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Abstract

Spiking neural networks (SNN) represent the third generation of the neural networks. They are
inspired by the information processing principles in the human brain. The theory and

applications of SNN can further benefit from:

a) The use of new braimspired learning principles for more efficient learning in SNNs.
b) The use of quantum computation principles foovel learning mechanisms,
i mprovement in the SNNsoptimgaionf or mance, and

c) The use of the integration of the above.

To address poing] outlinedabove, novel mathematical and computational models of spiking
neural networks (SNN) atiatroduced in this thesis as generic SNN models, to perform both
off-line and orline prediction and classification tasks. These generic models are unified into
one single framework calle@volving Predictive Unsuperviseslupervised deep learning
algorithns for Spike Stream@&PUSS$to perform both prediction and classification tasks in

a hierarchical fashion.

To address point (lgutlinedabove, the Quantwimspired Evolutionary Algorithm (QIEA) is

improved using Chirikov chaotic map and used as thenilggrrule for SNNs. A search
mechanism is proposed to recall, associatively, a pattern stored in the memory. A new
par ameter optimisation met hod to i mprove m
Quantum Inspired Spiking Neural Network (QISNN) framewarkntroduced that combines

a neuron6s macro | evel structur al functiona
functionality to demonstrate a biological behaviour and to reinforce the computational power

of SNNs.

To address point (cputlined above, a novel Quantum Inspired Associative Memory for
Spiking Neural Network (QIASMBNN) is introduced to preserve the spiking activities

XIX



produced by the proposed models in SNNs and to recall the stored memories in the presence

of partial noisy data.

Several methods for pqgocessing and feature extractionSgatictemporalEEG data are
proposed and illustrated on a readrld problem related to brain neurodegenerative disease.
Also, a novel feature extraction method is introduced based on a coimbiogthe proposed
Chaotic Quantunrinspired Evolutionary Algorithm and fuzzy rough set theory for clinical
static data related to the EEG recordings. The purpose of this approach is to provide a potential
for weighted learning ofSpatictemporal data basg on the clinical and demographical

observations of the subjects in the proposed methods

The thesis has mainly a theoretical contribution to the area of SNN and future investigations
and applications will follow. To produce precise spiking activities,itlea of a novel neuron
model inspired by the nuclear physic concept of Microtron Accelerator is presented as a future
study to add a seHdaptable delay mechanism to the SNNs. As a future study, several pre

processing techniques are also suggestec&bvorld datasets.

Four papers are under preparation to submit in order to publish the main contributions

elaborated in this thesis.
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Chapter 1 Introduction
Abstract

This chapter presents thmotivation for the development of braiand quanturinspired
methods of SNN to further use brain information processing principles as an inspiration to
improve the functionality of SNN. Both brairand quantum information principles are

intermixed in thehuman brain, and this is also a motivation for this research.

1.1 Rationale and Motivation

With the technological advancements in almost every field of human life such as science,
business, and healthcare, a large amount of data is available to béedditem different
sources. This datdriven era requires new techniques to analyse this immense data repository

for various purposes.

Machine learning techniques have been proven to be effective methods for analysing complex,
nonlinear data and extracgpatterns from them to classify or predict future events based on

the correlation of historically learned data. Amongst these techniques, SNNs are powerful
approaches to learn Spatio and/or Spetgmporal Data (SSTD) since they are using trains

of spikes (binary temporal events) transmitted among spatially located synapses and neurons.
The SNNsb©b i nherent f a s t-basedoleamiogt approachn enérgy p o we
efficiency, and hardware friendly characteristics make them a proper choice for emerging
hardware/software computational technologies under the name of neuromorphic computational

platforms.

SNNs are composed of neurons that communicate by sequences (trains) of spikes (Ponulak and
Kasinski, 2011; Maas1997). From 1952, when Hodgkin and Huxieyduced the first spiking

neuron model (Hodgkin and Huxley, 1952), to the present, a lot of effort has been made to



develop and improve SNN and to solve a wide range of applications in the field of engineering,

economics, health, and medicine.

A spiking neural model is based on the principle of emitting an output spike signal in the
presence of stimuli from one or many spike inputs. The probability of emitting a spike is
increased by excitatory inputs and decreased by inhibitory inputs. To simuléi@g@ spuron,
several models have been proposed, among them dletdgrateandFire (LIF), Spike
Response Model (SRM), and Izhikevich neuron model are the most popular ones. Spiking
neuronal models are used to build SNN. The topology of the SNN modéie categorized

in three classes: feedforward SNN; recurrent SNN, and hybrid SNN, with the latter one
benefitting from both feedforward and recurrent topology advantages (Gerstner and Kistler,

2002).

Many coding strategies have been proposed to convei &5ifain of spikes such as time to

first spike, rank order coding, latency code, resonant burst model, coding by synchrony, and
phase coding. (Gerstner and Kistler, 2002). Some of the popular spike encoding algorithms are
Bends Spi ker AlregholdbasethAlgori(hBsS 3teporwaid ISpike Encoding
Algorithm (SF) and MovingNindow Spike Encoding Algorithm (MW). For a review one can

referrer to (Kasabov et al, 2015).

So far, many supervised and unsupervised learning algorithms are proposeual &0SNiN

model. Spike Timing Dependent Plasticity (STDP) is an unsupervised learning algorithm.
Remote Supervised Method (ReSuMe) and Spike Pattern Association Neuron (SPAN) are
supervised learning algorithms. STDP which is a variant of Hebbian Learnimn is
unsupervised learning algorithm that is sensitive not only to the spatial but also to the temporal
correlation between the spikes at-pamd postsynaptic neurons (Song, Miller, and Abbott,

2000; Buchs and Senn, 2002; Kistler, 2002; Xie and Seung, 2a@arale and Dan, 2008).



ReSuMe and SPAN are Hebbian based supervised learning algorithms which are based on an

error measured in a time window (Mohemmed et al., 2013).

Using the above encoding and learning algorithms, SNN architectures and framewerks ha

been created, such as the evolvigatictemporaldata machines (eSTDM) (Kasabov et
al.,2015). The eSTDNhas the potential to learn incrementally from data streams, including

Aon the flyo new input vari abl es, out put C
adapting its structure and functionality, be visualised, and interpreted for new knowledge
disoovery and for a better understanding of the data and the processes that generated it. The
eSTDM can be used for early event predictior
the whole input vectors (they were trained on) are presented. The eST3M frmmework

called NeuCube (Kasabov, 2014), a 3D evolving Neurogenetic Brain Cube of spiking neurons

that is an approximate map of the structural and functional areas of interest of an animal or

humanodés brain.

All the above techniquesepresent the foundation of SNN. Based on this foundation, new
methods need to be developed to improve SNN performance. In this thesis we have sought
further inspiration from the brain and quantum computation to achieve this goal.

1.2 Aims of Thesisand Research Questions

This section provides the aims of this research and outlines the contributions that are made to

achieve them.

1.2.1ResearchQuestions

In this thesis, e following research questions (R&@gaddressed



RQl1AiHow can unsupervised | earning in SNN be |
supervised deep learning methods for predictive modelling and classificatispaté

temporaldata®

RQ2ZAiHow can different typesnchrmpeuradterdamnnmiot t
synaptic connections to balance the network's spiking activity and help in the deep learning of

more precise patterns?o

RQ3IhiHow can a novel energy fuhobhgohebadeningriod

RQ4in How c an -iaspicpdiexatutionany algorithm (QIEA) be further developed using
a quantum chaotic system (to become CQIEA) and applied for optimised tpafnitoisy

data, searching a pattern in stored memory,

RS iHow <can the bi ol ogically probabilistic
mechanics concepts be integrated to reinforce all levels of computation in ShMjrigc

guantum neurons, quantum synapses and chaotic quantum unsupervigee r vi sed | ear

RQ6iHow can spiking patterns be stored and
prediction tasks in the presence of noisy or partially incomplete datarbgusing a novel

guantum associative memory (QAM) fBpatictemporald at a ? 0

RQ7AHow can the proposed QAM for storing and

terms of time and space efficiency using the

RQ8i Ho w tpmcespspatiotemporaldata and to extract useful features that can help

improve the applicability of neuromorphic computationforavealr | d appl i cati on

RQ9fiHow can the mechanism of producadapgve spi ki
manner acording to the SNN by introducing a novel neuron model using nuclear physics

concepts?o



1.2.2.Contribution s of This Study

In this thesis, | have suggested a ndweblving Predictive Unsupervisegupervised deep
learning algorithms for SpikBtreamgEPUSSS) to predict and classify the events in a unified
framework. In the EPUSSS framework, both excitatory and inhibitory neurons are embedded
in four different types of neurotransmitter receivers with different delays and functionality. In
addiion, an energy function and a neuron pruning mechanism are integrated into the EPUSSS

model to ensure litdong learning behaviour.

In the thesis, | have introduced an improved Quartspired Evolutionary Algorithm using
Chirikov chaotic map (CQIEA) tbe used as a learning rule for SNN, a search mechanism for
associative memory, and a parameter optimisation technique for enhancing the proposed

model s6 performance.

| have proposed a novel Quantunspired Spiking Neural Network (QISNN) to demonstrate

thebi ol ogi cal neuronds probabilistic behaviour
spiking neural network. The QISNN model follows the #&wel hierarchical learning

structure of EPUSSS and consists of quantum neurons, quantum synapses, &ma quan

learning rules to perform both prediction and classification tasks in a unified framework.

Another contribution of this thesis is introducing a Quantospired Associative Memory for
Spiking Neural Network (QIASMSNN) to storeSpatiectemporalpatterrs and to recall them

in the presence of noisy information.

Many SNN models work on raw, unproces§uhtictemporaldata, but in some cases pre
processing and feature extraction from the data makes the SNN model more efficient, including
the proposed modkein this thesis. Some of the proposed methods in this thesis, such as CQIEA
are applied to reduce the dimensionality of the data and the feature space. Wterldeal

problem data is collected from existing Al zh



As a lture direction, | have proposed a new neuron model based on the Microtron accelerator
to enhance the proposed spiking model 6s per
delays. Also, a quantwmnspired fuzzy rough set theory is suggested as aefwtark for static

andSpatietemporalfeature selection.

The outcome of my thesis can act as a main source of reference for Artificial Intelligence and
Machine Learning scientists, as well as neuroscientists and biologists by providing them a basis
for developing a diagnosis system to predict brain cognitive activities, neurodegenerative
disease progression and in neurorehabilitaftagure 1-1 illustrates the mainantributiors of

my PhD research.

[ Contributions ]

. N

Artificial Intelligence Novel Generic Predictive Spiking Neural Models

)

Novel Evolving Predictive Unsupervised- .
Supervised Deep Learning Algorithm for Spike

Concept of Microtron Accelerator

Novel Feature Selection methods for both Static
and Spatiotemporal data based on Fuzzy Roughest
Theory -

AN %

g
g
2
- &
T 2 g
Producing Precise Streams (EPUSSS) 5':
- o Patterns E.
Machine Learning Novel Chaotic Quantum-Inspired Evolutionary
l Algorithm (CQIEA) B
=
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Storing the L Novel Quanhml-lnspirelds Spiking Neural Network Z g
Spiking Neural Network Produced Patterns (QISNN) EE
£l
l Novel Quantum-Inspired Associative Memory for g =
—_— Spiking Neural Network (QLASM-SNN) E
Recalling the — 5
Stored Patterns Future directions E
i Novel Neuron Model based on Nuclear Physics g
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g
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Figurel-1: The main contributions of my PhD research



1.3Thesis Structure

In this thesis, all the developed methods are inspired by the NeuCubdikednamework
introduced in (Kasabov, 2014). In the following sectitbre thesis structure is provided. The

schematiaepresentationf the thesis structure can be seehigurel-2.

[ Brain- and Quantum Inspired Mathematical and Computational Models of Spiking Neural Networks ]
Chapter 1 Chapter 8
Conclusions and
Introduction Recommendations for
Future Work

[ Novel Generic Predictive Spiking Neural Models }

Chapter 2 Chapter 6

A Review of Biological Quantum Inspired
Associative Memory for

Spike-Based Learning in the
Brain and the NeuCube Spiking Neural Network:
Framework QIASM-SNN

Chapter 3 Chapter §
( Evolving Predictive

Unsupervised Supervised
deep learning algorithm for
Spike Streams: EPUSSS

Spiking Neural Network:
QISNN

Chapter 4
Using Chaos Theory to 1

L A Novel Quantum Inspired

Develop a New Quantum-
Inspired Evolutionary
Algorithm: CQIEA

[ Applications ]

Chapter 7

Application of the Proposed
SNN Models for Prediction

of Brain Neurodegenerative
Diseases

Figurel-2: A schematiaepresentation dhe thesis structure

Chapter 1 states the PhD study's motivations, goals, and resemes$tions, and outlines

methods to address these questions.

Chapter 2 provides a brief review of biological spitased learning in the brain and the
NeuCube computational framework which are the biological inspiration and the basic network

structure forlhe spiking neural models proposed in this thesis, respectively.

Chapter 3 introduces a noveEvolving Predictive Unsupervisedupervised deep learning

algorithms for Spike Streants create an integrated computational model of continuous deep
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learning of sreaming data or alternatively, of tempor8pétictempora) data of fixed time

window, encoded as spike streams.

Chapter 4 introduces a novel Chaotic Quantinspired Evolutionary Algorithm (QIEA) by
suggesting a chaotic quantum gate that can be usedeasning algorithm, a search method
for retrieving a stored pattern from a memory, and a parameter optimisation technique to

i mprove model s0 perfor mance.

Chapter5pr esents a novel Quantum Inspired SpiKkir
macro levéstructural with its micro level physical and structural functionality to demonstrate

the biological behaviour and reinforce the computational power of spiking neural networks.

The QISNN follows the EPUSSS framework principles to perform both predictidn a

classification tasks in a twievel hierarchical fashion.

Chapter 6 proposes a novel Quantumspired Associative Memory for Spiking Neural
Networks to recall produced patterns by the SNN in the presence of partially noisy input data,

achieving betteramputational efficiency and accuracy.

Chapter 7i nvesti gates the proposed model sé6 predi
power by applying them to the reabrld brain neurodegenerative disease datasets. To increase

the accuracy of learning frothe data, several pprocessing methods are introduced including
cleaning the dataset, oversampling techniques for balancing the datasets, and feature extraction

using the Power Spectral Density (PSD) method for electroencephalogram (EEG) data.

Chapter 8 summaries the thesis achievements, key findings, and contributions. Future
directions are also suggested. In the future work, a novel neuron model inspired by the nuclear
physics concept of Microtron Accelerator is introduced with the aim of addinfradseitable

delay mechanism to SNN. Also, a quantumspired fuzzy rough set theory is suggested for

feature extraction.



Chapter 2. A Review of Biological Spike-Based

Learning in the Brain and the NeuCube Framework

Abstract

This chapter presents some principles of information processing in the humantichiare
used asource ofnspiration for the brain inspired SNN models developed in this thesis. It also
reveals the functionality dleuCube which is braininspiredSNN architectureused asa

basc structurefor thenovelmethods andnodelsproposedn this thesis.

2.1. Introduction

The first part of this chapter providesmebiological perspective on learning and memory in
the brain whichhelpedto form a strong foundation for the proposed novel bigie models in
this thesisln the second part of this chapter, the Gealbe framework and its modulegluding

encodingconnectivity,unsupervisedand supervised learnirage explained

2.2 Biological Learning in the Brain

The human brain is the most complex biological system in ndtimgerstanding the brain
functionality and behavioucan be used fobuilding machine that can perfornefficient
computation, recognition and learning taskswell as having a lifeong memory storage to

store and retrieve memories.

The human brain is the central organ in the nerves system that controls all functions of the body

and governs emotions, cognitions, memory, motor movements etc.



The brain is composed of three main parts: cerebrum, cerebellum, and brai(stefigure

2-1).

Thecerebrum is the largest part of the brain which is divided into two hemispheres (left and
right). The cerebrum is responsible for controlling high level functions such as vision, hearing,

speech, reasoning, emotiotearning, and fine control of movement.

Thecerebellumis located at the back of the brain, underlying the occipital and temporal lobes

of the cerebral cortex. Despite the cerebell
volume) it contains over 50% of the total number of neurons in the Oilagncerebellum is

involved in the functions like maintenance of balance and posture, coordination of voluntary

movements, motor learning, andrtaincognitive functions.

Thebrainstem isthe most inferior portion of the brain, adjoining and structuraiytinuous
with the brain and spinal card’he brainstenfunctionsinclude regulation of heart rate,
breathing, sleeping, and eating. It also conslatinformation relayed from the body to the

cerebrum and cerebellum and vice versa

10



Frontal lobe

Left hemisphere

Parietal lobe

Occipital lobe

&- Cerebrum

Spinal cord — Brain stem

Figure2-1: The major parts of the human bréBhagat, 2007).
The brain contains approximately 100 billion nerve cells (neurons). Neurons are the elementary
processing units in the nerves system with different size argeshilowever, all neurons
consist of a cell body, dendrites, and an axon. Neurons are connected to each other by their
dendrites and axons creating a complex latlite connection between two neurons is called
synapse. The neuron which sends informatiommugh the synaptic connections to other
neurons is called presynaptic neuron and the neuron that receives information from a synaptic
connection is called postsynaptic neuron. The dendrites and axons play the role of receiving
and sending information rgsctively and cell body acts as the information processor. Once the
total i1 nput to the neur on 6 seledriedl pulsecaledyctienx c e e d

potentialgs gererated and passes through axons to other neurons.

In the brain, thenformation about a stimulus (e.g., light, sound, taste, smell, and touch) is
encoded in a temporal pattern of action potentials and transmitted to the neurons in the brain

through the synaptic connections.

11
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Figure2-2: The neuronal synaptic connectiqpsrt oftheabove image isetrievedfrom

https://sbiswasphd.com/alive%3RAe blog/f/the brokenmind-mendingthemelancholy
There are two types of synapses in the brain: electrical and chemical synapses. Electrical
synapses send electrical signals from one neuron to another using the direct passage of ions.
While in chemical synapses, due to an action potential in the pregynapton, a chemical
messenger called neurotransmitter releases, diffuses through the synapse, and binds to
receptors on the postsynaptic neuron. This binthetgveenneurotransmitterand receptors
generates an electrical signal in the postsynaptic nektectrical synapsepass the signal
very quickly,while chemical synapsdransmit the signal from ongeuronto another more
slowly. However, chemical synapsean integrate information from multiple presynaptic
neuronsand determingvhether the postsynaptieuroncontinue to propagate the sigoanot
Most of the synapses in the brain are chemicalrhins can synthesand releasdifferent
types of neurotranmitters to the chemical synapses. There are two major types of

neurotransmittersmallmolecule transmittesindlarge moleculetransmitter Smallmolecule

12



transmittergneurotransmittergre fastacting and produce a shderm response to target cell
While largemolecule fieuropeptidesare slowonset and produce lorgsting modulation of
synaptic transmissioto a group ofneighbouring cellsNeurotransmitterbave two types in

terms of functionality: excitatory and inhibitory neurotransmitters. Excitatory
neurotransmittersncrease the likelihood of @ostsynapticaction potential. In contrast,
inhibitory neurotransmitters decreabe likelihood of gpostsynaptic action potenti&dne of

the most abundant excitatory neurotransmitters in the verteheatous system is glutamate.
There are two receptors in the postsynaptic cell to bind glutamate and activated an action
potential: the U-amino3-hydroxy-5-methyt4-isoxazolepropionic acid receptor (known as
AMPA receptoj and he NmethytD-aspartate rexptor (known as the NMDA recepjor

NMDA type receptors typically possess slower kinetics than AMIPA receptors

The gammaA mi no b ut y r i-aminobuyricdacid ar IGABAIS the most common
inhibitory neurotransmittein the central nervous systems and have two types of receptors:
GABAA receptorsand GABAB receptors GABAA is involved in fast synaptic inhibition

while GABAB is considered in slow synaptic inhibition.

Glutamateneurotransmitters aiavolved in cognitivdfunctions such as learning and memory
in the brainwhile GABA neurotransmittersedu@ theneuronal excitability throughout the
nervous syster(PickelandSegal, 2014ClarkandPazdernik2013 WatsonandGreger, 2017

Smith, 2013.

According to the newlogical evidencethe brain physically changé¢hroughoutthe lifetime
which is the basis ddaptation, learning, and memoAlthough thelarge scale changes such
as the growth of new neurons or dendrites can o@ymrardy, minuteto-minute changes are

continuously happening between newa@onnectionsThese changes meuroral connections

13



which are the primary mechanism forlearneagpd me mory ar e known as

(Ramirez& Arbuckle, 2016.

Although most neurons and glial cell are formed by birth, the brain continues to develop by
refining synapses till early adulthood. The synaptic refinement which includes dendrite
development, synaptic pruning, and changes in neurotransmitter system allows brain to be

modulated for learning and memo§tépharet al.2012)

2.3 Biological Memory in the Brain

Memory is referred to as the brain ability to recall experiences or infaméahat is
encountered or learnt previoushs developed in this thesithe proposednethods of SNN

are also memory based, here | give a brief review of the types of brain memories.

According to Squire (2009), the study of learning and memory in the human brain has been
divided into three main areas: philosophy, psychology, and bioBaged on the biological

study of memory three main principles has been established to guide experimental work: 1)
memory is a distinct cerebral function which is separable from other cognitive abilities. 2) The

medial temporal lobe is not needed for imnag¢elimemory. 3) The medial temporal lobe is not

the ultimate repository of memory. It can be deduced from these three principles that memory
is not a unitary part of the mind but is composed of multiple systems that have different

operating principles andfterent neuroanatomy (Squire, 2004).

2.3.1 Types ofMemory

There are three main types of memory: sensory memorytenortor working memory and

long-term memory which function in different ways (d&gure2-3).

14
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‘ Human Memory

l l

Sensory Memory Short-term Memory Long-term Memory
Less than 1 second Less than 1 minute Life-time

Explicit Memory Implicit Memory
Conscious Unconscious
Declarative Memory Procedural Memory
Facts & Events Skills & Tasks

|
1

‘ Episodic Memory ‘ ‘ Semantic Memory ‘

Events & Experiences Facts & Concepts

Figure2-3: Human memory types (Mastin, 2010)

2.3.1.1 SensoryMemory

Sensory memory is the shortest form of memory (less than half a second) which acts as a buffer
for stimuli received through the five senses sight, hearing, smell, taste, and touch, which are

retained accurately, but very briefly.

2.3.1.2Short-term Memory

Shortterm memory, often interchanged with the term "working memory," is a temporary recall
of the information which last less than a minute. It can be considered as the ability to remember
and process information in a small chunk for a short periodhef. tin fact, shosterm memory

has a low capacity and once the information is processed either is quickly dismissed or transfer
to the longterm memory by consciously repeat to retain the information. The-t&nort
memory is supported by transient patseof neuronal communication in the regions of the

frontal, prefrontal,and parietal lobes of the brain.
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2.3.1.3Long-term Memory

Long-term memory is the brain mechanism for storing, managing, and recalling information

over a long period of time. The prosesf establishing longerm memory requires physical
changes in the neur on 0 dernspotentiatian (LTR). LWhoccaryr i s
when neurondéds synaptic connections strengthe
this phenomenors called synaptic plasticity. In other words, making meaningful association
amongst information that process in the shemnn memory can establish a letegm memory
semantically which is widely spread throughout the interconnected brain regions. thee of

brain regions that has an important role in transition of information from-s&rartmemory

to longterm memory is hippocampus. Although the hippocampus is not itself used to store

information, it is an essential part of forming and indexing meméoidater access.

There are different types of losigrm memories which sometimes require conscious efforts to
recall a piece of information which is called declarative memory and is mostly about facts and
events. Other times unconsciously recollect storEdmation without actively thinking about

it which is called procedural memory abilities such as skill learning and habit learning.

2.3.2 Brain RegionsInvolve in Formation of Different Memory

Types

Although the human brain is highigterconnected, there are six major regions identified for
different types of memory to store: the hippocampus, the neocortex and the amygdala which
are responsible for loagrm memories, the basal ganglia and cerebellum which are regions to
store sensorynemories, and prefrontal cortex that is known for storing slkomt memories
(ScienceDaily 202)). These regions are shownkigure2-4 and their functionality is tefly

described in the following.
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2.3.2.1Hippocampus

The hippocampus is locatedtime brain's temporal lobe and contains a group of neurons that
involve forming and indexing episodic memories for later access. Episodic memories are
autobiographical memories from specific events. As it was mentioned before, although the
hippocampus israessential part of the brain for the transition from steoerh memory to long

term memory, it is not the place for permanent memory storage, and it is not needed for motor

memories.

2.3.2.2Neocortex

The neocortex or cerebral cortex is a sheet of négsale that forms the outside surface of the

brain. The neocortex isi24 mm thick and contains six distinct but interconnected layers. Its

groovy and folded pattern allows covering a large surface area (typically aigagt ) to

fit withintheconfires of t he skul | . Hereupon, about 90 %
in the neocortex, mainly in its surface | ay:
surface of the neocortex or the fAwhixonmrs matt e
to support the active nerve cells. The sensory perception, generation of motor commands,
spatial reasoning and language are part of the neocortex functionality. Information that forms
temporally in the hippocampus can be transferred to the neocartexoam longterm

memories.
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Figure2-4: Brain regions for storing memories (retrieved frottps://gbi.ug.edu.au/brain

basics/memory/wherare memoriesstored)

2.3.2.3Amygdala

The amygdalaisanalmosdhaped structure in the brainods
strength and emotional content of memories. Therefore, the amygdala roleramhgince

the strong emotional memories such as those associated with shame, joy, love, or grief are
difficult to forget. This fact shows that there are interactions between the amygdala,

hi ppocampus and neocort ex whatherfkeyfuoctiomsfthé® st a b i
amygdala is forming new memories specifically related to fear. Fearful menoandse

formed after only a few repetitions.

2.3.2.4Cerebellum

The cerebellum located at the rear base of the brain which plays an importanfingenator
control is also involved in some cognitive functions such as attention, language, emotional

functions by regulating fear and pleasure responses in the processing of procedural memories.
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2.3.2.5Prefrontal Cortex

The prefrontal cortex is the paot the neocortex that is placed at the very front of the brain.
The prefrontal cortex is involved in many complex cognitive functions that require to hold
information in the shofterm memory. There is also a functional separation between the left
and right sides of the prefrontal cortex. The left side is more involved in verbal working
memory while the right side is more active in spatial working memory, such as remembering

where an event occurred.

The biological information related tthe brain structure, nerves system, and its learning
mechanisms which is reviewed in the above sectiasbelped to build the foundation of the

brainlike computational models proposed in this thesis.

In the following sections, the SNN structure and the N#agCframework is reviewed since

they provide the structural and computational basis for the proposed models in this thesis.
24. A Brief Overview of Spiking Neural Networks and the

NeuCube Framework

Since the proposed models in this thesis follow the Nibedramework principles, a brief

overview of this framework is providdzkelow.

NeuCube is a generic unified framework based on spiking neural netwiedrtovisualis,
and interpretSpatio and/orSpatictemporalData (SSTD), introduced byProfessor Nikola
Kasabovin 2014 (seeFigure 2-5). The NeuCubeframeworkis an approximate map of
structural and functionalreas of interest of the tmawith a 3D recurrent structure of spiking
neurons connected to each other according to small world connedtuist @l., 2014Bassett

& Bullmore, 20173. NeuCubdramework consists of three main modules: input data encoding
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module, ® SNN reservoir module, and evolving output classification module which are

briefly overviewed in the following sections.

Input Module 3D SNN Reservoir Module Output Module
Input data Encoding into Spike Train Unsupervised Learning (STDP) Supervised Learning (deSNN)
I ‘@ ]
@< ; @ |0
Bens Spiker Algorithm (BSA) O \\\\O l
o e
;) C) Class 2
—— — (\_) O
N o\ @
©
101 O
I “““ O
O ‘\O Class k
°| [\®,

Figure2-5: The overallNeuCube framework architectufa simplified presentatioronly one encoding

algorithm is shown out of many possilaled only one type of a classifjer
2.4.1 Input Data Encoding Module

As it was mentioned before in chapter 1, most of thelpros in nature require spatial and/or
Spatietemporaldata (SSTD) that include measuring spatial or/and spectral variables over time.
SNNs have the potential to learn SSTD using trains of spikes (binary temporal events)
transmitted among spatially located synapses and neuorn® these data amtrinsically
continuous valuedthe eroding strategieaeededo be appliedo convert SSTDa train of
spikes NeuWCube uses a variant of spike encoding strategies suBheas 6 s Spi ker Al g
(BSA), Temporal Contrast (Thresholdbased representati®nTBR), StepForward Spike
Encoding Algorithm (SF), MovingVindow Spike Encoding Algorithm (MWSdcrauwen&
Campenhout, 2003Dhoble, Nuntalid, Indiveri, & Kasabov, 201Petro, Kasabov, & Kiss
2020. In this thesis, the BSA encoding algoritl{fBchrauwen and Campenhout, 200&)s
preferred over other methods because it is less sensitive to chatigedilter and threshold

and as a result provides a more accurate spike train even for bipolaB&&esses the finite
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impulse response (FIR) filtdor converting analog waveforms to spike traifg convert the
continuousvalued data to spike training BSA, for eery instanbf the input analog signal

atin time 1 two error metricare calculated as follow:

(2-1)

and

(2-2)

Where,0 is the number of filter taps,is input signal, an"Q is the impulse response af

FIR filter at tap™Q Error Q is yielded from subtracting the filteccoefficients from the
subsequent signal valuaseach time poinand errorQ is the signal value without changing

at each time point. IfQ Q J&Q & a then a spike is generatecand the filter
(coefficients) is subtractefdom the inputsignal The optimalvalue for thehreshold is 0.9550
according to(Schrauwen and &npenhout, 2003)igure 2-6 shows a sample signal (one
channel of an EEG signal) converted to spike train using BSA. The pseudocode of the BSA

algorithm can be seen iRigure2-7.
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Bens Spiker Algorithm (BSA)
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Figure2-6: BSA encoding algorithm result for a sample input signal.

The BSA algorithm pseudocode can be sedfigare2-7.

Bens Spiker Algorithm (BSA)

1: fori =1 to sizel()

2: Q mn,Q m

3: forj =1 to sizeQ

4: if i+j-1 <= size()

5: ‘Q += abs{ (i+j-1) - "))
6: ‘Q += abs{ (i+j-1));
7 end if

8: end for

9: if Q<= (Q- threshold)
10: outputf)=1

11: forj =1 to sizeQ

12: if i+j-1 <= size()
13: i (i+-1) - ="Q(j)
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14: end if

15: end for
16: else

17: output{)=0
18: end if

19: end for

Figure2-7: Pseudocode for BSA algorith(B8chrauwen and Campenhout, 2003)

2.4.2 3D SNN Reservoir (SNNr) Module

The SNNr module in NeuCube has a 3D structure inspired bgtthetural or functional
connections betweedifferent areas of hte human kain. SNNr can provide aapproximate

map ofspatially located areas of the braiccording to standard brain atlas coordinate systems
such asTalairach Atlas(Talairachand Tournoux 1988) Although NeuCube is inspired by
human brain structural and functional neuronal connectivity, it can approxiaatap of
spatial information of different types of data sasenvironmental (geographical) datahas

a default map for data with no specific structures. In this section SNigr network
connectivity, its neuron models, and the unsupervised learning algorithm that governs the

changes of the synaptic connection strength are explained.

2.4.2.1 Smaltworld Connectivity

Establishing an initial topological (structural) connectidtyongst netwoi seuronsas well
as assigning initial weights to these synaptic (neuronal) conne@ignportant for learning

the Spatietemporalproperties of the data the model.

23



One of the successful approaches to amgatonnectivity that resenbles the biological
connectivity struct BulmoreardSporhseg2009)is amaitwbdd neur o

connectivityproposed byVattsandStrogatzin 1998

Smallworld connectivity is mathematical graph connectivity in which pinebability of
neurons connected to each other is proportional to their distance. In avamdlhetwork the
typical distancel between two randomly chosen neurons increases proportionally to the

logarithm of the number of neurotisin the network.
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Figure2-8: Smallworld connectivity creates a local recurrent reservoir network within the NeuCube architecture
After establishing the neuronal synaptic connectithed, ni t i al wei ghtsdé val u
uniform distribution betweenphrt or all weights can be simpljnitialised to a small

homogeneousalue(seeFigure2-8).
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2.4.2.2 Spiking Neuron Models

In biological neurons, an input electrical pulse (spike) can cause the potential difference in the
postsynaptic neuronbés cell interior dhed its
membrane potentiad 0.1 f t he ¢ hange mbrane potemtial i pasitive, thé s me
presynaptic connection to the neuron is called excitatory. While the negative change in the
neur ond6s membr ane podhyman inhbitory presynapticiconnettion. be ¢
When there is no input spikdhe neuronis at resting state with a resting membrane potential

0 . Whenthe neuron is at restg state, the membrane potential has a strong negative
polarisatiorof about-65 mV.Once an input spike arrivestheneuron, the membrane potential
changes (ghter positively or negatively) and decays back to constant membrane potential.
Input spike from an excitatory synapse decreases the negative polarisation which is called
depolarization. On the other hand, input from inhibitory synapse increases thevenegati

polarisation of the membrane potential further and is called hyperpolarisation.

When the membrane potential reaches the firing threghalspike (action potentialyith an
amplitude ofabout 100 mV propagates from the neuron to all the postsynapéiurons
connected to it. Then the membrane potential decays backatae below the resting potential
through a hyperpolarisation phase which is called saiterpotential. The critical membrane
values that can surpass the firing threshold and retesgie is about 20 to 30 mV above the
resting potential. To reach this critical value about 20 to 50 presynaptic spikes must arrive
within a short time window before the postsynaptic action potentials are triggdtedan

action potentiglarefractoy periodoccursin whichthe neuron is not able to emaispike even

though it reaches the firing threshold ayeherally lasts one millisecond

In Figure 2-9, the shape of a postsynaptic action poterfB&P)is determined by the time

course0 O  which denoted the time that has passed since the last output spike. Presynaptic
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input spikes tht arrive shortly after neuroi@emits a spike, have a smaller effect on the

membrane potential than those which arrive much later.

w; (0]

Upest

(0p] (0p] t
¢ I_U’ ) tj tj

Figure2-9: The shape of postsynaptic potential (PSP)
The membrane potaal linearly responds to all input spikes received form presynaptic
neurons. In other words, the total PSP of a neuron attisthe summation of all PSPs before

it surpasses the firing thresh@ld This behaviour can be formalised as folkow

(2-4)

In Eq. 24,6 0 is the membrane potential of the postsynaptic nei@rtimeo which has

several synaptic connections to the presynaptic ned@ngft8 FE,7 is thepostsynaptic
potential (PSP) which is evoked by a spike, indicates the time that the presynaptic neuron

(propagates a spike to the postsynaptic nei@and 06 0 s the time course of PSP

that evokes by presynaptic spikEgyure2-10, shows the schematic diagram of the behaviour

of a postsynaptic nean ‘Qvhen receives spikes from two presynaptic neuf@ng andQ

C.
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Figure2-10: A schematic diagram of a postsynaptic neurehavioumwhich receives spikes from two

presynaptic neuronggrstnerandKistler, 2002)

The firing timed  (Q plgtMB is the moment of passing tfieng threshold . The spike
train of the neurowhi ch 1 s the neuronds riedepehdasa t 0

sequence of firing times:

(2-5)

where]  is the Dirac functio, @ p means a spike occurs @ndw T means no
spike:
1 @ T W T (2-6)

1 oQw p W T

Since the action potential always has roughly the same form, the trajectory of the membrane

potential during spike can be described by a certain time course dencted by . The
term] in Eq.(2-4) describes the neurdf¥esponse to spiked presynaptic neuron j and

describes the form of the spike and sgalkeerpotential.
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In abiological study of neurons, four types of neuronal dynamics are observed in the presence

of a stimulating curreriGerstner and Kistler, 2002).

1) Adaptation T Most neuros in the brain will respond to th&timulatingcurrent steps
with a spike train The time intervals between spikes increase successively until the
neuron reaches a steady state of periodic firing dynamics. This adaptation beisaviour
aslowprocesasndhappens after several spikeso6 arr

2) Inhibitory 7 In the brain, there are fast spiking neurons as well that show a faster
adaptation. Many inhibitory neurons in the brain show fast neuronal dynamics in the
presence of a stimulus.

3) Bursting i In this type of neuron, neuronal response to a constant stimulation is a
sequence of spikehatis periodically interrupted by rather long intervals.

4) Reboundi Another observed neuronal dynamic, is a response to an inhibitory input
called a postnhibitory rebound. Even an inhibitory input can trigger an action
potentia] many neurons respond to the inhibitory spike with one or more rebound

spikes.

Figure2-11 shows the aforementioned four types of neuronal dynamics in the presence of a

stimulatingcurrent©O
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Figure2-11: Four types of neuron respge dynamisto a stimulating currer(GerstnerandKistler, 2002

The biological neural dynamics are very complex and depends on a lot of environmental
parameters. So far, several simplified models have been proposed to thwddiove
mentioned biological behaviour oih@uron for computational purposésnongst them hree

formal neuron models: LeakintegrateandFire (LIF), Izhikevich neuron model, and
Probabilistic Spiking Newn model (Knight, 1972 Izhikevich, 2003;Kasabov, 201Dare
chosen to explain in this thesis because of their computational efficiency @odidal
plausibility. In this chapterLIF and Izhikevich neuron model are explained as the basic
neuron models for the SNNr module. Furthermore, in chagteand 8,the Probabilistic
Spiking Neuon model as well as a novel neuron model based on Microtnhuclear

acceleratgrare introducedrespectively

ThelLeaky-Integrate-and-Fire (LIF) neuron model is thebestknownformal spiking neuron

model. LIF model which simulates a threshold model of neuronal firing, is a parallel capacitor
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O T resistor'Y circuit driven by a currentdd . The stimulating curreriOo charges the RC

circuit and causes the membrane poténtltaged 0 increases over the capacitor. Once
passes the firing threshaold (i.,e., 6 6 7)) at time0 , an output pulsg¢ 0 0 is
generated. After applying a lepass filter on the presynaptic sgiked 0  aninput currat

pulsel 6 O is generated. After a spike generated byhe postsynaptic neuroif2the
membrane potential leaksdo I and the neuron enters the refractory phasel&diage

between spikes is determined by theparametewhich isreferedto as the membrane time

constantEq. 27, formulate the LIF model.

(2-7)

Presynaptic neuron j Postsynaptic neuron I
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.
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Figure2-12: LIF neuron mode{GerstnetandKistler, 2002
In a network oBpiking neurons wittheLIF model, the curreri©o is generated by the activity

of the presynaptic neurons. As it was mentioned before, if the presynaptic #es@ spike
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ato , the postsynaptic neur@@eceives a current with time coufsed 0 . Then the total

input current to neuroifzan be calculated as follew

00 O | 6 o (2-8)
wherehe is a measure of the efficacy of the synaptic connection between rigamoiQ

Figure2-12 demonstrates the LIF neuron model behaviour.

The Izhikevich neuron model benefits from boththe computational efficiency of the
integrateandfire neurons and the biologically plausible principle of the Hodghuxley
model. Ths model isatwo-dimensional2-D) system of ordinary differential equations of the

form:

. - L e 2-9
™Mt 0 wo ptmnoo 0o (2-9)

5|0
o C

v 7o . (2-10

whereu represents the membrane potential of the neudrama membrane recovery variable,
which providesnegative feedback t0, and“Gs the synaptic current injected the neuron.
Oncethe membrane potentisdacheghe firing threshold (+30 mV), themembrane voltage

and the recovery variable are reset accordiriggto211.

s v s ON @ (2-11)
Q® 1 dMeE yn 5 o

where@is the time scale of the recovevariabled. The snaller valuef wresult in slower

recovery The paramete illustrates the sensitivity of the recovery variable to the

subthreshold fluctuations of the membrane potestiafhe paramete®indicatesthe after
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spike reset valuef the membranpotentiald. The parametéR describeshe afterspike reset
of the recovery variablé. The recommended parameter setting accorditgntkevich (2003)
are® TBI¢w T, @ unVandQ ¢. Izhikevich demonstrated that with different
parameter setting fah &) ¢y andQthe neuronal dynamics of wekhown cortical excitatory
neuronscan be simulated. Theurrent’0O0 is generated by the activity of the presynaptic

neurons in a networkf apiking neurons can be calculated using E§. 2

2.4.2.3 Unsupervised Learning in theNeuCubeSNNr Module

After creating the network connectivity, initialising the synaptic weights, and defining the
neuronso model i n gyrmpetic veights raustbeanodifiedaccdrding®a t h e

learning rule to perform recognition tasks.

According to the biological observation of neuron dynanties amplitude of the postsynaptic
responsecan change over time in the presencehefincoming stimulg. This phenomenon
indicates a characteristic of the synaptic connectionsatiesaid to be the basis of memory

and learning in the brain. The efficacy of the synaptic changes called synaptic plasticity can be
described by a synaptic weight parametethdfincoming stimulus causes a persistent increase

in the synaptic transmission efficacy, then it is called {tawgn potentiation (LTP) oh
synapse. On the other hand, if the result of stimulation causes a decrease in the synaptic

efficacy, it is calledong-term depression of synapse (LTD).

In the spiking neural networla synaptioveight parameteb is assigned to each synaptic

connection to illustrate the amplitude of the postsynaptic response to an incoming action
potential (spike)Thesesynapticweights can be adjusted modified based oalearningrule

to optimise the performance of the network for a given recognition task.

Spike Timing Dependent Plasticity (STDP) learni(®png, Miller, & Abbott, 2000}s a type

of Hebbian learning fa. It governs the synaptic efficacy based on the temporal correlation

32



between presynaptic spike arrival and postsynaptic fi®IdOP decreases the amplitude of
postsynaptic response if repeated presynaptic spikes arrive a few milliseconds before
postsynatic action potentials. This early arrival leads to LAdmegm Potentiation (LTP) of the
synapses. On the other hand, STDP increases the amplitude of postsynaptic response if repeated
presynaptic spikes arrive a few milliseconds after postsynaptic actientjads. This late

arrival leads to Long erm Depression (LTD) of the synapses (Martinez and Derrick, 1996).
Thechange in the synaptigeightbetween gresynaptic neuroéand apostsynaptic neuroi
(YU ) depends on the relative timing betweersgraptic spike arrivals and postsynafitiag.
Considering is apresynaptic spike arrival time at synaf@ehere’Q plglof8 andd with

"Q phefof8 is the firing times of the postsynaptic neuf@The total weight chang®) is

calculated as:

5 (2-12
Yo w o 0
wherew  isthelearning window calculated as foll@w
w -
b & ABD— Qb T (213

_l.

O ® OAQI?— Q¢ b T

The parameters andod scale the strength of potentiation and depression, respeciinely.
time constantss p i andt p 1 i define the width of the positive and negative

learning windowFigure2-13illustrate the schematic diagramtbe STDP rule.
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Spike-Timing Dependant Plasticity (STDP)
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Figure2-13: Spike Timing Dependent Plasticity (STDP) rule

2.4.3 Evolving Output Classification M odulein NeuCube

In oneimplementation,iie output classification module in NeuCube uses the dynamic evolving

spiking neural network (deSNNKasabowet al, 2013)which is a fast online classifié train

the outputneuronsbased on an association between class labelthamichining samplesTo

this end, after the SNNr module is trained using STDP unsupervised learning rule, the input

data is again propagated through the network and the al#sstfierlearns itsoehaviourand

dynamically assigns it to an output class nauila the NeuCube architecturdl, the SNNr

neurons are connectéa each of the evolved neurons of theSNN classifierThis network

structure allows deSNN to learn tb@mplexSpatietemporalpatterns generated in the SNNr
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The following section desdres the deSNN supervised learning rule used irChilee in more

detail.

24.3.1 Supervised Learning in the Output Classification Module

As it was mentioned before, NeuCube uses de&lits supervised learning mechanism along
with the STDP unsupervised learning rule to adapt the postsynaptic weights connected to the

classifier from reservoir neurons.

ThedeSNNalgorithm uses theank-order(RO) learning andSpike Driven Synaptic Plasity
(SDSB spiketime learningrule in a semsupervised way to train neurotwsrecognisethe
Spatiectemporalpatternusing only one iteration of trainirig anonline modgKasabowet al,
2013) In fact,deSNN ussg both the informationwhich is contaned in the order of the first
input spikes and the informati@xtracted fronthe timing of thdater incomingspikes that is
learntby the dynamic synapsel deSNN the information coming fronthe order of the
incoming spikess learnt usindRO learningrules and thetthe initial connection weightare

modifiedthrough SDSP learning over thest of theSpatietemporalpattern

The deSNN method in NeuCube creates output neyeraved) incrementallffor each
training sampléo capture clusters of inpdataand assign them to a wiimg class output node.

There are two variants of deSNN used in NeuCube during the recall phde&Nmwhich

uses th&NNrneurors Postsynapticpotentials (PSPJynamicgo identify the winningneuron

b) deSNNswhich defines the winning neuron basedBuclidean distance betweene ur o n s 6
synaptic weights over timdhe following deSNN learning mechanism is described in more

detail.

In the deSNN training phasdor each Mdimensional training inpypatternd , a new output

neuron’Qs createdand connected to each neuron infitrained SNNr module The synaptic

weightsd  (Q plehB R ) betweertheinput neuronQin the reservoir and the newly created
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output neurorare calculated based on theler of thancoming spikes on the corresponding

synapses using the R€arning rule

Op J&EQ 8 (2-14)
where is a learning parametdbetween Cand 1), the & € ‘@ a modulation factowhich
indicates the importance othe order otthe first spike(between Gand1), U j is the synaptic
weight between presynaptimeuron'Gand the postsynaptic neur@@ande i 'Q @Wdenotes
theorder of the first spikarriving throughsynapséQ#mongall spikes arriving from albther

synapses to the neurd@For the first spike to neuroffthe ¢ i Q@WNis 0 and increases

according to thenput spike order at other synapses.

After initializing the synaptic weigt U ; according to the first spike at the synaf@¢his
synaptic weight is adjusted usittge SDSP (or STDP) learning rule. According to SDSP rule,
if there is a spike at synap$at timeo, the synaptic weight  increases with a small positive

value calledthe positive drift parameter. On the other hand, if there is no spike at sy@apse
time ¢, the synaptic weight j decreases with a small negative value céledegative drift

parameter.

Yor0 Qo8 (2-15)
In Eq. 215, while presentinthelearnt inputpatternd to the output neuroifif at timeothere
is asuccessivespike at synaps@®A 0 p andif at timeo there is naspike at synaps®
Ao p. Under the influence of synaptic dynamisms ated byA 6 parameter, the

parameterO can havepositive or negativevaluesfor up and down synaptic drifts. This
behaviouthelps theoutputneurons capture tiiemporal relationship of spike timing across the

learnt patterm) attime o.
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While presenting the input training pattern to the output neusosgiking thresholdYQ is
assigned to theutput neuroriQThefiring threshold™ Y is calculatedas a fractiond) of the
total 0 "YO(called0 "YO  of neuron"Qaccumulated during the presentationtioé input
patternin a timewindow “Y During the recall phase, this firing threshold makes the output

neuron release a sjgikn the presence of patterns similar to the learnt ones during training.

(2-16)
0 YO QO O

Yo 8 YD (2-17)

In Eg. 216, "Yrepresents the time units in which the input pattepresentedo the output
neuron0 is the number of the input synapsesheneuron’Q@’Q 6 shows the firing dynamics
of synapséat timeo(i.e.,, Q0  pif there is a spike atynapséQor thislearntinput pattern

attimedand™Qo  mif otherwise), andd 0 is the efficacy of theynapséQ®ilculated at

time 0 usingof Eq. 2-15.

The parameted that isusedfor calculaing the"YQ threshold(Eq. 217) enableseuronQo

emit aspike(recognise the input patterbg¢fore the wholéearntpatternis presented.

As it was mentioned before, in the recall phase, deSNN can use two different approaches for

comparing input patternsith alreadylearrt patterns in the output neurons

a) deSNNmi Il n this approach, the output neur ono ¢
define the best output match for the input pattern. Namely, the new data input which is
encoded to a spike train is propagated to all éihioutput neurons and the first output

neuron that responds to it with a sp(ke., its PSP reaches th¥& threshold determines
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b)

the output class€Eq. 218, formulate the membrane potential calculation for recpi

pattern:

(2-18)
0 "YW Qad ja

whereo is the current time unit during pattern presentation in the recall nbode the

number of the input synapses to the nedf@®@ & p if there is a spike at timaat
synapséQor the recall pattern ad@ & if there is no spike, andl ¢ is the efficacy

of the synaps&®lculated at timé

deSNNsi In this approach, for each recall input pattern a new output neuron is created in

the way that is created in thaihing phasethen thesynapticweight vector of the nely
created output neuron is compatedhe existingputputneurons using Euclidean distance.
The closest output neuron in terms of synaptic connection weajtits new neurois the

0 wi nautpu ckass This method, which is inspired Isansductive reasonirginciples,

uses nearest neighbour classification in the synaptic weight space to capture a new pattern

or match it to an existing ondsigure 2-14 and Figure 2-15 illustrate the deSNN

pseudocode and learning schema, respectively.

Dynamic Evolving Spiking Neural Network (deSNN

1:

2:

Initialise deSNN parameters: ¢ (D, 6,| , andi "Qimilarity threshold)
for each input patter
create a new output neur®
initialise synaptic weight® 1 using RO learning rule denoted in Egl2

modify the synaptic weights for successive spikes on the corresponding synapses using

rule denoted in Eq.-25
calculated "YO using Eq. 216

calculate the firing threshold®Q for neuronCusing Eq. 217
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if the new wight vectob is similar to an existing output neuron using Euclidean distance

& similarity measure and "Qthreshold

9: merge the two @urons by averaging their threshold and synaptic weights
10: else

11: add new output neuron to the network

12: end if

13: end for

Figure2-14: Pseudocode for deSNN algoritiitasabov et al., 2013)

The deSNN algorithm is a computationally efficient learning algorithm due to itpasse

online incremental learning mechanism and improves the classification timaskadly.

3D SNN reservoir deSNN
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Figure2-15: ThedeSNN learning schema.

2.5 Chapter Summary

This chapter provided the background information about some principles of brain information
processing used further in this thesis for the development of new SNN methods. The chapter
also describes the SNN architecture NeuCube (Kasabov, 2014) used adiree agl as

inspiration for the development of the new SNN methods in the rest of the chajtbgsther,
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the biological brain structure, learning, and memory along with the computational models and
framework introduced in this chapteave helped to pppose and develofhe brainlike

structural and functionality for the novel framework and learning algorithms in this thesis.
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Chapter 3. Evolving Predictive Unsupervised
Supervised deep learning algorithms for Spike
Streams EPUSSS

Abstract

This chapter presentshe Evolving Predictive Unsupervised Supervised deep learning
algorithns for Spike Stream@EPUSS$. EPUSSS is a unified framework for SNiNcluding
different algorithms to perform prediction arldssification in a twédevel hierarchical fashion.
Themainprinciples of this model were first proposed in (Kasabov, 2018, pagez2s)land

here they ardully developedand improvedas a workingframework along with their
illustration on exemplar dat Since EPUSSS is a deep learning SNN modeis tthapter
introducesand reviewg deep learning neural networks as a relevant comparative background

to the topic.
The chapter addressése followingresearch questign

1 RQ1iHow an unsupervisel@arning in SNN be integrated with localpervisedand
global supervisedeep learning methoder predictive modeling and classification in
one unified framework 0

1 RQ2nAHow candifferent types oheurotransmittereceiverbe incorporated int8§ NN 6 s
modé synapic connections tdo a | a n c e gpikirng waivitykadds help to create
more precisp at t er ns ? o0

1 RQ3 fiHow can a novel energy function be introduced fdifexlong learning in

SNNs?
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3.1 Introduction

One of themost prominenthallenges scientistaceis making sense of complex dynamic
patterns found in multimodal streaming dat a,
interpreted then our ability to explain phenomena in nature, understand the mechanisms of
human cogition, and predict future events will be significantly improved. The current-state
of-the-art of Atrtificial Intelligence (Al) is deep neural networks (DEN(Bengio, 2009;
Schmidthuber, 2014; LeCun et al., 2015; Goodfellow et al, 2016). Despite theissuicce
large-scale pattern recognition (Krizhevsky et al., 2012; Esteva et al. 2017), they have severe
constraints when learning from continuous streaming data. They do not capture patterns from
data that include both time and spatteey are slow to learmrequire the processing of

unnecessarily large amountsdzfta andare mainly applied to static datasets.

Inspired by the ability of the human brain to learn and predict long temporal sequegces (
music, texts, navigation pathways, etc.), a novel computational model forirdee®
machine learning and predictive modelling of streaming data c&lexdving Predictive
UnsupervisegSupervised deep learning algorithms for Spike Strd&RESSS) is itroduced
here. In the proposed approach, data continually stream into dikeaiodel at every time
point (millisecond, day, etc.). As causal relationshippaifernsarelearnt the model retains
and evolve its structure. The knowledge of these caudations become more deeply

embedded as more temporal data enters the model.

The model is characterized by 1) learning patterns from multimodal streaming data; 2) fast,
i ncrement al adapti dveo,ngdnd eaheomngt i &YNtdtyhed lriu
evolve its structure from data; 4) apply unsupervised and supervised learning modes; 5) early

and accurate future event prediction including events that are hiddeimeleep.

43



The objective of the proposed method is to create an integrated ctionmltanodel of
continuous deep learning of streaming data or alternatively, of temBpeig¢tempora) data

of fixed time window, encoded as spike streams. As only a partial case, the data can be of a
fixed time window, but without any restrictions ihe length. A model will learn all data
entered as a sequence of spike frames and will evolve meaningful irSpatadtemporal
patterns that can be stored from time to time for retrospective analysis. If an input pattern of a
specified length is entergdith a known output, a specific pattern will be activated (as a deep

trajectory of spikes in the model) and this pattern cdedmatfor the prediction task.

3.2 Previous Work

A Predictive model uses historical data to provide a calculated suggestion for future events by
modelling the dynamics of a complex system. Predictive models have been widely used in
many realworld applications like financial time series prediction, weatind natural hazards
forecasting, prediction of thprogressof a disease, etc. Indhfollowing, a brief review of

spiking neural models for prediction tasks is provided.

3.2.1Predictive Models Using Spiking Neural Networks

Yang and Zhongjian (2011ntroduced a predicting model based on spiking neural networks
(SNNs) to predict China annual grain yields. Kaplan et al. (2013) inspired by the retinotopic
cortical areas architecture, presented a network model of condutiase integratandfire
neurors. They implemented predictive coding through network connectivity using connection
delays and tuned properties of the source and targettegisdict the motion in tracking a
moving dot experiment. Reid et al. (2013) used a Polychronous Spiking Ndowdirkancial

time series prediction. Reid et al. (2014), in anotféort, used a Polychronous Spiking
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Network forthe prediction of sunspot and auroral electrojet index. Tu et al. (2014) used a
Spiking Neural Network reservoiSNNr) and dynamic evolvig Spiking Neuron Network
(deSNN classifier withitheNeuCube framework fadheprediction task Gibson et al. (2014)
presentedearnable temporal delayd both dendrites and axons for a spiking neural network
to forecast temporal sequences in a railp prediction mechanism. In their mqdedurons

can function asynchronously to predict future events in a video sequence by learning the
temporal structte of spacdime events adapting to multiple scales. Gibson et al. (2014)
proposed a spiking neural network to perfornioag-range prediction task based on the
DVS128 data. Gilra and Gerstner (2017) proposed a supervised learning scheme for the
feedforwad and recurrent connections in a network of heterogeneous spiking neurons to
reproduce the naolinear body dynamics caused by motor commands. They backpropagated
the output error, whickdepend®n the presynaptic activity, through the random connections
with a negative gain, causing the network to follow the desired dynafitte same timegn

online and local rule changes the weights. Zhou and Wachs (pédp9sed the Cognitive
Turntaking Model (CTTM) to achieve early tutaking prediction. This modierocess
multimodal human communication cues both implicit and explicit and predict human turn
taking intentions in an early stage. Brusca et al. (2017) utitzetleuCube framework for

the prediction of wind farm energy production. Hamano et al. (20&éd a 3dimensional
network oflocally connectedheurons witithe NeuCube framework to predict blood pressure.
Despite the remarkable outcome of the abmentioned research workspiking neural
networks suffefrom scalability and accuracyheyalsolack a proper mechanism to deal with
large scale data withouwffecting the accuracyand computational time. Anothenissing
concept here is deep learning techniques to improve the abiétract hidden features from
input data to improve learningutcome. In the following, some of the works in the literature

on the deep learning approaches combined with SNNs are reviewed.
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3.2.2Deep Learningin Spiking Neural Networks

Sincethelastdecadethe concept of deep structured learning, which is contyraailed deep

learning or hierarchical learninpas emerged as a new area of machine learning and signal
processing research. Deep learning models consist of multiple layers or stages of nonlinear
information processing and includes methods for supehvseunsupervised learning of
feature representation at successively higher, more abstract layers. Some of the deep learning
techniques proposed so far are Stacked Autoencoders, Deep Belief Networks, Deep Boltzmann
Machine, Convolutional Neural Networksata Stacking Networks, CompouHiierarchical

Deep Models, Convolutional Deep Belief Networks and Deep L8hgrt Term Memory

Neural Networks (Deng and Yu, 2013; Langkvist et al., 2014; Cai and Liu, 2016).

Although deep learning has demonstrated very successful performance in learning complex,
high dimensional features, it suffers from the famous problem of vanishing or exploding
gradients when the error signalbackpropagatedalso known as thingtimelag problem.

Il nitialization of the deep | earning architec
activation functions and input connections is another difficulty (Langkvist et al., 2014;
Schmidhuber, 2015)Currently, many researchers areyitig to overcome deep learning

drawbacks (Schmidhuber, 2015).

Deep learning techniques have been successfully applied tedines data (Langkvist et al.,

2014; Gashler and Ashmore, 2016) which share a lot of similar features with-gpettco
temporaldata (SSTD) which Spiking Neural Networks (SNNs) due to using trains of spikes
(binary temporal events) transmitted among spatially located synapses and neurons have

potential to learn them effectively (Gerstner and Kistler, 20Q@houghdeep learningelies

46



on a differentiable activation function and cannot handle discretessjpileze are several

efforts done t@daptdeep learningnechanism$o SNNs:

Diehl et al.(2016) presented a traandconstrain methodology that enables the mapping of
machinelearnt(Elman) RNNs on a substrate of spikimguronsvhile being compatible with

the capabilities of current and ndature neuromorphic systemshis "train-and-constrain”

method consists of first training RNNs using backpropagation through time,iffeeetiding

the weights and finally converting them to spiking RNNs by matching the responses of artificial
neurons with those of the spiking neurod@® Connor and Wel l ing (2016)
Multi-Layer Perceptron to do backpropagation on a sgiketwork. The authors formulate a

deep spiking network whose function is equivalent to a deep network of Rectified Linear
(ReLU) units. Then a spiking version of backpropagation to train this network is introduced.
Compared to a traditional deep netwarkh e Deep Spi ki ng Networ k ca
about the class associated with a stream of input events, before all the data has been presented
to the network, the training procedure consists only of addition, comparison, and indexing
operations, which gentially makes it very amenable to efficient hardware implementation,

the amount of computation that the network does is a function of the data, rather than the
network size. This is especially useful given that the proposed network tends to learn sparse
representationd.ee et al. (2016proposed a novel technique, which treats the membrane
potentials of spiking neurons as differentiable signals, where discontinuities at spike times are
only considered as noise. This enables an error backpropagationnmeciar deep SNNs,

which works directly on spike signals and membrane potentials. Thus, compared with previous
methods relying on indirect training and conversion, their technique has the potential to capture
the statics of spikes more precisely. Esseale(2016) adapted deep convolutional neural
networks to perform classification tasks on neuromorphic hardware. The authors provided a

description of the relevant elements of deep convolutional networks and the TrueNorth
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neuromorphic chipTheydescribedchow the essence of the former can be realized on the latter.
Esser et al. (2015)esolved the incompatibility between backpropagation, which uses
continuousoutput neurons and synaptic weights, and neuromorphic designs, which employ
spiking neurons and dieete synapses. Their approach was to treat spikes and discrete synapses
as continuous probabilities, which allows training the network using standard backpropagation.
The trained network naturally maps to neuromorphic hardware by sampling the prokabilitie
to create one or more networks, which are merged using ensemble averaging. Hunsberger and
Eliasmith (2015) trained spiking deep networks using leatggrateandfire (LIF) neurons
andachieve statef-the-art results for spiking networks on the CIFAR and MNIST dataset.

They showed thabiologically plausiblespiking LIF neurons can be integrated into deep
networks and can perform as well as other spiking models. Diehl et al. (2@58hted a set

of optimisation techniques to minimize performance loss in the conversion process for
ConvNets and fully connected deep networks. Their techniques include using rectified linear
units (ReLUs) with zero bias duringainingand using a new &ight normalization method to

help regulate firing rates. The authors used a method for converting an ANN into ah&NN
enables low latency classification with high accuracies already after the first output spike. Cao
et al. (2015) proposed a novel apgch for converting a deep CNN irda SNNthat enables
mapping CNN to spikéased hardware architectures. Their approach daaptsthe CNN
architecture to fit the requirements of SNN, then trains the adapted CNN in the same way as
one would with CNN, iad finally applies théearntnetwork weights to an SNN architecture
derived from the tailored CNN. Henderson et al. (2015) proposed a scheme for learning
connectivity in spiking neural networkisatlearns instantaneous ring rates that are conditional

on the activity in other parts of the network. Their scheme is independent of the choice of
neuron dynamics or aactivationfunction and network architecture. Their method involves

two simples online, local learning rules that are applied only in respamsed¢urrences of
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spike events. Indiveri et al. (2015) presented a full custom hardware implementation of a deep
neural network, built using multiple neuromorphic VLSI devices that integrasdogue
neuron and synapse circulits together with digital asymaus logic circuits. The deep network
comprises an evetttased convolutional stage for feature extraction connected to abssikd
learning stage for feature classification. Huang et al. (2015) provided an overvighe of
Extreme Learning Machine (ELMjom the theoretical perspective, including the interpolation
theory, universal approximation capability, and generalization ability. They reviewed
improvements made to ELKb enhance its stabilitysparsity,and accuracy under general or

specific conditios and compared it witthe deep learning system.

Most of the works in the above literature suggested the concept of deep learning in SNNs by
combining convolutional layers with SNNs or using spiking neurons in @NiNitecture

There is no method that can demonstrate deep learning of input patterns in SNN as part of its
internal learning mechanism instead of embedding convolutional layers or borrowing the

concept of spiking neurons in the CNN structure.

In this thesis, a novetomputational SNN model for deep learning of spike streams is
introduced which demonstrates deep learning as part of its learning mechanism within a

recurrent network of spiking neurons.

As it was stated in chapter one, learning methods in spiking neaivabriks are mostly based

on Spiking Time Dependent Plasticity (STDP) which is an unsupervised learning algorithm.
However, there are many attempts that have basateto introducean effectivesupervised
learning mechanism to enhance the accuracy of tidsSBupervised learning in SNNs is not

an easy process in comparison to Artificial Neural Networks (ANNs) because of their
discontinuous natur®ne of the populasupervised learning algorithms ANNSs isthe error

backpropagatiotechniquébecause of itkast convergencthat is a resulbf usingthegradient
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descenptimisationtechnique. Howevetthis techniquerequires differentiabilitywhich is

suitablefor continuous networksvhile SNNs are discontinuous netwaorks

To overcomethe limitation of using the backpropagation algorigthm SNNs the discrete
valued functiongan be approximateaith linear functiors during the learning phass using
athreshold function or firing tas as continuous valugssolve the problem of differentiability
(Bohte& Poutré, 2000Bohteet al. 2002, Schrauwer& Campenhout 20@, Leeet al., 2016;
Matsuda 2016; Wu et al., 201&hanget al., 2020Anwani & Rajendran2020).

In some othemapproachesSTDPis combinedwith reinforcement learning reward and penalty
mechanisminspired by the roles of neuromodulators such as Dopamine (DA) and
Acetylcholine (Ach)calledrewardedmodulated spike timinglependent plasticitfR-STDP)

to provide suprvised learningbility for spiking neural network@-arries & Fairhall, 2007;
Legenstein, Pecevski, & Maass, 2008; Gardner, Sporea, & Gruning, 2014; Frémaux &
Gerstner, 2015; Aswolinskiy & Pipa, 2015; Mozafari, et al. 2018).

The novel EPUSSS computatidmaodel introduced in this chapter has a {eweel learning
structure: a local learning mechanism based on the SpikeProb (Bohte, Kok, & Poutré, 2000)
and a global learning mechanism according to RR8TDP ruleto demonstrate more

biologically plausible larningbehavioulike the brain

3.3The EPUSSSL earning Principles

Neuroscientists proposed theories that in which learning in the brain is not only because of
synaptic plasticity but also is due to some sort of error backpropagation meclrasisonal
feedback)that leads toselfregulation of brain activiés (Strehl, 2014). However, the
backpropagation algorithms in artificial neural netwaikebiologically implausibledue tothe

lack of local error representatiosymmetry of forwards andbackwards weightsand
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unrealistic models of neuroifg/hittington and Bogacz, 201.9yhe EPUSSSmnodelwhich is
inspired by biologicdy learning theories aradopted the NeuCube framework as its backbone
structureprovides a more biologidal plausible learning modigvith brainlike characteristics

by addressinghe abovementionedssues EPUSSS$which is a type ofecurrentSNN model

has twaelevel learning mechanisntisat resemble the biological learning in thraitx

a) a local learning mechanism in which the synaptic plasticity is combined by neuronal
feedbacKkrom input data dynamider selfregulation of synaptic activities to learn and
predict input datdehavioumwithout considering the target class label.

b) a dobal learning approach in whi¢darning isreinforced by a neuromodulatory signal
that is generated by tldassificatonr e sul t s t o adjust tihe neur

the proportion of their contributioto learning a specific time course.

The EPUSS architecturewhich is influenced by the NeuCube framework, has three major
modules: the encoder moduwidich usesheBSA algorithmthatencodes input data into spike
traing a3D SNN reservoir modul@ whichthe local learning mechanism of EPUSSS governs
the synaptiefficacy in a semsupervised wayand the output module which deploys the global
learning mechanism of EPUSS8ombined witha modified deSNN model to provide
neuromodulatory feedback to modifymnaptic efficacyin a supervised wayEPUSSS uses

spiking neuron models such as LIF and Izhikevich

In the EPUSSS3D SNN reservoiran input neuronis connected to reservoir neurobg
synaptic connectiandto otherinput neurons b y hygersynaptié ormectios. Theinput
neuronsare mapped in a 3D (2D) SNN structure according to their 3D (2D) spatial coordinates
or the similarity between the input data streafise model always learns from spike
sequencdime series data to predict the nesxtikesin a certain timavindow. Predictive

modelling is achieved throughsamisupervisedocal learningmechanisnusingthe error of
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predictionin a certain timavindow and abackpropagatiomule thatadjustthe efficacy of
synapticweights of theeservoimeurons. Theutput neurons inspired lifged e SNN model 6 s
concept are createdcrementallyfor each training sampl® associate the input data with a
class label. For this purpose, all the input neurons and reservoir néurjuss input neurons)

are connected to outpaeurons usinghe RO methogdand their synaptic weights are adjusted
based othe EPUSSS global learning rule using a neuromodulatory signal that is generated by
the results othe classification in the traininghase. Therinciple behind the algorithm t®
perform both prediction and classification in a #l&gel hierarchicalearningstructure In the
proposed modethe input neurons contribuemormously tdoth local and global learnintn

local learning the system learns to predict the input data dynamics through modifying the
oscillatory rhythmic patterns of neuronal firing activities. A sliding twiadow allows
EPUSSS to captutlefiring behaviourof theinputneurons for a certain time coulisevhich

the input datas expose to the networkThe input neurons have recurrent connections from
thelast layer of reservoir neurons that helps them to learn the activity of the reservoir neurons
and inflence other input neurons to hay@imal learning likehe cooperative learning in the
brain. Then by crossnatching input neurons fining behaviour with the input data dynamics in
one (several) time unifg) ahead the error wilhe calculated and backprayzed to modify the
synaptic and hypersynaptic connectiofisis process is similar to synaptic plasticity based on

local signals in the brain.

At the end of each episode of learntmresponding to the presentation of the entire input
pattern with”Ylasting duration to the network, a neuromodulatory signal from the output
neurons iggenerateased on the target labeldsinga RewardedModulated SpikeTime-
Dependent Plasticity @TDP) rule the generated neuromodulatory signal hegsard or
penalisethe synaptic and hypersynaptic connecticgfiicacy. This process is theylobal

learning mechanismf EPUSSS whichresembles the feedbatdop learning from external
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stimuli in the lvain. The EPUSSS architecture and its learning principles can be sEguin

3-1.

EPUSSS: Evolving Predictive Unsupervised-Supervised deep learning algorithm for Spike Locally Connected Neurons @
Streams Input/Output Neurons ®

Excitatory Connections

LN 0y Inhibitory Connections —_—
LocalLearning Layer 2

Reservoir Neurons” Recurrent Local Connectivity B w2) ¥

Local Emor

Global Learning deSNN layers
Hyper synapses . p

‘ Global Error backpropagated as
a neuromodulatory signal

v
Input/Output Neurons

Figure3-1: EPUSSS Evolving Predictive Unsupervise8upervised deep learnifiggmeworkfor Spike
Streams

3.4 EPUSSS Novel Characteristics

The EPUSSS moddlasseveral novel characteristics that make it a powerful computational
model which is more biologically plausible. In this sectiobiological resemblant

characteristicsand computational characteristics of EPUSSS is explained.

3.4.1Biological Resembance Characteristics

The EPUSSS local error representation mechanism uses local signals from neurandl pre
postsynaptic activities to modify synaptic
plasticity in the brain. The aim of this mechanism is to capturgphto-temporalcorrelation

in the input data space by adapting to the statistical properties of the neuronakfrawipurs

The global learning mechanism of EPUSSS uses the concept of neuromodulatory signals in the
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brain, which influence the synaptictdgties by reward and punishment to help learn and create
memories. Neuromodulators change the excitability of neurons to form memories. Some
neuromodulatory signals which have been linked to reward are released both as a response to
the moment of rewardand to stimuli that are predictive of rewards. Some other
neuromodulatory signals are related to sensory raaqodellingand inhibitory avoidance in
training. Using neuromodulatory concepts, neurons in the proposed model get feedback of
reward or punishnme to modify their spiking activities to form memories and recognize the
learnt pattern in the presence of the external stimuli (i.e., target class labelkker biological

aspect of EPUSSIS theoretically being capablelde-longlearning with thebility of transfer

learning Thesecharacteristicshat allowEPUSSSo continuously learn fronthe input data

without being saturateake as follow:

U In one implementationEPUSSS ha80 percentexcitatory and 2(Qercentinhibitory
neuronsn its spiking neurahetwork insucha way thatheinhibitory neurons spike faster
than excitatory neurons to balartbe network spikingoehaviour

U  The synaptic connections in EPUSSS hfaue types of neurotransmittereceptors

1 Exdtatory neurons have two types of neurotransmitter receptors:
o AMPAR: fastexcitatory synaptic transmissi receptors
o NMDAR: slow excitatorysynaptic transmissioreceptors

1 Inhibitory neurons have two types of neurotransmitter receptors:
0 GABAAR: fastinhibitory synaptic transmission

0 GABABR: slowinhibitory synaptic transmission

By introducing synaptic delaythe synaptic transmission time can be controlled
to mimic fast and slow signal transmission lis®logicd neurotransmitters

behaiour.
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U  Synaptic pruningvhich is part of brain development is another feature of EPUSSS in
whichneurons thatlo notshow activity for a certain timerindow will lose their synaptic
connections gradually by decreasing their postsynaptic weigfitsmechanism helps to
eliminate noisy neurorfsom the learning processdimprove the model prediction and

classification performance

3.4.2Computational Characteristics

Besides the biological characteristic, EPUSSS has adopted several computagithoals to

performits learning mechanisma a more efficient way.

In the local learninghe error backpropagationethod which is based on the SpikeProp error
backpropagation rujeises the temporal derivativethep o st synapti ¢ iywput ne
to adjust synaptic connectionshe global learning mechanism uses th&THDP rule to
feedback the reward and penalty according to the target class labels from the deSNN output
neuron to adjust both hypersynaptic and synaptic connections. In this nsaghaeluron$
synaptic connections are modified accordinghe proportion of their contributiorio the
learning of input patterng:inally, themodified Lyapunov energy functio(Kobuchi, 1991,
Yerramallaet al., 2003; Lee et al., 2010; Yan et al., 2013; Frady and Sommer, 2019; Stern and
SheaBrown, 2020)is used tdkeepthe network stable while acceleratitige learning process

by a closedoop control mechanisnThis characteristic of EPUSSS also plagsiraportant

r o | dife-lonyole@rningability. Namely by controlling the synaptic activities corresponding

to the outcome of learning (i.¢he energy of the network}he Lyapunov energy function
preventst he net wor k 6 s satusatioawbite IERUSSSeerfagnts tclassification

tasks
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3.5 The ProposedEPUSSS Learning Mechanisms

EPUSSS learns from both local and global feedbacks from neuronal activities and external
stimuli, respectively. In the EPUSSS architectuneltiple hierarchical areas are connected to
each other through input neurons. This feature allows information from differest(iaaat
neurons)to contribute to the learningrocessby affecting each other and their locally
connected networks more iefently. Furthermore, the input neurons can represent different
types of data, different topological connectioaisd areas of interegthich makes EPUSSS a
powerful learningtool with explainabilityandinterpretabilitythat cananalysethe impact of

eadt type, ares of interesind topological connectivity on the outcome of learning.

The idea behind hEPUSS$wo-phasesynaptioveight updating mechanisflocal and global
learning is to provide a selfegulatory ability inboth unsupervisednd supervisdways In

other words, the memory of unsupervisiedal learning will transfer from the loty
connected reservoir neurons to the input neurons at the higherTaeelthese biologicdy
plausiblecomputational units adjust their learning experience by updating their hypersynapse
according to the classification outcome. The hypersynaptic connections provide an ability to
engagea different spatial region othe EPUSSS modelvhich is a 3d represeation of the

brain. This approach helps to mimic the real brain learning mechanism to someasxteeil

as offering an efficient predictive model that can predict the nexts$igghe input patters

andclassify the predicted patteragnultaneously.

3.5.1 EPUSSS Local Learning Mechanism

In the EPUSSS local learning process, the input neurons propagate the input pattern to the
locally connected reservoir neurons. Then in a ssipervised manngthe input neurons
behaviour is observed in a certaingéfwindow and compared to the input pattdymamicsat

the same timsavindow or several stepahead. Thereupon, the error frahe comparison
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between the input pattern dynamics and the input neuron spiking activity is used to adapt the
synapticefficacy of locally connected reservoir neusada force the input neuroto capture

the spikes (events) rhythm hidden in the input patf€he.process of backpropagating the
temporal derivative of input neuron activity in proportiorthie input patterndynamicsin a

sliding timewindow repeats until the end gfmulationtime which is the length of the input

pattern.

Thereason thathe spiking activity of the input neuron in a specific thwendow is used for
the error calculations that unlike observiag the inputneuron spiking activity at each time
point, this value iscontinuousanddifferentiable Moreover, usinghe average firing rate in a
certain timewindow providesa more robust approach that is less affected by the noibe in
input patterrand gives the postynaptic neuron enough time to captilretemporality hidden

in the input pattern dynamics.

EPUSSS Local Learning
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Figure3-2: EPUSSS local error backpropagation mechanism
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As it was mentioned before, in the EPUSSS model there are 80 percent excitatory and 20
percent inhibitory neurons witlwvo different types of neurotransmitter receptors for each: fast

and slow receptors.

To simulatethe behaviour of neurotransmitter receptors in the network a delay factor is
introduced for the synaptic connectioifis delaymechanism helps the input neutoradapt
to the temporal rhythm of input pattern dynamacsl creatéhe memoryfor prediction tasks

The synapticdelay valueQ firing threshold , andsynaptic efficacyy are modifiedduring

the learning processsing an error backpropagation timedto enhance model performance.

The backpropagation methoded in theePUSSSocal learnings a modified version of the
SpikeProb (Bohte, Kok, & Poutré, 200@s it was mentioned befor&&PUSSS uses LIF
(Izhikevich) to modelneuroral activity. Considering the postsynaptiteuron Qreceivesa

current with time course 6 0  from several presynaptic neuro@hich their synaptic
connections according to their type of receptors (fast or slow) has a delay factor, then the total

input curent to the neuroffzan be calculated as follow:

00 6 16 0 Q (3-1)

where is a measure of the efficacy of the synaptic connection between riéamditand

0 is the time at which the presynaptic neuron spikes.

The target othelocal learning is to predict the nexalues in the input pattern by capturing

the input pattern dynamics in a specific ttmmdow. Therefore, the input neuron firing
activity (firing rate) in a specific time window is compared to the desired firing behaviour to
calculate the local error. The error function is the least mean squares error function that is

calculated as follow:
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‘o o (3-2)

all ko)

where "Qi is the input firing rate in the tim@indow and™Qi is the desired firing rate that

needed to be predicted from input pattern dynamics.

Using the differentiable error term in E&-2), the synaptic weighthe delay parameteand

the neuron firing threshold can be adjusted according to the desired internapatieunh

behaviour.
S0 _1° 3
To
g 1 ©° (3-4)
o (@) 35
g 1 (3-5)

—a

whereY( is the weight changes proportional to the error in a certain time window observation
of neuron firing activity,YQ is the changes for synaptic delay adaptation, ¥indis the

changes for neuron firing threshold adjustmBarameters ,— , and— are learning rate for
synaptic weights, synaptic terminal delays, and fitimgesholds, respectivelyrhe error is
minimised by changes in the weights, delays, amdgfithresholds according the negative

local gradient.
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Figure3-3: The error backpropagation schema using modiipikePr@ algorithm(Bohte, Kok, & Poutré,
2000)

Figure 3-3, illustrates the schematic description of the modified SpikePackpropagation
algorithm used in the EPUSSS local learning mecharisming the trainingphase using the
proposed local error backpropagation, the STDP rule changes the synaptic weights of reservoir
neurons until the observation time to enable the input neuron to capture the temporality
behaviour in the input pattern. Afterwards, the backpgapan rule changes the synaptic
efficacy, delay values, and firing threshold according to the error in the input neuron firing
activity. This process continuesiil the slidingtime-window reaches the end dfe input

pattern lengthAnother important fet in the EPUSSS model is that the inhibitory neurons are
implemented by considering a negative sign for the synaptic connections batir@ghitory
presynaptic neuron and a postsynaptic neuron. This important feature helps EPUSSS use the
same STDP ruland error backpropagation mechanism for both inhibitory and excitatory

connections. In other words, using@) to label inhibitory and( p) to label excitatory
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connectionsallows to decrease and increasmaptic efficacy with the same rule whigh

anothemovel characteristic itheEPUSSS model.

3.5.2 EPUSSS Global Learning Mechanism

In the global learning mechanistearning takes place on an episodic basis, meaning that at
the end of each episode agsponding to the presentation of an input pattern to the network, a
feedback signal is generated according to the success or f#iliretarget class detection.
Thereupon, this reward signal which is analogous to the neuromodulatory signal in the brain
contributes to synaptic weighdjustment at the end of each episode of lear(piregenting the

entire input pattern to the network)

In the EPUSSSlobal learning mechanism, a rewardaddulated STDRpproach similar to

the model describely Legensteinet al. (2008)is used to linkthe higherlevel supervised

learning with the lowelevel semisupervisedearningusing a reinforcement signdh this

approach, at the end of each learning episode, a neuromodulatohasiprding to the firing
behaviour of thenputneuronispr oduced by comparing the deSNI
classification outcome.flen, hi s neur omodul atory signal i s
weight change formula to adjust thgnapticweights proportional to the neuron contribution

in the classification results

In the EPUSSS modéhe deSNMNoutput layer follows the same procedure described in chapter
2 to create the output neurons. However, the learning rule for adjusting the synaptic efficacy is

the RSTDP ruleinstead othe SDSP rulewvhich is described in the following.
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Figure3-4: EPUSSSyloballearningmechanismusing RSTDP rule

In the EPUSSS modédhe deSNN output neuron canheir have synaptic connectiotzsonly

input neurons or both input neurons and reservoir neufdmsformer approachs more
desiable becausehe locally connected reservoir neusoran transfer the memory captured
during the local learning to the input neurons thus by connectinglanipput neurosito the
deSNN output neurons, the performance of detection will be increased while the risk of
carrying noise to theigh-levelinformation processing at classifier wik reducedqseeFigure

3-4). All the connections from input neurons (reservoir neurons) to the deSNN output neurons
are excitatory connections to mimic dopaminergic neuroaisaviour which are related tize

novelty and reward predicin (Legensteiret al.2008).

In order to learn through-BTDP to classifySpatiotemporalpresynaptic firing activities to
match with a specific input pattern, a reward sigfab is generated at the time of
classification outcome observation. This signal reinforces the synaptic efficacy of connections
between excitatory input neurons arelS#IN output neurons through rewards. To be more
specific,neurons are rewardddr increasing and decreasititeir synaptic efficacy based on
their contributiorto the classification outcom&his provides an asynchronous irregular firing

behaviour in theetwork that resembles neuronal activity in the cortex.
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The positive and negative weight changes in thegmd postsynaptic weights between input

neurons and deSNN outpauronsare collected in an eligibility trac® © . The digibility

traceis the moment that memory is created at the syrsipesafter a temporal delay between
the sensory input and the moment of reward delivEgn, the weight changes according to

theR-STDP rule explained here for EPUSSS global learning can be letedias follow:

)

Yo 6 @ 0Q0 (3-6)
WhereV is the weightof the synaptic connection between presynaptic inpadronand
postsynaptic outputeuronQ® o is thedigibility trace of this synapse which collects weight

changes proposed by STDP, affdo Qo0 Qs the rewardresuled from a

neuromodulatory signdR0 with mean valuéQ

In the RSTDP rule,an eligibility kernelfunction™Q 0, scales theontribution ¢ pre- and

postsynaptic neurons with the second spike at tirard to the eligibility trace at tin

(3-7)

o, _— o
"0 T_Q Q®

m E®MI VQI Q
where thet is a time constant set to 0Phen, the eligibility tracé& o can be calculated as

follow:

(3-9)

In Eq. (28), "Q 0 is the eligibility kernel functionp is the time of presynaptic firing, is
the firing time of the postsynaptic neuron, and is the weight othe synaptic connection

between presynaptic neur@and postsynaptic neurd@hat followsSTDP rule formulated in

Eq.(2-13).
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The reward signa 0 generated at the eméttern presentation to output neuron is calculated

using the following formula:

Qo (39
Y 10 0 - HOMOHO oMIDEEE | 1| BuadHXR
o 10 0 - HQRGO oIQREQI Ha di i QY
Where, and arereward constant( 1 | )and- is the reward kernel calculated
as follow:
- . 0. — (3-10)
- 0 0 —0Q o —Q

As it was stated befor@ 6 Q0 Q0 which is asignal with zero mearT.o satisfy this
constraint, the reward kernelshouldhave a zero nean i.e.,-[ | Qi- 1 T. The

reward kernel is the difference betwedhepositive| function andhenegative function
to satisfy the abovementioned conditiorhe parametrs in the reward kernel according to

Legensteiret al.(2008)are set as followd P x,®@ T xt ™, andt p.

As can be deduced froBx. (39) and Eg. (3L0) the reward signal depends both on the input
neuron spiking activity and the output neuron behaviour in pattern recognition. The reward
signal both adjust the hypersynapses and synaptic connections between input neurons and
deSNN otput neurons. This mechanism allows network to feedback the outcome of
learning to the lowelevel reservoir neuron to reinforce the local learning as well as global

learning.

To avoid unbounded weights growth, the changes in the synaptic weighitaited between

0 and 0 . In the next sectiora Lyapunov energy function is introduced asextra
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control mechanism over synaptic weight changes to guarantelngelearning inthe

EPUSSS model without the risk of network saturation.

3.5.3 Lyapunov Energy Function

The artificial neural networks that use thgapunov functiorto govern their learning rule for

either me mor y retrieval or performing classi fi
symmetrically connectivity structurgssumptionwhich facilitates analytical calculations of
networkbehaviour(Kobuchi, 1991; Yerramalla et al., 2003; Lee et al., Stern and Bioeen,

2020).

However, spiking neural networks which gm@ven to banore realistic in comparison to the
traditional artificial neural networkfiaveasymmetrically conneisfity structure. Due to this
characteristicSNNs can perform synaptic plastictty capture input dynamics whidannot

be applied irmsymmetrical structurer bidirectional connectivity.

In symmetric neural networks, the network energy landscape is constructed in a way that
decreases with time by starting from an initial state atoving a gradient path that falls into

its minimum value (the equilibrium staté).the spiking neural networks which are asymmetric
models, the original Hopefield energy function is not applicalsieethe synapticplasticity

makedollowing thetrajectory evolutionmpossible(Yan et al, 2013)

The Lyapunov energy function introduced in EPUSSS is constructed from neuronal
potentiation in relation to the outcome of learning controlling synaptic plasticity which

ensures EPUSS#8d-long learning mechanism$herefore, the energy tiieo ut put neur or
excitationssused to contrahen e t wo r k Grsteaa otheisynaptic plasticitgf network
connectionsvhich is like free energyFree energy is the maximum amount of wdilat a

thermodynamic system can perform in a procdssncreasen theoutput neurons excitation
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means thathe network is performinglassification by assigning input learnt patseto an

existing class or a new ogentinuously

EPUSSS model is an apesystenthatconstantly exchanges energy and information vigth
environmentIn the EPUSSS model, while the local and global learning attracts the system
down to the state of cognitiomsing internal neuronal activity and external environmental
stimulus the STDP rule is responsible for the asymmetric synaptic plasticibeoeuronal

connectivity.

The overall dynamics of the EPUSSS mochah be described using the free energy concept
The thermodynamical definition of system free energy can betasbdracteristheEPUSSS

model neuronal activitin terms of output neuron excitation level.

(3-11)

Yol o)

In Eg. 3-11), Ois theLyapunov energy functiofor calculatingthe deSNN output neurons

activity, 'Qis the output neuron connected to input neurons through synaptic connections with
0 efficacy, andw 6 0 is atime course that within a postsynaptic output neuroivesce

presynaptic spikes from input neurons.
YO 006 00 p (3-12)

At the end of each episode of learnitige change in the modelenergy is calculated using
Eg. (312) and by introducing a parametethe synaptic weights dhe networkareadjusted

to ensurehelife-long learningconcept in EPUSSS

‘ — (O] ?D T (3-13
TT YD 1
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If the changes in the modehergyarepositive it means thathe excitationlevel of theoutput
neurongs increasingthen all the synaptic weights in the EPUSSS model are decreased by the

amount of-, otherwisethe synaptic weights wilemain unchanged.

This strategy helps EPUSSS8 learn continuously from input patterns without going to a

saturation phase.

3.6 The ProposedEPUSSSAIgorithm

EPUSSS is a predictive modtiat can perform prediction and classification by learning
Spatietemporalinformation hidden inthe input pattern. Inthe EPUSSS model, learning
happens both d@he microscopic level using synaptic plasticity andreg macroscopic level
using neuromodulatory sigrgalAs it was explained in detail in the previous sectthis novel
powerful computational brailike model benefits from a broad range of biological neay
characteristics and computational featulesthis sectionthe pseudocode dhe EPUSSS

algorithm is provided.

Evolving Predictive Unsupervised Supervised deep learningodel for Spike Streams(EPUSSS

Generate 3EBNN network including input neans'QReservoir neuron¥ using neurons

. coordinates (e.g., Talairach map for EEG data).
Create EPUSSS network connectivity by establishing hypersynapdes/naptic connections
2: amongst input neurons and between input neurons and reservoir neurons, respectively using
world connectivity algorithm (see chapter 2).
3: Set 80% of synaptic connections excitatory (+1) and 20% of synaptic connectidn®igh{l).
Set neuron firing thresholdsfor excitatory and inhibitory neurons (if at least one of the
* postsynaptic connections is inhibitory the neuron is considered as inhibitory neuron)
Set 50% of excitatory connection AdPAR with delay \alue 0 and 50% excitatory connection to
5:

NMDAR with random delay value.

67



10:

11:

12:

13:

14:

15:

16:

17:

18:

19:

20:

21

22

23

24

25:

26:

27:

28:

29:

30:

Set 50% of inhibitory connection to GABAAR with delay value 0 and 50% inhibitory connectio

GABABR with random delay value.
Initialise random weights for synaptic and hypersynaptic connections.
Setd Q& ‘@ Q¢ Qvalie(e.g., 10 time units) and A @Qo Qi dalueE.§., 50)
Encode all input pattern to spike train using BSA algorithm (see chapter 2).
while Qo | A @Q0 Qi ©0 Q¢ ¢
for eachinput patterr
for each input neurorio
whilel 1 AT ¢ @B @ Q& Q¢ 0
Propagate input spikes to reservoir neurons using LIF neuron model{iq. 3

Adapt synaptic and hypersynaptic weights according to STDP rule {E2). 2

CalculateO (Eg. 32).

Update weights, delays, and firing thresholds using Ey.B9. 34, and Eq. 5.
Set the synaptic weights for inactive neurons to zero.
0 Q& 'Q Q& Q¢ 00 Q& 'Q QE Q¢ O
Initialise deSNN parameters: ¢ <0, 6,| , andi "QEimilarity threshold)
for each input patter
Create a new output neur@m
Initialise synaptic weight® 1t using RO learning rule denoted in Eql12
Calculated "YO using Eq. 216
Calculate the firing threshol®Q for neuronusing Eq. 217

if the new wight vectob is similar to an existing output neurasing Euclidean distance
similarity measure and "Qthreshold
if the desired class labels of the similar weight vectors are different
Generate the correspondifigd reward signal according to E¢:98
Update the synaptic weighis for successive spikes on the corresponding synapst
using RSTDP rule denoted in Eq-&

Add new output neuron to the network
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31:

32:

else
Generate the correspondifigd reward signal according to EG:3

Update the synaptic weighis for successive spikes on the corresponding synapse

33:

34:

35:

36:

using RSTDP rule denoted in Eq-&
Merge the two neurons by averaging their threshold and synaptic weights
Calculate energy functio® (Eq. 311)

Adapt all synaptic weights according to Eel3.

Figure3-5: TheEPUSSS learninglgorithmpseudocode

In the implementation phase of the EPUSSS model, to avoid conflict bethegput
spike train and the processed spike in the next time,poitwtin neuron for each input
neuron is created.hese twin neurons have the same synaptic connections a®thresr
counterpas (input neuronsput with the reversedirection fromthe reservoir to twin

neurons.

The twin input neuron has exactly the
same connection to the reservoir as the
input neuron but with the a reverse
direction.

3D SNN reservoir

Twin Input Neuron  w.__

Input Neuron

Figure3-6: The figure shows twin input neurons that each represent one input/output neuron.
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3.6.1EPUSSSComputational Complexity

Assune that there aré neuronsincluding input neuron§O), reservoir neurongY ), and
output neuron&’ ) with O synaptic connections in the EPUSSS modeinput patterns with
the length of ™¥re preseted to the network during local and global learniAgcording to
Maass(1994) if the computational complexity for each synaptic weightis0 p andeach
input patternl T0C then the by comdering O epoch of trainingin the local error
backpropagatioprocessthe computational complexity of EPUSSS modal is 10C 0

oY 0 0
3.7 Implementation and Experimental Analysis

In this sectionthe EPUSSS implementation details are explained, and the performance of its
learning mechanisms are explored by usirist MovemenEEGdata [ayloret al., 2014 as
a testbed. All theiswulatiors and experiment&ereconductedn MATLAB R2020aandin an

Intel Corei7 - 2.80GHz processor.

3.7.1 The EPUSSS Framework Implementation

The EPUSSS frameworknplementationconsists of several modulescluding network,
connectivity, encoding, neuron models, unsupervised learning, supervised learning, cross
validation,andvisualisation The EPUSSS framework structure can be seeetailin Figure

3-7.
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“ Create input neurons

/ * Neuron coordinates (e.g., Talairach map for EEG data ) used
Network N Create 1 7oir y
‘\_’ Teale TESETVOlr nienrons for creating the 3D-SNN topological structure
X . . i .
ﬂ Create output neurons + 80% of the reservoir neurons are excitatory and 20% are

Creat i i inhibitory with different firing thresholds.
Connectivity: EPUSSS comnectivity 7 feate synaptic connections

+ Synaptic connections in the reservoir have four types of

algorithm - .
Initialise weights .
= neurotransmitter receptors AMPAR, NMDAR. GABAAR,
ﬂ GABABR with different delay values.
Encoding: BSA encoding algorithm —» Generate spike trains
u ﬁ Visualisation
LIF
Neuron models <
Izhikevich
Unsupervised learning: EPUSSS local 1
learning 4 Test
ﬂ |:> Cross validation
Supervised leaming: EPUSSS Global | -~ Train
learning Nl

Test

Figure3-7: EPUSSS framework from implementation point of view
The EPUSSS network module creates theSNIN topological structure using Talairach map
neuron coordinates (or any arbitrary coordinates) for the reservoir neurons, EEGhammel
coordinates (or any arbitrary coordinates) for the input neurons, and arbitrary coordinates for
the output neurons to create a bile 3D structure for the SNNn the connectivity module
the EPUSSS connectivity algorithm establishes synaptmections between input neurons
and reservoir neurons and hypersynaptic connections amongst input neurons. Furtiermore,
this module,the synaptic types, neurons firing thresholds, four types of neurotransmitter
receptorsAMPAR, NMDAR, GABAAR, GABABR with their correspondinglelay values
and the initial synaptic and hypersynaptic weights are defined and assigneERUBSS
model 80 per cent of the synaptic connections are labelled as excitatory and 20 per cent
inhibitory. If at least one of the ptsynaptic connections of a reservoir neuron is inhibjtory
then that neuron is considered as an inhibitory neuron with an inhibitory firing threshold.

Excitatory neurons have an excitatory firing threshold that should always be greater than
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inhibitoryneuons 6 f i r i rwhichallowstbesnto &iré adahigher rateFinally, the initial

synaptic and hypersynaptic weights are assigned to the neuronal connections.

The Encoding module converts input signals to spike trains tis#RfSA encoding algorithm

In the neuron modehodule, LIF and Izhikevich neuron modare implemented and adapted
to the EPUSSS local and global learning algorithms. Unsupervised and supervisedaredule
the local and global learning implementation of the EPUSSS model, igshecthe cross
validation module consists of leao@eout, leavemanyout, and kfold crossvalidation
methods, anda confusion matrix for evaluating the model performan€eentually, the
visualisationrmodule presentasvisual grapldemonstration for the EPUSSS modelddetter

understanding of the proposed model behaviour.

3.7.2 Experimental Analysis

To explore the performance of the EPUSSS mdtielrist MovementdatasetTayloret al.,
2014) is used astestbedThehypothesidbehindusing this dataset was explore the NeuCube
capabilities for developng a braircomputer interface (BCI) system tassist in the
rehabilitation of complexipper limb movemeni@ayloret al., 2014)The dataset is described

in more detail irnthefollowing section

Here | use th&/rist Movementatasetlt containsEEG recordings of three healthy volunteers
from KEDRI with no history of neurological disorders and all rijainded The participants
were requested to perforiime specifiedVrist Movemens orimagnethe movementsr reman

at rest TheWrist Movementaskincludes three staga®sting, flexing the wristandextending
the wristall with closed eyes to redusgsual aml blink relatedartefacts Participants were

asked to perform thenovement intention tastarting from amid-pronationwith the forearm

1 Knowledge Engineering and Discovery Research Instit®&T, https://www.kedri.aut.ac.nz
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resting ontheir lap and eighter imaging or performirtpe demanded movemergach in 2
seconds and repdéag it 10 timesTheEmotiv EpodEEG Neuroheadseiith 14 channels based
on International 120 locationgAF3, F7, F3, FC5, T7, P7, O1, 02, P8, T8, FC6 8} AF4)
was used to record EEG dafdso, two additional electrodes (P3, P4) were usegtBgence.
The recordedata were digitized a&t128 Hz sampling rateith no filtering applied to the data,

neither onlinenor offline.

The dataset includeg0 recordingsith 14 input channelthat each of these recordings were
labelledas one of thethreejoint classesflexion, extension andrestof real and imagined
movements of the han@ihe dataset is perfectly balanced since Each class labatjbalty20
samplesThe input electrode pdgin and the Talairach map coordinates were used to create
the input and reservoir neurons position in theSHIN topological structure in EPUSSS (see
Figure 3-8). Table 3-1 shows the EPUSSS model parameter settings. As it was mentioned
before using the Talairach map coordind#485 reservoir neuramwwere created in the EPUSSS
model and according to thamotiv EppcEEG Neuroheadsetl ect r odesd® positi or
coordinatesveremapped to the 3B3NN structure. The output neurons were evolved through
the learning process and arbitrary coordinatee assigred to them.The EEG recordings
through 14 input neuran(the same as EEG channels) were fed to the model and the results of

simulationswereplotted inthefiguresbelow.
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Emotiv EPOC electrodes positions

Talairach map

Frontal Lobe

Middle Temporal

Gyrus
Middle Occipital _
Gyrus Occipital Lobe
Cuneus Gyrus
(@) (®)

Figure3-8: Input neurons and reservoir neurons positacsording to (a) wireless Emotiv Epoc EEG

NeuroheadsdBlanco and Ramirez, 2019) and (b) Talairach map (Lancaster, et al., 2000).

Table3-1: The EPUSSS model parameter settings

Algorithm Parameters Settings
BSA 0 ‘@ & Qdov v TT
LIF ) ™, T&®
STDP 0 M8t mindg puht pm
Q mQ x 0 mip,Q M Q x O rip ,
Local Learning - TEIMYXbY TWINYXY TWNX®QdD Q Qép

i AgQo Qi GamE &

| T®,4¢Q o Tyt T8, P8, | P&,
Global Learning

0 p&x.® ™yt ™, t p- T™Y,i QMU
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Figure 3-9 represerg some steps taken irone experimentencoding the data; mapping

downsamplinghe mapped coordinates to reduce computational time complexity.

The EPUSSS 30-SNN structure

The EPUSSS 305N strctuy R
el o .
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The EPUSSS 300 structure 2890880 The EPUSSS 1D-SNN strocture 44300000

Tha EPUSSS 305NN structure The EPUSSS 30-5NM stracture
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The EPUSSS 300 sructrs BSA Encoding Algorithm

Original Singnal

4040

4020 |

4000

3980
[} 20 40 60 80 100 120 14

1 -
05 w
(o} -

Figure3-9: The steps of mapping brain coordinates, creating the EPUSSS network with excitatory/inhibitory

Spike Train

neurons4 types of neurotransmitter receivers with different synaptic delay and functionality in propagating
information, thehypersynaptic connections, andceding the input data into spike trains for processing by the

EPUSSSwo-level hierarchical learninghodel.

Due to theéhighcomputationatomplexity of the EPUSSS modae, the experimers, the brain
coordinatesare downsamplelly 8times to 186 reservoimeuronsto improvethe processing

speed.

The above experimenteflecs projecting theinput space into a4-dimensional space
(spatiotemporal projection) by EPUS&Sextract hidden correlation amongst input data and

then usdahat tracted informatiorior prediction and classification.

The twin input neurons are connected to the deSNN output lay#reiEPUSSS modeto

interact with theupperlevel learning in the hierarchical learning structure of the EPUSSS
framework.In this way, the learnt neuronal behaviour in a ssapiervised manner will transfer

to the higher level to empower the classification results. Then the neuromodulatory signal from
the outcome of the classification at the end of each episode of the training is used to correct the

connections between the local and global learning hiergFagyre 3-10).
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The EPUSSS 0-SHN staucturs The EPUSES 30-SNN structure

MeEPUSSSIDSWUstctee o The EPUSSS 10-SWN st e

Figure3-10: Thedowrsampledcoordinates to improve computational time complexity in the EPUSSS
framework.

The EPUSSS framework hasanyneurons and a complicated connectivity structure that can
increase the computation tinp@lynomialy. This limitation of the EPUSSS modsVill be
addressed in chapter 5 by introducinggaantuminspired SNN model to reduce the

computation time.
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EPUSSS SNN initial weights EPUSSS SNN learnt weights

Figure3-11: EPUSSS SNN weightistributions: a) initial weights, b) learnt weights

The Gaussian distribution in the learnt weiglstanfirmslearningfulfilled in EPUSSS local

learning

EPUSSS Local learning train error EPUSSS Local learning test error
T T T T : T T T

20 40 60 80 100 120 141 o 20 40 60 80 100 120 141

Figure3-12: EPUSSS locdkarning errors convergence, a) training error, b) test error
In Figure 3-12, the average local learning tife EPUSSS model in the training and testing
phase can be sedfachplot shows that the error backpropagation mechanism in the EPUSSS

local learning mechanism decreases the error rate between the desired and actual firing rates.
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Figure3-13: EPUSSS local error for each input in training phase for sample 1

Figure3-13illustrates the EPUSSS local error of all 14 input channels in the training phase for

sample 1Theaverage locatrror for all channels for this sample can be sedéfigare3-14.
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Figure3-14: EPUSSS final local error for sample 1 (all input channels) in the training phase
In Figure3-15, the EPUSSS local error of all 14 input channels in the testing phase for sample

30 is shown. The average local error for all channels for this sample csaeib irFigure3-16.

6 %1074 local error sample 30 channel 1 > %1072 local error sample 30 channel 8
1.8
5L
1.6 [
1.4 H
a4
° o 12
® S
§ 3 § 1
@ ® o8
2L
0.6
0.4
s q
-A 0.2
0 0 A
(o] 20 40 60 80 100 120 141 (o] 20 40 60 80 100 120 14
time points time points

81



error rate
N
o

0.07

0.06

error rate

0.045

0.035

o
o
@

o
© o
o N
[

error rate

0.015

2.5

error rate
(]

0.5

=10

local error sample 30 channel 2

time points

o 20 40 60 80 100 120 141
time points
local error sample 30 channel 3
o 20 40 60 80 100 120 141
time points
local error sample 30 channel 4
(0] 20 40 60 80 100 120 141
time points
%1072 local error sample 30 channel 5
A
o] 20 40 60 80 100 120 141

82

error rate

error rate

error rate

error rate

=103

0.8

0.6

0.4

0.2

local error sample 30 channel 9

103

20

40 60 80 100 120
time points

0.8

0.6

0.4

0.2

local error sample 30 channel 10

=103

20

40 60 80 100 120
time points

local error sample 30 channel 11

0.5

=103

20

40 60 80 100 120
time points

local error sample 30 channel 12

1.4

L

o
®

o
)

°©
IS

0.2 %
o]

20

40 60 80 100 120
time points



error rate

0.5

error rate
S

=102

local error sample 30 channel 6

time points

o 20 40 60 80 100 120 141
time points

%1074 local error sample 30 channel 7

(0] 20 40 60 80 100 120 141

error rate

=103

local error sample 30 channel 13

error rate
w

2 4
1 E
o]
o 20 40 60 80 100 120 14
time points
12 %1073 local error sample 30 channel 14
1H i
0.8 |} ]
0.6 4
0.4 4
0.2 i
o]
(o] 20 40 60 80 100 120 14

time points

Figure3-15: EPUSSS local error for each inputt@sting phase for sample 30

|
ol
:

error rate
o
9
3

final local error for sample 30 (all input channels) in testing phase
T

Figure3-16: EPUSSS final local error for sample 30 (all

40

time points

83

100 120 140

input channels) in the testing phase



The EPUSSS 10-SNN structere Tha EPUSSS 10-SNN stractre

Figure3-17: EPUSSS SNN connectivity with learnt weight, a) foyesof synaptic connections, b) excitatory
and inhibitory connections

Figure3-18 shows the neuromodulatory signals generated for global leamainghg phase.
The results of classification of thgrist Movementdataset using EPUSSS global learning can

be seen iTable3-2 andTable3-3.

s Neuromodulatory (rewardlpenalty) signal
T T

Neuromodulatory signal value

N
T
|

0 20 40 60 80 100 120 140
time points

Figure3-18: Neuromodulatory (reward/penalty) signal in the EPUSSS global training
In this thesisNeuCube and LSTM models have been usedife comparative analysihe
same parameter settirmp EPUSSS was appliddr BSA, STDP, and deSNN modeis
NeuCube to have fair comparisonMoreover, the LSTMmodelwasdesigned wittb layers

including a £quence input with 14 dimensiqresBiLSTM layerwith 100 hidden unitsand
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threefully connected layer. TheSoftMax modelwasused as the activation function and the

crossentropylosswasused for measuring the classification error.

The comparative results of applying NeuCube and LSTM on the Wrist Movement dataset

also be foundh Table3-2 andTable3-3.

Table3-2: The comparative analysis Global Learning Classification Results

Classification Accuracy Precision Recall F-score

EPUSSS Class 1 81% 0.80 0.72 0.76
Class 2 73% 0.65 0.65 0.65

Class 3 78% 0.55 0.73 0.62

NeuCube Class 1 66% 0.55 0.50 0.52
Class 2 61% 0.66 0.44 0.53

Class 3 71% 0.55 0.57 0.56

LSTM Class 1 48% 0.30 0.24 0.21
Class 2 38% 0.10 0.09 0.9

Class 3 56% 0.20 0.28 0.22
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Table3-3: The comparative analysis Global Learning Classification Results Confusion Matrix

Confusion Matrix Class 1 Class 2 Class 3

EPUSSS Class 1 16 3 1
Class 2 4 13 3

Class 3 3 6 11

NeuCube Class 1 11 6 3
Class 2 7 8 5

Class 3 4 5 11

LSTM Class 1 6 10 4
Class 2 12 2 6

Class 3 7 11 4

NeuCube SNN netwotks | elmehmavidunargl LSTM trainingplot on the hand Wrist

Movement carbe seen ifrigure3-19to Figure3-21.

Figure3-19: NeuCube SNN learnteight distribution folWrist Movementdataset
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w FCs
Tolal inevastion betwren ingut

Figure 3-20: NeuCube SNN spikindgpehaviourfor Wrist Movementdataset: a) spikingpehaviourof input
channels connected to reservoir, b) reservoir neurons regions according to their connectivity to EEG input

channels c) excitatory and inhibitory connections, d) EEG channels correlations.
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Training process of Wrist Movement datast using LSTM

Accuracy (%)

10 20 ‘30 l40 ‘50 IGO ‘70 I80 IQO ‘

0 10 20 30 40 50 60 70 80 90 100
Iteration

10 20 30 A0 B0 £0 70 80 90 ‘
0 10 20 30 40 50 60 70 80 90 100
Iteration

Figure3-21: LSTM training accuracy and error plot fdfrist Movementataset
In the above experiments, the EPUSSS model outperformed LSTM and NeuCube in the
classification of the Wrist Movement dataset. Also, EPUSSS good predicpability was
demonstrated by the error convergence plots provided aBasvit.can be seen both in the
numerical results and training plot, th&TM model showed a poor performande the
classification of the Wrist Movement datadatcontrast, EPUSSS diNeuCube demonstrate
an acceptable learning outcome. This happéeedus&PUSSS and NeuCube can learn from

events, and both have structure to capspegiotemporallyn the input data.

The above results prove that the spatiotemporally of EEG dateotcéwen captured by
conventional deep learning models like LSTM but spiking neural networks with the capability
of capturing both temporality and spatiality can outperform their traditional learning models

counterparts
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Despite EPUSSS acceptable performamteprediction and classification of the Wrist
Movement EEG datadue to a large number of neurons, complicated connectivity structure,
and the iterative process of local and global learning, the computation time of EPUSSS
increases polynomially by the siof the problem. This limitation of the EPUSSS mowuidl

be addressed in chapter 5 by introducing a quaniuspired SNN model to reduce the
computation time. Another aspect of the EPUSSS framework that needs to be explored more
is the encoding algorithnCurrently, the BSA algorithm has been used to encode the input data
to spike train. Although BSA has been proved tddss sensitive to changes in the filter and
threshold and as a result provides a more accurate spike train even for bipolar caséisghe

of the problem should be considered to choose a proper encoding algorithm.

3.8 Chapter Summary

This chapterpresentsan Bvolving Predictive Unsupervised Supervised deep learning
algorithns for Spike Stream$EPUSS$. The EPUSSS framework consstf several novel
algorithms and computational components to mimic the brain learning process and cognitive
behaviour in a twéevel hierarchical manner. The proposed strategies in the EPUSSS model
allows havinga unified franework to perform both prediction and classification tasks in a

hierarchical fashion.

Overall, the following are the advantages of the proposed EPUSS model, some of them

demonstrated in the experimental analysis above:

1 Prediction of the nexttime step(s)bye ar ni ng i nput patternos
1 Learning from the sensupervised local learning outcome for classification purposes

to improve the classification outcome in a supervised manner.
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1 The ability of lifelong learning by controlling the energy of the systm avoiding

network saturation.

1 Keep the balance between network excitation and inhibition to empower thenlfe

learning behaviour and avoid vanishing and exploding in the learnt weights.

1 The pruning mechanism and energy function integrated intB tSSS model helps

to boost the idea of lonlife learning.

The EPUSSS method is a subject of a paper under construction.
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Chapter 4 Using Chaos Theory to Develop dNew
Quantum-Inspired Evolutionary Algorithm : CQIEA

Abstract

SNN are known for having difficulties in optimising their numerous parameterstand
performanceThe EPUSSS moddtom chapter3 also suffers fronpolynomial computational
complexity Evolutionary algorithms caprovide promising solutiors to overcome these
drawbacksQuantuminspire Evolutionary Algorithm (QIEA) is one of the fastest evolutionary
algorithms that use quantum computation concepts to perform optimisation Itaskes
chapter an improved version of QIEA using chaos theadntrigduced taaddressheresearch

guestion 4

RQ4 fiHow can the QIEA be further developed using a quantum chaotic system and applied
for optimised learning, searching a pattern in stored memory, and parameter optimisation in

SNN?D

The Chirikov chaotic mais used to improve the convergence rate and the quality of the final
solution of the Quantusinspired evolutionary algorithmlhe new methaodwhich is called
Chaotic Quantunrinspire Evolutionary Algorithm (CQIEAgxtends the methogsoposedy
Defoin-Platd, Schliebs and Kasabo2®{09 andby Dias, Vellascaand Abs da Cru2020)

andits illustration here demonstrates a faster convergenaedptimal solution.

The method islsosubject toa paper under construction.
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4.1 Introduction

While the frst part of this thesis was more focused on introducing a novel predictive model
consisting oimethods more biologically plausible to mimic the brain behavioaming and
cognitive tasks,n this chapter andhe next two chapters 5 and 6, computatadrmodels
inspired bythe quantum computing theory are proposedempower the computational
capacity of spiking neural networkshis chapter provides a new chaotic quantoapired
evolutionary algorithm based on chaos theory that serves three putposgthis thesis, 1)
used as an optimisation mechanism to opti mi s
their performance, 2) applied as a learning rule in the novel quanspmed spiking neural
network proposed in chapter 5, and 3) is patthenovelquantuminspired associative memory

for spiking neural network introduced in chapteto6retrieve the learnt patternalthough
these three chapters including the novel quartased computational modatsight look
completely differenfrom the first part of tIs thesis there is a strong connection betwées
biological behaviour of neurons in the macrolevel (molecular levelltladjuanturrbased

behaviour athe microlevel (atomic level) suggested BameroffandPenrose (2014)

In the following sectiors, quantum mechanics concepts related topitggosedquantum
inspired models are briefly reviewe@fterwards, a short introduction to chaos theory is
presented. Finallythe novel chaotic quantuminspired evolutionary algorithm (CQIEA) is

introduced for both discrete and continuous optimisations.

4.2 Quantum MechanicsConcepts

The idea of quantum theory first was sparked in 1900, when Max Planck shook the foundation

of two classical physicsoncepts of particle and electromagnetic wave by publishing a theory
about blackbody radiation. In classical physics, a particle is a discrete entity with definite
position and moment um whotioo,and antelecgranagdationtaven 6 s |
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is an extended entity that can exist at any point of space provided by electric and magnetic
fields which change according to Maxwell 6s
Pl anckds o0bs e rbodytadiaion thatichanged the previous assiompf two

distinct, unrelated concepts of particle and wave in classical physics, revealed a strange
phenomenon in which a physical entity can have both sWkeeand particldike properties.

Later, in 1923, Louis de Broglie formally proposec idea hat particles of matters such as
electrons can be both partidiee and wavd i k e . Thomson in 1972, pr
particles with no doubt can behave like waves. Since 1972, so many experiments done by
researchers providing evidence abihigtwavelike behaviourof electrons, protons, neutrons,
atoms,and molecules. These findings were in contrast with the classical definition of particles
withwelldef i ned trajectories. Therefore, the aml
for describingtk se mi croscopic objects. |l nstead, the
object under discussion can have both partikkee and wavdike properties.A quantum

particle does not hawaclear position until the time of observatimeaning that the probability

of distribution of positions defines the quantum particle.

The quantum mechanical model of the atom

2p orbitals
Electron P

4 1s orbital

Proton

v
t Z
|
|
|
I
|

3s orbital v

Nucleus

Nucleus

Neutron ‘
2s orbital

Figure4-1: The quantum mechanical model of the atom
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According to the Bohr atom model, the electrons in free at@nsegist in certain quastd

energy states. The Bohr model provided the foundéioanderstanding the quantum theory

of the atom and consecutively developing the quantum mechanical model of the atom (see
Figure4-1). These quarged energy states are assoaatéth the orbits or shells of electrsn

in an atom.

According tothe Pauli Exclusion Principlghe quansed state of any electron in the atom ca
be described by four unique quantum numbgrs principal quantum number, (2) azimuthal
guantum number, (3) magnetic quantum number, and (4) spin quantum number (Beiser, 1987;

Sherwin, 1959; Phillips, 2003; Peleg et al., 2010; Jankethad.,2014; Dommelen, 2018;).

4.2.1Principal Quantum Number

The principal quantum number designates the energy level of the electron (electron shell) and
is represented by ranges fronplgiof lE ¢ ¥ = . In other words, the principal quantum
number shows thghell level (energy level) in whicthe electron is located. Higher principal

energy levels consist of orbitdlsatare larger in size than the orbitals from lower energy levels.

4.2.2Azimuthal Quantum Number

The azimuthal quantum number, also knowntlaes angular quantum number or orbital
guantum number, designati® subshell in which the electron is locatdudl other words, the
azimuthal quantum number represents the magnitude of the orbital angular mmorsirg

the following equation:

0 odaa p (4-1)

Where0 is the angular momentum which is related to its azimuthal quantum nwmioer

8 it p ando is the Planck's constant whichois @& ¢ @p 1T 0 i
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The azimuthal quantum numbérefers to the shape of orbitals in any subshell. These shapes
represent the most probable location that the electron can be found and are denoted by a letter
according to a spectroscopy conventidmable 4-1, illustrates a brief description of the

azimuthal quantum number and the corresponding subshell $H{&uesler and Mobley,

2015)
Table4-1: Azimuthal quantum number subshell description
Azimuthal
Maximum
qguantum  Correspon Orbital
electron in a Visual representation
number ding letter shape
subshell
(w
0 sharp Spherical 2 qu
Three
dumbbelt ; i,
1 principal 6 ’
shape on x,
y and z axes
Complex TR R S S
2 diffuse 10 !J' t‘( o ku' 29
dumbbells WET S G N S

2 1n quantum physics, it is known that electrons move in orbitals around an atom's nucleus which tisexalbetron shell,

or a principal energy level. The closest shell to the nucleus has the lowest energy and the shells further away fremsthe nucl
have a higher energy level. Each shell contains a fixed number of electrons. Electrons occupy outer shells only if the more
inner shells have already been completely filled by the maximum number of electrons that the shell can diblubie

can holdup tog¢é electrons). Each shell is also composed of one or more subshells. The first shell has one subshell (1s), the
second shell has two subshells (2s and 2p), the third shell has three subshells (3s, 3p, and 3d), the fourth shelistedlfour s

(4s, 4p, 4d and 4f), and the fifth shell has five subsl{gd, 5p, 5d, and 5f) and can theoretically hold more in the 5g subshell

that is not occupied in the grousthte electron configuration of any known element.
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Complex

fundamenta
3 multi lobes 14
I
dumbbells
Complex
The 8" shell or higher theoretically defined for
4 g multi lobes 18
unknown atoms
dumbbells

4.2.3Magnetic Quantum Number

The magnetic quantum number describes the orientatiombivéls in any subshel the three
dimensional space and is denoted®y . The magnetic quantum number determines the exact
orbital in which the electron is located. The valuéofcan range from ato a( a &

0. Each subshell (s, p, d, or f) contains a cemaimber of orbitals. In thesubshell § ),

the magnetic quantum number is zero, therefore there is one possible orientation of the orbital.
In then subshell§ p), the magnetic quantum number has three valuphrfp), therefore,

there are threpossible orientations of the orbitals. In tesubshell @ ¢), the magnetic
quantum number has five valuesch phriplt), therefore, there are five possible orientations

of the orbitals. In théQsubshell § o), the magnetic quantum number has sevalues

( oh ¢h phripltfo), therefore, there are five possible orientations of the orbitals. All three

axes for orbital orientations are perpendicular.

4.2 .4Electron Spin Quantum Number

The spin quantum number designates the type of spin that eleesaon orbital (clockwise or

counteclockwis@ and is denoted byt . In one orbital, the orientation of the spin of two
electrons is always the opposite of each other, hence, the electrons cén hafe- or -.

In other words, one electron spins up and the other electron spins down. For a spiin up the
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- andfor a spin down the -. The electron spin creates a small magnetic fileid
determines the magnetic property of an atom. If all the electrons in an atom are paired in the
orbitals, then the atom is diamagnetic. Meaning that the spins with opgigesge -and -)

repel each other magnetic fields and the total spin value is zero. If an atom has unpaired
electrons in the orbitals, then the atom is paramagnetic. Meaning that electrons are attracted to

a magnetic field and the whole atom will haveed spin.

Spin Quantum Number

I

Figure4-2: The spin quantum number schematic

Walter Heitler and Fritz London in 192@toposeca model forhydrogen atomghat explains
atomic magnetisnfMagnasco, 2007Misra, 2012 Jascur,2013. According to their model
hydrogen molecules are formed frdwpwdrogen atomiorbitals6 and6 with nuclei centres
® and 6. The hydrogenatoms orbitalg i A in their model which is called twbody

molecularorbitalsare calculatedsing the following formula:
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gii L6161 6161 (4-2)

In Eqg. (42),1 andi are the first anthesecond electrons in an atomic hydrogehital with

0 and0 nucleias their centresThe later productermin the above formulashows electrons
exchange between nutcteandd in whichthe first electron is in the atomic orbital cantered

at the second nucleus while the second eleairbits around the first nucleushis electron
exchange depicts the quantum concept in which particles with identical properties cannot be
distinguishedFurthermore,tie ekctron exchangeads tachemical badformationas well as

atomic magnetismAs it was mentioned before, magnetism is generated because of atomic
spins.Thereforeaccordingt®Paul i 6 s pr ifunctionwi B , cah berepreseptedn

asfollows usingHeitlerandLondonmodel

P o (4-3)

In Eqg. (43), thesymmetric spin functiom (with the + sign a spirup ") multipliesby an
antisymmetric spin function (with thei signasspindown?8), andvice vers. Thei 2

which in particles constitute ordinary matters is - is adiscreet valuevith| andf spin

orientation(0 and Irespectively.

The abovementioned formuteelps to explain thdiamagnetic and paramagnetic behaviour in
materials according to quantum mechanics th¢irsberg, 1974; Tang, Toennies, and Yiu,

1998; Esposito and Naddeo, 2013).
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4.2 .5Quantum Wave Function

In classical physicghewave function for a freely moving partiakethereal function of space

and time. However, in quantum mechanics, the wave functions which describes the hidden
wavelike behaviour of a quantum particle are complex functions. In faetywave function

which is denoted by is acomplexvalued probabili that defines all possibleesults of
measurements made arguantunsystem(Beiser, 1987)The wave function is described by

the Schrodinger equation in quantum mechamibgch is analogous tdlewton'sSecond Law

for descriling aclassical particlenction (Eq. (44)) (Phillips, 2003.

s 6 T — (4-4)
W oo 0 QQ QQ
With
] 2 (4'5)
WhereQ —is the wave number withwavelength, is velocity,& particle mass, antl 'Q

is an arbitrary complex function &and the integral indicates the sum over all possible values
of 'Q In the above equatipn] represents the energy of the particle affdis the particle
momentum. In other words, Eq.-43 describes a wavaoving in thewdirection with wave
numberQand angular velocity with a momentum] 9'Qand energy] . The Schrodinger
wave function in agreement with the Heisenberg uncertainiiple represents uncertainty

in the position and momentum of a quantum patrticle.
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4.3 Quantum Computation

Quantum computing is an interesting research areahich researchers adomjuantum

mechanics concepts develop mor@owerful computational motke

In quantum computation theorygaantum system is described byavefunction] that is

formed based on quantum states in the Hilbert space:

S8 B 6 ol (4-6)

Where,0 is the probability amplitudes arghotis the quantum states. These quantum states

are calledquantum bits or qubits. The qubit can be in a superposed state. It meanslitket

the classical bit, in addition to the wusual
simultaneously. Hencagccording to the superposed state definition of the gibjit$46) can

be rewritten a$ollows:

$@ Bl i | i ()

$s $s p |HANG (4-8)

$ s andg$ s are the probabilities of the qubit to be found in the stgt@andgarespectively

after a measuremeahd’Q pi8 Ft.

In the quantum systegh Gqubitshavea quantumcorrelation which means that any interaction
with one of the qubits affects instantaneously the other. This phenomenon is called quantum
entanglement. The superposition and the entanglement properties of a quantummajstem

it capable of performing muftle computations simultaneously in a parallel way.
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While a quantum system is iniaear superposition of its basis states it is coherent. Once the
system intersects in any way with its environment, the superposition is destroyed. This loss of
coherences called decoherence and is governed by the wave furgtéoin other words, at

the time that the system is observed, its qubits can only be in one state. Quantum gate operators
on a Hilbert space describe how one wave function is changed into anotese. glantum

gates are unitary and reversible which includes, Feynman gate,-Wadstmard gate, Not

gate and rotation gate.

Thechanges in thetate of thevave functioncan be represented byeBloch sphere which is

ageneralised representationtifbert space

ly)

Figure4-3: Bloch sphere representationtbé evolution of the wave function
The equivalenBloch spheraepresentation of the wave function described in (B¢, for

two-level quantum systeig G | g | ais formulated as follow

s& AlGE 00 Gl (4-9)

With:
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mT — “ ©0eEQt « (" (4-10
where—ande are angles of rotation ithe & andwdirection.

In the Bloch sphetethe poles represent classical kg and 96 and the changes in the
guantum bits that can cover the whole sphere represents the possibility of the positions that
qubits can hold irthe wave function. Thus, the quantum bits can represent much more

information in comparison to the classical representation of bits.

In the next section chaos theory and linear systmebriefly reviewed to providan insight

into the propose€QIEA algarithm.

4.4 Chaos Theory

Chaos is not a strange concept to human keindact, we can see chaotic systems all around

us. Some of the chaotic systems examples in nature can be found in meteorology, solar system,
heart, and brain of living organisniBoccadetti et al., 2000). This natural phenomenon has
been attracting scientistsd attention in al

economicshiology, and philosophy sincihe 1880s.

Chaos theory studies thehaviourof a dynamic systerthatis deterministic intrinsically but

reacts random and unpredictable whenever small changes happen in its initial conditions
(Ogorzalek, 1993; Gaspard and Wang, 1993; Rovatti et al., 1998; Hirsch et al., Stojanovski and
Kocarev, 2001; 2004; Werndl, 2010; &jatz, 2014)In other words, a dynamic system is
called chaotic if it is sensitive to initial conditions and small changes in those conditions can
lead to quite different outcomd®gorzalek, 1993; Rovatti et al., 1998; Stojanovski and

Kocarev, 2001; Weit, 2010)

The d/namic of a chaotic system is relatively simple and can be expressed in the form of a

mathematical expression with few variablgrogatz, 2014 Since chaotic systems are
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evolving dynamic systems, in their trajectory movement tieeyl to stabibe to a set of
numerical values which are called strange attractors. A chaotic attractor is a collection of an
infinite number of periodic orbits, each one being unstable. Duketergodic nature of a
chaotic attractor, during its temporalolution, the system ergodically visis small
neighbourhood of every point in each one of the unstable periodic orbits embedded within the
chaotic attractofGaspard and Wang, 1993; Yang and Chua, 1997; Hirsch et al., Zbe4g
important propertiesof chaotic systems can inspire evolutionary nrtegaristic search
algorithms so that by mimicking chaotic behaviour, these algorithms will be more powerful

and precise in terms of solving complex dimear NP-hardproblems

The trajectory of a chaotic 9gsn through the space of possible states is a complicated tangle
of looping paths bunstable periodic orbits. The geometry of these unstable periodic orbits is
one of the distinctive characteristics of chaos. Due to the critical dependence of chamtis syst

on the initial conditions, these systems are naturally unpredid@toteatz2014). However,

using mathematical notions suchtlasLyapunov exponent, the speed at which the trajectories

of a chaotic system starting out with similar inittainditions will diverge, can be quantified
(Gaspard and Wang, 1993; Hirsch et al.,20804)it was mentioned before and basedlon
ergodic nature of chaotic attractor, chaotic dynamics of a system can be seen as periodic
behaviourat a given time, and etically jumping from one to another periodic orbit.
Therefore, controlling chaos when a trajectory approaches ergodically a desired periodic orbit
embedded in the attractor, by applying small perturbatiostatilisesuch an orbifYang and

Chua, 199Y, can motivate designing more sophisticated search mechanisms for evolutionary

metaheuristics algorithms.
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45 Previous Work

In this section, some of the worthwhikesearch work related taigntuminspiredevolutionary

algorithmsand using chaos theory in optimisation methods are briefly reviewed.

4.5.1Quantum-Inspired Evolutionary Algorithms

Quantuminspired Evolutionary Algorithms (QIEASre inspiredy the concepts of quantum
computing like quantum bits and quamt gate, was first introduced Byeinman (Feinman,

1980)A brief review of the work done so far on QIEASs is provided in the following:

A simpleQIEA was sed by Narayanan and Moore in (1996)solve thedravellingsalesman
problem.Han and Kim (2000proposed the genetic quantum algorithm (GQA) which was
based on the concept and principles of quantum computing such as qubits and superposition of
states. They used qubit chromosome for representation of the individual and quantum gates as
genetic operats for searching the solution spaklan and Kim (2002proposed the quantum
inspired evolutionary algorithm (QEA) based on the concept and principles of quantum
computing, such as a quantum bit and superposition of states. They intrapicetbr
repregntation of the individual and ggateas a variation operator to drive the individuals
toward better solutiongdan and Kim (2004proposed a new termination criteriong-gate

and a twephase scheme quanttinspired evolutionary algorithm to improveet performance

of QEA.Zhang et al. (2006xombined the quantum computing concept with genetic algorithm
and called it novel quantum genetic algorithm (NQGA) and introduced a rotation quantum gate
to enhance the search capability and avoid premature rgmez. NQGASs used for selecting
features in radar emitter signal recognitidthang and Rong (2007proposed a real
observation quantusimspired evolutionary algorithmRQEA) to solve a class of globally

numericaloptimisationproblems with continuougariablesPlatel et al. (208), proposed the
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versatilequantuminspiredevolutionary algorithm (VQEA) which uses the attractor concept to
move the population through the search space and can adapt the search toward the last
promising solution found. Zhgnet al. (2008), introduced an evolutionary algorithimt
combined the concepts and principles of the quasntispired evolutionary approach with the
hierarchical arrangement of the compartments of a P system for solving the knapsack problem.
Vlachogianns and Lee (2008), usedgaantumcomputation evolutionary algorithm for the
combinatorial optimisation problem of optimal real and reactive power-QF dispatch
considering the bigffered cost. Platel et al. (2009), stated that QEA belongs to the class of
estimation of distribution algorithms (EDAs) and provided a comparison between versatile
QEA and three classical EDAs in terms of loss of diversity, scalability, solution quality, and
robustness to fithess noise. Zhang (20df@yvided a unified frameworknd comprehensive
survey of work done in the field of Quantumspired Evolutionary Algorithm. The author
discussed the main concepts and key ideas bejuadtuminspiredevolutionary algorithms

and the advantages and limitations of those methdldang et al. (2010), combined the
guantuminspired evolutionary algorithm and P systems and introduced a modified variant
guantuminspired evolutionary algorithm for analysing radar emitter signals, called MQEPS.
Their model used the hierarchical framelvorf celtlike P systems consisting of quantum
inspired bits and classical bits which the system rules are quanspimed gate evolutionary
rules, evolution rules in P systems, and a tabu search in the skin menNmeaméniakand
Kucharski (201 introduced a higherorder quantuminspired genetic algorithnm which
genes relations are modelled using quantum phenomepatforisationtasks. Silveira et al.
(2016) proposed a Quantum Inspired Evolutionary Algorithm for Ordering Problems.
Gonzalez et al. 219) proposed resource optimization for elective surgical procedures using

guantuminspired genetic algorithm&iaset al.(2020) proposed a quantdmspired method
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for optimisation applicationsPereiraet al. (2020) proposed aQuantuminspired Genetic

Programming Algorithm for the Crude Oil Scheduling of a Ré&arld Refinery.

QIEAs have a wak local search. In other words, QIEAs have poor performance in searching
the neighbourhood of the best solution. The other limitation of these techniquestigethat
rotation quantum gateds angle and the direct

initialised

Celeciaet al. (2020) proposed perhaps the first Chaotic Quarihgpired Evolutionary
Algorithm and applied it to enhance featgedection in Braircomputer Interface (BCI). This

thesis continues the above direction with the introduction of a new CQIEA.

4.52 Chaotic Optimisation Algorithm s

Thenonrepetition nature of chaotic systems can speed up search mechanismshiaurista
algorithms.To overcome the premature convergence drawback of these algorithms and to
perform an efficient fast exploration and exploitation in the problem space, many researchers
deployed different kinslof chaotic maps in combination with evolutionalyaithms such as
Genetic Algorithm, Particle Swar@ptimisation Differential Evolution algorithmetc. to
improve these metheuristics performanselLogistic map, Tent map, Sinusoidal map, Gauss
map, Circle map, Sinus map, Henon map, Ikeda map, Zaslavskii map,-[Sprotthaotic
attractor, Lozi map, Lorenz attractor are some of these chaotic maips.following, some of

the remarkable recent reseh which ha been combining chaotic mechanism with meta

heuristic algorithms are mentioned.

Differential Evolution (DE) algorithm convergence rate and population diverséye
i mproved by applying different cdndTentMap) maps

into its control parameters such as the population initialization, the mutation, and the crossover
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operatorgSantos Coelho, 2009; Santos Coelho, et al., 2009; Lu et al)). Z0fide range of

Particle SwarnOptimisation(PSO) variations @ enhanced by various chaotic maps (such as
Henon map, Zasl avskidi ma p , di ssipative stan
logistic map)to speed up their convergence rate and avoid premature convergence to local
optima(Santos Coelho and Mariani, Z@Bantos Coelho and Rodrigues Coelho, 2009; Alatas

and Akin, 2009; Tang et al., 2010; Chuang et al., 2011; Pluhacek, et al., 2013; Gandomi et al.,
2013; Chen et al., 2014; He et al., 2014; Kaveh et al., 2004hese works, researchers
combined chaostory in particle position, velocity formula, and particle acceleration control
parameter to improve PSO exploration and exploitation capabilities. In refe(&megstifar

et al., 2014; Yu and Xu, 2014; Chen et al., 20GBnetic Algorithm search abifits improved

by using chaotic sequence generators (logistic map and Cat map) into crossover and mutation
operators. In another effothec haot i ¢ | ogi sti c map was appli
Firefly Algorithm to improve the quality of solutions and prevent the algorithm from trapping

in local optima(Kazemet al., 2013)

To overcome QIEA limitations, Chirikov standard mapused to gbstitute the rotation gate

since it satisfies all the conditisthat a quantum gatequires
46. The Proposed Chaotic Quantum-Inspired

Evolutionary Algorithm (CQIEA)

The prosed here CQIEA is inspired by the QIEA (Defelate, Schliebs and Kasab@g09

and by the CQIEACelecia, Alimed & Vellasc§2020)

The novel ChaotiQuantuminspired Evolutionary AlgorithmQ@QIEA) proposed in this thesis
is an improved version dhe QIEA algorithmas it ismodified bythe Chirikov standard map
as thequartum gate tachange the qubitstates in the search spaared with the help of the
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strange attractor concept the search mechanambeguided in a more sophisticated way

towards the global optimum solution.

The QIEAalgorithms hae astrong searching capability, rapid convergence, short computing
time, and small population sizem compaison to other populatiofibased evolutionary
algorithms.The QIEA is based on quantum computation conceptsaaintroduced in the
previoussectionof this thesis This algorithm like every othgropulatiorbasedevolutionary
algorithmhas a population of possible solutions called qubits and a mechanism to guide this
population towards the optimum places in the search space aisjuogntum gatecfgae)

operator.

In QIEA, qubits arethe smallest unit of information that provide the probabilistic

representation dheindividual solutions and are defined with a paif adndf as % . The|

represents the probabililywhichtheq u b i t i s i n [tekpeessésdhé prababdity e wh i
inwhi ch the qgub i Accoidiag td gnantunnreecharics, the dulittcam be in the

606 state, in the 616 state, or in a |inear
In QIEA, a qubit individal solution consists af qubit is defined as follow:

| sl S g (4-11
st ¢ ¢

~ ~

wheres s $s pandwheréQ plths ha .

The linear superposition of states probability in the qubit representation allowsgeaabre
diverse population in comparison to other representtior instanceone qubit individual

consistingof three qubitslT ?T gT can represent eiglentangledstates | | gt o
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1T etnp | T stpbt| T T gipdp || omdtT | [ P mdp
T1 1 porf i T 9 powhileinthe binary representation at least eight individuals are

needed to code these states.

The state ofjubits can be changed Hequantum gategfgate operatorAs it was mentioned
before, a egateis a reversible unitary operatdk. unitary operatofY which is defined on a
Hilbert spacéOis a bounded linear operator that mapsetor space to anothdr be a unitary

operator, Ymust satisfy the followingandition.

~o~ ~.

YY YY \ (4-12)

where’Y is the Hermitian adjoint ofY. QIEA uses he quantum rotation gate as-gate

0 €+ [ Q& (4-13)

where—; is a rotation anglof each qubit that can change t

depending on its sign. The-angke should be defined according to the problem.

The QIEA algorithm consistof a population ofjubit individualsto search the solution space
for the optimum solution. The population of qubisgeneratiomis0 6 A MMBM
wheret is the size ofthe population.The binary solutioa0 6  @ho B o can be
obtained by observing theaséof 0 0 at generatiom. The binary solutiomy, 'Q ph8 R, is
a binary string of lengtix in which each bit irthe string can be selected to leor 1using
$ sand$ s,'Q plthB M, probabilitiesdetermined by the-gate.At observatn time, at
each generation, the best local solutioné who B o are selected among the binary
solutionsD 6 by eval uat i ng vdlue@e., lyolbséning the sfates e s s

p . Then, the best local soluti(®) at each generation will be compared with the best global
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solutiors found so farand if the migration condition is satisfied therrent the best local
solution(s) will bemigratal to the globalé 0. This process will be repeatadtil the
termination crieria are satisfied and then the global best solution(s) will be provided at the

final generation.

b
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Update Update

Figure4-4: The structure of QIEAlgorithm(Han and Kim,2002).

Thesteps inthe QIEA algorithmaredescribed as follow:

Step 1linitializing 0 o : a populationd 0 with the qubit individual is generated) ©

i M B |, each arbitrary individual i 0 is represented as

S (4-14)

=

—x—
5¢ 5
AR AH-
¢
an an
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Wheredais the number ofjubits (the string length of the dit). In the initial population,all

possible states are superposed with the same probability at the beginning.

Step 2 By observation,the statesd 0, binary solutions in0 6 @ foo F8shw , are
generated at stefp According to the current probability, eithgr s or$§ s of n Q

plt B3, a binary bit 0 or 1 is generated. Thus, a binary sol@hiol? plgfesdt consists

of abinary bits.

Step 3The fitness value for each value for each binary solutiol® pltfesdt is calculated

by using an ealuation function.

Step 4In this step, thé&h qubit in the @ qubit individualy , 'Q plgheshy, 'Q ple et is
updated by applying the curreqpgate’O —. The quantum rotation gate is used in QIEA as

ag-gate

0 — ... oy (4-15)

Where — is an adjustabla}-gate rotation angle. The updated qubit states after applying

guantum rotation gaiare as follow:

| | (4-16)

— il B y— (4-17)
wherei | H is thedirection of the quantum gate rotation (the sigrpandY— is the
magnitude of rotation angle-

Step 5The best solutions amomyt) areselected and stored.
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As it was mentioned before in the literature review, QIEAs have a weak local search. In other
words, QIEAshavepoor performance in searching tneighbourhoof the best solution. The
other limitation of these techniques is tharotation quantumgales angl e and t he

of its movement requirprior knowledge to baitialised

To overcome these shortages, a new quantum gate using Chirikov Standasdifiapluced
hereto provide a fast and effective local search ttags notequire any prioknowledge to

set theg-gate parameters. The Chirikov Standard Map is a chaotic map that has both
characteristicsof the quantum gates; it is unitary and reversible. A chaotic map is a
mathematical expression with few variables which shinveslynamic ofa chaotic system. A
chaotic system ia dynamic systerthatis deterministic intrinsically but reacts random and
unpredictable whenever small changes happen in its initial conditions (Ditto and Munakata,
1995; Strevens, 2006; Baranger, 2018hce chaotic systems are evolving dynamic systems,
in their trajectorymovement they tend &tabiliseto a set of numerical values which is called
strange attractors. A chaotic attractor is a collection of an infinite number of periodic orbits,
each one being unstable. Duethe ergodic nature of a chaotic attractor, duritsgtemporal
evolution,the system ergodically visits tisenallneighbourhooaf every point in each one of

the unstable periodic orbits embedded within the chaotic attractor (Boccaletti et al, 2000).
Inspiring by these important properties of chaotictays, the Chirikov Standard majs

introducedasa g-gateto improve the QIEAsearch ability

4.6.1 Chirikov Standard Map

The Standard map which was proposed by Boris Chirikov (Chirikov, 1971), is an area
preserving map for two dynamical variabteementumand coordinate which igenerated by

the timedependent Hamiltoniagystem The standard map has many symmetrilee most
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important of which is the timeeversibility symmetry (Meiss, 2008; Miguel et al., 201i&t

makes it a good candidate fbesigning aj-gate

The following is one of the canonical forms of the map:

i R T (4-18)

—  — i (4-19)

In polar coordinates the value iobecomes the magnitude of the radial vecteis the polar
angle and is a dimensionless parameter that controls the degree of Ghaperiodic nature

of O Edcan result of @ylinder shape dynamfor —modc* or a torus shape dynamic for both
—andi modc¢“ . Chirikov map is a&onservative systethatcan demonstrate bothgular and
chaotic dynamics The map segular behaviouoccurs in the Kolmogorernold-Moser
(KAM) islands of stability which are embetkd in the chaotic sea. These islands are stable
periodicorbits, andtheir eigenvalus areequal toone (Kob and Schilling, 1989 Figure4-5
illustrates examples of Poincare sectidns., the periodic and quagieriodic orbits of a
discrete dynamical systewith state spacef onedimension lower than the originabntinuous
dynamical systeinof the Chirikov standard map on a torus that are resulted from difigerent
valuesFor0 Ttthe map is linear and by increasing thealue the nonlinearity of the map
grows higherChirikov standard map shows chaotic behavforo  p& which is the critical

value.
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Figure4-5: Chirikov standard map with different k valyés-0.5, 0.8, 0.971635, 1.5, 1.8(flom the left most
topto the right most bottom).

4.6.2The ProposedQuantum Chirikov Standard Map

The Chirikov standard map is generated by a-i®gendent Hamiltonian system
. i .
01 h o < VAT & o (4-20)

where] 0 is a periodic function with period 1 in tim& The map dynamics describes
Poi nc ar ed adissreteméchanieakystemcalled the kicked rotatoKicked rotator
which is abasic model for chaos and quantum chaos studies describes a particle that i
constrained to move oncacle in a system with no friction and gravigyr can be considered

as apendulum swinging with no gravitandis kicked periodically by a homogeneous field

Therefore, th€hirikov standard map can bgpresseth quantised forméab give the quantum

map for the wave functign:

r Y Q W g (4-21)
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Where|[ is the new value of the wave function after map iteratois, the Planck constant,
and"Yis the unitary evolution operatgkn increase in thé values canincrease the energy of
the system linearlpvertime (Giorgilli and Lazutkin, 2000; Meiss, 2008; Gorodetski, 2012;
Frahm and Shepelyansky, 2013; Miguel, Simé, and Vieiro, 2013; Karinoal.,e2017;
Blumenthal, 2021) Eq. 421 shows that the Chirikov standard map is a unitary opetabr
either can be directly used to change the current statquaintum system in a chaotic manner
or thechaoticangular position presented in Eq18and 419 can be considered as the angle
for therotation gateln this thesiswe choose the l&r approach and leave the former for future

work.

4.6.3The ProposedChirikov Quantum Gate

As it was mentioned before, a quantum gai® reversibleinitary operatowhich ensures the
sum of probabilities of all possible statés qubitduring the evolution of the quantum systems
always equalso one In the previous secti@nit wasshownthat the Chirikov standard map
has all the characteristicsougred for a quantum gatelsing Chirikov standardnap as a-
gate (liversity operatgr the problem search space dam exploredand exploied more
efficiently (seeFigure 4-6). As it was mentioned before, the Chirikov standerdp can
produce both chaotic and regular behaviour with different values ®herefore, during the
evolution the dynamiof the systentan be controlled efficiently usiragaptive valuefor 0.

At the beginning of the search/optimisation problem by setiitggher value for0 and
increasing the chaotic behaviour of the system the search space can be explored more
efficiently. By decrasing the values aj over time,the systenwill produce more regular
behaviour than chaotic dynamics which can redualtsonverging to more stable statasd

exploiting search space to find an optimum solution
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Chirikov standard map
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Figure4-6: Polar plot of the rotation gate and Chirikeapfor qubit individuals

The proposed Chirikov quantum gate uses the chaotic angular position preseBtedt18

and 419 as the—angle for the rotation gate.

4.6.4The ProposedCQIEA algorithm

In the propose€QIEA search mechanishy controllingthechaos with a adaptive parameter

0, the population movements in th@QIEA will guide to the desired locatiorduring the
evolution of the search algorithiherefore, lhe problem search space will be explored and
exploitedin amore sophisticated way through time. Settingithearameter ta higher value

in the Chirikov quantum gate at the beginning of the search process causes more chaotic
behaviour in the system amy decreasing it over time the system behaviour will be more
regular and stable. This mechanignwill decreasetrough the search period by a decay factor

of 0.05.Figure4-7 shows the proposed CQIEA algorithm pseudocode.

117



Chaotic Quantum-Inspired Evolutionary Algorithm (CQIEA) T Discrete Optimisation

1: Seto=0andd v, DT DOI HEBRIM AJQO Qi & @Emd QQ 0D DO &bt v

2: Initialise thed O population with all theé andf probabilities set teM:.
3: Generaté) 0 by observing the state of O .

4: Evaluated 0 using the fitness function.

5: Store the best solutionsino tod o .

6: while Q0 | A @Q0 Qi ©0O Q¢ ¢

7 oN o p

8: Generat® O by observing the state 6f 0 p .
9: Evaluated 0 using the fitness function.

10: Updated o using the Chirikov egate

11: ON DO QQOBMODO £ i

12: Store the best solutions amodigd p andd o tod O .
13: Store the best solutiabamongd o .

14: if (global migration condition is met)

15: Migrate®to & o globally.

16: else if (local migration condition is met)
17: Migrate® in® 6 tod o locally.

18: end if

19: end while

Figure4-7: CQIEA algorithms pseudocoder discreteoptimisation
By adding a simpléinary to decimal (real value) and decimal to binary conversion CQIEA
algorithm can be used for continuous optimisation idee pseudocode of the algorithm is

depicted inFigure4-8.
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Chaotic Quantum-Inspired Evolutionary Algorithm (CQIEA) i Continuous Optimisation

1:

10:

11

12

13:

14:

15:

16:

17:

18:

19:

20:

21

22

Seto=0andd v, DT DOI HEBR T AJQ6 Qi FROQERIQ Q¢ MM GO &bt v
Initialise the random realalued populatiofiY 0 bounded between the lower and upper bounds ¢
the problem space.

Convert the reaValued initial populatiofy 6 to the binaryvaluedd o population with all the

and’ probabilities set t(a:.

Convertthe binaryvaluedd o population to reavalued populatiof o .
Generat@) 0 by observing the state &f o .
Evaluated 0 using the fitness function.
Store the best solutionsino tod o .
while Q0 | A @Q06 Qi ©0O Q¢ ¢
oN o p
Convertthe binaryvaluedd 6 p population to reavalued populatiof © .
Generat®) 0 by observing the state 8f 0 p .
Evaluated o using the fitness function.
Updated o using the Chirikov egate
ON DO QQOMODO £ i
Store the best solutions amodigd p andd o t0d O .
Store the best solutiadhamongd o .
if (global migration condition is met)
Migrateto & o globally.
else if (local migration condition is met)
Migrate® in® 6 tod o locally.
end if

end while

Figure4-8: CQIEA algorithms pseudocode for continuaydimisation
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4.7. Benchmark combinatorial optimisation problems

In other to evaluate the CQIEA algorithfor discrete optimisation, tw@ombinatorial
problems were chosemerewhich are close tdhe application of CQIEA for the methods
proposed in the following chaptei®e @mbinatorialoptimisationproblems are those where
mathematical techniques are applied to find optimal solutiotignna finite set of possible
solutions. The set of possible solutions is generally defined by a set of restiictibisstoo
large for exhaustive searth solve The firstwell-known example is the knapsack problem,
where the value of the goods cadriae the knapsackustbe maximized, while the weight of
the goods that can be carried is limited. The second example is theriges@lesman problem,

where the total travieng distancenustbe minimized while each client is visited exactly once.

To evaluate the CQIEA algorithm for continuous optimisationi ch can be wused f
parameter optimisation, four we&hown benchmark functien Sphere, Rastrigrin

Rosenbrock, and éley havebeen choseand shown inrable4-2.

4.7.1Knapsack
KnapsackNP-combinatorialoptimisationproblemis defined as:

iAg no wN Tip h

Q pB R (4-22)

Subject to:
0 R0 h Q pfB B (4-23)

wherer) andy f, are positive weightsp is positive cost parameters, asod & 8 fo .
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4.7.2Travelling SalesmanProblem (TSP)

The TSPNP-combinatorialoptimisationproblemis defined as

Subject to:

a

Tt

0¢ W w

€
el
¢
(@)
o
a<
;T(

®  ph"Q¢ d @0

(4-24)

(4-29

(4-26)

(4-27)

where® is thecost matrk (or the distance) to travel from cii§o city Gande valueis 1 if

the path goes from cit@o city ‘Candis 0 otherwise.

4.7.3 Continuous Optimization Benchmarks

Table4-2: The benchmark furtions for continuous optimisation

Function Mathematical expression Bounds
Sphere ® & ® (-100, 100)
o (-10, 10)
Rastrigrin @ W W pmMAIQw pTm
Rosenbrock @ ® PTIT @ ) 0 p (-600, 600)
- (-32,32)
o P .
Q@ o CcADD ] : @
Ackley
A ®§ WEé ¢ a T
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Figure4-9: 3D representation of benchmark functson

4.8. Implementation and Experimental Analysis

In this sectiontheexperimental results of applying the proposed CQIEA and QIEA on both
discrete and continuous environments prolslane illustrated and a comparative analysis via

tables and plots is provided.

Figure 4-10 to Figure 4-12 show the comparative diagrams of the CQIEA and QIEA

performance on the Knapsack problem with 10, 100, and 500 items.

122



Knapsack problem with 10 items
21.25 T T T T T T T T T
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212 QIEA | |
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Figure4-10: The compeson between the CQIEA and QIEA for Knapsack problem with 10 items

Knapsack problem with 100 items
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Figure4-11: The comparison between the CQIEA and QIEA for Knapsack problem with 100 items
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«10% Knapsack problem with 500 items

Fitness Mean

17 Il 1 L 1 L 1 L 1 L
0 20 40 60 80 100 120 140 160 180 200

Iterations

Figure4-12: The comparison between the CQIEA and QIEA for Knapsack problem with 500 items
As it can be seen the CQIEA algorithm outperforms the QIEA algorithm both in the
convergence time and the quality of the final solution. Thagésin the chaotic rotation gate

anglesareshown inFigure4-13 andFigure4-14.

Chaotic Quantum Inspired Evolutionary Algorithm
90 4000

The teta angle values over time

Iterations

Figure4-13: The changes of the chaotic rotation gateds
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200 Chaotic Quantum Inspired Evolutionary Algorithm
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Figure4-14: The changes of the chaoticot at i on gateds angle over tim

Table4-3 provide the numerical analysis of CQIEA and QIEA performance oK tlag@sack

problem.

Table4-3: The average results of applying CQIEA and QIEA algorithm on Knapsack problem for 20 runs

Algorithm Knapsack
10 itemswith 100 itemswith 500 itemswith
capacity= 36.30463 capacity= 4130 capacity= 21239
QIEA
mean 21.1646 3819 19727
std 0.0490 0.0447 0.0533
CQIEA
mean 21.2319 3966 20397
std 0.0144 0.0250 0.0237
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The CQIEA and QIEA algorithms were applied to the TSP problem to visit New Zealand cities,
both algorithms achieve the same resiigure4-15to Figure4-17 show the performance of

CQIEA algorithm on the TSP problem for the New Zealand cities.

New Zealand Cities Map for TSP problem

700 —

‘®Rotorua

600 [—

400 —
300 —
200 —

100 —

0 100 200 300 400 500 600 700 800

Figure4-15: New Zealand cities map for TSP problem

CQIEA resulted paths for TSP problem on New Zealand Cities Map

1000 —
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Figure4-16: CQIEA resulted paths for the TSP problem on New Zealand cites map.

126



CQIEA final result for TSP problem on New Zealand Cities Map

1000 —

‘@ueenstwon
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Figure4-17: CQIEA resultfor the TSP problem on New Zealand cities map.
Table 4-4 depicts thecomparative numerical analysi$ applying CQIEA and QIEA to the
continuous

opt ibenchsaks.i on pr obl emds

Table4-4: The average results of applying CQIEA and QIEA algoritorthe continuous benchmark functions

for 20 runs
Algorithm Continuous optimisation

Sphere Rastrigrin Rosenbrock Ackley

QIEA
mean 24027 pm 0.0994 20.4150 1.0738
std 0.0915 0.0866 0.0575 0.0814

CQIEA
mean 20108 pm 6.9273 pm 19.3936 0.1395
std 0.0480 0.0823 0.0743 0.0855
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The above comparative analysis demonstrates the superiority of the proposed CQIEA
algorithm over its former counterpart both in terms of convergence time and the resulting

quality.

The CQIEA algorithm improvement can help to boost the proposed modéhtearechanism
in the following chapters. The convergence time and battelity results are important
capabilities that can be added to improve the EPUSSS framework and the quantum associative

memory.

4.9 Chapter Summary

In this chaptera novel search gbrithm is proposed based on chaos theory and the quantum
inspired principals called Chaotic Quantimspired Evolutionary Algorithm (CQIEA). The

Chirikov chaotic map is used here to improve the convergence rate and the quality of the final
solution of theQuantumlinspired evolutionary algorithrsing chaos theorio speed up the
optimisation process$n this chapter both discrete and continuous version of CQIEA has been
proposed to serve as a | earning opimicaticani s m |
technique to i mprove proposed model sd perfo
proposed Quantum Associative Memanmythe following chaptersThe results of experiments

prove the effectiveness of the proposed approach in both contimdsscrete environment

The method isubject to aper under construction
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Chapter 5. A Novel Quantum Inspired Spiking
Neural Network: QISNN

Abstract

In this chapter a novelQuantumlinspiredSpiking Neural Network(QISNN) is introduced
based on the probabilistic spiking neuron modé&s@abov, 2010)The proposed QISNN
follows the EPUSSS framework witntwo-level hierarchical learning structure. The novel
proposed QISNN hierarchical architecture consist of quantum neurong,gusynapses, and
guantum learning rule to perform prediction and classification tasks in a unified framework.
The quantum information processing principdgsused her@o enhance thEPUSSS model

performance and flexibility when dealing witpatiotermporal data.
The following research questidvas been addressed in this chapter:

RQ5 fiHow can the biological probabilistic nature of a spiking neuron be demonstrated using
guantum mechanics concepts to reinforce all bvistomputations in SNN including quantum

neurons, quantum synapses and chaotic quantum unsupesusagised learniriy o

The material is subject to a journal papepreparation.

5.1 Introduction

In this chaptey a novelQuantumlinspiredSpiking Neural Network (QISNN) is introduced
based on the probabilistic spiking neuron modés@abov, 2010)The proposed QISNN
follows the EPUSSS framework withtwo-level hierarchical learning structure. As it was
mentioned irthe previous chapter, although brain behaviour studies historically wetgyle

disciplines such as biology, neuroscience, psychology and cognitive science, there were some
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discussions abouglating mater and mind using complex system physics and quantum physics
(HameroffandPenrosg2014) To be more precisaccording tdhe PenroseHa mer of f A Or ¢
OR O mdahdbealn neurons process informatjosagulate membran@otential,and synaptic
activitiesusing quantum computation. The fact that the brain is a physical system composed of
atomswhosebehaviour can be explained by quantum physics, motivated the querspined
brainlike model proposed in this chapter. The proposed QISNN modéhisnchapter
combined the biological behaviour of neurons in the macrolevel (molecular level) and the
guantumbased behaviour at the microlevel (atomic level) to perform both prediction and
classification tasks in a unified framework similar to EPUSSS QIB&NN model extends the
probabilistic spiking neuron mod@roposed byKasabov(2010) by introducing quantum
neurons, quantum synapse, and quantum learning rule in two levels of learning. The local
learning inQISNN performs prediction while the globahlaing carries out the classification
task. In the following sectigra brief reviewof quantum spiking neural network ideas is

provided.

5.2. Previous Work

Although recently both spiking neural networks and quantum computing attract many
researchersdé interest, there is very Ilittle
Kristensen et al. (2021) proposed a quantum spiking neuron to improve SNN performance on
customdesigned neuromorphic hardware based on Hamiltonian measureffenisuthors

introduced a spin system similar to the biological thresholding behaviour of spiking neurons

with 3 states. Stasel and 2areconsidered as input states atdtes3 labelled as output. The

chain interaction between the inputs and output cansegy differences among the possible

states which results in the output excitation in presence of a certainfstatber research

conducted bySunet al. (2020), encodes the input information to spike trains using quantum
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superposition concepts. Then tao-compartment spiking neural networkith time
convolution kernel synapseintroduced to process the encodddrmationto perform vision
tasks. Chenet al.(2020) suggested a quantum spiking neural network cQ&dN that uses
guantum systems tmeasurethe neuronsvoltage changewhen a synapseeceives temporal
space stimuliThenthe voltage of neurormpares tthe threshold voltage in the observation
time, through measuringuantum registerd.o calculate the quantum probability, the authors
used thequantum amplitude estimation (QAE) algorithm combined with the gestp
algorithm and applied the proposed method ttve MNIST dataset to perform character

recognition.

The above worthwhile research, partially deployed quardcamputation to improve SNN
performance. However, none of the above models suggested a complete euasgdm
framework from network components to the learning algorithms. In this chapter, a novel
Quantum Inspired Spiking Neural Network (QISNN) is introduteat not only consists of
guantum neurons and quantum synapses but also hadevglbierarchical quantuimspired

learning algorithm to perform both prediction and classification tasks.

The next section introduces the probabilistic neuron model vidible core idea in the QISNN

proposed model.

In the probabilistic spiking neuron mod@ISNM), probabilistic parameters determine spikes
occurrence and the propagation of spikes across the synaptic conné€tsakov, 2010).
According tothepSNN modela neurort receives input spikes from psynaptic neurons

(Q plgfsd ). Thesum of all received inputs frotn pre-synaptic neurons determine neuron
¢ postsynaptic potential at timé 0 "Y00 . Onced "YU reaches a firing threshold 0,
neuron¢ emits a spike. In pSNN, synaptic weights, areestablished during learning using

Thropebés rule (Thrope et al ., 2001) :
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)

Yog G€Q (5-1)
Whered £ '@ a modulation factor in rangetp , andé i 'QQis a timedependent order in
which a spike from neuran arrives at synapdey. This learning mechanism is a fast method

thatneeds one pass data propagation to adapt the synaptic wWieigt88IN three probabilistic
parameters determine neuron response to the input stimuli and its propagatiomitil pogt

synaptic connections:

1. n 5 0 which is the probability for emitting spike from a prgynaptic neurod to a
postsynaptic neurog at timeo through the synapsey. In other words, in pSNN
mode| each synaptic connection hap 0 that represents the structural and
functional uncertainty observedliological synapses} 0 T1shows that there is
no synaptic connection and subsequently no spike can propagate to tbgnaqmsic
neuron.

2. 1 O which is the probability of the synapise to take part i) "YU after receiving
a spike from a presynaptic neuroi . This probability stimulates the probability for
ion channels to open or close during the release of neurotransmifterso
probability can change durintpe learning process. In pSNN the assumption is that
nio p(Q pBh) for most synaptic connections unless there is a reason to
change this parameter in the model.

3. N 6 which is the probability for neuran to emit a spike at timéwhen its0 "Y 00
reaches the firing threshold. Thisopability represents the probability density for firing

in a biological neuronD "Y is defined using the following formula:

G Yo Q0N 0 H QR0 L 0p0 -0 O (52
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Where'Q is 1 if neurone emits a spike and O otherwise; probability; 0 can
determine "Q 1 j 0 is 1 or O; probability] 0 can determinéQn 0 is 1 or
0; 0 is the time of the last spike emitteddyand— 0 0 repregnts decay in PSP.

The pSNN is the generalization of the Integrate and fire (IF) model which if all its

probability parameters set to 1 it behaves as IF neuron model.

In pSNN two approaches has been proposed to modify the probability pargmeter

a) Traditional probability theory which neuro& spiking activity changes the
probability parameters. To be more specific,; (Q phtfgd) probability
changes by Hebbian learning rule in this sense that if néuspikes within a time
frame after a spike releases fremn  will increase by a small amount (learning
rate);  (Q plehedd ) probability increases slightlgvery time that a spike is
received at the synapsg and a PSP contribution is emitted form this synapse.

b) Quantum information approach which each of the probability paramegteysy,
andn fis considered as a quantum probabilityresgnted by a quantum bit (qubit)
to allow spike propagation through the network. The qubit states for pSNN
probability parameters are defined by the wave function indicated by equation (4
5). The probability of theynqlubfi tThet o be
probability amplitudes of spikes at a@il synapses at timeis represented by the

following matrix:

(5-3)
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To change the qubits correspondingiton j, andn  probabilities in pSNN according to
spike propagation within a time interval in the connected neworand ¢ the quantum
rotation gate operator is applied:

| 0 p Al ¥H— i O¥— |
C o o L GEV— >4

The qubits will be initialized with a normal distribution with two states 0 and 1, then the
guantum rotation gate will change the probability of seeing 0 and 1. Adl tr@ombinations

of incoming spikes to neurofi at time 0 is represented bynad -qubit vectorr)  (Q
pltFed ).

The propose®@ISNN s an extededversion ofpSNN (Kasabov, 2010) which is described in

the following section.
5.3. The ProposedQuantum Inspired Spiking Neural

Network (QISNN)

As it was mentioned before, the QISNN follows EPUSSS architecture and tHevelo
hierarchical learning structure. In the QISNN, the neuron model, synaptic connections, and
learning rules aracombination of biologically plausible models and quaningpired models
introduced in chapter3 and 4, respectively. Therefore, it is fair to say that the QISNN

framework is a braktike quantuminspired model.
Like EPUSSS, QISNN has local and global learning mechanisms:

a) In the local learning mechanism, the inplata dynamics is learnt and predicted in a

semisupervised manner usitige STDP rule and the chaotic quantum learning rule.
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b) In the global learning approach, the classification result at end of each episode of
l earning is used t oticwedtsutdiging deBNN stnuetwrer o n 6 s

combined with the chaotic quantum learning rule in a supervised manner.

Although the learning mechanisms of QISNN is fundamentally similaeRSSS, the
|l earning algorithms, n e -gynaptitc éosinedtions arencgntrdlesl h a v i ¢

and governed by quantum computation models.

QISNN like EPUSSS architecture has the same three major modules in its framework: the
encoder module whichses BSA algorithm that encodes input data into spike trains, the 3D
SNN reservoir module in which the local learning mechanism of QISNN governs the synaptic
efficacy in a semsupervised way, and the output module which deploys the global learning
mechaimsm of QISNN combined with modified deSNN modelfadatesynaptic efficacy in a
supervised way. QISNN uses spiking neuron models such as LIF and Izhikevich combined

with a quantum model to control neurdfisng behaviour.

QISNN connectivity both in th8D SNN reservoir and the deSNN output layer is completely

akin to EPUSSS. The QISNN modeérns from timeseries data to predict the next values of

the inputdata in a certain timeindow in the reservoirPredictive modelling is achieved

through asemisupervisedocal learningmechanisnusingthe error of predictiorin a certain
time-windowand rule thaadjusttheefficacy of synaptieveights of theeservoimeurons.The

output neurons inspired ihbed e SNN model 6 s c maremnenpallyforaeach cr e a
training sampldo associate the input data with a class label. For this purpose, all the input
neurons and reservoir neurons (or just input neurons) are connected to output neurons using
the RO method and their synaptic weights are adjusted basdte QISNN global learning

rule using a neuromodulatory signal that is generated by the results of classification in the

training phase.The principle behind the algorithm is to perform both prediction and
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classification in a twdevel hierarchical leaing structure. In the proposed model the input
neurons contribute strongly to both local and global learning. In local learning, the system
learns to predict the input data dynamics through modifying the oscillatory rhythmic patterns
of neuronal firing advities. A sliding timewindow allows QISNN to capture the firing
behaviour of the input neurons for a certain time course in which the input data is exposed to
the network. The input neurons have recurrent connections from the last layer of reservoir
neuwons that help them to learn the activity of the reservoir neurons and influence other input
neurons to have optimal learning like the cooperative learning in the brain. Then by cross
matching input neurons fining behaviour with the input data dynamiceanseveral) time
unite(s) ahead the error will be calculated and backpropagated to modify the synaptic and
hypersynaptic connections. This process is similar to synaptic plasticity based on local signals

in the brain.

At the end of each episode of leampicorresponding to the presentation of the entire input
pattern with"Ylasting duration to the network, a neuromodulatory signal from the output
neurons is generated based on the target labels. W& CEA learningrule the generated
neuromodulatory signal helps to reward or penalissythaptic and hypersynaptic connections
efficacy. This process is the global learning mechanisnQI&NN which resembles the
feedback loop learning from external stimuli in the brdihe QISNN architecture and its

learning principles can be seerfigure 51.
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Figure5-1: The QISNN twelevel hierarchical learning framework
5.3.1Quantum Local Learning

Inspiring by pSNNmodel, a quantum neuron model is introduced for neurons and their
synaptic connections. In this model, the spiking neural network will be presented by two
guantum elements: 1) quantum neuvamosefiring probability is controlled by a quantum
wave function, 2) quantum pesynaptic connections which the probability of forming a

connection between neuran and¢ is controlled using a quantum wave function

A Chaotic quantum rotation gate isad to change the probabilities of firing in a quantum
neuron and forming a synaptic connection in quantumgosptic connections according to
two-level observation. At the first level observation quantum neuron probability of firing is
modified usingthe average firing rate in a predefined time window that slides over the input
spike trains. If the spiking activity is not like the firing average of the input spike train in a time
window, the quantum gate operator will apply to change the firing prgiebio decrease or

increase them.

The predictive accuracy is used as the fitness function to evaluate the quantum solution quality.
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