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6.1 cross-sectional view. The image has a sub-nanometer pixel size which is
well enough to resolve small voids, cracks, or any other defects. How-
ever, no such imperfections; neither holes nor small voids were detected
in the fabricated device stack after the milling. A video demonstrating the
dynamic ion beam milling process of the device stack is included in the
supporting information. (G) In-situ X-ray diffraction depicts the transfor-
mation of multilayered hexagonal Ti/AIN into MAX phaseAIN. At am-
bient temperature, the presence of a Ti (002) peak at 38.3 indicates
the presence of crystalline Ti layers in the as-deposited Ti/AIN multilayer
structure. However, no AIN peaks are clearly observed, suggesting poorly
crystalline or amorphous AIN layers. Upon reaching an annealing temper-
ature of 650 C, Ti,AIN (002), (004), and (006) peaks emerge at 2
13.0, 26.3, and 39.4, respectively. These FAIN peaks grow in intensity
with increasing annealing temperature and duration; with extended anneal-
ing resulting in a complete transition into,AIN and the disappearance
of the intermediate hexagonal close packing (hcp)-TiAIN. (H) Calculated
average grain sizes using Nano Beam Electron Diffraction (NBED) mea-
surements. Here, average grain size is 28.82 nm, (I) Raman spectroscopy
characterization shows the presence of characterist’iNiIMAX phase
peak after the annealing. (J) An Ashby plot demonstrating thermal con-
ductivity versus electrical resistivity situates the AIN MAX phase in a
unigue position, further emphasizing its distinctive propetfies. . . . . . 65
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6.2 Electrical Characteristics of JAIN MAX phase memristor and baseline

6.2

Ti/HfO/Au memristor. (A) Set reset switching characteristics gATN

MAX phase memristor. (B) TAIN MAX phase memristor exhibits a con-
centrated distribution of set and reset voltages. (C) The baseline Ti#/AO
memristor switching shows a narrow switching window. (D) lllustration

of the low resistance state (LRS) current measured across various tempera-
tures, from ambient at 2% to 200 C. It indicates that the current shows no
pronounced dependency on temperature. (E) High resistance state (HRS)
current measured across varying temperatures, displaying a linear increase
with temperature. This implies a trap-assisted tunneling electron transport
mechanism, where increased temperature lead to an elevated current due
to the escalated rate of defect capture and emission events during the TAT
process. (F) Measured log(l) versus 1/KT plots at the bias of 0.05 V. The ac-
tivation energy values during the HRS can also be extracted from the slope
of this plot. (G) Endurance characteristics of the MAX phase electrode
memristor. The device demonstrates a well-de ned on/off ratio 6000

and a stable transition between the HRS and LRS up to 200 million cycles.
(H) Endurance measurements were performed on eight randomly selected
devices forupto 1 107 cycles. The devices demonstrated a well-de ned
on/off ratio during the endurance with some variability among the device-
device responses, reinforcing the robustness of the MAX phase electrode
memristor. (I) Endurance characteristics of the baseline Au electrode mem-
FSTOr . . . o o e 69

with a signi cantly small on/off ratio. The device-to-device variability is
large, as shown in the inset. (J) Retention characteristics of the baseline
Au electrode device. It showed good retention for up to 104 seconds but
with a narrow switching window. (K) (i) Retention characteristics of the
Ti,AIN MAX phase memristor. (ii) The inset shows the probability distri-
bution of the number of devices using a histogram with a bin size of 0.02
on a logarithmic scale with base-10 on the y-axis. The device showed good
retention for up to 104 seconds with a wider on/off ratio. It showcased
excellent multi-level capability with 9 distinct resistance states. Each re-
sistance state demonstrates narrow distribution variability, as shown in the
inset. The superior multi-level capability, coupled with a narrow resistance
distribution range at each state, emphasizes the strong potential of the MAX
phase memristor for multi-level memory applications. . . . . . .. ... .. 70
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6.3 Comparative assessment of TAIN MAX phase memristor with de-
vices having alternative electrodes: Au, hexagonal multilayered Ti/AIN,
and cubic TiN. (A) Three-dimensional comparison of off-state resistance
(Roff), on-off ratio, and endurance in fabricated memristive devices. The
Ti,AIN MAX phase device outperforms all others, demonstrating a higher
on-off ratio ( 6000), superior endurance (200 million), and higher off-
state resistance (107). (B) Phase difference (phase degree) between pump
and probe signals across various modulation frequencies (x-axis) as derived
from Frequency-Domain Thermo-Re ectance (FDTR) measurements on a
device with a TJAIN MAX phase electrode. The curve represents an op-
timal t that aligns closely with raw experimental data, illuminating the
thermal properties of the Im based on the frequency-domain solution for
a semi-in nite solid under a periodic heat source52. For detailed mea-
surement procedures, please refer to the methods section. (C) A graphical
representation demonstrating the relationship between thermal conductivity
and electrical resistivity of the synthesized Ims. Among the samples, the
Ti,AIN MAX phase Im stands out due to its superior electrical conduc-
tivity and lower thermal conductivity in both in-plane and out-of-plane di-
rections, in contrast with the Au, TiN, and multilayered Ti/AIN Ims. Note
that despite its relatively low thermal conductivity, the multilayer Ti/AIN
Im showed lower electrical conductivity than the MAX phase,AiN
Im. (D-G) Temperature distribution across various device stacks as de-
termined by COMSOL Multiphysi&simulations, revealing a dependence
on electrode material and composition. Notably, stacks composed of MAX
phase TiAIN and multilayer Ti/AIN exhibit a higher temperature distri-
bution across the device stack due to heat con nement within the device,
a result of their relatively lower thermal conductivity. In particular, the
Ti,AIN device shows a very high elevated temperature distribution, which
is a direct outcome of its unique combination of low thermal conductivity
(7 W/m.k) and high electrical conductivity .2 10 °!-cm). . . . . . 77
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6.3 (H-J) Transmission Electron Microscopy (TEM) images reveal distinctive
structural features of TiN, multilayered Ti/AIN Ims, and JAIN MAX
phase. The TiN Im does not exhibit a characteristic layered structure, in-
stead featuring covalent Ti-N bonding exclusively. The multilayered Ti/AIN
Im displays distinct, thicker layers (7 nm) of Ti and AIN de ned by the
sputtering condition, but lacks an effective oxygen reservoir function due
to the absence of weak metallic bonds. In stark contrast, the MAX phase
Ti,AIN Im showcases an ultrathin layer-by-layer structure with a unit cell
size of only 1.3 nm. This nanolaminate structure includes both weak
metallic Ti-Al bonding and strong covalent Ti-N bonding, promising low
activation energy for oxygen ion diffusion and ef cient supply and removal
of oxygen ions during resistive switching. This results in an improved en-
durance in resistive memory devices, highlighting the signi cance of the
unique structure and properties of thgAIN MAX phase device. (K) The
guanti cation of the interplanar spacing by analyzing the line intensity pro-
les derived from Z-contrast imaging in the TEM image. The evaluated
interlayer separation is determined to be approximately 0.2202 nm. . . 78

6.4 Benchmark Analysis of Ti,AIN MAX phase Memristor. . . . . . .. .. 83

6.4 The gure displays the performance assessment of g##NIMAX phase
Memristor in relation to other prevalent memristive technologies, focusing
on: (A) Off-state current density and on-off ratios, and (B) Recorded en-
durance against on-off ratio. The noteworthy aspects of th&lNiMAX
phase Memristor are its extremely low reset current densityq @ MA/cm?)
and higher on-off ratio (6000) compared to its counterparts. This empha-
sizes the greatly reduced power consumption of th&llN MAX phase
memristor, signifying a substantial progress in the domain of memristive
technologies. The endurance characteristics of thalNli MAX phase
memristor is also promising. It signi es that the,AIN MAX phase mem-
ristor as a promising candidate for IMC applications. Here references are
RRAM277'278,279,280,281,282,283,284,285,286,287’,q&§exib|e RRAMZSQ, ECM290’291’29?
Pcnt>5:293294 MT 29, Mott?%6:297 Here the term “engineered RRAM” de-
notes TaOx-based optimized RRAM exhibiting high endurance. The mul-
tilevel capability of the MAX phase Memristor also presents promising
prospects when compared to oxide or nitride-based alternatives as shown
INnFigure S31. . . . . . . e 84

XX



7.1

7.2

7.3

7.4

7.5

(a) Transmission Electron Microscope image of the ReRAM device unit. The de-
vice is integrated between 14 nm Cu levels without introducing any additional
level. (b) Initial controlled stabilization sequence. Each step consists of 200 pos-
itive and 200 negative pulses, subsequently followed by 100 cycles of a pair of
positive and negative pulses. The maximum voltage applied in this testing step
is the optimum voltage, 1.5 V. The controlled application of pulses ensures the
stabilization of the laments before performing DNN training. (c) Typical analog
switching characteristics of the devices after the initial stabilization step. The test
sequence and device speci cations for TTv2 involve utilizing 200 upward and 200
downward pulses, followed by a pair of 1 upward and 1 downward pulse repeated
100 cycles. (d) Custom-built RPU tester used for measurement. (e) # of states
is de ned in equation Equation 7.Wmax-min is the difference between minimum

and maximum conductance, angy, is de ned in equation Equation 7.2, is the
average conductance change at the symmetry point. . . . . . . . . ... .. 99

(a) Reduced MNIST task. Each image of O or 1 is transformed into a
12-element vector through random projection to enable training using the
12x2 arrays representing Matrix A (gradient accumulation) and C (weight).
TTv23¥ s used to train the array. (b) Test error as a function of training
epoch before the induction of fatigue. . . . . .. ... .. ... ...... 100

: Test error as a function of training epoch before and after the execution of
multiple trainings using the optimum pulse condition (£1.5>V400,000
PUISES). . . . . 100

(a) Analog switching characteristics of a representative device after fatigue
induction showing the reduction of # of states to 5.8. (b) Test error as a
function of training epoch after the induction of fatigue. . . . . . . .. ... 101

(a)ReSta pulse sequence: 100 cycles, where each cycle consists of 200
positive and 200 negative pulses. (b) Analog switching of a representa-
tive device afterReSta. (c) Resistance distribution of the devices be-
fore and afteReSta . Inset showing the symmetry point conductance (SP
Con.) and the # of states improvement aR&Sta of a representative de-
vice.(d) The resistance change of a representative device, with resistance
values similar to the average across the array, during the application of
ReSta . (e) Atomistic simulation with Applied Material's Ginesfranulti-

scale physics simulator. It qualitatively illustrates the expected behavior
before fatigue induction and after lament recovery with opposite polarity
usingReSta. . . . . . . . . . 101
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7.6

B.1

B.2

B.3

B.4

B.5

B.6

B.7

B.8

The test error after each training epoch before the induction of fatigue (left),
after the induction of fatigue (middle), and after recovery of the fatigued ar-

ray (right). An accuracy of 96% is obtained before the induction of fatigue.
After the induction of fatigue, the training does not converge. Finally, after
recovery of the fatigued array usifReSta , an accuracy of 98% is attained. 102

(a) A fully digital system involves stages of digital pre-training, weight
transfer for a new task, and digital ne-tuning on that t&8R*6:347:348 ()

A hybrid system includes digital pre-training, followed by ne-tuning in

a combined digital-analog environmé&hit3493%0351  (¢) Analog transfer

learning can utilize either digital or analog pre-training, but the weights are
ultimately transferred to analog hardware for training. Key functions such

as gradient accumulation and MAC operation are performed on analog NVM.115

Digital pre-training is done in either HWA or non-HWA approach. Pre-
trained weights are then mapped on ReRAM hardware. After mapping

the pre-trained weights on the hardware, T¥w2>¢algorithm is used to

perform the ne-tuning. Matrix A is used for gradient accumulation, Matrix

C stores the weights, and H is an integrator used to aggregate the effects of
Matrix A before passing it onto Matrix C in the form of a single pulse. . . . 116

Digital pre-training using the non-HWA algorithm followed by ne-tuning
on analog hardware (FP-Trfr Irng) does not show any bene t compared to
training from scratch (Trng). . . . . . . . . . . . . .. .. ... .. ..., 118

Digital pre-training using the HWA algorithm followed by ne-tuning on
analog hardware shows 3 faster convergence over the training from
scratch (Trng). Here, light-green and light-purple traces correspond to sev-

eral experiments on training and transfer learning, respectively. . . . . . . . 118
Flow diagram for transfer learning with in-memory pre-training where Task
lisdifferentfromTask2. . . . . . . . . . . . .. . ... ... 119

Dimensionality Reduction to reduce images to 16 dimensions. Pre-training
on analog hardware on Task 1 using 8 elements. Fine tuning on task 2 with
N differentelementsfromTask 1. . . . . . . . .. .. ... ... ... ... 120

Initial test accuracy decreases with the increase of the degree of randomness
(N value). represents the mean andepresents the standard deviation. . . 120

(a) Analog pre-training showing 94%test accuracy on task 1. (b) Sta-

tistical distribution of accuracy across all permutations for N=3. Average
accuracy in the initial test drops by 24%for N=3. represents the mean

and represents the standard deviation. . . . .. ... ... ........ 121
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B.9 Transfer learning (Trfr Irng, purple traces) with analog pre-training reach-
ing an accuracy of 98% shows 3.3aster convergence compared to train-
ing from scratch (Ref, greentraces). . ... ... . ... .. .. ...... 121

B.10 Performance of fully connected DNN models trained on a modi ed MNIST
by swapping (a) 1 row, (b) 2 rows. Swapping 1 row with 2.5% noise gen-
erates a test error of 12.3% and 4.5% for training from scratch and transfer
learning, respectively. Epoch O is the test error of the digital model. Epoch
1 is the test error when the digital model is converted to the analog model.
Epoch 2 is the test error of the analog model with the programming noise.
(c) A CNN model trained on various subsets of CIFAR100 (5-class: beaver,
cockroach, leopard, orange, woman; similar 2-class: beaver and otter; di-
verse 2-class: beaver and dolphin) for training from scratch and transfer
learning. . . . . . .. 123
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SUMMARY

The pervasive usage of arti cial intelligence to improve the quality of life has led to a
massive demand for energy. One of the primary reasons for the tremendous energy con-
sumption in traditional von Neumann architecture is the continuous data transfer between
the memory and the processing unit. Brain-inspired analog and in-memory computing aim
to solve this issue by allowing calculation and memory at the same place, similar to nature's
astounding computing machine: the human brain. However, the widespread adoption of
brain-inspired devices is prohibited by their non-ideal behavior arising from the need for
more material, device, and system-level optimization. This dissertation aims to develop a
deeper understanding of brain-inspired devices and take strides toward their ideal behavior
to unlock their full potential.

The rst aim of this dissertation focuses on developing a fundamental understanding
of the HfQ, synaptic device physics and the impact of doping on its characteristics. The
synaptic devices exhibit non-volatile resistance change by forming an oxygen vacancy-
rich conductive lament (CF) and moving oxygen ions within it. The resistance change
is expected to be impacted by changing the number of vacancies through the addition of
titanium dopants. The electrical characterization of the fabricated titanium-doped HfO
devices shows that an increase in titanium results in decreased forming voltage and allow-
able stop voltages during switching. In addition, analysis of the analog switching behavior
reveals that the titanium-doped CF, not the bulk oxide, solely governs the analog response.
The physical mechanisms responsible for the observed responses are proposed. Addition-
ally, C-STAQ, a compact model combining trap-assisted tunneling and ohmic transport
was developed with the goal of understanding the device mechanism. Experimental data
tting with C-STAO and COMSOL multiphysi€ssimulation results show that the local
rupture of the CF occurs near the reset anode.

Using this knowledge, the second aim of the dissertation aspires to improve the synap-
tic devices through barrier layer, electrode, and oxygen reservoir layer optimization and
corroborate the proposed hypotheses using simulation. One of the signi cant challenges
for brain-inspired technology is an abrupt resistance change in response to a positive bias
called abrupt set, which happens because of the abrupt oxygen ion motiypogesiss
proposed that a 1 nm SiQ barrier layer, with a high oxygen ion migration barrier close to
the reset anode, will provide better control over the ion motion. Thus, 3O, devices
were fabricated, which show a gradual resistance change during set and less variability. In
addition aCOMSOL multiphysi¢ssimulation was performed to validate the experimen-
tal data. This work also demonstrates that slowing the motion of oxygen ions results in a
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fundamental trade-off between a gradual set and a low on-off ratio. The low on-off ratio
is associated with a high off-current. Further, it is hypothesized that an electrode with low
thermal conductivity would reduce heat removal and increase the number of oxygen ions
closing the CF, resulting in less off-current. However, the challenge is that most of the
electrodes have high thermal conductivity,AlN, like many other MAX phase materials,

has metal-like electrical conductivity and ceramic-like low thermal conductivity. So, HfO
devices with MAX phase as the bottom electrode were fabricated, demonstrating ultra-low
off-current, large switching window, high endurance, and multi-level capability.

The third aim builds on the insight gained from the device-level research to improve
the system-level performance of an IBM analog brain-inspired chip for deep learning. In
collaboration with IBM T. J. Watson lab, this aim focuses on optimizingalgorithm
for training a deep learning model using a 14 nm technology-based analog accelerator
array. The performance of analog Al hardware degrades after repeated usage. An electrical
biasing technique, Recovery Stabilizatidg®eSta ) is experimentally demonstrated, which
can recover the accuracy of the analog Al hardware up to the level before the introduction
of fatigue.

Overall, the dissertation's material, device, and system-level investigation advance our
understanding of brain-inspired computing for sustainable energy-ef cient arti cial intelli-
gence.
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CHAPTER 1
INTRODUCTION

The eld of traditional computing is encountering limitations due to the end of conven-
tional device scaling. A notable issue is that arti cial neural networks (ANNs) when based
on traditional computing paradigms, consume considerable energy. One key problem in
the traditional Von Neumann architecture is the physical separation between memory and
processing units. This separation results in signi cant power consumption, particularly
for matrix-vector multiplication—a critical operation in complex arti cial intelligence (Al)
tasks such as speech and pattern recognitidn contrast, the human brain—an exemplar

of ef cient computation—comprises approximately'teurons and 0 synapses, yet

only consumes about 20 W of powerThis is starkly different from the power require-
ments of a digital simulation of an ANN of a similar scale, which can consume up to 7.9
MW?3,

Inspired by the natural ef ciency of the human brain, brain-inspired computing has
emerged as a promising solution to overcome the limitations of traditional computing. This
approach integrates data storage and processing within the same physical unit, thus reduc-
ing power consumptid®. The concept of the *Memristor', rstintroduced by Leon Chua
in 1971 and then revived in 2008, has played a pivotal role in the development of novel
mechanisms and structures for brain-inspired devices. Recently, memristors have garnered
signi cant interest for their potential in high-density non-volatile memory (NVM) and neu-
romorphic computing applicatioh&

Figure 1.1 illustrates the overview of this dissertation. This dissertation begins by delv-
ing into the physics of HfQsynaptic devices, particularly focusing on the in uence of tita-
nium doping on their characteristics. This foundational understanding paves the way for the

second aim, which seeks to enhance these synaptic devices through various optimizations,



Figure 1.1: Dissertation Overview. The blue boxes represent the core elements included in
the thesis, while the grey boxes indicate side projects.

including barrier layer and electrode modi cations. The improvements in device-level per-
formance lead directly to the third aim: enhancing system-level performance in an IBM
analog brain-inspired chip for deep learning. The progression from understanding individ-
ual device physics to optimizing device architecture ultimately culminates in the successful
application of these innovations in advanced Al hardware for deep learning, demonstrating
the link between the foundational research and its practical application in brain-inspired

computing. These aims are discussed below:

1.1 Aim 1: Understanding the Mechanism of Adaptive Oxide Devices

In the burgeoning eld of brain-inspired devices, metal oxide lamentary resistive ran-
dom access memory (ReRAM), also known as Valence Change Mechanism (VCM) de-
vices, have gained signi cant attention due to their reliance on anion migfati@espite
cation-based ReRAM exhibiting higher on/off ratios, VCM devices offer several advan-
tages, including enhanced endurance, better retention, and reduced power conSudfption
However, understanding the operational mechanisms of these oxide-based devices remains

a challengé*-*?



Transition metal oxide-based devices, such as i3, TaQ.*>6 TiO,1"18 WO,;%2C
SITiOz?1?2, ZnO?324 and SiQ?>28 are notable for their desirable properties like high scal-
ability, multi-level capability, low energy consumption, and compatibility with large-scale
integration. HfQ, in particular, stands out due to its CMOS compatibility, scalability, low
power consumption, large memory window, high density, fast-switching speed, and excel-

lent endurancg28.22

1.1.1 Impactof Active LayerDopantontheResistiveSwitchingof FilamentaryAdaptive

OxideMemory

Filamentary ReRAM, characterized by a metal-oxide-metal structure, operates through the
formation and modulation of a conductive lament within the adaptive oxide layer. This
lament formation and reformation during set and reset operations directly in uence the
device's resistance stdfé'?” Consequently, the composition of the active layer, particu-
larly in terms of defect activation energy, plays a crucial role in the device's forming and
resistive switching behaviots

Dopant addition has been identi ed as a method to in uence defect activation energy
and initial concentratidh Studies have demonstrated improved resistive switching behav-
ior in doped transition metal oxide-based ReRAM devigés®>3¢ For instance, Cu doping
in MoOx/GdOx bilayer-based devices has enhanced performance, including reproducibil-
ity and long-term state retentidn Sulfur doping in HfOx has been reported to increase
uniformity in resistance change and endurdhc#loreover, increasing the concentration
of oxygen vacancy defects in the active layer has been linked to improved switching char-
acteristics, such as stable multi-level resistive switching, higher on/off ratios, and gradual
reset behavidP. Devices based on Al-doped HfOx, especially with post-deposition anneal-
ing, have shown promising multi-level switching characteriétits Furthermore, studies
indicate that aliovalent ion doping via sputtering in Hf@ased devices leads to better

uniformity of low and high resistance states, attributed to an increased concentration of



non-lattice oxygeff42

We study the fabrication and performance of ReRAM devices using amorphous HfOx
and HfxTiyQ,, focusing on the impact of titanium doping on their forming, switching be-
havior, and underlying mechanisms, assessed through electrical and material characteriza-

tion*3 (chapter 2).

1.1.2 Impactof Dopingon Analog Neuromorphid?erformancef FilamentaryAdaptive

OxideMemory

Neuromorphic computing, a eld gaining substantial interest, seeks to overcome the limita-
tions of traditional computing by emulating the information-processing capabilities of the
brain. This approach facilitates complex computational tasks like vector-matrix multipli-
cation, pattern recognition, and real-world environment adaptéti®ff In this context,
memristors are increasingly recognized as a prime choice for arti cial synapses in neu-
romorphic systenfs’. Besides their promising digital resistive random access memory
(ReRAM) characteristics, HfOmemristors have also demonstrated analog synaptic prop-
erties. The synaptic weight change in biology, triggered by neurotransmitter movement in
response to an action potential, nds a parallel in the resistance changes of lamentary ox-
ide memristors caused by the motion of oxygen vacancigsdiMons across the conduct-

ing lament*®495051 HfQ, arti cial synapses have been able to replicate various biological
synaptic responses such as short-term depression/potentiation (ST#/$R)-term de-
pression/potentiation (LTD/LTPY>* and spike-time-dependent plasticity (STE#Y for
analog applications.

The accuracy of pattern recognition in analog neuromorphic architectures is closely
linked to the control and linearity of the resistance change in arti cial memristor synapses
as a function of applied voltage pul8&sHowever, achieving a linear resistance change
in response to identical voltage pulses is challenging for HfOx memristor syRap3es

enhance linearity, non-identical voltage pulses, and transistors can be employed for HfO



memristor synapses, but this necessitates complex peripheral circuitry for pulse generation,
leading to increased latency, energy consumption, and chip’a?é&%° Given that only a
few ions are involved in the analog resistive switching of HfOx memri§tpresearchers
have explored combining HfOx with other oxid&8? and incorporating doparffs® to
modify ion motion and enhance resistive switching properties. For instance, adding TiOx
layers to sputtered HfOx has been found to improve digital switching uniformity and enable
multi-level capabilities>®* Another study revealed that HfOx/TiOx multilayered devices
consume less energy than pure HfOx devices and are suitable for integration into large-
scale neuromorphic visual systethsAdditionally, Nickel doping in sputtered HfOx has
demonstrated reduced power consumption and enhanced multi-level resistance behavior
with identical pulse®.

We explore the analog switching of ALD HfOx and titanium-doped HfOx memristors,
assessing the impact of titanium doping on analog temporal responses under varying pulse
amplitudes and widths, analyzing various properties, such as off-state resistance and lin-

earity’’(chapter 3).

1.1.3 Understandinghe SwitchingMechanismn HfO,-BasedFilamentaryDevices

In oxide-based lamentary memory devices, the formation of an oxygen vacancy-rich con-
ductive lament (CF) within the switching layer is critical for device operatffi32 This
lament's dynamics, primarily the movement of oxygen vacancies, are pivotal in determin-
ing the device's resistance states during switchifi¢®* Although a small portion of the
lament actively participates in the switching, involving a few oxygen vacancies moving in
and out, this process is essential for desired switching characteristics like gradual resistance
change®. A deep understanding of ion movement across the rupture barrier is crucial for
improving device performance.

The development of neuromorphic synaptic circuits heavily relies on a fundamental

understanding of resistance change and current transport mech2nisitsle complex



physical models provide detailed insights into the low current operation regime of neuro-
morphic synapsé§ their complexity limits large-scale circuit simulation applicability due
to intricate partial derivativé$. Simple models suitable for Electronic Design Automation
tools, like SPICE simulations, have been proposed for oxide-based resistive méfritries
These models, however, often lack the physical mechanism details necessary to emulate
analog behavior and rely on non-realistic tting parameferdhey also fail to represent
the complex physical mechanisms that govern switching and thermal behavior in experi-
mental current-voltage relationshipg®’’

In this study, we develope@-STAO8(chapter 4), a Compact model combining Series
Trap Assisted tunneling and Ohmic transport, to accurately represent current in both low

and high resistance states.

1.2 Aim 2: Improving the Performance of Adaptive Oxide Devices

In the realm of neuromorphic computing, Hf®ased resistive random-access memory
(ReRAM) shows signi cant promise for non-volatile memory applications, yet it strug-
gles with full optimization for neuromorphic computing tagk$or a synapse device to be
suitable for ideal analog neuromorphic computing, it must embody a range of attributes,
including over 10 years of non-volatility, less than 10 nm scalability, more than 5-bit ana-
log memory, and a large on/off ratf® Additional requirements for enhancing the pattern
recognition accuracy in deep learning models include achieving gradual and symmetric
resistance changes, as well as minimizing device-to-device varigBffttydowever, the
abrupt and stochastic resistance changes in current memristor technologies complicate the
application of stochastic gradient descent for error calculation in deep learning, presenting
a signi cant hurdle®?

Concurrently, ReRAM faces critical challenges in achieving low off-state current den-
sity, a substantial dynamic range (on-off ratio), and multilevel-per-cell capatifity?

The high off-state current density in these devices exacerbates power consumption, which



in turn affects performance and reliability. This issue becomes particularly problematic in

Al applications, especially in edge devices and IoT environnf&ritdn the context of the
growing importance of real-time, low-latency applications, tackling the high off-state cur-
rent density issue is crucial for the development of energy-ef cient, sustainable Al-powered
solutions. Successfully addressing these challenges will not only facilitate wider Al inte-
gration but also make signi cant strides towards the development of eco-friendly electronic
systems. In the subsequent two sections, we address the enhancement of device-level prop-
erties, particularly focusing on mitigating abrupt resistance changes, reducing high off-state
current density, increasing the on-off ratio, and boosting endurance and high-temperature

retention.

1.2.1 EnhancingheLinearity of Setin HfO,-BasedFilamentaryDevices

Previous research has successfully controlled resistance changes in memristor devices us-
ing non-CMOS compatible materials like Ag, ZnO, and Ge, or through circuit-based so-
lutions. For example, a Ge-implanted SiNx/a-Si memristor exhibited gradual resistance
changes by inducing structural defects in the a-Si By&emristors made from Ag-Ct

and a co-sputtered mixture of Ag and%ilso demonstrated controlled resistance changes.
Chandrasekaran et #lachieved gradual resistance changes and improved training epochs
in ZnO memristors. However, none of these studies employed atomic layer deposition
(ALD) for oxide deposition, a technique more suitable for large-scale circuit fabri¢ation
Therefore, it is essential to attain controlled resistance changes in ALD-deposited oxides
that are CMOS compatible.

Memristor oxides such as HfQAIO,, and TaQ are CMOS compatible, yet achieving
controlled resistance changes during the set operation remains a challenge. As mentioned
earlier, in HfQ, devices, a ¥-rich conductive lament forms in the active HfQayer dur-
ing forming. Subsequently, the motion of a few oxygen vacancig} i(Vand out of the

lament leads to reset and set operations, respectively. Typically, the reset process is grad-



ual due to the resistance increase and corresponding temperature decrease under negative
bias. However, the set operation is abrupt, characterized by a rapid current increase with a
positive bias, leading to a decrease in resistance, temperature increase, and a sudden motion
of V,, into the lament due to a positive feedback 1888*°% Thus, achieving a gradual
set in HfQ, memristors has been particularly challenging. Wu &8 akported that adding
a TaQ electrothermal modulation layer to a Hf@evice helps control resistance changes
during the set operation by enhancing the thermal environment and forming multiple weak
conductive laments. However, this approach requires high voltage and results in high
variability in resistance changes due to the multiple weak laments.

Thus, we propose a thin (L nm) SiQ barrier layer to suppress abruptness in resis-
tance change and analyze its impact on the switching of ALD-depositeq mEDnris-

tors”’(chapter 5.

1.2.2 In uenceof ThermalConditionsandMultilayer Characteristicen ReducingOff-State

Currentin HfO, Devices

Minimizing off-state current in HfQdevices is crucial for energy ef ciency. Studies show
varied success in achieving high resistance states (HRS) and optimal switching windows
in different device con gurations. For instance, Ti/Hf@evices with a cell size of 100

m? demonstrated an HRS of about 100 kand a switching window of 158, while
Pt/HfO,/TIN stacks achieved a higher HRS of 280 lout with a narrower window of
10°°. Additionally, binary-oxide AJOs/TiO, stacks in 100 nm 100 nm cells showed sig-
ni cant improvement in HRS, maintaining a switching window of %0 These ndings
indicate that reducing cell size in oxide-based memories may enhance HRS, yet achieving
both a high HRS and a satisfactory switching window is still challenging.

The cell's thermal environment signi cantly in uences its resistance characteristics.

For example, in phase change memories, con ning heat leads to higher HRS values but nar-

rower switching windows. For Hfomemories, our previous study suggested that reducing



substrate thermal conductivity enhances resistance states during switching. A substantial
reduction in substrate thermal conductivity changes the device's long-range thermal envi-
ronment. In both phase change and lamentary memories, thermal dynamics, governed by
drift, diffusion, and thermophoresis forces, play a crucial role in the migration of oxygen
vacancies.

Due to these insights, we propose MAX phases, which combine metallic and ceramic
properties, as potential solutions for ReRAM electrodes in IMC applications. MAX phases
offer a balance of low thermal conductivity, good electrical conductivity, and ultra-thin mul-

tilayered layered structure. We study adaptive oxide devices with MAX phases in chapter 6.

1.2.3 2D Material Active Layer

In the pursuit of Aim 2, which focuses on improving the performance of adaptive oxide
devices, we have introduced a side project that explores the use of two-dimensional indium
(111) selenide as the active layer. This initiative is driven by the goal of achieving forming-
free synapses, a critical step towards more ef cient brain-inspired devices. Additionally,
in light of suggestions about the potential of ferroelectric materials, it's worth considering
the implications of integrating ferroelectric tunnel junctions (FTJs) into our research. FTJs,
known for their non-volatile resistive switching, might offer solutions to some challenges
associated with resistive random-access memory (RRAM) systems. By potentially provid-
ing a more controlled and stable switching mechanism, FTJs could complement or enhance
the performance of the adaptive oxide devices we are developing, thereby broadening the

scope and impact of our research in the realm of advanced material-based synaptic devices.

1.3 Aim 3: Deep Neural Network Application of HfO, Memory

Analog in-memory accelerators based on HHRERAM are complementary metal-oxide-
semiconductor (CMOS) compatible and have shown unprecedented potential for energy-

demanding arti cial intelligence (Al) application8}192 By performing the computation



directly within the non-volatile memory, analog in-memory accelerators eliminate the sig-
ni cant energy requirement of data movement between separate compute and memory unit
of the traditional Von Neumann architectufgé:104

Recent studies have demonstrated the bene ts of using ReRAM-based in-memory tech-
nology for inference and meta-learning applicatié®s’More recent works have shown
co-optimized device material and algorithm of ReRAM-based technology implemented
for fully in-memory training of deep learning modéf€. Algorithmic advancements such
as TTv2 have signi cantly relaxed the device requirements such as the number of states,
program noise (100% program noise can be tolerated for deep neural network (DNN) ap-

p|ications_lOS,lOQ,llo,lll

1.3.1 Advancingthe Sustainabilityof AdaptiveOxide CrossbaHardwareArraysin Deep

LearningApplications

ReRAM holds promise for practical use, yet faces challenges in maintaining performance
under repeated usage and operating conditions, a well-documented issue in thet'éld
Although ReRAM technology has seen signi cant advancements, achieving performance
comparable to software for certain ta¥ksthe ability to recover hardware after exten-
sive use remains a critical aspect. Although previous research demonstrates individual
device performance recovery through pulsing schétfiethe restoration of entire cross-
bar ReRAM arrays, especially during deep learning model training post-degradation, is an
unexplored area.

In our studyReSta % (chapter 7), we propose a solution to recover the performance of
degraded ReRAM arrays during deep learning application, addressing the robustness issue

and achieving state-of-the-art performance post-recovery.
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1.3.2 Demonstratiorof TransferLearningon AnalogReRAM Array

Transfer learning, a key component in deep learning, enhances Al system ef ciency by
applying knowledge from one task to another relatedtaské-1? It involves digital pre-
training followed by weight transfer and ne-tuning for new tasks. Analog phase-change
non-volatile memory (NVM) for weight updates can achieve accuracy comparable to soft-
ware implementations in tasks like image classi catiddnGiven the power constraints and
security concerns of edge computifiy an analog system, particularly one using NVMs,
offers an attractive solution for these challenges.

Our study?® (Appendix B) included in the appendix, explores the application of transfer
learning in analog Al, demonstrating its potential to revolutionize computing ef ciency,

particularly in edge environments.
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CHAPTER 2
TOWARDS A BETTER UNDERSTANDING OF THE FORMING AND
RESISTIVE SWITCHING BEHAVIOR OF TI-DOPED HFOX RRAM

In adaptive oxide-based ReRAM devices, defect dynamics, particularly oxygen vacancy
formation and migration, are crucial for device operation, with titanium doping in,HfO
showing potential for modulating these processes. In our pursuit of enhancingaer-
standing of the mechanism of adaptive oxide devices (Airthis)chapter focuses on the
fabrication and analysis of ReRAM devices using amorphous HfOx andijd,. We

aim to elucidate the effects of titanium doping on device forming and resistive switch-
ing performance and understand the underlying phenomena through electrical and material
characterization, complemented by data analysis.

This chapter was adapted from:

F. F. Athena, M. P. West, J. Hah, R. Hanus, S. Graham, E. M. Vogewards

a better understanding of the forming and resistive switching behavior of Ti-
doped HFQ RRAM. RSC Journal of Materials Chemistry C, 2022. 10(15),
5896-5904.

In adaptive oxide-based ReRAM devices, defect (oxygen vacancy) formation and mi-
gration play a vital role during the device's operation. Ab initio calculations suggest that the
energy for defect formation in titanium-doped amorphous Hf21 eV) is less than that
of pure HfG, (2.9 eV)?! There have been previous studies on the impact of titanium dop-
ing in HfFO, memristors with the active materials synthesized via sputtering. For example,
devices containing a sputtered HfDiO,/HfO,/TiO, multilayer have shown multilevel ca-
pability and analog reset characteristi¢&! The addition of a titanium metallic interlayer

at the HfQ active layer in sputtered HfOReRAM devices has been shown to produce
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uniform set and reset switchiri§1??> However, sputtered oxides have properties different
than ALD-deposited oxide¥;'?®and ALD-deposited oxides are more suitable for indus-
trial ReRAM applications?* One previous study used ALD to synthesize titanium doped
HfO, memristors and demonstrated multi-level resistive switching capabiiffiddow-

ever, a top titanium capping layer was not used, which has proven bene cial for ReRAM,
such as lowering the forming voltage and improving the switching window, and device
yield?>126 and a detailed understanding of the impact of titanium doping on forming and

switching had not been reported.

2.1 Device Fabrication

Figure 2.1 shows a schematic of the fabricated ReRAM device structure. Bottom Au
electrodes (70 nm) were deposited using electron beam evaporation and patterned us-
ing mask-less lithography on a silicon wafer having 310 nm of,Sithe adaptive oxides
were deposited using thermal atomic layer deposition (ALD) at Z50rhe sequence con-
sisted of repeating a number of cycles of tetrakis (dimethylamido) hafnium (TDMAHf)

+ deionized water, followed by a number of cycles of tetrakis (dimethylamido) titanium
(TDMAT)+ deionized water for the total number of sequenceS() necessary to achieve

a 5nm Im. Four conditions were used: pure HfCHf:Ti = 3:1, Hf:Ti = 2:1, and Hf:Ti

= 1:1. Following ALD, a 5 nm Ti capping layer was deposited by electron beam evapora-
tion, immediately followed by 150 nm of Au as the top electrode (TE) without breaking
vacuum. An Q plasma descum (500 sccm, 30 s, plasma power 150 W) process was per-
formed before each deposition step to ensure the removal of the photoresist and increase
device yield. The standard 30 s descum process did not impact the oxidation state of Au
signi cantly. The details can be found in the referei¢eA separate set of control samples
were also synthesized along with the devices consisting of thg im) adaptive oxides

deposited on Si/SiQsubstrates.
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Figure 2.1: (a) Schematics of the fabricated device's structure showing the dimensions of
each layer. (b) Cross-sectional view of all fabricated devices. Devices A, B, C, and D
correspond to Hf and Ti ratios of 1:0, 3:1, 2:1, and 1:1.

2.2 X-Ray Photoelectron Spectroscopy Characterization of the Deposited Oxides:

X-Ray photoelectron spectroscopy (XPS) was performed to quantify the active layer stoi-
chiometry. This process was performed using a monochromatic Al K-alpha X-ray source
(h =1486.6 eV), 400 mm spot size and 15 W X-ray gun power. For XPS depth pro les,
Ar* sputtering was performed at an incident angle of @&and a low energy of 1 keV ion
energy to avoid preferential sputtering. To correct for the surface potential variation asso-
ciated with charging, the C 1s peak at 285.0 eV was used as the reference energy. The XPS
spectra were t using a Shirley background and Lorentzian—Gaussian (GL 30) line shapes.

The Hf:Ti ALD pulsing ratios of 3:1, 2:1, 1:1 resulted in approximate Hf:Ti elemental ra-

Figure 2.2: (a) Schematics of the control sample havingds nm adaptive oxide used
for XPS measurement. (b) XPS depth pro le of Hf@nd HfTi,O, showing the atomic
percentage of Hf, Ti and, O elements at different etch levels. XPS tting of Hf 4f and Ti 2p
peaks of H{Ti,O, Im used for the devices. (c) Ti 2p scan, (d) Hf 4f scan.

tios of 3.14:1, 2.3:1, and 1.14:1, respectively. An example of the stoichiometric analysis
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of Hf,TiyO, for all oxide samples are shown in Table 2.1. The ratios were calculated from
the average elemental ratios at the surface, and the rst etch level. The results demonstrate
successful doping of the HfOmatrix with titanium. These results suggest that while the
HfO, and TiQ, layers were pulsed sequentially, the resulting oxide layer is well mixed.
XPS depth pro le of HfQ and H{Ti,O, showing the atomic percentage of Hf, Ti and, O
elements at different etch levels are shown in Figure 2.2. Ti is doped into therkd@®ix
uniformly in all of the samples. Figure 2.3 illustrates the relationship between the bonded
oxygen content and titanium concentration. A linear decrease of the bonded-oxygen con-
tent with an increase in titanium concentration was observed. This indicates an increase in

the non-stoichiometry with an increase in titanium content.

Table 2.1: An Example Calculation of x, y and z for 3.14:1 HfO, Sample

Parameter Hafnium Titanium Oxygen
Sensitivity factor (sf) 2.05 2.001 0.66
Peak area 220495.6 61607.08 172911.52
Peak/sf 107558.815 30788.1459 261987.152
Stoichiometry x =0.26867262 y =0.07690613 z = 0.65442125
Ratio z/(x+y) 1.89369647

Figure 2.3: The bonded oxygen content (z) as a function of titanium concentration. Bonded
oxygen content decreases for the higher titanium-doped samples.
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2.3 Electrical Characterization Protocol

All electrical tests were performed on a Keithley 4200 semiconductor analyzer and Cascade
Microtech probe station. The devices were formed by applying a positive bias sweep from
0to 5.5V at the top electrode at a current compliance of 0.1 mA. After forming, incremen-
tal reset voltages were applied (gradual reset process) from 0 V to the maximum achievable
negative voltage. This step was followed by the application of 30 hysteresis loops to de-
ne set and reset stop voltages. Charge-to-breakdows \@easurements of the devices
were performed using the constant-voltage stress (CVS) méthéd.Integration of the

measured current as a function of stress time was used to determingsthe (Q

2.4 Analysis of the Forming Characteristics of Titanium Doped and Un-doped De-

vices

To investigate titanium dopant impact on the forming, a detailed electrical characterization
of the forming process was performed. The current-voltage characteristics obtained during
forming are shown in Figure 2.4(a). The voltage required to form a lament is called
forming voltage. Figure 2.4(b) shows the forming voltage of 20 randomly selected devices.
The forming voltage decreases with the increase of the titanium concentration. There are
several likely reasons for this reduction in forming voltage with increasing titanium content.
The generation of defects in oxides is known to be proportional to electron ughce.
Prior to forming, the current owing through the oxide increases exponentially with in-
creasing titanium content resulting in increasing defect generation at the lower voltage. We
hypothesize that the tunnel current in the Ti-doped sample is increasing with increasing
titanium concentration because of a decrease in the metal-to-oxide barrier heightas TiO
has a smaller bandgap; the bandgap of amorphous Hf@ TiG, are 6.0 eV and 3.1 eV,
respectively:3:132Moreover, prior work on ALD titanium doped Hfthave independently

measured the barrier height and observed a similar f€nd/hether considering direct
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Figure 2.4: The forming characteristics of titanium doped and un-doped devices. All data
sets are statistically analyzed based on 20 devices of each oxide sample. Here, the green
triangle is the average, the box top edge indicate¥ f&rcentile, the box bottom edge
indicates 25" percentile, the top bar is maximum, the bottom bar is minimum, and the
middle line is median.

tunneling or trap-assisted tunneling, the current density is exponentially dependent on the
barrier height. Second, the initial, as-deposited defect concentration (e.g., oxygen vacan-
cies, \,) is likely higher in the oxides with higher titanium content. As the bonded oxygen
amount (z) decreases with titanium content (Figure 2.3), fewer defects must be generated
to cause run-away lament formation. Furthermore, the defect generation rate at a given

voltage during forming may be higher with increased titanium content.

2.5 Oxide-Breakdown Measurements

To further explore whether titanium doping impacts the defect generation probability, de-
tailed constant voltage dielectric breakdown experiments have been conducted. The sta-
tistical distributions used to obtain the average charge-to-breakdow#)(&e shown in

Figure 2.5. During breakdown measurement, when several identical samples are tested, the
breakdown voltages distribute over a wide range. For a statistical description of such tests,
Weibull distribution is widely used** The Weibull function is described through percola-

tion theory which is In[-In(1-F)], where F is denoted as the cumulative failure rate. Two
distinctive slopes will result in the Weibull function as a function of time to break down the

plot. If failure is caused by extrinsic reasons sample set will show a smaller slope in the
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Weibull distribution!3* On the other hand, regions with higher Weibull distribution slopes

indicate failure due to intrinsic reasons.

Figure 2.5: Representative plots of the Weibull statistics of the breakdown of the oxide
during forming for the HfQ device, with modal values are 83 s, 35 s, and 9.2 s for 2.7 V,
2.8V and 2.9V, respectively.

Figure 2.6 shows the average charge-to-breakdowyp j@haracteristics as a func-
tion of voltage at room temperature for Hf@nd H{Ti,O, (e.g., 3.14:1 and 1.14:1) de-
vices. The dotted line is an exponential t as a function of voltage. The extrapolation of
the charge-to-breakdown at a given voltage indicates that for the same voltagespthe Q
decreases exponentially with increasing titanium content, shown in Figure 2.6 (b). For in-
stance, at 2.7V, theg3 for the pure HfQ device is approximately two orders of magnitude

higher compared to the device having a Hf:Ti ratio of 3.14:1.

Figure 2.6: (a) Measured average charge-to-breakdown as a function of gate voltage. (b)
Charge-to-breakdown at a given voltage as a function of titanium content.

NBD

Qsp / (2.1)
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The Qp is known to be proportional to the number of generated defects required to
initiate breakdown (Np ) and inversely proportional to the defect generation ragg’@*%

There are two possible reasons for the observed decreasgyiwi@ increasing ti-
tanium content. First, a wide variety of reasons can cause an increase in the number of
preexisting defects with titanium concentration which could reduce the number of gener-
ated defects necessary to initiate lament formatiogg)M One possible reason is that
the magnitude of the molar Gibbs free energy for vacancy formation i (H(088.2 eV)
is higher than TiQ (-888.8 eV)?° This is consistent with a reduction in bonded oxygen
(increasing oxygen vacancies) with increasing titanium concentration, as observed in Fig.
2.3. However, this reduction in bonded oxygen is observed to be approximately linear with
increasing titanium concentration. Therefore, while there may be a linear decreage in N
with increasing titanium concentration, this likely does not explain an exponential decrease
in Qpp -

The more likely, reason for an exponential decreasegp @ith increasing titanium
concentration is that the rate of defect generatiq) & a given voltage increases expo-

nentially with increasing titanium concentratiéii.

2.6 Analysis of Switching Dynamics

As mentioned earlier, a gradual reset process was performed after forming, followed by
30 cycles hysteresis loops to stabilize the laments. Figure 2.7 shows typical hysteresis
loops after stabilization for each of the oxides. The maximum set and reset stop voltages
that can be applied to the device without causing permanent breakdown to depend on the
titanium content. This causes the switching window, which is the ratio of the HRS to LRS,

to decrease with increasing titanium content.
As observed in Figure 2.7(b), the decrease in the switching window with increasing
titanium content is primarily due to a decrease in the high resistance state (HRS); the low

resistance state (LRS) is approximately independent of the titanium content.
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Figure 2.7: (a) DC bipolar I-V sweeping loops with the application of maximum set and
reset stop voltages. (b) LRS and HRS distribution.

It is possible that the change in the HRS with titanium content is due to the lower
voltages used in the set and reset with increasing titanium content. To determine if this is
the case, the hysteresis loops were performed on each of the oxides using the same set and
reset stop voltage. It is observed that for the same set and reset stop voltage conditions, the
HRS still decreases with increasing titanium conféht.

Moreover, it has been observed that with the increase of titanium doping iy, H©
amount of suboxide 2) and metallic titanium increases. These suboxide states have been
shown to have electronic states near the Fermi edge resulting in increased conductivity with
increasing titanium content®

Further, the Ti 2p peaks from the XPS depth pro le of titanium-doped samples (Hf:Ti
=3.14:1 and Hf:Ti = 1.14:1) have been deconvoluted as shown in Figure 2.8. The metallic
titanium and suboxide (TiQ where 1  x < contents are relatively higher for the more
heavily titanium-doped samples. A higher amount of metallic titanium and suboxides in-
creases conductivity for heavily titanium-doped samples because of increased available
electronic states. This causes a decrease in HRS with the increase in titanium content. In
the LRS, the current ow through the metalized lament would be weakly dependent on

the titanium content, and the conduction is mainly ohmic.
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Figure 2.8: Quantitative analysis of the Ti 2p peak deconvolution of (a)Hf:Ti = 3.14:1 (b)
Hf:Ti=2.3:1.

2.7 Final Take Away from this Section

Overall, it is observed that, although the addition of titanium reduces the forming volt-
age, the devices with large titanium concentrations (Hf:Ti = 2:3, 1:1) also show a reduced
switching window. In the devices with Hf:Ti = 3.1:1, the forming voltage is 25% smaller
than the HfQ devices while still having a large switching window. Therefore, the Hf:Ti =
3.1:1 devices provide an optimum trade-off between forming voltage and switching win-

dow.
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CHAPTER 3
ANALYZE THE ANALOG PROPERTIES OF TITANIUM DOPED HFO
DEVICES

Despite earlier reports of limited analog responses in manganese-doped HfOx memris-
tors, challenges such as a narrow switching window and abrupt conductance changes with
applied pulse voltage persist. In our pursuit of enhancingumgierstanding of the mech-
anism of adaptive oxide devices (Aim th)is chapter delves into the detailed analysis of
HfOx devices with a Hf:Ti ratio of 3.1:1, selected for their optimum switching window and
forming voltage, to explore their statistical analog behaviors in comparison to contrgl HfO
devices. The study aims to advance understanding and address the limitations of current
analog switching mechanisms in these devices.

This chapter was adapted from:

F. F. Athena, M. P. West, P. Basnet, J. Hah, Q. Jiang, W. C. Lee, E. M. Vo-
gel. "Impact of titanium doping and pulsing conditions on the analog tempo-
ral response of hafnium oxide based memristor synapdesinal of Applied

Physics, 2022. 131(20).

Analog responses such as long-term potentiation and depression have been reported for
a memristor with sputtered Hf{Qloped with mangane¥¥, yet the switching window was
small, and an abrupt increase of the conductance with applied pulse voltage was observed.
A previous study has reported ALD deposited electro-thermal modulation layer improves
the linearity of analog HfQ ReRAM®® However, a compliance transistor is used during
measurement, and the impact of measurement conditions was not studied. Aluminum dop-
ing of HfO, devices has been reported to improve analog switching; however, a complex

pulsing scheme was usét*® Chakrabarti et at*® and a recent stud$? have explored the
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use of titanium doped HfOdeposited using ALD for multi-level memory; however, the

impact of these dopants on the analog switching behavior was not evaluated.

3.1 Electrical Characterization to Evaluate the Analog Switching

For analog measurement, identical square pulses of a given pulse width and amplitude were
applied. The resistance of the device was measured between each pulse by performing a
current-voltage sweep from 0 to 0.1 V. These measurements were repeated using different
pulse amplitudes (-0.1 to -0.8V) and pulse widths (160 ns to 1 ms), on both &{©®
Hf,Tiy,O, devices. Each measurement condition was repeated on multifl@) devices.

Figure 3.1 illustrates the conditions used for the measurements.

Figure 3.1: Identical 100 pulses were applied having the same pulse amplitudes and widths.
Different pulses from -0.5 V to -0.8 V were applied.

3.2 Impact of Pulse Conditions on the Initial Resistance Change

The application of identical pulses is advantageous because it dramatically simpli es the
pulse generation module desigfrt”. The change in resistance under identical negative
pulses for the HfQ and HfTi,O, devices were measured. In general, the resistance is ob-
served to increase dramatically upon the rst pulse and then eventually saturates. Typically
observed in HfQ based device¥ this highly nonlinear “ rst pulse effect” degrades the
performance of analog neuromorphic architectures. The detailed results can be found in

the referencé?®
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3.3 Impact of Pulse Conditions on the Saturated Resistance (R )

The resistance of the devices saturates after multiple puls&30) to a value that we term

as off-resistance (& ), which depends on the pulsing conditions. Figure 3.2 shows R

as a function of pulse amplitude. It is observed thgt Bs strongly dependent on the pulse
voltage while being almost independent of the pulse width. This trend is observed in both
standard HfQ and Hf{Ti,O, devices. The impact of pulse width orR is not signi cant
compared to the pulse amplitude because total energy input has a second-order relationship
with the voltage and a linear relationship with tiffé The observed results indicate that

by adjusting the pulse amplitude, the saturated resistance of the device can be increased,

which can be applied to neuromorphic applications.

Figure 3.2: Saturated resistanceR dependency on pulse amplitude and pulse width.
(a) HfO device, (b) HfTi, O, device.

3.4 Linearity Comparison of Titanium Doped and Undoped devices

The comparison of the analog responses of H#@d HfTi,O, devices is shown in Fig-
ure 3.3. It can be observed that for the -0.8V and 160 ns pulsing condition, the titanium
doped device (dark red curve-closed symbol) has a lower rst pulse effect and improved
linearity compared to the HfQdevice (light red curve-closed symbol).

A parameter can be introduced here to quantify linearity, de ned as the smaller the

value of , the higher the linearity#>143Eq. 2.2, 2.3. While for the HfQdevice, the
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Figure 3.3: a) Measured resistance as a function of pulse number for rst 20 pulses (b)
Measured resistance as a function of pulse number for 100 pulses. Here, Inset ghgws R
and Ryn distribution for 100 pulses, and saturated resistangg s well below that of

the Rnax. Open and close symbols indicate 1 ms and 160 ns pulse width, respectively.

Table 3.1: Calculated Alphas at Different Pulsing Conditions

Devices values at Pulsing conditions
-0.7V/1 ms| -0.8V/1ms| -0.7 V/ 160 ns| -0.8 V/ 160 ns
HfO 10 18 3.5 15
HfTi, O, 4.0 8.0 1.0 2.0

parameter value is 15, for titanium doped device, the value i2, at the -0.8 V and 160
ns pulsing condition, shown in Figure 3.4. Although a previous study has reported an
value of -0.63, the applied voltage (-1.5 V) was higher than in our case (-0.8 V). Therefore,

the titanium doped HfQdevice has a comparablevalue and is a low-power device.

G=Gi1 e P)+ Gupn (3.2)
where,G; = w (3.2)

Therefore, although the saturated resistancg)(R larger for the HfQ device than the
titanium doped device, due to the “ rst pulse effect,” it has a higher value afd suffers
from poor linearity. The addition of titanium dopant appears to lower the “ rst pulse effect,”
improving the linearity. Moreover, the ttings at different pulsing conditions for HfQ

and Hf{Ti,O, devices are shown Table 3.1. Thevalue decreases for the lower pulse
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Figure 3.4: Alpha parameter tting for HfQat -0.8 V and 160 ns, (d) parameter tting
for Hf, Ti,O, at -0.8 V and 160 ns. A reduction of the rst pulse effect and an improvement
in the linearity are observed for the titanium doped Ktf@vice.

amplitude condition. This provides further evidence for the earlier conclusion that lower
pulse amplitude improves linearity. The linearity improvement is a core requirement for
the synaptic devices to achieve a high pattern recognition acctirddyile there are subtle
differences in the linearity of the HfCand HfTi,O, devices, the analog behavior is quite
comparable. Therefore, a quantitative analysis of the oxygen vacancy migration barrier is

needed once the conductive lament is formed for both H&@d Hf Ti, O, devices.

3.5 Density Functional Theory Calculation

To analyze the effect of titanium doping on the oxygen ion migration, we have employed
the density functional theory (DFT) with the nudged elastic band (NEB) method to theoret-
ically calculate the neutral oxygen ion diffusion barrier in both KHé&dd Hf Ti, O, systems.

It can be observed that the diffusion barrier ifour times lower for HfTi,O, ( 0.6 eV)
compared to HfQ ( 2.49 eV) oxide. Further, the diffusion of oxygen ions within the Hf-
rich and HfTi-rich conducting laments was also explored. It is observed that for the HfTi
lament, the minimal diffusion barrier occurs in the path from A to D with a value of 2.02
and 0.84 eV in the reverse direction, which is close to the values found in the pure Hf HCP

metal. Our results suggest that Hf and HfTi metallic laments have similar oxygen ion
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diffusion barriers. Details can be found in the referet€e.

Figure 3.5: DFT calculation for Hf metal and HfTi alloy metal systems. (a) The oxygen
ion diffusion barrier in the Hf system is similar to that of the HfTi alloy system. (b) DFT
with the nudged elastic band method (NEB) was used to calculate the diffusion barrier of
oxygen ions in sites A, B, C, and D.

3.6 Final Take Away from this Section

Ti doping improves the linearity during analog negative pulse application. The oxygen
ion migration barriers through Hf-rich and HfTi-rich laments are similar in Hfénd
Hf,TiyO, devices, respectively, thus the analog responses in both types of devices are com-

parable.
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CHAPTER 4
DESCRIBING THE ANALOG RESISTANCE CHANGE OF HFO x-BASED
NEUROMORPHIC SYNAPSES USING A COMPACT SERIES TRAP-ASSISTED
TUNNELING AND OHMIC CONDUCTION MODEL

Understanding the mechanisms of resistance change and current transport in ReRAM de-
vices is crucial for advancing neuromorphic computing. In our pursuit of enhancing our
understanding of the mechanism of adaptive oxide devices (Airthis)chapter intro-
ducesC-STAOQ, a compact model that integrates Series Trap-Assisted Tunneling (TAT)
and Ohmic transport, providing an accurate representation of current in both the low and
high resistance states. By analyzing experimental data frony Bé@ices with varying Ti
oxygen reservoir con gurations, the model determines the barrier location in the conduc-
tive lament and accurately captures the thermal behavior of current-voltage relationships,
offering new insights into ReRAM material properties and applications.

This chapter was adapted from:

F. F. Athena, E. M. Vogel. "Describing the Analog Resistance Change of
HfO,-based Neuromorphic Synapses using a Compact Series Trap-Assisted
Tunneling and Ohmic Conduction ModeRpplied Physics Letters, 2023. 123,
163506.

Adaptive oxide-based resistive memories, also known as Resistive Random Access
Memory (ReRAM)#4145gre promising due to their great potential for both in-mertSrif”
and neuromorphic computin@®14°A fundamental physical understanding of the mecha-
nisms of resistance change and current transport is critical to developing neuromorphic
synaptic circuits® While comprehensive physical mod&igan capture the switching of

neuromorphic synapses in the low current operation regime, complex partial derivatives
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impede mechanistic understanding of analog switching and renders the model intractable
for large-scale circuit simulatioff. Simple models suitable for Electronic Design Automa-
tion (EDA) tools/3 such as SPICE simulation, have been proposed for oxide-based resistive
memorie$* which are computationally ef cient and less complex. However, these models
lack the details required to emulate the physical mechanism of analog behavior and often
consider non-realistic tting parametef$Moreover, these models depend on mathemat-
ical formulations that do not represent the complex physical mechanisms governing the
switching and thermal behavior of experimental current-voltage relation&hips’

It is widely establishett®150:151.152.183hat the physical mechanism of switching during
bias application in an oxide-based lamentary synapse is based on the formation of an oxy-
gen vacancy-rich conductive lament (CF) in the dielectric layer. Oxygen vacancy motion
into and out of the CF modulates the resistance of the device from the low resistance state
(LRS) to the high resistance state (HRS). It has been reported that the CF's barrier, a thin
non-stoichiometric oxide region, determines the resistance of the dé¢itke multipho-
ton Trap-Assisted Tunneling (TAT model is a powerful approach to accurately represent
the electron transport through the barrier. Bersuker et al. regétteat multiphonon TAT
facilitates the capture of fundamental physical phenomena in non-stoichiometric dielec-
tric oxides, such as the energy related to the structural rearrangement of lattice around
the trap due to the trapping and de-trapping proé&sdowever, it necessitates the iden-
ti cation of defect parameters through a Monte-Carlo probabilistic tecntgtiahich is
time-consuming and not well suited for a circuit simulation environment. Thus, a com-
pact model for TAT which maintains a strong correlation with the physical mechanism
can enable quick understanding of the analog resistance-change and facilitate large-scale
simulation.

Larcher et at>® reported a compact TAT model that can replicate the trends of the mul-
tiphonon TAT model. This model is also compatible with the SPICE circuit simulation

environment and can estimate the leakage current in stacked oxides. However, the use of
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the compact TAT model to investigate analog switching and reveal vital CF properties in
oxide-based synapses has yet to be explored. Unlike a conductive bridge metal (e.g., Ni,
Ag, Cu) rich CF%0:161oxygen vacancy-rich CFs in Hfsynapses are challenging to ob-
serve directly using transmission electron microscopy (TE®IFurthermore, in the LRS,

only using the TAT model may not be an accurate representation, since the transport is
predominantly ohmic. Zhuo et'8F. demonstrated that accurately representing the total
resistance of a memristor stack can be achieved by combining the resistance of the oxide
barrier and the metallic region in series. However, the model did not utilize TAT transport
to describe the oxide barrier and did not include the impact of temperature on transport.
Hence incorporating both TAT and ohmic transport in a compact model can aid in deter-
mining fundamental properties of CF, such as the location of the barrier and time-dependent
thickness evolution with analog pulsing, while preserving accurate thermal behavior. This
approach can offer essential insights into the development of ReRAM materials.

In this letter,C-STAQO, a Compact model which combines, in Series, TAT and Ohmic
transport to provide an accurate representation of the current in both LRS and HRS, is
presented. The model also incorporates the theoretical conditions proposed by Larcher et
al.>% namely that a critical trap in the percolation path dominates the TAT current and cor-
responds to equal trap-capture and emission rates. To compare with experimental data, two
types of devices were fabricated: one with the Ti oxygen reservoir on top and one below
the HfQ,. These reverse structures were investigated to independently analyze their experi-
mental current-voltage relationship and determine the location of the barrier in CF. Between
each pair of analog pulses, the currents were measured at low voltagé-ShaOmodel
was used to t the experimental current-voltage relationships obtained at room tempera-
ture. The results indicate that the barrier is located at the interface opposite the Ti layer,
which is also con rmed by a Finite Element Analysis (FEA) model. Finally, the model per-
mits extraction of the barrier thickness as a function of the analog pulse voltage conditions

and accurately captures the thermal behavior of the current-voltage relationship at both the
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HRS and LRS.

4.1 Experimental Details

Figures 1(a) and 1(b) show schematics of the fabricated Metal-Insulator-Metal (M-1-M)
device structures (detailed dimensions are in Figure S1, fabrication details can be found
in our prior work!516416y and a TEM cross-sectional image of the representative stack,
respectively.

Bersuker et at®® reported that switching depends on the applied bias polarity as well as
the stoichiometry gradient of the active layers. The stoichiometry gradient depends on the
Ti oxygen-getter layer position (Ti has high oxygen af nity; thus, the vacancy concentra-
tion is higher in the portion of the HfCcloser to this layer}®” A positive (negative) bias
is required at the electrode adjacent to the oxide having a high (low) vacancy concentration
during forming and set. In contrast, a negative (positive) bias is required for reset. Thus,
the devices with Ti on the top (Ti bottom) were formed by applying a positive (negative)
bias at the top electrode with a current compliance 6f1 mA. After forming, incremen-
tal negative (positive) reset biases were applied from 0 V to the maximum achievable bias
to gradually reset the devices. This step was followed by the application of 30 hysteresis
loops to stabilize the lament, (Figure S2(a) and S2(b)). After the stabilization, the device
is in the LRS, which means the lament is connected from the top to the bottom electrode.
The electrical measurements (Figure 4.1(c)(i) and 1(c) (ii)) consist of applying rectangular
pulses (pulse width 1 ms, rise and fall time 1.01 ns) with increasing pulse amplitude (0.6 V
to 1.8 V). The polarity of the voltage is negative for the Ti top and positive for the Ti bottom
devices. In between each pulse, the current-voltage characteristics are measured at a small
bias range of -0.4 V to +0.4 V to ensure that ionic motion is not induced. As the pulse
amplitude increases, the current decreases, which is demonstrated by the light-to-dark blue
(green) traces for Ti top (Ti bottom) devices in Figures 1(d) and 1(e). The I-V pro les for

both cases are largely symmetric, with a notable exception in the LRS for the Ti top device.
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Figure 4.1: (a) Schematics of Ti top (Au/Ti/H{QO 5nm)/Au/SiQ/Si) and Ti bottom
(Au/HfO4( 5nm)/Ti/Au/SiQ/Si) samples. (b) Transmission electron microscope image
showing the cross-sectional view of a representative device stack. (c) An electrical bias
technique is used for (i) Ti top device (ii) Ti bottom device. Corresponding current-voltage
relationship measured during the controlled-sweeps for (d) Ti top device and (e) Ti bottom
device.

This deviation is likely attributed to the signi cant temperature increase experienced during

the LRS phase.
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4.2 C-STAG Compact Series Trap-Assisted tunneling and Ohmic conduction model

The complete multiphonon TAT modét-'%8calculates the current associated with all de-
fects at different locations and energy levels. It has been shown that the slowest trap de-
termines the TAT current owing through a percolation pathl, (Eq. S1). This current
depends on the time-constant associated with capture and emission rates by the nth trap,

cnand e, respectively. Larcher et &° proposed compact formulas fag, and ¢ .

1o oNe exp(mexp Sen) (4.1)
’ C kT
i = cNe exp M)exp% 4.2)
e

1

¢c= —G—— (4.3)
(2 g2m g=h?

1

e= —G——— (4.4)

) (2\1 Er2m g=h?®

Here, g is the barrier height at the metal cathode and oxide interfgcis, the thick-
ness of the oxide barrier layer, k is the Boltzmann constant, T is temperature, q is the
electron chargem is effective mass of the electroh,is the reduced Planck's constant,
Et is thermal ionization energyxq., is the trap distance from the cathode electradg,
is the density of states at the bottom of the conduction bBgd,andE. are the thermal
activation barriers during capture and emission event, respectiveand . are the char-
acteristic electron tunneling length during the capture and emission, resped@ya/a
constant that depends on capture cross-section of the trap and electri€® &gl. E.,,

E., andE. are described in Eq. S(2) to Eq. S(6). The nal compact formula for the

TAT current is derived from ,, considering that the maximum TAT current occurs when
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cn = cn as suggested by24

ltat = 942 ¢n(Xa(Vrat)))Area X, (4.5)

where 1 is the density of traps and; AT is the bias across the oxide barrietThe
trap positionxy which maximizes the TAT current, is also calculated by assuming that
en = cn for this trap!®°® Building upon the assumptions, speci cally whegy, = ¢,
and by inserting Eq.(4) & Eq.(3) into Eq.(1) & Eq.(2) and then incorporating the results
into Eq. (5), we derived a quadratic equation xgr shown in Eq.(6). We simpli ed this

equation using the parameters A and B, as shown in Eq. (7) and Eq. (8).

2VT ATA 1 1 2VT ATA — — VT AT 2 (A2 EREL
ZHATA L Ly ( DfTA Lo 41=)7) 4UATN(AT @ EmdL

= B c 4kT
d— V- 2
2 T%T )
(4.6)
A = (Egrettox Ettoxt Blox) (4.7)
B = 4Eret3 KT (4.8)

EreL Is lattice-relaxation energy, which is associated with lattice rearrangement during
the capture and emission process. Further, considering that ohmic conduction is the domi-
nant mechanism at the LRS, a series model can be emgffedmemristors, where the
resistance in the metal-rich CF and the barrier correspondta.RNd Rar, respectively.

We de ne the total resistance in the series model ag,Ras shown in Eqg. (9), with the

expression for the ohmic component,R., de ned in Eq. (10).

Rotal = Ronmic+ Rrar (4.9)
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where,

Ronmic= Ro (1 + (T 298)) (4.10)

Here, R is resistance of the metal-rich CF at 298 K, anid the temperature coef cient
of resistivity. Rnmic only becomes important as the devices approaches the LRS. Therefore,
for simpli cation, it is assumed that K. does not change with applied pulse voltages.
Rrar is a highly nonlinear function with the voltage across the barrigi( Therefore,
we numerically®® solved the current as a function of the total applied voltagg{yusing

the potential balance equation, as shown in Eq. (11):

Rohmic = Vrotar  Vaar  Ttar(Vrar)  Rohmic=0 (4.11)

4.3 Results

To illustrate the tting of theC-STAOmodel to experimental data, Figure 4.2(a) shows an
experimental current-voltage characteristic for the Ti/lIKY taken after 11 pulses to a
voltage of -1.6 V. After 11 pulses, the total resistance is dominated by the oxide barrier and
not the series resistance of the CF. T¥&TAOmodel is shown for several values of bar-

rier height and barrier thickness. All of the remaining parameters (e.g., thermal ionization
energy, trap relaxation energy, electron effective mass) were obtained from the literature
and are provided in Table S1. The modeled results show that a reduction in the oxide
thickness increases the current at a given bias. This is attributed to the enlargement of the
conductive region in the lament. However, the shape of the curve is largely unchanged.
The barrier height, however, impacts both the magnitude and shape of the modeled current-
voltage characteristic. Therefore, the barrier height can be approximately determined inde-
pendently from the barrier thickness. The results show that the tting agrees well with the

experimental data for a barrier height from Au to Hf@f 1.85 eV and a barrier thick-
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