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ABSTRACT

The cortex, the outermost layer of the brain where most of the information is pro-
cessed at a mesoscopic scale, is formed by cortical columns. These cortical columns
are composed by neurons that organize in a cylindrical shape. The dynamical
behavior of these columns can be modeled through neural mass modells: physiologi-
cally plausible nonlinear mathematical models that represent the average dynamics

of all the neurons inside them.

In this work, a network of interacting cortical columns, each one of them mod-
elled by the Jansen-Rit model, is presented with a set of connectivity parameters that
determine the interactions between the columns. These parameters are tuned using
a machine learning tool, genetic algorithms, which take inspiration from biological
evolution, with the aim of learning to process a set of input signals that mimic
sensory information.

The results obtained show that the neural mass network built in this work is ca-
pable of learning different input signals and classifying them using synchronization
of the dynamics of the neural mass models in the output layer.

Keywords: Neural Mass Models, Learning, Genetic Algorithms,
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Chapter 1

Introduction

1.1 Computational Neuroscience

In recent years, Machine Learning has become extremely popular. The creation of
Rosenblatt's perceptron in 1958 [1], the predecessor of one of the most powerful
machine learning tools: arti cial neural networks, was inspired by computational
neuroscience, an emerging eld at the time. These arti cial neural networks are
formed by a set of elements (simple models of neurons) that form connections
between them with different strengths determined by a set of weights. These net-
works are able to learn certain tasks by changing the weights of the connections,
mimicking the behavior of the biological brain. Nowadays, Machine Learning
and Neuroscience drive each other forward: state of the art Machine Learning
techniques are applied to Neuroscience problems [2, 3] while new Neuroscience
discoveries are employed to further explore the eld of arti cial neural networks.
This symbiosis is the driving force of this thesis.

The brain is an extremely complex organ: a system of approximately 10 ! neu-
rons, each of them forming up to 104 connections with other neurons that result
in many different and very complicated processes such as sensations, emotions,
consciousness, etc. The eld of computational neuroscience tries to understand,
through simulation of mathematical models of brain structures, how all these mech-
anisms work [ 4]. The complex dynamics of the brain operate at a wide range of
temporal and spatial scales: from the nanometric and rapid movements of ions
in the neuron to the inter-region spanning connectivity of the brain or circadian
rhythms [ 5]. For this reason, in silico modeling of neural mechanisms usually takes
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one of three approaches, closely related to the spatiotemporal scale of the behavior
to be studied. One can take the microscopic approach, which focuses on building
dynamical models that mimic the electrical behavior of the smallest elements in the
central nervous system, the neurons or even their ionic channels, such as the famous
Hodgkin-Huxley model. One can also take the mesoscopic approach, between the
micro and macroscopic scales, which focuses on building dynamical systems that
reproduce the behavior of populations of localized populations of interconnected
neurons, as for instance the so-calledcortical columns Finally, the macroscopic
approach is used when modelling large interconnected areas of the brain and the
most complex brain functions, like consciousness. Computational neuroscience
is a very active branch of neuroscience, with many relevant applications such as
modeling the effects of drugs, understanding pathologies like epileptic seizures or
Alzheimer's disease, and even studying brain-machine interactions.

In this work, a network of interconnected mesoscopic models is built with the
objective of simulating a possible information processing mechanism that might
be operating in the brain. In this project, a machine learning approach, Genetic
Algorithms, has been implemented to nd the parameters of the network that
result in this information processing mechanism. In this rst Chapter, a theoretical
overview of the different concepts needed for the development of this work is
given. In Chapter 2, the network of mesoscopic models and the implementation
of the genetic algorithm are described, along with the de nition of the problem
tackled. Results obtained with the methods in Chapter 2 are shown in Chapter 3.
Finally, in Chapter 4, the results and possible further extensions of the methods are
commented.

1.2 Functional Units of the Brain

1.2.1 Neurons

The cell paradigm states that cells are the basic structural, organizational and
functional units of all organisms. In the central nervous system (CNS) this role is
played by neurons, which are distinguished from other cells due to their general

morphology and electrical excitability [ 6]. Neuronal function is supported by



another type of cells called glia, which are essential for the correct functioning of the
CNS. Some of those cells (astrocytes) control concentrations of different elements
like neurotransmitters and ions in the extracellular media while others (myelinating
glia) improve communication speed between neurons.

The neuron has two different main parts: the cell body or soma and the neurites.
The soma contains the organelles commonly found in all eukaryotic cells. Neurites
are tubular structures that sprout out of the cell body and can be of two types:
axons or dendrites. Usually only one axon comes out of the cell body, carrying
the output signal of the neuron. Dendrites are much shorter than axons and are
typically connected to axons coming from other neurons since they are in charge
of receiving the incoming electrical signals. The cytosol, the potassium-rich uid
inside both parts of the cell, is separated from the extracellular medium by the cell's
membrane. A scheme of a pyramidal cell, a common class of neuron in the cortex
of the brain, and its main parts is shown in Figure 1.1a.

As previously mentioned, neurons communicate via electrochemical signals
thanks to the cytosol and the extracellular uid containing ions in different concen-
trations, the most relevant being sodium (Na *), potassium (K*), calcium (Ca®*)
and chloride (Cl ). The cell membrane separating the two media is sprinkled with
many membrane-spanning proteins that provide a way of interchanging ions. These
proteins also belong to two different groups: ion channels which, depending on
their characteristics, allow some speci c ions to pass through and ion pumps which
consume energy/ATP to transport ions from one side of the membrane to the other.

Statistical physics states that randomly moving particles in suspension in water
spontaneously move to maintain uniform concentration. This process is called diffu-
sion: there is a net movement of elements from high to low concentration. Because
of the difference in concentration between cytosol and extracellular media, ions
in these uids experience diffusion (spontaneous movement) when ion channels
open. Additionally, since ions are electrically charged particles, they experience
movement when an electrical eld is applied.

The cytosol is usually more negatively charged than the extracellular medium
because of different ion concentrations on both sides of the membrane, diffusion of
ions through channels and ion pump activity. Because of the thinness of the cell's
membrane, ions from one side can attract ions on the other side in such a way that
charge tends to accumulate at both surfaces of the membrane, like a capacitor, as



(a) Scheme of a pyramidal cell. Reprinted (b) Accumulation of charge on the mem-

with permission from Springer from [ 7]. brane's surfaces and concentration gradi-
Copyright (2015). ents across the neuron's membrane [8].
Figure 1.1

exempli ed in Figure 1.1b. This leads to a voltage difference across the neuron's
membrane called membrane potential, Vi, which favours the ow of positively
charged ions inside the cell. When the neuron is at rest (when the ow of diffused
ions is compensated by the ow of ions caused by the voltage difference), the resting
membrane potential is typically closeto  65mV.

The fundamental process upon which neural functioning is based on is the action
potential, a fast depolarization of the membrane's voltage due to a sudden increase
of positive ion in ow towards the cell. The membrane potential rapidly goes from
its usual 65 mV value to a positive value, around 40 mV, quickly returning to ap-
proximately 65 mV. This process is mainly mediated by two membrane-spanning
proteins: the voltage-gated sodium channel and the voltage-gated potassium chan-
nel. They form pores in the cell's membrane through which speci c ions can pass
and the value of the membrane potential determines the state of the pores. They
have, however, some minor but essential differences. The voltage-gated sodium
channels open with little delay after a depolarization of the membrane, while



the potassium channels have a delay of around 1 ms. Additionally, voltage-gated
sodium channels can be on three different states (open, closed but inactivated and
closed but deactivated), while voltage-gated potassium channels can be in only two
(open and closed). Extracellular processes, such as in uences from other neurons,
can perturb the resting membrane potential. These effects may produce a large
enough increase on the membrane potential for it to reach the voltage needed
to open most of the voltage-gated sodium channels, called threshold potential
(around 55mV [9]). Since the cytosol is more negatively charged and has much
less sodium concentration than the extracellular medium (around 10 times less [ 10,
Figure 3.15]), a large amount of sodium ions are driven inside the cell. This, in turn,
entrains a depolarization of the membrane ( Vi, reaching positive values) due to
the large quantity of positive charge entering the cell. Afterwards, approximately

1 ms later, sodium channels close and inactivate while voltage-gated potassium
channels open. This time, because the membrane potential has reached a positive
value and the concentration of potassium is larger inside the cell, potassium ions
rush out of the neuron causing a rapid negative repolarization, decreasing the Vp,
value until the potassium channels close. These steps are summarized, along with a
representation of the evolution in time of the membrane potential Vy(t), in Figure
1.2a.

As a nal note on action potentials, inactivated voltage-gated sodium chan-
nels cannot open again until they are deactivated, which only happens when the
membrane potential is more negative than the resting membrane potential (orange
region in Figure 1.2a, called undershot). For this reason, a new action potential
cannot be generated until the previous one has reached the undershot phase. This
lapse of time is called the refractory period Additionally, it is important to bear in
mind that sodium-potassium pumps consume energy in the form of ATP during
all these processes to maintain the proper gradients of concentration between the
cytosol and the extracellular medium.

Action potentials travel along the axon until they reach the axon terminal, where
the neuron connects to the dendrites of other neurons. Action potentials propagate
through a neuron's axon in a similar fashion to how re propagates along a fuse.
When a region of the membrane is depolarized and generates an action potential,
the incoming sodium ions spread inside the cell, depolarizing the adjacent regions



and, therefore, opening the voltage-gated sodium channels in those regions, where
the process is repeated, thus propagating the action potential.

Neurons in uence each other through synaptic connections, which can be of two
types: chemical and electrical. Only the former will be described since the math-
ematical models used in this work have been developed to emulate certain parts
of the mature human brain where most of the synapses are chemically mediated.
In a chemical synapse, the axon terminal of the pre-synaptic neuron (where the
action potential is created) is very close to one of the dendrites of the post-synaptic
neuron (where the effect of the action potential will be transmitted), separated only
by a small space (20 to40 nm [11]) called synaptic cleft or gap. When the action
potential reaches the axon terminal of the pre-synaptic neuron, it causes a fast
release of neurotransmitters: small molecules that bind to certain proteins in the
post-synaptic dendrites. These proteins are called ligand-gated ion channels. When
the neurotransmitter binds to them, they suffer a conformational change and open,
allowing ions from the extracellular media to ow inside the dendrite. Moreover,
depending on the channel's type, they may allow the in ow of positive (Na *, K*,
Ca?") and/or negative (Cl ) ions. On the one hand, when the open channels are
permeable to positive ions, the net effect of the interaction will be to raise the value
of the membrane potential, Vy, bringing it closer to the threshold potential and,
therefore, increasing the probability of generating an action potential. For this
reason, it is said that this axon-dendrite interaction generates an excitatory post-
synaptic potentia(EPSP) on the post-synaptic neuron. On the other hand, when the
ligand-gated channels let negative ions ow inside the cell, the potential membrane
will be hyper-polarized, driven farther away from the threshold potential, reducing
the possibilities of generating an action potential. As a consequence, this interaction
will generate an inhibitory post-synaptic potentigllPSP). Electrical synapses, even if
necessary for proper brain function, are out of the scope of this work. For a detailed
description one can refer to [10, Part One. Chapter Five].

A neuron receives many post-synaptic potentials through its dendrites, and
it will generate an action potential if the combination of all the incoming EPSPs
and IPSPs are able to depolarize the axon hillock's membrane potential above
the threshold value. This type of neural computations can be performed through



(a) Action potential phases. Reprinted with  (b) Excitatory post-synaptic potential sum-
permission from [12]. Copyright (2021) mation. Reprinted from [ 13] with permission
American Chemical Society. from Elsevier.

Figure 1.2

spatial or temporal summation of both EPSPs and IPSPs. The rst consists in the
superposition of PSPs generated on many synapses but occurring at the same time,
while the second consists in the accumulation of the EPSPs coming from a same
synapse but in a rapid succession, as portrayed in Figure 1.2b. For this reason, it is
important to consider the effect that travelling from the synapse to the soma of the
cell has on the post-synaptic potentials. Dendrites are said to have cable properties
which, amongst many other consequences[14], translates to post-synaptic potentials
losing amplitude during their propagation towards the soma due to a leakage of
ions caused by some ion channels being open along the dendrite (similar to how
an electric current experiences a loss in intensity because of an intrinsic resistance
when traveling along a cable). For this reason, the distance from the synapse to the
soma is a relevant factor for post-synaptic in uence. Inhibitory synapses are usually
located near the cell body of the neuron and, therefore, have a stronger impact on
the neuron's output. The in ow of chloride ions caused by these synapses is able to
reduce and even neutralize the impact of more than one EPSP at a time.

The last paragraph concludes a brief introduction and overview of the workings
of the neuron. It will be interesting to keep these in mind when reading about the
mathematical models used in this work.



1.2.2 Cortical columns

The cortex is the outermost layer covering the cerebrum. It is convoluted in order to
provide a greater surface area in the limited volume of the skull and it is the most
important region in terms of neuronal integration and information processing. It
consists mainly of the neocortex, taking up 90% of the cortex's total surface, and the
allocortex, which takes up the remaining 10%. The neocortex is a 3-4 mm thick sheet
of tissue containing of the order of 10 1% neurons. It is formed by six different layers
(layer I being the most external and layer VI the most internal); differentiated by
the density, connectivity and type of the neurons in them. In the vertical direction
(perpendicular to the surface), it is organized into groups of cells that form connec-
tions across the different layers[15]. Different functions are performed in separated
regions of the neocortex, which are also in charge of processing different sensory
modalities (vision, hearing, etc.)[ 16]. In 1957, Vernon Mountcastle discovered that
neurons belonging to a cylindrical region of the cortex were activated by the same
peripheral stimulus and responded to it with no meaningful delay between neurons
of different layers. He used these results to propose that the cortex is constituted by
elementary functional units of organization: layer-spanning (from layer Il to layer
IV) columns perpendicular to the cortex surface[ 15]. In 1977, Hubel and Wiesel were
able to nd and describe these columns in the macaque monkey visual cortex[17].
Upon further studies with improved methodologies, Mountcastle re ned the
de nition of the basic unit of organization and function of the cortex in favor of
minicolumns: “a narrow chain of neurons extending vertically across the cellular
layers II-VI, perpendicular to the pial surface”[ 18], the pial surface being the most
external layer of the cerebrum. In primates, minicolumns contain approximately 80
to 100 neurons. Mountcastle explained that the previously de ned cortical columns
are formed by many minicolumns bounded together by short-range horizontal
synapses, varying from 300 to 600mm in diameter [ 18]. The fact that the neocortex
contains many groups of neurons highly interconnected in the radial direction
(perpendicular to the surface) has been widely accepted for a long time. However,
it is still controversial to state that either microcolumns or cortical columns are the
basic functional unit of the cortex| 20] because of the vast differences between cortical
areas, the dif culties of establishing the boundaries between columns[ 21] and the



Figure 1.3: Diagrams of pyramidal cell modules. Reprinted from [ 19] with permis-
sion from Wiley and Sons.

dif culties to prove if they are “repetitive, modular and canonical” throughout the
entire cortical sheet[16].

Nevertheless, there are clear examples of columnar organization of cortical cir-
cuits, such as in the rat somatosensory cortex, and cortical column models have
been used in computational neuroscience for a long time, providing useful insight
on some brain processes. Thus, since the model proposed in 2] and [ 23] will be
used in this work, the neocortex is considered to be formed of cortical columns
following the de nition provided by Mountcastle in [15]: sets of neurons intercon-
nected vertically, spanning multiple neocortex layers, forming columns between
300 and 600mm of diameter and that are connected to the same peripheral receptive
eld and thus are able to perform an input/output function. These cortical columns
contain of the order of 10* neurons. Approximately 50% of the neural population
are pyramidal cells, while the other half is a mix of different types of neurons, which
will be referred to as interneurons| 24], since they essentially form synapses with
other neurons in the same cortical column[25].

Pyramidal neurons in the cortex project not only in the vertical direction, across



layers like in Figure 1.3, but also form long-range horizontal connections (up to 6mm
of distance). In [26], these long range connections as well as shorter connections
were studied. They observed that pyramidal neurons mainly synapse with other
pyramidal neurons (80% of the postsynaptic neurons) in an excitatory manner. The
rest of the synapses targeted GABAergic inhibitory cells.

1.3 Mesoscopic modelling

Neurons are called the computational unit of the brain, as they are able to process
the information arriving to their synapses. However, most of brain functionalities
arise from the interaction between many spiking neurons; that is, from neural
networks, notably in the cerebral cortex. As it has been already discussed, a neural
network forming a cortical column can be composed of 10 # to 10° individual neu-
rons, each one of them interacting with 104 other neurons in the column[ 27]. If one
aims to build a realistic in silico model describing such a neural network using the
microscopical approach (modelling each neuron as a dynamical system) they will be
readily limited by the large dimensionality of the system and the computational cost
of the simulation. Additionally, many processes in the brain result from network
activity in a way that modelling every single neuron is not essential. Finally, there
are still many processes in the neuron that have to be explored and fully under-
stood, as well as the role of non-neuronal glia[ 28]. Thus, using mesoscopic models
might help surpassing some of these limitations. The main focus of mesoscopic
(or mean- eld models is to reduce the dimensionality of the population to a few
degrees of freedom in order to better understand its properties and improve the
mathematical tractability and computational cost of the system's dynamics. By
means of the mean- eld approximation, widely used in statistical physics, these
models describe the evolution of the averages of different variables, such as ring
rate or membrane potential, over large populations of neurons[27].

Mean- eld models can be mainly classi ed in two different types: Neural Field
(NFMs) and Neural Mass (NMMs) models. The main difference between the two is
that Neural Field Models describe the evolution of the mean behavior of a neural
population both in time and space while Neural Mass Models assume that the
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whole population is localized in a single point in space, thus describing the evo-
lution of the averaged variables only in time[ 29]. Chronologically, NFMs were
the rstto be proposed| 30], but during the last 50 years the development of both
types of models has been parallel. Neural Field Models exploit the fact that a large
guantity of neurons can be found in a small portion of cerebral cortex by taking a
continuous space approach over which the averaged state variables are de ned,
the most popular of them being the mean ring rate. Due to their spatiotemporal
description of the cortex, these models are able to produce different and interest-
ing dynamical behaviors such as stationary and non-stationary pattern formation,
travelling waves, etc. that have been used to study a wide range of neurological
effects like EEG rhythms and visual hallucinations, amongst others[ 31]. In 1972,
Wilson and Cowan presented a mesoscopic model describing the dynamics of two
interacting and spatially localized neural populations (excitatory and inhibitory
populations) giving birth to probably the rst Neural Mass Model. They justi ed

the localized description of the populations through the physiological results ob-
tained by Mountcastle[ 15] and Hubel and Wiesel, who had found a high degree
of local redundancy (many nearby neurons behaving almost identically to identi-
cal inputs) in cortical tissue, even in relatively small volumes. They de ned two
mean- eld variables, E(t) and I(t) quantifying the proportion of active neurons
in the excitatory and inhibitory populations, respectively. They also modelled the
proportion of the populations responding to a given level of excitation as a sigmoid
function. Ultimately, through a set of nonlinear coupled equations describing the
evolution in time of the two variables, they were able to produce some interesting
phenomena like hysteresis and limit cycles[32].

From then on, more realistic NMMs have been proposed[ 33, 23, 34, 35 and have
been used to model EEG detected evoked potentials[22], brain rhythms in health[ 23]
and disease[34, 36|, binding of elements and repetition of sequences| 37, 38|, meso-
scopic segregation of excitation and inhibition[39], and many other phenomena.

1.4 The Jansen-Rit Model

The computations carried out during the development of this thesis make use of the
Jansen-Rit (JR) model, which is a widely known and used cortical column neural
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mass model. In the following paragraph, a brief description of the historical modi-
cations performed on the rst NMM that ultimately led to the Jansen-Rit model
equations (1.4), (1.5) and (1.6), is presented. After Wilson and Cowan published
their paper in 1972 [32)], Zetterberg introduced the time functions hg(t) and h;(t) into
their model, representing the integration of presynaptic impulses to an excitatory
and inhibitory postsynaptic potential, EPSP and IPSP, respectively. Additionally,
Zetterberg changed the argument of the sigmoid encoding the ring rate from the
average level of excitation to the average postsynaptic membrane potential [ 4Q].
Meanwhile, Lopes da Silva et al. used the recently published NMM to simplify
the analysis of EEG signals produced by an array of microscopically modelled
thalamo-cortical and interneuron populations [ 41]. In 1976, Lopes da Silva et al.
added a feedback loop to a four population NMM, which produced self-oscillatory
spiky patterns resembling EEG signals taken during epileptic seizures [ 42]. Finally,
in 1978, using the proposed modi cations in [ 42], Zetterberg et al. made the most
similar proposal to the JR model, a NMM of three different populations: one excita-
tory, one inhibitory and one auxiliary excitatory. The excitatory population's output
feeds into itself and the auxiliary excitatory and inhibitory populations, while these
two in turn excite and inhibit the main excitatory subset. From Figure 1.4b one
can easily have an idea of this model if one adds a feedback on the pyramidal
population to itself. Once again, the model was able to accurately represent EEG
signals, and the experiments performed brought up the hypothesis that epileptic
spikes might be generated by neural populations close to instability [ 33]. Results
found at the time suggested that the same neural mechanisms (cortical columns)
responsible for spontaneous EEG signals could be responsible for evoked potentials
(“electrical response of the nervous system to external stimulus”[43]) as well[22].
Jansen et al. took a very similar approach to the one Zetterberg took in [ 33].
They designed a cortical column model consisting of three different neural popula-
tions: pyramidal cells (green triangle in Figure 1.4a), excitatory interneurons, and
inhibitory interneurons (blue diamond and red circle in Figure 1.4a, respectively).
Pyramidal cells receive excitatory input, both from excitatory interneurons and
from other columns or regions of the brain, while inhibitory input comes from
the inhibitory interneuron population. In turn, the pyramidal cells excite both the
excitatory and inhibitory interneuron populations. The block diagram representing
this interactions of the model is shown in Figure 1.4b. Each neural population is
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Figure 1.4

modelled by two blocks representing two different processes of neural function
and its state is described by two variables: the average post-synaptic potential and
its average ring rate, also called average pulse density. A population receives,
through the dendrites of its neurons, an average spike density incoming from other
populations, p(t). The rst block represents the integration of the average pulse
density of action potentials that arrive to a certain population into an average post-
synaptic potential, either excitatory (EPSP), or inhibitory (IPSP). This process is
modeled through a linear convolution of p,(t) with an impulse response de ned as

Aate & t O
he(t) = 1.1
e(t) 0 (<0 (1.1)

for the excitatory connections and

Bbte Pt t 0
hi(t) = 1.2
i(t) 0 t< 0 (1.2)

for the inhibitory connections. A and B determine the height of the resulting
excitatory and inhibitory average postsynaptic potentials, respectively, while aand
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Figure 1.5: Impulse responses of excitatory and inhibitory populations (left) and
sigmoid encoding the ring rates of the populations (right).

b represent the inverse of the passive membrane time constants and other delays
of the dendritic connection network. In Figure 1.5, both kernels are plotted with
the typical parameter values from Table 1.1. In [ 22], the authors argue that the
larger amplitude of the inhibitory impulse response can be justi ed by the fact that
inhibitory neurons tend to form synapses closer to the soma of the pyramidal cells
(often on the cell body), which increases the effect of action potentials coming from
inhibitory neurons.

The second block transforms the average postsynaptic membrane potential of a
population into the average pulse density of action potentials red by the neurons
in that population. This process is modeled through a sigmoid function of the type:

26

1+ exp(r(vo V()
where g sets the maximum re rate, vg corresponds to the postsynaptic potential
v(t) for which the ring rate is half the maximum, and r accounts for the steepness
of the sigmoid function. Again, this function is plotted in Figure 1.5 with the typical
parameters used from Table 1.1. A sigmoid is chosen because its shape models the
ring originated by a population of neurons with statistically distributed thresholds
as a function of EPSP, in addition to taking a refractory period into account[33].

Finally, interactions between populations are mediated by four interconnectivity
constants,C; with i = 1,2, 3,4, representing the overall ef ciency (average number

S(v(t)) = (1.3)
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Parameter Value
Post-synaptic potential amplitude A =3.25mV,B=22mV
Inverse of the dendritic conduction time a=100Hz,b=50Hz
C=1335
Coupling coef cient between populations C,=C,C=0.8C

C3 = 0.2&, C4 =0.25C

50% ring rate e =25Hz
Steepness of the response function r=056mv 1

Average post-synaptic potential for a 50% ring rate Vo =6 mV
Mean of noisy external input p=120 Hz

Table 1.1: Jansen-Rit model's parameters and values used during most of the
simulations, from [23, 39].

of synaptic connections) of synapses between neurons in different populations[ 22).
Using results from different anatomical studies, Jansen et al. derived the relation-
ships between connectivity constants seen in Table 1.1, mentioning that one of the
variables (C;) might vary under different conditions since it takes into account
synaptic phenomena such as neurotransmitter depletion[ 23]. The frequency of
the oscillatory patterns generated by this model can be modi ed tuning this C;
parameter. Thus, the average pulse density red by population | arriving to pop-
ulation k can be written as py(t) = C;S(v;(t)) with C; accounting for connectivity
ef ciency between populations j and k[39]. The excitatory stimulus coming from
other regions of the brain that the pyramidal cells receive is represented by p(t)
and, in the case of a single column JR model, is typically modelled by white noise.
Therefore, the cortical column model is described by the following equations:

dzg(t)z(t) + zady;)ft) + azyo(t) = AaS(yi(t) yo(t) (1.4)
dz?j/i_z(t) + Zadyé_ft) + azyl(t) = Aa[p(t) + CZS(ClyO(t))] (1.5)
2

d ()j/fz(t) + Zbdy(ift) + b2y2(t) = BbGS(Cayo(t)) (1.6)

where yq is proportional to the average EPSP of the excitatory and inhibitory in-
terneuron populations (one only needs to multiply it by  C; or Cs to obtain the PSP
in the excitatory or inhibitory subset, due to the linear property of the transforma-
tion) and y; and y-, are the average EPSP and IPSP of the pyramidal population,
respectively. Pyramidal cells are oriented perpendicular to the surface, forming
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a kind of palisade at the outermost layer of the cortex. Excitatory dendrites usu-
ally make their connections on the topmost part of the neuron, while inhibitory
dendrites usually connect closer to the soma, sometimes even on the cell body. On
the one hand, when excitatory action potentials arrive to the neuron, Na * ions
ow into the neuron, leaving the extracellular medium near the topmost part of
the neuron negatively charged. On the other hand, when inhibitory potentials
reach the pyramidal cell, many Cl ions rush into the neuron, leaving the region
positively charged. Because of this mechanism, when considering the palisade
organization of the pyramidal cells, the extracellular media of the cortex's surface
can be considered as a dipole layer[44]. Electroencephalogram recordings are used
to detect the changes in magnitude of this kind of dipole layer using an array of
electrodes and have been used to study epileptic seizures, states of consciousness,
etc. [45]. For this reason,y = y1(t) y2(t) is taken as the observable variable of the
system.

Having developed their model, Jansen et al.'s results suggested that cortical
columns were responsible for EEG as well as VEP[22]. Two years later, in 1995,
wanting to test if VEPs resulted as interaction of two or more cortical columns, they
coupled two identical models and saw phase-locked oscillations and additionally
designed a two column model oscillating at two different frequencies, representing
interactions between prefrontal and visual cortex columns [23].

In Figure 1.6 the bifurcation diagram and the possible dynamical behavior
that the JR model can exhibit are shown. The model's success relies on its ability
to reproduce alpha rhythms (blue in Figure), recorded in EEG scans of typically
relaxed individuals, as well as epileptiform rhythms (red in Figure) which resemble
EEG recordings of patients suffering epileptic seizures. One typically de nes
epileptiform dynamics as those corresponding to the epileptiform limit cycle (red
in the bifurcation diagram) and "healthy” dynamics as noise uctuations around
the node or focus (cyan and blue, respectively) as well as the alpha rhythm limit
cycle (green in bifurcation diagram) [ 46]. The dynamics in Figure 1.6b have been
obtained for p(t) constant signals with values taken from Figure 1.6a. When p(t)
acts as a noisy signal, dynamics will vary if the effect is strong enough to induce a
change of basin of attraction. For further analysis on the dynamical behavior of the
JR model and its bifurcations, one may refer to [5, 47, 36].

16



(a) Bifurcation diagram of the Jansen-Rit (b) Time traces of the different dynamical
model. Reprinted from [46]. regimes of the model.

Figure 1.6: Bifurcation diagram and typical dynamics of the Jansen-Rit Model. In (a)
solid (dashed) lines represent stable (unstable) equilibria. Blue denotes a focus, cyan
a node, red denotes epileptiform limit cycles while green denotes alpha rhythm
limit cycles. In (b) time traves of each behavior are plotted.

1.5 Arti cial Neural Networks

Computers and brains process information in a very different way. On the one
hand, computers are able to perform logical and mathematical operations really
fast which have resulted in a great leap forward in science and society as a whole.
On the other hand, our brains are able to recognize a song or a face in an unfamiliar
setting within hundreds of ms which takes much more time in a computer. These
differences originate from the fact that "the brain is a highly complex, nonlinear
and parallel computer” [ 48], as well as extremely ef cient, that is able to process
large quantities of information in little time thanks to a lifetime of learning through
continuous sensory input. For this reason, researchers have developed tools that
attempt to simulate these behaviors in order to approach some problems that are
close to impossible to solve through conventional computational approaches.
These tools are called Arti cial Neural Networks (ANNs). They are made up of
many "arti cial neurons” which, as biological neurons, are their basic information-
processing unit. These neurons are also interconnected through synaptic weights
that determine how much they in uence each other. The network of interconnected
neurons goes through a learning process in which the weights are modi ed in the
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hope that the model is able to perform as desired. Even if both arti cial neurons
and ANNSs are very primitive in comparison with their physical counterparts in
the brain, when fed with large quantities of data, they have proven very useful to
approach solutions of some very hard and unresolved problems, like predicting the
3D structure of a protein only using its genetic sequence [49].

Each of the arti cial neurons in the ANN receives an input and produces an
output. Neuron i receives as input the outputs of other neurons |, x;, multiplied
by the strength of the connection, w;;. These inputs are superposed in the neuron,
resulting in vj, which can be understood as the post-synaptic potential inside the
cell. Finally, vj is passed through an activation function, f( ), that will determine
the output of neuron i, y;. This procedure is mathematically expressed as:

vi=awix !yi= f(vi+ b) (1.7)
j

Additionally, one usually adds the bias term b; that corresponds to each neuron
receiving aninput X, = 1 with a strength b that will be modi ed during the learning
process. Sigmoid functions, such as that in Figure 1.5, have been classically used
as activation functions since they provide a way of modelling the all or nothing
characteristics of action potential generation in biological neurons. Computationally
ef cient alternatives, like the ReLU function, are also widely used.

Typically, ANNSs consist of many arti cial neurons arranged in three or more
layers (an input layer, one or more intermediate layers and an output layer) in
a feed-forward manner, that is, with neurons from layer i receiving inputs only
from the neurons in layer i 1 having i > 0, as portrayed in Figure 1.7. The
main objective of these types of models is to be able to select a set of weights that
produces a desired output when a certain input is given. A typical example is that of
classi cation of handwritten digit images. We build an ANN with as many neurons
in the rst layer as pixels in the images, one or more intermediate layers with an
arbitrary number of neurons and an output layer with 10 neurons, each one of them
representing a number from 0 to 9. The goal is to nd a set of connection values
that, when introducing the information of an image as input to the network, the
output neuron with the highest value is the one representing the number written in
the image.

The network is able to nd this set of weights through a learning process.
The problem described is an example of supervised learning where the data used
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Figure 1.7: Digit classi cation through a feed-forward ANN. The number of input
layer neurons has been reduced for visualization, it should be equal to the number
of pixels in the black and white image. The desired output is represented in dark
green.

during the learning phase, also called training, is labelled with the desired output.
Iteratively, through a learning algorithm, images and their desired outputs are
passed to the neural network and, if the network's output is different to the desired
one, small corrections are applied to the weights through different methods such as
backpropagation. The process is repeated until no improvement in the results is
detected. Afterwards, in order to test if the network is able to recognize handwritten
digits, new images, different to those used during the learning process, are passed
as inputs and the percentage of correct digit recognition is determined.

In this section, the most basic examples of arti cial neural networks and algo-
rithms have been presented. However, there are many different types of activation
functions, network architectures and connections, learning algorithms, etc. that
are out of the scope of this work. Some of them are thoroughly explained in [ 48§].
Machine Learning and Arti cial Neural Networks are gargantuan elds nowadays
and they have received a lot of attention, both in academia and in industry, during
these last years thanks to their wide-range of applications.
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1.6 Genetic Algorithms

Genetic Algorithms (GASs) are a set of computational tools, mainly used to solve
optimization problems, that have been inspired by biological evolution. GAs be-
gin by generating an initial population of individuals (possible solutions to the
optimization problem) who will have a higher or lower chance of reproduction
depending on their tness, the ability to pass a test related to the optimization
problem. The tness of an individual is determined using a function that takes as
input its characteristics and outputs a tness value. The ttest individuals of the
population are chosen to reproduce and pass their traits to the following generation.
There is also a small possibility of mutation during reproduction that allows for a
richer exploration of solutions. Then, this process is repeated for a certain number
of generations or until the tness value of the ttest individual stops improving,
meaning that a solution located in a maximum in the solution space of the problem
has been found.

The application of a GA to the knapsack problem illustrates in a simple manner
the workings of this algorithm. A thief is stealing a jewelry store where there are
N items of different value and weight. However, his sack will break if a certain
weight, wnay, is surpassed. Thus, he must choose which subset of items he must
pick to be able to maximize his pro t without breaking the sack. In this case, the
GA individuals are strings of N bits that represent different combinations of items
that the thief can pick. If an individual's bit i has a value of 1, for the combination
of items represented by this individual, the thief chooses to pick item i with value
v; and weight w;. As an example, for the N = 4 case, one individual might be the
string 1011 meaning that the thief would pick items 0, 2 and 3. The tness of each
combination of items is either the sum of the values of the items picked, if the total
weight is smaller than wpmay, Or O if the total weight surpasses wmax. Applying this
simple evaluation, one can determine which are the best combinations from the
initial population of individuals.

The individuals with highest tness will be selected for crossover, the process
that models reproduction. Crossover consists on randomly selecting a portion (from
bit i to bit i + j) of two high- tness individuals and interchanging their values, as a
very simpli ed model of chromosomal crossover in sexual reproduction, in order
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to obtain two new individuals with characteristics from both parents. This process

is repeated until the number of new individuals, called offspring, is the same as
the previous population, an example of crossover is shown in Figure 2.4 in the
following chapter. Additionally, there is a small probability of random mutation, a
spontaneous change in the value of a bit of a randomly selected individual. Once
the offspring population has been generated, the same process is repeated: the
tness values of the offspring are evaluated, the ttest individuals are chosen for
reproduction and a new population is generated. These operations are repeated
until the algorithm is able to nd the string of bits that maximizes the stolen value
without breaking the sack.

GAs were popularized by Holland in 1979 [ 50] who established the schema
theorem, the theoretical basis upon genetic algorithms work. In [ 51] an intuitive
explanation of the theorem and the theory behind these tools can be read.

Individuals are typically binary strings, like in the knapsack problem. However,
oating point strings can be used in problems where real values are needed and
can provide good results, even better than binary strings in some cases [52]. Itis
important to take into account that the problem space when using oating point
strings will be much bigger since every component in the string can take many
different values instead of the only two possible values in binary strings. Arti cial
Neural Networks are one application of this case. One can generate a population
of individuals, each of them representing a set of weights of the neural network.
By assigning a higher tness to better performing sets of weights, one can solve
the digit classi cation problem discussed in the previous section. This approach
has been an inspiration for the methods presented in the following Chapter of this
work.

Additionally, since gradient information is not needed for the convergence of
the algorithm to a solution of an optimization problem, they can be easily applied
to a wide range of problems with minimal modi cations of the algorithm [  53]. In
general, only the tness evaluation and the coding representation of the strings are
problem dependent.
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Chapter 2
Methods

2.1 Network of Cortical Columns

Cortical columns have a diameter of approximately 300-600 um, as mentioned
in Section 1.2.2, meaning that hundreds of cortical columns can be found per
squared centimeter of cortex surface. Research 87, 38, 39, 44] shows that interactions
between cortical columns give rise to different interesting mesoscopic phenomena.
For this reason, a network of mesoscopic models of cortical columns, inspired by a
classical ANN architecture, is presented in this work. The network consists of an
input layer, an intermediate layer and an output layer connected in a feed-forward
manner. Each one of the nodes of the network is a Jansen-Rit model of a cortical
column. For the sake of simplicity and interpretability, the results presented in this
work were obtained through a network with three JR models in the input layer,
six in the intermediate layer and three more in the output layer, although deeper
and more complex networks can be built. This structure was chosen to keep the
problem simple enough to be able to visualize the dynamics of each cortical column
and to maintain the computational cost of the simulations reasonable. Finally,
lateral connections between nodes of the same layer were not considered. The feed-
forward architecture was used with the idea of information processing in mind:
inputs are processed and fed forward, transforming them from sensory information
to more complex and higher order neural mechanisms.

It is important to acknowledge that the model presented here has no experimen-
tal basis, its spatial dimensions and connectivity pattern have not been recorded
in the neuroscience literature so far. Instead, it was designed as a physiologically
plausible network to establish a proof of concept.
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The Jansen-Rit models used in the network are slight modi cations of the one
studied in Section 1.4. In this case, instead of the typical white noise p(t), each
cortical column model at the input layer receives a distinct input signal  ps(t),s=
0, 1, 2 that represents incoming sensory information. Meanwhile, those models at the
intermediate and output layer receive both excitatory and inhibitory in uences from
cortical columns in the previous layer of the network, pg(t) and p,(t) respectively, as
well as a white noise signal p(t) representing random effects coming from different
regions of the brain.

Excitatory and inhibitory in uences represent interactions between nearby cor-
tical columns. Following the steps in [ 39|, the pyramidal population of column i
receives an excitatory input, p‘E(t), from pyramidal populations of other columns
connected to it. Intercolumnar in uences are weighted by E; ; which determines the
strength of the connection between columns i and j. Thus, the excitatory ring rate
incoming to the pyramidal population of a certain column i can be expressed as:

K _ .

PE(t) = & EiS(a(t)  ya(1), (2.1)

j

where K is the number of cortical columns that send their outputs to column i, Eis
a connectivity matrix determining the strength of the excitatory connections and
S(yjl(t) yjz(t)) is the ring rate generated by the pyramidal population of column
j at time t. Additionally, the pyramidal population of column i receives intercolum-
nar inhibition, p;(t), through inhibitory interneuron-pyramidal cell connections.
Similar to equation (2.1):

PiI(t) = & 1iS(Cayo(1)), (2.2)
j

where | is a connectivity matrix determining the strength of the inhibitory con-
nections and S(ngjo(t)) is the ring rate generated by the inhibitory interneuron
population of column | at time t. Finally, one assumes that the different network lay-
ers are close in space, not further than 1 mm, which results in time delays in synaptic
connections of the order of ms, much smaller than the characteristic timescales of
the system and, therefore, can be ignored [54] (taking into account that axon travel
speed is around 0.1m/s).
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Consequently, the equations governing the network model are:

d?yi(t dy! (t : . .
Zfz( )+ 22 ygf )y ayp(t) = Aas(yi(t) yh(1)) (2.3)
2, i h i

ddytlzt) * Zadyéft) +alyi() = Aa pl(t)+ pi(t) + CoS(Cryp(1) (2.4)
i ] h i

dzﬁfz(t) * Zbdyéft) + bPy5(t) = Bb C4S(Cayp(t)) + pi(t) (2.5)

Having that p'(t) = ps(t),s= iif i = 0,1, 2 or white noise otherwise. An example
of the network architecture and connectivity matrices is shown in Figure 2.1.

The values of the parameters of the Jansen-Rit models of the network correspond
to those in Table 1.1, except for the mean and variance of the white noise p(t) signal,
which was left as a free parameter to be chosen upon the circumstances of the study
at hand. Furthermore, the connectivity values E;; and I;; have an upper bound,
Whax = gC, where g was also left as a free parameter to be determined depending
on the desired intercolumnar in uence strength.

In order to obtain the time evolution of the whole system, since the studied
network consists of 12 JR models, one has to integrate a system of 72 ordinary
differential equations. This process was performed numerically, using the Heun's
method (improved Euler's method) [ 55] with a time step of Dt = 0.001s. The code
was written in Python, using the Numpy [56] library for array manipulation and the
Numba[57] library for performance enhancement. As in the classical JR model, only
yi(t)  yL(t) time traces have been used for signal analysis.
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Figure 2.1: Random example of connectivity matrices E and |. Additional display
of the network architecture with color-coded connections for each of the matrices.
Note that this Figure represents one network model but two diagrams are plotted
to visualize both the excitatory and inhibitory connections.
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2.2 Problem De nition

There is a topic that has received a lot of attention in the context of complex neural
integration of information: synchronization [ 58]. For instance, synchronization
has been often proposed as the answer to the binding problem in which all the
features or elements of a physical object are associated in a uni ed perception. The
main objective of this work was to build a network of neural mass models able
to learn a representation of this information processing mechanism adjusting the
values of the coupling matrices E and I. More speci cally, the focus was to encode
information in the input signals through synchronization between cortical columns
in the output layer. For this reason, the learning process can be understood as a
typical supervised training in which the learning algorithm repeatedly modi es the
network connections in order to obtain a desired output behavior.

The incoming sensory information is described through the ps(t),s = 0,1,2
signals which are modelled as square waves of amplitudes p, in their low period
and py in their high period. Additionally, random normally distributed white noise
is added. Both p_ and py parameters are tuned to induce a change of dynamical
behavior in columns s when there is a change of state in the input signal ps(t).
Looking at the bifurcation diagram of the Jansen-Rit model in Figure 1.6a, p is
selected so that the resulting stable dynamics are equilibrium points (left-hand
side of the II-1ll regions frontier) while py is tuned to induce limit cycle dynamics
(right-hand side of the II-1ll frontier). Consequently, the input nodes will exhibit
three possible types of dynamics: noisy perturbations around an equilibrium point,
spiking dynamics and alpha rhythms. Moreover, transient dynamics are an impor-
tant feature of brain function since most neural processes change rapidly, never
reaching a stationary state [58], and so sharp changes in dynamics and transient
states have not been ignored.

In the problem addressed in this work, one de nes three different situations S,
So2 and Sp; in the following way: in each situation Sy, input signals going into the
rst layer's nodes kand I, pc(t) and p;(t) respectively, will be correlated in a certain
way, while the remaining input signal has no de ned correlation with the other
two. As a real world example, it might be understood as the bass and the drums
following a same pattern while the guitar is performing a melody with a different
rhythm. Auditory information belonging to the bass and drums will be strongly
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Figure 2.2: Diagram of the three situations S;p, Sp» and Sy1. Green is used to
represent synchronization between input cortical columns due to correlated ps(t)
input signals and red represents the desired output synchronization resulting from
the network.

correlated while the one corresponding to the guitar will not be as much. After the
learning process, for each situation Sy, the network should be able to synchronize
the dynamics of the cortical columns at the output layer that are “parallel” to  k
and | while leaving the third element m as uncorrelated as possible to the other
two. In other words, if we denote the output indicesby K= k+ 9,L =1+ 9and
M = m+ 9, situation Sy should result in synchronization between nodes K and
L and uncorrelation of node M with the other two. In Figure 2.2 a simple sketch
of these situations is portrayed. This desired behavior at the output was chosen
because it seemed a simple and easy to visualize approach to synchronization
although other con gurations are also equally valid. It is also an information
coding mechanism that provides distinguishable information at the outputs. As a
nal note, ideally, the remaining complementary situations, all or none of the  ps(t)
being correlated, should also have a distinguishable output behavior from the other
three situations.

The input ps(t) signals are built using the following scheme: the signal is initial-
ized by randomly selecting a time period of high activity fromaset T =[Tg, Ty, T¢].
After this time, a low period of ps(t) starts with a duration randomly chosen from
the set T too. This two-step process is then repeated for a certain number of times
or until reaching a certain time duration. In the addressed problem, in situation
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Figure 2.3: Example of ps(t) signals in situation S;». p1(t) and px(t) change state
simultaneously while pg(t) is totally uncorrelated to the other two.

S, input signals py(t) and p;(t) are the same realization of this random process
(changing states at the same time) while the other input signal will be an indepen-
dent realization and therefore will have small correlation (when the time duration

is long since there are less possibilities of coincidence). In Figure 2.3, an example of
the ps(t) input signals in situation S, is presented. Note the similarities between
p1(t) and py(t) while po(t) has no relation to the other two.

The degree of correlation between two columns i and j will be determined by:

a,f[njgln+t]
(&n f2[n])(&n g?[n])

Rijlt]=(f?glt]=p (2.6)

where f[n] = yi[n] y,[n]and g[n] = yjl[n] yjz[n] are the relevant cortical column
dynamics after the numerical integration of the equations, hence the discrete values.
The summation is computed over all the elements in the discrete time-series. Syn-
chronicity has been measured using the zero-lag correlation, R;;[t = 0]. In order
to simplify notation, we de ne:  R;;[0] = c;; as the zero-lag cross-correlation, or
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synchronicity, between nodes i and j. Henceforth, synchronicity and correlation
are used indistinctly in this work to refer to zero-lag correlations between column
dynamics.

2.3 Genetic Algorithm Implementation

A Genetic Algorithm is used for the learning process of reaching the desired connec-
tivity matrices E and I. In contrast to classical Arti cial Neural Network learning
algorithms, which usually rely on gradient descent, GAs provided a different ap-
proach that was more adequate to the characteristics of the problem. Instead of
small error correction learning, such as backpropagation, it can be understood as
an ef cient and optimized trial and error method of learning. More physiologically
based learning alternatives, like Hebbian learning, were also considered but an
ad-hocnetwork had to be built to obtain the desired results, like in [ 37, 38|, and
therefore were discarded.

First of all, the individuals of the Genetic Algorithm are arrays of D values
representing different pairs of matrices E and | for each network considered in
the GA process. Since the feed-forward architecture is xed, these arrays will
only contain the relevant non-zero elements of the matrices. Thus, an individual
n of the population is an array of D = 72 elements, 36 of them representing the
weights of the excitatory connections, EIrJ‘ and 36 of them representing the weights of
inhibitory connections, Ii'J?, with (i, ) satisfying either i 2f0,1,2andj2f3,...,8g
ori2f3,...,8andi2f9,610,11. Invector form it can be expressed as:

h i

E6s Eos Eos E Es11 103 104 10s 0 1811 . (2.7)
where each element in the array is a oating point value inthe [0,Wnax) domain.

Second, as mentioned in Section 1.6, the attributes of each individual (in this case
the values of the weights of the network) determine its tness and, consequently, its
survival and reproduction probabilities. For the problem at hand, it is fundamental
that the individual is able to perform the desired synchronizations in the three
different situations Sy,. For this reason, each individual n of the population will be
assigned three different tness values according to its performance in each situation:

F' = (A R Ry (2.8)
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Third, as previously mentioned, tness evaluations are problem-dependent
and have to be properly de ned to allow a correct evolution of the population
towards the desired behavior. It is one of the most important yet dif cult steps
of the problem. In this work, although other alternatives might work as well, the
tness evaluation for situation S, is de ned as:

Fa = cket(cke ckm)*(ckL cCLm), (2.9)

where cg is the zero-lag correlation between the output cortical columns that
should be synchronized and cky and ¢y are the zero-lag correlations of the third
node with the other two. The reasoning behind this tness evaluation is quite evi-
dent: the objective is to maximize the synchronization of the KL pair of nodes while
also decreasing the synchronization of K and L with the third node M. Between the
sets of weights that are able to synchronize the KL pair, those that force the third
node in the output layer to be uncorrelated will have a larger K, value. Further-
more, an additional constraint has been implemented: if the individual is not able
to better synchronize the desired pair more than any of the others ( cx. < ckm Or
CkL < CLm), it will be penalized, subtracting Wto F,. This penalization has a very
important effect on one of the three tness values of an individual thus substan-
tially decreasing its probabilities of survival and reproduction during the evolution
process of the GA. With this penalization, individuals that are able to perform as
desired in all three different situations will be preferred for reproduction over those
that obtain good performances in only one or two situations, even if those good
results are exceptional. Since0 c¢;; 1, we havethat (2+ W) FRy 3so
we conclude that the closer the F is to 3, the better the performance in situation
S, . Because 72 ordinary differential equations have to be integrated for a large
number of timesteps, the tness evaluations are the most time-consuming parts of
the algorithms. However, since individual evaluations are totally independent from
one another, the evaluation part of the algorithm is an embarrassingly parallel prob-
lem Using the multiprocessingPython library and a 40 processor cluster, algorithm
speeds were greatly increased, evaluating up to 40 individuals at a time.

The Genetic Algorithm starts by generating an initial population of N random in-
dividuals, which are evaluated as previously described. Then, a fast non-dominated
sorting approach [59] is applied to determine which are the best individuals of
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Figure 2.4: Crossover operator on parentsv and w generating offspring v and w.
The latter suffers a mutation in one of its elements (green X). The amount and
location of interchanged elements are selected at random.

the population according to their multiple tness values. Starting from the ttest,
individuals are selected in pairs and reproduce through a two-point crossover op-
erator with a probability Pg, thus generating offspring individuals. Additionally,
these “descendants” may suffer mutations with Py probability which are modelled
through an operator that chooses and changes one of theD = 72 values of an indi-
vidual's array with a random value between 0 and W ax with uniformly distributed
probability. An example of this reproductive process is shown in Figure 2.4. Pair
by pair, parents reproduce until 0.9 N offspring individuals have been generated.
Along with the offspring, the 10% best parents survive while the remaining 90% are
deleted. Saving the best individuals is a practice called elitismthat improves the
convergence speed of the algorithm [59]. Now, this second generation of individuals
endure the same process: their tness values are determined, they are sorted from
best to worst and have a chance at reproduction, thus passing their characteristics
to the following generation. Generation after generation, the tness values of the
individuals will slowly increase until the tness of the best individual saturates.
Since this problem is a type of multi-objective optimization, many different
solutions might be equally good (due to the existence of Pareto fronts which are out
of the scope of this work). However, to be able to observe and analyze the results,
one has to select a single set of weights. In this work, the average of the three tness
values, hRji, has been used to choose the best individual amongst the elite.

It is possible, even with mutation, that the best individual's tness saturates at a
local maximum of the solution space. Due to the typically low mutation probability
and the nature of the GA, once the population reaches this state, it is very dif cult
to generate new individuals that shift the exploration towards nding the global
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maximum. In this situation, one can apply another biologically inspired solution:
extinction events [60]. After Ge generations with the best individual's tness value
improving at a very slow rate, an extinction event takes place: all the individuals
of the population, except the best one, are erased and replaced byN 1 randomly
generated individuals. After the extinction, the evolution restarts with a population
containing a top performance individual but also with many new individuals that
provide richness and an improved capacity to better explore the solution space [ 60].

In each generation, the best performing set of weights is stored in an array. After
G generations, the algorithm is terminated. Finally, the best set of weights per
generation array is studied and the ttest individual from that subset is selected
as optimal solution from the GA realization. Different realizations might result in
different optimal results because of the Pareto front.

With the aim of helping to understand this process a owchart of the Genetic
Algorithm is presented in Appendix A. The values of the parameters mentioned
in this Chapter that were used to compute the simulations shown in the following
Chapter have been summarized in Table 2.1. Finally, all the written Python code
can be found in [61].
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Parameter

Value

Input layer indices

kI, m2f0,1,2

Output layer indices

K=k+9L=1+9M=m+9

Maximum connectivity weight value

Wmax = gC = 0.5C = 66.75

Set of possible periods of activity T=15913s
White noise mean p= 170 Hz
White noise standard deviation Sp = 50 Hz
Amplitude of ps(t) during low period p. = 10Hz

Amplitude of ps(t) during high period

py 2 f 110,120, 136Hz,
randomly selected

before extinction

Fitness penalization W= 2
Number of individuals in a generation N = 200
Generations run before GA termination G = 300
Reproduction probability Pr= 0.7
Mutation probability Pu = 0.25
Generations without improvement _
Ge= 40

Table 2.1: Recollection of all the parameters used in the simulations that have

provided the results commented in the following chapter.
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Chapter 3

Results

Several realizations of the Genetic Algorithm were computed with the intention of
exploring a large region of the solution space and comparing the different solutions
obtained. In Figure 3.1, a typical GA realization of the problem is shown. One can
see that the initial population evolves very slowly, without nding a certain set of
weights with improved tness. Therefore, an extinction event takes place after some
generations, introducing a new batch of individuals that are able to rapidly evolve
and improve. There is a rapid increase in the tness values of the ttest individuals
between generations 100 and 150, but around 155 they start saturating. In the
meantime, between the rst and second extinctions, average tness of the popu-
lation increases steadily. After the second extinction, the subsequent generations
keep improving and the best individuals start exhibiting excellent performance on
the three situations. Afterwards, around generation 230, since the best individual
is already very t and has little to improve, another extinction event takes place.
Looking at the Figure, it is easily noticeable that, were the algorithm left to run for
some more generations, another extinction would have occurred although, most
probably, without improving much the elite individuals. Thus, it is safe to say that

in this realization the algorithm was able to converge towards a good solution of
the problem. Furthermore, after the second and subsequent extinctions, the surviv-
ing best individuals are already very t and therefore their characteristics spread
rapidly over the population through reproduction and elitism, quickly improving

the average tness. Small improvements on the elite are the result of reproduction
with post-extinction individuals that introduce new characteristics to the “gene
pool”.

34



Figure 3.1: Fitness evolution along generations. Blue, orange and green correspond
to the three tness values (F,, R}, Fy;) of the ttest individual in each generation.
The red line shows the average of all tness values.
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