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ABSTRACT

Neuromorphic computing aims to mimic the principles or functions of biological brains for improved
speed and energy efficiency in computing. The popularity of bio-inspired neural network algorithms has
already begun to show the potential improvements in speed and accuracy when processing large sets of
data or performing abstract tasks, but improvements in energy efficiency only come from biomimetic
hardware. With increasing demand for computing resources, increasing energy efficiency is a crucial goal.
Developing neuromorphic hardware that approaches the spatial density and energy efficiency needed will
require investment in new materials and fabrication techniques that will supplement or replace existing
complementary metal-oxide-semiconductor technologies. These efforts must also consider scalability and
repeatability for eventual large artificial neural network implementations.

This work first presents a novel technique for the growth of ITI-V semiconductors on silicon that would
enable their use for optoelectronic neuromorphic devices. Templated liquid-phase epitaxy is a scalable and
low-cost technique that bypasses the need for organometallic precursors and can significantly improve
material utilization. We focus on heteroepitaxial growth, as control of the crystallographic orientation is
critical for device fabrication. These improvements make ITI-V semiconductors more applicable to low-cost
device applications.

The rest of this work will describe artificial neuron devices implemented in insulator-metal transition
(IMT) materials. First, we use circuit simulations to evaluate the impact of thermal and electronic
properties on the behavior of volatile neuron-like devices. By independently varying material parameters,
we identify control of the IMT as a fundamental task for device engineering. Second, we discuss the growth
of rare-earth nickelates and their application to artificial neuron devices. We show that these devices can
be driven electrically via resistive heating consistent with the thermally-driven behavior of the film, and

highlight some challenges in the implementation of neuronal devices.
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CHAPTER 1
INTRODUCTION

1.1 Motivation

Communication and data processing technologies account for roughly 10% of global electricity usage
and their demands are expected to at least double over the next decade [1, 2]. As personal digital devices
and their supporting infrastructures become increasingly ubiquitous, their demand may approach the
magnitude of the global electricity supply [1, 3]. With the sunset of Moore's law scaling, we cannot expect
historical improvements in device density and power e ciency to continue. Neuromorphic computing is an
alternative paradigm that aims to mimic biological brains and their energy e ciency, especially for
big-data applications [4, 5]. In particular, the development of biomimetic hardware can reduce energy use
by 10,000-fold compared to state-of-the-art digital processors [6]. New device structures that embrace
analog behaviors and natively recreate biological functions have advantages for spatial density and power
e ciency, but require the development of new materials beyond complementary metal-oxide-semiconductor
(CMOS) technologies in use today. This thesis focuses on novel growth techniques and materials that aim
to replace or augment standard CMOS technologies with neuromorphic hardware.

Neuromorphic circuit elements have been described in literature since the 1960s, but development of
materials speci cally for biomimetic analog devices has been dwarfed by the progress of silicon-based
digital computers [7, 8]. In recent decades, neural network algorithms have demonstrated the power of
highly interconnected biomimetic models for abstract, data-intensive computing tasks, but they are still
limited by traditional computing architecture [4]. The standard von Neumann architecture, optimized for
digital computation with CMOS transistors, has physically separate memory and central processing units
(CPUs), which is inherently ine cient for data-intensive applications. Hardware arti cial neural networks
(ANNS) can signi cantly improve latency and power use by storing data in the same devices where it is
processed. Spiking neural networks (SNNs) seek to further emulate biological brain functions by encoding
data as electrical pulses analogous to action potentials in neurons [5].

Several large-scale ANN projects based on existing CMOS technology have begun to pave the way for
neuromorphic computing. IBM's TrueNorth chip is a digital CMOS transistor-based implementation that
demonstrates several biological functions such as computer vision [9]. Its power density (20 mW/cf) is
about four orders of magnitude lower than typical microprocessors [9]. However, its complexity is limited
by the digital implementation: an analog equivalent would require one tenth of the transistors [4].

Stanford's Neurogrid is also CMOS-based (Fig. 1.1), but uses subthreshold analog behaviors to mimic



biological dynamics aimed at robotic control, with a power density of 50 mW/cm? [10]. In both projects,
the largest con guration to date involves several billion (10°) synapses. For comparison, a human brain
contains roughly 10 synapses and consumes only a few Watts overall [7]. Although these large-scale
systems bene t from decades of investment in CMOS fabrication, interest remains in new materials that
can perform neuronal functions with higher spatial density, faster speed, and lower power use [3, 11].
Figure 1.1 summarizes the energy e ciency of various arti cial neurons, biological neurons, and digital

computers. Green dotted lines represent simulated Hodgkin-Huxley neurons, which is a biologically faithful
mathematical model for the electrical behavior of neurons [12]. The simulated V@ neurons are based on a
crossbar structure (similar to that in Fig. 1.2(a)), so their energy e ciency scales linearly with area. The
CMOS neurons mentioned above also appear on the plot, although optimization and scale-up in each

project is ongoing.

Figure 1.1 Neuron energy-e ciency (EE) vs. area scaling for several technologies and biological neurons.
CMOS neurons are from studies 2008-2014 [13{21] Used under the CC 4.0 license from Yi, W., Tsang,
K.K., Lam, S.K. et al. Biological plausibility and stochasticity in scalable VO, active memristor neurons.
Nat Commun 9, 4661 (2018). https://doi.org/10.1038/s41467-018-07052-w.

1.2 Neuromorphic Devices

Neuromorphic devices can be divided into two categories: those mimicking synapses by varying their
conductance or synaptic weight, and those mimicking neurons by integrating charge and generating a pulse
[3]. In biological systems, the timing and correlation of pulses will either increase or decrease the weight of
a synapse, called potentiation and depression, respectively. A number of synapses connect to each neuron,

and the neuron accumulates incoming charge from its neighbors and generates a spike in potential upon a



Figure 1.2 a Scanning electron microscopy (SEM) image of a fully memristive neural network. Red dashed
line indicates synaptic device array, blue dashed line indicates one neuronal device. Scale bar, 106. b
SEM image of Pt/Ti/NbOx/Pt volatile memristor. Scale bar, 20 m. ¢ Cross-sectional transmission
electron microscopy (TEM) image of the volatile memristor device. Scale bar, 50 nmd SEM image of
Pt/Ta/TaOx/Pt synapse device. Scale bar, 10 m. e Cross-sectional TEM image of the Pt/Ta/TaOx/Pt
device. Scale bar, 20 nmf, g Neuronal outputs when presented with di erent input patterns, \0101" in f
and \1100" in g. Used under the CC 4.0 license from Duan, Q., Jing, Z., Zou, Xet al. Nat Commun 11,
3399 (2020). https://doi.org/10.1038/s41467-020-17215-3.

certain threshold. In biomimetic electronic devices, the resistance of a synaptic device typically represents
its synaptic weight, and neuronal devices emulate the behavior of biological neurons by accumulating
charge from input signals and producing a spike of output potential. This is a highly simpli ed picture, a
more detailed overview of neuromorphic functions and devices is given in Chapter 2.

Photonic devices, which use optical signal instead of or in addition to electrical signal, have additional
advantages for power and spatial density. Optical signals are not subject to the same spatial constraints
that cause tunneling in electrical devices, nor do they produce as much waste heat. Multiple wavelengths
can simultaneously carry independent signals, resulting in a high degree of parallelism [22]. Common
mechanisms involve using illumination to decrease the electrical energy needed to switch the conductance
state of a device, or photo-generating charge carriers that are then trapped for extended periods in the

device [22]. Photonic synaptic devices have been demonstrated in metal-halide perovskites, metal-oxides,



organic molecules, and IlI-V semiconductors [22{24]. The use of light also has advantages for applications
like computer vision, in which light is the original signal that would otherwise have to be converted to
electronic signal [22].

Volatile memristors are well-suited to emulate the dynamic behavior of neurons. A capacitor in parallel
with a volatile memristor creates a simple Pearson-Anson oscillator circuit, which can mimic some neuronal
behaviors [25, 26]. Often, oscillation can be achieved with only the parasitic capacitance of the memristor
itself [26, 27]. These sub-circuits can be combined into more biologically realistic \neuristors" that mimic
biological voltage-gated ion channels and generate action potentials from step inputs. There are numerous
behaviors under the umbrella of spiking signals that allow both potential amplitude and timing to transmit
information.

Finally, these devices can be used to construct ANNs or, more speci cally, spiking neural networks
(SNNs) that mimic biological learning [6]. SNNs encode signal as pulses so both pulse amplitude and
frequency can contain information [28]. Crossbar arrays are the preferred format for ANNs due to their
density and compatibility with existing manufacturing processes (Fig 1.2(a) and (d)). A layer of parallel
contact lines is patterned on a substrate, then a thin Im of active material is grown, and nally another
layer of contact lines perpendicular to the rst is deposited to create a grid of devices where the contact
layers intersect. Constructing these devices from new materials requires the ability to reliably grow and
fabricate them [5].

Scalability is a widespread challenge in neuromorphic device research [5]. Most ANN applications
require a number of synaptic and neuronal devices, and they should be consistently fabricated with similar
properties. As with any new technology, variation between devices is still quite large for nearly all material
systems mentioned here. Often, the materials that are easily fabricated, such as sputtered metal oxides or
solution-processed metal-halide perovskites, are more di cult to control [29]. Therefore, this thesis focuses

on epitaxial growth techniques for scalable device fabrication.
1.3 Materials and Applications in this Work

This thesis investigates materials relevant to two types of neuromorphic devices. First, we study direct
growth of I11-V semiconductors on Si, which have potential for photonic synaptic devices [24]. Current
standard methods for integrating 111-V on Si|either homoepitaxial 11I-V growth and then bonding to Si,
or heteroepitaxial growth on Silhave challenges in cost and scalability [30]. We explore a cost-e ective
growth technique for 111-Vs and determine its applicability to heteroepitaxy on Si. Second, we study
rare-earth nickelates RNiO3 , where R = rare-earth cation), which are IMT materials of interest for

volatile memristor applications [11]. The literature on RNiO3 includes some demonstrations of synaptic



devices mediated by ionic motion, but none that directly leverage the IMT for neuronal behaviors.

The direct bandgaps and high mobilities of I11-Vs make them useful for many photonic device
applications. They are most commonly grown epitaxially on I1l-V substrates and then wafer-bonded to Si
for device applications [30]. The crystalline IlI-V substrates and vapor-phase organometallic precursors are
major contributors to the cost of I1l-V devices. Templated liquid-phase (TLP) growth addresses the latter
cost by providing the group-Ill in metallic form, then converting to IlI-V. Previous work has developed
this technique for nonepitaxial growth, which results in random crystallographic orientations [31, 32]. Here,
we study the application of TLP growth to epitaxy on Si, a more cost-e ective substrate.

RNiO3 are distorted perovskite oxides with insulator-metal transitions (IMTs) at various temperatures
depending on the rare-earth cation. The IMT can be used for rapid resistivity switching in volatile
neuronal devices. This behavior has not previously been explored iRNiO3 , but they are particularly
interesting for this application. EuNiO 3 has an ideal Ty, (450 K) that has not been previously accessed
with vanadium or niobium oxides [11]. For dense device applications, T should be su ciently above
room temperature that thermal noise does not a ect devices and the ANN does not require active cooling,
but not signi cantly higher than necessary, because a higher temperature incurs a higher energetic cost per
switching event [12]. Further, the IMT is tunable with cation composition and epitaxial strain [33]. The
ability to control the IMT in thin Ims allows for further device engineering.

This document is organized as follows. Chapter 2 gives a more detailed overview of the applications and
materials discussed here. Chapter 3 covers our study of TLP epitaxy of InP on Si. Chapters 4 and 5
describe circuit-level modeling of volatile memristors and their experimental demonstration with NdNiO; .
Chapter 5 also describes some of the challenges of fabricating such devices, particularly with EUN§JO

Chapter 6 summarizes the work herein and provides some recommendations for future work.



CHAPTER 2
BACKGROUND

2.1 Neuromorphic Devices

Neuromorphic hardware aims to mimic the biological functions of neurons. Brie y, a biological neuron
(Fig. 2.1(a)) consists of a soma, which integrates incoming charge and then generates a signal pulse, an
axon hillock, which propagates that signal, and synapses, which connect the neurons and weight the signals
they pass. The signal pulse is a spike in voltage over time called an action potential; it involves a brief
depolarization, then a period of hyper-polarization before the membrane potential is restored [3]. In
biological systems, the action potential charge is carried by Na and K* ions (though many other
neurotransmitters are involved in biological functions), while in neuromorphic hardware the signal will
ultimately be propagated as electrons in a wire. Neuromorphic devices can involve ionic motion, and can
use heat and light as additional signal carriers. Often, neuromorphic device behaviors are divided simply
into synaptic (mimicking synapses' varying conductance) and neuronal (mimicking the spike generation of

neurons). Here, we will give a brief overview of neuromorphic devices.
2.1.1 Neuromorphic Behaviors

The basic function of biological synapses is to scale the signal it transmits based on the history of
inputs. Potentiation refers to increased synapse response, often measured as post-synaptic current, and
depression refers to decreased response [3]. Most commonly, arti cial synapses should display short- and
long-term plasticity|indicating an immediate change in synaptic response to a few inputs or a slower
change over the course of numerous repeated inputs [24]. Importantly, signal timing is as important as
magnitude in neuromorphic systems. Spike-timing dependent plasticity indicates a variable change in
synaptic response depending on the timing of input spikes [22].

Neuronal behaviors are sometimes described by the phrase \leaky integrate-and- re,"” which indicates
the neuron is not a perfect integrator of incoming charge but it does produce output spikes in response to
su cient accumulation of charge [11, 34]. Some common examples of more nuanced behavior include
\all-or-nothing" spiking, where sub-threshold inputs produce no output spikes, and integration, where
sub-threshold input pulses applied close in time produce an output spike as if they are added together [12].

In this manner, both pulse amplitude and timing can encode information.



Figure 2.1 a Biological neuron model. b Voltage-gated ion channels in biological neuronsc Circuit

topology of arti cial Na *, K* ion channel constructed from two volatile memristors (shown ind) in series
with opposite-polarity voltage sources and in parallel with membrane capacitors.e I-V curve of VO,

volatile memristor showing CC-NDR and voltage-controlled hysteresis. Used under the CC 4.0 license from
Yi, W., Tsang, K.K., Lam, S.K. et al. Nat Commun 9, 4661 (2018).
https://doi.org/10.1038/s41467-018-07052-w.

2.1.2 Neuromorphic Transistors

Transistors are a well-known device in the digital world, but in digital applications their behavior is
binned into two states. In eld-e ect transistors (FETS), a voltage applied across an oxide barrier|called
the gate|induces an electric eld that increases the carrier concentration in the channel between two
heavily doped regions of semiconductor|called the source and drain|reducing the resistance between
them. In digital applications, the transistor is \ON" (low resistance) when the gate voltage is high or
\OFF" (high resistance) when the gate voltage is low. Usually, a small range of values is assigned to each
state, because devices cannot be manufactured with exact reproducibility.

In neuromorphic computing, in contrast, multiple resistance states are useful to simulate the varied
conductance of synapses. Rather than ignoring non-idealities, we leverage them for analog behavior that is
biomimetic. For example, when repeated gate signal pulses trap charge in or near the gate oxide, an

electric potential is built in to the device, mimicking synaptic potentiation [35]. An example of such a



device is shown in Figure 2.2.

Figure 2.2 Field-e ect transistor with intentional charge trapping in gate for synaptic applications. Used
under the CC 4.0 license from Seo, S., Kim, B., Kim, D.et al. Nat Commun 13, 6431 (2022).
https://doi.org/10.1038/s41467-022-34178-9.

2.1.3 Memristors

Memristors are 2-terminal devices with varying conductance that depends on their history of inputs.
Originally theorized by Leon Chua in 1971, the memristor connects charge (the time-integral of current)
and ux (the time-integral of voltage) [36]. A memristor's conductance state can be described by an
internal state variable that is a function of the input history. Many types of memristors with di erent
mechanisms have been explored in literature. An important classi er of memristors is those that are
volatile] meaning their conductance state will drift back to some ground state once an applied stimulus is
removed| and those that are nonvolatile| meaning their state will remain inde nitely in the absence of
additional stimulus.

The typical stimulus is an electronic potential or current, which necessarily produces both an electric
eld and Joule heating. In nonvolatile memristors, the underlying mechanisms can be eld-dominated,
heat-dominated, or driven by both [37]. Examples can be found in mobile ion wavefront devices,
phase-change devices, and lamentary devices, respectively. The switching behavior iRV curves can be
classi ed as bipolar, meaning the conductance state is reversed by applying an opposite-polarity voltage, or
nonpolar, meaning the conductance state changes upon reaching a threshold value. Often, eld-dominated
mechanisms result in bipolar switching, and thermally-dominated mechanisms result in nonpolar switching
[37].

In a mobile ion wavefront memristor, there is typically a dopant-rich and dopant-poor region [38]. An
applied voltage would then drive dopants through the dopant-poor region, increasing the net conductivity.

A voltage of the opposite polarity would attract them toward one electrode surface, decreasing the
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