out image and filter first in one-dimension matrix, as shown in Figure 5.5c, and performing
matrix multiplication to compute the output element, as shown in Figure 5.5d. The image pixel data is
mapped to memristor crossbar, and filter is passed as word line voltage. The image pixel is mapped to
memristor crossbar by applying a programming voltage of 2.6V and pulse width of 20ps and varying
them w.r.t inputs. The output is computed using summation of weighted current flowing through each
bit line, as discussed in section 5.5. The filter is shifted by 1 pixel and the experiment is repeated to
compute the next element of convolution matrix, as shown in Figure 5.5e. The results of the matrix
multiplication using the memristor crossbar array, and the effect of variations, with both the analog
matrix multiplication method and the proposed analog-digital-hybrid matrix multiplication method

were analyzed and compared, which are discussed in following section 5.7.

5.7 Result and Discussions

5.7.1 PPA Analysis

It is observed that the total power of the proposed approach increases modestly compared to that of
the analog matrix multiplication technique, as shown in Figure 5.6a. The reason behind the trend is that
amajor portion of power during matrix multiplication is consumed by peripheral devices comprised of
the sense amplifier, ADC and DAC, as shown in Figure 5.6b. However, during the initial programing
stage, where a larger memristor array is required to be initialized as per the input matrix, it causes
additional power dissipation.

In the matrix multiplication computation in section 5.6, it is observed that the average speed for
analog-digital-hybrid matrix multiplication technique degrades by ~4 to 8.2% overall, as in analog-
digital-hybrid matrix multiplication, higher resistance values are required for the summation stage i.e.,
2-1R; (e.g., ~250 times higher resistance, if range of values is 256), thus adding propagation delay to
the signal. In addition, the sense amplifier inputs need to be stabilized before computing the output,

which adds to the delay.
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Figure 5.6. (a) Total Power (memristor programming + Matrix multiplication) for analog design
technique and analog-digital-hybrid design technique. (b) Power distribution (for Matrix
multiplication only) for analog-digital-hybrid matrix multiplication technique.

The area of the design is evaluated based on number of memristors and transistors and widths of
transistors used in the schematic. (Figure 5.7a). Figure 5.7b shows the estimated area penalty with
respect to analog matrix multiplication varying with matrix size when the range of element values (p
and n) is kept constant. When matrix size is varied from 2 to 8, keeping range of element values as 256
(i.e. p=n=8 for Matrix A and B), the area increase varies from 1.1% to 3.2% for the proposed design
technique compared to analog matrix multiplication technique. Figure 5.7¢ shows the estimated area
penalty varying with range of element values, keeping matrix size the same. When range of element
values is varied from 16 to 1024 (i.e. p =n =4 to 10), keeping matrix size of 3, the area increase varies
from 0.9% to 2.1% for the proposed design technique compared to analog matrix multiplication
technique. The increase in area is due to the need for circuit to sum up the weighted currents and a larger
memristor array for binary processing of matrix.

In comparison to digital matrix multiplication method (without including externally required shift
and add circuit in digital matrix multiplication method) [55], the estimated power consumption is
reduced to 37% and the speed is enhanced by 277%, however, the gain is at the expense of area penalty
of approximately 11.65 times, for amatrix size of 8. The reason behind the increase in area consumption
is the use of DAC and ADC circuits in analog-digital-hybrid matrix multiplication, which are not

required in digital matrix multiplication circuit.
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Figure 5.7. (a) Device dimensions used for design evaluation. (b) Circuit Area vs Matrix size for
analog matrix multiplication technique and analog-digital-hybrid design technique for range of
element values as 256 and input matrix size varying from2 to 8. (c) Circuit Area vs Matrix size
for analog matrix multiplication technique and analog-digital-hybrid design technique for input
matrix size 3 and range of element values varying from 16 to 1024 (i.e. n from4to 10 and assuming

n=p).

5.7.2Impact of variations in memristor

The resistance of the memristor device is a function of the gap between the formation of the
conductive filament. The stochastic nature of memristor leads to variations in conductive filament
growth and thus the resistance (or conductance) of the device, as discussed in section 5.3. We use cycle
A as the reference memristor behavior. The device behavior, as shown in Figure 5.2b, would vary
between the black and red curves, corresponding to Cycle A and Cycle B, respectively. The average
variation in conductive filament growth between Cycle A with maximum Vset and another cycle is
defined as Ag. Ag for cycle B with minimum Vet in the measured fabricated memristor, is observed to
be ~ 0.21nm. To study the effect of variation, we induce this variation (or change) in the conductive
filament gap. This is done by varying model from Cycle A (i.e., model parameter y=17.59) with
maximum Vset to Cycle B (i.e., y=18.04) with minimum Vset, discussed in section 5.3, with intermediate
vy values and observe the effect on output computation for matrix multiplication in convolution layer of
CNN, discussed in section 5.6. These y values correspond to Ag from 0to 0.21nm. We define the output
error as change in output value w.r.t Cycle A (model parameter y=17.59), indicating how far the output
is from that of the reference. As shown in Figure 5.8a, the variation in output of the analog matrix

multiplication technique is much more dominant as compared to the analog-digital-hybrid matrix
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multiplication method. Moreover, as the range of element values is increased, the effect of variation

becomes more severe in analog matrix multiplication, as shown in Figure 5.8b.
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Figure 5.8. Matrix multiplication computation output error (w.r.t computation in cycle-A i.e,
v=17.59) between analog design technique and analog-digital-hybrid design technique with
respect to variationsin memristor devices. (a) Matrix multiplication output error for range of
element values as 64 (n=p = 6) and 16 (n = p = 4). (b) Matrix multiplication output error for
range of element values as 1024 (n = p = 10) and 256 (n =p = 8).

Due to such impact, matrix multiplication using memristor crossbar array in analog way becomes
less practical for matrix with large range of element values (i.e., large p and #), even with significant
advantages in power and performance with respect to CMOS based matrix multiplication circuits
[148,149]. While in the proposed analog-digital-hybrid matrix multiplication technique the
vulnerability due to variation is less and does not deteriorates with increasing range of elements values
(i.e., large p and n).

This high level of variation tolerance is expected in the proposed circuit because by digitally storing
matrix in memristor crossbar, no intermediate resistance levels in the memristor devices are used. In
case of storing data in analog way in memristor, the effective difference between resistance states is
comparatively smaller. Binary memristor cells are also more robust in terms of retention and endurance.
These benefits are particularly helpful with scaling of the circuit when variation, retention and

endurance could hurt more at the circuit level.

5.8 Summary

The analog-digital hybrid approach of memristor based matrix multiplication design isproposed. The
performance and accuracy of the proposed design is examined using an example of matrix
multiplication in convolution neural network (CNN). Comparing with the widely used analog approach,

the proposed method demonstrates significant improvement against the impact of variation with small
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penalty of area, power and performance. The robustness against variation in the proposed approach
would be more beneficial with increasing matrix size and range of element values. Thus, the proposed
design could play an important role in moving forward towards faster machine learning accelerators

with better accuracy.
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Chapter 6
Conclusions and Future Work

6.1 Conclusions

The research focused on TiO2 based memristive devices, along with biomaterials for the applications in
in-memory computing. Three types of TiO2 based memristive devices were explored and their switching
mechanisms were discussed, along with various applications in in-memory computing.

The first device, based on TiO2 with maple leaves as oxide layers, exhibited a unique property of
capacitive coupled behavior at low voltage, while memristive behavior at high voltage. The existence
of capacitive coupled and memristive behavior, modulated by programming voltage, could provide way

for new reprogrammable devices for in-memory computing.

The second memristor, based on TiOz, graphene and DNA as oxide layers, shows resistive switching
memory behavior with stable multi-level resistance states, which enables 2-bit storage capacity in a
single device. The device provides an alternative for high density memory using memristor, with easier
fabrication technique and without any loss of accuracy. Using the device, parallel logic operations for
in-memory computing was performed, which could provide a way for more faster and energy efficient

solution for in-memory logic.

Further, the third memristor device, based on TiO> as a single oxide layer, was utilized to study and
design variation tolerant matrix multiplication system for in-memory computing. It was demonstrated
that with respect to conventional analog matrix multiplication using memristor, the proposed analog-
digital-hybrid matrix multiplication could improve the accuracy up to 16.35%, with the power,
performance and area loss up to 18.5%, 8.2% and 3.2% respectively.

The proposed memristors with their novel applications could provide a new prospect for engineering

devices and circuits for in-memory computing applications.

6.2 Future Work

For future work, the devices and circuits could be modified and explored further to improve the area

density and power. The detailed research for the future work is listed as follows:

1. Development of selector based memristor devices in order to avoid sneak path current, is one
of the major tasks for future work. In order to avoid sneak path current without sacrificing
circuit packing density due to added transistors, addition of selector materials integrated
within memristor devices could prove helpful.

2. The deposition process used for biomaterials in the research was spin coating. In spic coating

method, it is difficult to achieve uniformity in devices and control the thickness of the layers.
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Therefore, in order to reduce variations among devices and increasing reproducibility of
devices with same oxide thickness, more sophisticated deposition method such as MLD
(Molecular layer deposition) process can be used.

The fabrication technique used in the research is shadow mask process, where masks with
dimensions of um scale were used. This process enables fast and cheap prototyping.
However, it not only adds area to the device, but also increases cycle to cycle variations, as
the probability of multiple conductive filaments formation increases. Consequently, as the
number of conductive filaments formed between top and bottom electrode increases and
varies with each cycle, the cycle to cycle variation also increases in the device. Therefore, in
order to reduce the cycle to cycle variations in the fabricated device, the mask dimensions
and thus device area should be reduced.

The fabricated devices, especially those using biomaterials present high current. Though the
device shows unique features, high currents increases the power dissipation. In order to
reduce the current, as disused above, MLD process can be explored to control film thickness
and area of the device can be reduced to avoid multiple conductive filament formation. In
addition to that, materials such as Al.O3 (which has shown low power memristive effect) can
be used along with the existing oxide layer.

The proposed device based on TiO2-graphene-DNA as functional layer has shown four stable
resistance state, which was utilized to demonstrate 2-bit memory storage and parallel
operations. The device could be engineered to support a greater number of stable resistance

state, by increase the number of active layer materials in addition to graphene layer.
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