UCLA

UCLA Electronic Theses and Dissertations

Title
Synaptic Resistor Circuit based on Al Oxide and Ti Silicide for Neuromorphic Computing

Permalink
bttgs:géescholarshiQ.orgéucéitemg4gc560mj
Author

GAO, DAWEI

Publication Date
2024

Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/4gc560m3
https://escholarship.org
http://www.cdlib.org/

UNIVERSITY OF CALIFORNIA

Los Angeles

Synaptic Resistor Circuit based on Al Oxide and Ti Silicide for Neuromorphic Computing

A dissertation submitted in partial satisfaction of the

requirements for the degree Doctor of Philosophy

in Materials Science and Engineering

By

Dawei Gao

2024



© Copyright by

Dawei Gao

2024



ABSTRACT OF THE DISSERTATION

Synaptic Resistor Circuit Based on Al Oxide and Ti Silicide for Neuromorphic Computing

by

Dawei Gao
Doctor of Philosophy in Materials Science and Engineering
University of California, Los Angeles, 2024

Professor Yong Chen, Chair

The human brain, a remarkably efficient system operating on minimal power, excels at
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marvel, this dissertation reports the development of dedicated neuromorphic computing
hardware, specifically focusing on a 20 by 20 synaptic resistor circuit based on aluminum oxide
and titanium silicide material. By mimicking the brain's synaptic connections, these devices offer
low-power, non-volatile memory and the ability to learn and adapt in real time, demonstrating

the potential of the synaptic resistor circuit through a successful application in drone navigation.



These findings pave the way for energy-efficient and adaptable neuromorphic computing

systems with broad implications for artificial intelligence.
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to the output electrode (top row), and the vertical distance, H, from the Si channel to the TiOp
reference electrode (bottom row) in Figure 3d. The band edges and Fermi levels are marked by
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across the oxygen vacancies in the Al2Oq layer, as illustrated by blue dashed lines in a) and b)
(10110 1 1) OSSR 34
Figure 17. Drone flying experiments with a, a synstor circuit (left), a human operator (middle),
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1. Introduction

Artificial Intelligence (Al) has seen an extensive integration into diverse sectors, with
revolutionizing capabilities in image recognition®?, natural language processing®#, and beyond.
Central to this rapid technological evolution is the exponential miniaturization of
Complementary Metal-Oxide-Semiconductor (CMOS) transistors®, a progression succinctly
described by Moore's law®. This principle states that the number of transistors on a microchip
doubles approximately every two years, simultaneously with reduced production costs. Such
advancements have not only catalyzed the development of increasingly powerful and efficient

microchips but have also significantly extended the capabilities and applications of Al systems.

However, this growth is not without its challenges. As microchips become smaller and more
potent, the global energy demands for computing have surged, threatening to impose
unsustainable burdens on our power production systems. Estimates suggest that if current trends
persist, computing could consume a significant portion of global power output within the next

decade’, highlighting an urgent need for more energy-efficient computing architectures.



Memory Unit

von Neuman
bottleneck

Input Central Output
< Processing Unit —

Logic Unit

Control Unit

Figure 1. Schematic representation of the von Neumann bottleneck. This diagram illustrates the
data flow constraint between the central processing unit (CPU) and the memory unit via a narrow

bus system, which limits the rate of data transfer and impacts system performance.

A pivotal hindrance to achieving a more energy-efficient future is encapsulated in the "von
Neumann bottleneck" (Figure 1). This bottleneck represents a fundamental inefficiency in
traditional computing architectures, where separate processor and memory components
necessitate constant data transfers during processing, thereby consuming excessive time and

energy®. This separation markedly reduces the efficiency and speed of computational operations,



an issue that becomes particularly critical in Al applications involving rapid processing of large
datasets. Addressing the von Neumann bottleneck is thus increasingly crucial as we push the

boundaries of Al capabilities.

In addition, the ability of Al systems to learn and adapt in real-time is increasingly crucial in
environments characterized by rapid and unpredictable changes®**. In fields ranging from
autonomous vehicle navigation!?4 to real-time financial market analysis>!¢, the conditions
under which decisions must be made can shift with little warning. Traditional computational
systems, constrained by pre-programmed responses and batch processing, struggle to keep pace
with such dynamism. Real-time learning enables systems to adjust their algorithms on the fly,
optimizing responses as new data becomes available without the need for human intervention.
This capability not only enhances the responsiveness and flexibility of Al systems but also
significantly improves their reliability and effectiveness in complex, real-world applications. By
incorporating real-time learning, systems can better simulate human-like adaptability and
decision-making processes, making them more suited to navigate and operate within the fluid

and ever-changing realities of modern environments.

Emerging as a paradigm shift in computational theory, the concept of super-Turing
computing®’~*—inspired directly by the neural processes of the human brain—promises to
transcend these limitations. Unlike traditional Turing machines, which operate linearly and
within the confines of predefined algorithms and sequential data processing?, super-Turing
computing adopts the complex and dynamic nature of biological systems. This approach enables
continuous data processing, real-time learning, and adaptation—traits inherent to human

cognition but absent in conventional computers.



Inspired by the complex biological neural networks of the human brain, which manage
intricate processing and learning tasks, neuromorphic computing seeks to emulate these energy-
efficient and adaptive processes. Despite technological leaps enabling supercomputers, such as
Fugaku?! and Frontier??, to achieve computational speeds potentially surpassing the human brain,
such systems still consume substantially more power and lack the efficiency and adaptability of
biological counterparts. This observation underscores the limitations of traditional computing

architectures and highlights the significance of neuromorphic computing.

Neuromorphic computing, a pioneering approach within the field of Al, leverages the
structural and functional principles of the human brain to design and implement novel hardware
architectures. By integrating memory and processing units akin to neurons and synapses, these
systems reduce the data transfer demands that exacerbate the von Neumann bottleneck?®-2°,
thereby enhancing computational efficiency and speed. The inherent advantages of
neuromorphic systems—aparticularly in terms of energy efficiency and processing speed—are
substantial®®2"-3, They consume significantly less power than traditional architectures, operate
efficiently on sparse data typical of sensory inputs, and perform parallel processing, which
enables real-time interactions and decision-making crucial for applications in robotics,

autonomous vehicles, and real-time data analysis.

This dissertation introduces an innovative energy-efficient neuromorphic computing
hardware design—a crossbar circuit composed of synaptic resistors (synstors), each
incorporating a silicon channel integrated with an aluminum oxide memory layer and titanium
silicide Schottky contacts. Operating without prior training, this circuit concurrently performs
signal processing and learning in real time. In dynamically changing aerodynamic environments,

it guides drones to specified targets, outperforming human controllers. The learning speed,
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overall performance, power efficiency, and environmental adaptability of this synstor circuit
significantly surpass those of traditional artificial neural networks (ANNSs) operated on
computers, thus demonstrating a promising direction for sustainable and intelligent computing

solutions.

1.1. Concurrent Signal Processing and Learning in the Brain

The human brain is a complex network of ~100 billion neurons and ~100 trillion synapses®?-
34 Each neuron in the brain connects to about a thousand others through synapses that are sites of
electrochemical communication. These synapses are dynamic spaces where neurotransmitters
modulate neural signals through the opening and closing of ion channel gates in the neural
membrane®. In biological neural networks, the synaptic weight represents the strength of
connection, which depends on the density of neurotransmitter receptors and the volume of
neurotransmitters released. Thus, the weight in a biological context controls how effectively a

neuron can influence its neighbor.

In the brain, signal processing and learning are the two key functions that operate
concurrently in real time. The signal processing function of the brain happens when an action
potential triggers the release of neurotransmitters across the synaptic cleft, initiating a cascade of
ionic flows through channels in the post-synaptic neuron's membrane. This electrochemical
process results in the generation of a new action potential, which then propagates the signal to
further neural connections®®. Meanwhile, learning occurs through changes in the synaptic
strength (weight) based on the frequency and timing of these signals. This phenomenon, known
as synaptic plasticity®*®, allows the brain to store memories and adapt behaviors based on

experience.



The integration of signal processing and learning enables the brain to function with
remarkable efficiency'**’, processing complex stimuli and learning from environmental
interactions in real time. This dual functionality is fundamental to the brain's ability to interpret
sensory data, make decisions, and execute complex motor commands—all while consuming

minimal energy compared to current artificial systems.

1.2. Prior Work in Neuromorphic Computing Platform

Neuromorphic computing is a research area focused on the development of integrated
circuits and systems that emulate the architecture of biological neural networks. As transistor
technology pushes towards more advanced nodes, the energy efficiency of transistor circuits is
capped around 102 floating point operations per second per watt (FLOPS/W)3-4. However,
neuromorphic computing circuits such as synaptic transistors, resistive random-access memory
(ReRAM), and phase-change memory (PCM) resistors, often utilizing the in-memory computing
and analog parallel computing to achieve remarkable power efficiencies between 10° and 10%*

FLOPS/W*2 0,

However, current neuromorphic computing circuits face several challenges. First, current
neuromorphic circuits suffer from “read disturb”°2, The circuits require high voltages for
writing to adjust conductance matrices during the execution of learning algorithms and low
voltages for reading to preserve these matrices during inference and reduce power consumption.
Unlike brain, current neuromorphic circuits are unable to concurrently carry out signal

processing and learning due to the difference in voltage domain.

Furthermore, variability among devices results in a higher error rate for analog

neuromorphic circuits during learning algorithm execution compared to digital circuits based on



transistors®. For accuracy, it is necessary to first run learning algorithms on digital computers to
establish optimal conductance matrices for the neuromorphic circuits. These matrices are
subsequently fine-tuned through sequential reading and writing processes, which necessitates the
use of separate memory and logic circuits and the transmission of signals between them. This
separation sometimes nullifies the advantage of in-memory computing and reduces the energy
efficiency of learning processes to levels that are similar to or even less than those achieved by

traditional digital circuits.

The significant energy and time required to accurately find the optimal values of a large
conductance matrix using learning algorithms from large datasets with high-dimensional
variables exponentially increase with the complexity and size of the data due to the "curse of
dimensionality">*. This substantial overhead poses a major challenge for edge computers in Al
systems intended for real-time, on-site learning. As a result, learning algorithms are typically run
on central high-speed computers offsite, utilizing “big data” and consuming considerable

amounts of power and time to develop optimal conductance matrix>°.

While these optimized algorithms excel in specific, well-defined tasks such as arithmetic
calculations, games, standard image and speech recognition, and operating self-driving cars
under certain conditions, they fall short in more unpredictable settings. Their performance
significantly decreases when dealing with tasks outside their trained domains, such as
recognizing nonstandard images or speech, managing autonomous vehicles in unpredictable
conditions, operating robotic systems in complex environments, and conducting intricate medical
diagnoses. Current Al systems lack the broad adaptability and general intelligence of the human

brain to effectively respond to dynamic, unpredictable challenges.



Existing neuromorphic circuits also face problems with leakage currents, which typically
require complex peripheral circuits to manage®®®’. Sneak currents arise when unintended
directional flows occur within the crossbar array, driven by different potentials applied to
synaptic elements, pulling current from synapses with high conductance. This issue is
particularly problematic in devices like memristors that demand large currents for switching. To
mitigate this, neuromorphic devices are ideally designed to have minimal or zero current during
switching and display a non-linear current-voltage curve with low currents at reading voltages, to
minimize energy loss and sneak currents. To tackle this, a selector such as one or more
transistors®®>’ is incorporated to each synaptic element to allow external programming of
conductance matrix. However, this adds complexity and increases the power demands of the

system.

To avoid the use of a selector, a typical approach is to apply a half-voltage to the row and
column that align with the targeted device, ensuring that only the intended device receives the
full tuning voltage. Consequently, it is vital that the conductance of the neuromorphic device is
not adjusted at this half-voltage level. To alleviate the demands on external circuitry, the

response of the neuromorphic device to the tuning voltage should ideally be a nonlinear function

1.3. Research Goals

The goal of this research is to design and develop a novel neuromorphic device that
integrates three key synaptic behavior—signal processing, learning, and memory functions—into
a single synstor, and integrate these synstors into a neuromorphic circuit in crossbar fashion,

where outputs connect to silicon-based artificial neuron circuits for nonlinear signal processing.



To process signals effectively, the synstors should be arranged in a crossbar circuit layout
that facilitates vector-matrix multiplication tasks between the input vector and the synaptic
weight matrix. This configuration enables synaptic weight adjustments during the learning phase
when there may be a temporal alignment between the output and input vectors. By setting the
device's conductance below that of typical neuromorphic devices and eliminating the need for a
selector device, it is possible to avoid sneak currents. The synstor's current remains considerably
lower compared to other two-terminal neuromorphic devices like memristors because the voltage
is applied across insulating oxide layers, not across conductive or semiconductive paths. The
synstor, or synaptic resistor, needs to display some particular traits to operate efficiently. It
incorporates nonvolatile, analog, tunable memory critical for real-time and efficient signal
processing and learning. For optimal functionality, it's essential to fine-tune the device's
materials and geometry so that the conductance state is modifiable with the same voltage levels
utilized for learning function. This adjustment enables concurrent and efficient signal processing
and learning operations. Moreover, synstors should allow for modifications via correlative
Hebbian learning, which utilizes the input of pulse signals and the backpropagation of output
pulse signals. By integrating these synaptic functions within a singular device and adopting pulse
operations, the overhead on extensive peripheral circuits for weight programming can be

significantly reduced, leading to a substantial decrease in energy consumption.

The dissertation aims to demonstrate the circuit’s effectiveness and adaptability through a
practical learning demonstration involving controlling a drone in a complex aerodynamic
environment. The performance of these synstor circuits will be benchmarked against human
neurobiological circuits and artificial neural networks (ANN) in comparable environments to

assess real-time learning capabilities against traditional offline learning approaches. The goal is



to show that without any prior training, the synstor circuits concurrently executed signal-
processing and learning in real time to fly drones toward a target position in an aerodynamically
changing environment faster than human controllers, and with learning speed, performance,
power consumption, and adaptability to the environment significantly superior to an ANN

running on computers.

2. The Synstor Circuit based on Al Oxide and Ti Silicide

This whole section has been derived from the published papers!*3"8 which are used here to

complete the dissertation.

Previously, we developed a synstor based on carbon nanotubes (CNTSs) to emulate a synapse
with memory, learning, and signal-processing functions.?**” The device is detailed in Figure 2. It
consists of a channel formed by a network of randomly oriented p-type semiconducting carbon
nanotubes. These CNTs are connected through Schottky junctions to aluminum input and output
electrodes. Additionally, the device includes a memory stack featuring a HfO2/TiO2/HfO2 charge
trap heterojunction structure. An aluminum bottom electrode serves as a reference potential,

completing the sophisticated design of this innovative synaptic resistor.
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Figure 2. The device structure of a CNT-based synstor®’. The synstor has Al input and output
electrodes, connected via Schottky junctions to a random network of p-type semiconducting
carbon nanotubes. The device has an Al reference electrode and a HfO2/TiO2/HfO2 charge trap

heterojunction as a switching layer.

However, the CNT-based synstor circuits were not uniform because of variations in the
conductance of and the metal contacts to the CNTs**%", which significantly worsens their
performance. In this work, we fabricated a crossbar synstor circuit (Figure 3a) by integrating a Si
channel with an Al oxide memory layer and TiSi, Schottky contacts in each synstor. The voltage

pulses triggered at M input electrodes, x, induced currents, I, at N output electrodes via synstors

to execute signal-processing algorithm,
I=wx 1)

where w denotes a conductance matrix of synstor circuit. Concurrently, w is modified by

following the synaptic learning algorithm,
wit)=azQ®x (2)

11



where z denotes a function of the voltage pulse vector triggered at the N output electrodes
(Equation 3, in Section 3.1.1) to drive a drone in an unpredictably changing environment with
learning speed, performance, adaptability, and power consumption significantly superior to those
of ANNs running on digital computers. Without any prior training, the synstor circuits
concurrently executed signal-processing and learning in real time to fly drones toward a target
position in an aerodynamically changing environment faster than human controllers, and with
learning speed, performance, power consumption, and adaptability to the environment

significantly superior to an ANN running on computers.
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Figure 3. The structure of a synstor circuit. a) A schematic diagram showing a neuromorphic
circuit composed of M x N synstors connected with M input electrodes and N output electrodes.
x denotes a vector with element x,,, as the voltage pulses applied to the m™ input electrode, z
denotes a vector with element z,, as the voltage pulses applied to the n'" output electrode, and I

denotes a vector with element I,, as the current induced at the n' output electrode. b) A top-view
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optical image shows a 2020 synstor crossbar composed of 20 rows of Ti input electrodes, 20
columns of Ti output electrodes, and 20 columns of TiOg reference electrodes. c) A top-view
optical image and d) a 3D schematic illustration of a synstor composed of a Si channel
surrounded by a SiO layer. A TiOg reference electrode grown on an Al.O., layer on the SiO-
layer on the Si channel are displayed. The Si channel is contacted at each end with a TiSiy layer
and Ti input and output electrodes. e) A cross-sectional high-resolution TEM image (middle),
and EDX chemical maps of Ti and Si elements (right) across the Ti/TiSi,/Si heterojunction are
displayed. f) A cross-sectional high-resolution TEM image (left), and EDX chemical maps of Ti,
Al, Si, and O elements (right) across the TiOp/Al204/SiO2/Si heterojunction are displayed. The
regions of the different layers in TiOp/Al204/SiO2/Si and Ti/TiSi,/Si heterojunctions are

schematically indicated in e) and f).

2.1. Methods

2.1.1. Synstor Circuit Fabrication Process

The fabrication process of a synstor circuit is shown in Figure 4. The synstor was fabricated
on a silicon-on-insulator (SOI) chip with a 220 nm-thick p-type Si layer with a boron doping
concentration of 10*°/cm3 on a 3 pm-thick buried oxide layer on a 725 pum-thick Si wafer. A
photoresist layer was patterned on the Si surface as an etching mask through ultraviolet
photolithography. As shown in Figure 4a, a 5 um-wide Si channel was etched by reactive ion
etching (RIE; Oxford Plasmalab 80 Plus RIE). The photoresist was stripped with acetone,
isopropanol, and de-ionized water. The silicon-on-insulator wafer was cleaned with the standard
RCA cleaning process. As shown in Figure 4b, the surface of the Si channel was oxidized in a

thermal oxidation furnace at 1000 °C in O, for 2 minutes to grow a 10 nm-thick SiO> layer. A
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photoresist layer was patterned by ultraviolet photolithography on the surface of the SiO> layer,
and the photoresist patterns were used as an etching mask to etch the SiO; layer by RIE (Oxford
Plasmalab 80 Plus RIE; 1:1 CHFs:Ar, 100 W) in the contact areas for input/output electrodes
(Figure 4c). A 300 nm-thick Ti layer was deposited by electron beam evaporation (CHA Industries
Mark 40), and lifted off by a pre-patterned photoresist layer to form Ti input/output electrodes in
the contact areas (Figure 4d). A 40 nm-thick Al2O3 sacrificial layer was grown on the chip by
atomic layer deposition (Fiji Ultratech ALD). The chip was annealed in forming gas (5% H2 in Ny)
at 470 °C for 30 minutes to generate a titanium silicide (TiSiy) layer sandwiched between the Si
channel and Ti input/output electrodes (Figure 4e). The Al,Os sacrificial layer protected the
materials from undesirable oxidation during the annealing. After the annealing, the sacrificial layer
was selectively etched away with a 3% tetramethylammonium hydroxide aqueous solution. A 40
nm-thick titanium layer was deposited on a 10 nm-thick titanium oxide layer on a 10 nm-thick
aluminum oxide layer (Al2O«) on the SiO> layer on the Si channel by e-beam evaporation (CHA
Industries Mark 40), and the titanium, titanium oxide, and Al.O. layers were lifted off by a pre-
patterned photoresist layer, as shown in Figure 4f. The evaporation resulted in an AlOq layer with
a high defect density, owing to the differing vapor pressures of aluminum and oxygen. This non-
stoichiometric Al2Oq layer is desirable for forming a charge storage layer for memory and learning.
The chip was then annealed in forming gas (5% H2 in N2) at 470 °C for 30 minutes. During the
deposition and annealing, the titanium oxide layer also reacted with the Al>Oqlayer and the
titanium layer, thus forming a 50 nm-thick metallic titanium oxide layer (TiOg) as a reference
electrode. The chip was passivated by a parylene-C film deposited by thermal evaporation (SCS
PDS-2010 Parylene). A final photolithography step and RIE processes (Technics FRIE; 500 mTorr

0., 100 W) were used to etch the parylene-C layer in the contact pads of the input/output and
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reference electrodes. The extensive contact pads, input/output, and reference electrodes in the

circuit are not shown in Figure 4.

| | é
b Sio,
c Exposed Si ;

W s W so MW T MW TS ALO, M TiO,

Figure 4. The synstor circuit fabrication process. a) A Si channel is etched on a SiO>
surface. b) The Si surface is oxidized and covered by a SiO: layer. c) The SiO layer in contact
areas is etched. d) Ti input and output electrodes are deposited in the contact areas, and e) are

annealed to form a titanium silicide (TiSiy) layer sandwiched between the Si channel and Ti
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input/output electrodes. f) A titanium oxide (TiOg) reference electrode is deposited on an

aluminum oxide (Al.O.) memory layer on the SiO> layer on the Si channel.

2.1.2. Capacitor Fabrication Process

As shown in Figure 5, capacitors with the same structure as the synstor with a TiOg layer
grown on an Al2Oq layer on a SiO> layer on a Si layer on a SiO; layer were fabricated through
the same fabrication process described above. Al electrodes were then deposited on the Si and
TiOg layers by e-beam evaporation, and patterned by photolithography to form Al/Si ohmic

contact and Al/TiOp metallic contacts in the capacitor.
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0.3
2501 after V,=25V
e — 0.2
200+ as-fabricated
——afterV,=-2V 0.1
L' 150+ =
o 4
G %Q 00 | v vy v
100 0.1- v
50+ -0.2-
0L 0.3 : ‘ ‘ Y
-2 -1 0 1 -2 -1 0 1 2
V5 [V] vV, V]

Figure 5. Capacitance-voltage testing. a) The capacitance (C) of a capacitor is plotted versus a
voltage bias, V},, applied on the bottom Al electrode with respect to its grounded top Al reference
electrode on the as-fabricated capacitor (grey line), after the capacitor experienced —2.0 V

voltage pulses for 10 s (red line), and the capacitor experienced 2.5 V voltage for 10 s (green
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line). The structure of the capacitor is shown in the insert. The shift of the C — V}, curves with
respect to those of the as-fabricated capacitor is marked as AV},. b) After the capacitor
experienced voltage pulses with an amplitude, V;,, AV}, is displayed versus V;,, under the
conditions of —2 V <}, < 0 (green triangles), 0 <V, < 2.5V (red triangles), and }, = 0

(square).

2.1.3. Material Characterization and Electrical Tests of Synstors

The structures, compositions, and defect densities of the materials in synstors were
characterized by TEM, EDX analysis performed with a JEOL Grand ARM TEM operated at 300
kV with dual silicon drift detectors. The EDX Cliff-Lorimer sensitivity factors of Ti, Al, Si, O are
calibrated by known TiOz, Al203, and SiO; standards. The reference electrodes of the synstors and
control devices were always grounded during the tests. Current-voltage characteristics were
measured with a Keithley 4200 semiconductor parameter analyzer. The electrical voltage pulses
applied to the input and output electrodes of the devices and circuits were generated by FPGA
(National Instruments, cRI0-9063), computer-controlled modules (National Instruments, NI-
9264), and a Tektronix AFG3152C waveform/function generator. Currents flowing through the
synstors were measured by a semiconductor parameter analyzer, computer-controlled circuit
modules (National Instruments, N1-9205 and N1-9403), and oscilloscope (Tektronix TDS 3054B).
Testing protocols were programmed (NI LabVIEW) and implemented in an embedded FPGA
(Xilinx), a microcontroller, and a reconfigurable 1/O interface (NI CompactRIO). Synstors in the
circuit were tuned to their lowest (or highest) conductance values before modifying their

conductance values by applying a train of paired 10 ms-wide x and z pulses concurrently with a
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width of 10 ms and an amplitude of -2 V (or 2.5 V) on each synstor until their conductance values

reached the targeted analog values closely.

2.1.4. Electrical tests of the capacitor

The AC capacitance of the as-fabricated capacitor was measured by applying an AC voltage
with an amplitude of 200 mV and sweeping a DC voltage, Vp, from 1 VV to —2 V on the bottom
electrode (Figure 5). After application of 10 s V, voltage pulses with an amplitude of —2.0 V <
V, < 2.5V for 10 s on the bottom electrode, a shift in the C — V}, curves with respect to those of
the as-fabricated capacitor, AV}, was induced by the modification of charge density, Ap, at the
Al,0./ SiO; interface of the TiOg/Al,04/SiO2/Si heterojunction®®°, After application of voltage
V,, ranging between —2.0 V and 0 (or 0 and 2.5 V) on the bottom Al electrode, AV, was
measured by sweeping V, from —1.6 VV to —0.8 V. Ap was derived by Ap = Cs;p,AVp With

Csio2 = 3.5 X 1077 F/cm? as the capacitance per area of the SiO; layer (Figure 6h).
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Figure 6. Synstor characterization. a) The current, I, on the output electrode of a single synstor

is displayed versus the amplitude of the voltage pulses, x, applied on the input electrode. b) The
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percentage change in the synstor conductance, (Aw/w,) X 100%, is plotted versus various x
and z pulses concurrently applied on the input and output electrodes under the conditions of
—2V <x=2z<0 (greentriangles), 0 < x =z < 2.5V (red triangles), =2V < x <
2.5V and z = 0 (blue squares), and =2V < z < 2.5V and x = 0 (black circles). ¢) The average
analog conductance values, w, d) the absolute values of the differences between w and wy,
|w — w,|, and e) the standard deviations of w, g,,, are plotted against the targeted analog
conductance values of synstors, w;. f) The change in the charge density in the Al.Oq, layer, Ap, is

plotted against V,, the amplitude of the voltage pulses applied to a capacitor with the same

TiOp/Al04/Si02/Si heterojunction of the synstor under the conditionsof -2V <x=2z<0

(green triangles), 0 < x = z < 2.5V (red triangles), and x = z = 0 V (black squares).

2.1.5. Computer-aided Device and Circuit Simulation

On the basis of the measured properties of synstors and their circuits, we have designed and
calculated the performance of synstors and their circuits with a Technology Computer-Aided
Design (TCAD) simulator (Spectre, Cadence and Sentaurus Device, Synopsys).®” The device
simulator performed numerical calculations of the synstor physics by solving Poisson's equation
describing the electrostatics and drift-diffusion carrier transport under a set of boundary conditions
defined by the device structure. Quasi-stationary simulations were conducted under various
voltage biases on the input/output electrodes of the synstors with respect to the grounded reference
electrodes. The band diagrams of the synstors were extracted from the simulations, and the
electronic properties of the synstors were analyzed through simulation. According to the TCAD

simulation, when the synstor channel length was scaled down to 30 nm, the synstor still functioned
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properly for signal-processing and learning (Figure 7). We have designed and simulated a crossbar
circuit of synstors with a channel length scaled to 30 nm The M input electrodes, N output
electrodes, reference electrodes, and Si channels of the circuits were designed on the basis of the
TSMC 28 nm process. The circuit was required to satisfy the following conditions to execute
signal-processing and learning concurrently: (i) To avoid the phase shifts of input pulses, x, and
backpropagating pulses, z, on the input and output electrodes, M?R,C,, N*R,C, < t4, Where M
represents the number of input electrodes, N represents the number of output electrodes, t,
denotes the pulse duration, R, denotes the resistance of the electrode per synstor unit, and C,
denotes the capacitance of the electrode per synstor unit. In the synstor circuit, C, ~ 10717 F,

.~ 0.54Q, and t; = 1078 s; thus, M, N « 10*. (ii) To avoid significant voltage variations at
the input and output electrodes induced by the sneak currents passing through the synstors, the
worst-case voltage variation on an input or output electrode induced by the maximal sneak
currents, AVy (W) RoM < kgT /q = 26 mV, where q is the charge of an electron, kg is the
Boltzmann constant, and T is room temperature. In the synstor circuit with a channel length of 30
nm, (w) =1.9nS,V, = 1.2V, and R, ~ 0.54 Q; thus, M, N < 10*. Therefore, a crosshar circuit
can be scaled up to 108 synstors (with M, N = 10%). A large scale synstor crossbar circuit with
108 synstors, M, N = 10*, an average synstor conductance (w) = 1.9 nS, an analog signal input
rate f; = 50 MHz, an average pulse magnitude 1, = 1.1V, and a pulse duration D,, = 0.01 could
execute signal-processing (I = w x, Equation 1) and learning algorithms (W = a« z ® x, Equation
2) concurrently with a computing speed of 25 petaOPS, a power consumption of ~2.3 mIW, while

occupying an area of ~0.8 mm?.
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Figure 7. The energy-band structures of a synstor with a channel length of 30 nm. The simulated
energy-band structures of the TiSiy input electrode, Si channel, and TiSiy output electrode along
the L axis in Figure 3d (top), and of the grounded TiOg reference electrode, Al.Oq charge
storage layer, SiO> dielectric layer, and Si channel along the H axis in Figure 3d (bottom) of a
synstor with a channel length of 30 nm under the conditionsofa) x =z =12V, b)x =z =
—0.7 V, and c) the potential at the input electrode x = —0.7 V, the potential at the output
electrode z = 0 (red lines), x = z = 0 (black lines), and x = 1.2 V and z = 0 (blue lines). The
scales represent the lateral distance from the input electrode to the output electrode (top row),
and the vertical distance from the Si channel to the TiOg reference electrode (bottom row). The
band edges and Fermi levels are marked by solid lines. Electrons (e°) are driven by a large
potential difference across the AlOq layer to hop across the oxygen vacancies in the Al2Oq

layer, as illustrated by blue dashed lines in a) and b)
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2.2. Results and Discussion

As shown in Figure 3b, a 20x20 synstor crossbar circuit composed of 20 rows of Ti input
electrodes, 20 columns of Ti output electrodes, and 20 columns of TiOgp reference electrodes was
fabricated on a silicon-on-insulator substrate according to the process described in the Methods
and Figure 4. The structure of the active area of a synstor is shown in Figure 3c and Figure 3d.
A Si channel with a thickness of 220 nm, a width of 5 um, a length of 40 um, and a boron doping
concentration of 101°/cm3 was made from a single-crystal Si layer on a 3 um-thick SiO; layer. A
14 pm-wide, 50 nm-thick TiOgp layer was grown on a 10 nm-thick Al2O« layer on a 10 nm-thick
SiO2 layer on the Si channel. The device structure was determined by transmission electron
microscopy (TEM). As shown in Figure 3e, Figure 8a, and Figure 9, a polycrystal TiSiy layer is
sandwiched between the Si channel and Ti input/output electrodes. The compositions of the
Ti/TiSi,/Si heterojunction were analyzed by energy-dispersive X-ray spectroscopy (EDX). The
TiSiy layer with average y = 0.7 is a metallic silicide, which formed a Schottky contact to the Si
channel.®! As explained by the device simulation in the following, the Schottky barrier facilitated
the concurrent signal-processing and learning functions of the synstor. The compositions of the
TiOp/Al.04/SiO2/Si heterojunction were analyzed with TEM and EDX (Figure 3f, Figure 4,
Figure 10, and Figure 11). The Al>Oq layer with a = 2.4 is oxygen-deficient. Electrons can be
trapped in the oxygen vacancies in the Al,Oq. layer,52-%* which functions as a charge storage layer.
The TiOg layer with B = 1.5 is metallic®, and functions as a reference electrode, as well as a

protection layer to preserve the high density of oxygen vacancies in the Al>Oq layer.
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Figure 8. The EDX composition profiles. a) The EDX composition profile of the Ti/TiSi,/Si

heterojunction. b) The EDX composition profile of the TiOp/Al.0./SiO2/Si heterojunction.
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Figure 9. left: Cross-sectional TEM image of the Ti/TiSi,/Si heterojunctions; middle: Fast

Fourier transform image of different regions; right: EDX maps.
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Figure 10. Cross-sectional TEM image of the TiOp/Al.0./SiO2/Si heterojunction
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Figure 11. EDX map of the TiOp/Al.04/SiO2/Si heterojunction.

2.2.1. Electronic Properties of Synstors

To emulate synapses grounded to the cerebrospinal fluid in neurobiological circuits, the
reference electrodes of synstors were always grounded during the tests. VVoltage pulses with an
amplitude x were applied on the input electrode of a synstor to induce current I flowing through
the synstor channel to its output electrode. Figure 6a shows a typical nonlinear I — x relation,
revealing the Schottky barriers between the Si channel and TiSi, layers.®* Each synstor in the
circuit executes the signal-processing algorithm I, = wy,,,,(x) x,, (Equation 1). A synstor was
tested by the application of 400 x and z pulses with a 1 ms width, and various amplitudes on the
input and output electrodes, respectively. The typical percentage changes in w, (Aw/wg) X 100%,
are plotted against the amplitudes (Figure 6b) and numbers, and widths (Figure 12) of the applied

pulses on the synstor. After the synstor experienced 400 paired x and z pulses with x = z, Aw/w,
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increased from 0 to 0.173 when the applied voltages decreased from 0 to —2 V; Aw/w, decreased
from 0 to —0.465 when x and z increased from 0 to 2.5 V. After the synstor experienced 400
individual x or z pulses, |[Aw/w(0)| < 0.023 for -2V <x<25Vandz=0V,orx=0V
and =2V <z < 2.5V. The magnitudes of the percentage changes in w were asymptotically
increased with the increasing numbers or widths of the applied paired pulses with x,, = z,
(Figure 12). Each synstor in the circuit executed the learning algorithm, v, (t) = a z, x,,

(Equation 2) with the modification coefficient « = 0 when x,,, = z, < 0, and « < 0 when x,,, =

z, = 0. When z,, x,, = 0, Wy, = 0.
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Figure 12. Pulse tests of a synstor. The percentage changes in the synstor conductance, Aw /wy,
induced by various x and z pulses with x = z = —2 V (green triangles), x = z = 2.5V (red
triangles), and x = 2.5V and z = 0 (blue squares) are plotted against a) the numbers of applied

pulses and b) the pulse widths after applying 400 pulses.

In a learning process, 400 synstors in the circuit were tuned to 167 targeted analog values, w,,

evenly separated by Aw, = 1.5 nS by applying a train of 10 ms wide 2.5V x and —2 V z pulses
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concurrently. The synstor conductance values were tuned to different targeted values, w; (Figure
6¢) with the differences between the average conductance values of the synstors and w;, |w — w,|,
less than 80 pS or 5.3% of Aw; (Figure 6d), and the standard deviations of w, g,,, less than
180 pS or 12% of Aw, (Figure 6e), or 6a,, less than 72% of Aw;. To examine the nonvolatile
memory of the synstors, they were modified to different initial analog conductance values, w(0),
in the range of 0 — 230 nS by applying paired positive or negative pulses, and their conductance
values, w, were measured versus time, t, over 10° s at a temperature of T = 40 °C (Figure 13a)
and 85 °C (Figure 13b). As shown in Figure 13a, the variations of the memorized synstor
conductance values over 1.2 x 10° s at 40 °C were less than +6.0 nS. The w vs.t data were
fitted by w(t) = w() + [w(0) — w()]e " (solid lines) with w(w) and n as the fitting
parameters, where n = n, e E8/¥T | E, represents the potential barrier to trap electrons in the
oxygen vacancies in the Al,O. layer,®>® and k denotes the Boltzmann constant.>® From the
average n determined from the synstors tested at 40 °C and 85 °C, the average Eg = 0.83 eV.
The endurance testing of the synstors was performed by modification of their conductance to high
and low values, wy or w;, by iterative application of paired positive or negative pulses. No
deterioration in device conductance was observed over 1,200,000 modification cycles (Figure 14).
The endurance, accuracy, and uniformity of the analog conductance modification of the Si and Al
oxide based synstors were significantly superior to those of CNT-based synstors developed

previously in our laboratory (Figure 15).%"
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Figure 13. Memory testing of synstors. After synstors were modified to different initial analog

conductance values, the conductance value of each synstor, w(t), measured at a) 40 °C and b)

85 °C is shown by dots in different colors as a function of time ¢ over 10° s, and is best-fitted by

w(t) = [w(0) — w(e)]e  + w(oo) (solid lines in different colors).
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Figure 14. Endurance testing of synstor. A synstor was modified to its high and low
conductance values, wy and wy, iteratively over 1,200,000 cycles. In each cycle, wy and w;, are

shown as green and red dots, respectively.

31



200

[ ] This work

| 228 CNT-based synstor
o 150 -
=
=] I
S
P 100 +
Q
>
Q
O 50

0 """'"I"""""_n'-""TI'I'
0 1 2 3

w [nS]

Figure 15. Variations of the conductance values of the CNT- and Si-based synstors. The
distributions of conductance values w of the CNT-based synstors (green) and Si-based synstors
(brown, this work) are plotted after the synstors were tuned toward their targeted conductance

values.

The changes in charge density in the Al2Oq layer of the synstor, Ap, induced by the voltage
pulses with an amplitude,V},, under —2 V < V,, < 2.5V were derived from capacitance-voltage
tests®*° on a capacitor with the same TiOp/Al,04/SiO2/Si heterojunction of the synstor (Figure
5), and shown in Figure 6f. After the capacitor experienced voltage pulses, Ap increased from 0

to 3.83 x 10! /cm? when Vj, decreased from 0 to —2 V', whereas Ap decreased from 0 to
—5.49 x 10'* /cm?* when V, increased from 0 to 2.5 V (Figure 6f). As shown in Figure 16a and

Figure 16b in the simulated band structures of a synstor, when a pair of negative (or positive) x
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and z voltage pulses with x =z = —-2.0V (or +2.5V) were applied, the electronic potential
dropped across the Al,Oq layer —0.41 e V (or 0.55 eV) was comparable to the the potential barrier
for electronic hopping (Eg = 0.83 el’), thus resulting in depletion (or injection) of electrons
through the Al,O, layer via Poole-Frenkel hopping among its oxygen vacancies,® decreasing (or
increasing) the density of the electrons trapped in the oxygen vacancies in the Al,Q. layer.52-%4
The trapped electrons in the AloOq layer repelled the electrons in the Si channel; therefore, the w
of a synstor experiencing x and z voltage pulses with x =z =-2.0V (or x =z =2.5V)
increased (or decreased). The hopping rate of the electrons in the Al:Oq layer, and thus w,
increased with the magnitude of the applied voltage (Figure 6b). As shown in Figure 16c, when
a synstor experienced x and z voltage pulses withx = 2.5Vandz=0,0orx = -2V andz =0,
the electronic potential mainly dropped across the Schottky junction between the Si channel and
TiSiy layer. The TiOp/Al.04/SiO2/Si heterojunction located beyond the Schottky junction, and the
electronic potential dropped across the Al2Oq layer (Figure 16a) was significantly smaller
(0.058 e VV or 0.097 eV’) than the the potential barrier for electronic hopping (Ez = 0.83 eV), thus,
could not drive a substantial number of electrons across the Al2O.. layer. Therefore, these voltage
pulses did not significantly modify the density of the electrons stored in the Al>Oq layer, and no

meaningful change in w was observed (Figure 6b).
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Figure 16. The energy-band structures of a synstor. The simulated energy-band structures of the
TiSiy input electrode, Si channel, and TiSiy output electrode along the L axis in Figure 3d (top
row), and of the grounded TiOg reference electrode, Al.O., charge storage layer, SiO dielectric

layer, and Si channel along the H axis in Figure 3d (bottom row) of a synstor under the

conditionsofa) x =z =2.5V,b) x = z = -2V, and c) the potential at the input electrode x =

—2V, the potential at the output electrode z = 0 (red lines), x = z = 0 (black lines), and x =
2.5V and z = 0 (blue lines). The scales represent the lateral distance, L, from the input electrode

to the output electrode (top row), and the vertical distance, H, from the Si channel to the TiOp
reference electrode (bottom row) in Figure 3d. The band edges and Fermi levels are marked by
solid lines. Electrons (e) are driven by a large potential difference across the Al>O. layer to hop

across the oxygen vacancies in the Al2Oq layer, as illustrated by blue dashed lines in a) and b)

(bottom).
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2.2.2. Simulation of a Synstor with a Channel Length of 30 nm

As shown in the simulated band structures of a synstor with a channel length of 30 nm in
Figure 7, when a synstor experienced x and z voltage pulses withx =1V andz =0, or x =
—1V and z = 0, when a synstor experienced x and z voltage pulses with x = 2.5V and z = 0, or
x=-2V and z =0, the electronic potential mainly dropped across the Schottky junction
between the Si channel and TiSiy, layer. The TiOp/Al.0./SiO2/Si heterojunction located beyond
the Schottky junction, and the electronic potential dropped across the Al.Oq, layer was significantly
smaller (0.05 e V or 0.09 el’) than the the potential barrier for electronic hopping (Ez = 0.83 V),
thus, could not drive a substantial number of electrons across the Al.Oq layer. Therefore, these
voltage pulses did not modify the density of the electrons stored in the Al.O. layer, and no
significant change in w was observed. When a pair of negative (or positive) x and z voltage pulses
withx =z = —0.7 V or 1.2 V/, the electronic potential dropped across the Al>O. layer (0.18 eV
or —0.18 eV’) was comparable to the the potential barrier for electronic hopping (Ez = 0.83 el/),
thus resulting in depletion (or injection) of electrons through the Al.O., layer via Poole-Frenkel
hopping its oxygen vacancies,®® decreasing (or increasing) the density of the electrons trapped in
the oxygen vacancies in the Al.Oq layer®?* and at SiO2/Al,O. interface. The trapped electrons in
the AlOq layer repelled the electrons in the inversed p-type Si channel; therefore, the w of a
synstor experiencing x and z voltage pulses with x =z = —0.7V (or x = z = 1.2 V) increased

(or decreased).

3. Synstor Circuit for Drone Control

This whole section has been derived from the published papers'#3"67 which is used here to

complete the dissertation.
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3.1. Methods

3.1.1. A Drone Driven by a Synstor Circuit

A crossbar synstor circuit was integrated with sensors and actuators to drive a drone (Figure
17a, Figure 18a). The video images of a drone (Parrot AR Drone 2.0) from a camera (Genius
WideCam F100) were processed with NI-IMAQ Toolkit for Cameras Virtual Instrument (V1). The
deviations of the drone from its target position along four directions, s, were converted to voltage
pulses, x, with an amplitude of —2.2 V or 1.1 V and a duration of 10 ns, which were input to the
synstor circuit with an analog signal input rate f; = 50 MHz by a signal converter (FPGA,
National Instruments, cRI10-9063). The firing rate of x pulses increased monotonically with
increasing s. x generated currents, I = w x (Equation 1), via the synstor circuit. The currents, I,
flowed through the synstors to interface circuits and triggered the actuation pulses, y, to drive the
drone, and backpropagating pulses, z, to modify the synstor conductance matrix, w, by following
the learning algorithm, w = a z ® x (Equation 2). Neuron circuits were designed and fabricated
in our laboratory (a manuscript about the neuron circuits is in preparation) to emulate the functions
of biological neurons. When I < I, = 30 nA, the threshold current of the neuron circuit, no
actuation pulse was triggered. When I, <1 < Is = 60 nA, the saturation current of the neuron
circuit, the average firing rate of the actuation pulses increased monotonically with increasing I.
When I > I, the average firing rate of the actuation pulses was saturated at ~14 Hz. The output
pulses from the neuron circuits were converted to actuation signals, y, by a signal converter (FPGA,
Xilinx, Kintex-7), and the drone was driven by the actuation signals transmitted via WiFi (Figure
18). In the learning process, the backpropagating pulses, z, were triggered from the neuron circuits

according to the following equation,
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z=y=x0 3

o(t—1_)

with 8(t) = {_ P

where 7, = 1180 ms and t_ = 20 ms, and 8(t) > 0. The average 6

over learning period T was (8) = 0, and the average z over learning period, {z) = 0. For generate
backpropagation of backpropagating pulses with z, = y,, = 8, when a y, pulse is triggered at
moment t = t,, from the n*" output electrode of the synstor circuit, a train of positive (or negative)
backpropagating pulses with a pulse firing rate proportional to 8 within the time window t,, —
T_ <t<t,—1_+t, atthe n* (or nt* complimentary) output electrode, and a train of negative
(or positive) backpropagating pulses with a pulse firing rate proportional to 8 within the time
window t, + 7, <t <t, + 1, +t, were triggered at the n (or nt* complimentary) output

electrode, where t,, represents the duration of the time window of the pulse trains.

37



Human Computers

8 Synstor
Circuit Operators
%\ Edge ANN Cloud ANN
g i @ I=wnx| |w=/[f(wzxy)
I=w(t)x £ s |0 I=fw®n)|| ¢
W(f.) = ax®z _FC_-,’ B W(f) = ax®z 401_:." Data
- Sy i‘] - w(n),x,y ——> w(n+1)

] . s 04
50 100 150
t(s) t(s)

o

vl

o

=
o -
o
=
w
o
o

Figure 17. Drone flying experiments with a, a synstor circuit (left), a human operator (middle),
and an ANN running in digital computers (right). In the real-time flights by the synstor circuit,
the deviations of the drone position from its target position, s, are detected by a camera, and
converted by an interface circuit to voltage pulses, x, which are input into a synstor circuit
(Methods). By following the signal-processing algorithm I = w x (Equation 1) the synstors
generate output currents, I, that trigger actuation signals, y, via an interface circuit to drive the
drone and modify s. Concurrently, backpropagating voltage pulses, z, triggered at the output
electrodes encounter the x pulses to modify the synstor conductance matrix, w, by following the
learning algorithm w = a z ® x (Equation 2). Human operators see the analog values of s

displayed on a monitor, process and learn from the signals concurrently in neurobiological
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circuits, and drive the drone by triggering actuation signals, y, with different keys on a keyboard,
but initially they do not know which key triggers which actuation signal. The ANN on an edge
computer receives sensing signals, s, and sends actuation pulses, y, to drive the drone on the
basis of the synaptic weight matrices w(n) in the ANN in its nt* round of trial. The data, x, ,
and w(n) are saved in memory, and sent to a Google cloud computer, on which a reinforcement
learning algorithm is executed to modify w(n) to w(n + 1). Then w(n + 1) is saved in
memory, and sent back to the edge computer for the (n + 1)*" round of trial. b, The deviations
of the drone position from its target position, s, are shown as a function of time t. ¢, Objective
functions, F = %sz are displayed versus time t. For b and c, the data are for the experiments in
which the drone was flown by the synstor circuit (left), a human controller (center), and the ANN
(right). The average objective functions, (F), are shown versus t in green with d(F)/dt < 0
induced by the learning and in red when d(F)/dt > 0 induced by the environmental change.
Dashed red lines show when the fans were turned on and arrows indicate the directions of the

wind generated by fans. The red crash symbols indicate that the drone hit a wall.
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Figure 18. A schematic of experimental systems with a) a synstor circuit, b) a human operator,

and c) an ANN running in digital computers.

3.1.2. Theoretical Analysis

We established a theoretical model for brain inspired Al systems based on synstor circuits

that execute the signal-processing I = w x and learning w = a z ® x concurrently®’. When s =
0, the performance function F = %sz =0,x=0,w=az® x =0 (Equation 2), and w reaches

the optimal steady value w = arg minF. When w = w, s # 0, and F > 0. In the learning
w

process, the average performance function (F) = %(sz) changes with the following rate:
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(F) = —(F)/T, + 6F (4)

where T, > 0 represents the learning time, and §F is associated with environment and the
nonlinear terms of F. When the learning time T;, is decreased to satisfy §F < (F)/T,, then (F) <
0; (F) represents a Lyapunov function and is asymptotically decreased, thus resulting in
modification of w toward w in the learning process. When (F) is decreased to (F) = F, = T (6F),

then (F) = 0, and (F) reaches its optimal steady-state value F,. The solution of Equation 3 gives

the following:

(F() = (F(0) —F) e ™ +F, (%)

where 6F * e~t/TL represents the convolution between §F and e ~%/7L,

3.1.3. Power Consumptions Analysis of the Synstor Circuit

When voltage pulses were applied on a crossbar synstor circuit, the average power

consumption of the circuit (excluding the power consumptions of interface circuits),

P =1Q®x = (wx)®x ~ wr VD, (6)

where w denotes the total conductance of the synstors in the circuit, V, denotes the magnitude of

pulses, D,, denotes the average duty-cycle of the pulses. During the concurrent signal-processing
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and learning in synstor circuit for the drone, wr = 152 nS,V, = 1.1V, and D,, = 0.087, thus P ~

16 nW.

3.1.4. A Drone Driven by Humans

Real-time learning experiments were also performed with the drone driven by human operators
under the same environment of the synstor circuit experiments with wind. The human operators
(Figure 18b), who had no prior knowledge of the drone control system, sat behind a curtain
without directly seeing the drone, but instead visually saw s values displayed on a computer
monitor, and were instructed to minimize the s values. They drove the drone by triggering
actuation pulses y with four keys in a keyboard, which were randomly associated with the different
actuation signals y,,, and the firing rates of the pulses were proportional to the keystroke times

(Figure 17c and Figure 19b).
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Figure 19. Experimental signals of synstor circuits, the human brain, and edge artificial neuronal
network (ANN). a) In the experiment with a drone driven by a synstor circuit, the drone position
Sm, INput voltage pulses to a synstor circuit x,,,, actuation voltage pulses to drive a drone y,,, and
backpropagating pulses z,, are displayed versus time t (left) and at the moments t,, t,, t3, and t,
equal to 72.858, 73.019, 74.153, and 74.315 s, respectively (right). In the experiments with a
drone driven by b) a human, and c) a computer, s,, and y,, are displayed versus time t. The
arrows associated with the fan symbols indicate the changes in wind directions. The red crash

symbol indicates that the drone crashed into the wall.
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3.1.5. A Drone Driven by an ANN

A drone was driven by the ANN for signal-processing on an edge computer (Figure 18c) under
the same environment as the synstor experiments with wind generated by fans or an environment
without wind from fans. An onsite computer received the s signals from the interface circuit with
an analog signal input rate f; = 50 MHz, the same as that in the trials of the synstor circuit,
executed the signal-processing algorithm in an ANN with three layers of 137 neurons and 1152
synapses in real-time (Figure 20), and triggered actuation pulses, y, to modify s (S8c). After the
ANN controller with synaptic weight matrices w drove the drone for ~40 s (if the drone crashed
with the walls, then flying time of the drone was less than 40 s), the data, x, y, and w were sent to
a Google cloud computer®® to execute a reinforcement learning algorithm® for ~650 s (if the
flying time of the drone was less than 40 s, then the learning time was less than 650 s), and the
modified w was sequentially sent back for the next round of signal-processing to drive the drone
iteratively (Figure 18a). The ANN size, learning rate of 5 X 10~° (a.u.), and a discount factor of
0.999994 (a.u.) were also optimized. After the Google cloud computer® with an Intel Xeon E5-
2696 CPU executed the learning algorithm for T; . = 16020 s according to the data with the drone
driven by the ANN on the edge computer for T,z = 979 s in an environment without wind from
fans (Figure 19c), the w converged to the correlated synaptic weights, and F was minimized
(Figure 21f-j and Figure 22). The average power consumption of the cloud computer for learning
was 145 W0 and the average power consumption of the edge computer for signal-processing was

65 W (excluding the power consumption of interface circuits).
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Figure 20. ANN structure. In the ANN, the sensory signals, s, are transmitted to four input
neurons, which send signals via synapses to 128 neurons in the hidden layer. The output signals
from the neurons in the hidden layer trigger output signals from the five neurons in the output
layer. The activation function in the neurons of the hidden layer is in rectified linear units
(ReLU). The output signals from the neurons in the output layer are normalized with a softmax
function and converted to a probability distribution of actuation signals, y. The first four output
signals correspond to the probability of triggering four y,, actions, and the last output signals

correspond to no action. The actuation signal, y, is sent out to drive the drone.
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Figure 21. Heatmaps showing the evolution of synaptic weights in an ANN during learning. The

product of synaptic weights wy,, = Y528 Wy Wy is displayed on a normalized scale of (W, —

Wiin)/ Wmax — Wmin) N the heatmaps and plotted versus the cumulative learning time a) T, =
0s,b) T, =7596s,¢) T, =20900s,d) T, =37537 s,and e) T, = 54267 s in the learning
process from the data with the drone driven by the ANN in an environment with wind from fans,
andf) T, = 0s, g) T, = 95485, h) T, = 23162 s, i) T, = 47434 s, and j) T, = 55254 s in the
learning process from the data with the drone driven by the ANN in an environment without
wind from fans. The w,,,,, denotes the synaptic weight of the synapses connecting the mt"
neuron at the input layer and the nt* neuron at the output layer; w,,;, denotes the weight of the
synapse connecting the nt" neuron at the output layer and the k" neuron at the hidden layer,
Wi denotes the weight of the synapse connecting the mt"* neuron at the input layer and the k"
neuron at the hidden layer; w,,;, denotes the minimal value of the effective synaptic weights,

and w;,,4, denotes the maximal value of the effective synaptic weights in the ANN.
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Figure 22. A performance function of a drone driven by an ANN on a computer. The average
performance function (F) of a drone in each signal-processing period (points connected by black
lines) is plotted versus the cumulative signal-processing and learning time t signal-processing
with the drone driven in an environment without wind from the fans. The learning time T, =
17456 s is extrapolated by best-fitting the experimental (F) — t, curves with (F(t)) =
((F(0)) — F,) e~ t/TL + F, (green line, Methods, Equation 5). After the learning, the average
performance function (F) is plotted versus accumulative signal-processing time T;z with the
drone driven in an environment with wind. The crash symbols indicate (F) values when the

drone crashed into the top walls or sidewalls.
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3.2. Results and Discussion

3.2.1. Concurrent Learning and Signal Processing to Fly a Drone

We performed experiments in which a synstor circuit, human operators, and a computer-
based ANN learned to fly a drone toward a target position (Figure 17a). Two fans produced wind
from opposite directions sequentially (Figure 17b) to generate an aerodynamically changing
environment during the flight. The synstor circuit, human operators, and ANN had no prior
learning experience or knowledge of the drone control system, and the synaptic weights of the
synstor circuit and ANN were set to random values before each the experiments started. The
deviations s of the drone from its target position were detected by a camera, and s was converted
to voltage pulses, x, by an interface circuit to generate currents via the synstor circuit according to
the signal-processing algorithm, I = w x. The currents triggered actuation signals, y, via the
interface circuit to drive the drone and change s. Concurrently, voltage pulses, z, were triggered
at the output electrodes of the synstor circuit (Methods, Equation 4) to modify w according to the
learning algorithm, w = a z @ x (Equation 2 and Figure 19a). The human operators visually saw
the analog values of s displayed on a monitor, processed and learnt from the signals concurrently
in their neurobiological circuits, and drove the drone by triggering actuation signals, y, with
different keys on a keyboard, which were randomly associated with the different actuation signals
to modify the s values (Figure 17a and Figure 19b). The synstor circuit and human operators flew

the drones and concurrently learned how to drive the drone toward its target position, adapt to the
changing environment, and minimize its performance (error) function F = %sz (Figure 17b and

Figure 17c).

48



The synstor/synapses learning process was analyzed on the basis of a theoretical model that

we published previously®’. When the synstors/synapses concurrently execute the signal-processing
and learning algorithms (Egs. 1 and 2), the average (F) = %(sz) changes with a rate, (F) =

—(F)/T, + 6F (Methods, Equation 4), where T, represents the learning time, and §F is associated
with the environment and the nonlinear terms of F. The learning rate w = @ z ® x can be
increased by increasing the firing rates of the x and z pulses, shortening T, to satisfy —(F)/T, <
SF and (F) < 0. When (F) is decreased to F, = T,(S6F), then (F) = 0, and (F) reaches its optimal
steady-state value F,. Therefore, (F (w)) represents a Lyapunov function’?, and is asymptotically
decreased. w does not need to be pre-programmed, and is spontaneously evolved toward the

optimal matrix w = arg min F during the learning process, thus adapting to the environment by
w

minimizing (F) toward F,. The T, and F, are determined by fitting the experimental (F) —t
curves with (F(t)) = ((F(0)) — F,) e %/t + F,, the solution of Equation 4 (Equation 5 and
Figure 17c). Adaptability to the environment is represented by the successful rate to minimize (F)
toward F, in the experiments. The average T}, (5.2 s), F, (0.0043) and adaptability (100%) of the
synstor circuit are significantly superior to the average T, (30.7 s), F, (0.013), and adaptability

(65%) of the human controllers (Table. 1).

Table 1. Comparison of signal-processing and learning processes, real-time learning functionality,
adaptability to the changing environment with wind from fans, optimal steady performance
function (F,), learning time (T;), and computing power consumption (P) of the synstor circuit,

human operators, and computer-based ANN.
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Synstor Circuit Human Computers
Concurrent signal-processing and learning Yes Yes No
Real-time learning Yes Yes No
Adaptability to the changing environment 100% 65% 0%
Steady performance function (F,) (a.u.) 0.0043 0.013 >2%*
Learning time T;, (s) 5.2 30.7 16020**
Computing power consumption P (w) *** 1.6 x 1078 N.A. 65/145

*F,>2 when the drone crashed into the wall in the environment with wind from fans.
**The learning time in an environment without wind from fans, Experimental section/Methods).

***The power consumption of the synstor circuit is for the concurrent execution of the signal-
processing and learning algorithms, and the power consumptions of the computers are for the
sequential execution of the signal-processing (65 W) and learning (145 W) algorithms (excluding

the power consumption of interface circuits, Experimental section/Methods).

3.2.2. Benchmarking with Learning and Signal Processing by an ANN

Control experiments were also performed with the drone controlled by an ANN (Figure 20)
on an edge computer, which received the s signals from the interface circuit, executed the signal-
processing algorithm in the ANN, and triggered actuation pulses, y, to modify s (Figure 17a and
Figure 19c). After the ANN with synaptic weight matrices w(n) drove the drone for ~40 s in its
nt" round of trial, the data, x, y, and w(n) were sent to a Google cloud computer®® to execute a

reinforcement learning algorithm® for ~650 s, and the modified w(n + 1) was sequentially sent
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back for the (n + 1)" round of signal-processing to drive the drone iteratively (Figure 17a). The
time required to execute learning algorithm was significantly longer than that to execute the
inference algorithm (Figure 23), and thus the learning latency precluded real-time learning by the
computer. After the computers executed the signal-processing and learning algorithms
sequentially for 90 rounds of trials by flying the drone in a stable environment without wind from
fans, the random staring matrices w(1) was modified toward optimal matrices w(90), and F was
minimized (Figure 21f-j and Figure 22). By fitting the experimental (F) — t curve (Figure 22),
the computer learning time T, was determined as 16,999 s, which was significantly longer than
those of the synstor circuit (5.2 s) and human operators (30.7 s). Nevertheless, when the ANN
with w(90) attempted to fly the drone in the same changing environment with the wind from the
fans, as that of the synstor circuit and human operators, the drone always crashed into walls

(Figure 17c and Figure 22).

The computers also executed the signal-processing and learning algorithms sequentially for
90 rounds of trials by flying the drone in the changing environment with wind from fans, the
matrices could not be optimized, and the drone always crashed into walls (Figure 21a-e). Thus,
the ANN adaptability to the changing environment with the wind from the fans was assigned as 0
(Table 1). The power consumption of the synstor circuit in concurrently executing the signal-
processing and learning algorithms during the drone experiments (16 nW) was significantly
superior to that of the computers in sequentially executing the signal-processing (65 W) and

learning (145 W) algorithms (Table 1, Methods, Equation 6).

Although the synstors demonstrated here had feature sizes of micrometer scale, the device
and circuit simulations show that a synstor can be scaled down to a channel length of 30 nm, and

a crossbar circuit as shown in Figure 3a could be scaled up to 108 synstors with 10* input and
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output channels (Figure 7). The large scale synstor circuits could execute signal-processing (I =
w x, Equation 1) and learning algorithms (w = a z @ x, Equation 2) concurrently with a
computing speed of 25 petaOPS (peta operations per second), a power consumption of

~2.3 mW, while occupying an area of ~0.8 mm? (Methods).

5000

4000

— 3000 +

TrE

2000 -

1000

Figure 23. Learning and signal-processing times. The learning time, T, 5, to execute learning
algorithm on a cloud computer, on the basis of the signal-processing data is shown against the

signal-processing time, Tz, to execute signal-processing algorithm on an edge computer.

3.2.3. Evolution of synaptic weights in an ANN during learning

After the computer executed the learning algorithm for 55267 s, on the basis of the data in
the environment with the wind generated by the fans, as shown in Figure 21a-e, the synaptic

weights Wy, = Y428 Wox Wi Was not converged to correlated synaptic weights w,,,,, with m =
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n. After the computer executed the learning algorithm for 7596 s, on the basis of the data in the
environment without wind generated by the fans, as shown in Figure 21f-j, the synaptic weights
Wpnm in the ANN gradually evolved from uncorrelated random values, and converged to correlated

synaptic weights wy,,,, with m = n.

4. Conclusion

This section has been derived from the published paper4, which is used here to complete the

dissertation.

In summary, a crossbar circuit of synstors was fabricated by forming Schottky contacts
between a Si channel/TiSio.7/Ti input and output electrodes laterally, and a heterojunction of the
Si channel/SiO, dielectric layer/Al2024 memory layer/TiO1.5 metallic reference electrode
vertically in each synstor. The synstor circuit concurrently executed the signal-processing (I =

w x, Equation 1) and learning (W = a z ® x, Equation 2) algorithms in analog parallel mode.

Experiments with a drone driven toward a target position by the synstor circuit, human
controllers, or an ANN on a computer were performed. Without any prior learning, the synstor
circuit and human neurobiological circuits concurrently executed the signal-processing and
learning algorithms in analog parallel mode, and their synaptic weight matrices w were self-
evolved in the real-time learning processes to drive the drone toward its target position and adapt
to the changing environment with wind from fans. The w matrices in the ANN were modified in
its offline cloud learning processes, according to the signal-processing data x, y, and w. The

average time of the sequential offline learning by the cloud computer (16020 s) was significantly
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longer than those of parallel real-time learning by the synstor circuit (5.2 s) and humans (30.7 s).
The learning time of the synstor circuits (the computer) was shorter (longer) than the changing
period of the environment (~60 s), therefore, the adaptability to the changing environment of the
synstor circuit (100%) and humans (65%) was superior to that of the computer (0%), and the
steady performance (error) functions, F,, of the synstor circuit (0.0043 a.u.) and human operator
(0.013 a.u.) was superior to that of the computers (> 2 a.u.) in the changing environment. The
power consumption of the synstor circuit in concurrently executing the signal-processing and
learning algorithms during the drone experiments (16 nW) was significantly superior to that of the
computers in sequentially executing the signal-processing (65 W) and learning (145 W)

algorithms.

The fabrication processes of the Si-based synstor and transistor circuits are CMOS compatible.
On the basis of the simulation, the synstor could be scaled down to a channel length of 30 nm, and
a crossbar synstor circuit could be scaled up to 108 synstors with 10* input and output channels
using the nanoscale fabrication techniques of the Si-based transistor circuit. Through application
of backpropagating various z pulses, diverse learning algorithms in all three major machine
learning paradigms (unsupervised, supervised, and reinforcement learnings)®”"® can be executed

in synstor circuits.

By circumventing sequential executions of the signal-processing and learning algorithms, high
device conductance, digital computation, data movements between physically separated memory
and logic circuits in computers, and data memory, synstor circuits can concurrently execute signal-
processing and learning algorithms in the parallel analog mode, providing a path to establish

artificial intelligent systems with a learning speed, performance, power consumption, and
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adaptability to changing environments significantly superior to those of digital computers for

versatile applications.
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