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Zusammenfassung

Traditionelle tiefe neuronale Netzwerke haben in rechenintensiven Aufgaben wie der
Musterklassifikation und Spracherkennung grofRe Erfolge erzielt. Der rapide Anstieg des
Energieverbrauchs, der fur die Durchfihrung dieser Aufgaben erforderlich ist, nawtt je

die Suche nach recheneffizienteren Netzwerkarchitekturen dringend notwendig. Netzwerke, die
auf gekoppelten Oszillatoren basieren, sind von groRem Interesse fur energieeffizientes
Computing. Ein entscheidender Aspekt bei der Entwicklung solcher Tlegmm ist die
steuerbare Kontrolle der Wechselwirkungen zwischen Oszillatoren, die heute durch zusatzliche
elektronische Komponenten realisiert wird. In dieser Arbeit wird eine neuartige Methode zur
Steuerung der Synchronisatismon eng benachbarter Vanadndioxid (VO2) Oszillatoren
vorgestellt, die Uber ein einfaches thermisches Ausldseelement ausfgigt. Der gesamte
Energieverbrauch der Oszillatoren ist bei thermischer Kopplung geringer im Vergleich zu der
Situation, in der sie unabhangig voneinaraizillieren Basierend auf solchen Oszillatoren mit
aktiver Abstimmung werden experimentédND, NAND und NOR Logikgatter sowie
verschiedene Feuermuster demonstriert, die das Verh8jpging Neuron nachahmen.
Grol3skaligeSpikingNeuron Netzwerke, d@ auf diesen experimentellen \f@Dszillatoren
basieren, erreichen eine Genauigkeit von 90% bei der Erkennung handgeschriebener Ziffern
aus dem MNISIDatensatz. Die Ergebnisse dieser Arbeit zeigen einen innovativen Ansatz fur
Rechenmethoden, die auf Netzwerkem thermisch gekoppeltédszillatoren basieren.



Abstract

Traditional deep neural networks have gained success in compatditeavy tasks such as
pattern classification and voice recognition. However, the rapid increase in power consumption
to carry out these taskisie tosignificant amount of dataave made it imperative to search for
more efficientand novelcomputationahetwork architecturesComputationahetworkbased

on coupled oscillators are of great interest for energy efficient computing. A key to develop
such technologies is the tunable interaction antbagoupledscillators which todagan be
realized by additional electronic component this thesis,a novel way to controthe
synchronization of closely spaced vanadium dioxide AV@cillators via a simple thermal
triggering elemenformed from VQ is introduced The net energy consumed by the oscillators

is lower during thermal coupling compared witie situation where they are oscillating
independently. Based on such oscillators with active tuning, AND, NAND, and NOR logic
gates and various firing patterns that mimic the behavior of spilengpnsare experimentally
demonstratedLargescalespiking neural networks based on such experimental 3ffiking
neurons show a 90% accuracy in the recognition of MNIST -maitten digits. Thefindings

in this thesisdemonstrate an innovative approach towards computational techniques based on

networks ofthermally coupled oscillators.
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Chapter 1 Introduction

Nowadaysmore and morartificial intelligent @Al) technologies are applied in our daily life:
Target recognition, natural language processing,-pilmd and etc. Howevertraditional
computing technique based on vdeumann architecture falls short of competing with human
brain in term of energy efficiency. For a very simple pattern recogntask such as
handwritten digits or animals, it takes computer to run at a pof890 Win order to train the
neural networkwhile human brain needsuch lower powefor similar taskst20 W, empirical
valug. Such significant difference in power consumption for executiagame task has raised
interests and demands to develop fgetteration computing architectuteat approachethe
human brainTraditionalvon-Neumann architectudeasseparateghrocess units and memory
units- data needs to beonstantlytransferred backral forth in sequencéetween them during
everyoperation, which leads to the additional latency and considerable power consumption.
Network of oscillatorsvith inherentdynamicalcouplingstrength mimics periodic activitiesf
biological neurons in thierain(Chapter 2.1)This oscillatorynetwork can offer faster and more
efficient means of computatidoy theirintegratedorocess and memory units, and the ability to
process data in parallgl, 2]. Two critical aspects for the further development ohsystems

are mutual interactions and the control of the interactions between neighboring oscillators for

their synchronization.

Spiking neural networks (SNNE€hapter 2.9 as a special type of oscillatory computational
network, have garnered ever incsigay interest in recent years due to their similarity with our
own biological system in terms of sparse connections, battér capability to deal with
temporal data by its inherent recurrent feat@reg]. As distinct from secondeneration ANNs
(artificial neural networks) that generate continuous analog outputsgtmnetation neurons

in SNNs communicate with each other by discrete spi{es [

Highly interesting oscillators can be formed from strongly correlated oxide materials that
display an insul@r to metal transition. The controlled oscillation between the low and high
resistance states in such materials is possible under an external stimulus such as current,
magnetic field, or electric field [7, 8]. Oscillators based on vanadium dioXi@e, Chapter

2.1.3 are of particular interest since the material undergoes an insulating to metallic phase
transition near room temperature-[22]. Coupling between the V{bscillators is essential to

the operation of thescillatorycomputational network @hcan beealizedeither via external
l|Page



electronic componentd B - 17] or by thermal links [8, 19]. So far, computational schemes

based on the phase relationship between oscillators has been the most common technique used
in coupledVO: networks [# - 16]. These schemes rely on binary logic where the two states
correspond to the phase of the oscillator (0° or 180°) relative to a reference oskidatever,

additional electronic elements are required for generating the oscillation and for tuning the
couping among th& O, deviceq13 - 19]. This not only increases the complexity of the design

of any computational circuit, but also limits the degree of freedom to tune the dynamics of the

network during operation.

This thesis offera simple but effective mean to actively tune the thermal coupling between
VO oscillators without any extra electronic components need€de effective tuning
mechanisnintroduced in this thessan generate a multiplicity of synchronous oscillatory state
with distinct frequencies and amplitudies both Booleartype (ogic gates operatiohsand

non-Booleantype Gpiking neural netwonkcomputation

Thethesis is organized dsllows: Firstly, the basic concept&orking principle of oscillator
basedcomputationahetwork (GCN), and comparisobetweendifferentimplementations of
oscillatorswill be introducedn Chapter 2Then, spiking neural network (SNN), as one of the
OCNs, will be discussed and compared with the previous generations of artikeiedl
network (ANN). Two types of basic computational nodes from SNN: Leaky integnaltre
(LIF) neuron and HodgkiHuxley (H-H) neuron together with the network architecture and
training algorithm utilized in this thesiwill also be introduced ithis chapterln Chapter 3
physical depositionf VO thin films, andfabrication process &fO2 deviceswill be introduced

in details. Afterwardsimplementation®f VO oscillatorsfor both traditional Booleatogic
gatescomputationChapter 4)and unconventionaleuromorphic computingased on spiking
neural networKChapterS) will be introducedFinally, in Chapter 6, the findings of this thesis
will be concluded and further applications with other type of memristor (i.e. magnetic Racetrack

memory) will be briefly discussetbr outlook.
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Chapter 2 Oscillatory Computational Networks

In this chapter the general concepts for oscilla@msedcomputationahetwork (GCN), and
different types of oscillatgrare the basic building block for the netkavill be introduced and
discussed. Spikingeural network (SNN)s a special type of OCN, together with the network
architecture and training algorithm that are utilized in this thelide studied Two types of
building blocks for SNN: Leakintegrateandfire (LIF) neuron and HodgkirHuxley (H-H)
neuron will also be introduced in this chapter.

2.1 Oscillator-basedcomputational network (OCN)

2.1.1 Fundamentals of OCN

Human Brain as Network of Oscillators

Imagine our brain is lrgescalengwork formed from oscillators, while each neuron behaves

l' i ke an oscillator with its own ¢tellaspubyncy. )
theory, Hebb described the formation of neuro
togethey wire together o, and workgsgueits forelearnibghaadt t h e
forming memorieg20]. Individual neurons, each with their own activity rhythm, are locally
synchronized. These locally assembled neurons act as a unified group, ggreecatiective

rhythm to carry out specific functionsr represent a specific memory pattern

Oscillations across various frequency bands are strongly evident in different regions of the brain.
Extensive research has been conducted on Frexjaency osillations (48 Hz) in the rodent
hippocampus region. Was found that theta band oscillation has a critical impact, particularly
on spatial navigation, memory encoding, and retrieval [21]. Gamma oscillation8@48z),
which are commonly observed imnous regions of the brain, contribute to the encoding and
integration of information through precise temporal coordination [22]. The brain performs a
complex function through communication among different neuron assenmiies. gamma
oscillations modudted in amplitude by theta oscillations can synchronize and communicate
with other regions byphasephase frequency couplingrossfrequency phasamplitude
coupling gamma phasphase couplingyr crossfrequency phasphase couplinghethods [22],

as shown irFig 2.1 Such oscillatiorbased synchrony is energfficient and helps neurons

work cooperatively [23].
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Hippocampus (reader)

~fITAi =

Fig 2.1 Theta and gamma acillations coupling mechanismsa, Scheme of the brain region
that are nested with gamma oscillations and theta oscillatmnBhasephase frequency
coupling between gamma oscillations. Though the two gamma oscillations &eantlythe
same, thie phass arematchedc, Crossfrequency phasamplitude coupling between gamma
oscillation and theta oscillation. Though the pBasfegammeérequenciegrenot matched, the
amplitude of gamma oscillation is regulated $ame phase of theta oscillatiah. Gamma
phasephase coung. () Crossfrequency phasphase coupling between gamma and theta
oscillation. Both the phase of ggnma oscillation and theta oscillation are coherence
Modified from [22].

General Conceptof OCN

Inspired by the effectiveness of the human braom, Meumannn 1957first proposed the idea

of constructing an oscillatory computational network that utilized phase information of the
oscillators for computing 2 25]. It wastruly surprising that he already realized the inherent
limitations(processing peed, fAmemory bottlenecko paofobl em,
the existing von Neumanoomputing architectre (proposed by him earlier and named after

him) back at that timewhich has become the maiomputingarchitecture nowadays.

In contrast tahe traditional von Neumann architecture, which is based on binary Boolean logic,
the informatiorin OCNcan be represented by continuous frequencies and/or amplitudes and/or
phases of the oscillatorf26]. In traditional Boolean machineomputational elments
(transistorare workingndependentlyand binary digits flow through each elent in sequence.

Quite differently, acillators in the OCN are coupleand the interactiobbetween them will
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converge thavhole systemsimultaneouslynto energyfavorable collectivestate(stationary)

[27, 28], or certain collective behavior pattern in time sequgugmamic)[29]. Network
models for these two different collective states (stationary/dynamic) will be introduced in
details in the following sectioB.1.2 The collective patternsfrom the oscillator networkill

provide thefinal computation resultsThus, mutual interaction (coupling) between oscillators
and tunable coupling strength are two critical aspects for constructing such n&iweofdcmer

allows every computational element in the OCN to process incoming information in parallel,
while the latter severs as the memory of the sysiémse two aspects combined can efficiently
overcome the problem of large power consumption causecbbstantly transferring data
between process unit and memory unit in the traditional von Neumann architecture based on

Boolean machineas shown irrig 2.2

Control Unit

Logic Unit

Fig 2.2. Comparison between traditional vorNeumann architecture and oscillator
computational network. a, Typical vonNeumann architecture with separated process unit
(CPU) and memory unitb, Schematic illustration of oscillator computational network
Different sizes/colors of circles stand for computing nodes operating in different
frequency/amplitde/phase. Lines between computing nodes represent the interactions
(coupling strength).

2.1.2 Different types of OCN

Oscillatory Hopfield Network
The Hopfield network [2Z] is one of the most weknown oscillatory networks. In such system,
information is encoded as frequency or phase signals and fed into the network as the initial

states of the oscillators. Due to the mutual interactiont(pmneed weight) between oseitbrs,

5|Page



synchronization in frequency/phase will evolve the systgathestationaryenergy minimum
state [Z, 28, 30].

One of the most studied models for describing the phase relation during synchronization process
is the Kuramoto model [B 32]. The phag dynamics— ¢ of the i oscillator ina system

consisting of N coupled phase oscillators can be modeled as

[ 5 B + OFEfl [, i 1, (212.)N

With v is the natural frequency of the oscillatandKj the coupling matrix describing the
interactions strength betwetre i andj" oscillator. In the case where all oscillators have the
same frequendy , they will try to correlate their phases-phase or oubf-phase) depending

on the particular coupling strength (grain weight, described by ti&g coupling matrix). Each
oscillator attractsépels phase®f other oscillatorproportionally to theiphase difference, and

finally the whole system reaches the energy minimum ground state. The collective phase state
of the oscillator network serves as the outf@, 31, 32]. Such oscillatory network with
computing notes that can selbrrelate haseensuccessfullyapplied for autoassociative

memory, like imageecognition andeconstruction14, 16, 3], as shown ifrig 2.3a

Oscillatory Reservoir network

Different from the abovementioned oscillatory network that outputs stationary energy
minimum state of the system, reservoir network operates with computing nodes with highly
noninearity and shorterm memory, and outputs collective statiest vary with time[34].

Typical reservoir comytational network has 3 layers: The input weight matrix layer, reservoir
computing nodes layer, and output weight matrix layer, as shotig i2.3b. At timet comes

the input signaK(t), after weighted by the input matrix then fed into the reservoir.|ayee
computing nodes in the reservoir layer are connected in a random manner. Depending on the
input signal all of thecomputing nodes will form a collective stafe at timet. The outputs

in time sequence from threservoirlayer are then mapped Wit fixed readoutnatrix layer to

form the desired results. Such system with complex temporal dynamics can be applied for

solving tasks that are in tirdlomain likevoice recognitiorj1l] and timeseries prediction (.
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Neural Network Structure

ﬁ
3.Updating
Original Pattern no. 1 Input Updated Input
Basin of Attraction E E E
Wout

X(t)mp »H  mYQ
O

r(t)

Fig 23. Oscillatory Hopfield network and reservoir network. a, Hopfield network
configuration with an alto-all connection between computing nodespending on different
input initial states of the oscillators, the system will converge to the energy minimum point
determined by the connection strength (memory). Taken fromi3Skhematic illustration of
reservoirnetworkwith input weight matrix &yer (orange) reservoir computing layggreen,
purple circles as computing nodeahd output weight matrix layéyellow).

2.1.3 Physicall mplementations ofOscillators

Oscillator is the basic building block for computational oscillatory network. dfeigerally
defined as device/system that conv&einput signals intAC output signals with a certain
period, amplitude and frequency6]2 A large variety of oscillators that can bealizedby
differentelectronic elementsanging from traditional L@ircuit, transistor, to unconventional
solid-statedeviceswill be introduced in the following part3heir working principles, CMOS

compatibility and power consumption issue will also be discussed.
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LC Oscillator
When an inductor is connected witlclaarged capacitaq@as shown irFig 24), oscillation of
both the current from the circuit can be observed. And the oscillation of current can be described

by the following equation:
— —™ n (2.1.3.1)

With L the inductance an@ the capaitance. The oscillating voltage from the inductor can be

derived as:

w 00— 71 000ET 6 %o (2.1.3.2)
With1 = the resonant frequency of the circlytthe initial current, and the initial phase
angle.

— ”C

Ve
< » V)

L

Fig 24. Schematic illustration of the LC oscillator. The circuit includes a capacitor C, and
an inductor L without serial resistance (R), ideally.

The LC oscillator was first utilized for building tlescillatorbasedcomputer in 1959 [36].
Such oscillator (typial LC circuit) is characterized by quality fact@, which quantifies the
goodness of the LC circuit and determines how efficiently the energy is transferred in a given

LC circuit. Itis expressed as
o - - (2.1.3.3)

For such oscillator it is a higQ) factor indicates less energy loss and high efficiency. However,
when it comes to eohip (CMOS-based) LC oscillator, th@ factor becomes relatively low.

It is becausamicro size inductor already has very larggrial resistancg(R), resulting in
consideable resistive loss during the operation of the oscillator [37]. Besides, the inductor

needsvery large chip area (~ 200 j#jro improve theQ-factor[37, 3§.
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Ring Oscillator

The ring oscillator consists of an odd number of inverters connected in serigsogitikie
feedbackand each inverter is forea from the combination of PMOS and NMOS to realize the
NOT gatefunction,as shown irFig 2.5. The output oscillates betweendwoltage levels either
high (1) or low (0).

—V
a b dd
—o||== Pmos
| ter 1 | ter 2 | ter 3 Vi" VOUt
nverter nverter nverter
—I = NMOS
Feedback connection
v GND

Fig 25. Schematic illustration of the LC oscillator. a, Circuit diagram of ring oscillator
consists of three inverters and feedback connedbioA.typical inverter, also known as NOT
gate, formed from PMO&nd NMOS.

The oscillation frequency of the ring oscillator can be calculated as
Q — (2.1.3.4)

With N the number of inverters in the oscillator, artie time delay of a single inverter. In
order to achieve more gain than a single inverting amplinore inverter can be added to the
oscillator. However, a large number wiverterswill significantly reduce the oscillation
frequencyf. Thus, a good compromise between total gain of the circuit and oscillation
frequency has to be reached. Since osgillator is built up by transistor, it has very good
CMOS compatibility andrery low power consumption (30*° J per oscillation cycle) [39

41], which can serve as the baseline when comparing the emerging oscillator formed from new

solid-statedevicss.

Spin-based Oscillator

Unlike the above mentioned two oscillator that operate with charge currentbasad
oscillator generates AC output by the precession of the magnetic momentum caused by spin
current injection. The electrons flowing in the current not only carry chabgéslso spin,
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whose projection along the spin axis can point up or down. Ingparized current, it has a
majority of spirup/down carriers, while in unpolarized charge current there is no such property.
Such spirbased devices have faster switchimggs and lower power consumption than normal
chargebased devices due to the fact that spins can be transferred faster and consumes lower

energy than charges.

When spirpolarized electrons flow through a domain wall, or a ferromagnet, where the
direction d the spins in the spin current is different from the local magnetization, the motion

for the magnetization can be described by the LLG equation44P

Al J|

1 A (2.1.3.5)

With the M the magnetizationHesr the effectivefield, Ty the damping term, ands the
Slonczewski spitransfer torque. The effective field can be written as the sum of externally
appliedfield Hex, the magnetalipolar fieldHaip, the anisotropy fieltHy, the exchange fielHex,

and the Oersted fieldloe when a drive current is preseiiypical memory cell based on the

spin transfer torque is shown kg 2.6. It has three layers: A free layer, in which its
magnetization can be switched by spin current; A fix layer where the magnetization is fixed; A
spacer that is in the between the fix layer and free layer, and servers as the magnetic tunneling
junction. When the free layer and the fix lap@wve antiparallel magnetization (ABhown in

Fig 2.6a), the resistance of the memory cell is larger tharcése when the free layer and the

fix layer have parallel magnetization,(Bhown inFig 2.6b). Write current with certain
amplitude can switch the memory cell between high resistance state (AP) and low resistance
state (P)Normally, the energy barrier be¢en AP and P states is designed to be high enough,

so that once the memory cell is configured to one state (AP/P state) it can be stable against
possible external noise, i.e. thermal fluctuatidtenthe energy barrier between AP and P
states is engineed to be sufficiety low, sustained magnetization precessionigl frequency

(MHz to GHz) be observed through the conversion of magnetization oscillation to voltage

oscillation [45]upon supply currentis shown in shown iRig 2.6c¢.

Previous studies have shown that tegn transfer torque (STT) oscillator can be coupled
without external electronic components needed [46, 47]. Such mutual interaction between
oscillators is considered to be caused by spinwave excitations emitted flowsbitlators, or

by AC dipole magnetifield interactions [46, 48]. Besides, such spased oscillator has good
CMOS compatibility [49] with low energy consumption4.7x10% J) [50] that is comparable

with the ring oscillato(transistorbased)ntroduced in the previous sectiofhese outstanding
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properties make spintronic devices become one of the promising candidates for unconventional

energyefficient computational element.

‘-
d

Free layer

Fix layer

Top electrode

Cap layer

Free layer

Insulating
spacer

Fix layer
Bottom electrode

Fig 2.6. Spin transfer torque oscillator. a, Free layer and the filayer have antparallel
magnetization (AR)b, Free layer and the fix layer have parallel magnetizationgPhhe
magnetization in free layer is in precessunlypicalspin transfer torque (STT) oscillator with
bottom electrode, fix layer, spacerrdrlayer, cap layer and top electrode.

Phase transitionbased Oscillator

Strongly correlated oxide materials that display an insutatanetal transition (MIT) under an
external stimulus such as temperature, magnetic field, or electric field et@][A large
variety of phase transition materials include binary oxidesTNDOs, and VQ) [8, 9, 51],
perovskite oxide formed from ragarth nickelate (LaNig) [52], and the RuddlesdePopper
ruthenate C&RuQ; [53] and etc. [54]. Amonghe phase transiin-based oscillatomaterials,
vanadium dioxide\{O) is of interestsince the phase transition temperatuyeffthis material
is near room temperature (30400 K) [9- 12, 54], as shown ifig 2.7a, which s highly
desirabldor room temperatureomputational devicggtmosphere pressure, room temperature,
limited power supply. High temperature (1080 K) MIT materials like Nb@require much
more energy to reach phase transition temperature, while low temperatuie2Q@®&) MIT
materials likeNdNiOs need external equipment to maintain its working condition (Tlc)<

which will also cause extra energy consumption.
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Fig 2.7c. Such a behavior without any external capacitor or resistor required only occurs in the

VO shows a large change in resistivity at around84i0at is due to the weknown transition
from a monoclinic (M1) insulating hase to a rutile (R) metallic phagEig 2.7b). The
oscillationin VO2 occurs as follows: When the system is in the high resistance state, applying

a DC current source results in Joule heatifg)(Ithereby raising the device temperature and,

finally, triggering a phase transition into a low resistance state®p This lowers the Joule

heating and is accompanied by the dissipation of the accumulated heat into the surroundings
[62, 63]. This leads to cooling and eventually a phase transition baekh@thresistance state.

The process repeats itself autonomously leading to an oscillatory output voltage, as shown in

currentdrivenmode and not in the volja-driven- mode [64]. VQ oscillator that operates at

room temperaturis estimated to consunvery low energy (40 J per cycle), which is very

competitive to other technologies (ring oscillator and-4$ised oscillator as introduced above),

and show good CMOS compatibility [6567]. BesidesYanadiumis a rather abundant element

the earthodéds crust with relativel
commercialization.
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Fig 2.7. Phase transitionbased oscillator.a, Different metatinsulator transition temperature
Tcand the order o ffromalargewvdrietwol axige materipBalein feom g e
[54]. b, Typical resistivity {) vs temperatureT() curve of VQ thin film shows more than 4
orders of change at about 3d0The left down insert shows phase transition of,\W&tween

the insulating monoclinic phase (M1) and the metallic rutile phase (R). Upper right several
modulation methods for tuning the resistance state afivuding doping, electric field gating,
strain, and light are demonstrated. Taken from [1EQ]Typical circuit diagramof a VO
oscillatorconnectedavith external resistor (B and capacitor (C) to generatscillating voltage
modified from [15]

Anotherattractive aspect fafficient oscillator is the energgecycling mechanispwhich can

be understood as the energy being reversibly converted, or reused, instead of being totally
dissipated [26]. The former can be realized by converting energy between two forms (electrical
and magnetienergy) in an LC oscillator. The latter can be realizethis thesis between
thermally coupled V®@oscillators:The releaseched during one part of the oscillation cycle

from one device can thermally trigger the nearby device to oscillateexchangef thermal

energy between oscillators during couplsudpstantially reduced total energy consumption, and
furtherincreases the total energy efficiency.

Due to the reasons mentioned abdweatdrivenVO: device that works at room temperature
is a promising candidatelt is chosento constructthermally coupledoscillators forenergy
efficient computational elemernn this thesisTunable hermally couptd VO2 oscillators will

be introduced in details in Chapter 4.

2.2 Spiking Neural Network (SNN)

Traditional artificial neural networks (ANN) have gained success in our daily complex tasks
such as image recognition, automatic drive and etc. However, with increasing network size and
connection complexity between ealeyer, the rapid increase in comational cost (tuning

every single connection strength) during network training have made it imperative to search for
more efficient network architectures with powerful computing uitsking neural network
(SNN), which utilizes oscillators tgeneratdemporalsignals (spiking/bursting), is gpecial

type ofoscillatorycomputational network with sparse connectio@miweencomputing nodes.

By taking advantage of the oscillation states formed from neurons interacting with each other
dynamically, computatimally hard tasks withspatidemporal data that requires complex

feedback connection in traditional ANN can be efficiently processed in theaSiNecture
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2.2.1 Neural Network Generations

Thefirst-generation artificial neural network (ANN) was based on the McCulRitth neurons
[69] that output value 1 or 0 depending whether the weighted input value has exceeded a certain

threshold, as shown g 2.8. The neuron model can be described as:

v « TR wo — m
w OB ww o

0 0B 0o — (2.2.1.1)

With N is the number of input neurons?M R is the input of neuron Wi is the synaptic weight
between the input neurdrand the output neuron, axds the activéion threshold. It was the
first type of neural network applied in perceptual recognition tasks [70, 71].

4

A

Fig 2.8 The first generation of neural network. Each neuron computing node in one layer
either outputs AO0O0 or A lsdeprésent thelsynapticeontbectibnay e r .
weight between each layer.

Thesecondgeneration ANN are based on computational neuron units that apply a continuous
nonlinear activation function to process the input data [72, 73], as shokig 9a. The

neuron modecan be described as:
oo OB oo o (2.2.1.2)

With N is the number of input neurons,is the input of neuromn, W is the synaptic weight
between the input neurdnand the output neuron, atdis the bias. Most commonly seen

nonlinear activation functionx) applied in thesecondgeneratiomeural network are like:

Sigmoid function’lQow —— (2.2.1.3)
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Hyperbolic tangent functionQo OATZE —— (2.2.1.4)

e . s n Q@
Rectified linear unit (ReLU) functionQw o 00 (2.2.1.5)
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Fig 2.9 The second generation of neural network. a, Forward pass when processing
incoming dataEach neuron computing node tine previoudayer outputsan analog value
described by the nonlinear activation fuantto the next layer. The brown liseepresent the
synaptic connection weight between each lageBackward pas§red lines)during training
stage. Here the updatdor synaptic weight Wij backpropogatethrough the network is
demonstrated.

The Al technologiesvidely applied intechnologiesare based othe secondgeneration neural
network. Such network model has gained great success thanks to the famous learning procedure
called backpropagatiofBP) algorithm. The network is first designed different numbers of

neuron layers and how they are connected. After that, an error function is defined to quantify
the performance of the network in achieving its desired goal. The error function computes how
much t he [I"hastuavautpltsdes) deviate from their target outputt), and is

commonly expressed as the square error [74]:

15|Page



O w -Bw jw 0 i (2.2.1.6)

I n order to |l et the network Al earno hww to
that deterrmes the network outpuyt as introduced in equation (2.2.1.2) have to be changed
during training. Backpropagation learning algorithm computes the gradient of the error at the
current setting of all the weights, and use this gradient to change each wemirtipnal to

the negative of its gradient. The update for weight in acdput layer can be expressed by

the chain rule of calculus:

Y6 S — (2.2.1.7)

With W is the synaptic weight that connectaur@ni to neuronj. The updates of synaptic
weights start in the final layer and flow backwards to previous layers, which illustrates the
meaning Abackpr opagasshovnniig209thr ough net wor Kk

Different from the abovementionedtraditional ANN (second generation) where data is
represented and process as anakged vector (in multbit precision), information is encoded

as sparse and binary spikes in SNN, which saves a lot of memory and efforts in computing exact
value for thematrix. Neurons in SNNcan communicate with other to process the data
depending on the frequency and/or phase relatdmch is similar to the work principle of
biological brain[22], as introduced i2.1.1

Besides, unlike the artificial neuron in tradnal ANN that only serves as a nbnear
activation filter with no memory, spiking neurons in SNN process a certainrtehorinemory

that can memorize the incoming information from a close past while applying integration and
nortlinear activation funébn. Such unique inherent recurrent characteristic enables SNN to
become a more efficient network architecture to handle more complex tasks that need to deal
with spatiotemporal information, like natural language processing, voice recognition, time
seriesdata prediction and et@wo basic types of spiking neuron: Hodgltiuxley (HH)

neuron and leaky integratadfire (LIF) neuron as the building block for th@rd-generation

neural network will be introduced in details in the following section.
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2.2.2 Different Types ofSpiking Neurons

The Hodgkin-Huxley (H-H) Neuron Model

Based on the experimental observation of the voltlgreendent conductance in the squid giant
axon, Alan Hodgkin and Andrew Huxley established a model (Hoegkixley neuron model)

that provided the first quantitative description of the action potential generation in the biological
system [75 78]. The HodgkirHuxley neuron model described the structural and functional
properties of ion channels (Sodium channel, Potassium chatm)ebnd the mechanisms of

ion permeation, selectivity, and gating at a molecular level. The model also considered the
conditions that control the timing of action potential onset, including threshold and refractory
periods at a cellular level. Most importhn their theory provided a mathematical foundation

for modeling complex neuron behavior for the computational neuroscience. The Hodgkin

Huxl ey model can be described by the neurono

0 0 e (2.2.2.1)

Wherelin is a current injected into the neuron (by an extracellular medikm)isthen e ur on 6 s

membrane potentialWk is the potential of th@otassium channeRk is the resistance of the
Potassium channel/na is the potential of th&odium channelRva is the resistance of the
Sodium channel, is the potential of théeakage channeR is the resistance of tHeakage
channel,C is the capacitance of theeurm 6 s me mbr ane. Equi val ent
Hodgkin-Huxley model and the spiking potential generated by this type of neuron are shown in
Fig 2.10Q

Extracellular

medium?lm S
: bi,
Ig ) S
A 4 I .E
Rvo| R R| | =
C Na K 4 1 O
. 1< °
-1 / / /:5 3 -_--l‘--‘.--l--l--l--lI--*
I 8 = Time t
VNaJ_ Vg Vll I =
T T T! &
v =
Intracellular
medium

Fig 2.1Q The Hodgkin-Huxley neuron model. a, Schematic illustration of the equivalent
electric circuit for the HodgkhiHuxley Neuron Model, with Sodium channel, Potassium
channel and a leakage chanrgl.Output spiking membrane potential the Hodgkimxley
Neuron Model.
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The spikegenerating dynamiasescribed by the HodgkiHuxley model also offers an insight

into the mechanism of the synchronization between neurons [79]. The spike timing between
two neurons can be adjusted by the flow of current through the gap junctions and chemical
synapses, untthey are perfectly coincident, or at a stable relative delay. In order to study the
correlation among neuron spiking, Schultheiss et al. [80] has developed the theory for phase
resetting or phase response curves of the neuronal dynamics, which furthezdrede
Hodgkin-Huxley model down to one single dimension described by the phase of the neuron
within the period of its spiking oscillation. Gouwens et al. [81] provided an example of a fast
spiking cortical cell driven with a conductance stimulus. Suchutus mimics the current
flowing through gagunctional and synapses generated by spikes in a neighborirgpilisig

cell. It was found that the phase of neuronal oscillation can be advanced or retarded by
presynaptic spikes. The degree of synchronwéen presynaptic and postsynaptic spikes can
thus be determined by the synaptic phase resetting function as the frequency of presynaptic
spikes is varied. Besides, due to the difference in phase sensitivity of the effect of input, spiking
dynamics of diférent cell types (neurons) are directly related to how they synchronize [82].
Such a phaseesetting relationship with prominent phateday and phasadvance regions
(referred to as a type |l phasesetting curve) enhances the ability for stochastictsymy in

a network of coupled oscillators [83].

The Leaky Integrate-and-fire (LIF) Neuron Model

Although the HodgkirHuxley model is able to describe complex membrane potential dynamics
of the various ion channels, several factors have hindered it tadb/wised for constructing

the next generation neural network [84]: 1. The expression of-nhdtinel dynamics with too
many tunable parameters makes it very difficult to obtain a model with underlying essential
nature that is critical for information geressing; 2. When it comes to analytical quantification
for such model to evaluate the influence of a certain parameter for model optimization, it is
very hard to have meaningful the result only by using numerical simulations; 3. Complex
neuron model is vg challenging for designing and constructing lasgale network with high
efficiency and good robustness at the same fimarder to tackle above mentioned difficulties

the HodgkinHuxley model can be approximated by one single response kernel trestinid
membrane voltage, which has been shown to be equivalent to the form of the leaky integrate

andfire neuron model [85].
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The leaky integratandfire neuron model, modified from the integraedfire neuron model

first proposed by Lapicque [86], hascome one of the most widely used models for analyzing

the behavior of spiking neuron. This model has gained a lot of interest due to its capability of
being mathematically simple (one channel dynamics, fewer parameters to tune), and at the same
time beng sufficiently complex to capture the critical fundamental features for information
processing in the neural systelig 2.11ashows the typical structure of a biological neuron

that consists of dendrites, a soma, axon and an axon terminal. As shé\grid1lbandc, a

leaky integrateandfire (LIF) neuron receives spikes through dendrites from alspraptic
neurons. The soma integrates the incoming spikes, gradually builds up the membrane potential
until it reaches the threshold voltage and firesetion potential along the axon. The neuron

then undergoes a refractory period. Between successive input spikes, the membrane potential
of the LIF neuron slowly Al eakso away. Thus

contains a certain sheterm memaoy that depends on the sequence and strength of the incoming

stimuli.
a Dendrite
—_————
Input 1
Input 2 Soma Axon
terminal
Input 3
b St
<
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o .
o refractory period
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Fig 2.11. The leaky integrateand-fire neuron model. a, Typical structure of a biological
neuron.b, The potential of a LIF neuron with incoming spikesSchematic illustration of a
LIF neuron with integration (of input spikes) and triggering (of output spikes) functions.

Lapicque established an equivalent electric circuit with a resistor and capacitor connected in
parallel for the leaky integratendfire neuron model, as shownhing 2.12 The leaky integrate

dynamics of the neuUnnecedle des@ibebasane potenti al
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0 0 e (2.2.2.2)

Wherelin is the current injected into the neuréhis the equivalent channel resistance, &nd
is the equivalent channel capacitance. Liteffin et al. [87] has modified the model with the

spi king output mechanism when the neuronds m

O o 0o

@ 1Y 0 6 (2.2.2.3)

It describes an output spike i s dleenreachest ed wh
the threshold voltagei. After firing, theneur on6s me mbr an e/esflavdl.ent i al

The Dirac delta function w 0 w isutilized to check if the threshold level is reached.

Fig 2.12. Equivalent electric circuit for the leaky integrateand-fire neuron model. The
circuit consists of aequivalent channel resistBr anequivalent channel capacitGr

2.2.3 SNN Architecturesand Algorithms

Previously, the working principles and functionalities of the leiakggrateandfire (LIF)
neuron have been introduced. In this section, two types of spiking neural network (SNN) based
on LIF neuron that utilize different learning meth@ds. unsupervised/supervisk@rning rule

will be discussed.

Unsupervised learning with STDPrule

In 2015 Diehl and Cook [88] constructed a spiking neural network that was based on a
combination of biologically plausible mechanisms, and was traineh innsupervised way

i.e,, the networklearnsto categorize the input samples without being provided samples with

labels during learning. The network was designed to have improved biological plausibility

20|Page



including conductancbased instead of currebasel synapses, spikiming-dependent
plasticity (STDP) with timedependent weight change, lateral inhibition, and an adaptive
membrane threshold for spiking. The network based on 6400 LIF neurons reached an accuracy
of 95% for the recognition of MNIST handiten digits dataset [89].

Different from the currenbased synapse implemented in traditional neural network that is
independent of the neuron membrane potential, conduckasesl synapse takes the effect

from the membrane potential of both pend postsynaptic neurongto account When a
presynaptic spike arrives at the synapse, its conductance increases. When there is no presynaptic
spike, its conductance decays exponentidllye conductance of the excitatory synapse
(connectiorthatstrengthensghe activity of the possynapticneuror) can be expressed as:

t —  Q (2.2.3.1)

Where(Je is the time constant of an excitatory postsynaptic potential. In case of an inhibitory
synapse(connectionthat weakenénhibits the activity of thepostsynaptic neuropn its
conductancay can be described by the same equation but with the time constant of the
inhibitory postsynaptic potenti&i. In order to realize the unsupervised learning, spiking-
dependent plasticity (STDP) learning ruR0] is utilized in the network for updating the
conductance of synapse from input neurons to excitatory neurons. Besides, each synapse keeps
track of another value during the learning process [91]. The presynapticgdedseancreased

by 1 when a preswptic spike arrives at the synapse. When there is no incoming spike,
decreases following the equation (2.2.3.1) mentioned above. When a postsynaptic spike arrives
at the synapse, based on the presynaptic trace the change of the synaptic weighaiscalc

as:
Yo -0 o &) (2.2.3.2)

Where( is the learningate,Wmnaxis the maximum allowed synaptic weight, andetermines
how strong the update dependent on the previous wEixts is the target value of the

presynaptidrace at the moment when a postsynaptic spike arrives [88].

Lateral inhibition is applied in the network to promote the competition among excitatory
neurons, so as to prevent multiple neurons learning the same feature. The excitatory neurons
are connecteth a oneto-one fashion to inhibitory neurons. Each of the inhibitory neurons is
connected to all excitatory ones, except for the one from which it receives a connection.

Whenever an excitatory neuron is firing, it will trigger a spike into the inhibiteryron that
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prevents other excitatory neuron from firing spikes. The membrane vadltagjethe leaky

integrateandfire model is described as:

t— O o0 YO ™0 o0 wYYoO QO o Yo (2.2.33)
Where Erest is the resting membrane potenti&sx. and Einn the equilibrium potentials of
excitatory and inhibitory synapses, agendg; is the conductance of excitatory and inhibitory

synapses, respectively.

Excitatory neurons witlsignificantdifferent firing raescaused byhe inhomogeneity of the
input aremodulateddy lateral inhibition In order to prevent single neuron from dominating the
response patterfmaintains the highest firing rate all the timad to ensure that the receptive
fields of the neurom differentiate [88], excitatory neurons are also equipped with certain
intrinsic plasticity as adaptive membrane
threshold is increased by a fixed vakdeevery time when the neuron fires, and decays
exporentially back to the initial leveb when the neuron becomes quiet [93]. This mechanism
ensures that during learning, the firing rate of a single excitatory neurons is limited and no

neuron will become dominant.

Same number of neurons
as in excitatory layer

Weights learned using STDP

255

Excitatory Layer

(Pixel value determines
spike frequency)

Fig 2.13. The architecture of spiking neural network with unsupervised learning
mechanism.The network consists of an input layer that converts static pixel into dynamic spike
train, an excitatory layer that learns to classify different handwritten digits, and an inhibitory
layer that appliethe lateral inhibition function. Taken from [88].
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The network architecture is shownkig 2.13 The first layer is the input layer that contains 28

x 28 neurons (one neuron per image pixel). Haxhl is encoded into aeries ofspiketrain,

such that fiing rateof the neurorcorrespondso the Poissosdistribution determined by the

pixel value.The output spikes of the first layer are then injected through the synaptic layer into

the excitatory neurons in the second layer. The excitatory neurons of the second layer are
connected to lateral inhibitory neurons in the way introduced above. Duaingng, every

neuron in the second layer will learn to extract features from the 10 handwritten dig®s (O
After training, based on each neuronds hi ghe
assigned a class that it has learned to iflemfter training is done, we set the learning rate to
zero, fix each neuronds spiking threshold, a
response to the ten classes of digits over one presentation of the training set. The response of
the classassigned neurons is then used to measure the classification accuracy of the network

when the test dataset is presented.

Supervised learningwith Surrogate Gradients

In the previous section spiking neural network (SNN) based on unsupervised learning
mechanism has been introducéd.order toprevent any neuron from dominating the whole
network (one single neuron firingapidly all the time during training)severalnecessary
mechanismshat balance the activities of all neurdra/e to be added todlsystemThis not

only requires an additional layer for inhibitory neurons, but also inevitably increases the
network complexity. From the hardware implementation perspective, sacrificing a little
precision to trade for network simplicity with better eiifncy is worthy. In this section, SNN

based on supervised learning with less network complexity will be introduced.

The basic computing unit for this SNN is also the legitggrateandfire (LIF) neuron, whose

dynamics can be described similar as eqogi2n2.2.2):
t— YO OO0Y (2.2.3.4)

Wheret 'Y Gis the time constant of the equivalentRiguit, 0 is the equivalent capacitance,
andlini s the injection current. I n the case of

potential can be solved as:

Yo OY Y 'OYQ" (2.2.3.5)
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Where Up is the initial membrane potential @t 1. When there is no input current, the

neuronds membrane potential will decay exponc

y ~

Yo Yo YO Yo~ VW (2.2.3.6)

| <

Whereb is a decay factor described by the time intes#abetween the inputs. These two
equations model the leaky integrate function of the neuron. An output spiking fuSgkien

used to describe the firing eexeeedshethleshald t he n
valued:

h QWo —

Y ph QWo —

(2.2.3.7)

The neur ondés me(midtimasEp canbe exprdassedals theafallowing equation

by combining the above expressions:
Yo p T @ ®O p Y 07 (2.2.3.8)

Where Wi, is the inputweight matrix, X is input at each time step, akblesetiS reset term
subtracted from the membrane potential every time after firing a spike (and then undergoes the
refractory period).

As introduced in sectiof.2.1, backpropagation (BP) learning algonths footstone for the

success of traditional neural networkY@eneration). The learning error of the network is

defined as the loss function, and it is minimized by applying the chain rule (gradient decent)

from the final layer back to each learnabdegmeter (synaptic weight). As a result, the network
requires a Ateacher signal o (target output w
hence, the training process is called supervised learning. Different from traditional neural
network whee all data flows as continuous analog value that is differentiable, information in
spiking neural network is represented as discrete binary spikes, which are not differentiable.
There are several proposaljorithmsto train the SNN with backpropagatioBR) learning

algorithm [94]:

Shadowtraining

In shadow traininga conventionalartificial neural network (ANN)that acts as the shadow
behind the spiking neural network (SN first trained and then converted into an SNNe
nonlinear activatiofunction of the neuron in ANN is converted into spiking output in the SNN

[95, 96]. However, there are some shortcomings when applying such algdfitstty, the
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temporal dynamics of spiking neuron is often omitted when using traditional ANN for
procesaing data Secondly, converting higprecision nonlinear activation function into spikes
typically requires extra computation time and pawérirdly, when the conversion process is
not precise, which is the common case, the SNN trained from shadow ANN ysrébrms

worse than the original ANN.
Backpropagation using spike times

Although the spikes are discrete, the spiking timedigtinuousand thus iglifferentiable. The

loss function is then converted to the spiking time of the neuron. And weightpdated by

taking the derivative of spike timing similar as the traditional ANN to minimize the learning

error. This learning algorithm wase first proposed method for training multilayer SNNs using
backpropagation [97]. Howevert, requires each neuronust emit a calculablspike for
gradient decent during training. When the ne
firing for neurons will distort its temporal processing ability when dealing with input data that

is dynamically varying.
Backpropagation using Surrogate Gradients
The loss function in the spiking neural network is defined as
D I Y & S (2.2.3.9)

WhereWutis the output weight matrix, aryey is the target output valuAccording to equation

(2.2.3.8), theupdates for input weight matrix can be written by the chain rule:

(2.2.3.10)

Where St is the output spiking functiordescribed by equatiof2.2.37), Uistheneur ondé s
membrane potentiallescribed  equation(2.2.38), and W, is the input weight matrix.

However theoutput spiking functioitut is asteplike function( N 1th Hb ), which is non

di fferentiable (al so known asFig2hda fAndead neur
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pass pass

dead neuron problem A surrogate gradients forward backward
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Fig 2.11. AThe de a dsurragate gragiants. a,pThemdndiféerantiable d
spiking functionSut makes it not possible to carry out chain rule to update weight parameter
b, A sigmoid function’Y is used to substitute thn-differentiable spiking functionSout as
surrogate gradientduring training phase (backward pagsgken from [94].

In order to overcome this problem, a continuous function, the step like fur§fiors
substituted by a continuous sigmoid functiyn during the training phase (backward pass),
as shown irFig 2.14h

A A— (2.2.3.11)

Wheredis thethreshold valuelescribed in equatio2.3.7, andUisthen e ur ond6s me mbr

potentialdescribed by equatiqi2.2.38). As a result—— can now be calculated as:

(2.2.3.12)

And the weight$M, will be able to be updated. Such approach is called the Surrogate Gradients.
Surrogate Gradients is the most commonly applied training algorithm for itiegspeural
network with timedependent outputs, also known as the backpropagation through time (BPTT)
learning rule [99, 100]. As shown g 2.153 the input weight will only have influence on the
present and future losses. In order to calculate titmaggradientall weight parameters applied

on present and future losses are summed together as:

B (2.2.3.13)

For the immediaténfluenceat time step, there is no decay term contributes to tieeiron

potential functiorJ(t) according to equation (2.2.3.8). However, as propagating back to several

time steps before (prigmfluenceatd p,0 ¢, €é), the influence of th
26|Page



and more trivial Yo © 1, £ denotes the number of time steps backyaad showrin Fig

2.15h Such exponential decay of the influence from previous spiking history on present is
similar to the spik@iming-dependent plasticity (STDP) learning rule [90] introduce in last
sectionSupervised learning with Surrogate Gradients is utllinghis thesis when training the
spiking neural network. Details of constructing the architecture of the SNN will be introduced

in Chapter 5.
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Fig 2.11.The backpropagation through time (BPTT) learning rule a, At time stepd ¢
the input fromw ¢ ¢ is counted as themmediate influence, while the influence
' wnmon,! w pwp from the history 6 pando ) are also combined in the
neuronal statéY ¢ . b, Exponential decay of the influence from previous spiking histaken
from [94].

27|Page



Chapter 3 VO2 Thin Film Preparation and Device

Fabrication

In this chapter the growth method and parameters fortMi@ films by pulsed laser deposition
(PLD) will be first introduced. Then several common thin film characterization techniques like
X-ray diffraction (XRD), X-ray reflectivity (XRR), and atomic force microscopy (AFM) will

be carried out to check the quality of the Mample. In the last part, the lithography process
and parameters used for fabricating M@cillator device and 2.5Drossbararray will be

introduced.

3.1 Pulsed Laser Deposition (PLD)
3.1.1 Fundamentals of PLD

Different techniques can be utilized to deposit thin film materials. Two major deposition
techniques are physical vapor deposition (PVD) and chemical vapor depoSMoy). (The
difference between them is that in PVD the vapor consists of atoms and molecules that are
vaporized from the target and then deposited on the substrate, while in CVD the vapor
(precursor materials) undergoes a chemical reaetidime substrateral finally the thin film
material is formed. Typical CVD techniques include Md&atjanic Chemical Vapor
Deposition (MOCVD) and atomic layer deposition (ALD)Most commonly used PVD
techniques are sputteleposition, pulsed laser deposition (PLD) and tlarevaporation

deposition.

Pulsed Laser Deposition (PLD), which has shown to be suitable for growiaghifOfilms

[101, 102], is the PVD technique utilized in this thesis. The PLD system used f¢hid@Im
deposition contains a laser, a deposition chamber, a mechanical pump and a turbo molecular
pump, as shown ifkig 3.1a The laser (generated from Coherent LPX pro) is directegihby
optical path(a series of optical elements}o the depositiomhambethrough a windowThe

turbo molecular pump can providebasevacuum levebf ~107 mBar. Inside the deposition
chamber there are two main componeatsO, target witharotatorbeneath itanda substrate

holder equipped witlan integratedheaterfrom the backsideas shown iFig 3.1b. These two
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components are separated biyimabledistance, and the surface of the target faces directly to

that of thesubstrate holder.

o molecular |

Fig 3.1 Pulsed laser deposition (PLD) systena, The main components fdrg PLD system.
b, Inside view of the deposition chambgrc ol | oqui al ly ter meed t he
Schematic illustration of theulsedlaser deposition process.

During the deposition process, a series of laser pulsefo@rsed on the target surface to
vaporize the target material, as showifrig 3.1c The particles ejected by the laser become a
dense cloud of materialith strong intesparticle interactionsindwith the ambient gasand
thereby, forminga highly excited plasa. The plasmdormed at the surface dhe target
material expands towards the substrate, and fipalfticles aredeposiedon the substrate and

form thefilm. The most importanparametersf thelaserare itswavelength, pulse energy, and
pulse spotige. Common laser wavelengthsed inPLD systemsare ArF (193 nm 6.42 eV),

KrF (248 nm- 4.99 eV), XeCl (308 nm 4.03 eV), and Nd:YAG (1064 nm1.16 eV) [103].

Due to the absorption photon energy in the UV raiogexide materials, the 248 nm (KrF
excimer) is the most commonly used wavelength for oxide deposition. The pulse energy
determines how many particles are ejected from the targesimgle pulse. The higher the
energy, the more particles will ladlatedrom the target. The laser must bedsed to a small

spot on the target, so that an energy density which is sufficiently high to ensure plasma
formation can be achieved. The distance between target and substrate holder also determines
how many particles will arrive at the substrate. The &rthese two components are separated,
the fewer particles will be able to land on the substrate to form the thinafibln most

importantly, the energy of these particles can be modified.
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3.1.2 Substrate selection

There are several aspetist need tobe corsideredwhen choosing the proper substrate for
growing V& sample: 1. Phase transition temperature. As discussed in Chapter 2 sett®n

aphase transitiothatlies close toroom temperaturen arangefrom 300to 400K, is desired

to achievea low-power oscillator application. the phase transition temperature is lower or

hi gher than this range, extra power wil/l be
|l ower) or to reach the <criti calshodldberggeod at ur e
electrical insulatr. Since the focus of this thesis is thermally coupled ¥szillators, a good
insulator asa substrate will eliminateany leakage current between closely located,VO
oscillators. As a resulthethermal coupling wilbe the dominant effect for suesystem. 3.

The sibstrate should havagh thermal conductivityAs mentioned before, a good thermally
conductng substrate can enhance the thermal coupling effect betwegns¢llators, maing

it easier to be observeddmanipulated.

Previous work hsreportedon theepitaxial growth of VQ(002) ontherutile crystal TiQ (001)
with avery small lattice mismatch (6.86%) [104, 105]. However, whehe VO; film is not
thick enough, the iplane tensile strain at the intece betweetheVOz: thin film andthe TiO2
substrate will cause the phase transition temperature pfo/@ecrease [106] below 290 K.
addition,etchinga VO2 device oma TiO2 substrate is problematic. Baese duringhe etching
processthe TiO; substrate will become conductive dueoto/gendefecs cause by theAr*
ion bombardment. Sapphire (0001), on the other handa laager lattice mismatch (32.6%)
with VO2 [107] ascompared witha TiO> substrate. However, \VJ020) grown orsapphire
(0001) exhibits a phase transition temperature ar@20d 340 Kdepending on thehickness
and thereby, thetrain[108], which satisfies the requirement for oscillaoperatedhearroom
temperatureFurthermorein terns of thermal conductivitysapphie (40 W-mt-K™1) is better
than TiQ (8.7 W-m*-K™Y) [109], andsapphire remains insulating aftére etching process. As
a resultsapphire (0001) is choséa bea suitablesubstrate.

3.1.3 VO Deposition parameters

A KrF excimer laser (Coherent LPX pro) beam witbudse repetition ratef 3 Hz was focused
onto theVO target (99.9 % purity, Plasmaterials}ive Aladdinchamber under an ambient O

pressuref 0.020 mbawith the substrate temperature set tetbe 0. The energy and fluence
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of the laser beam on the target surface were 44 mJ and 587 ndéspectively. After
deposition the samphas cooled downin anambient Q pressureof 0.045 mbarDifferent
combinatiors of deposition parameters including: Tengdere (°C), @Qpressure (mbar), laser
energy (mJ), attenuator, pulse number, and pulse frequencywgie)tested for growing
variousVO2 samples, as shown ifable T1. In order to have a rough estireaif the change
in resistancat the IMT, the resistane ofeachVO2 sample was probday amultimeter at room
temperatureq95 K), and at high temperaturdg3 K, higher than its MIT temperaturainga

hot plate.
Sample | Temperature| O Laser | Attenuator | Pulse Pulse High Low
No. (°C) pressure| energy number | frequency | resistance| resistance
(mbar) | (mJ) (Hz2) at295 K | at 383 K
(V) (Y)
1 400 0.019 | 550 25% 3000 3 6M 100k
2 450 0.019 | 550 25% 9000 3 700k 0.3k
3 450 0.020 | 550 25% 9000 3 1.6M 0.6k
4 450 0.020 | 400 50% 9000 4 0.4M 0.3k
5 460 0.020 | 400 50% 4500 3 1.0M 0.8k
6 480 0.020 | 550 25% 9000 3 2.8M 0.4k
7 480 0.022 | 550 25% 12000 4 M 0.5k
8 480 0.025 | 550 25% 9000 3 100 M 8k
9 480 0.025 | 550 25% 15000 4 15M 0.3k
10 520 0.020 | 550 25% 9000 3 28M 3k

Table T1. Deposition parameters for different VO; samples Different combination of
deposition parameters: Temperature (°G) p€ssure (mbar), laser energy (mJ), attenuator,
pulse number, and puléequency (Hz)

3.2 VO3 Thin Film Characterization

Vanadium dioxide (V®@), is one of the compounds from thEongly correlated MO system
family (VO, V20s, V30s, V407, V509, V6011, V407, VgOis, VO2) that exhibits a typical metal

to-insulator transition (MIT) with sharp resistivity changes upon external optical, electrical,

thermal, and magnetic stimulus [111117]. VO is of particular interest since the material
undergoes a transition frora high resistance state t® low resistance state near room
temperature. Typically, the welihown transition from a monoclinic (M1) insulating phase to
a rutile (R) metalt phase takes place at around B40The crystal structure athe VO:
monoclinic phaséas aspace group P21/endunit cell parameters: a = 0.575 nm, b = 0.452
nm, ¢ = 0.538 nm, b = 12 2heBOA utilehasdhasa spatee
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group of P42/ mnmand unitcell parameters: a = b = 0.455 nm, ¢ = 0.286 nm [118]. In the VO
rutile phase, ¥ ions occupy the body center and the vertex of the tetragonal structure, and
each \#* ion and six surrounding Dions constitute an octahedralOy unit. In the zaxis
direction, the distance between the nearest &foms is equal to 0.287 nm [110]. Duritige

phase transition (from high to low temperature), the highly symmetrical quadrilateral structure
of rutile phase (Rxhanges tdhe structuref the monoclinic phasevhich hasdow symmetry,

with two V-V bonds with different leng#(0.312 nm and 0.265 nm). The localization of the d
electrons bound to theseWbonds leads tds insulating property. It was presumed that such

a V-V dimer formaton directly results in the change from the high temperature delocalized
state to the low temperature localized state [110]. Recently, new ultrafast teshmgee
demonstrated that sualphase transitiotakes placé only approximately 5 picosecondsld],

which has raised new interestutilizing VO2 very high frequency oscillator applications.

3.21 XRD measurement

X-Ray diffraction, also known as XRD, is a common method used to determine structural
parameters of bulk materials and thin films. TKeray diffractometer used for the
characterization of the VOsamples in this thesis is ti&ruker D8 Discovemwith Cu-KU
radiation with a wavelength @ = 1 ., &4hbwn irffig 3.2a
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X-ray source

—_— | Goniometer

Fig 3.2. Modular architecture of the Bruker D8 diffractometer. a, The main components
for the XRD systemb, Schematic illustration of thmain components and tlieur-rotation
axis, taken from [120]

The instrument consists of-bay source, sample stage, detector and a motorized goniometer

used to orient and move tloeystal. The goniometer typically has four axes of movement to

orient the crystal with the incident-bay beam. As shown iRig 3.2b, the detector is rotated
aroundthee—a xi s within the instrument 6% -akisdakeszont a
place in the horizontal plane of the instrumentgheis refers to elevation in the vertical plane,

and movement around rotates the crystal around its local mount aXige condition for
constructive interference of-Ky diffraction condition is desctied by von Laue?os

reciprocal space as:

T QY (3.2.1.1)
And is described by the Braggdés | aw in real
¢cQ I Q& & _ (3.2.1.2)
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With dnu the spacing between lattice planes (héfhe incidence angle, arethe wavelength
of the incident beam, as shownkig 33 The Braggodés | aw is satisfi
vectorSequals to the reciprocal lattice vect@ik, which can be converted from the diffraction

angle2 dy the equation:

D s Ti QET_ (3.2.1.3)

Diffracted
beam

Fig 3.3. Schematic of Xray diffraction. lllustration of the conditions required for Bragg
diffraction to occur.

The constructive interference of a family of lattice planes (hkl) will occur as a Bragg peak at a
specific angled (with a fixedwavelength of XRay) in the XRD pattern. The cof-planed -

2 dcan, is firstly applied to obtain the information from the lattice planes parallel to the sample
surface. In a - 2 dscan when changing the angebf the incident beam, the angel of the
detector is always kept atdo be aligned with the direction of the diffracted beam. As a result,

the reciprocal lattice vect@nk, which is equal to the scattering vector, will be always normal

to the sample surface.
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Fig 3.4. Xray diffraction (XRD) measurement of a typical VQ film grown on sapphire

[0001] substrate. a, Theta £} -2Theta (—} scan shows (020) peakatd = and (0409 A
peaka d = .&,&oo8h Mew of the (020) peak & d = .3, ZooBrid view of the
(040) peak a2 d = .Déta fidrd [A21].

The XRDd - 2 f the V& sample is shown iffig 3.4 It can be observed that the Y@in

film is well textured on the sapphire [0001] substrate. Two dominant peaks from (020) and (040)
appear at the positidh d 39:99° and2 d 86=30°, respectively. Such result is similar as the
previously reporteavork [107].

3.22 XRR measurement

The geometry of the Xay reflectivity (XRR) measurement setup is similar to the one used in
the XRD measurement shownkig 3.2 The only difference is the angle of the incident beam

2 ds kept within a very small range (< 5°). When the incident angle is below the critical angle,
the X-Ray will only be reflected by the sample surface and the intensity of the reflected beam
d o e sharigé too much, as showrFig 3.5a As soon as the incident angle is larger than the
critical angle, the reflectivity of the -Ray decreases rapidly as the incident beam penetrates
the material, as shown kig 3.5b.

a C Critical angle €. : Density p \/

Surfaceroughness, ol

| Density, p 1 Film thickness, d1
Yy ! ' Interface roughness, 02
Density, p 2 Film thickness, d2
0 l \ 6 { Interface roughness, 63
0<0 Period, A, of oscillation Density, p 3
c j : Film thickness, d
b 5 L \[\ Oscillation decay rate
& | 1”[ ” 1 at higher angles
i /\ : Surface or interface roughness o
|| |/
0 ( ) 0 = . o . | 1\“ \ \
"N ' Amplitude of oscillation | [ | \f f\’&/\/
0 9. e (7] : Density contrast ! \/\/\,\ _
> [ H .
r | | Intensity decay rate
0 P 4 at higher angles

: Surface roughness o
26(deg.)

Fig 35. Schematic of Xray diffr action (XRR). a, The incident angle is below the critical
angle.b, The incident angle is above the critical angle?arameters of thin film determined
by X-ray reflectivity (XRR) measuremengkenfrom [122].

The Interference effect starts to ocauhren the incident angle is larger than the critical angle,
due tothe interaction between the reflected beams from the sample surface and beams from the
interface between different layers. Foray, the refractive index only depends on the electron

densiy, for known composition the electron density can be translated to the mass density of the
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probed material. For samples with monolayer, the oscillation frequency is dependent on the
film thickness, while for samples with multiple layers the different céitd@s are superposed.

The X-Ray reflectivity profile shows an oscillation pattern based on the parameters of the
sample films and the substrate. THRRXmeasurement can be used to determine: 1. The density

" of the material from the critical anglig 2. The film thicknessl from the fringes of oscillation
of the X-Ray reflectivity curve; 3. Surface or interface roughnesm the oscillation decay
rate at higher angles, as showrrig 3.5¢c The XRR measurement of the Y&ample is shown

in Fig 3.6. The VO thin film thickness is determined to 28.78 + 2.54m.

108 ¢ : . : . : . X
i | =1.5418 A ]
107

10°
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10*
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10t
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lo-l i . 1 . 1 .
0.0 0.1 0.2 0.3

q, (A

CPS (Counts per second)

Fig 3.6. Xray diffraction (XRD) measurement of a typical VO film grown on sapphire
[0001] substrate.The film thickness determined from the XRR measureme28.i88 + 2.54
nm. Data from [121].

3.23 AFM measurement

Surface morphology is also important for the propemalysis of the sample and device
fabrication AFM is mainly used to check the surface morphology of the device after each
fabrication step, sthat the quality of the interface can be checKdugk surfacenorphologyis
examined by th8ruker AFM in this work. The setups of the AFM are schematically illustrated

in Fig 3.7. The components of AFM include a probe that has a sharp tip ending wikxaofa

several nanometers of diameter mounted on a soft cantilever. A laser beam that hits the edge of
the cantilever is reflected on a photodetector, acting as an optical lever. A photodetector is used
to monitor the angstrom movements of the cantilesee, to the changing of the interacting

forces between the tip and sample. An external electronic controller acts as an important role
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for controlling the probe by the feedback loop of the system. During the measurement, the
cantilever is operated in tapgimode. As the tip comes into contact with the surface for each
oscillation, it is deflected due to the distance related to Coulemulsion between the tip and
sample. The initial height of the cantilever is chosen so that the tip will never break vottitac

the sample. The amplitude will thus directly reflect changes on the surface, the feedback loop
is used to shifty to restore the target amplitude, and the positioms) @f the piezoelectric
scanner are captured. The M0in film was probed bthe AFM and its surface RM®ughness

wasdetermined to b8.78nm.

Laser beam

Sample stage

Piezoelectric z control

scanner X, y control

150.0 nm
| 1400
130.0
120.0
110.0
-100.0
-90.0

pm

-80.0
-70.0
-60.0
-50.0
-40.0
-30.0
200
100
0.0

pm

Fig 3.7. Atomic force microscopy (AFM). a, Inside view of théBruker AFM b, Schematic
illustration of the AFM setup, including an external electronic controller, laser, photodetector,
piezoelectric scanner and sample stag&FM scan of a typical Vexhin film, data from [121].

d, AFM scan of a typical V&device set.
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3.3 SingleVVO:2 DeviceSetLithography

The prepared thin films were patterned imhicroscopicdevices by conventional optical
lithography techniqguesmaskless aligner (Heidelberg MLA 150), and ion beam etching (scia
coat 200) were used. As shownHig 3.8the lithography stepst: VO thin film (shown as
blue)was deposited on the sapphire subs{stiewn as light grayp: Negative tone photoresist
(shown as browmARN-4340, Allresist) was patteedon the VQ thin film to define the device
area (dose: 3D, defocus:8); c: lon beam etching carried out by Avrombardment was used to
etch away the nedevice area down to the sapphire substm@téfter ion beaming etching,
only predefined VQ device area was left under the photoresisthe photoresisias remove

by remover solvent (Remover AR 300, Allresist);f: Positive tone photoresist (shown as dark
gray, ARR3540T, Allresist) was patteedon the VQ thin film to define the contact padea
(dose: 110, defocusb); g: Ti and Au (~77 nn) was deosited by sputtering deposition in scia
coat 200 sequentially (shown as gold);Lift-off process- The photoresist was remove by
remover solvent (Remover AR 300, Allresist).Fig 3.8i shows the top view of the two \bO
devices after lithography, thepbe two independent signal lines and share one common ground

line.

For fabricating nanoscopic devicthe electron beam lithographwas useda JEOL EBL
machine (JBX8100FS; 100 kV) with an ARN52018 resist wasitilized for the lithography

i PAE B
a b c Ay oy 1A
Rosist A
VO,
Sapphire
d e f
= Resist
g h i

Fig 3.8. VO devicelithography steps a, VO: thin film on sapphire substrate, Negative
tone photoresist patterning, lon beam etching br® bombardmentd, VO, device after
etching. e, Removal of negative photoresidt. Positive tone photoresist patterning.
Deposition of Ti and Au for contact pdd. Lift -off processremoval of positive photoresis.
Top view of two VQ device.
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Deposition of ~200 nm AlQcapping layer on V&device is optional. When there is no capping
layer, the device test kit was operated in the psihgon in vacuum (20* mBar) at 295 K to
prevent oxidation of the device due to the exposure to water vapor and air. In order to carry out
the tests of th VO, device more conveniently anytime at normal atmospherey 8&Pping

layer was added to the new test kit by adding an extra lithography stefrigft@8h The

device with AlIQ capping layer is shown iRig 3.9aandb. The calibration bar§ T 1 0% & m
used for checking alignment shows good alignment precisibigiB.9¢ only abou 0.5 pm
alignment error is observed, which is acceptable forawo3 2 \¢Omdevices separated with

1.5 pmgap.

VO2 3x3u -1.5u

Sapphire

Fig 3.9. Typical VO2z device after fabrication process.a, Device set that is capped with AIO
layer to prevent oxidatiorb, Two 3 | 3 2 ¢Qndevices separated with5 umgap c, The
calibration bars§ T 1 0?) used for alignment precision check.

3.4 VO:22.5DCrossbarArray Lithography

As introduced in the previous sectidr2.3 largescale spiking neural network with supervised
learning mechanism based on M€gaky integrateandfire (LIF) neuron is studied in this thesis.
In order to fabricate the largeeale VQ LIF neuron array, théayout for the 2.5D integrated
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crossbar array has been specially designed, as shdwg 3110a Two VO, oscillator devices
closely located to each other are place at the bottom layer. They are connected with two
independent signal lines (left and righgspectivelyThey share the same ground liiéen a

2307 260 nm AIQ insulating spacer is deposited to cover the bottom layer, but leaving the
ground line contact pad part vacant. In the end, the ground line is deposited on the top of the
AlOx insulaing spacer to form the crossbar array structure. The layout designlfbrl®
crossbar array is demonstrated Fig 3.10h And the schematic illustration of electrical
connection for thd0x10VO: LIF neuron crossbar array is shownFig 3.10c In eachvVO>

LIF neuron computing node: The spike current input is injected through left signal line (L+ pad
in Fig 3.10b, and will be leaky integrated by the left Y@evice. The triggered spiking function

can be realized by the right \d@evice supplied with suthreshold current/voltage through

right signal line(R+ pad inFig 3.100. The spiking voltage can be readout fraght signal

line. The two VQ devices share the same ground line (GND pdegr8.10b.

GND1

GND 2

GND 3

ouT1 ouT 2 ouT 3

Fig 3.10. VO2 2.5D array design.a, A detailed vew of a single VQ LIF neuron computing
node, which contains two \W@evices and 2 signal line at the bottom, an,AtSulating spacer
in the middle, and a shared ground line on the lipphe layout design for 40x10crossbar
array L+ pads corresponi the left signal lines, R+ pads correspond to the right signal lines
¢, Schematic illustration of electrical connection for #f8x10VO: LIF neuron crossbar array

The details of the lithography utilized to fabricate the-\2®D array will be introdued and
demonstratedh the following part Firstly, sasme as introduceth section3.3, negative tone
photoresist (ARN4340, Allresist) was patterned on the M8in film to define the device area
(dose: 230, defocus8). lon beam etching carried out by*Arombardment was used to etch
away the nordevice area down to the sapphire substrate. After ion beaming etching and
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removal of the resist, the \fQlevices in first layer were examined by the AFM technique
introduced in sectioB.2.3 Two plateauf VO. with a width of about gim separated with 1.5

pm can be observed from the AFfAtomic force microscopy¥can, indicated a satisfying

device morphologyas shown irFig 3.11 However, it can also be observed, due to the harsh

ion beaming etchinghere is hout ~3 nm roughness at the edge of the device. But luckily,

suchf abri cation defect of edge roughness wasnbo

had any influence on the overall crossbar array (will be shown in the Chapter 5).

—38.7 nm

a . 1350
P N
‘\-fi‘v:‘\‘*-.ﬁﬁ‘i‘

Fig 3.11. VO2 2.5D array first layer morphology. a, Surface structure of the \(@evices
afterion beaming etching, scanned by ARM Theheight profile acquired from the AFM scan
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Fig 3.12. V& 2.5D array second layer morphologya, Optical microscope image &O>
devices, left and right signal lines, and ground line contactlpakhe Surface structure and
height profile acquired from the AFM scan

Next, also same as introduced in secBd) positive tone photoresist (ARF540T, Allresist)

was patterned on théO> thin film to define the contact pad area (dose: 110, defe6usAnd
thenthe electrode (FAu) was deposited by sputtering deposition in scia coat 200 sequentially
to from the right signal line, left signal line, and ground line contact pad artietsme (shown

in Fig 3.129. It can be determined from the AFM height profile that the thickness of the
deposited Ti and Au layer was about 70 nm. Besides, significantvsillieefect after the lift

off process cannot be omitted. From the AFM scanntleaobserved that the sidall of the

Ti and Au layer can be as high as ~ 190 nm. Such defect will cause current shunting
path/dielectric breakdown through the Al@sulating spacer layer if not properly addressed.
As a result, posprocessing like meeamical polishing that will remove the sigall defects is

required.
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Fig 3.13. V& 2.5D array third layer morphology. a, Optical microscope image of (O
devices, left and right signal lines, ground line contact pad Al insulating spacer layer
b, The Surface structure artteight profile acquired from the AFM scan

Next, the AlQ insulating spacer layer will be deposited. In order to avoid the samevaite
defect caused by the positive tone photoresist, double layer resist with undercut sivasture
utilized. Negative tone photoresist (ARM40, Allresist) on the top of the Bottom Resist-AR
BR 5480 was patterned cover the ground line contact pad area (dose: 230, d8foéuter
that, the AlQ insulating spacer layer was deposited by the Ab&a&m evaporatoAfter lift-

off process,tican be determined from the AFM height profile that the thickness of the deposited
AlOy insulating spacer layer was about 220 mMnsmooth transitionfrom the [sapphire
substrate/AlGQ) region to[sapphiresubstrate] regiomwithout sidewall defect can be seen.
However, residual sidevall defectcan still be observedt the transition area between the
[sapphire substrate/Alpregion and the [sapphire substrate/AlYAu] region, and between
the [sapphireubstrate] region and the [sapphire substiatéu] region, as shown ifrig 3.13h
Necessary polishing can be used to further remove thewsitiielefect.

Finally, same as introduced in sect®f, positive tone photoresist (AR¥540T, Allresist) was
paterned on the V&xhin film to define the ground line area (dose: 110, defo@&)sAnd then

Ti and Au (~ 100 nm) was deposited by sputtering deposition in scia coat 200 sequentially to
from the ground line on the top (shownFiy 3.14). (Test of multipledevices on the array see

Appendix)
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Fig 3.14. V& 2.5D array. Left: 4 identicallOx10VO- LIF neuron crossbar array on the test
board. Right top and dowRptical microscope images of \dOrossbar array and devices. Left
and right signal lines, groundhis can be clearly seen.
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Chapter4 Thermally Coupled VO. Oscillators for

BooleanComputation

In this chapter, it will be demonstrated that without any extra electronic components needed,
selfsustainedVQosci | | ators ranging by more than an
to 200 nm can be thermally coupled together. A simple but effective mean to actively tune the
thermal coupling betweerO, oscillators will be introduced. And a multiplicity of syrmohous
oscillatory states with distinct frequencies and amplitudes generated by this effective tuning
mechanism can be used for computation. Various oscillation states generated by pairs of
coupled oscillators are utilized to realize 12 basic Boolean tgmgcations from AND, NAND

and NOR gates.

4.1 Scalability of VO2 Oscillators

Firstly, in order to investigate the scalability of Y@scillator, r - T (resistivity versus
temperature) measurements are carried out to check the chahgdypical hystersis loop

with VO2 device dimensionkor temperature dependent resistance measurements, a physical
property measurement system (PPMS) was used with a conventigmaht4resistance
measurement scheme, and a cooling and warming r&t&/hin (from 270 Kto 395 K). For

the 4point measurements (Keithley 6221 ac/dc current source and 2182a nanovolpretgr),

DC current was applied to the sample to minimize the effect of Joule heatingyCurves

from devices with dimensiorsf 70x40¢ i 7x6¢ A 1x1g i and600x700nn?¥ are shown

in Fig 4.1 It shows that the - T hysteresis loop becomes smaller with decreasing dimension
due to a spatial confinement effeBuch scaling effect in the - T loop originates from the
coexistence of different numbers of metallic and insulating phase domains near the transition
temperature. When there is a single domai2Qqxmn), either in metallic or insulating phase, an
ideal onestep change in resistivity@rnd the metalo-insulator transition (MIT) temperature

can be observed [123]. However, direct observation of metallic and insulating phase domains
mixture around the MIT temperature suggested that the MIT temperature of different domains
also varies. Whe the phase transition region becomes larger (several hundred nm or um),

numerous metallic and insulating phase domains form the gradual resistivity change loop. The
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distribution of the metallic phase domains around the MIT temperature can be statistically

modeled as Gaussian function [123]:
QY M:A D— (4.1.1)

Wherel is the half width of the Gaussian distribution, dighieris the temperature where the
population of metallic phase domains is equal to that of insulatinggpdomaindVhen the
dimension is increased, the distribution of metallic phase and insulating phase domains will
become broader, which leads to a larger hysteresis loop.

When the VQ devices are scaled down, the resistivity is lower in the insulatatg &maller
r - T hysteresis loop) reflects the smaller oscillation amplitude and higher oscillation frequency
demonstrated in the followingarts of the thesis

T T T T T T T T T T T T T T T
100 3 ]
s
o%) 10-1 | ]
2
P
>
@ 107F 3
wn
ha 70*40 mm?
7*6 mm?
10°F 1*1 mm? E
700*600 nm? ]

260 280 300 320 340 360 380 400
Temperature (K)

Fig 4.1.r - T curvesof VO devices with different sizesGreen: 70x4@ i purple: 7x&
orange: 1xE rhand yellow: 600x70@n?. Data from [121].

The working principle of the seiustained V@ oscillator driven by constant current source

has been introduced in secti@rl.3 Joule heating ¢IR) plays a critical role in raising the
devicetemperature, and hence drives the oscillation process (between high resistance state and
low resistance state). \l@evice shows a negative differential resistance (NDR) region, where
the voltage drops with increasing curread shown irrig 4.2 In thisregion the voltage across

the device oscillates with a frequency that increases with the magnitude of the applied current
As introduced irFig 4.1where the - T hysteresis loop becomes smaller with decreasing device

size, the currerfandcritical voltageV: = IR, where the device enters NDR regioieeded to
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lift the device temperature up to the vicinity of the MIT temperature also becomes significantly

lower when the devices are scaled down form ragize to nanesize, as shown iRig 4.2

[ 15
7 L
I <o
6| g
I §o 5
~or 3
< 0.0
é 4+ 00 0.5 1.0 15
% I Voltage (V)
= 3r 6 * 7 nm?
8 - 5* 5 mm?
2+ 1*1nmm?
I 600 * 700 nm?
1r 500 * 500 nm?
I 300 * 300 nm?
Or 200 * 200 nm?
1 " 1 " 1 " 1 " 1 " 1 " 1 " 1 " 1 " 1 " ]

0 1 2 3 4 5 6 7 8 9 10
Voltage (V)

Fig 4.2.1-V curves of VO, devices with different sizes/-VVmeasurement (current is varied
while measuring voltage) of a single Y@evice from micron (6x% ) to nanometer scale

(200x200nmY). Inset up right shows the zoemview of the/-Vcharacteristiérom nanoscopic
devicesData from [121].
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L : 300 * 300 nm?
3 200 * 200 nm?
30¢t
20t
10 2 1 2 1 A 1 2 1 2 1 2 1 2 1

0 1 2 3 4 5 6 7
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Fig 4.3.1-f curves of VO devices with different sizes|-f measurement (current is varied
while measuring oscillation frequency) of a single Mi&vice from micron §x7¢ rf) to
nanometer scal@00x200nmy). Inset up right shows the zoeimview of thel-f characteristic
from nanoscopic devicePata from [121].
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As this selfsustained V@oscillator (driven by constant current) is scaled dow20 nm a
substantial increase in the oscillativsaquency Fig. 4.3 from kHz range toMHz rangecan

be observedlhe effect can be understood as due to the decreasing number of insulating phase
domains when scaling down, the incubation time needed to switch them has become shorter,
and hence the deviasscillation period (total time of switching to low resistance state, and
recovering back to high resistance state) becomes shdtter.the oscillation state
measurements with various types of devices, the measurements were carried out in a multi
probe cyogenic probe station (Lakeshore) wigh5  diameter Wtips. A current source
(Keithely 6221 AC/DC current source) and a source meter (Keithely 2636B) were used to drive
the oscillators and the thermal cell. The oscillating voltage was detected by kososge
(DSO5052A, InfiniiVision) with homébuilt LV codes.

In Fig. 4.4 the minimum power for driving V&cells into stable oscillation state vs. device
size is plotted. It clearly shows a linear relationship between power and device size (fitted in
orange dash line). The linear relationship is also confirmed in simulation (green dash line, see
finite elementsimulation for detail in Appendigectior). It is remarkable that the oscillation
frequency increases aboYéMHz while power decreases down to micro watts with sdalen

of t he d ethisicleasl\birglicases faseer speed and lower energy consumption with the
reduced dimension of the \(@scillator.

a 25 T T T T |I T |I T |I T b T T T T
1.4 —@—600 =700 nm? L i ]
_ s il 107 9 Feertent L7
?E, 20¢ 135,1-0 i 0.8 L — —Simulation ;7 @ i
= 50.8 ' P
Q o — Va
= 15k o 0.6 i
% 0.4 % 06} P s o .
o 025~ "% & 10 12 14 \’_ 7’
g 101 67 Hmz 5 Current desity (108A/cm?) D.E 04r 7’ b
.= —&— 600 * 700 nm / 0
%C; 5 500 * 500 nm?2 | 02l e (® 1
5 300 * 300 nm? ,
ol [« % A i 00F 7 E
0 2 4 6 8 10 12 14 0 200 400 600
Current desity (10%A/cm?) Width (nm)

Fig 44. Driving power of VO2 devices with different size.a, Single nanoscopic deviéeom
micron Gx7¢ ) to nanometer scal8@0x300nm?). Power versus supply current density.
Inset up right shows the zoemm view of the driving power from nanoscopic devidesThe
minimum powerPmin to drive the VQ nano oscillator into stable oscillation with various sizes
(Purple spheres: experimental d&d@sange dashed line: Linear fit of experimental p&eeen
dashed line: Simulation resuftem Zhong Wany Data from [121].
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When twoVO: oscillators are plackclose enoughthe heat that is released during one part of
the oscillation cycle from one device can trigger the nearby device to oscillate, as slogvn in
4.5a Interestingly, this mechanism should lead to a time delay (or a phase difference) in the
oxillations of the two devices. To explore this phenomermairs of VQ oscillators of
different sizes fronbx5¢ rto 200x200nnY were fabricatedFor a pair of VQ devices with

the size obx5¢ riwith a2  sspacingdevice 1 was set in a stable osctily state using a
driving currentl; = 2.8 mA(400¢ ulse) above threshold, while device 2 was biased with a
subthreshold currenk; = 2.3 mA As shown inFig. 4.5¢ device 1 oscillates only within the
current pulse windowit is intriguing that device 2 also oscillates at a-Huleshold current,
triggered by the thermal energy exchange from the oscillating device 1 (consistent with
COMSOL finite elementsimulation, seeAppendix sectioh Note that the thermal energy
exchamge can be directly observed as followsthe first half of the periodic driving cycl®

is large enough to drive device 1 at a stable oscillation (green caneejlevice 2 is triggered

to oscillate (orange curve) at the same frequency as devideeh.ddrops to0 mA in the
second half of the cycle and its voltayg, decreases to 0 V, while device 2 recovers to the
subthreshold transition stafligh resistance state) and its voltagg,increases back to a high
level. In the next cycle whdnis turned on, both devices will again start to oscillate at the same
frequency, as shown fg. 4.5d Thetrigger delay timédetween the drop &f, and that o>

can be seen from the bottom inset

5L —— Device 1 | - . .
| ‘ | —— Device 1 |
’ L | i |/ Device 2
| |
|

s

832 833 834 835

800 1200 1600 2000 860 10100 12100 14b0
Time (us) Time (us)
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Fig 4.5. Direct observation of thermal coupling effectwvith trigger delay time between two
coupled VO, oscillators. a, Schematic illustration of two thermally coupled ¥@xcillators

b, Optical images of device 5%5¢ ) and device 25x5¢ ) separated bg mec, Stable
oscill ation a&mAturrdndfluises sepdrated 40 O of geso current) are
sent to device M, Coupled oscillation behavior between device 1 and devibetB5x5¢ )

with2  epacingDevice 2 is excited by = 2.3 mAthat is lower than the oscillation threshold
current 2.5 mA). When device 1 is activated to oscillation state by a current pulse, device 2
starts to oscillate with the same frequenityget (bottom):0 . 5 3to trggger device 2 into
oscillation.Data from[121].

Such a thermal triggering effect can be observed for pairs of devices ranging firordown
to 200 nmin size.The trigger delay time increases with increased spacirsipcas inFig. 4.6

For the smallest sizZ200 nnj the trigger delay time igbout98 ns
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100 @ . ;

100 200 500 1000 2000 5000 10000
Device spacing (nm)

Fig 4.6. Driving power of VO, devices with different sizesa, Single nanoscopic deviéem
micron Gx7¢ A to nanometer scal@@0x300nn¥). Data from [121].

Fig 4.7 shows the details of measuring trigger delay tforetwo VO, devices with various
device spacingSame as introduced irig 4.5 device 1 was set in a stable oscillatory state
using a driving curreriDabove threshold, while device 2 was biased with atlstéshold
currentOto be thermally triggered to oscillate by devicénlthe first columnpptical images
show device 15x5¢ ) and device 25x5¢ 1) separated bg,1 0 ,b, % £3&EM images
of fabricated nanoscopic devices show two\d@vice with different dimensiosnd spacing,
1x1e rh(spacing =1 3, d) 500x500nn? (spacing =500 nn) ande, 200x200nn¥ (spacing
= 200 nn). Yellow shading indicates the \A@ells (Au contacts are in white). In the second
and third columnshow:Fig 4.7a- measurementdy(= 2.8 mA |2 = 2.3 mA of thetrigger
delaytimeatt 0 & m sk d.¢€br megsuremeni{= 2.8 mA |. = 2.3 mA of thetrigger
delaytimeab € m s piqgdc/c-megasurementdy(= 6 0 Jo=¢ A 2 Yof tleetkigger
delaytimeatt € m s pigpdc/d-mgasurementsy(= 6 0 ,d>=¢ A 6 Yof tlsetkigger
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delay time ab00 nmspacingFig 4.7e- measurementdi (= 6 0,0.=¢ A 6 )of thethigger
delay time a200 nmspacing. The error bar of the trigger time delay is calculated from two
measurements of the triggered oscillation.
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Fig 4.7. Measurement of tigger delay time for two VO: devices with various device
spacing Two VO devicesa, 5x5¢ ra(spacing =1 0 )gbpbx5¢ ri(spacing =6 §; m)

1x1e rA(spacing =1  3; dy 500x500n? (spacing =500 nn), ande, 200x200nn? (spacing
=200 nnj. Data from [121].

4.2 Tunable Thermal Triggering

For a single set 0f Oz oscillators(two devices driven by two independentrent sources), the
further the devices are apart, the weakdahéthermal link As shown inFig 4.8 when the
spacing between two \scillatorsincreases, the frequency locking range becomes smaller
significantly. When two devices are far apart, theat released from one device will dissipate
entirely into the substrate before reaching the other device. The thermal coupling strength
between the two devices is limited and can only maintain their synchronization within a certain

frequency range.
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Fig 4.8. Thermal coupling strength versus device spacingrequency vs. applied current for
device 1(5%5¢ ) and device A5x5¢ rf) when they are oscillating independently with a
spacingofa,2 gcnb6 ¢gande,1 O .9,Mrequency locking between deviteand device

2 at a2 ¢ nmspacing [1 fixed at2.7 mA). d, Frequency locking between device 1 and device 2
at a6 ¢ nspacing (1 fixed at2.6 mA). f, Frequency locking between device 1 and device 2 at
al0e nspacing (1 fixed at2.9 mA). As the spacingpetween the two V&devices becomes
larger (from ¢ ato p 1 @), the coupling strength becomes weaker, shown as a smaller
frequency locking rang@drom 22 kHzto 42 kHzat2 € mfrom21 kHzto 27 kHzat6 € mfrom

25 kHzto 28 kHzat10e m
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Next, in ader to realize tunable thermal couplingy@: thermal cell was added between the

two VO2devices. Thelevice set morphology is shownFfig 4.9

Thermal cell

Devicel —
Sapphire T

Device 2

b Device 1 Thermal cell Device 2
56.8 nm
@ o 40.0
= 7=
s ;: 20.0
©
« S 0.9

Fig 4.9. Tunable thermal coupling device set geometrya, Optical microscopy images of
device set for experiments, withrerview (left) andzoomedin view (right).A 1 . 5 widen21

¢ ntong) VO, stripe is placed as a thermal cell for enhancing the thermal coupling between two
VO, devices with the dimensions k6 em?. The distance betweervice 1 and device 2 &

¢ mb, 3D geometry otlevice 1, device 2 and thermal cell scanned by AFM. Data from [121].

A microscopic picture with a corresponding circuit diagram is showigid.10a This thermal

cell is designed to change the ambient thermal environment between device 1 and device 2. By
applying different cell voltageé.i that induce Joule heating, the ambient temperature between
device 1 and device 2 can be changed. The higkardil voltagéd/cei, the higher is the ambient
temperature, and, therefore, the lower is the threshold switching voltage (as skaywh. if©Ob

inset left) and the higher is the oscillation frequency (for the same current, as demonstrated in
Fig 4.10ainset right) for a single devic&his is because the starting point of the oscillation in

the} - T hysteresis loop has been biased to a higher temperature cléger to

53|Page



8r o) "
a b V-cell=0V g _e"{"x
71 V-cell =5V - T P
< Vcell =7V £ 8 P i
Thermal g/ 6l Vocell = 8V E TP //' zm“;gz
Device 1 cell _ Vocell = 9V %E 3 f/ Vou=3¥
— *oE cell =
- 5t 2 . %10 ¥4 V=8V
- o~ 8 6.4 3 o Ve =9V
€ 2 S 4r : s 4 5 6
o @ @ o 9 S 6.2 kelon Current - device 1, |, (mA)
- ~ T < 1
‘5 S v 3+ >5 6.0 -0
o o ¢ - R
g 2+ 58 /,{ ; f
= ‘
O 40 5 0 5 10 */,,,-(‘ Vi
1 B Vcell (v) */‘/ .
o i
V 0 ”T-——‘_——'— 1 L 1 I ! )
0 1 2 3 4 5 6 7 8
Voltage (V)

Fig 4.10. V& oscillators with tunable thermal coupling strength.a, Optical microscopy
image of a device set with schematic illustrations of the electrical connections. The device set

includesa . 5 widen® 1 leng) VO; stripe as a thermal cell between two MS3cillators,
each with dimensions @6 em?. The distane between device 1 and device Bis ¢Dervice

1 and device 2 are driven by two independent current soldraedl,, respectively. A voltage
sourceVeenl is used to control the thermal cddl.I-V measurements (sweep current and measure
voltage) of device 1 for different thermal cell voltag¥s(). Inset bottom left: The threshold
voltage Vi) where the device enters the NDR region reduces with incre¥singnset top

right: I-f measuremest(sweep current and measure frequency) from device 1 for difiéegnt
With higherVcel, f increasesData from [121].

I n the foll owing, how the devicesd ambient
coupling among neighboring devidesluding the thermal celill be further discusse®hen

the ambient temperature is se28b K, 330 K, and aB860 K (above its MIT temperature340

K), it can be observed that th&/ characteristic changes significantlid 4.119. Below its

MIT temperature, V@ device still shows a typical NDR region, where the critical
current/voltage to enter the region decreases with increasing temperature. However, above its
MIT temperature thé&V characteristic of the V&device behaves like normal metathviinear

and low resistance, indicating it has fully phase transited to metallic state. Theatimaon
behavior of VQ cell is that the oscillation frequency increases by increasing the ambient
temperature while reducing the amplitude, as shawrig 4.11b and c. At the same
temperature with different supply currents the oscillation amplitude hardly changes. At higher

temperatures the amplitude becomes small@9@&K: peakto-peak value is abodt1 V, while
at330 K peakto-peak value is abo®.2V).
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Fig 4.11. Temperaturedependent VQ oscillator characteristics. a, 1-V measurements
(sweep current and measure voltage, voltage compliance at 22%9 & 330 Kand360 K

b, Oscillation frequencys a function of applied d.c. curréhf) for VO, device {x6sm?) at

295 Kand330 K At higher ambient temperature, with the same supply current thel&e
oscillates at a higher frequency but the tunable frequency range becomes narrower. Additionally,
the threshold current value where Mi&vice starts to oscillate decreases at higher temperatures.
¢, Single device {x6em?) oscillation waveform a8 mA, 4 mA, 5 mA, 6 mA at 295 K d,

Single device{x6 em?) oscillation waveform & mA, 4 mA, 5 mA, 6 mA at330 K Data from

[121].
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Fig 4.12. Single device oscillation waveform at different supply currents and thermal cell
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voltages.a, Single device {x6em?) oscillation waveform a8 mA at 295 K for different
thermal cell voltage¥cen. b, Single device {x6em?) oscillation waveformat6 mA at 295 K
for different thermal cell voltag€cei. Data from [121].

Applying a constant voltage to the thermal cell has the equivalent effects of raising the ambient

temperature that increases the oscillation frequency while lowering the ampésishown in

Fig 4.10aand Fig 4.12 For higher thermal cell voltages, the device oscillates at a higher

frequency with a smaller amplitude.

As a result, activating the thermal cell during synchronization helps device 1 (with a constant

currently that is lower than the oscillation threshold current) to oscillate at a higher frequency

f ol

| owi

ng

d e v i des gtadually ihcreasgdis esimowryinFig 4.13 and b,

activating the thermal cell will lead to an increase of the mutual synaeaifiequency when

device 1 and device 2 are already isyachronized stateNhen device 1 and device 2 are

desynchronized, activating the thermal cell will lead to an increase of the oscillation frequency

while lowering the oscillation amplitude of degit, which enables device 1 to be synchronized

to device 2as shown ifrig 4.1% andd.

as : : : b s : : :
Device 1 (l; = 2.5 mA) Device 1 (l; = 2.5 mA)
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[«}] [«}]
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=) =)
= 4l = 4l ]
| f |
3l / K ] 3 /
| f (|
2 1 1 1 |
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Time (us) Time (us)
C 8 . . . ds . . .
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° ‘ ‘ \ ° ]
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Time (us) Time (us)
Fig 4.13. Double device oscillation waveforms under synchronization and

desynchronization situations.a, Device 1 {x6em?) and device 27x6e£m?) synchronized
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oscillation waveforms dt = 12 = 2.5 mA Vcen = 0 V. b, Device 1 and device 2 synchronized
oscillation waveforms dt=12= 2.5 mA Vcen = 7 V. c, Device 1 and device 2 desynchronized
oscillation waveforms at; = 2.5 mA I = 5 mA Vcen = 0 V. d, Device 1 and device 2
synchronized oscillation waveformslat 2.5 mA 12 =5 mA Vcei = 7 V. Data from [121].

The tunable thermal triggering is presented as follows (showigid.14): Forthe case where
the thermal cell is not activatedc£) = 0 V), device 1 was supplied with a constant low current
I1 (2.4 mA) and oscillates at a low frequencyl(kH2). By gradually increasing the supply
currentl, for device 2, the frequency of device fi) @nd the frequency of device &)(are
synchronized unita critical frequency (her23.5 kH2. Whenf: is further increased, due to the
limited thermal coupling strength,first drops to a value that is about one half>aind then
increases slowly while maintaining a ratiofof f> of roughly 1 : 2 as shown irrig 4.14a For

the case where the thermal cell is activatétt avery strong thermal coupling strendte

=8 V), frcan now be fully locked tb (until both devices are heated to their respective metallic
states and dywmoredTthe sigsificant differédnee between the synchronization
behavior of device 1 under weak/moderatei(< 8 V) and strong\cen = 8 V) coupling effects

can be observeds shown irFig 4.14c¢

a o7 [~ Device 1 (Device 1 fixed @ 2.4 mA) € 26 peyice 1 fxed @24 mA
Device 2 N24 L —®—Vcel=0V
Vcell =0 V T Vcell =5V :

N 247 8 Device 1 Device :22 i V-cell =7V " o
T —— Device 1 Device 2 @ V-cell =75V ¢
x s 020 o
=21+ s 30 = Vcell=8V .o
5 g,ﬁﬂ/H\/ AT \/\/\//\/\A 56l
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Fig 4.14. Tunable thermal triggering between two VQoscillators. a, Frequency locking at
Veen = 0 V. I1is fixed at 2.4 mA while increasing. In this case, the frequency locking between
device 1 and 2 holds un@.5 kHz Inset left: Synchronized waveforms of devicd1<2.4
mA) and device 21§ = 2.5 mA). Inset right: Desynchronized waveforms of devicé:E=(2.4
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mA) and device 2I¢ = 5 mA). b, Frequency locking avcen = 8 V. The frequency locking
breaks abov&5.3 kHz Inset left: Synchronized waveforms of deviceld< 2.4 mA and
device 2 [ = 2.5 mA). Inset right: Synchronized waveforms of deviceQ (¢& & 0) and
device 2 [o=5 mA). c, Comparison of synchronization frequency of device 1 (fixéd4amA)
asVcenis varied (from 0 to 8 V)d, Comparison of power consumption from devil and device

2 under different circumstances\ati = 0 V. Gray line shows the power summation when they
are oscillating independentlyrellow line shows the power summation when they are
oscillating with the coupling effecData from [121].

As mentioned in sectio.1.3 the energyrecycling mechanism energy being reversibly
converted, or reused, instead of being totally dissipated, is also a very attractive point for
developing energgfficient oscillatory computational network. Becausdriaditional CMOS

circuit there is no sucbnergyrecycling mechanismpower increases (proportionally) with the
number of transistorsThe power consumption from device 1 and device 2 when they are
oscillating indecently, and when they are oscillatinthvei thermal coupling effect (as shown

in Fig 4.14d) are plotted, respectively. The thermal energy exchange between device 1 and
device 2 helps to reduce the power consumption both in the synchronization region (by 13.1 %)
and the norsynchronization regio(by 10.6 %), indicating higher energy efficien€iie power

of a single oscillator is calculated as follows: The oscillating voltage waveform under a certain
current value is collected. Then the voltage value is averaged ovebtiin® ) thersmultiplied

by the current value to obtain the average power consumption. The power of the thermal cell is
calculated approximately from the measuremenisgm.15

a 8 T T T T b 8 T T T T T T T T T
| —0—20V | [ —0-58mA el ]
6l 20 5> -20V 1 sl 8 -8mA L i
—— 2050V —— 8 50mA
4+ . 4t -
<2t 1 <2t g
£ £ ]
€ Oof 4 T O0fF = -
o o l
= E
32 32 :
4 4L i
6 F 6 | -
8k -8 | -
1 1 1 1 1 1 1 1 1
20 15 <10 5 0 5 10 15 20 20 45 40 5 0 5 10 15 20
Voltage (V) Voltage (V)

Fig 4.15. Voltagemode (/-1) and current-mode (-V) measurements for a thermal cik a,
Thermal cellV-l (sweep voltage and measure current, current compliarid® ra®) andb, I-
V (sweep current and measure voltage, voltage compliara@®\jtcurves Data from [121].

Such oscillators with tunable synchronization behavior can beefusttaled down to nano

scale as shown iRig 4.16 The device set includesl20 nmwide 2 domg) VO, nano wire

as a thermal cell, and two \é@scillators with dimensions of00x600nn?. The distance
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between device 1 and device B0 nm The distance between thermal cell and device 1 (or

device 2) i240 nm Yellow shading indicates V{xells (Au contacts in white).
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Fig 4.16. VO2 nano oscillators with tunable thermal triggering. a, SEM image of a
fabricated nanoscopic deviceé, Frequeny locking behavior aticesr = 0 . RoRAthis
measurement, the current to device 1 is fixéd&mAwhile the current to device 2 is increased.
In this case, the frequency locking between device 1 and 2 holds760rkHzto 1.05 MHz
and then breaks dowm, Frequency locking behavior &« = 3 9 0In thié\ case, the
frequency locking breaks down abol/® MHz d, Comparison of synchronization frequency
of device 1 (fixed a@.8 mA) aslcenis varied (from0to 3 9 0 ). Bafa from[121].

4.3 VO:2 Oscillator-based Boolean Logic Gates

Based on the above tunable thermal coupling mechanism, three different Boolean logic gates
(AND, NAND and NOR) are realized by the set of ¥@evices shown irFig 4.10a The
oscillation state of &/O> device, which is represented by the oscillation frequeficgr(d
amplitude A) i s taken dlsre wetdafineethe hesholdbfrequdiidyes the
frequencywhere device 1 and device 2 desynchroni2é&at= 0 Vwhenl is fixed at2.5 mA

while |2 is gradually increasingfi{f = 23.5 kHzis taken for the following computationj
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frequency lower (higher) thaimi s def i ned as flApeakiqpeakgaug f r eq
Vpkpk = 1 Vis chosen as the threshold amplitude. An amplitude smaller (largerYhsns
defined as @s malThere(ade @ kigle of oscillatiprl states) kigh drequency

with large amplitude, high frequency with small amplitude, low frequencylangie amplitude

and low frequency with low amplitude. Here, only the oscillation state with high frequency and

|l arge magnitude i s taken as | ogi c,adishownin whi | e
Fig 4.17
a 8 T T T T T b 8 T T T T T
Osc state 1 Loaic ™" Osc state 3 Osc state 4
7L Oscstate 2 —-29IC i 7L Oscstate 5 Logic "0"

| |
| J,JW J: 1 VAV

2 2 1 1 1 1 1
0 100 200 300 400 500 600 0 100 200 300 400 500 600
Time (us) Time (us)

Voltage (V)
(4]

Voltage (V)
[&)]

Fig 4.17. Oscillation states usedof Boolean computation.a, Oscillation states defined as
| ogi b, MAxVci |l |l ati on st Datefrom[d2d]f i ned as | ogi c 0

The key to generating different oscillation states is to use the supply current and thermal cell to
bias the starting point dhe oscillation cycle in the - T hysteresis loop. The oscillation state

in Fig 4.18: Device 1 is supplied with constant current2dd mA while the thermal cell is
deactivated. The ambient temperature isnbt s
frequency with large amplitude; The oscillation stat&im 4.18: Device 1 is supplied with
constant large current @.2 mA with the activated thermal cell. Meanwhile, device 2 is
supplied with large currenkx(= 5 mA) and oscillates at a high frequency. Due to the significant
rise of ambient temperature by both synchronization and the thermal cell, the high resistance
state of dewde 1 has been biased closely to the metallic point (im tHEhysteresis loop) and

this results in a smaller pead-peak amplitude (< 1 V) and high frequency; The same also
applies to the oscillation stateking 4.1& when device 1 is supplied withcanstant current of

6.4 mAwhile the thermal cell is activated, and device 2 oscillates at a low frequercg.4

mA); The oscillation state iRig 4.181: Device 1 is supplied with a constant current of 6.4 mA
while device 2 is supplied with a large wemt (> = 5.2 mA) and oscillates at high frequency.
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The activation of the thermal cell will lead to overheating of both devices so they reach the

metallic state. As a result, there will be no more oscillations, as shdvg 418.

d s : : : b

T T T
Device 1 —— Device 1

7t 1 7t

Voltage (V)
[&)]

Voltage (V)
[&)]

I 1 YV

2 1 1 I 1 1 2 1 1 1 1 1
-300 -200 -100 0 100 200 300 -300 -200 -100 0 100 200 300
Time (ps) Time (us)

T
Device 1

T
Device 1
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[$)]

Voltage (V)
[$)]

S-WWW-S—WWWW

2 1 1 1 1 1 2 1 1 1 1 1
-300 -200 -100 0 100 200 300 -300 -200 -100 0 100 200 300
Time (us) Time (us)

Fi g 4. 18 represented ly diffieferit oscillation states of V@device 2.a, Oscillation
state with low frequency and large amplitulgOscillation state with high frequency and small
amplitude.c, Oscillation state with low frequency and small amplitwtiéNo oscllation (fully
metallic state)Data from [121].

The oscillation state of device 2 for variduss taken as input A, whilinethermal cell voltage

Veell represents the input B/¢i = 0 (7) V stands for B = 0 (1)). The current through device 1
(1) is kept constant during each operation, while the oscillation state of device 1 under input A
and input B is taken as the output. 12 Boolean operations from AND gate, NAND gate, and
NOR gate are demonstratedrig 4.19 (Detailed output waveforms fromdees 1 and 2 for
different logic gates are shownAppendix sectionBooleanlogic calculation tablefor AND,

NAND, and NOR gataregiven inTable. T2).
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Fig 4.19. Boolean logic gates based on coupled ¥@Oscillators with tunable thermal
coupling strength. Operations of AND, NAND, and NOR logic gat&ata from [121].
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(a) AND operation:

Input A (Device 2) Input B (Vcen) Output AB (Device 1 fixed
at 2.5 mA)
0 (f =11.9 kHZ,Vpk-pk =44 0 (Vcell =0 V) 0 (f =11.9 kHZ,Vpk-pk: 4.4
V at 2.5 mA) V)
0(f=11.9 kHz Vpkpk= 4.4 1(Meen=7V) 0 (f=14.3 kHz Vpkpk= 4.4
V at 2.5 mA) V)
1 (f =30.8 kHZ,Vpk-pk =45 0 (Vcell =0 V) 0 (f =12.7 kHZ,Vpk-pk: 4.4
V at 5 mA) V)
1(f=30.8 kHz Vpkpk= 4.5 1(Vecen =7V) 1(f=24.4 KHz Vpipk= 2.7
V at 5 mA) V)
(b) NAND operation:
Input A (Device 2) Input B (Vcen) Output! "(Device 1 fixed
at 6.2 mA)
0 (f =11 kHZ,Vpk-pk =44V 0 (Vcell =0 V) 1 (f =30.3 kHZ,Vpk-pk: 4.4
at 2.4 mA) V)
0(f=11 kHz Vpkpk=4.4V 1 (Meet =7V) 1(f=29.4 kHzZ Vpkpk= 4.1
at 2.4 mA) V)
1 (f = 308 kHZ,Vpk-pk =45 0 (Vcell = 0 V) 1 (f = 303 kHZ,Vpk-pk: 43
V at5 mA) V)
1 (f =30.8 kHZ,Vpk-pk =45 1 (Vcell =7 V) 0 (f =244 kHZ,Vpk-pk: 0.6
V at5 mA) V)
(c) NOR operation:
Input A (Device 2) Input B (Vcen) Output! " (Device 1
fixed at 6.4 mA)
0 (f =119 kHZ,Vpk-pk =44 0 (Vcell =0 V) 1 (f =31.3 kHZ,Vpk-pk: 4.2
V at 2.5 mA) V)
0 (f =119 kHZ,Vpk-pk =44 1 (Vcell =7 V) 0 (f =10.1 kHZ,Vpk-pk: 0.6
V at 2.5 mA) V)
1 (f = 323 kHZ,Vpk-pk =44 0 (Vcell = 0 V) O (f =27 kHZ,Vpk-pk = 04 V)
V at 5.2 mA)
1 (f =32.3 kHZ,Vpk-pk =44 1 (Vcell =7 V) 0 (nO OSC|”at|0n)
V at 5.2 mA)

Table T2. Calculation table of Boolean logiggatesOu 't p ut
by different oscillation states of \Wdevice 1a, AND gate.b, NAND gate.c, NOR gateData

from [121].
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Chapter 5 Spiking Neural Network based on VO

Neurons

In this chapter, it will focus on the appditons of thermally coupled Vbscillators in non
Boolean type computation, i.e. neuromorphic computit@rdware implementations oie
Hodgkin-Huxley (H-H) neuron and leaky integragsdfire (LIF) neuron which have been
introduced in chapter, 2lirectly by VO oscillatorswithout any additional electronic circuit
elementswill be demonstratedFurthermore, complexspatiotemporafunctions including
temporal integration and modulation will be experientially demonstratedibiiple interacting
VOs: LIF neurons. In théast sectionthe performance of larggcale spiking neural networks
based on such experimental ¥OF neurons for recognition of MNIST harwiritten digits

will be presented.

5.1 VO2 Oscillators-based HH Neuron

As introduced in semn 2.2.2 the HodgkinHuxley (HH) neuron is one of the most
sophisticatednodelsthat describes the structural, functional and dyngmnaperties of ion
channelsion permeation andelectivity etcHowever, in order to realize theHneuron model

with basic functions like regular spiking, spikequency adaptation, and bursting, a large
number of electronic components are required to construct the circuit by traditional CMOS
technology [124]. This not only increases the complexity to design a-dadge network
architecture based on such neuron, but also limits the degree of freedom to tune the dynamics

of the network during operation.

In the following, direct hardware implementatioh the HodgkinHuxley (H-H) neuron by
thermally linkng three VQ oscillators will be presented@he device set ithesame as irfFig
4.10a Thediffererceis thatthe thermal cellvas operateth the Fmode, in which a constant
current {(cen) is applied to the thermal cellThis operation modellows for cascade
synchronization among th& O, oscillators and the thermal cell. This phenomenon occurs
because the V&thermal cell will also oscillate falicen within the NDR region, and the heat
periodically released from it strongly links cell 1 and cell 2 to its own oscillation peksd

shown inFig 5.1a cell 1, cell 2, and the thermal cell are excited with three independent current

64|Page



sourcesWhen suppliedvith I1= 3.9 mA I2=4 mA andlcen = 2.3 mA frequency locking
among the three devices can be observéigrb.1h

Thermal
cell

Threshold
volage

Fig 5.1. Thermal spike driven VQ oscillation with different firing modes. a, Optical image

of the VQ device set used for the generation of a spiking potential. Cell 1, cell 2, and thermal
cell are excited by three independent current soubcéhe oscillation waveform when cell 1

is excited at 3.9 mA, cell 2 is excited at 4.0 mA, and thermal celti'saed at 2.3 mAc, The
output waveform from cell 2 that is generated by the cascade synchronization among three cells.
This behavior mimics the generation of the spiking potential in a neuron when it is stimulated,;
Regionl: Resting state; Regie?t Stimulation arrives; Regic3: Depolarization state; Region

4: Repolarization and hyperpolarization state (also knowrfsactory period)d, Different

firing modes of the/O2 neuron by simply changing the currentcell 1 (1 from 1 mAto 5.2

mA), while keeping the current to cell BE 4 mA) and thermal celll{e1= 2.3 mA) fixed. Data

from [121].

The output waveform of cell 2 is similar to the spiking potential of a neuron when it is
stimulated. In biological systems, neurons possess abundacaraptex responses to external
stimuli so that various spiking neuron models have been established, including tonic spiking
and bursting, phase &mg and bursting[125. As demonstrated irFig. 4¢ the output
waveform of cell 2ncorporates four typicalegions equivalent to when a neuron transforms

from a resting state to an excited stdt8].[Regionl corresponds to the resting state when the
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