
i 

 

 

 

CMOS-Compatible Artificial  Synaptic Devices for Neuro-inspired Computing 

 

 

 

by Imtiaz Hossen 

 

 

 

B.S. in Electrical and Electronic Engineering, March 2016, University of Dhaka 

M.S. in Electrical and Computer Engineering, May 2020, Marquette University 

 

 

A Ph.D. Dissertation submitted to 

 

 

 

The Faculty of 

The School of Engineering and Applied Science 

of The George Washington University 

in partial fulfillment of the requirements 

for the degree of Doctor of Philosophy 

 

 

 

May 19, 2024 

 

 

 

Dissertation directed by 

 

Gina Adam 

Assistant Professor of Electrical and Computer Engineering 

  



ii  

 

 

 

CMOS-Compatible Artificial Synaptic Devices for Neuro-inspired Computing 

 

 

 

Imtiaz Hossen 

 

 

 

Dissertation Committee: 

 

Gina Adam, Assistant Professor of Electrical and Computer Engineering, 

Dissertation Director 

 

Mona Zaghloul, Professor of Electrical and Computer Engineering, Committee 

Member 

 

Amir Aslani, Assistant Professor of Practice and Associate Department Chair for 

Undergraduate Studies, Electrical and Computer Engineering Department, 

Committee Member 

 

Brian Hoskins, Physicist, National Institute of Standards and Technology, 

Committee Member 

 

Andreu Glasmann, Scientist, DEVCOM Army Research Laboratory, Committee 

Member 

 

 

  



iii  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

© Copyright 2024 by Imtiaz Hossen 

All  rights reserved 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



iv 

 

Acknowledgement 

 

 

Foremost, I would like to express my sincere gratitude to my advisor Prof. Gina 

Adam for the continuous support of my Ph.D. study and research, for her patience, 

motivation, enthusiasm, and immense knowledge. Her support and advice were 

invaluable to me during the entire journey of researching and writing this dissertation. 

Besides my advisor, I would like to thank the rest of my thesis committee: Prof 

Mona Zaghloul, Prof. Amir Aslani, and Dr. Brian Hoskins and Dr. Andreu Glasmann, for 

their encouragement and insightful comments.  

I also wish to express my gratitude to the Alternative Computing group at NIST, 

Army research Laboratory, GW Nanofabrication and Imaging Center (GWNIC) and 

CNST Nanofab at NIST for providing necessary resources to conduct my research. A 

special thanks go to Dr. Jabez McClelland, Dr. William Borders, Dr. Mark Anders, and 

Dr. Sina Najmaei for their guidance throughout my research journey. Additionally, I 

would like to express my appreciation to Dr. Anastas Popratiloff, Dr. Yigal Lilach, and 

Dr. Nicole Charles for their technical assistance at GWNIC. 

I would like to thank all the funding bodies for supporting this research work. This 

work has been supported by NIST Hardware for AI Program, the NSF CAREER grant 



v 

 

number 2239951, ORAU/ARL Journeyman fellowship (CA Sub-Award: W911NF22-2-

0085) and the GW University Facilitating Fund. 

Last but not least, I would like to thank my family: my parents MD. Yousuf and 

Momtaz Begum, my wife Tarin Sultana Sharika and my brothers Iqbal Hossen Jewel and 

Isreq Hossen Real for supporting me spiritually throughout this journey. 

  



vi 

 

Abstract 

 

 

Emerging synaptic devices are needed as key building blocks for next-generation 

neuro-inspired computing hardware to meet the demand of low power consumption and 

data intensive operations. The interest in different synaptic device technologies, such as 

two-terminal resistive switches and three-terminal ferroelectric transistors, has seen a 

rapid rise in the past decade due to their electronic programmability, non-volatile state 

storage with years long retention and in-memory computing capabilities. Because they 

offer an efficient mapping of vector-matrix multiplication and other matrix operations, 

these devices offer complementary functionality with traditional transistor-based (CMOS) 

digital hardware. However, prototyping a neural network system with these devices is not 

an easy task given their issues related to manufacturability, reliability and yield, metrics 

which need to be characterized across a large device population. Moreover, the efficient 

device metrology and full system integration requires to have these devices 

monolithically integrated onto CMOS circuitry, e.g., to provide the converters, decoders, 

and current limiting transistors to control and program the synaptic matrices. In addition, 

realistic models of these devices need to be promptly developed to obtain estimates of 

how these device arrays would perform in hardware neural networks and what their 

potential accuracy performance would be. 
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This work aims to develop data-driven methods to support device fabrication, 

integration, and modeling efforts for resistive switches and ferroelectric transistors. The 

focus is particularly on two-terminal titanium oxide-based resistive switches, their 

advantages and drawbacks as synaptic devices for neuro-inspired computing hardware. 

The applicability and expansion of this work to three-terminal synaptic devices, namely 

hafnium oxideðbased ferroelectric transistors (FeFETs) and electrochemical devices 

(ECRAM) are also investigated. The results for the design, fabrication, and 

heterogeneous integration of 20,000 resistive switches on foundry CMOS are presented. 

The challenges of optimizing single device performance and translating those results to a 

large device propagation using in-house fabrication techniques are discussed, particularly 

for two-terminal resistive switching devices. Optimal device behavior assumes a planar 

substate surface. For this work, the CMOS chips come from the foundry pre-planarized. 

Another consideration is that device scaling has been shown to increase performance, but 

it requires electron beam lithography which can be challenging on CMOS circuitry due to 

charging effects due to the thick oxide layer on top.  

Characterization using Design of Experiments approach is described to gain an 

understanding on how to identify the best operating conditions for peak yield and the 

switching performance across the array of two-terminal resistive switches. Insights into 

how this integration and characterization methodology could be translated for three-
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terminal devices in other future projects are included. In parallel, this work explores how 

to utilize device measurement data to develop realistic device models for neural network 

simulations. Several data-driven device modeling approaches using 1-D and multivariate 

Kriging interpolation as well as heteroscedastic gaussian process interpolation of these 

resistive switches and ferroelectric FET devices have been proposed. The validity of 

these multi-dimensional approaches is benchmarked against the conventional binning 

interpolation method using statistical methods on synthetic datasets with known 

distributions and on experimental datasets. Our results show a superior performance in 

extracting the mean and standard deviation profiles from non-ideal device data. This 

work will contribute integrated synaptic arrays and multi-dimensional device models 

towards future investigations of hardware neural network training and prototyping. 
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Chapter 1. Introduction  

 

 

1.1 Background 

Existing digital hardware struggles to meet the increasing demand for computing at 

low energy consumption. Data intensive operations in the von Neumann architecture 

require high energy consumption due to the physical separation of memory and central 

processing unit. By comparison, the human brain features a tight integration between 

processing and memory, which is likely a feature that supports its multi-tasking, high-

speed parallel processing, language processing, self-learning, and image recognition 

capability at low energy consumption [1]. The human brain has ~ 1011 neurons that are 

connected in a complex network via ~ 1015 synapses. A neuron receives signals from 

other neurons in the form of action potentials. It combines these impulses and sends them 

to nearby neurons. Since biological synapses facilitate signal transfer and modulation, it 

is essential for neuromorphic computing hardware to benefit from artificial synaptic 

devices with similar functionalities. Different nonvolatile two-terminal and three-terminal 

memory devices, such as resistive random-access memory, ferroelectric memory devices, 

phase-change memory devices, and atomic switch memory devices have been proposed 

to replicate the synaptic functionalities [2], [3], [4], [5]. 
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Two terminal synaptic devices are prevalent due to the simplicity of their fabrication 

and integration processes. A memristor is a two-terminal non-linear circuit element. The 

presence of memristive behavior can be observed in a variety of metal-insulator-metal 

sandwich structures. Insulators such as TiOx, TaOx, SiO2, MgO, HfO2 etc. are excellent 

candidates as active switching films in memristor devices [6]. Because of their electronic 

programmability, non-volatile state storage with years of retention, and small two-

terminal footprint, memristor devices (also known as resistive switches or ReRAM) have 

grown in popularity over the last decade [7]. These devices provide complementary 

functionality to traditional transistor-based (CMOS) digital hardware by offering an 

efficient analog mapping of vector-matrix multiplication and other matrix operations. In 

the field of neuromorphic circuits, CMOS/memristor integration has huge potential. In-

memory computation is inspired by the mammalian brain, which combines memory and 

processing capabilities. Memristor-based neural networks can store and process a large 

amount of data at the physical level using Ohm's law while consuming ultra-low power 

[8]. However, passive memristor matrices (crossbars) can suffer from the sneak-path 

issue due to undesired write/read paths without a selector device in series [9]. 

Ferroelectric field-effect transistors (FeFETs), which have three terminals and the 

structural advantage of separating the write path from the read path, are also great choices 

for synaptic devices since they do not suffer from the sneak path issue. Doped HfO2-

based FeFET exhibits enormous potential as the synaptic device for in memory 
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computing due to its ultra-fast programmability, ultra-low power consumption, CMOS 

compatibility with standard foundry fabrication techniques, and ferroelectricity that 

remains stable even when the film thickness is reduced to a few nanometers [10], [11]. 

 

1.2 Motivation  

Full system integration of memristor based computing hardware needs mixed-signal 

functionality such as analogue to digital converters (ADCs), digital to analogue 

converters (DACs), encoders, decoders, and current limiting transistors to control and 

program the memristor matrices, as well as circuit blocks to implement the activation 

functions of the artificial neurons. To support an area-efficient implementation, the 

monolithic integration of memristor devices onto CMOS circuitry is needed. Hybrid 

CMOS/memristor circuitry enables integrated functional electronics in a monolithic chip 

design [8], supporting easy access for the CMOS circuit to the significant amounts of 

memory stored in the memristor layers. It also improves circuit performance by 

supporting designs with shorter interconnections for lower delays and lower power 

consumption. An ideal neuromorphic hardware platform would have hundreds of layers 

of memristor matrices integrated over traditional digital CMOS circuitry to achieve high 

performance at a low manufacturing cost. This work focused on TiO2-based memristor 

devices because of their promising analog properties and the fact that the states are 

tunable to 1% precision [12]. 
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Despite the obvious promise, it is important to note that memristor devices are a 

highly active area of research. New types of memristor devices based on novel designs 

and material stacks are constantly being researched and developed in academic facilities. 

While small-scale studies can be done with such hero devices to claim better performance, 

these academic efforts ultimately require in-house integration with separately fabricated 

foundry CMOS before being suitable for larger scale testing and prototyping. However, 

foundry tape-outs in this hybrid technology are limited and expensive [13], and require a 

significant infrastructure for the circuit design, integration, and testing. 

New types of synaptic devices are continually being developed for their promising 

application in efficient unconventional computing [1]. As new devices are developed, it 

takes extensive research to formulate their physical models. Models based only on 

experimental data are beneficial since they provide a fast way to capture the switching 

behavior at the device population level and get reliable neural network simulations. Jump 

table modeling is an example of such modeling based entirely on experimental data [14]. 

Jump tables are agnostic to the underlying switching mechanism. They are 

phenomenological, stochastic lookup tables that define the probability of moving from 

one weight state to another. Since they are purely derived from data, they can represent a 

broad range of device non-idealities in networks simulations [2], [15]. While this jump 

table methodology can only predict the next conductance state and is not applicable for 

circuit modeling, it is particularly pertinent for modeling the weight update in neural 
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network simulations. Switching noise leads to weight dispersion, which can impact 

negatively the accuracy and performance of the overall system [14], [16]. Modeling this 

switching noise is therefore significant for providing a realistic estimate of the training of 

neuromorphic system implemented with real devices. Jump tables have been traditionally 

derived from experimental data using binning across one parameter of interest, namely 

initial conductance. However, this approach might not be statistically optimal and can 

introduce unwanted artifacts or exclude key device behaviors. 

In this thesis, we propose alternative data-driven interpolation approaches to model 

emerging memory devices, and demonstrate the efficacy on memristor, FeFET, and 

ECRAM devices. Through integration and characterization of 20,000 ReRAM devices 

arrays, we demonstrated a way to collect a large range of data. Data to support memristor, 

FeFET and ECRAM models was obtained from collaboration. The collected data will be 

used to create comprehensive, yet fast device models for investigating the performance at 

population level by neural network simulation [17], [18]. This work will support future 

projects targeting neural network prototyping on these arrays. 

 

1.3 Organization of the dissertation 

The remainder of the dissertation is organized as follows. Chapter 2 is dedicated to 

the fabrication and integration of ReRAM devices. Arrays of 20,000 devices are 

demonstrated on pre-planarized CMOS circuitry. Chapter 3 describes the characterization 
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via Design of Experiments. The choice of variables is presented and the results across the 

different device sizes are included. Chapter 4 focuses on ReRAM modeling using 

Kriging techniques and investigation of their statistical optimality. Chapter 5 investigates 

the applicability of these methods to three-terminal devices, such as FeFETs and 

ECRAM. Chapter 6 concludes with a final discussion of the results and future work. 
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Chapter 2. ReRAM Fabrication and CMOS Integration 

 

 

This chapter describes the steps in design, fabrication, and CMOS integration of 

oxide-based memristor switches. The integration of ReRAM devices is done on CMOS 

chip to control and program the memristor matrices. The long-term vision is for the 

heterogeneously integrated CMOS/ReRAM chip to be used for harvesting a large set of 

experimental data suitable for comprehensive device modeling as well as for prototyping 

of hardware neural networks. 

 

2.1 Related works 

The interest in memristor devices (or resistive switches or ReRAM) has seen a rapid 

rise in the past decade due to their electronic programmability, non-volatile state storage 

with years long retention and small two-terminal footprint [7]. Because they offer an 

efficient analog mapping of vector-matrix multiplication and other matrix operations, 

these devices offer complementary functionality with traditional transistor-based (CMOS) 

digital hardware. Such devices can be engineered for digital or analog applications, such 

in-memory computing [19], [20], [21], FPGA reconfigurability [22], [23], neuro-inspired 

computing [24], [25] etc. To use them in these applications, large arrays of devices need 

to be integrated in a single chip. However, large scale integration with high device yield 
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is challenging when talking about new devices with emerging materials [26], [27], [28]. 

Nevertheless, integration in traditional CMOS enables the use of peripheral circuits to 

access the memristor devices and allow heterogeneous chips suitable for prototyping of 

larger systems. In this work, we proposed a process flow to fabricate standalone device 

arrays on Si substrate as well as to integrate 20,000 devices arrays in CMOS foundry 

chips designed for benchmarking and suggested some ways to troubleshoot the 

challenges of memristor integration. 

 

2.2 CMOS prototyping chips 

Collaborative efforts are underway in our group to develop a modular ecosystem for 

device benchmarking. We have recently demonstrated Daffodil [29], a modular end-to-

end memristor prototyping system capable of simulating and executing experiments on 

arrays of up to 20,000 resistive devices. The system consists of a hardware environment 

provided by a custom daughterboard that supports the memristor/CMOS chip and 

interfaces directly to a field-programmable gate array (FPGA) development board. A 

software framework completes the system via a soft microprocessor hosted on the FPGA 

which supports an embedded Linux distribution and Python-based application 

programming interfaces. 

At the core of this system is the 5mm × 5mm integrated memristor / CMOS chip (Fig. 

2.1), which is needed for any device performance benchmarking or system prototyping. 
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A commercial 3.3V, 180nm 6-metal layer complementary metal oxide semiconductor 

(CMOS) process was used. A modified manufacturing process was arranged where the 

wafer was pulled mid-production after the completion of the vias between metal layers 5 

and 6, leading to a planar surface on the received chips. 

The chip features a large-scale array with access points for direct integration of 

20,000 two-terminal devices for in-house research. The integrated devices are connected 

with in-chip transistors. The advantage of having a series transistor on chip is to provide 

an integrated current compliance without the parasitic effects of the wire and contact 

capacitance, which may easily destroy devices. This integrated approach increases 

measurement stability, precision, and repeatability.  

 

2.3 ReRAM device designs 

 

Figure 2.1: CMOS chip for 20,000 memristor devices integration. 

Top Bottom

3.2 µm 5 µm

Vias for direct integration
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To integrate memristor devices on low power CMOS circuitry, the scaling of 

forming voltage and switching voltage is a must. One effective way to lower the forming 

voltage is to use thinner oxide layer [30], [31], [32]. To do that, a single device with 4 

different thickness (15nm, 20nm, 25nm, 30nm) of the active TiO2-x layers are fabricated 

to find out the suitable forming voltage. Four different sizes (100nm × 200nm, 200nm × 

300nm, 400nm × 500nm, 600nm × 700nm) of the active device area are designed by 

varying the width of the top and bottom electrodes. Two 30ɛm × 30ɛm electrode pads are 

connected to top and bottom electrodes to support electrical connection for measurement 

(Fig. 2.2.a). Fig. 2.2.b shows the SEM image of the device connected with the contact 

pads. There is no current limiting transistor in the standalone memristor devices.  

In the design of the 20,000 devices, two 3.2ɛm × 3.2ɛm via regions (Fig. 2.3.a, b), 

each having a 5 × 5 array of Tungsten vias, are designated for the integration of the top 

 

Figure 2.2: Standalone device a) proposed GDS design b) SEM image of the fabricated 

device. 
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and bottom memristor electrodes. The proposed GDS design for 20,000 devices arrays is 

shown in Fig. 2.3.b. The design of the devices is made in cross shape to have more 

control in the size of device while patterning the design with electron beam. The 

misalignment in the electron beam lithography process could change the device size if 

they are designed in-line shape. Each layer is designed considering the pattering time, 

offset for misalignment and to prevent the forming of dangling metal at the edge in the 

lift off process. 

 

2.4 Fabrication and integration flow 

Fabricating memristors requires thin films deposited in specific designs prone to 

unwanted edge effects. Optimal device behavior assumes a planar substrate surface. In 

this case, the CMOS chips come from the foundry pre-planarized, but planarization via 

 

Figure 2.3: CMOS integration a) cross section of the via area in FIB SEM image and b) 

the proposed GDS design of 20,000 devices. 
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chemical mechanical polishing using a carrier wafer is also possible [5]. Memristor 

scaling has been shown to increase performance due to filament confinement, but it 

requires electron beam lithography. Aligning the nanoscale memristor features during 

electron beam lithography is challenging on CMOS circuitry as vias are the only metal 

structure present on the top surface of the chip. The device has several layers that are 

separated by thick oxides, and when imaging with an electron beam, the thick oxide layer 

produces significant charge effects that make it challenging to locate the alignment 

markers. One solution is using higher accelerating voltage and aperture size. Fig. 2.4 

shows the role of the accelerating voltage and aperture size on chip imaging by 

backscattered electron detector and secondary electron detector. Excellent topological 

contrast is provided by the backscattered electron detector, which is placed off to the side 

in the microscope chamber and the secondary electron detector situated in the beam path 

 

Figure 2.4: SEM Images from a) backscattered electron detector and b) secondary 

electron detector of the CMOS surface. 
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provides very high detection efficiency. For both detectors, a 30kV accelerating voltage 

and 30ɛm aperture size seem to be the optimum settings for imaging without severe 

charging and distortion.  

Another challenge is that the CMOS chip is prone to transistor damage at high 

temperatures. Tungsten vias also oxidizes at 300°C causing poor contact between 

memristors and the CMOS underneath [33]. Therefore, a maximum temperature of 150°C 

was used throughout the process, without any oxygen plasma. 

The fabrication of the proposed memristor devices involves three lithography steps 

shown in Fig. 2.5.a The bottom electrode layer, active oxide, top electrode layer, and the 

contact layer of the memristor devices were patterned using an electron beam lithography 

 

Figure 2.5: Memristor device fabrication. a) fabrication steps and metal stacks 

formation; b) schematic diagrams of the integrated devices on vias. 
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technique. The bond pad electrodes are patterned by direct writing using a mask less 

aligner (MLA 150). In Fig. 2.5.b shows schematic diagrams of the integrated devices on 

vias of the CMOS chip. 

For the electron beam lithography, a double layer resist (EL6+PMMA A4) is used to 

get an undercut profile. The undercut profile will help to get clean edges on the metal 

lines after the lift-off process. For direct writing, we spin WIDE-15C bottom anti-

reflective coatings (BARC) and AZ MIR 701 photoresist. The bottom electrodes, 

consisting of 5nm thick Cr, 10nm thick Au, and 5nm thick Pt, are deposited by E-beam 

evaporation. The active oxide stack consists of a 2nm buffer layer of Al 2O3, and 15nm of 

TiO2-x deposited by ion beam sputtering. The top electrodes are 5nm of TiN and 10nm of 

 

Figure 2.6: SEM images of a) different lithography steps at 20,000 devices array and 

b) complete fabricated device with three different designs. 
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Pt deposited by ion beam sputtering in the same vacuum as the oxide stack. A contact pad 

to connect the vias to the top / bottom electrodes is made of 75nm Al and 75nm of Ni 

added by E-beam evaporation. The bond pads of the CMOS chip are patterned by a mask 

less aligner. The bond pad stacks consist of 50nm Al, 50nm Ni and 100nm Au are 

deposited by sputtering process. All layers are patterned by the lift off process.  

The SEM images of each lithography step for the 20,000 devices array are shown in 

Fig. 2.6.a. In Fig. 2.6.b, the final fabricated memristors on the CMOS chips are shown, 

whereas design 3 is considered the best option for integration as this design is more 

convenient to fabricate devices with the desired surface area, even though the lithography 

process introduces 100nm misalignment in any direction. 

 

2.5 Exploratory r esults 

The standalone devices which are fabricated on silicon substrate (Fig. 2.7.a,b) are 

used for optimization of forming voltage by selecting proper thickness of active oxide 

layer. The memristor is then integrated on CMOS using the optimized thickness of active 

oxide layer. The final fabricated memristors on the silicon substrate and CMOS chip are 

shown in Fig. 2.7.e,f. 
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The atomic force microscopy (AFM) analysis is carried out to see the surface 

topography of the CMOS chip before and after integration. Average roughness of the pre-

planarized area for device integration is around 2-3nm. The AFM images in Fig. 2.8.a,b 

show the top CMOS surface where planarized vias are visible and the surface is ready for 

heterogeneous integration. Fig. 2.8.c,d show the final integrated devices on the 

designated vias position. 

 

Figure 2.7: Fabricated standalone device a) Optical image and b) tilted SEM image. Chip 

with integrated 20,000 memristor devices c) CMOS chip, d) Optical image of the CMOS 

chip e) SEM images of devices array and f) SEM image of a single integrated device. 
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2.5.1 Forming and switching characteristics of standalone devices 

The Standalone devices are measured by Semiconductor Device Parameter Analyzer 

(B1500A) without any current compliance. Fig. 2.9.a shows the current vs. voltage 

characteristics of 100 switching cycles for 15nm thick TiO2-x where device scale is ~ 

400nm × 500nm. The switching voltage is around -1.4V for RESET and 1V for SET. The 

SET and RESET are gradual which is ideal for neuromorphic computing. The on/off 

resistance are measured at 0.2V read voltage. Fig. 2.9.b shows the low resistance state 

(LHS) and high resistance state (HRS) for 100 cycles. The on/off ratio at the first cycle is 

around 18. Fig. 2.9.c shows the forming voltage with four different TiO2-x thickness for 

 

Figure 2.8: AFM images of a) array of vias, b) single via, c) integrated devices array, d) 

integrated single device. 
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four different device sizes. The forming voltages are measured from 5-7 single devices 

for each instance. The TiO2-x thickness lower than 20nm seems compatible with our 

CMOS chip as their forming voltage is lower than 3.5V for all differently sized devices. 

As the bottom electrode thickness is 20nm, the oxide layer lower than 15nm might not 

cover the edge of the bottom electrode due to conformality issues.  Therefore, we chose 

15nm active oxide thickness for CMOS integration. 

 

2.5.2 Forming and switching characteristics of integrated devices 

Devices with four different sizes of active oxide area are integrated on CMOS. The 

measurement of current-voltage relationship is done in the same switching parameters 

 

Figure 2.9: Standalone device on silicon substrate, a) current vs. voltage characteristic 

of 100 switching cycles; b) ON/OFF resistance for 15nm TiO2-x thickness with ~ 400nm 

× 500nm device size and c) the relationship between the forming voltage and oxide 

thickness for 4 different sizes of devices. 
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value for all four types of devices. All devices are formed without any issues as we 

choose the oxide thickness 15nm that is enough to form them at lower than 3.5V. Fig. 

2.10.a shows the forming voltage for 5 standalone devices are in the range of 2.8 - 3.5V. 

The current and voltage are applied directly across the top and bottom electrodes of the 

standalone devices. In Fig. 2.10.b, the forming voltage for 10 CMOS integrated devices 

are in the range of 2.8 - 3.2V which are very similar to standalone devices. In each 

integrated device, the switching is controlled by one NMOS and one PMOS transistor. In 

both standalone and integrated devices, the size of the devices is 200nm ×300nm, the 

 

Figure 2.10: Forming characteristics, a) standalone devices, # of devices= 5 and b) 

CMOS integrated devices, # of devices=10. Device size= 200nm ×300nm. The voltage is 

presented with absolute value to show the forming sweep in same direction for 

standalone and CMOS integrated devices. 
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thickness of TiO2-x is around 15nm and the buffer Al2O3 thickness is around 2nm. This is 

evident that reducing the active oxide layer can reduce the forming voltage to make the 

device CMOS compatible.  

 Fig. 2.11 shows the current-voltage characteristics for all four types of devices for 

10 cycles. The ON/OFF ratio of the smallest device (Fig. 2.11.d) is much higher than the 

others (Fig. 2.11.a,b,c). The reset switching is abrupt in 100nm× 200nm device and 

 

Figure 2.11: Current vs Voltage characteristics for the integrated devices with active 

oxide area a) 600nm × 700nm, b) 400nm × 500nm, c) 200nm × 300nm and d) 100nm × 

200nm. e) The relation between mean ON/OFF ratio and integrated device size. Here, # 

of cycles=10, the set gate voltage = 1.05V, reset sweeping voltage = 2.4V, # of sweeping 

points = 101 and aperture time = 2. 
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others are more gradual.  The larger devices have more analog type switching behavior 

and the smallest device has more like digital switching behavior. Fig. 2.11.e shows the 

relation between mean ON/OFF ratio and device sizes for 10 current-voltage 

characteristics cycles.  

The ON/OFF ratio increases as the size of device decreases. Although this relation 

might not be absolute for all devices as memristors have high device-to-device 

variabilities. Fig. 2.12 shows the current vs voltage characteristics of 10 devices for 

600nm × 700nm device size and 100nm × 200nm device size. The ON/OFF ratio is larger 

for 100nm × 200nm device size than the 600nm × 700nm device size. 

 

Figure 2.12: Current vs Voltage characteristics for 10 integrated devices with active 

oxide area a) 600nm × 700nm, b) 100nm × 200nm. Here, the set gate voltage = 1.05V, 

reset sweeping voltage = 2.4V, # of sweeping points = 101 and aperture time = 2. 
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2.5.3 Endurance of integrated devices 

The endurances are measured with the largest (active device area 600nm × 700nm) 

and smallest (100nm × 200nm) integrated device. The ON/OFF resistances are measured 

at 0.2V in reset voltage sweep. For both devices, the set gate voltage is 1.05V and the 

number of sweeping points is 51. The device with active area 600nm × 700nm has a low 

ON/OFF ratio (Fig. 2.13.a,b) and the ON resistance is around 100-800kɋ, shown in Fig. 

2.13.c. There is a very narrow gap between the ON and OFF resistance of this device. 

 

Figure 2.13: Device endurance test. For device size 600nm × 700nm a) current-voltage 

characteristics for 200 cycles, b) ON/OFF resistance vs # of cycles, c) Count vs 

resistance plot. For device size 100nm × 200nm d) current-voltage characteristics for 

200 cycles, e) ON/OFF resistance vs # of cycles, f) Count vs resistance plot. 
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