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Abstract

This diploma thesis proposes the functional assessment of retinal models,
as an alternative to the currently common practice of comparing the similarity
of model-generated and ground truth neural responses, as recorded by retinal
implants. Functional assessment describes the concept of evaluating the perfor-
mance of retinal models on image understanding tasks. In this work, we developed
a pipeline for functional assessment using machine learning techniques, where
we feed retinal models with images and we receive the neural responses of the
model, with which we train classifiers on object and digit recognition tasks. In
particular, we used CIFAR10, Fashion MNIST and Imagenette datasets for object
recognition tasks and MNIST dataset for digit recognition tasks. We also trained
common classifiers, such as Multilayer Perceptron (MLP), Support Vector Machine
(SVM) and Random Forest. We examined a number of relevant questions: which
classifiers perform better in such type of tasks, how the performance of a model
differs depending on the task and how the number of available neurons affects
the performance of the model. Given also that the Convolutional Neural Network
(CNN) retinal model provides a limited number of available neurons (60 in our
case), we investigated ways to artificially increase this number. For that, we split
the images into different parts, we fed separately each part to the retinal model
and we investigated how we can optimally combine the neural responses produ-
ced by the model for each part, in order to achieve high performance in image
recognition tasks. We found that Random Forest classifier achieves the highest
performance and that models perform better with datasets such as MNIST and
Fashion MNIST, where we achieved up to 90% accuracy. In addition, simulations
indicated that using more neurons improves the overall performance of the model,
thus highlighting the need to design retinal prostheses with a larger number of
available neurons. Finally, we applied functional assessment in order to compare
the performance of two different retinal models. The results showed that there is
an agreement between standard and functional assessment, as the two models
had similar performance in both techniques. Thus, we conclude that functional
assessment produces reliable results and it can be used as an alternative to the

standard evaluation technique.
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"Why did we become blind, I don’t know, perhaps one day we’ll find out, Do you
want me to tell you what I think, Yes, I do, I don’t think we did go blind, I think we

4

are blind, Blind but seeing, Blind people who can see, but do not see.’

—Blindness, Jose Saramago
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Chapter “

Introduction

n this Diploma Thesis, we study the case of functional assessment of retinal
models. Using machine learning techniques, we evaluate the performance of
retinal models in image recognition tasks. Our aim is to propose an alternative
to the currently common practice, as described in [18], [19], of comparing the

similarity of model-generated and ground truth neural responses.

1.1 Motivation

Blindness, and vision disabilities in general, are among those problems that
affect a large number of people worldwide (more than 40 million [20]) and at the
same time, they greatly affect patient’s daily life in various ways. Visual pros-
theses aim to tackle some of the most difficult of the visual disabilities and to
do so, they depend on advanced retinal models, which translate the visual scene
to retina neural spike patterns, mimicking the computations normally done by
retina neural circuits [21]. The development of retinal models is also a great tool
for elucidating mechanisms of vision in the human eye [22]. In both cases, there
is imperative need to develop reliable methods for assessing the performance of

different retinal models.

In this work, we propose a technique for functionally assessing retinal models.
Functional assessment of retinal models describes the concept of evaluating the
model’s performance on image understanding tasks. This constitutes a diver-
gence from the currently common practice of evaluating a model comparing the
similarity of model-generated and ground-truth neural responses. Motivation for
functional assessment stems from the observation that visual prostheses aim to
restore the capacity of individuals to comprehend their visual environment, thus
we should directly evaluate our models on such tasks. The need for functional as-
sessment of prosthetic (i.e. acquired through prostheses) vision has been raised

in the literature [23], and functional assessment has been applied to evaluate
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vision in implantees [24] and in augmented-reality interventions in people with
severe vision impairment [25]. The visual functions that seem most important to

the blind are mobility, face recognition and reading [20].

A proposed way to implement functional assessment is to feed the retinal
model’s output to a neural network that solves image understanding tasks. In
particular, we chose to implement object and digit recognition tasks using CI-
FAR10 [26], MNIST [27], Fashion_MNIST [28] and Imagenette [29]. To do so, we
fed image data to the retinal model and then, we fed firing rates of retinal model to
machine learning classifiers, such as MLP, SVM and Random Forest. Considering
the limited number of available neurons provided by the retinal model, we split
images in parts and then fed each part separately to the retinal model, so as to
artificially increase the number of neural responses. On this basis, we designed
and optimized the procedure of combining the neural responses produced by the
model for each part. Furthermore, we evaluated the use of different datasets and
classifiers in the performance of the functional assessment framework. In the

end, we compared two different retinal models using functional assessment.

1.2 Thesis Contribution

Below, we summarize the main contributions of our work:
e We designed a novel functional assessment pipeline for retinal models.

e We applied functional assessment to compare the performance between two
different retinal models. In this way, an alternative to standard assessment
technique is provided.

e We fine-tuned parameters during data preprocessing in order to optimally

fit a retinal model in functional tasks.

e We evaluated the performance of retinal models in object recognition tasks
(CIFAR10, Fashion MNIST, Imagenette) and digit recognition tasks (MNIST).
We found that models perform better with datasets such as MNIST and
Fashion MNIST, where we achieved up to 90% accuracy.

e We evaluated the performance of different machine learning classifiers, when
combined with retinal models. We found that Random Forest classifier

achieves the highest performance.

e We found that using more neurons improves the overall performance of the

model. Therefore, we highlighted the need for a new generation of improved
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retinal implants, with increased number of implanted electrodes in order to

achieve better performance in visual understanding tasks

1.3 Chapter Outline

In the first part, we describe the necessary theoretical background in order
for the reader to understand the structure and the contribution of this thesis. In
particular, in Chapter 2, we present information regarding the physiology of the
human eye and mainly of the retina. In Chapter 3, we describe the mathematical
background needed for understanding how firing rates are computed. In Chapter
4, we describe the concepts of retinal models and retinal prosthesis and we pro-
vide relevant examples. In Chapter 5, we present an overview of machine learning

theory, focusing on the models that we used in this project.

In the second part, we describe in detail the simulations (in silico experiments)
that we conducted. More specifically, in Chapter 6, we describe the methodology
used and the simulations conducted in order to develop a pipeline for functional
assessment of retinal models. In Chapter 7, we analyze the results of the simu-
lations and we present comparative tables in order to illustrate the importance of

the results. In Chapter 8, we further discuss the findings of the simulations.

Finally, in Chapter 9, we present a summary of this thesis, as well as future

directions for improving functional assessment of retinal models.






Chapter E

Physiology of the Eye

n this chapter, we describe the theoretical background and all necessary infor-
mation in order for the reader to understand the structure and the contribu-
tion of this thesis. First, we present the physiology of the eye and the retina and
we analyze the structure of artificial retinal models. Secondly, we provide a brief
overview of visual prostheses, which constitute the broader research area of this
work. Thirdly, we give a brief explanation of functional assessment accompanied
by relevant examples. Finally, we present the concept of machine learning and

neural networks, emphasizing on the models that are used in this thesis.

2.1 Structure of the Human Eye

SCLERA
Anterior chamber
(aqueous humour)
CILIARY BODY, Posterior chamber
\ - Suspensory

ligament
of lens

Sclera

/
| | CENTRAL RETINAL {1
| | ARTERY AND VEIN
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h'.\ blood

\\opric NEav vasadls
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SUSPENSORY/ 'OPTIC DISC
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(a) Cross section (b) Horizontal section

Figure 2.1. Cross and horizontal section of the human eye [1], [2].

The eye together with the brain visual centers constitute the visual system of
vertebrates. The phrase “the eye sees an image” describes the procedure when

the eye gathers patterns of light coming from the outside world and converts them
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through retina into neural signals. The processing of these neural signals takes
place in the brain’s visual centers, which are responsible for extracting the per-

ceived visual information [4].

Figure 2.1 shows a schematic representation of a cross and a horizontal section
of the human eye with some of the main parts labeled. The most widely recognized
parts of the human eye are iris and pupil. Pupil is the dark opening in the center
of the eye. It appears to be dark due to the pigments in the rear of the retina
which absorb light. Iris is the colored muscle wrapped around the pupil and
controls the size of the pupil according to the light conditions. The external
part of the eye is covered with a transparent membrane, called cornea. Lens, a
transparent tissue behind the iris, together with cornea, are the two lenses of the
eye which allow the formation and focus of a sharp image in the rear of the eye.
The place on the back of the eye, where the image is focalised, is called retina.
The retina is also in charge of converting the light energy into neural signals and
then, convey them to the brain through the optic nerve. It is important to point
out that all previously described parts of the eye are responsible only for focusing
the perceived image on the retina and the actual neural processing starts at the
retina. Lastly, in the center of the retina lies a region called macula and in the very
center of the macula, there is another region called fovea. Macula and particularly
fovea are responsible for the central, high-resolution, color vision under good light
conditions and provide humans with the ability to read and see in great detail,

whereas the rest of the retina provides peripheral vision [4], [2], [30]

2.2 The Retina

The retina is one of the most significant components of the eye and covers
around 65% of the inside eyeball [4]. Its function is to convert light into electrical
nervous pulses and transfer them from the eye to the brain. Without the retina,
visual perception of the environment and visually-dependent behaviors would be
impossible [30]. In this section, we briefly describe the basic components of retina,

as well as retina’s main functionalities and cell types.

The retina is composed of five major classes of neurons: photoreceptors (rods
and cones), horizontal, bipolar, amacrine and retinal ganglion cells (RGCs). These
cells are clustered in a layered structure that can be easily distinguished in Fig-
ure 2.3. The three main layers are: the outer nuclear layer (ONL), consisting of
the photoreceptor cells, the inner nuclear layer (INL), containing bipolar, horizon-
tal and amacrine cells and the ganglion cell layer (GCL), containing the ganglion
cells. Between the ONL and the INL, there is the outer plexiform layer (OPL),
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Choroid

Optic nerve

Ciliary body

Figure 2.2. A drawing of a section through the human eye with a schematic
enlargement of the retina [3].
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Figure 2.3. Simplified schematic representation of the retina [4].

which contains the synaptic connections between the photoreceptors, bipolar,
and horizontal cells. Between the INL and the GCL, there is the inner plexiform
layer (IPL), containing the synaptic connections between the ganglion cells and
amacrine cells [4], [31]. The ganglion cells, whose axons form the optic nerve,
are at the front of the retina; therefore the optic nerve must cross through the

retina in order to connect the eye with the brain. The point where the optic nerve
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traverses the retina is called the blind spot (or optic disk), since there are no pho-
toreceptors in this region, as shown in Figure 2.1. The existence of the blind spot
is not perceived, because the blind spot of one eye is compensated by the other
eye, and vice-versa [4], [30]. It should also be noted that the vertebrate retina is
inverted in the sense that the light has to traverse all retinal layers to be sensed
by the photoreceptors, as shown in Figure 2.3. The exception to this rule occurs
in the fovea, where nerves are pushed away so that the cones are directly exposed
to light [4].

Before analyzing the types and functionalities of each group of retina cells, let
us give a brief overview of how retina operates. At first, the photoreceptors detect
changes in illumination and colour of the visual environment by absorbing pho-
tons and converting them to an electrical signal capable of stimulating the forward
neuronal layers of the retina. When the electrical stimuli arrive at the GCL they
are conveyed to the brain through the optic nerve in the form of action potentials
(or spikes). The layers between photoreceptors and retinal ganglion cells, namely
the bipolar, horizontal and amacrine cells, are responsible for processing the elec-
trical stimuli coming from the different photoreceptors and creating the diverse

encodings of the visual world that the retina transmits to the brain [4], [32].

For having a better understanding of the retinal procedures, we will present

below information for all cell types of the retina.

2.2.1 Photoreceptor Cells: Rods and Cones

Rods and cones are the two types of photoreceptors in the human retina. They
transform light into electrical signals and synapse onto bipolar and horizontal
cells. The rods (around 1200 million in number) are long and thin, while the
cones (around 7 million) have a shorter and thicker conical shape. The rods
are very sensitive to light (they can even be excited by a single photon), they
enable scotopic vision (vision under lowlight conditions), they do not provide color
information and can be found scattered everywhere in the peripheral retina, but
not in the fovea. In contrast to rods, cone photoreceptors are responsible for color
perception, they respond mainly at medium to high light levels, providing the
eye’s photopic vision and they are almost exclusively concentrated in the fovea.
There are three different types of cones in the human retina: the blue, green and
red cones, corresponding to the visible light wavelength to which they respond.
The photoreceptors get their vital energy from the pigment epithelium, which lies
outside of them in the deepest layer of the retina [4], [30], [31].
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2.2.2 Horizontal Cells

Most mammals have two types of horizontal cells: type A and type B cells.
Type A cells are associated with the cones, receiving an excitatory synaptic input
from the cones and feed an inhibitory output back to them. Type B cells have two
separate dendritic arbors, one interacting with cones and the other interacting
with the synaptic terminals of the rods. Horizontal cells are in charge of preserv-
ing details of different objects in an image, even if they are under different lighting
conditions. Their wide lateral spread across the photoreceptors permits the de-
tection and sharpening of the edges between different regions of the image. In
this way, the horizontal cells modulate the photoreceptors’ signals under different
lighting conditions, allowing signaling to become less sensitive in bright light and
more sensitive in dim light [4], [32], [33].

2.2.3 Bipolar Cells

Bipolar cells transmit photoreceptor signals to retinal ganglion cells. There
are approximately 12 types of bipolar cells, receiving synaptic input from either
cones, rods or both. Exact types of bipolar cells have not yet been decrypted by
scientists. Distinctive types of bipolar cells express distinctive sets of receptors,
ion channels and intracellular signaling systems and thus, each of them transmit
to the inner retina a different component extracted from the output of the pho-
toreceptor. These differences among the types of bipolar cells could be attributed
to many reasons. In the case of ON-type and OFF-type bipolar cells, some cells’
receptors respond to glutamate by activating an OFF pathway, so that they detect
dark areas on a lighter background, while others activate an ON pathway, and
the cell detects light areas on a darker background. In the case of sustained and
transient bipolar cells, the distinction is caused by the expression of rapidly or
slowly inactivating glutamate receptors. There is also a structural difference that
defines the 12 types of bipolar cells, which is the level of the IPL at which their
axons terminate. While the bipolar cells receive input from all of the cones within

their reach, they terminate on very different regions [4], [32], [33].

2.2.4 Amacrine Cells

Amacrine cells lie at the bottom of the IPL, just above the GCL. They are the
most diverse population of interneurons in the retina and only a small percent
of all types and functionalities of amacrine cells has been identified. Among the
known types, the most dominant one is Amacrine Alll, a narrow-field cell receiving
information from the bipolar cells and transmitting it to ganglion, bipolar and

amacrine cells. Amacrine Alll also provides a link between ON and OFF systems
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of bipolar and ganglion cells. Another special type of amacrine cell is called A17.
A17 is a widely spreading neuron, which improves the transmission of information
by the rod bipolar cells. There are several other types of amacrine cells that spread
horizontally, interacting with hundreds of bipolar cells and many ganglion cells.
They can even connect to neighbouring amacrine cells, increasing the speed with
which signals can be transmitted across large areas of the retina. Another role
played by the amacrine cells is in modulating the retinal response for different
illuminance conditions. By liberating several kinds of neurotransmitters, they
inhibit or reinforce the synaptic connections between the neuronal layers in the
retina [4], [32], [33].

2.2.5 Retinal Ganglion Cells

Retinal ganglion cells (RGCs) constitute the very last layer of retinal cells,
which transmits through the optic nerve visual information, in the form of spa-
tiotemporal patterns of action potentials (or spikes) to the brain’s visual regions.
The number of ganglion cell types is somewhere in the neighborhood of 30 [34].
They vary significantly in terms of their size, connections, and responses to visual
stimulation but they all share the defining property of having a distinct dendritic
structure, with a long axon that extends into the brain. There are about 0.7 to

1.5 million retinal ganglion cells in the human retina [4], [31], [32], [33].

2.3 Receptive Field of Retinal Ganglion Cells

The concept of the receptive field (RF) is considered fundamental to neuro-
science and is the standard method when studying the relationship between a
cell’s response and the stimulus that causes it. In the visual system, a receptive
field of a cell defines the area of the visual field in which, if a stimulus or a specific
change is detected, the cell will be stimulated. In the case of retina, the shape and
size of the receptive field differs in the different areas of the retina. Photoreceptors
react to photons directly falling over them, so they have narrow receptive fields.
Bipolar cells have a medium-sized receptive field as they are associated with a few

cones and horizontal cells have a larger one as they are activated by many cones.

Retinal ganglion cells have a receptive field that can be characterized by the
area on which light influences the neural response and is organized based on
“center-surround organization”, as defined by Kuffler [35]. More specifically, the
receptive field of ganglion cells consists of two concentric elliptical structures,
with the parts being either ON-center or OFF-center, and antagonistic between

them (Figure 2.4). The ON-center ganglion cells become active when a spot of light
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Figure 2.4. Schematic representation of the receptive field of an ON-type cell (left)
and of an OFF-type cell (right) [5].

falls in the center of their receptive field and are inactivated when light falls on
the field periphery. The OFF-center ganglion cells act in the opposite way; their
activity increases when the periphery of their receptive field is lit and decreases
when light falls on the center of the field. The receptive fields of the ganglion cells
can be modeled as the difference of Gaussian functions (Figure 2.5). The receptive
field of an OFF-center cell would have a symmetric shape relative to the one in
Figure 2.5. The competition of the two regions allows the neurons to detect dif-
ferences in brightness between points, i.e. changes in contrast. In other words,
neurons are only interested in changes, a function related to edge detection in

image processing [4], [7], [36].

Receptive field
(ON-type)

Figure 2.5. Receptive field of an ON-type ganglion cell represented as difference of
Gaussians [4].
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Spike Trains and Firing Rates

3.1 Action Potential and Spike Trains

Action potentials are signals generated by neurons and play a central role in
cell-to-cell communication, because they are the only form of membrane potential
fluctuation that can convey information over large distances. Action potentials in
neurons are also called nerve impulses or spikes, and the temporal sequence of
action potentials is called spike train. The procedure when a neuron emits an

action potential, is called firing [7], [37].

Given the small duration (= 1ms) of an action potential (or spike), we can
represent the sequence of action potentials (or spike trains) as a sum of Dirac

functions:

pt) = > 8(t—t), (3.1)

i=1

where n is the total number of spikes in the spike train and t; are the times that
each spike occured. We can p(t) the neural response function and we use it to
re-express sums over spikes as integrals over time. For example, we can write the

spike count, the number of spikes fired between times t; and t, as the integral:

to
n= f o(t) dt, (3.2)
t

because each spike contributes 1 to the integral.

3.2 Types of Firing Rates

Because the sequence of action potentials generated by a given stimulus typi-

cally varies from trial to trial, neuronal responses are typically treated as random
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processes, and characterized, for example, by the probability that a spike occurs
at a particular time during a trial. We can write the probability that a spike occurs
within a specified interval, for example the interval between times t and t + At for
small At, as p[t]At, where p[t] is the single spike probability density. The proba-
bility density for the occurrence of a spike is, by definition, the firing rate of the
cell, and we use the notation p[t] = r(t) to represent this quantity. The firing rate
however, is commonly used to define three different quantities: r(t), r and (r). We
use the terms firing rate, spike-count rate and average firing rate for r(t), r and

(r) respectively.

The firing rate at time t, r(t), can 2be estimated by determining the fraction
of trials with a given stimulus on which a spike occurred between the times t
and t and t + At . For sufficiently small t and sufficiently large numbers of trials,
this fraction provides a good estimate of r(t), as guaranteed by the law of large
numbers. The trial-averaged neural response function is thus denoted by ((t))

and the instantaneous firing rate can now be formally defined as:

r(t) = {(p(1)), (3.3)

The spike-count rate is obtained simply by counting the number of action poten-
tials that appear during a trial and dividing by the duration of the trial. Unlike
r(t), the spike-count rate can be determined for a single trial. We denote the spike-

count rate by r where:

—2—lfT®d (3.4)
r—T—TOp T, .

The second equality follows from the fact that:

T
f o(t)dt=n, (3.5)
0

and indicates that the spike-count rate is the time average of the neural response

function over the duration of the trial.

In the same way that the response function p(t) can be averaged across trials
to give the firing rate r(t), the spike-count firing rate can be averaged over trials

yielding a quantity that we refer to as the average firing rate. This is denoted
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by (r) and given by:

(1 (7 1 (7
<r>—T—¥fo <p(t)>dt—;j; r(t)dt, (3.6)

The average firing rate is equal to both the time average of r(t) and the trial average
of the spike-count rate r. Of course, a spike-count rate and average firing rate
can be defined by counting spikes over any time period, not necessarily the entire
duration of a trial [7], [38].

3.3 Estimating Firing Rates from Spike Trains

When there is available data only from a finite number of trials, it is impossible
to exactly calculate the firing rate r(t), which is a probability density and thus, it
should be estimated. For reasons of simplicity, we present below ways to estimate
firing rates from a single trial, even if multiple trials can produce more accurate

results [7].

At first, using the idea behind spike-count firing rate, we can divide time into
discrete bins of duration At, count the number of spikes within each bin, and
divide by At. As previously said, the quantity being computed is in fact the spike-
count firing rate over the duration of the bin, and the firing rate r(t) within a given
bin is approximated by this spike-count rate [7]. Figure 3.1 illustrates the idea

behind splitting in time bins.

number of spikes in bin j

N

J

| 1 O (R R

AT

Figure 3.1. Estimate firing rate by counting spikes within time bins [6].

The problem using fixed bins is that the answer depends on where the bound-
aries are [6]. To avoid this, we can instead take a single bin or window of duration
At and slide it along the spike train, counting the number of spikes within the
window at each location. This can also be seen as convolving the spike train with

the window. The window could be either square or Gaussian, as Figure 3.2 shows.

To sum up, we present Figure 3.3 in order to show a complete example of the

methodologies described above. Figure 3.3A shows a spike train from a neuron.
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Figure 3.2. Estimate firing rate by using a square (top) or Gaussian (bottom)
window. Adapted from [6].

Figure 3.3B shows the firing rate estimation computed using bin splitting with a
bin size of 100ms. Figure 3.3C shows firing rate estimation determined by sliding
a square window function along the spike train with ¢ = 100ms and Figure 3.3D
shows firing rate estimation computed using a Gaussian window function with

o; = 100ms.
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Figure 3.3. Different approaches to estimate the firing rate. Figure 3.3A shows a
spike train _from a neuron. Figure 3.3B shows the firing rate estimation computed
using bin splitting with a bin size of 100ms. Figure 3.3C shows firing rate estimation
determined by sliding a square window function along the spike train with t =
100ms and Figure 3.3D shows firing rate estimation computed using a Gaussian
window function with o; = 100ms [7].
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Retinal Models and Retinal Prosthesis

In this section, we present an overview of retinal models, analyzing the differ-
ent types of models and presenting their properties. Given the strong relationship
between retinal models and retinal prosthesis, the concept and the types of retinal

implants are also discussed.

4.1 Retinal Models

Sensory neuroscience designs neural models that predict the response of a
sensory area to a stimulus in order to unveil unknown circuit computations and
neural mechanisms. In the case of retina, several retinal ganglion cell spiking
models have been proposed, such as Linear Nonlinear (LN) models [39], [8] ,
Generalized Linear Models (GLMs) [40], Integrate-and-Fire models [41] and more
recently Deep Learning (DL) models, using mainly Convolutional Neural Networks
(CNNs) [19], [18].

LN models use a linear spatiotemporal filter, modelling the function of pho-
toreceptors, combined with a simple static nonlinearity, describing the instanta-
neous relationship between the filtered stimulus and the response. As shown in
Figure 4.1, the stimulus waveform s(t) is passed through a linear temporal filter
F(t), and the result g(t) is transformed by a nonlinear function N(g) to the model’s
response r’(t). LN model components could be seen as follows. The time-reverse of
the filter function F(t) represents the stimulus feature to which the neuron shows
the highest sensitivity. The filtered stimulus g(tf) measures how strongly that
feature is represented in the current stimulus, and the function N(g) determines
how g(t) is transformed into a response, including threshold effects, rectification,
and other distortions [19], [8].

GLM models (Figure 4.2) consist of the following components: linear spa-
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Figure 4.1. The Linear - Nonlinear (LN) model [8].

tiotemporal filtering of the visual input, exponential nonlinearity, Poisson spike
generation, and a feedback waveform for each spike generated that sums with the
post-filter signal. The nonlinearity after the linear filter, captures the nonlinear
intensity-response relationship of the retinal ganglion cells and the post-spike
feedback models the non-Poisson structure in retinal ganglion cells spike trains,

such as bursting and refractoriness, that are not captured by simpler models [9].

Generalized Linear Model

input i
stimulus 6 nonlinearity Poisson process  , 1n,t spikes
-
R e
stimulus -~ |
filter V

post-spike gain

Figure 4.2. The Generalized Linear Model (GLM) [9].

Although they produce satisfying results when used with white noise stimu-
lus, both LN models and GLMs fail to model responses to natural stimuli and thus,
fail to model nonlinear behavior of the retina [19], [9]. However, retinal models
using CNNs were able to overcome this problem and outperform previous models.
CNNs, having a structure that imitates biological vision and being very successful
in visual recognition tasks, managed to successfully model retinal responses in
both artificial (such as spatiotemporal white noise) and natural (such as natural
images) stimuli [18]. CNN can also model a wide range of neurons and they can do
that simultaneously for many types of neurons. Furthermore, CNN retinal models
present properties similar to retinal functionalities, as individual components of a
CNN retinal model are highly correlated with actual retinal interneuron responses
that were recorded separately and never presented to the model during training.
Therefore, CNN retinal models can be used not only as accurate retinal models,

but also as means of studying unknown retinal mechanisms [17], [9], [42].
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4.2 Retinal Prosthesis

While it has been proved that retinal models are a great tool for exploring novel
retinal functionalities, their development is closely associated with visual neuro-
prostheses as well. The increasingly deeper knowledge of visual systems along
with the evolving technology, give novel results in prevention, limitation or even
treatment of eye diseases [19], [18]. Although some of the eye diseases can be ef-
fectively treated with surgery or medication, there are cases of severe degeneration
or damage to the retina where retinal prosthesis is the only choice available [20].
Such cases are Age related Macular Degeneration (AMD) and Retinitis Pigmentosa
(RP), where there are currently no treatments able to cure them. In both cases,
the patient’s photoreceptor cells have degenerated, but retinal nerve cells and
optic nerve are still functional. Retinitis pigmentosa is a genetic disease, where
patients live with a gradually shrinking visual field, then lose their eyesight, gen-
erally after the age of 50. AMD is an age-related disease, where the central visual
field is affected and makes it difficult to read or recognize faces [43]. There are
several devices under evaluation and some of them are commercially available,
such as Argus II (Second Sight Medical Products Inc., Sylmar, CA, USA), which
is the most widely used retinal prosthesis worldwide [36], IRIS II (Pixium Vision,

France) and Alpha IMS (Retina Implant AG, Reutlingen, Germany) [44].

Most retinal prostheses share some basic components: an image capturing
device, an image processing unit, a stimulator chip and an electrode array (Fig-
ure 4.3). The image capturing device captures images from the visual environ-
ment, which are transformed into stimulation patterns for the multi-electrode
array. Visual information is either selected with a camera in a camera-electrode
based system, or directly detected by the electrode-coupled photodiodes to gen-
erate electrical stimuli, in case of photodiode based systems. When necessary,
radio frequency (RF) telemetry and/or optical link is used for the power and data
transmission between the external part of the device and the implant. Other im-
portant components that can be found in most implants are hermetic packaging

and wireless data/power transmission.

Despite the similarities in their architecture and the differences in technical
details, what characterizes the retinal prostheses is the location where an elec-
trode array can be implanted to stimulate the retina. There are three main types of
retinal implants: epiretinal, subretinal and suprachoroidal (Figure 4.4) [11], [10].
Epiretinal implants are placed on top of the retinal surface, directly stimulating
RGCs and inner retinal neurons. An array of electrodes is stabilized on the inner

retina adjacent to the RGCs and the axon fibres, using micro tacks which pene-
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Figure 4.3. An overview of a retinal prosthesis system. An image is captured
by a video camera and converted to an electrical signal by an imaging processing
unit. The electrical signal is transmitted through radio frequency (RF) telemetry
and/or optical link and processed by external and/or implanted circuitry. The
circuit produces a pattern of electrical stimulus, similar to light stimulus, which is
applied to the retina via a microelectrode array positioned near the retina. Adapted

from [10].

trate into the sclera. Epiretinal prostheses are minimally invasive to the retina,
as the location where the prosthesis contacts the retina is easily accessible and
in this way, the risk of mechanical damage to the retina during surgery is di-
minished. They are also easily monitored through the lens of the patient, using a
funduscopic or optical coherence tomography (OCT). However, epiretinal implants
have a difficulty in fixating the electrode array in the retina and sometimes they

present distorted visual perception [11], [10], [45].

Subretinal implants are placed in the subretinal space between the pigment
epithelium and the degenerate photoreceptor layer. They stimulate the outer and
middle sections of retina (bipolar and amacrine cells) of the blind patient, exploit-
ing the existing neural processing and possibly avoiding the direct stimulation of
RGGs, which provokes distorted visual perception. However, subretinal chips may
subretinal implantation may block the fluid communication between the retina

and the choroid, obstructing oxygen and nutrients diffusion to the retina [11], [45].

In suprachoroidal prostheses, electronics are implanted outside of the eye
and electrode arrays are passed through the sclera and are fixated between the

choroid and the sclera. Suprachoroidal implants are relatively distant from the
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retina and this offers several advantages. Among them, minimal surgery is needed
for electrode array implantation, reducing in this way the risk of retinal detach-
ment and the risk of infection. The blockage of retinal nourishment is also re-
duced, as there is no barrier between the retina and the choroid, and the neural
tissue is safely stimulated. On the other hand, the longer path from the electrode

to the targeted tissue might cause worse spatial resolution [11], [10], [45].

Inner limiting membrane

ot i

:

Figure 4.4. Three types of retinal prostheses: epiretinal, subretinal and supra-
choroidal. Ganglion cells (yellow) and bipolar cells (purple) are shown and dam-
aged/eliminated photoreceptors are not shown [11].
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Machine Learning

5.1 Introduction

Machine Learning (ML) is the subfield of Artificial Intelligence (Al). Machine
Learning describes the concept of automatically uncovering patterns in data and
use them in order to extract useful knowledge from data or predict future data [46].
Another, more generic, definition of Machine Learning was given by Mitchell [47].
He defined that:

"A computer program is said to learn from experience E with respect to some
class of tasks T and performance measure P. If its performance at tasks in T, as

measured by P, improves with experience E.”

Based on these definitions, we can define the core components of Machine
Learning [48]:

1. The data we can learn from.

2. A model of how to transform the data.

3. An objective function that evaluates how well (or badly) the model is doing.
4. An algorithm to adjust the model’s parameters to optimize the objective

function.

5.2 Types of Machine Learning

Machine Learning algorithms are split in three main categories: Supervised

Learning, Unsupervised Learning and Reinforcement Learning.
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5.2.1 Supervised Learning

Supervised Learning uses datasets containing an input set X and an output
set y. X consists of a set of features for each example, while y consists of a specific

label or target. The goal is to learn a function f, which maps input X to input y.

X - yory=f(X) (5.1)

Ultimately, the Supervised Learning model can assign the correct label to new,
unlabeled input data, never experienced before. Different types of problems solved
by Supervised Learning depend on the type of the output y. In Classification prob-
lems, y is a discrete variable representing a class, while in Regression problems y
is a continuous variable. More specifically, classification models predict the class
for each input, while regression models predict a continuous numerical value as
output [48], [49]. Part of Supervised Learning algorithms are Support Vector Ma-
chines (SVM), Random Forests and Artificial Neural Networks (ANN) that we used

in this work and we discuss below.

5.2.2 Unsupervised Learning

Unlike previous category, datasets in Unsupervised Learning do not contain
labels for each input data. The goal is to learn the entire probability distribution
of the dataset or properties and patterns that govern given data. Unsupervised
Learning mainly solves Clustering problems, where the goal is to separate input

data in different cluster based on a given metric [49].

5.2.3 Reinforcement Learning

Reinforcement Learning differs from previous categories, as it focuses on op-
timal decision making. Reinforcement Learning models contain an agent, which
interacts with an environment over time. The agent receives some observation
from the environment, performs an action and then, receives a reward from the
environment. This process continues in a loop. The behavior of the agent is
governed by a policy, which is a function that maps the observations of the envi-
ronment to actions. The goal of reinforcement learning algorithm is to produce a

good policy [48].
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5.3 Machine Learning Algorithms

5.3.1 Decision Trees

Decision trees [50] belong to the family of Supervised Learning algorithms
and more specifically, they are nonlinear classifiers. The main components of a
decision tree model are nodes and branches and the most important elements in
designing decision trees are splitting criterion, stopping rule and pruning. There
are three types of nodes: the root node, which represents a choice that will result
in dividing all records into two or more mutually exclusive subsets, internal nodes,
representing one of the possible choices available at that point in the tree structure
and the leaf nodes, which represent the final result of a combination of decisions.
A decision tree model is formed using a hierarchy of branches. Each path from
the root node through internal nodes to a leaf node represents a classification
decision rule. A splitting criterion refers to the selection of the variable which best
splits the data at a specific point, using some metric, such as entropy, Gini index,
classification error, information gain, gain ratio, and twoing criteria [51]. Every
split of a node, generates two or more descendant nodes. The splitting procedure
continues until stopping criteria are met. Stopping criteria are selected in order to
avoid overfitting in training data. However, there are cases where stopping rules
do not work well. In such cases, we can let a decision tree grow first and then

prune the nodes that provide less important information [52], [12], [46].
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Figure 5.1. Decision tree classification (left). Illustration of decision tree as seg-
mented space (right) [12].
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5.3.2 Random Forest

A very common technique in Supervised Learning, called Ensemble Learning,
is used to train multiple classifiers, independently of each other, and in the end,
combine their predictions, so as to make a final prediction. This technique yields
better results than using a single classifier, as it takes advantage of independent
choices of different classifiers, where each of them can learn different parameters
of the problem. Different predictions from different classifiers are combined using
a correlation function, such as arithmetic average rule, geometric average rule and

majority voting rule [12].

| Training set ]

Testing set

Random tree 1 Random tree 2 Random tree N

| Prediction combination |

[ Output I

Figure 5.2. Conceptual schema of Random Forest algorithm [13].

Random Forests implement the aforementioned technique and in particular,
they consist of a number of Decision Trees (or base learners), which are parallel
and independent of each other (Figure 5.2). The idea is to train M different trees
on different subsets of the data, chosen randomly with replacement, and then

compute the ensemble

M
F0= Y ) 5.2)

where f;, is the m" tree. This technique is called bagging [53], which stands
for "bootstrap aggregating”. However, if we run many times the same learning
algorithm on different subsets of the data, this results in highly correlated pre-
dictors. Random Forest, as proposed by Breiman [54], overcomes this problem
by decorrelating the base learners. This happens by learning trees based on a

randomly chosen subset of input variables, as well as a randomly chosen subset
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of data features. Such models are widely used, as they often perform really well.

5.3.3 Support Vector Machines (SVM)

Support Vector Machines (SVM) is one of the most fundamental kernel-based
algorithms of Supervised Learning. Based on the spatial representation of train-
ing samples, "the support vector machine constructs a hyperplane as the decision
surface in such a way that the margin of separation between positive and negative
examples is maximized” [15]. Input data are categorized in two classes: linearly
separable or non-linearly separable data, as shown in Figure 5.3. Linearly sep-
arable classes can be separated by SVMs, while non-linearly separable classes
require the use of nonlinear SVMs, which use techniques for transforming data
coordinates into a higher dimension space and then, calculate hyperplanes that

separate the data.

X x)

Figure 5.3. An example of one linearly (left) and one non-linearly (right) separable
two-class problem [12].

Suppose we have two linearly separable classes and we want to design a linear

classifier. Our goal is to design a hyperplane of the following form:

f(x) =wx+b, (5.3)

where x € R% represents the training data and w, b € R? represent the parameters

of the classifier. We also denote as y € {—1, 1} the labels of the two classes.

There is an infinite number of hyperplanes that can successfully classify all
training data x. However, the selection of the hyperplane should be made in order
for the classifier to generalize well in data outside the training set. The optimal
hyperplane is the one that maximizes the margin between the two classes. At this

point It should be also noted that the distance of a point x from the hyperplane is
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given by the relation:

, (5.4)

el
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Figure 5.4. Maximum-margin hyperplane and margins for an SVM trained with
samples from two classes (Wikipedia).

Given that the two classes are linearly separable, we can select parameters w
and b, such that:

f(x)>0, fory=+1
fx) <0, fory=-1

(5.5)

By scaling w, b so that the value of f(x) at the nearest points of the two

classes is equal to 1 and —1 respectively for each class. With this requirement the

2

T and we have:

maximum margin length becomes

fx)>1, fory=+1
fx) < -1, fory=-1

(5.6)

Our task now is to compute the parameters w, b of the hyperplane, so that to:

1
minimize J(w, b) = 3 ||l (5.7a)

subject to y(wx+b)>1, i=1,2,...,.N (5.7b)

This is a nonlinear (quadratic) optimization task subject to a set of linear inequal-

ity constraints [12], [15].


https://en.wikipedia.org/wiki/Support-vector_machine

5.4 Artificial Neural Networks (ANNSs)

If classes are non-linearly separable the data are subject to transformations
in higher dimensional spaces. The transformations are called kernels and some

widely used kernels are [46]:

e linear kernel:
k(x, x') = x"x’ (5.8)

e polynomial kernel:
M
k(x, x') = (y xTx + r) (5.9)

e radial basis function (rbf) kernel:

" llx — x'|?
I(x,x) = exp |-~ (5.10)
20?
e sigmoid kernel:
k(x, x') = tanh (yxTx' + r) (5.11)

5.4 Artificial Neural Networks (ANNSs)

Artificial Neural Networks (ANNs) or Neural Networks (NN) are a type of a
Supervised Learning algorithm inspired by brain’s functionality. According to
a definition given by Haykin [15], "a neural network is a massively parallel dis-
tributed processor made up of simple processing units that has a natural propensity
Jor storing experiential knowledge and making it available for use” and "it resem-
bles the brain in two respects: (a) knowledge is acquired by the network from its
environment through a learning process and (b) interneuron connection strengths,

known as synaptic weights, are used to store the acquired knowledge”.
5.4.1 Single Neuron (Perceptron)

Lo wp
synapse
wpq

axon from a neuron

impulses carried
toward cell body

/ y branches cell body f (T wi; b)
dendrites ‘_" ?fg ﬂl of axon 5
Wl i R TR RETT
\_\_\k‘ \ f P output axo;
axon \ s aran

activation
function

T
nuc!eus__;_l_' —
VS \ )

. L ki

ﬂ,?? A\ \impulses carried % r{'“k

away from cell body B

cell body

Figure 5.5. Biological (left) and mathematical (right) model of a neuron [14].
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Structural component of Neural Networks is the single artificial neuron, also
called a node or unit. It is the mathematical model of a biological neuron, based
on the idea of Perceptron by Rosenblatt [55]. Both biological and artificial neurons
are shown in Figure 5.5. We denote x; as the inputs for each neuron, which are
multiplied by associated weights w; and then added to the bias b. The resulted
sum is fed as input to an activation function f and given the value of the sum,
S outputs O or 1, or as it is otherwise called the neuron is deactivated or activated
respectively. The model of the neuron is given by the following mathematical

equation:

y :f(z x;w; + b) (5.12)
=1

5.4.2 Multilayer Perceptrons

While a single layer perceptron can only learn linear functions, a Multilayer
Perceptron (MLP) can also learn non-linear functions. A MLP contains multiple
neurons (nodes) arranged in layers. Nodes from adjacent layers have connections
or edges between them. All these connections have weights associated with them.
In general, a MLP contains an input layer, one or more hidden layers and an

output layer, as shown in Figure 5.6.

.
Input First Second Output
layer hidden hidden layer

layer layer

Figure 5.6. Structure of a Multilayer Perceptron with two hidden layers [15].

5.4.3 Activation Functions

The purpose of the activation function is to introduce non-linearity into the
output of a neuron. This is important because most real world data is non linear

and we want neurons to learn these non linear representations. Every activation
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function takes a single number and performs a certain fixed mathematical oper-

ation on it [14]. Most common activation functions are:

e Sigmoid function, which assigns the input values to values in range be-

tween O and 1.

J) =

5.13
l1+e™ ( )

Sigmoid function is widely used in cases where we want the neuron to as-
sign a probability to an input. Such a case is the classification into two
categories. However, given that the output values of sigmoid function lie
between O and 1, there is a risk of saturating the gradients, which gradually

become zero. This phenomenon is called Vanishing Gradient.

e Tanh function, which assigns the input values to values in range between
-1 and 1.

ef—e™
f(X) = tanh(x) = m (514)

Like the sigmoid function, its activations saturate, but unlike the sigmoid its
output is zero-centered. Therefore, in practice the tanh activation function

is always preferred to the sigmoid.

e Rectified Linear Unit (ReLU) function, which thresholds input values to O.

J(x) = max(0, x) (5.15)

ReLU activation function is one of the most widely used activation func-
tions today. Unlike previous functions, ReLU simplifies computations, as it

implements only one comparison.

5.4.4 Cost Functions

In calculating the error of the Neural Network model during the optimization
process, a specific function must be chosen. The function we want to minimize
or maximize is called the objective function or criterion. When we are minimizing
it, we may also call it the cost _function, loss function, or error function [49]. Cost
Functions are used to evaluate the performance of Neural Networks. Some com-

mon cost functions are the following:
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Sigmoid tanh RelU

Figure 5.7. Different types of activation functions. Left to right: sigmoid, tanh,
ReLU [14].

e Mean Squared Error (MSE), which calculates the mean squared prediction

€ITor:

n

1
J@) = ) (Y~ P), (5.16)
i=1
where the prediction error is the difference between the true value (Y;) and
the predicted value (P;) for an instance and 8 is the parameter vector of the

network. MSE is used with regression models [56].

Mean Absolute Error (MAE), which calculates the mean of the absolute

prediction error:

1 n
J) = — Y; — Pj, 5.17
©) n;| | (5.17)

where Y; is the true value and P; the predicted value for an instance and 8

is the parameter vector of the network [57].

Cross Entropy Loss Function, which uses the concept of cross-entropy.

Cross-entropy is mathematically defined as:

H(p.q) = —Zpk 10g G, (5.18)
ke

where p and q are the true and the predicted probability distributions re-
spectively. The more the two distributions differ, the higher the value of the
cross-entropy. Cross-entropy loss function is widely used in classification

problems. Based on the definition of cross-entropy, the goal of the cross-
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entropy loss function is to minimize the cross-entropy between the model’s
distribution and the distribution of the given data [46], [49].

e SVM Loss Function (or Hinge Loss Function), which aims to assign a
higher score in the correct classes than the incorrect classes by some fixed

margin A. The mathematical definition is:

J(8) = Z max(0, s; — s, + A), (5.19)
J#Yi

where s; is the score for the j™ class, s,, is the score for the true class and

is the parameter vector of the network [14].

5.4.5 Training a Neural Network

A problem often encountered in Neural Networks is the so-called overfitting,
which occurs when the function to be optimized is so much fitted in the training
data, that models even noise in them and thus, it cannot generalize well. One

way to overcome this problem is through Regularization (R).

N
" 1
9 = arg minL(8) = arg min — — Z L(f(x;; 9), y;) + AR(S), (5.20)
I} ] N

i=1
In Equation 5.20, hyperparameter j1 depends on the problem and the regular-
ization term R(&) calculates the norms of the parameter vector 8. Two common

norms are L1 and L2, which are described by the following equations:

Ry, (W) = [Wlly = > Wiy (5.21)

i,

Ry, (W) = [IWI} = ) (Wiy;)* (5.22)

i
Alternative ways of regularization is the technique called Dropout [58], which
deactivates randomly some neurons in a network or the technique Early Stopping

[49], where learning stops when the Error in the test set stops decreasing.

In order to train a neural network, we have to solve the optimization problem
described by Equation 5.20. Some suggested methods to do so, are Gradient
Descent Algorithm, Stochastic Gradient Descent Algorithm [59], Adagrad [60] or
Adam [61]. In order to minimize the Cost Function, the derivatives need to be
calculated and the network to be updated. An effective method is Backpropagation
[62], [63], where derivatives are calculated systematically and efficiently using the

chain rule.
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5.5 Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs) is one of the most widely used cate-
gories of Neural Networks. CNNs "are simply neural networks that use convolution
in place of general matrix multiplication in at least one of their layers” [49]. Convo-

lution is mathematically described as:

s(t) = x(t) = w(t) = fx(h)w(t — h)dh, (5.23)
or in discrete form:
s(t) = x(t) = w(t) = »" x(t + hyw(h), (5.24)
h

where w is the kernel function or filter.
CNNs are designed to process data that come in the form of multiple arrays, as

1D arrays for signals and sequences (including language), 2D arrays representing

images or 3D arrays for video or 3D images [64].

Input Convolutional ~ Pooling Fully Connected Output
Layer Layer Layer Layer Layer

| | |
E— N '
| 5

Figure 5.8. The general architecture of a CNN [16].

The architecture of a typical CNN (Figure 5.8) consists of several layers, namely
input, convolutional, pooling, fully connected and output layer. Beyond input and
output layer, convolutional layer implements a series of convolutions of the in-
put data with specific kernels/filters, whose parameters are about to optimized
through the learning process. These filters, whose size is smaller than the size of
the input, are successively convolved with the entire input. An activation func-
tion (eg. ReLU) is then applied to the output of the convolutional layer and then
a pooling sampling takes place. Two common pooling operators are max pooling,
where only the maximum value within an area is selected and average pooling,
where the value assigned to an area is the average of its values. The third layer

of a CNN is a dense or fully connected layer. Each node of a fully connected layer
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is connected to the outputs of all nodes of the previous level [49].

It should also be noted that the convolutional and pooling layers in CNNs are
directly inspired by the classic notions of simple and complex cells in visual neuro-
science and the overall architecture of the CNNs simulates the LGN-V1-V2-V4-IT

hierarchy in the visual cortex ventral pathway [64].






Chapter E

Development of a Framework for Func-

tional Assessment

In this chapter, we describe the method that we developed in order to function-
ally assess retinal models. First, we present the pipeline used in simulations.
Second, we present a summary of all software tools used in this project. Third, we
analyze the retinal models that we used in our simulations, the training procedure
of the retinal models and the datasets used in the training. Fourth, we present
the datasets used in this work and we describe the data preprocessing pipeline

that we built. Finally, we analyze thoroughly the simulations that we conducted.

6.1 Pipeline of Functional Assessment

An overview of the pipeline used for functional assessment is shown in Figure
6.1. For each simulation, we used a common methodology, which includes the

following steps:

1. Import dataset

2. Preprocess image data

3. Enter the preprocessed data as input to the retinal model
4. Predict firing rates

5. Enter the firing rates as input to the classifiers for image recognition and

digit recognition tasks

6. Compare the performance of the different classifiers



Chapter 6. Development of a Framework for Functional Assessment
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Figure 6.1. Functional assessment pipeline.
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6.2 Description of Software Tools

The code for the retinal model that we used in this work can be found in [65].
The retinal model were trained using TensorFlow [66] and Keras [67] libraries. For
the MLP classifiers, we used Keras implementation, while for Random Forest and
SVM classifiers we used Scikit-learn [68] implementations. Data augmentation
was applied using imaug library [69]. Datasets are described in Section 6.3. All

simulations were conducted with resources provided from Google Colaboratory.

6.3 Description of Datasets

For the simulations, we used the following datasets: CIFAR10 [26], MNIST
[27], Fashion MNIST [28] and Imagenette [29]. A description of the datasets can
be found in Table 6.1. All of these datasets are used for classification tasks with
10 different classes and that was exactly the rationale behind the choice. Our
aim was to eliminate differentiating factors between the datasets and to compare
equivalent classification tasks. We started with CIFAR10 and MNIST as common
baseline datasets. Then, we chose to compare CIFAR1O with Imagenette and
MNIST with Fashion MNIST. We chose Imagenette as a dataset containing images
of much higher resolution than CIFAR10. We also chose Fashion MNIST as a
more difficult and complex dataset than MNIST, as noted in [28].

6.4 CNN Retinal Model used in Simulations

6.4.1 Architecture of the CNN Retinal Model

In this work, we used the CNN retinal model designed in [19], [17], [65]. In
particular, it is a 3-layer CNN that was trained to predict the firing rates of sixty
simultaneously recorded retinal ganglion cells. This model was chosen, because
it can effectively predict retinal responses to natural images, it has a simple and
simple-to-implement architecture and, being trained with natural images, it can

model a wide range of retina’s biological properties, such as rapid adaptation to
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Table 6.1. Description of the datasets used in simulations.

Dataset Description Links

CIFARI1O The CIFAR10 dataset consists of 60000 32x32 | [26], [70]
colour images in 10 classes, with 6000 images
per class. It is used in object recognition tasks.

MNIST The MNIST dataset consists of 70000 28x28 | [27], [71]
grayscale images of handwritten digits between
0 and 9. The digits have been size-normalized
and centered in a fixed-size image. It is used in
digit recognition tasks.

Fashion The Fashion MNIST dataset consists of 70000 | [28], [72]
MNIST 28x28 grayscale images of 10 fashion categories.
This dataset can be used as a drop-in replace-
ment for MNIST. It is used in object recognition
tasks.

Imagenette Imagenette is a subset of Imagenet. It con- | [29], [73]
sists of colour images of variable size represent-
ing 10 easily classified classes from Imagenet
(tench, English springer, cassette player, chain
saw, church, French horn, garbage truck, gas
pump, golf ball, parachute). It is used in object
recognition tasks.

different light intensities [8]. Another advantage of this retinal model is the 3-layer
architecture, which corresponds to the three main layers of cell types of the ver-
tebrate retina (photoreceptors, bipolar and retinal ganglion cells). The first layer
of the retinal model is a spatiotemporal convolution with 8 filters with (10, 10)
kernel, the second is a spatial convolution with 8 filters with (5, 5) kernel, and
the third is a final dense layer, as shown in Figure 6.2. Each layer consisted of a
linear spatiotemporal filter, followed by a rectification using a rectified linear unit
(ReLU). Batch Normalization [74] is applied to each layer as well. In Table 6.2, we

show the model’s summary.

6.4.2 Description of the Dataset used in Retinal Model’s

Training

In order to train the retinal model described above, we used a dataset used in
relevant work. More specifically, in [18], they projected natural images onto the

mouse retina and they recorded the response of retinal ganglion cells. Natural
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Table 6.2. Summary of the CNN retinal model used in this project.

Model: "bn_cnn"

Layer (type) Output shape Param #
input_1 (Inputlayer)  (Wone, 50, 50, 40) o
conv2d 1 (Conv2D) (None, 41, 41, 8) 32008
flatten 1 (Flatten) (None, 13448) %]

batch _normalization 1 (Batch (None, 13448) 53792
reshape 1 (Reshape) (None, 41, 41, 38) 0
gaussian noise 1 (GaussianNo (None, 41, 41, 8) 2]
activation 1 (Activation) (None, 41, 41, 8) B
conv2d 2 (Conv2D) (None, 37, 37, 16) 3216
flatten 2 (Flatten) (None, 21984) e

batch normalization 2 (Batch (None, 219@4) 37616
reshape 2 (Reshape) (None, 37, 37, 16) 2]
gaussian noise 2 (GaussianNo (MNone, 37, 37, 16) 2]
activation 2 (Activation) (None, 37, 37, 16) %
flatten_ 3 (Flatten) (None, 21904) 0
dense 1 (Dense) (None, 6@) 1314240
batch normalization 3 (Batch (None, 68) 2409
activation 3 (Activation) (None, 68) 2]

Total params: 1,491,112
Trainable params: 1,420,288
Non-trainable params: 70,824
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Figure 6.2. Architecture of the CNN retinal model used in this project [17].

image dataset consists of 4890 grayscale images of size 50x50 pixels, a sample
of which is shown in Figure 6.3. Each frame, corresponding to 10ms of visual
stimulus, was projected onto the retina for 50ms. Thus, each frame was repeated
5 times and the whole dataset consists of 24450 natural images of total duration
244.5s. Finally, each image was normalized, so that each pixel has a value be-

tween O and 1.

Figure 6.3. Sample images from the dataset used in retinal model’s training [18].

Retinal ganglion cell’s response depends not only on the current stimulus,
but also depends on preceding stimulations. In order to model this temporal de-
pendency, a temporal dataset was created before inserting images to the retinal
model. This means that for each image being projected onto the retina, we kept
track of the history of images projected before. The total number of images used
-the actual image projected onto the retina plus additional image frames account-

ing for the stimulus history- is called temporal interval. Therefore, each input
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sample consisted of temporal_interval number of images. It should also be noted
that the very first image’s history was comprised completely of dark frames in
order to model the initial dark state of the retina.
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Figure 6.4. Part of a temporal dataset with temporal_interval = 30. The leftmost

column of each row contains the actual image projected onto the retina. The rest of
the columns contain the image history. Initial dark _frames can also be seen.
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Figure 6.5. Smoothed ganglion cell’s firing rate.

The target output of the model is a spiking probability function for each of
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the neurons. This function comes from the convolution of spike trains with a
Gaussian function, as described in Section 3.3. We used a Gaussian window with
o = 10ms, which is equal to the sampling rate of the biological recordings (each
retinal response corresponds to a frame of 10ms). Convolution with a Gaussian
window transforms discrete spike events into a virtually continuous target to
fit, which transforms a classification problem (discrete classes corresponding to
number of spikes in a bin) into a regression problem (a continuous firing rate
function) [18].

6.4.3 Training the CNN Retinal Model

Taking into consideration the information described above, we trained con-
volutional neural network models to predict retinal ganglion cell responses to
sequences of natural images, simultaneously for all 60 cells in the recorded pop-
ulation of the given retina. Each training sample consisted of temporal_interval
number of frames (actual image plus image history) as input stimulus and the
model’s target output was the smoothed ganglion cell’s firing rate corresponding

to the presentation of the actual image in each time bin.

Similarly to [19] and [17], model parameters were optimized to minimize a
loss function corresponding to the negative log-likelihood under Poisson spike

generation,
1 &
L(ye. gr) = N ; Yt — Yelog(Jy). (6.1)

where y; and g; are the actual and predicted firing rates of the retinal ganglion
cells at time t, respectively with a batch size of N, chosen to be 50s (5000 sam-
ples). Optimization was performed using Adam [61], a variant of stochastic gra-
dient descent. Models were trained using TensorFlow [66] and Keras [67]. The
networks were regularized with an L2 weight penalty at each layer and an L1
activity penalty at the final layer, which helped maintain a baseline firing rate
near OHz. The training dataset was divided randomly according to a 70% train
and 30% validation/test split. Learning rate was 0.01. Regarding convolutional
layers, as previously noted, the first layer had 8 filters with (10, 10) kernel, the
second layer had 8 filters with (5, 5) kernel. Two metrics were used to mea-
sure the performance of the model: Pearson Correlation Coefficient (PCC) [75]
and Mean Squared Error (MSE) [56]. Models were trained over the course of a
maximum 500 epochs and the epoch with the lowest loss function was chosen.
If performance was not increased over 10 epochs, learning rate was changed to

0.002 and if performance was not increased over 20 epochs, training was stopped.
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In this work, we used two different models, one trained with temporal_interval =
30 (RetModell) and the other trained with temporal_interval = 40 (RetModel2).
RetModell performed better regarding Pearson Correlation Coefficient (PCC) met-
ric and RetModel2 had worse PCC metrics, but produced better receptive fields

(RF) . More details regarding retinal models’ performance can be found in [76].

6.5 Analysis of Data Preprocessing Steps

Before inserting image data as input to the retinal model, we implemented a
specific preprocessing algorithm for all datasets. Main idea behind data prepro-
cessing was to split images in parts and then feed each part separately to the
retinal model. The purpose of this idea was to artificially increase the restricted
number of neurons (60 in our case) provided by the retinal model, so as to in-
crease the performance of the classifiers. Therefore, we should implement a series
of preprocessing steps in order to split images, extract firing rates from the split
parts and then, combine these firing rates together. To do so, we have to choose
among a range of design options. All preprocessing steps together with the corre-

sponding design decisions are analyzed below.

Step 1. (INPUT)

Import dataset and, only for CIFAR10 and Imagenette, transform each image

from rgb to grayscale.

Step 2. (RESHAPE)

Reshape the size of every input image to (50, 50, 1), which is the only ac-
ceptable size to the retinal model. In the case of Imagenette, because initial
images are bigger than (50, 50), reshaping talkes place after splitting (in Step
5).

Step 3. (DATA AUGMENTATION)

Use data augmentation technique by choosing 2 different transformations

and applying them to each image.

Data augmentation refers to applying a set of transformations to the data in

order to increase the number of available data. The goal of data augmentation is

'Receptive fields are described in Section 2.3.
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to reduce overfitting and make the model perform better with unknown data. In
this project, data augmentation was implemented using imaug library [69] and
transformations included rotation, gaussian noise, crop and translation across x
and y axis. More specifically, we rotated images by 45° or —45° in order to imitate
rotations that can be found in real life. Given the low resolution of the available
images, we used gaussian noise of scale = 0.1 * 255 or scale = 0.2 * 255 in order
to preserve the semantics of the images. We also cropped images only by 5 or 7
pixels from each side in order to keep most of the object being depicted within the
frame of the image. For exactly the same reason, we translated images only by a
percentage ranging from —10% to +10% of the image size. Finally, every image
was augmented two times using a set of different transformations each time. In
particular, the first transformation was randomly chosen among the following

options:

1. Rotation (45°)
2. Gaussian noise (scale = 0.1 * 255)
3. Crop 5 pixel from each side of the image

4. Translation across x and y axis, ranging from —10% to +10% of the image

size
and the second transformation was randomly chosen among the following options:

1. Rotation (—45°)
2. Gaussian noise (scale = 0.2 * 255)
3. Crop 7 pixel from each side of the image

4. Translation across x and y axis, ranging from —10% to +10% of the image

size

After data augmentation, every image in the dataset has been replaced by three
other images: the initial image, the one transformed using the first transformation
and the one transformed using the second transformation. An example of data
augmentation is shown in Figure 6.6, where we apply one of the first and one of

the second transformations for each one of the four initial images.

m In Step 3, we should decide if we will apply or not data augmentation.
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Figure 6.6. An example of data augmentation.

Step 4. (NORMALIZATION)

Normalize images, such that every pixel has value between (0, 1).

Step 5. (SPLIT)

Split image in p? parts, where p = 1,2, 3, 4 and reshape the size of each part
to (50, 50).

Image splitting is implemented by splitting each side of the image in as many
parts, as the value of the variable p. In this way, smaller parts of the initial image
are created. Having p = 2, we split the initial image in p?> = 4 parts, having p = 3
in p? = 9 parts, etc. It should also be noted that for p = 1, we assume that the
image is not splitted at all.

Only for Imagenette, because images are bigger than (50, 50), the size of the
resulting parts after splitting is bigger than (50, 50). Therefore, as opposed to the
other datasets, reshaping resulting parts to (50, 50) is a form of downscaling and
not upscaling. In Figure 6.7, there is an example of image splitting in 9 parts
(p=3).
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Initial image After splitting

10 ¢

Figure 6.7. An example of image splitting in nine parts (p = 3).

m In Step 5, we should decide if the image will be split and if yes, in
how many parts.

Step 6. (ADJUSTMENT)

Adjust the dataset by repeating every image five times.

The goal of Step 6 is to create a temporal dataset, similar to the one described
in Section 6.4.2. For this reason, we should repeat every image five times. In
order to better understand the meaning of temporal dataset, the following figure
is

shown:

Temporal dataset is created in order to model the duration that the retina is
exposed to an image. As shown in Figure 6.8, every image can be found in 5 rows
and it is repeated from 1 to 5 times in each one of the 5 rows. The rest of the
frames are empty (dark) frames, representing darkness projected onto the retina.
The number of image repetitions (5 in this case) represent the duration that the
retina is exposed to the image. In this case, given that each frame counts for
10ms, each image is projected onto the retina for 50ms. It is important to point
out that the number of image repetitions was further investigated in this thesis,

as can be shown in Appendix A experiments.

It should also be noted that, if we do not implement adjustment in Step 6, the
temporal dataset will consist only of one row per image with 10 image repetitions

in each row (number of image repetitions was also chosen based on Appendix A
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Figure 6.8. A clipping of the temporal dataset. Every row in the temporal dataset
represents an input sample to the retinal model and it has as many frames as
the variable temporal_interval (here, temporal_interval=30) . The frame in the
leftmost column represents the image that is projected onto the retina at a specific
moment and the rest of the frames represent the history of the images that the retina
was exposed in previous moments. Empty frames represent darkness projected
onto the retina.

experiments. In the case that adjustment is implemented, there will be 5 rows

per image in the temporal dataset, as previously described.

m In Step 6, we should decide if we will implement adjustment or not.

Step 7. (TEMPORAL DATASET)
Create the temporal dataset.

Temporal dataset is created as described in Step 6.

Step 8. (PREDICT)

Predict firing rates using the retinal model and choose (or do not choose) valid

neuromns.

For each one of the temporal dataset’s rows, the retinal model predicts firing
rates for 60 neurons. In this way, every row of the temporal dataset corresponds

to a vector of 60 values, whose i-th element describes the smoothed firing rate of
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the i-th neuron, where i = 0, 1,2, ...,59. We can then identify the receptive fields
of the model’s neurons using STA Analysis [39]. If STA manages to compute the
center of the receptive field for a neuron, then we consider this neuron as valid.
For the retinal model used, there were only 12 valid neurons, in positions 2, 7, 9,
16, 19, 24, 26, 33, 41, 45, 55 of the firing rate vector, as computed in [76].

m In Step 8, we should decide if we will choose only valid neurons or
not.

Step 9. (COMBINE)

If adjustment was implemented in Step 6, then combine all 5 vectors of firing
rates corresponding to each image in one vector, using min or max transfor-

mation.

If adjustment was implemented in Step 6, this means that every image has 5
vectors with 60 firing rates (or 12 firing rates, in case of choosing only the valid
neurons). These 5 vectors can be combined in one vector of size 60 (or 12), by

applying elementwise min or max transformation.

m In Step 9, we should decide if we will use min or max transformation.

Step 10. (CONCATENATE)

If image splitting was implemented in Step 5, then concatenate in one vector
all predicted firing rates corresponding to all parts of the splitted image. The

resulting vector will be the input to the classifiers.

If image splitting was implemented in Step 5, there is one vector of 60 firing
rates for every part of the splitted image. These vectors are then concatenated
to one big vector of size a * (p?), where a = 60 (or a = 12 if valid neurons were
selected) and p = 2, 3,4. For example, if the image has been splitted in 9 parts
(p = 3), the final vector has size of 60 * 9 = 540, if a = 60 (or 12 *+9 = 108,
if a = 12). The set of final vectors after Step 10 is the training dataset for the
classifiers and thus, the size of final vectors represents the number of features for
the classifiers.

Everything mentioned above is summarized in the Table 6.3.
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Table 6.3. Steps of data preprocessing.

DATA PREPROCESSING

1. (INPUT) Import dataset and, only for CIFAR10 and Imagenette, trans-
form each image from rgb to grayscale.

2. (RESHAPE) Reshape the size of every input image to (50, 50, 1), which
is the only acceptable size to the retinal model. In the case of Ima-
genette, because initial images are bigger than (50, 50), reshaping
takes place after splitting (in Step 5).

3. (DATA AUGMENTATION) Use data augmentation technique by choos-
ing 2 different transformations and applying them to each image.

m Decide if we will apply or not data augmentation.

4. (NORMALIZATION) Normalize images, such that every pixel has value
between (0,1).

5. (SPLIT) Split image in p? parts, where p = 1,2, 3,4 and reshape the
size of each part to (50, 50).

B Decide if the image will be splitted and if yes, in how many
parts.

6. (ADJUSTMENT) Adjust the dataset by repeating every image five
times.

m Decide if we will implement adjustment or not.

7. (TEMPORAL) Create the temporal dataset.

8. (PREDICT) Predict firing rates using the retinal model and choose (or
do not choose) valid neurons.

B Decide if we will choose only valid neurons or not.

9. (COMBINE) If adjustment was implemented in Step 6, then combine
all 5 vectors of firing rates corresponding to each image in one vector,
using min or max transformation.

m Decide if we will use min or max transformation.

10. (CONCATENATE) If image splitting was implemented in Step 5, then
concatenate in one vector all predicted firing rates corresponding to
all parts of the splitted image. The resulting vector will be the input
to the classifiers.
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6.6 Design of Simulations

The structure of simulations was based on the following parameters during
data preprocessing: design decisions that should be made, the datasets used
and the classifiers that were trained. In particular, design decisions were about
data augmentation (Augment), image splitting (Split), combining firing rates for
each image (Combine), adjusting the temporal dataset (Adjust) and choosing
(or not) only the valid neurons (Valid). As for Datasets, we used CIFARIO,
MNIST, Fashion_MNIST and Imagenette. As for the Classifiers, we trained MLP,
Random Forest and SVM. Simulations showed that data augmentation consis-
tently increases the performance of the models and restricts overfitting. Thus,
data augmentation (Augment=yes) is used in all simulations. Everything men-

tioned above is summarized in the table below:

Table 6.4. Range of values for the parameters of simulations. Datasets are de-
scribed in Table 6.1. Other parameters are described in this section.

Augment Split Combine | Adjust | Valid | Dataset | Classifier
Yes None, min Yes Yes CIFARIO MLP
p=1 (5 rows /
image)
4 parts, max No No MNIST Random
p=2 (1 row / Forest
image)
9 parts, Fashion SVM
p=3 MNIST
16 parts, Imagenette
p=4

Based on the table above, we designed five types of simulations (Al, A2, B1,
C1, D1) corresponding to different design decisions during data preprocessing
(Table 6.5). For every type of simulation, we split images in None, 4,9 and 16
parts (p = 1,2,3,4 respectively). 4 different types of classifiers were trained:
MLP_500_100 (size of input layer = 500, size of hidden layer = 100), MLP_n_n/2
(size of input layer = n, size of hidden layer = n/2, where n = number of features),
SVM (kernel=rbf’) and Random Forest (max_features=12). Based on initial ex-

perimentation, we chose these specific classifiers, as they better perform when
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trained with firing rates. Furthermore, 10000 samples from each dataset were
augmented, creating in this way 30000 samples, which were randomly divided
according to 70%/30% train/test split. In total, we executed more than 200 dif-
ferent simulations. For each simulation, we trained each classifier 10 times and

we calculated the mean and standard deviation of accuracy?.

Table 6.5. Five types of simulations for different preprocessing procedures.

Five types of simulations

Al. Augment=yes, Combine=min, Adjust=yes, Valid= no
A2, Augment=yes, Combine=max, Adjust=yes, Valid= no
B1l. Augment=yes, Combine=max, Adjust=no, Valid=yes
C1l. Augment=yes, Combine=max, Adjust=no, Valid= no

D1. Augment=yes, Combine=max, Adjust=yes, Valid=yes

All simulations described above were conducted using RetModell. In particu-
lar, we trained classifiers with CIFAR10 for simulation A2 (Adjust=yes, Valid=no),
B1 (Adjust=no, Valid=yes), C1 (Adjust=no, Valid=no) and D1 (Adjust=yes, Valid=yes).
For CIFARI1O, we used 12,48, 60, 108, 240, 540 and 960 features, each one cor-
responding to a different combination of Valid and p parameters. The same
simulations conducted also for MNIST dataset. Then, we observed that the more
features we use as input to the classifiers, the better they perform. Therefore,
we trained classifiers with Fashion MNIST and Imagenette only for A2 and C1

simulations and we only used 240, 540 and 960 features.

Furthermore, the simulations that produced better results, were conducted
once more using RetModel2®, in order to compare the performances between
different retinal models. More specifically, we trained classifiers with all four
datasets only for A2 and C1 simulation and and we only used 540 and 960 fea-
tures. Results from all simulations are presented in Chapter 4. In Table 6.6, we

summarize all simulations conducted.

2SVM was the only classifier trained only once (instead of ten times), because the SVM algorithm
produces deterministic results.
3RetModell and RetModel2 are presented in Section 6.4.3
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Table 6.6. Summary of all simulations per dataset. Datasets are described in
Table 6.1. All types of simulations are described in Table 6.5.
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Chapter

Results

In this chapter, we present tables with the accuracy of the classifiers, for each
one of the simulations described in Table 6.5 and Table 6.6. There are two
tables per dataset, one for simulations with RetModell and the other for simu-
lations with RetModel2!. We should mention that we present results only with
"Combine” parameter set to “"max”, as it has consistently produced better results
than "Combine=min”. We also note that yellow cells in the Tables below corre-
spond to simulations with "Adjust” parameter set to "yes”, while the light blue cells
correspond to simulations with "Adjust=no”. Finally, in Section 4.5 we present

comparative graphs.

7.1 Classifiers Performance in CIFAR10 Dataset

In this section, we present tables with the accuracy of the classifiers for
the simulations A2, B1l, C1 and D1, as described in Table 6.5. Classifiers
were trained with CIFAR10 dataset (see Table 6.1). Table 7.1 contains simu-
lations using Retmodell, while Table 7.2 contains simulations using Retmodel2.
Simulations with RetModell were conducted using samples with n_features =
12,48, 60, 108, 240, 540, 960, while simulations with RetModel2 were conducted
using samples with n_features = 540, 960.

7.2 Classifiers Performance in MNIST Dataset

In this section, we present tables with the accuracy of the classifiers for
the simulations A2, B1l, Cl1 and D1, as described in Table 6.5. Classifiers
were trained with MNIST dataset (see Table 6.1). Table 7.3 contains simula-
tions using Retmodell, while Table 7.4 contains simulations using Retmodel2.

Simulations with RetModell were conducted using samples with n_features =

IRetModell and RetModel2 are presented in Section 6.4.3
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12,48, 60, 108, 240, 540, while simulations with RetModel2 were conducted us-
ing samples with n_features = 540, 960.

7.3 Classifiers Performance in Fashion MNIST Dataset

In this section, we present tables with the accuracy of the classifiers for the
simulations A2, B1, C1 and D1, as described in Table 6.5. Classifiers were
trained with Fashion_ MNIST dataset (see Table 6.1). Table 7.5 contains simu-
lations using Retmodell, while Table 7.6 contains simulations using Retmodel2.
Simulations with RetModell were conducted using samples with n_features =
240, 540, 960, while simulations with RetModel2 were conducted using samples
with n_features = 540, 960.

7.4 Classifiers Performance in Imagenette Dataset

In this section, we present tables with the accuracy of the classifiers for the
simulations A2, B1, C1 and D1, as described in Table 6.5. Classifiers were trained
with Imagenette dataset (see Table 6.1). Table 7.7 contains simulations using Ret-
modell, while Table 7.8 contains simulations using Retmodel2. simulations with
RetModell were conducted using samples with n_features = 240, 540, 960, while
simulations with RetModel2 were conducted using samples with n_features =
540, 960.
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Table 7.1. Mean and standard deviation of classifiers performance in CIFAR10
dataset (Table 6. 1) using RetModell (Section 6.4.3) for simulations A2, D1, B1, C1
(Tables 6.4, 6.5). Yellow cells in the Table below correspond to simulations with
"Valid” parameter set to "yes”, while the light blue cells correspond to simulations
with "Valid=no".

CIFAR10

Simulations A2 & D1 (Adjust=yes, Combine=max)

n_features (n) Classyfiers
MLP_500_100|MLP_n n/2 SVM Random Forest

12 13.179% 15.687% 19.567% 30.890%
(Valid=yes, p=1)| (+/-4.173) (+/-0.856) | (+/-0.000) (+/-0.241)

48 11.590% 15.378% 26.667% 39.208%

~ | (Valid=yes, p=2)| (+/-3.605) (+/-4.673) | (+/-0.000) (+/-0.300)
° 60 21.912% 20.537% | 24.850% 41.365%
'8 (Valid=no, p=1) (+/-0.365) (+/-0.730) | (+/-0.000) (+/-0.219)
= 108 11.147% 19.046% 31.550% 40.968%
(Valid=yes, p=3)| (+/-2.972) (+/-4.575) | (+/-0.000) (+/-0.460)
240 24.567% 25.283% | 33.333% 40.740%
(Valid=no, p=2) (+/-0.380) (+/-0.872) | (+/-0.000) (+/-0.585)
540 26.288% 27.186% | 41.200% 40.945%
(Valid=no, p=3) | (+/-1.264) (+/-1.108) | (+/-0.000) (+/-0.383)
960 26.895% 27.771% | 47.083% 40.990%
(Valid=no, p=4) | (+/-0.744) (+/-0.896) [(+/-0.000) (+/-0.320)

Simulations B1 & C1 (Adjust=no, Combine=max)
Classifiers
n_features () 5556 T00|MLP nn/2] SVM  |Random Forest

12 18.027% 21.258% 19.150% 28.152%
(Valid=yes, p=1)| (+/-0.422) (+/-0.204) | (+/-0.000) (+/-0.219)
48 28.501% 26.259% | 30.700% 34.548%
(Valid=yes, p=2)| (+/-0.304) (+/-0.318) | (+/-0.000) (+/-0.330)
60 28.138% 25.254% | 32.333% 38.685%
(Valid=no, p=1) (+/-0.547) (+/-0.171) | (+/-0.000) (+/-0.518)
108 31.460% 30.054% | 33.333% 35.667%
(Valid=yes, p=3)| (+/-0.387) | (+/-0.422) | (+/-0.000)| (+/-0.420)
240 32.063% 31.562% | 30.167% 35.225%
(Valid=no, p=2) | (+/-0.526) (+/-0.515) [ (+/-0.000) (+/-0.369)
540 35.121% 35.685% | 19.417% 36.255%
(Valid=no, p=3) | (+/-0.277) (+/-0.517) [ (+/-0.000) (+/-0.458)
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Table 7.2. Mean and standard deviation of classifiers performance in CIFAR10O
dataset (Table 6.1) using RetModel2 (Section 6.4.3) for simulations A2, C1 (Ta-

bles 6.4, 6.5). Light blue cells in the Table below correspond to simulations with
"Valid=no”.

Simulation A2 (Adjust=yes, Combine=max)

n_features (n) Classifiers
N MLP_500 100|MLP_n n/2 SVM Random Forest
3 540 12.321% 10.117% | 31.650% 40.212%
é (Valid=no, p=3)| (+/-3.423) (+/-0.151) [(+/-0.000) | (+/-0.389)
960 11.172% 10.288% | 34.900% 38.220%
(Valid=no, p=4)| (+/-2.628) (+/-0.109) | (+/-0.000) (+/-0.388)
Simulation C1 (Adjust=no, Combine=max)
Classifiers
n_features (5566 100[MLP_n_n/2] SVM |Random Forest
540 31.217% 31.893% | 44.183% 39.302%
(Valid=no, p=3)| (+/-1.081) (+/-0.703) [(+/-0.000)| (+/-0.455)
960 30.903% 31.271% | 36.300% 37.190%
(Valid=no, p=4)| (+/-0.646) (+/-0.685) | (+/-0.000) (+/-0.312)
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Table 7.3. Mean and standard deviation of classifiers performance in MNIST
dataset (Table 6.1) using RetModell (Section 6.4.3) for simulations A2, D1, Bl,
C1 (Tables 6.4, 6.5). Yellow cells in the Table below correspond to simulations with
"Valid” parameter set to "yes”, while the light blue cells correspond to simulations
with "Valid=no".

MNIST

Modell

Simulations A2 & D1 (Adjust=yes, Combine=max)

n_features (n) Classyfiers
MLP_500_100|MLP_n n/2 SVM Random Forest
12 44.269% 27.558% | 47.167% 65.377%
(Valid=yes, p=1)| (+/-0.955) (+/-5.680) [ (+/-0.000) (+/-0.208)
48 56.251% 48.671% | 72.967% 82.377%
(Valid=yes, p=2)| (+/-1.502) (+/-1.433) | (+/-0.000) (+/-0.385)
60 68.492% 58.146% | 72.033% 82.723%
(Valid=no, p=1) | (+/-1.268) (+/-1.185) | (+/-0.000) (+/-0.262)
108 59.221% 59.208% | 83.467% 87.838%
(Valid=yes, p=3)| (+/-2.234) (+/-2.279) | (+/-0.000) (+/-0.160)
240 75.112% 75.376% | 87.717% 87.975%
(Valid=no, p=2) (+/-1.885) (+/-1.019) | (+/-0.000) (+/-0.241)
540 77.737% 79.301% | 91.233% 89.300%
(Valid=no, p=3) | (+/-1.146) (+/-1.964) [(+/-0.000) (+/-0.223)
Simulations B1 & C1 (Adjust=no, Combine=max)
Classifiers
n_features M) 5556 T00|MLP nn/2] SVM  |Random Forest

12 48.507% 34.019% | 44.667% 55.225%
(Valid=yes, p=1)| (+/-0.352) (+/-0.640) | (+/-0.000) (+/-0.285)
48 72.159% 59.804% | 58.950% 74.032%
(Valid=yes, p=2)| (+/-0.412) (+/-0.253) | (+/-0.000) (+/-0.374)
60 75.445% 65.940% | 57.883% 76.327%
(Valid=no, p=1) | (+/-0.402) (+/-0.486) | (+/-0.000) (+/-0.280)
108 78.693% 74.670% | 44.500% 81.632%
(Valid=yes, p=3)| (+/-0.501) (+/-0.403) | (+/-0.000) (+/-0.200)
240 84.258% 83.844% | 27.500% 82.165%
(Valid=no, p=2) | (+/-0.390) (+/-0.495) | (+/-0.000) (+/-0.369)
540 87.844% 88.648% | 16.317% 85.115%
(Valid=no, p=3) | (+/-0.716) | (+/-0.794) | (+/-0.000) (+/-0.221)
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Table 7.4. Mean and standard deviation of classifiers performance in MNIST
dataset (Table 6.1) using RetModel2 (Section 6.4.3) for simulations A2, C1 (Ta-

bles 6.4, 6.5). Light blue cells in the Table below correspond to simulations with
"Valid=no”.

Simulation A2 (Adjust=yes, Combine=max)
Classifiers
o | eres IV N5 560 100[MLP n_n/2] SVM _[Random Forest
3 540 24.389% 12.740% | 81.700% 88.417%
é (Valid=no, p=3)| (+/-16.507) | (+/-4.736) |(+/-0.000)| (+/-0.292)
960 29.564% 11.384% | 87.617% 89.442%
(Valid=no, p=4)| (+/-16.920) | (+/-0.000) [(+/-0.000)| (+/-0.111)
Simulation C1 (Adjust=no, Combine=max)
Classifiers
n_features (V5556 100 [MLP_in/2| SVM |Random Forest
540 79.795% 81.186% | 74.467% 83.668%
(Valid=no, p=3)| (+/-1.116) | (+/-1.013) [(+/-0.000)| (+/-0.302)
960 80.874% 84.104% | 64.117% 85.195%
(Valid=no, p=4)| (+/-2.188) | (+/-1.648) [(+/-0.000)| (+/-0.214)
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Table 7.5. Mean and standard deviation of classifiers performance in Fashion
MNIST dataset (Table 6. 1) using RetModell (Section 6.4.3) for simulations A2, C1
(Tables 6.4, 6.5). Light blue cells in the Table below correspond to simulations with
"Valid=no".

Simulation A2 (Adjust=yes, Combine=max)

n_features (n) Classifiers
MLP_500 100|MLP n n/2 SVM Random Forest

[ 240 66.742% 67.505% | 76.687% 78.255%
3 |(Valid=no, p=2)| (+/-1.356) (+/-1.392) | (+/-0.000) (+/-0.238)
é 540 70.440% 70.948% | 80.657% 79.226%
(Valid=no, p=3)| (+/-0.941) (+/-1.841) [(+/-0.000) (+/-0.100)
960 69.933% 71.167% | 79.616% 79.359%
(Valid=no, p=4)| (+/-1.406) (+/-1.271) [ (+/-0.000) (+/-0.126)

Simulation C1 (Adjust=no, Combine=max)
Classifiers

n_features (15560 100[MLP_n_n/2] SVM |Random Forest

240 76.695% 75.911% | 44.606% 75.684%
(Valid=no, p=2)| (+/-1.006) (+/-0.586) | (+/-0.000) (+/-0.314)

540 78.853% 79.254% | 19.323% 77.525%
(Valid=no, p=3)| (+/-0.781) (+/-0.704) | (+/-0.000) (+/-0.197)

960 79.544% 79.591% | 13.586% 77.718%
(Valid=no, p=4)| (+/-0.609) | (+/-0.694) | (+/-0.000) (+/-0.180)

Table 7.6. Mean and standard deviation of classifiers performance in Fashion
MNIST dataset (Table 6.1) using RetModel2 (Section 6.4.3) for simulations A2, C1
(Tables 6.4, 6.5). Light blue cells in the Table below correspond to simulations with
"Valid=no".

Simulation A2 (Adjust=yes, Combine=max)
Classifiers
o | eares V560 T00[MLP nn/2] SVM |Random Forest
3 540 57.700% 59.808% | 75.444% 79.125%
‘E’ (Valid=no, p=3)| (+/-2.267) | (+/-1.096) |(+/-0.000)| (+/-0.185)
960 56.576% 56.978% | 77.707% 79.544%
(Valid=no, p=4)| (+/-3.655) | (+/-2.118) |(+/-0.000)| (+/-0.190)
Simulation C1 (Adjust=no, Combine=max)
Classifiers
njeatures (") g5 556 100|MLP nn/2] _SVM _ |Random Forest
540 72.422% 74.012% | 77.545% 76.776%
(Valid=no, p=3)| (+/-1.582) | (+/-0.962) |(+/-0.000)| (+/-0.136)
960 73.192% 74.542% | 64.434% 77.268%
(Valid=no, p=4)| (+/-0.605) (+/-0.771) | (+/-0.000) (+/-0.159)
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Table 7.7. Mean and standard deviation of classifiers performance in Imagenette
dataset (Table 6.1) using RetModell (Section 6.4.3) for simulations A2, C1 (Ta-

bles 6.4, 6.5). Light blue cells in the Table below correspond to simulations with
"Valid=no".

Simulation A2 (Adjust=yes, Combine=max)

n_features (n) Classifiers
MLP_500 100 |MLP n n/2 SVM Random Forest

) 240 25.160% 25.648% | 34.576% 44.905%
< |(Valid=no, p=2)| (+/-0.629) (+/-1.375) [(+/-0.000) (+/-0.200)
é 540 26.944% 27.403% | 43.384% 45.964%
(Valid=no, p=3)| (+/-0.673) (+/-0.722) |(+/-0.000) (+/-0.238)
960 28.900% 28.589% | 44.414% 46.364%
(Valid=no, p=4)| (+/-0.592) (+/-1.479) |(+/-0.000) (+/-0.195)

Simulation C1 (Adjust=no, Combine=max)

n_features (n) Classifiers
MLP_500_100|MLP_n_n/2 SVM Random Forest
240 36.070% 34.220% | 32.687% 43.665%
(Valid=no, p=2)| (+/-0.423) (+/-0.491) |(+/-0.000) (+/-0.188)
540 39.416% 40.588% | 29.030% 45.108%
(Valid=no, p=3)| (+/-0.616) (+/-0.765) |(+/-0.000) (+/-0.329)
960 40.488% 41.401% | 21.929% 45.087%
(Valid=no, p=4)| (+/-0.464) (+/-0.650) [(+/-0.000) (+/-0.444)

Table 7.8. Mean and standard deviation of classifiers performance in Imagenette
dataset (Table 6.1) using RetModel2 (Section 6.4.3) for simulations A2, C1 (Ta-

bles 6.4, 6.5). Light blue cells in the Table below correspond to simulations with
"Valid=no".

Simulation A2 (Adjust=yes, Combine=max)

n_features (n) Classifiers
N MLP_500 100|MLP_n n/2 SVM Random Forest
3 540 10.917% 10.036% | 32.667% 45.933%
é (Valid=no, p=3)| (+/-2.451) (+/-0.119) [(+/-0.000)| (+/-0.160)
960 10.158% 10.109% | 37.444% 46.239%
(Valid=no, p=4)| (+/-0.073) (+/-0.111) [(+/-0.000)| (+/-0.311)
Simulation C1 (Adjust=no, Combine=max)
Classifiers
n_features () ¥ 5 566 T00|MLP_n_n/2| SVM |Random Forest
540 30.923% 31.276% | 42.121% 45.598%
(Valid=no, p=3)| (+/-0.840) (+/-0.693) [(+/-0.000)| (+/-0.174)
960 32.227% 32.447% | 45.213% 35.152%
(Valid=no, p=4)| (+/-0.569) (+/-0.906) ((+/-0.316)| (+/-0.000)
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7.5 Comparative Assessment of Results

In this section, we present and discuss several comparative diagrams regard-
ing different retinal models, datasets and classifiers used in simulations. At first,
we present sensitivity plots, which correlate the percentage of each classifier’s ac-
curacy with the number of neurons (n_features). Secondly, we present bar graphs
comparing the performance of classifiers among all four datasets (CIFAR10, Im-
agenette, MNIST, Fashion MNIST). Then, we present bar graphs comparing the
performance of classifiers between the simulations with "Adjust=yes” and those
with "Adjust=no”. Finally, we present bar graphs comparing the performance of
classifiers between RetModell and RetModel2 for all datasets.

7.5.1 Assessment of classifiers performance in terms of the

number of neurons

Based on Figure 7.1 and Figure 7.2, we can make some useful observations.
First and foremost, we note that the more neurons (or n_features) we use, the
better performance we get. In most of the cases, we attain the highest performance
for 540 neurons, while no further improvement is observed for more than 240
neurons and especially for more than 540 neurons, as 7.1c,d and Figure 7.2c,d
show. Secondly, Random Forest performs consistently better than the rest of
the classifiers, followed by SVM and in the end, there is MLP classifiers with the
lowest accuracy across all simulations. However, in simulations B1 and C1 (where
"Adjust=no"), SVM’s performance seems to collapse after 240 neurons. Thirdly, we
observe that classifiers perform significantly better in MNIST and Fashion MNIST
datasets, attaining around 80% accuracy or more. On the other hand, classifiers
attain half of the previous accuracy (around 40%) in CIFAR10 and Imagenette.
These points and some more are going to be further discussed based on the figures

presented below.

7.5.2 Comparing the performance of classifiers between datasets

In Figure 7.3, we plot bar graphs in order to compare the maximum accuracy
of different classifiers between CIFAR10 and Imagenette and between MNIST and
Fashion MNIST. As said in Section 6.3, we chose Imagenette as an improved
(images with higher resolution) dataset than CIFAR10, and Fashion MNIST as
a more difficult and complex dataset than MNIST, and that’s why we compare
them in pairs. MNIST performs around 10% better than Fashion MNIST in all
simulations, a difference which is consistent with the results of the literature [28].

Regarding the comparison between CIFAR10 and Imagenette, we observe different
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outcomes according to the classifier used and the retinal model. In particular,
both MLPs and Random Forest perform better with Imagenette. SVM performs
better with CIFAR10 using RetModell, while it performs better with Imagenette
using RetModel2.

7.5.3 Comparing the performance of classifiers between simu-
lations with "Adjust=yes'" and "Adjust=no"

In Figure 7.4, we compare the maximum accuracy of different classifiers be-
tween simulations conducted with "Adjust=yes” and those conducted with "Ad-
Jjust=no", for CIFAR10 and Imagenette. Both simulations have very similar per-
formance. Random Forest performs almost the same for both "Adjust=yes” and
"Adjust=no”. SVM with "Adjust=yes” performs better for RetModell, while SVM
with "Adjust=no” gives better results for RetModel2. Regarding MLPs, they consis-
tently give better results with "Adjust=no” for both retinal models and they totally
fail with "Adjust=yes” and RetModel2.

In Figure 7.5, we compare the maximum accuracy of different classifiers be-
tween simulations conducted with "Adjust=yes” and those conducted with "Ad-
Jjust=no", for MNIST and Fashion MNIST. For both datasets, SVM and Random
Forest performs better with "Adjust=yes”. MLPs give better results with "Ad-
Jjust=no” for both retinal models and in the case of MNIST, they totally fail with
"Adjust=yes” and RetModel2.

7.5.4 Comparing the performance of classifiers between reti-

nal models

Finally, we compare, for all datasets, the performance of different classifiers
between RetModell and RetModel2 as shown in Figure 7.6. The main and direct
observation is that RetModell is superior (although slightly in some cases) to
RetModel2.
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Figure 7.1. Sensitivity plots using RetModell (Section 6.4.3) for different datasets
(Table 6.1), different simulations (Table 6.5) and different combinations of param-

eters (Table 6.4).

(a) CIFARI10 dataset, simulations A2 & D1 ("Adjust=yes”). (b)

CIFARI10 dataset, simulations Bl & C1 ("Adjust=no”"). (c) Imagenette dataset, sim-

ulations A2 & D1 ("Adjust=yes”).
("Adjust=no”).

(d) Imagenette dataset, simulations Bl & Cl1
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Figure 7.2. Sensitivity plots using RetModell (Section 6.4.3) for different datasets
(Table 6.1), different simulations (Table 6.5) and different combinations of parame-
ters (Table 6.4). (a) MNIST dataset, simulations A2 & D1 ("Adjust=yes”). (b) MNIST
dataset, simulations B1 & C1 ("Adjust=no"). (c) Fashion MNIST dataset, simula-
tions A2 & D1 ("Adjust=yes”). (d) Fashion MNIST dataset, simulations Bl & C1
("Adjust=no”).



7.5 Comparative Assessment of Results

CIFARL0 vs_IMAGENETTE with RetModell
Max accuracy by classifiers

CIFARL0_vs_IMAGENETTE with RetModel2
Max accuracy by classifiers

100 100

I JFARIO B CJFARI0
- IMAGENETTE - MAGENETTE

_ 0 _ B0y

G £

-3 =3

[¥] [¥]

? g s

: : 521 %24

'] 7] . .

g : “I8 .

£ £ 3189 245

w n

[ [}

) L)

] ]

MLP_500 100 MLP n n/2 M Random Forest

(a)

MNIST vs FASHION MNIST with RetModell
Max accuracy by classifiers

MLP 500 100 MLP n nf2 Sm Random Forest

(b)

MNIST vs FASHION_MNIST with RetModel2
Max accuracy by classifiers

120 120
. MNIST . MNIST
BN FASHION MNIST I FASHION MNIST
100 1 0n - 100 4 -
87.84 88.65 : 83 862 047

Classifier's accuracy (%)
=

401
20 4
0
MLP 500 100 MLP.n.n/2 M Random Forest
(c)

Classifier's accuracy {%)

MLP 500 100 MLP n nf2 Sm Random Forest

(d)

Figure 7.3. Comparison of the maximum performance of classifiers between dif-
ferent datasets (Table 6.1) for both retinal models (Section 6.4.3). (a) Comparison
between CIFAR10 and Imagenette using RetModell. (b) Comparison between CI-
FAR10 and Imagenette using RetModel2. (c) Comparison between MNIST and Fash-
ion MNIST using RetModell. (d) Comparison between MNIST and Fashion MNIST

using RetModel2.
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Figure 7.4. Comparison of the maximum performance of classifiers between sim-
ulations with "Adjust=yes” and those with "Adjust=no” (Table 6.4) for different

datasets (Table 6.1) for both retinal models (Section 6.4.3).

(a) Comparison for

CIFAR10 using RetModell. (b) Comparison for CIFAR10 using RetModel2. (c) Com-
parison for Imagenette using RetModell. (d) Comparison for Imagenette using Ret-

Model2.
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Figure 7.5. Comparison of the maximum performance of classifiers between sim-
ulations with "Adjust=yes” and those with "Adjust=no” (Table 6.4) for different

datasets (Table 6.1) for both retinal models (Section 6.4.3).

(a) Comparison for

MNIST using RetModell. (b) Comparison for MNIST using RetModel2. (c) Compari-
son for Fashion MNIST using RetModell. (d) Comparison for Fashion MNIST using
RetModel2.
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Discussion

T—:e goal of this thesis was the design of a functional assessment pipeline in
order to compare the performance of different retinal models in image recog-
nition tasks and especially, we focused on object and digit recognition tasks. First
simulations showed that the more neurons used as features for the classifiers,
the better was the performance of the model. On this basis, we tried to artificially
increase the restricted number of available neurons (60 in our case) provided by
retinal models, so as to increase the performance of several classifiers. To do
so, we implemented the idea of splitting images in parts and then feeding each
part separately to the retinal model. During experimentation, we investigated a
series of questions regarding preprocessing steps, the use of different datasets
and classifiers and the performance of retinal models. In this chapter, we discuss
results, as presented in Chapter 7 and we describe several limitations that we

encountered during this thesis.

8.1 Comparative Assessment of Results

In this section, we present results regarding preprocessing steps, datasets, clas-

sifiers and retinal models, as presented in Chapter 7.

8.1.1 Data Preprocessing Steps

As shown in Table 6.3, several parametric decisions should be taken during
data preprocessing. More specifically, it should be decided (a) whether or not
to apply data augmentation, (b) whether or not to split images and if yes, in how
many parts, (c) whether to implement adjustment before feeding the retinal model,
(d) whether to choose only valid neurons or not and finally, (e) whether a min or
max transformation should be used in order to combine firing rates of the split
parts of an image. We fine-tuned these decisions, so as to optimize the model’s

performance. In particular, simulations highlighted the importance of data aug-
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mentation in the performance of the classifiers, a result that is in agreement with
best practices of Machine Learning [77]. They also showed that the more neurons
used as features to the classifiers, the better they perform. However, using more
than 540 (9 * 60) neurons does not further increase the accuracy of the classi-
fiers. We also assumed that, by overly splitting an image in parts, the objects in
the image are no longer perceptible and thus, the problem of object recognition
is degenerated. This means that subimages will be so small, that they will not
contain information for the object depicted in the image. Therefore, we concluded
that splitting the images in 4 or 9 parts is sufficient for optimal performance. In
addition, combining firing rates of split parts of an image with max transformation
consistently performed better than using min transformation. This means that we
only keep the neurons that responded better in visual stimuli, which is in accor-
dance with the functionality of biological neurons. Finally, results indicated that
image adjustment can be avoided, given that the retinal model performs equally
well without it and given that the training of the model is less demanding in re-
sources and time. This is opposed to the way that biological retinal ganglion cells
were recorded in [18] and [19]. However, we could claim, based on experiments
in Appendix A, that feeding a retinal model with around 10 consecutive frames of

an image is enough for most of retinal ganglion cells to respond.

8.1.2 Datasets

We also investigated how the performance of a model differs depending on
the task, thus depending on the dataset used. Initially, we used CIFAR10 and
MNIST as baseline datasets. Further experimentation took place with more ad-
vanced datasets, such as Imagenette and Fashion MNIST. We chose Imagenette
as a dataset containing images of higher resolution than CIFARI1O0, aiming in
this way to have higher resolution images, even if we split them. We also chose
Fashion MNIST as a more difficult and complex dataset than MNIST. According
to results, we assume that image resolution is not a crucial factor in the model’s
performance. CIFARI1O consists of images of size (32,32) and given that every
image was split from 4 up to 16 parts and then each part reshaped to (50, 50), we
see that CIFARI10 provides image data of very low resolution. On the other side,
Imagenette was intentionally used after CIFAR10 to increase image resolution.
Every image in Imagenette is much bigger than (50, 50), which results in split
image parts of much higher resolution. However, in spite of significantly higher
quality, Imagenette did not perform significantly better than CIFAR10 and there
were even simulations that performed worse. If we also compare the accuracy
of CIFAR10 and Imagenette with the accuracy of MNIST and Fashion MNIST, we

observe that the latter is twice as high as the former (more than 80%), even if
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both MNIST and Fashion MNIST consist of images of size (28,28). Based on the
significant difference in performance between CIFAR10/Imagenette and MNIST /
Fashion MNIST, we assume that the structural differences between them could
be a differentiating factor. Images in both MNIST and Fashion MNIST have the
object for classification situated in the middle and the rest of the image consists
of dark pixels. CIFAR10 and Imagenette on the other hand, consist of actual
images, which are composed of various colors and shapes and they are situated
across the whole image. This could play a key role, if we additionally consider
the eye’s property to react only in spatiotemporal changes among different image
frames. This property favors both MNIST and Fashion MNIST, whose only part

that changes is the object that we are interested to classify.

8.1.3 Classifiers

Furthermore, we examined which classifiers perform better in such type of
tasks. Initial experimentation with different types of classifiers, led us to choose
MLP_500_100 (size of input layer = 500, size of hidden layer = 100), MLP_n_n/2
(size of input layer = n, size of hidden layer = n/2, where n = number of features),
SVM (kernel=bf’) and Random Forest (max_features=12). Among them, Random
Forest was proved to be the best performing and the most consistent classifier.
Even if SVM sometimes approached or even exceeded Random Forest’s accuracy,

it did not perform that well across the whole range of simulations.

8.1.4 Retinal Models

In the very end of this work, we applied functional assessment in order to
compare the performance of two different retinal models. Results showed that the
retinal model with the lowest mean squared error (MSE) performed better across
the whole range of functional simulations. Therefore, it seems that functional
assessment is in accordance with standard assessment technique. Still, by func-
tionally evaluating a model we get a direct estimate of how well an implantee may

perform in a task of interest.

8.2 Limitations of Functional Assessment

During the development of this work, several limitations were encountered.
The first limitation has to do with the application of retinal prostheses in rela-
tionship with functional tasks. Arrays of electrodes in implants provide a limited
number of available neurons and and thus, retinal models are trained to predict
responses for only a few neurons. However, both functional tasks in real life usu-

ally require colored images of high resolution and also machine learning models
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require data with sufficient number of features in order to perform well in func-
tional tasks. This poses a problem not only when trying to use retinal model to
solve object recognition tasks, but also when developing retinal prostheses that
could ideally meet the functional needs of real life. Another limitation has to
do with the selected modelling approach of the visual system. From a biological
perspective, the visual path does not include only retinal processing, but mainly
it includes neural processing in the brain’s visual centers, which are responsible
for higher order functionalities, like object recognition. In this work, we choose
to process retinal firing rates with traditional machine learning classifiers. An
alternative could be the use of deep learning architectures in order to model brain
centers like the Ventral Visual System (VVS), which is the system associated with
object recognition in the brain. This approach has been used in high-impact
research on biological vision, though with a different rationale: as a means to
model higher (cortical) visual functions to elucidate the mechanisms involved in
the retina [78]).
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Conclusions

9.1 Summary

In this Diploma Thesis, we investigated the problem of functional assessment
of retinal models with the use of machine learning techniques. We showed how to
functionally compare the performance of different retinal models in image recog-
nition tasks and we built a pipeline for this purpose. In particular, we used
CIFAR10, MNIST, Fashion MNIST and Imagenette as datasets and we trained
common classifiers, such as MLP, SVM and Random Forest. Considering the lim-
ited number of available neurons provided by the retinal model, we used the idea
of splitting images in parts and then feeding each part separately to the retinal
model, so as to artificially increase the number of neural responses. Based on
this concept, we built and optimized an image preprocessing pipeline. We found
that Random Forest classifier achieves the highest performance and that mod-
els perform better with datasets such as MNIST and Fashion MNIST, where we
achieved up to 90% accuracy. In addition, we found that using more neurons im-
proves the overall performance of the model, thus highlighting the need to design
retinal prostheses with a larger number of available electrodes. Finally, we ap-
plied functional assessment in order to compare the performance of two different
retinal models. The results showed that there is an agreement between standard
and functional assessment, as the two models had similar performance in both

techniques.

9.2 Future Work

On the way to develop a functional assessment framework for retinal mod-
els, we came across interesting future directions, that could increase functional

assessment reliability. These are briefly described below:

e Apply functional assessment to more retinal models with different architectures.
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e Develop functional assessment pipelines for more functional tasks, such as

face recognition or motion detection.

e Use deep learning models mimicking brain’s visual centers, instead of tra-
ditional classifiers. In this way, object detection and other higher function-

alities may perform better.

e Use semantic image segmentation in order to increase the performance of
retinal models in object recognition tasks. In this way, it would be possible
to separate regions of interest in an image and fill the rest of it with dark

pixels. Therefore, retinal models could more efficiently recognize objects.

e Explore if there is convergence (or divergence) in functionally evaluating a
retinal model and using perceptual images. Perceptual images represent a
method for visualizing a model’s performance by decoding the neural activity

(of retina or V1) to a perceived ("mental") image [79].
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Appendix

Image repetitions in temporal dataset

During data preprocessing, we need to decide the number of image repeti-
tions in temporal dataset. Given that each row of the temporal dataset has
"temporal_interval” frames, we need to decide how many of them would be ac-

tual images and how many would be dark frames (Figure A.1).

e eedagetsged 84 ) 4 14 | ] 1 ] ]

Figure A.1. An example of a row in temporal dataset.

To do so, we conducted an experiment in order to compare the firing rates of
each neuron as a function of the number of actual images used in the temporal
dataset. We plotted firing rates using 1, 5 and 500 different rows of temporal
data. In the case of 500 rows, we plotted errorbars with the mean firing rate and
the standard deviation for every different number of images used. In our case,
the maximum length of each row (i.e. "temporal_interval”) equals to 30. In Figure
A.2, an example with all three types of plots is shown, while in Table A.1 we show

errorbars from 8 different neurons.

In order to detect spikes, we can check either in the beginning of the plots
(first 1 — 5 frames), where retina first sees the image, or in the very last frames
(last 20 — 30 frames), where the retina stops to see the image. This is based
on retina’s property to react only in spatiotemporal changes between consecutive
frames. As we see in Table A.1, in these regions of the plot (in the very beginning
or in the very end) errorbars are very small, indicating that neurons have a similar
behavior independently of the input image. However, if we want to better classify
objects, we care about the regions of the plot with the highest deviation. This is
because we expect that neurons would have different behaviors for different image

inputs and we will be able to classify them according to neuron’s reaction to them.
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Based on the figures below, we observe that the regions with the highest de-

viation range from 10 to 15 images.

Therefore, we conclude that if we want

the retinal model to better perform in image recognition tasks, rows in temporal

datasets should consist of a number between 10 and 15 images.
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Figure A.2. Graphs representing the firing rates of neuron_5 as a function of
different numbers of images in each temporal row. For each diagram, we give
different number of images as input to the model and we receive different number of
outputs (i.e. firing rates). In Figure A2c, we plot the errorbar, as we have an input
of five hundred images.



Table A.1. Errorbars for eight different neurons.
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Arnayopeuvetal i aviypadr), arobrkeuon Kat diavopr tng napovoag epyaociag, €5
OAOKAT|POU 1] THNHATOG AUTAG, Yld €UIOPIKO okoro. Emrpénmerat n avatunoon,
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IIepiAnywn

H napovoca dudeopatikn epyaocia mpoteivetl ) Asttoupyikr adlodoynorn (func-
tional assessment) poviéAov ap@iBAnotposiboug (retinal models), ©G evaAAAKTIKY)
otV Kabiepwpévn a§lodoynon v poviedev, mou Paciletal otnv moty avanapa-
YOV NG VEUPIKNG anokpiong. H Aettoupyikr) adloddynon reptypadet v 16€a g
a§lodoynong g arnodoong evog poviédou péoa and doxkipaocieg katavonong g o-
MUKNG MAnpogopiag. v gpyacia autr), avarrtuape éva ouotnpa AEITOUPYIKAG
a§l0A0ynong PoviEAwv apdBAnotpoeldoug Pe XPron TEXVIKOV UNXAVIKNG pdabnong,
OITOU £10AYOULE E1KOVEG O £€va POVIEAO apdiBAnotpoeldoug, AapBavoupe T1G VEUPIKEG
AITOKPI0E1G TOU POVIEAOU, HIE TIG OTTOiEG META eKTAISEUOUIE TASIVOUNTEG TTAV® OF TIEL-
pPAPATA AVAYVOPLONG AVIIKEIPNEVOU KAl Avayveplonsg Yneiov. ZUyKeKpEva, Xpnot-
POITO)0ape yla avayvoplon avilkelpévav ta ouvoda dedopévev CIFAR10, Fashion
MNIST xat Imagenette kat ylia avayveopion yneiov to MNIST, eve eknaidevoa-
pe 61apopoug tadivountég pnxavikng pabnong, onwg Multilayer Perceptron (MLP),
Support Vector Machine (SVM) kat Random Forest. E€etdoape pia oeipd oxetkov
EPATNUATOV: TTo101 Ta§ivountég arodidouv kKadutepa oe T€T010U £idoug melpapara,
nog Sagépel n emidoorn evog poviedou avdaloya pe v doxipaoia (dataset) xkat
KOG ennpeddel o aplOpog TV MAPAYOPEVOV VEUPIK®OV ATIOKPIOE®V TV eridoon tov
povtédwv. Asdopévou emiong ot to Convolutional Neural Network (CNN) poviédo
Aape1BANOTPOoE1dOUG TIOU XPICIHOTIOINOAE TIAPEXEL EVAV TIEPIOPIOHEVO aplBPo veupl-
KOV ATOKPIOE®V, PEAETNOANE TPOTIOUS VA AUEOOUE TEXVNTA auTtov tov apibuo. Ta
TOV OKOIT0 auto, Siayxwpioape TG 1KOVEG o€ diradopa tpnpata/pepn, tpopodotrioape
10 PoVtéAo apPBAnotpoeldoug pe KABe Tunpa SeX®Plotd Katl S1epeuvhoapie 10 MG
HIopouv va ouviuaotouv BEATIOTA 01 VEUPIKEG ATIOKPIoELS TTOU 6ivel TO POVIEAO yla
KAOe koppdr, £tol oote va Pedtidooupe v erniboon ota mepdpata avayvepiong
ewkovag. Bpnkape 6t o tadivopntrg Random Forest ermtuyyavet v kaAutepn e-
niiboon kat ot ta poviéda anodibouv kaAutepa oe dokipaocieg pe ouvoda dedopévav
onwg 1o MNIST kat to Fashion MNIST, orou netuxape akpiBeia pexpt kat 90%.
ErurmAéov, ta nielpapata £€6eav ot n Xprjon MmePLooOTEP®V VEUPOVAV BEATIOVEL 1)
OUVOAIKI] arodoorn v PoviEA®V, avadeikvuoviag €10l TV AvAYKI Yld KATAOKEUT)
epPUTEVPATEOV apdiBAnotpoeldoug mou va dtabétouv peyaAdutepo aplOpd nAektpo-
blov. Tédog, epappooape v TEXVIKY NG Ae1toupylkng agloddynong os duo drado-
petikA poviéda apdiBAnotpoetdoug. Ta amotedéopata £6e1av 0t UTapxel cupdevia
PeTadu ng kabiepepévng Kat g Aettoupyiknig aglodoynong, kabwg ta 6Uo povieda

eixav napopoteg erudooelg otg duo texvikég. KataAnyoupe emopévag Ot 1 Asttoup-



[epiAnyn

VK1) a§loAoynon propet va 6ooet a§lorota anoteAéopata Kat va Xpnotpornotn et

®G EVAAAAKTIKY) OtV KAO1EPOUEVT) TEXVIKT] A§l0AOYN01G.

A&terg KAe1a
Poviéda app1BAnotpoeldoug, Ae1ToUPY1KL) a§loA0YNOoT), IPOCOETIKY apP1BANoTpoEt-
doug, pnxavikr) pabnorn, veupwvika diktua, talvopnon, avayveplon yneiov, ava-

YV®P10T] AVUKEIPEVOV



Abstract

This diploma thesis proposes the functional assessment of retinal models,
as an alternative to the currently common practice of comparing the similarity
of model-generated and ground truth neural responses, as recorded by retinal
implants. Functional assessment describes the concept of evaluating the perfor-
mance of retinal models on image understanding tasks. In this work, we developed
a pipeline for functional assessment using machine learning techniques, where
we feed retinal models with images and we receive the neural responses of the
model, with which we train classifiers on object and digit recognition tasks. In
particular, we used CIFAR10, Fashion MNIST and Imagenette datasets for object
recognition tasks and MNIST dataset for digit recognition tasks. We also trained
common classifiers, such as Multilayer Perceptron (MLP), Support Vector Machine
(SVM) and Random Forest. We examined a number of relevant questions: which
classifiers perform better in such type of tasks, how the performance of a model
differs depending on the task and how the number of available neurons affects
the performance of the model. Given also that the Convolutional Neural Network
(CNN) retinal model provides a limited number of available neurons (60 in our
case), we investigated ways to artificially increase this number. For that, we split
the images into different parts, we fed separately each part to the retinal model
and we investigated how we can optimally combine the neural responses produ-
ced by the model for each part, in order to achieve high performance in image
recognition tasks. We found that Random Forest classifier achieves the highest
performance and that models perform better with datasets such as MNIST and
Fashion MNIST, where we achieved up to 90% accuracy. In addition, experiments
indicated that using more neurons improves the overall performance of the model,
thus highlighting the need to design retinal prostheses with a larger number of
available neurons. Finally, we applied functional assessment in order to compare
the performance of two different retinal models. The results showed that there is
an agreement between standard and functional assessment, as the two models
had similar performance in both techniques. Thus, we conclude that functional
assessment produces reliable results and it can be used as an alternative to the

standard evaluation technique.



Abstract

Keywords
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Ke¢paldairo E

Ewcayoyn

1.1 Kivntpo

L) rapouoa SUMA@PATIKI €pyacia PeAetjoape ) AE1TOUPYKY agloAdynon po-
VIEAQV app1BAnotpoeldoug pe ) XPHorn IEXVIK®OV PNXavikng pdadnong. X1oXog pag
eivat va mpoteivoupe pia eVaAAaKTKY otV KaBieppévn mpaktikn afloAdoynong po-
ViAoV apgpiBAnotpoetdoug, mou Paociletatl otnv Imoty) avanapayoyn g VEUPIKNG

aroxp1ong.

H tupAwon kat yevikotepa ta rmpoBAnpata 6paong, £ivat petail aut®v tov mpo-
BAnpdatwv nou ennpedlouv peyddo apOpo avbpwrnev naykooping (rmave aro 40
exkatoppupia [13]) kat mapdAAnda, ennpealouv alcdntd v Kabnuepvotnta 10U a-
oBevoug. Ta spgutevpata apdiBAnotpoetdous (1) mpoodetikn apdiBAnotpoeldoug)
OTOXEUOUV 0TIV AVIIPEIRINON OPIOPEVOV ATIO TIS TTI0 HUOKOAEG aoBEveleg TOU OITTL-
KOU OUCTIATOG KAl yld va To KatapEpouv Baoidovial o mponypeva povieda apdi-
BAnotpoeiboug, ta oroia IPOCOPOIWVOUV 1] AE1ITOUPYiA T®V VEUPIK®OV KUTIAP®V TOU
apgBAnotpoetdoug [14]. H avdartudn poviédov apgiBAnotposidoug eivat eriong éva
eCAPETIKO £pYAAEio yia TV PEALT TRV PNXAVIOR®OV THS 0paong oto avlpoIivo pdtt
[15]. Kat otig 6U0 meptrttaoetg, eival EMIAKTKY avaykn va avarttuxbouv adiormoteg
péBodot yia v aflodoynon g anodoong d1adpopetikev POVIEA®V appiBAnotpost-
doug.

e autfjv mv epyaoia, mpoteivoupe pia pébodo yia ) Aettoupyikr) a§lodoynon
poviédav apdiBAnotpoeidoug. H Asttoupyikn aglodoynon povieAav apdiBAnotpoet-
doug mepypaget v 16éa tng adloddynong g arodoong evog POVIEAOU péoa arod
npoBAnpata (tasks) avayvopilong ewkovag. H texvikn aut) amoxkAivel and tg ou-
v|0e1g TPAKTIKEG adloAdynong Hoviedwv apgiBAnotposidoug, ot oroieg a§loAoyouv
TO POVIEAO OUYKPIVOVIAG TIS VEUPIKEG ATIOKPIOEIG TIOU AUTO TIAPAYEL PE AUTEG TIOU
napdyouv ta Brodoyikd nepdpata nave oe {®viavoug opyaviopoug (0rwg rmovtikia,

ocadapavdpeg, kAr.). To KivnTpo yia tn AETOUpYKY a§loAoynorn PovieAdev appiBAn-



1. Ewayeyn

otpoetdoug mnyadel anod v naparipnon ot ta eppuisvpata apdiBAnotposidoug
OTOXEUOUV OTNV ATOKATACTAOT] TG IKAVOTTAS TOV ATOH®V VA KATAVOOUV TO OITTIKO
toug riepBadrov. Emopévag, Sa mpénet va a§lodoyrjooupie ta poviéda pag ansubeiag
oe tétola nipoBAnpata. H avaykn yia Aettoupyikr) a§lodoynorn tng npoobetkng opa-
ong (6nAadn g dpaong pe spPputevpata appBAnotposidoug 1/kat adda epgute-
vpata nou dieyeipouv onpueia g onukng 06ov) epgavidetal ot BBAoypadia [16]
KAl ePpApPPOYEG TNG UIAPXOUV TO00 yia v a§loAoynorn g 6pacng oe epdutevpata
[17], 600 kat oe mapepBAcelg eMAUENPEVNG MTPAYHATIKOTNTAS O dtopa pe coBapd
npoBAnpata 6paong [18]. Ot ortuikég Aettoupyieg ou epgavidoviatl g o onpavit-
KEG yla ta datopa pe mpoBAnpata opaong €ivat 1 avayveoplorn Kivnong, 1) avayvepion)

IIPOOWITIOU Kal 1 avayveon [13].

"Evag mpoteivopevog 1porog UAomoinong g Aetoupyikeg adloAoynong eivat va
Tpopodotricoupie TV £§060 TOU POVIEAOU apPPBANOTPOEISOUG Ot £va VEUPOVIKO HIKTUO
HEe oKOIO Vv eriAuor mPoBANPAIe®V KAtavonong e1kovag. Xinv epyaocia autr, pe-
Aetrjoape POBANIATA AVAYVOPLONG AVIIKEIPEVROV KAl AvVAYVRP1ong Pndiov. Zuyke-
Kpiéva, xpnotpororjoape ta ouvoda 6edopévov CIFAR1O0 [19], Fashion MNIST
[20] xat Imagenette [21] yia poBAnpata avayvoplong AviKeEPEVEOV KAl T0 OUVOAO
6edopévav MNIST [22] yia mpoBAnpata avayvoplong yneieov. T'a va yivel auto,
TPOPOBOTHOAIE PE EIKOVEG TO POVIEAO apd1BANoTpoe1doUg KAl Ot CUVEXELD TPOPO-
dotrjoape TG VEUPIKEG ATTOKPIOEIS TOU HOVIEAOU appiBAnotpoeldoug oe tadtvountég
BNXavikng padnong, onwg ot MLP, SVM kat Random Forest. AapBavovtag urioyn
TOV MEPLOPIOEVO aP1B6 §1aB£01umV VEUPOVGOV TTOU TIAPEXOVIAL ATTO TO POVIEAO apl-
@P1BANoTpoe1doug, XOWPIloape TI§ E1KOVEG OF EMPEPOUG THNHATA/PEPT KAl PETA TPO-
@odotrioape kKAOe TpApA eEX®WPOTA OT0 HOVIEAO Tou audiBAnotpoeidoug, wote va
auinBel texvntd o aplBpog TV VEUPIK®V AMMOKPIoE®V. e auth] tn Baor, oxediaocape
Kat BeAtiotonotnoape ) Stadikaocia pe v oroia o1 VEUPIKEG ATOKPIoelg aro Kabe
KOPPATL TG e1kovag ouvbuddoviat. ErurmAéov, a§lodoyrjoapie t Xprion 61apopetik®v
OUVOA®V 6edopévav Katl Ta§vountev oty arnodoot) T0U CUCTHIATOS AETTOUPYIKEG d-
§lodoynong. Zto tédog, ouykpivape SuUo dapopstikd povieda apdiBAnotpoetdoug
Xpnoworoidviag 1 péBodo tng Aettoupyiknig agloAdynong.

1.2 Zuvelwopopa tng Aundepatikngg Epyaciag
[Mapakdte, avapepoupe EypPAPPATIKA T OUVEIOPOPA NG HIMA®PATIKNAG £pyaoiag:

e Txedlaocape éva KA1VOTOPO oUCTNHIA AEITOUPYIKAG ASI0AOYN0NG HOVIEAGV ajl-

@1BAnotposidoug.

e Epappooape Asttoupyikn agloddynon yla va oUyKpivoupe tnv anodoorn pe-



1.3 AwdpBpworn ng Autdepatikng Epyaciag

1adu 6uo SrapopetkOV PoviEdwv appiBAnotposiboug. Me autov tov Tporio,

MAPEXETAL P1d EVAAAAKTIKY] OtV KAO1EPOUEVT) TEXVIKT] A§l0AOYN01G.

e IIpocappooape KatdAAnda Tig apap€rpoug Katd ) StdpKrela g npoemneiep-
yaotiag 6ebopévav, wote va BeAtiotonotrjooupe v anodoor 10U CUCTHHATOS

Ae1toupy1kng asloAdynong.

e Aodoyrioape Vv arodoon tov HoviEA®v apdiBAnotpoeidoug oe rpoBAnpa-
Ta avayvoplong avukepéveov (CIFAR10, Fashion MNIST, Imagenette) kat a-
vayveptlong ynoiov (MNIST), péoe mpooopodosmv pe téooepa Sladopetika
ouvola 6ebopévev. Alartotmoapie 61l Ta povieda anodidbouv kaAutepa oe TIpo-
BAnpata onwg to MNIST kat to Fashion MNIST, 6mou ermituxape akpiBela €mg
kat 90%.

1.3 AuwapOpwon tng Autdopatiryg Epyaociag

Z10 P®OTO PEPOG, TIEPTYPAPOUE TO arapaitno dewpnuko unoBabpo yia va Ka-
TAVONOEl O AvVAYV®OOTNG T dopr Kat T ouvelopopd authg g SUTA@NATIKLG epya-
olag. Zuykerpipéva, oto Kepdlalo 2, mapouoialoupie MANPoPopieg OXETIKA HE 1)
uolodoyia tou avBpermvou patou Kal Kupieg tou apgiBAnotposidoug. Emiong,
TMEPLYPAPOUPE TIG £VVOIEG TV HOVIEADV apd1BAnotpoeldoug Kal TG MPOCOETIKNG
apgBAnotpoeldoug Kal rmapexoupe oxeuka napadeiypata. Lo Kepddao 3, ma-
POUO1AdOUPE Pla EMOKONN 0T g demwpiag tng pnxavikng pabnong, eotiadoviag ota

HOVIEAd TIOU XPNOIOTIOW|0AE O AUTHV TV €pyaocia.

1o 6evtepo PEPOG, TIEPIYPAPOUHE AVAAUTIKA TIG TIpocoo1waoelg (in silico experi-
ments) rou nipaypatortotrjoape. 1o ouykekppéva, oto Kepdlato 4, meptypagpoupie
1 pebododoyia rou Xpnotponor|OnKe Kat T IPOCOPOINOELS TIOU ITPAYHATOIO 0n)-
KAV TMPOKEIPEVOU va avarrtuxbel évag pnxaviopog yla t Aettoupyikr asloAdynon
TV PoviEdev apdiBAnotpoeidoug. Zto Kepddato 5, avaduvuoupe ta arotedéopata
TV TPOCOPOIWOERDV KAl ITAPOUclaloUPe OUYKPITIKOUG TTivakeg yia va avadei§oupe
1 onuaoia v anotedeopdatev. 1o Kepddao 6, oulntape nepattépn ta supnpata

TRV TIPOCOOIDOERDV.

TéAog, oto Kepadato 7, mapouoiadoupe pia niepiAnyn g epyaoiag, kabmg rat
peddovukég kateubuvoelg yia ) Pedtioon g Aettoupykng adloddynong tev po-

VIEA@V apd1BAnotpoetdoug.






Ke¢dpadalo E

$ucrodoyia rat [IpoocBetiry) ApprBAnotpoct-
Soug

2.1 <Puorodoyia tou AvBponivou O¢pOaipouv

Ta Baokd pépn 10U avBp@OITIVOU OITTIKOU OUOoTPAtog eival o appiBAnotpoeldng
Xttwvag (retina), o €€ (mMAeupikdg) yovatmdng rupnvag (lateral geniculate nucleus
(LGN)) kat o onttikog @Aoiog (visual cortex). O apdBAnotpoeldng xitovag anoteAet
€va oNPAvilko erinedo g OMUKAG enegepyaciag, Kabmg Petapépetl v mMANPoPo-
pia, n oroia avarnapilotd pia e1Kova ToU eEETEPIKOU MePIBAAAOVTIOG, ota PEPT eKeiva
TOU eyKEPAAOU TTOU eival urevbuva yia v Ok enegepyaocia. Amnod tnv dAAn, o
OITUIKOG (PAO10G €ival 1] MEPLOXI] EKEIVI] TOU €yKEPAAOU OMOU IPAYHATOITOlEITAL TO

HEYAAUTEPO PEPOG TG OITTIKIG EMESEPYATIAG, OTWG I AVAYVMPL0T] AVIIKEIHEV®V.

2.2 <Puociodoyia tou ApgdiBAnotpoeidoug

Zto Zxnpa 2.1, pnopoupe va doupe pia oXNPATIKL avarnapdotaon g ToRng
ToU avBporvou opOaApou. To p€pog otn miow mAsupd Tou opOBaApou eivatl o apdi-
BAnotpoedng xrtwvag. Pwtelveg aktiveg eloepxovial otov opOaApod pE€owm Tou Kepa-
10£160U¢g X1twva (cornea) kat 1ou @akou (lens), ot ortoiot T1§ eo0t1Adouv oe €va onueio
ToU apdiBAnotpoeldoug xutova mou ovopadetatl Bobpio (fovea). To Bobpio Hrabetet
UYPnAotepn avaduon o oXEorn He Tov urnodourto apgiBAnotpoeidn, Kabng undpyet
HeydAn ouyKéEVip®on eeTolniodoxéwv (photoreceptors) ot oUYKEKPIIEVT TIEPIOXT).
H meproxn tou apgBAnotpoeidoug yupw arod to Pobpio ovopdletatr oxpd knAida
(macula). H oxpd knAida kat mo ouykekpipéva to Bobpio eivatl unevbuva yla tmv
EYXPWHII 0paon UWPNArG eukpivelag umo KaAég ouvOrKeg OTIOPOU Kal divouv otoug
avBpwroug 1 duvatomnta va SiaBddouv kat va BAEnouv pe peyadn Aemttopépeta. Ta
uroAora pépn tou apgBAnotpoeidoug Xitova e§aodalidouv v rePIPepEIart) opa-

on.



2. duowoAoyia kat ITpooBetikr) AppiBAnotpos1doug
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Zxnpa 2.1. Kadewn kat optfovtia our 1ov avdpamnivou opdaiuou [1], [2].

O ap@1BAnoTpoeldng X1twvag aroteAeital and ApKeTd erinedad VEUPIKOV KUT-
tapav. Kabe eninedo yapaxkinpidetal ano oUyKeEKPIIEVO @AoPa, Popdr) Katl AelTtoup-
yia. Ta veupikd KUTtapa rmou ouvioTouv 1o TeAeutaio eminedo tou apdiBAnotpoeldo-
Ug ovopadoviatl yayyAlaka kuttapa tou apdiBAnotpoeidoug (Retinal Ganglion Cells
- RGCs) kat ouviotouv emiong 10 omtiko veupo (optic nerve), oto onueio mou ot
VEUPIKEG ATIOAREELG TOUG evovovial oxnpati{oviag ouvayeilg. To onpeio oto ortoio
ouvdéovial o1 veupikéG arnoAndetg dev £xel kKaBOAoU veupikda KUTIAPA ToU ap@iBAn-
otpoeldoug, yr'auto Kat ovopadetal TupAo onpeio (blind spot). Ta yayyAlaka kuttapa
elval autd mou avarrtuocouyv ta anapaitnta duvapikd evepyeiag yla tmyv evepyorto-
inon v veupwvev. e Katdotaorn npepiag, avarntuooouv duvapika evepyeiag oe
éva otolxelndn pubpo, adda otav dieyeipovial, avantuococouv Suvapika evepyeiag oe

UPnAotepn ouxvotnta.

2.3 Ynodektiko IIedio twv F'ayyArarkov Kuttapov

H évvola tou unodektikou nediou (receptive field) Sewpeitar SepeAd®dng yia
VEUPOETIIOT N KAl €ival 1 turtikr péBodog otav pedetape t oxéorn petadu mg a-
MOKP101G £VOG KUTTAPOU KAl TOU £peBioPATOG TTOU TV IIPOKAAEL. £T0 OMTTIKO oUCTNHAa,
TO UTIOOEKTIKO TIEH10 £VOG KUTTIAPOU 0pidet TNV TIEPLOXT) TOU ortikou rediou oto ormoio,
eav aviyveutel éva epébiopa 1 pa ouykekppévr aidayr), to kuttapo Sa dieyepOet.
Zinv nepim®orn tou appB8Anotpoeidoug, 1o oxXnpa Kat 10 pEyebog ToU UModEKTIKOU
niebiou noikidel otig Siadopeg meploxEG tou appBAnorpoeidoug. Or potolnodoxeig
avtidpouv otd PETOVIA TIOU TIEPTOUV areubeiag mAve Toug, omote £X0UV OTeEVA UTIO-
dexktka media. Ta dimoda kuUttapa £xouv éva pecaiou peyeboug unodektikod medio

KaBag ouvdéovial pe Alya Keovia Kat t€Aog, ta opiddviia KUttapa £€X0Uv PeyaAutepo



2.3 Yrnodektuko I1edio tov MayyAakeov Kuttapov

UToSeKTIKO edio KaBwg evepyortolovuviatl aro MmoAAd Kevida.

Receptive Fields

\J

On-center, Off-surround Off-center, On-surround

\

++

Ixnpa 2.2. IZynuatky avanaodoraon 10U UT0OEKTIKOU Tediou eVO¢ KUTTAPOU TUTIOU
ON (aprotepa) Kt evog kuttapou twnou OFF (6eia) [3].

Ta yayyAlakd kuttapa t1ou appiBAnotpoetdoug £Xouv €va UTIoSeKTIKO redio Tou
Xapaxktnpidetal anod v rmePloxr) OtV oroia 10 PG HUIOPEl va EMNPEACEL T VEUPIKD
andkp1lon Kat opyavevetat pe Baon v "opydvwon kevipou-nepipipeiag” (center-
surround organization"), oniwg opiotnke arnd tov Kuffler [23]. [Tio ouykekppéva, to
UToSeKTIKO TeH10 TOV YAYYAIOKGOV KUTIAP®V arnotedeitat arno §Uo opokevipa eAAet-
kA oxfpata Kat priopet va eivat eite ON-center eite OFF-center, kat aviayovi-
otkd petadu toug (Exfua 2.2). Ta ON-center yayyAtakd KUTIapa £vepyorolouviat
OTAV T0 PETOG MEPTEL OTO KEVIPO TOU UTTOOEKTIKOU IeHi0U TOUG KAl ATTEVEPYOITO10UVIAL
otav 10 Pwg nEPTel otnv riepidpépeta tou nediou. Ta OFF-center yayyAlakd kuttapa
dpouv pe tov avtibeto tpodro, SnAadr) n dpaoctnpidtntd toug auv§avertat otav auvgdverat
1 PRATEWVOTNTA OTNV TIEPIPEPELA TOU UMMOOEKTIKOU TIEHIOU KAl PEIDVETAL OTAV PEIDVE-
Tal 1 QETEWVOTNTA 010 KEVIPO Tou mediou. Ta urnodektukda media 1@V yayyAlakov
KUTIAP®V HIITOPoUV va poviedornolnfouv ocav dtapopd dU0 yKAoUo1avev ouvaptroe-
wv (difference of Gaussians) (Zxnpa 2.3). To urtodeKTIKO Medio EVOG KUTIAPOU TUTIOU
OFF 9Sa eivatl oupperpiko og rmpog auto tou Zxnpatog 2.3. O aviayeoviopog tov 6Uo
TIEPIOX AV ETTITPETTIEL OTOUG VEUPWVES VA AVIXVEUOUV S1aPOPES 0TI POTEWVOTNTA PETASU
onpeinv, 6nAadn addayég oty avtibeon. Me dAAa Adya, ol veupwveg evilapépoviat
Bovo yla 1g petaBoAég, pia Asttoupyia mou oxetidetal pe v aviXveuon aKpov otov

Topéa ng ene§epyaoiag ewkovag [4], [5], [24].

Receptive field
(ON-type)

Zxnpa 2.3. Ynodektko nedio evog yayyAiakou kuttapou turou ON, mov avarapiota-
Tal ¢ dagopa duo ykaouoiavwv cvvaptnoewv (difference of Gaussians) [4].



2. duowoAoyia kat ITpooBetikr) AppiBAnotpos1doug

2.4 Neuplrég Anorpioelg Tou Apgpr6Anotpocidoug

Zto Zxnpa 2.4, paivovial Cuvorttikd ot TEXVIKEG/11€00601 e 116 omoieg urtoAoyide-
TA1 1] VEUPIKI] ATTOKP10T) £VOG veupava. To Zxnpa 2.4A deiyvel pid VEUPIKT ATIOKP10T
evog veupwva. To Zxrpa 2.4B deiyvel pia mpoogyyion tou pubpou anokplong, 0Iou
Xpnowornoteitat xmplopog oe mapdbupa peyéboug 100ms. Lto Zxnpa 2.4C nipaypa-
Tortoteital oUVEAEH HE TETPAYOVIKO TUPH VA, VR oto TXhpa 2.4D npaypatorioteitat

OUVEAEN e YKAouo1avo rmupnvda.

spikes

T O T

100 —

T iy T

rate (Hz)

C _ 1004
N
= ol
s 50 JTP,UMMJ'\ /v
= 0 /l e | T |
D
— 100
N
=
< 50—
= 0
T T T T T 1
E
< 100 —
=
@ 50—
— "————-—\_‘___\_‘_\_'_'_'__/
o | I T I | 1
0.0 0.5 1.0 15 2.0 2.5 3.0
time (s)

IZxnpa 2.4. Ala@opetikeg TEXVIKES Yla TOV UTOAOYIOUO VEUPIK®U amokploewv [5].

2.5 Movtéda ApgdpiBAnotpocidoug

To KivnTpo miow arod v avartudn poviédev apgiBAnotposidoug sivatl 1 pedén
TRV PNXaviopev mou S1€nouv 1) Asttoupyia tou apdiBAnotpoeidoug. T'a 1o Adyo au-
10, Ol ETMOUHPOVEG AVATITUCOOUV HOVIEAA TIOU TIPOCOHO01AloUV T1) CUPTIEPIPOPA TRV
YAYYAIOKOV KUTTAp®V ToU apgBAnotpoeidr). Ta o yveootd € autov eivatl ta povieda
Linear Nonlinear (LN) [25] (Zxfpa 2.5), [6], ta Generalized Linear Models (GLMs)
povtéda [26] (ExHpa 2.6), ta Integrate-and-Fire poviéda [27] kat o nipéodata ta
povtéda Babiag Mnyavikng Mabnong (Deep Learning), rmou kKupiong Xpnotorotouy
Zuvedikuikd Neuvupavika Aiktua (CNNs) [28], [12].



2.6 IlpooBetikr) ApgiBAnotpoeidoug
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IxApa 2.5. To puovigAo Linear - Nonlinear (LN) [6].

Generalized Linear Model

input i
stimulus 6 nonlinearity ~ Poisson process 1t spikes
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Zxnpa 2.6. To uovtéAo Generalized Linear Model (GLM) [7].

2.6 IIpooOetikn ApgpBAnotpoerdoug

Evo n xprjon poviedov apgiBAnotpostdoug €xel ouvdebel pe v pedétn tov veu-
PIKWV AEITOUPYIOV TOU, 1] AVAITIUSH MAPOPOIOV MOVIEA®V £ival TTOAU XPr)Olin OTovV
Topéa g mpooBetikhg appiBAnotposidoug. Ta meploocodtepa POoOeTIKA APP1BAn-
0oTpoe1doUg £XOUV OPIOPEVA KOVA OTOTXEIA: P1a CUOKEUT] ANYPng EIKOVaV, pia povada
enegepyaoiag e1kovag, £va PIKPOKUKAGUA Y1a T VEUPIKY di€yepon kat pa datadn
NAekTPodimV yia v Kataypadn oV VEUPIK®V arokpiosnv (Zxnpa 2.7). H ouokeur)
AQYnG eKOVaV AapBAVEL E1IKOVEG ATTO TO OMTIIKO MEPIBAAAOV, 01 OTTOIEG PETATPETIOVTIAL
oe potiBa mou dieyeipouv ) cuotolyia moAAamAwv NAektpodiov. O1 OTTIKEG TTANPO-
popieg ermAgyoviatl eite pe KApepa, eite aviyveuoviat arneubeiag amno tg petod1060ug
rou ouvdéovtal pe nAektpodia yua ) dnpoupyia nAekipikov epediopatov. Adlda
ONPAVIIKA OUCTATIKA ITOU UItopouv va Bpebouv ota meploocotepa spgutevpata eivat

1 acuppatn petadoorn dedopévmv/10XU0G.



2. duoiodoyia kat IIpooBetiky) ApgBAnotpoeidoug
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Ixnpa 2.7. Emokomnon evd¢ ouoTHUatog TPOoodetikng au@ibinotposibovg. Mia
euova el0EpxeTal WG £10000¢ PEOK UIAG KAUEPAS KAl UETATPETETAL O NAEKTPIKO onua
ano ua povada enelepyaoiag. To niskipiko onua pestadibetar péow tisuctpiag
paboouyvomniev (RF) 1 onttikr¢ (euéne kat vgiotatar enelepyaoia ano eEDTEPIKN 1]
euputevpévn dwiartaln. To kukioua mapayest NAsKIPKO gpédiopa, mou umokadiotd
10 ETEWO gpédoua Katr epapuoletal otov au@lbinotposdn UEow piag ovotolyiag
KON AEKTPOSIMV TOTOHETNUEVNS KOVTA OTOV aupi6inotposidn [8].



Ke¢dpadalo E]

Mnyxavikn Ma6non

3.1 Ewaywyn

H Mnyavikr) Mabnon (Machine Learning) arnoteAei urtokAdado tng Texvng Non-
poouvng (Artificial Intelligence), rmou aoyoAeitat pe vV KATAOKEUT] HOVIEA®V TTOU
UAOITO10UV OUYKEKPIIEVOUG aAyOp10110Ug Katl XPNOoTHOoIIoouV nelpapatka dedopéva
HE OKOIO NV £§ay®yr XPprotpev rmpoBAéyenv 1 ouprepacpdiov [29]. O Mitchell
[30] 6proe tnv pnyavikn pdbnon wg €&ng:

"Eva mpdypappa vrojoyioty Aéystar Ot padaiver and v euncipia E w¢ mpog
Kamnowa kilaon gpyaotodv T kat uétpo anodoong P, av n anodoon Tou oc gpyaocieg amo

10 T, Ontwg petpietar ano 1o P, BeAtwvetal péow mg eunsipiag E. ”

Ot aAyopiBpot pnxavikng pabnong xopidoviat os 1petg peyadeg katnyopieg: EmBAe-
niopevn) Mabnon (Supervised Learning), Mn EmBAeniopevn Mabnorn (Unsupervised

Learning) kat Evioxutikr) Mafnon (Reinforcement Learning).

3.1.1 Em6Aenopevn Mabnon

Zinv eruBAenopevn Pabnon xpnotporolouvial cuvola dedopévav, ta omnoia Tie-
plEXouV éva ouvoAo e10060u X kat éva ouvodo e§6dou y. To X aroteAeitatl and éva
ouvolo xapakinplotkev (features) yia kabe detypa, evo 10 y anotedeital anod ou-
YReRp1Eveg etkeTeg (labels). Zkomog tov poviedav ermBAeriopevng pabnong sivat
va pabouv ) ouvaptnon f mou avuotoyilel BEAtiota ta Sedopéva e10660u X 1e g

AaVTioTO1XEG ETKETEG Y.

X->yny=[f(X) (3.1)

O anetepog oToX0g £ival va PImopel T0 POVIEAO va AVADETEL OMOOTEG ETIKETEG OE
véa, dayveota dedopéva, yla ta oroia dev €xouv opilotei akopa eukéteg [31]. Kop-

pat ing ermBAenidopevng pabnong anotedouv poviéda onwg ot Mnyavég Atavuopdtev



3. Mnyxaviky) Mabnon

Yrootpi€ng (SVM), ta Tuxaia Adon (Random Forest) kat ta I[ToAuvernineda Neupo-
vika Aiktua (Multilayer Perceptrons), pe ta omoia S9a acxoAnBoupe oe autnv v

epyaoia.

3.1.2 Mn EmBAsniopevn Mabnon

Ye avtibeon pe v mponyoupevn Katnyopia pnxavikng padnong, n pn ermble-
nopevn pabnon dev xpnowporotel {euyn 1ROV £10060uU-e§060u. O 01d)X0G NG £ivat
va avayveplotouv potiBa ota dedopéva €10660u xwpig tnv avatpododotnon amo ti-
pég €€odou. 'Eva Xapaktnplotko rnapddsiypa pn ermBAemopevng tEXVIKNG €ivat to
poBAnua g opadoroinong (clustering). H pébodog autr) otoxeuet otnv opado-
rnoinon twwv dedopévav e10060u dnpioupywviag opddeg TV oroiwv ta PEAn sivat
mapopola 1o €va Pe 1o aAAo, adAd Sladépouv onNUAVIIKA Ao Ta PEAN v AAA®v

opadav [31].

3.1.3 Ewviwoyxutikn Maénon

H evioxutikr pdbnon dagpépel anod g mponyoupeveg Katnyopieg, kabwg ott-
alel o Afyn BéAtiotov anopdcswv. Ta povieda evioXUTIKLNG PABnong meplEXouv
évav rnpaktopa (agent), o ortoiog aAAnAermudpd pe €va nepiBadAov (environment). O
paxktopag AapBavel kamnowa napatfpnon (observation) ano 1o epiBaidov, exktedet
Hla evépyela Kal, ot ouvexela, Aapbavel pia aviapodn (reward) aro to meplBal-
Aov. Autn n dwabkaoia ocuveyidetal emavaAnnuikd. H oupnepipopd tou mpdktopa
diénetat ano pa moAttiky) (policy), n oroia givatl pia ouvaptnorn rmouv avtiototyidet 1g
IapAtnProelg Tou repB8aiAoviog oe evépyeteg. O 0toX0g ToU adyopiBpou evioyuong

g pdabnong eivatl va rmapdyet pia KaAn moAiky) [32].

3.2 Ta§wountég Mnyavikng Mabnong

L1 OUYKERPIPEVN epyaocia £yive XpHon TV £§1G taSivountav ermBAemopevng un-
Xavikng padnong: Random Forest, SVM kat MLP, ot ortoiot mapouotadoviat rapa-

KAT®.

3.2.1 Tuyxaia Adon - Random Forest

Mia ouvnOiopévn texviky omv ErmBAeniopevny Mdabnorn eivat np ave§aptn ex-
rnaibevon nodAardov tadivopntov, ouvbudloviag ta aroteAéopatd toug Oto TEA0G
yla tv npoBAeyn g tedikrg tprg (Ensemble). O ta§ivountig Random Forest a-
VNKel otnv nipoavadepBeioa TeXVIKY Kal OUYKEKPIPEva arotedeitat anod éva mAn0og

Aé¢vipwv Artodpdoswv tou ovopaloviat tadivountég Baong, ot oroiot givat mapdAAn-



3.2 Ta&wountég Mnyavikng Mabnong

Aot kat avedaptntotl petagy toug. Ito oxnua 3.1 gaivetatl ) pop@n evog tagivountn

Random Forest.

Training set

Testing set

=

Randomtreel  Random tree 2 Random tree N

| Prediction combination |

i

Output

Zxnpa 3.1. Avanapdotaon ou aiyopiduouv Random Forest [9).

3.2.2 Mnxavég Aravuopatev Ynootnpiing - SVM

O ta&wvopntrg SVM (Zxripa 3.2) eivat évag arnod 1oug Bacikotepoug alyopidpoug
g eruBAenopevng PNXavikng padnong. Baoiletat oy xopikn avanapdotaocn tov
6edopévav e100d60u kat dSnpioupyoviag va urepertinedo ta Hraxwpidetl otig KAAoEIG
e€0bou. To unepeninedo autd mpénetl va dayxwpilelt 600 Suvatdv MEPIOCOTEPO TG
KAAOEG €§060U KAl TAUTOXPOVA VA HEYIOTOTOLEL TNV AOOoTAoT TV dedopévav el-
00dou anod autd. H popor) tewv dedopévev propet va ta Katatdaooetl otny Katnyopia
IOV Ypappika Saxeplopev 1 pn ypappika daxepiompov dsdopévav. '‘Otav ot
KAAOEG eivatl ypappikd dtaxepiotpeg ot ta§ivountég SVM propouv va Staxmpioouv
ta dedopéva, eved otav ot KAdoelg eival pn ypappikd daxwpiotpeg, anatteitatl n
xpnon Mn F'pappikev SVM, o1 01toiot Xpnotponol®viag TEXVIKEG PETACXHATIoN0U
TV OUVIETAYHEVOV TV 8e80PEveV 08 XWPO PeYaAUTepnS H1a0TaTIKOTNTAG HPITOPOUV

va untoAoyicouv uniepertineda mou va dtaxwpidouv ta dedopéva.

3.2.3 IIoAuvenineda Neupwvika Aiktua - MLP

O ta&ivountg MLP eivat aro tg 1mo ardég HopPeg VEUPIKOV SIKTUGV Kal ITe-
plExel ToAAamAoug veupwveg (kopBoug) Sratetaypévoug oe emineda. O1 kopBotl arno
napakeipeva ermineda €xouv ouvdéoelg 11 akpég petadu toug. '‘OAeg autég ot ouv-
béoeig £xouv Bapn mou oxetidoviat pe autég. Tevikd, évag ta§ivopntig MLP repiéxet
éva ertinedo €10060u, €va 1) meploodtepa Kpupa ertineda kat éva ermrinedo £§odou,

onwg aivetatl oo Lxnupa 3.3.
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Ixnpa 3.2. Avanapdoctaon wou afyopiduov SVM ya Siaxwpiopud dvo kAdoewv
(Wikipedia).

Input J

& ) % Output
signal

signal

Input First Second QOutput
layer hidden hidden layer
layer layer

Zxnpa 3.3. Aoun evdg tawounty MLP pe 6vo kpuga enineda [10].


https://en.wikipedia.org/wiki/Support-vector_machine

Kegpaldairo ﬂ

Avantuin MeBoSoAoyiag Acttoupylryg A-
§loAdynong

4.1 ITAaiolo Aesttoupylkng A§loAdynong

I'a 11§ MPoooPo1NOELG TTOU AvAaAUOoVIal OtV OUYKEKPTHEVT eVOTTd, aKOAOUOn0n-
Ke pa kowvny pebodoroyia, n oroia @aivetat oto Zxnua 4.1 rat meptypdpetatl amno

1a ITaPAKAT® Brpata:
1. Ewoayeyn ouvodev dedopévev
2. Tpoenetepyaoia 6edopévav
3. Ewoaywyn dedopévav oto poviédo appiBAnotpoeidoug
4. ETayoyr) TV VEUPIKOV ATTOKPICEDV

5. E10ay®y1 T0V VEUPIKGOV AITOKPICE®V OTOUG TA§IVOUNTES Yid avayveplor avil-

KEPEVOU KAl avayvoplon Yyneiov

6. ZUYKP101 NG arodoong TV ta§ivountov
DATA PREPROCESSING
Image
data -
Image ' Firing rates -
preprocessing H Retinal Model

Zxnpa 4.1. Médodog Actrovpyikric altoAdynong.

Object
Recognition

Firing
Rates

Apxird, 9a avadépoupe 1a epyaAeia AoylopikoU, addd KAl AETTIOPEPEIEG OXE-
TIKA P€ 10 poviedo apd1BAnoTposldousg mou XPnoloo|oape. X GUVEXElWd, da
neplypayoupe ) dadikaoia g rnposnedepyaoiag 1wv Hedop€vev KAl TV IIPOCO-

HOl®OE®V TIOU EKTEAEOTNKAV.



4. Avarttuén Mebobodoyiag Asttoupyikng A§lodoynong

4.2 Ileprypacdn Epyadeicndv Aoylopikou

O k®O1KAG ITOU XP1OIHOIO)0AIE Yid T0 PoVIEAo apdiBAnotpoetdoug propet va
Bpebei oto [33]. To poviédo eKmaldeuTnKe He ) XP1on 1oV B18Aodnkov TensorFlow
[34] xat Keras [35]. Tia toug ta§ivountég MLP, xprnotpornowrjoape tv uloroinon
tou Keras, evo yua toug ta§ivountég Random Forest kat SVM yprotponowjoape
vlornowoelg Scikit-Learn [36]. H enauinon tewv 8edopévav £ytve Xpnotponotoviag
) B1BA100 Kk imaug [37]. ‘'OAeg 01 MPOCOPOINOELS £Y1VAV € UTIOAOY10TIKOUG TIOPOUS

ano to Google Colaboratory.

4.3 TIleprypadt) Zuvodwv Aedopivaov

[a 11§ IPOCcOR0IWoElg, XPNOIHOTIooape ta akoAouBa ouvoda debopévav: Cl-
FARI1O0 [38], MNIST [22], Fashion MNIST [20] kat Imagenette [21]. Mwa nieptypadn)
10V ouvodwv dedopévav Bpiloketal otov Iivaka 4.1. EmAédape 1a ouykekpipéva
oUvoAd 6edopévav, eneldr] Kat ta t€ooepa XP1oOolouvial o ElPAPatd tagivopn-
ong pe 10 kAdoelg. ZtoxX0g pag frav va eSadeipouie Toug mapayovieg Stapoportoin-
ong petady 1wv ouvolwv dedopévav Kal va ouykpivoupe 1coduvapeg epyaoieg tadt-
vounong. Eexkwnoape pe 1o CIFAR10 kat to MNIST wg kAaowkd ouvoda dedopévav
yla apxikég doxkipég. Lt ouvéxela, ermdé§ape va ouykpivoupe to CIFAR1O0 pe to
Imagenette kat to MNIST pe to Fashion MNIST. EruAé€ape to Imagenette wg ouvo-
Ao 6ebol€vev TTIOU TIEPIEXEL £1KOVEG TIOAU UYPnAOTepng avaduong aro 1o CIFARI1O0.
ErmAé§ape erniong to Fashion MNIST wg éva 1mo §U0K0AO Kat MePIMAOKO oUVOAO

dedopévav amno 1o MNIST, onwg onpeidvetat oto [20].

4.4 Ileprypadt] tou Moviédou Apgp1BAnotpoeldolg twv

IIpOCONOLOOE®V

Stimulus Convolutional layer 1 Convolutional layer 2 Fully connected layer

N recorded cells

H:._H\-_"‘“--\_

Predicted firing rate (Hz)

] bl

Time {s)

2 |
< 8 cell types 8 cell types

Filter  Nommalize  Threshold|

CRICE®

Ixnpa 4.2. Apyuextovikr) tou CNN povtélou au@i6Anotpoetboug mou XenoyoToL-
nénke oe avwn v gpyaoia [11].
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IMivakag 4.1. [Teptypagn 1oV ouLOA®OU Se60UEVOV TTOU XPNOOTIONONKAV 0TS TPO-
OOUOIWOEIG.

Dataset Iepiypaodn) Links

CIFARI10 To CIFARI10 anoteAeital arto 60000 32x32 eyxpw- | [19], [38]
HEG e1rOVEG TToU Xwpidoviat oe 10 kAdoeg, pe 6000
€1KOVEG 0t KABe kAdon. Xprnolpomoleital o TIPo-
BAnpata avayveplong e1KOVaV.

MNIST To MNIST armotedeitat ard 70000 28x28 a- | [22], [39]
OTIPOPAUPES EIKOVEG XEPOYPAPOV YPrPpiev aro 1o
0 ¢wg 10 9. Ta ynodia £xouv kavovikoroinOel wg
pog 11§ H1a0tAcelg ToUug Katl BpioKkovial 0To KEVIPO
NG e1kOvag. Xprnotporoleital os ipoBAnpata ava-

yveplong yniev.

Fashion To Fashion MNIST arnoteAeitat arto 70000 28x28 | [20], [40]
MNIST aoTIPOPAUPEG E1KOVEG arto 10 KAdoelg pouxwv. Au-
10 10 dataset pmopel va xpnopomnown el g evai-
Aaxktukn yua to MNIST. Xpnowonoteitat oe 1po-
BAnNpata avayveplong e1KOVaV.

Imagenette To Imagenette ivat éva urtoouvolo tou Imagenet | [21], [41]
KAl AroTeAEital amno EyXPOHIEG EIKOVEG PNETABANTOU
peyeboug rmou avurpoomrevouv 10 eUkoAa tagivo-
prowyeg kAdoelg tou Imagenet. Xpnotpormnoteitat
oe PoBANpATA AVAYVOPLONG EIKOVGOV.

Zinv epyaocia auty], xpnoporotrjoape 1o CNN poviédo apgiBAnotposidoug, mou
nieprypadetal oug epyaoieg [28], [11] xkat [33]. 'Onwg @aivetat oto Exnua 4.2, to
povtédo arnotedeitat ano 3 enineda Kat eknaldevetal yia va rPoBAETIEL TIG VEUPIKES
arokpioelg 60 yayyAlakev kuttdpev. Emiong, otov Ilivaka 4.2, @aivoviat Aemto-
Heprg ta ertineda tou poviédou. Ia v eknaibeuon XPNoionorjoape Eva cUvoAo
dedopévev ano avtiotorn epyaoia [12]. 1 ouykekpipévn epyaoia, rpoéBadav @u-
O1KEG EIKOVEG OTOV APPIBANOTPOELd] TOU TMOVIIKIOU KAl KATEYypayav TV ArtoKplon)
60 yayyAiev kuttapev apdiB8Anotpoetdoug. To oUvoAo 1KOVOV MOU XP1jotponoinoav
arnoteleitat ano 4890 aompopaupeg e1koveg peyeboug 50x50 pixels, éva beiypa tov

oroi®v @atvetal oto Xxnua 4.3.

H anokp1on 1oV yayyAlakev KUTIapev 10U apdiBAnotpoetdoug e§aptatatl 0X1 1ovo
and 1o TpEXov £pebiopa, addd Ki amo mpornyoupeveg dieyépoets. IIpokepévou va
povtedoroinBei autr) n xpovikn e§aptnorn, dSnuioupyndnkKe éva Xpovikd ouvolo de-
dopévev (temporal dataset) mpiv ano v e10aywyr] EIKOVOV OTO POVIEAO TOU apdl-
BAnotpoeidoug. Autd onpaivel ot yia kKaBe e1kova mou rpoBdaAAetatl otov apdiBAn-

otPOoe1dr], armoBnNKeVOUE KAl TO 10TOPIKO TRV EIKOVAOV ITOU IMPoBANOnKav mponyou-
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IIivakag 4.2. Zuvoyn 0Awv tev emnédwv tou CNN poviéAov augi6anotpoeidovg mou
XPNOWOTOmANKE 0 avtr v gpyaoia.

Model: "bn cnn"

Layer (type) Output Shape Param #
input_1 (Inputlayer)  (Wone, 50, 50, 40) o
conv2d 1 (Conv2D) (None, 41, 41, 8) 32008
flatten 1 (Flatten) {(None, 13448) 2]

batch normalization 1 (Batch (None, 13448) 53792
reshape 1 (Reshape) (None, 41, 41, 3) 0
gaussian noise 1 (GaussianNo (None, 41, 41, 3) 0
activation 1 (Activation) (None, 41, 41, 8) %)
conv2d 2 (Conv2D) (None, 37, 37, 16) 3216
flatten 2 (Flatten) (None, 21984) e

batch normalization 2 (Batch (None, 219@4) 87616
reshape 2 (Reshape) (None, 37, 37, 16) 2]
gaussian noise 2 (GaussianNo (None, 37, 37, 16) %)
activation 2 (Activation) (None, 37, 37, 16) %
flatten 3 (Flatten) (None, 21984) e
dense_1 (Dense) (None, 6@) 1314240
batch normalization 3 (Batch (None, 68@) 240
activation 3 (Activation) (None, 68) 2]

Total params: 1,491,112
Trainable params: 1,420,288
Non-trainable params: 70,824
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0 30 40 0 10 il 30 40

Ixnpa 4.3. Aciyuara eixovov ano 10 oUvojo 6e60ULVOV UE TO OTIOI0 eKTTALOEUTAUE TO
uovtéfo au@ibinotposiboug [12].

péveg. Ovopddoupe temporal_interval tov cuvoAiké aplBpo twv elKOVeOV Tou Xpn)-
O1P0TIO0UVTAL, O OTI010G AToTEAEiTAl ATIO TNV MIPAYHATIKI] £1KOVA TTOU TTpoBaAAetatl
otov apBAnotpoetdr) padi pe 10 10ToPIKO TRV IMIPONYOUHEV®V e1KOV@V. Emopévag,
KAOe Setypa e100dou anoteAeital and temporal_interval apiOpo ewkévov. Oa mpénet
eriong va onpewdel 0Tl T0 10TOPIKO NG MPOING EIKOVAG AToTeEAeital and okoupa
mAdiola yla va POVIEAOTIOOEL TNV APX1KL] OKOTEWY] KATAoTtaon Tou apd18Anotpost-
6oug. 'Eva pépog tou (temporal dataset) gpaivetat oto Zxfpa 4.4. Tehkd, n £§060g

TOU povtédou eivatl pubpog anokplong yla kabe éva amnod ta 60 yayyAlakd Kuttapd.

EEEEEEEddddd TN EEEENEEEENERE
OONEEEEE s dd T 55 ANIEEEEIENN
CEEEEEEEELbdddT D2 EENENENEEEN
ﬂﬂﬂﬂﬂﬂﬁﬁﬂﬂiiiiii ANNEEEEEEEE

:Ei%iaﬁl lll sa s

Ixnpa 4.4. Mépog tou temporal dataset ue temporal_interval = 30. H aptote-
PO0TEPN 0NAN KADE OPAS TTEPIEXEL TNV UKOVA TIOU Tpobajlstal ekeivn T OTyun otov
augibinotpocidn. Ot umoflowmeg oTNAES TEPLEXOUV TO 10TOPIKO TV EIKOVOV TIOU TPON-
ynénkav. Paivoviai emiong 1a apxikad pavpa niaioia.

Ze autv v gpyaoia, xpnotponowjoape dUo d1adopetika POVIEAd, €va eKIAl-
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deupévo pe temporal_interval = 30 (RetModell) kat to dAAo eknaibeupévo pe
temporal_interval = 40 (RetModel2). To RetModell eixe kaAutepn anodoorn 6cov
apopa tn perpnon Pearson Correlation Coefficient (PCC) kat to RetModel2 eixe
Xepotepeg perprioelg PCC, adAd napryaye kadutepa unodekukd rniedia (receptive
fields) !. Tlepioodtepeg AeIOPEPEIEG OXETIKA PE TNV AM6S00T] TV POVIEA®V TOU ap-

@1BAnotpoe1doug propouv va Bpebouv oto [42].

4.5 AvdAuon Bhppatov Ipoenedepyaciag Acdopévav

Yta ouvola Sedopévav, epapudotnke €vag alyoplB110g mpoenedepyaoiag mpw -
oaxBouv wg €10060g oto poviedo appBAnotposidovs. Ta Brjpata tou adyopibpou
KaOB®g Kat o1 oxedlaotikEG AnoPAcelg MoU KANONKape va mapoupe meptypdpoviat

Mapakdt® Kat @aivovtat otov I[Tivaka 4.3.

Zto Brjpa 3, n texvikn tng enauvinong dedopévav £ytve pe t xpron mg BiBAto-
9nkng imaug [37]. Xe rabe ewkova epappodovial HUo petacxnpatiopoi, ot oroiot
ermAéyoviat tuyxaia avdpeoa amno €va ouvolo mbavev petacxnpatiopov. O mpotog

HETAoXNPATIONOG EMAEYETAL TUXAIA AVAPESA A0 TOUG aKOAoUOouUg:

1. Tleprotpodn (rotate) 45°
2. T'raouolavog 96puBog (Gaussian noise, scale=0.1 * 255)
3. Tlepwkomr) (crop) 5 pixels aro kabe mAsupa

4. Metatoruon (translation) otoug afoveg x kat y arto —10% €wg +10% tou pe-

y€0oug g e1k6vVag
O beUtepog petacynpatiopog ermAéyetat tuxaia avapeoa and toug akoAouboug:

1. Tleprotpogn (rotate) —45°
2. I'raouoiavog 9opuBog (Gaussian noise, scale=0.2 * 255)
3. Tlepwkonn (crop) 7 pixels aro kaBe mAsupa

4. Metatoruon (translation) otoug afoveg x kat y arto —10% €wg +10% tou pe-

yé0oug g e1kovag

Metd v enauvinor, yla Kabe e1kova oto oUvodo debopévav undpyxouv 1peig €i-
KOVEG: 1 APX1KI], 1] TPAOTH PETACXNUATIOREVT Kat 1] §eUtepn petacxnuatiopevn. 'Eva
napadetypa enauvénong dedopévav @aivetatl oto Lxnpa 4.5, orou yla kabe pia ano

TG TE00EPIG EIKOVEG EPAPUOLETAL £vag ATIO TOUG IIPAOTOUS K1 £vag AITO TOUG SeUTEPOUG
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Before augmentation

125

1st augmentation

o ] 50 ] 100 125 150 175

2nd augmentation

50 I 100 125 150 175

Ixnpa 4.5. Iapaddeyua g texvikng emavénong 6e60UEvOL.

HETaoXnNPatiopoug.

1o BApa 5, 0 xwp1opog g e1kdvag ermtuyxaveal, xopidoviag kabe pia anod ug
MAEUPEG NG O TO0a TUNpata/pépn, ooa kat n petaBAnt p. 'Etot, dnpioupyouviat
HIKPOTEPES UTIOEIKOVEG PEoA OtV apXKn ewkova. [a p = 2, n ewkdéva xepiotnke
oe p?> = 4 pafApata/pépn, ya p = 3 os p?> = 9 uApata/pépn K.0.K. TNUEIOVE-
Tal emiong ot yia p = 1, n ekova de XwpiotnKe oe Kavéva TUNPA. XT10 TTAPAKAT®

oxnpa @atvetat éva napddeypa ya p = 3, dnAadn ya xopiopo os 9 pnpata/pépn.

I'a to Imagenette kat povo, ene1dr) o1 e1kOveG 0T0 OUVOAO dedopévav €xouv péye-
9Yog peyaAutepo amod (50, 50), o1 e1kOVeEG TTIOU ITPOKUTTIOUV PeTd To split €xouv péyebog
peyadutepo aro (50, 50). 'Etot, oe avtiBeon pe 11g AAAeg MEPUTIWOELG, O HETAOXT)-
HAToPeV ToV UTIoElKovav ot (50, 50) eivat opikpuvon Kt 0x1 peyéduvon. Lo Zxnpa

4.6 @atvetatl éva mapddetypa X®plopou eikovag oe 9 tprpata/pépn (p = 3).

Zto Bipa 6, oxkordg ival va KataoKeUaotel oe endpevo Prjpa 1o Xpovikd ouvo-
Ao b6edopévav (temporal dataset). I'a to Aoyo autod, anatteital va enavadaBoupie
KABe swkova mevie popég. Ma va yivel eukodotepa avudnrty n €vvola tou temporal

dataset, mapouciadetal 10 IAPAKAT® CXHPA :

To temporal dataset dnpioupyeitat yia va pipnOet ) xpovikr didpkela ya tmyv
ortoia o ap@BAnotpoedng extibetal oe pia ewkodva. Kabe pia anod tg ypappég tou

temporal dataset arnoteAet pia 10060 oto poviédo apdiBAnorpoeidoug. ‘Onwg paive-

1Ta unodextika nedia opidoviat oty Evétnta 2.3
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Initial image After splitting

0 10 20 30 40

Zxfipa 4.6. INapdberyua ywplopov gucovag os evvia tunuata/uéon (p = 3).
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Ixnpa 4.7. 'Eva uépog tou temporal dataset. Kade yoauur oto temporal dataset a-
varapiota gva 6etyua e10060U 010 UOVTEfO au@ibinoTpoeldous Kat EXEL TOOEC EIKOVEG,
000 Kat n tun mg petabintic temporal_interval (6o, temporal_interval=30). H et-
Kova 0tV aplotepOTEPN OTHAN avanaplotd v ikova rou BAETEL 0 aup6AnoTpoeldng
gKelvn ™ oTtyun Kat ot UTOFI0LTEG EIKOVES AvanaploTtoUv T0 L0TOPIKO IOV TPONYOUUEVDV
OV ToU €6 eme 0 augibinotposidng. Ta pavpa niaiota avanapiotovv 10 okotadt
oto omoio Bpioketal o au@i6inotpocidng ot el KAde kova.

Tal oto oXHua, Kabe ypappr £xel 30 ekoveg (frames), 0oeg K1 ) petabAnt tempo-
ral_interval. To mAaiclo otnv apiotepotepn oth)An UTOOGNAGOVEL TNV E1KOVA TTOU PAETEL
€KETVI 1) OTY I TO PATL KAt 01 UTtoAotreg 29 eivat 10 10T0PIKO TV EIKOVOV ITOU €68AETIE
TO PATL O€ TIPONYOUHEVEG OTIYHEG. ATIO TO oxXnpd, @aivetatl ott Kabe eikova Ppioketat
oe b ypappég Kral oe KAOe ypappn n €kova eravadaplaveral arno 1 €¢ng 5 Qopég
Katl ta vrodoura eivat kevd miaiota. O apOpog tev enavadnyenv g ewkovag (5
€V MPOKEIPEV®) UTIOONA®VEL T XPOVIKY] d1dpKela yia v oroia o appiBAnotpoetdng
extifetal otn ouykekplpévn ekova. O aplBpog autog anotedel avikeipevo peAéng
G MaPOoUoag EPYAOiag Kal Ol OXETIKEG MPOCOHOINoELS rtapouctaloviat oto Ilapdp-

mpa A'.

Znpewdvetat ot av dev yivel ) mpooappoyn oto Brjpa 6, téte oto temporal dataset
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9a undapyel pla ypappn ya kabe eikova kat ) eikova da eravadapbaverat 10 go-
pég otn ypappn auvtrn (o apBpog 10 nmpoékuye ouppmva Pe IS IIPOCOUOIWOELS OTO
[Mapaptnpa A). Eve, av yivel n mpooappoyr, 1ote 9a undpyouv mEVie YPAPHPES OTo

temporal dataset oniwg reptypdPpnKke mPOnyoupEvVeS.

Zto Brjpa 7, 10 Xpoviko ouvodo Sedopévav (temporal dataset) kataokeuadetat,

OTIOG TIEPTYPAPNKE TIPONYOUPEVRG.

1o Bjpa 8, yla kabe pia amno ug ypappég tou (temporal dataset), to poviédo
apBAnotpoeldoug 1poBALmel T VEUPIKEG arokpioelg yia 60 veupwveg. 'Etot, oe
KAOe ypapprn) avuotoikel éva diavuopa peyeboug 60, tou oroiou 1o i otoiXeio mept-

ypadet v e§opaAupévn VEUPIKY artokplon Tou i veupwva, orou i =0, 1,2, ..., 59.

Mia ermrmA€éov TEXVIKY MIPOETESEPYATiag mou epapodetal o PeAETeG TIPOBAEWNG
anokpioewv otov apPBAnotpoeldn) 1) Kat otov eyKEPalo, eivat 1 arnoppLyp) OpLoPEVROV
VEUPOVOV TPV TNV eKmnaidsuon pe PAon KAMO0 KPIHplo. ZinVv MePinm®or) pag,
HITOPOUHE va avayVEPICOUHE TA UTIOOEKTIKA Media 1@V VEUPOVAV HE 1] XPHOon NS
avaduong STA (Spike Trigger Analysis), oniwg nieptypdgetat and tov Chichilnisky
[25]. Av n avdAuon STA katadépet va UTIoAOY10eL TO KEVIPO TOU UTTOGEKTIKOU Iediou
€VOG VEUPWVA, TOTE Je@POUE EYKUPO AUTOV TOV veupwva. [a to poviedo apdiBAn-
0t1poe1d0oUG TTIOU XP1OTHOIIO0AE O AUTV TNV £pyaoia Impoékuyav povo 12 Eykupot
veupwveg oug 9éoeg 2, 7, 9, 16, 19, 24, 26, 33, 41, 45, 55 tou mivaka £§odou pe
g arokpioelg. Ot mapandve £yKUPOl VEUP®VEG Urtodoyiotnkav oty epyaocia [42],
and orou Kat nrjpape ta povieda appiBAnotposidoug. Omdte, otV MePITIaOn IOU
€ylve n mpooappoyn oto Brjpa 6, auto onpaivel 0tt oe KAOe €1KOVA AvVTIOTOIXOUV 5
dlagpopetikd Savuopata pe veupikeég anokpioslg yia 60 (1] 12 av €ywve n smdoyr
TRV EYKUP®V VEUPOVGOV) veupaves. Edappodoviag otoixeio mpog otoiyeio tov peta-
oxnpatiopo min 1) max ota 5 davuopata g KAbe e1kovag, autd ouvdudlovial oe

éva diavuopa peyéboug 60 (1 12).

1o Bijpa 9, oe repinoon 1movu £yive XwP1opog g e1kovag oto Brjpa 5, tote yua
KABe ROPPATL TNG E1KOVAG £XEL TIPOKUYPEL KAl €va §1avuopia VEUPIKOV ATIOKPIoEWV.
Autd ouvevovovial o éva didvuopa peyéboug a x p?, ornou a = 60 (4 a = 12) kat
p = 2,3,4. T'a mapdadetypa, av n eikova £xel xwplotei oe 9 koppdna (p = 3), 1o1e 10
TeEA1KO S1dvuopa £xel peyebog 60 + 9 = 540 yia a = 60 (1] peyeboug 108 yia a = 12).
To ouvolo 1oV TeEAkeV dlravuopdtev petd 1o Brjpa 10 sivat to cuvolo dsdopévav pe
1a omoia da eKnaldeutoUV Ta POVIEAA UNYXAVIKAG PABNoNG Kal KAatd OUVETELWd, TO

péyebog tov Sravuopdtev arnotedel Kat 1@V apldpo v Xapaxktnplotkeyv (features).
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IMivakag 4.3. Ta Brjuata g mposnelepyaoiag ScHOUEVOL.

IIpoenedepyaocia AeSopevav

1. (INPUT) Ilape to ouvolo Hebopévav (input) kat povo yua to CIFAR10 kat to
Imagenette petaoxnpatios kabe ewkdva amo rgb oe grayscale.

2. (RESHAPE) Mctaoynpatioe (reshape) 1o péyebog kabe eikdvag arod 10 oUvoAo
6edopévav oe (50, 50, 1), 1o ormoio eival to artodekto Peyebog £10660U yia 1o
poviédo apgiBAnotposidoug. X1 repimtwon tou Imagenette, ermeidn ot apyikeg
€1KOveg elval peyadutepeg aro (50, 50), o petacknpatiopog yivetat petd tov
X®P1OPO g €1KOvag oto Brjpa 5.

3. (DATA AUGMENTATION) Eridete 2 61a(popetikoUg HETACXIATIONOUS KAl &-
(PApP00E TOUG oty KABe e1kOvVa He TNV TEXVIKT] TG ertavuinong dedopévav (data
augmentation).

B Zw Brjua 3, anopdoioe av 9a epapuootsi 1 oxt n enavnon.

4. (NORMALIZATION) Kavovikoroinoe (normalize) T1g €1kOveG, €101 GOTe KAOE
pixel tng ewkdvag va naipvetl Tipég oto (0, 1).

5. (SPLIT) Xopioe (split) v ekdva oe p? xoppdua, omou p = 1,2,3,4. Meta-
oxnpatioe 10 peyebog kKabevog aro ta koppdtia ou da npoxkuyouv oe (50,
50).

B 1w Briua 5, anopdoioe av 9a xopiotei ) sixdva Kt av vat, o€ m6oa TUNUA-
tafuépn.

6. (ADJUSTMENT) IIpoodppooe (adjust) 1o ouvodo 6edopévav, eravaiapbavo-
viag KAOe e1kOVA TEVIE POPES.

B 21w Brjua 6, anogpdoioe av 9a yiver n mpooapuoyn 1n oxt.

7. (TEMPORAL) Anu1oUpynoe 10 Xpoviko cuvolo dedopévav (temporal dataset).

8. (PREDICT) [1poBAsye (predict) T1g veUPIKEG ATIOKPIOELS TOU POVIEAOU apP1BAn-
OTPOE1dOUG.

B 21w Brua 8, anopdoioe av 9a eniflexdoUv uovo ot EyKupot VEUPAVES 1 OX1.

9. (COMBINE) Av £ywve 1 rpooapjioyr] oto Brjpa 6, tote cuvéuace (combine) tig
VEUPIKEG ATTOKPIoE1S TOV 5 ypappov g eikovag oto temporal dataset oe pia
VEUPIKI] ATTOKP10T] K€ T XPHOn UETAoXHATIoR®OV min 1) max.

B Xt Bryua 9, arnopdoioe av da ypnotuonomndei min n max usraoxynuat-
ouog.

10. (CONCATENATE) Av £yive X®plopog NG €1Kovag oto Brjpa 5, 16te ouvéveoes
(concatenate) oe éva diavuopa TG VEUPIKEG ATIOKPIOES TIOU TTPoEBAeWE TO 1o-
vtedo apdiBAnotposldoug yia oAa ta tpurpata/pépn mg ikovag. To dravuopa
auto Sa eivat ) ei0odog ota poviéda pnxavikng padnong.
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4.6 Opyavoon tov IIpocopoltdocerV

O 0xeb1aopog 1wV MPOooouoIMoe®wy Baciotnke otlg €8§MNGg MAPAPEIPOUS: TIS OXE-
dlaotikég anopdoelg Katd Vv rposrnesepyacia dedopévav, ta ocuvola Sedopévav
(datasets) mou xpnotporioiOnkav, Kabog kat toug tadivopntég (classifiers) rou
EKTABEVUTNKAV. ZUYKEKPIPEVA, KATA TNV Iposrneiepyaoia tov dedopévav ol aro-
(PAocelg apopoucav v enauvinon twv 6edopévav (Augment), Tov XOPIOPO NG £1-
KOvag (Split), tov cuvbuaopno TV VEUPIK®V AIMOKPICERDV yla KABe ekoOva PeTd 1O
temporal dataset (Combine), 1o av Sa yivel ipooappoyr) mpwv ) dnpioupyia tou
temporal dataset (Adjust) kat 1o av 9a e§axbouv HdVo 01 £yKUPOl VEUPWVEG HETA
Vv IPpoBAey ) tou poviedou apgiBAnotpoeidoug (Valid). ‘Ocov adopd ta ouvoda de-
dopévav, n emdoyr €yve avapeoa ano to CIFAR10, to MNIST, to Fashion_ MNIST
kat 1o Imagenette. Ot ta§ivountég rmou ermAéxOnkav va eknatdeutouv eivat ot e&ng:
MLP, Random Forest kat SVM. Znuewovetatl ot ot dokipeg £€dei§av ot n eravinon
v dedbopévav (data augmentation) augavel tnv armodouKOTNTA TOV PNOVIEAGV Kal
pewwvet to overfitting. Qg ek toutoUu, anopaociotnke va epappodetal oe OAa TG mpo-
oopowwoelg 1 enauvinon Sedopévav (Augment=yes). Ta mpoavapepbévia otoryeia

ouvoyilovtat otov I[ivaka 4.4.

IIivarag 4.4. To £UpO¢ UMD Yia TS TAPAUETPOUS TOV TPOTOUOIWoewV. Ta ovvoAda
bedoucvwv tapovoialoviat otov [Tivaxa 4. 1. Ot unojlotreg Tapduetpol avajvovial o
auvtny my evotnia.

Augment Split Combine | Adjust |Valid| Dataset | Classifier
Yes None, min Yes Yes CIFARI1O MLP
p=1 (5 oeipéc /
sucova)
4 manpata, max No No MNIST Random
p=2 (1 ogoa / Forest
gova)
9 tunuarta, Fashion SVM
p=3 MNIST
16 tpnparta, Imagenette
p=4

Me Bdon 1tov mapandve mivakd, oXedldotnKav Kal EKTEAECTNKAV Ol TIPOCOO01-
woeg (Al, A2, B1, C1, D1), onwg @aivovtatl otov [livaka 4.5. T'a kaBe ouvolo

b6edopévav dievepynOnkav mévie €16 MPOOOPOIWOERDV, TA OIOid AVIIOTOLXOUV OTIg
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dlapopetikég 0Xed1AOTIKEG AMTOPAOEIS KATA T S1ApKela NG MPOEmnedepyaoiag tov
b6edopévav. T'a kaBe £éva anod ta €1dn npooopolwoenv SoKIPpAoTNKAV 1€00eplg da-
@opeTIkol Ywplopol (Split) tov ewkovev ce: Kavéva, 4, 9 kat 16 tunpata/pépn
(p = 1,2,3,4 avtiotoxa). Emiong, yia kaBe éva aro ta €i6n rmpooopoldosmy ek-
nadevTnKav t€00eptlg H1aPopetikol ta§ivountég pnxavikng pddnong (Classifier): to
MLP_500_100 (péyebog input layer = 500, péyeBog hidden layer = 100), to MLP_-
n_n/2 (péyebog input layer = n, péyebog hidden layer = n/2, érou n = ap1Ouog
features), to SVM (kernel="rbf’) kat 1o Random Forest (max_features = 12). I'a 1ig
IPOOONO1MOELS Xprjoporo)Onkav 10000 deiypata ano to kabe ouvoAo dedopévav,
1a oroia petd anod v enauvinorn £ywvav 30000. LuvoAikd, rpaypatonow)dnkav re-
P1O000TEPEG ATIO €KATOV £iK0ol drapopetikeg doxkpég. Ta kabs doxkiun eyvav dEka
enavaAnyeig mg eknaidevong (training) kat vrtodoyiotnke n pé€on T Kat 1) TUTTKL)

andéxkAion tou accuracy 2.

IIivarag 4.5. [Iévie TUTOL TYOOOOUOIOOEDV TTOU aPOopOoUV SlaPpopetikeég dradkaoieg
npocneepyaoiag.

IT¢vte TUMO1 MPOCOPROLWDCEWV

Al. Augment=yes, Combine=min, Adjust=yes, Valid= no
A2, Augment=yes, Combine=max, Adjust=yes, Valid= no
B1l. Augment=yes, Combine=max, Adjust=no, Valid=yes
C1l. Augment=yes, Combine=max, Adjust=no, Valid= no

D1. Augment=yes, Combine=max, Adjust=yes, Valid=yes

'‘OAgg 01 TAPATIAVE® TIPOCOHIOINCELS EKTEAECTNKAV ATTO 11d QOPd, XPTOTH10TIOIOVIAS
10 RetModell. Ot ipooopolwoeig ou £6moav ta KaAutepa anoteAéopata, EKTEAEOT-
Kav akopa pia gopd xpnotponoloviag 1o RetModel2, pie okoro va ocuykpivoupe tnv

anodoorn S1aPopeTKOV HOVIEA®V apPiBANoTPoe1doug.

201 8¢ka enavadnyelg ytvav yia 6Aa ta povigAa ektog and 1o SVM yia 1o oroio éytve pia povo
enavAaAnyn AOY® TOU VIETEPHIVIOTIKOU XapaKInpd Tou aiyopibpou.
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IMivakag 4.6. ZUvoyn TOV MPOCOUOIDOE®V TTOU £ylvav avd ouvoflo debousvav. 'O-
Jle¢ 01 S1aPOPETIKES TIUES TTOU UTTOPOUV va TAPOUV Ol TAPAUETPOL TV TYPOCOUOIDTEDV
eaivovtat otov ITivaka 4.4. Ta ovvoAa bebousvov tapovoialoviar otov [Tivaka 4. 1
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Ke¢dpadalo E

AnoteAéopata

IMa kdaBbe pia amod 11§ MPoooo1Moelg Tou avadepbnkav otov ITivaka 4.6, mapou-
oladovtal mapakdate dUo mivakeg yla Kabe ouvolo dedopévmv pe v anodoorn (accu-
racy) t@v poviéAev. X1oug Iivakeg @aivoviat 1 PEoT) T Kat 1) TUITIKI) artoKA1on yia
KABe doxkpn. O mpwtog mivakag yla kabe ouvolo dedopévav £xel ta anotedéopata
yla ug rpoocopoinoelg A2 kat D1, ota omoia €yve 1o Brjpa 6 g npoenedepyaoiag
(Adjust=yes) kat oto Brjpa 9 ermAéxbnke va ouvduaotouv ot 5 VeEUPIKEG ATTOKPIOEIS
o€ pia pe tov petaoxnpatiopd max (Combine=max). Avtiotoixa, o deUtepog rivaxkag
yla kaBs ouvoAo Sebopévav £xel ta anotedéopata yia g rnpooopolnoelg Bl kat C1,
ota oroia Sev €yve 10 Brjpa 6 g mpoenedepyaoiag (Adjust=no) kat oto Brjpa 9
eMAEXONKe va ouvéuaotouv 01 5 VEUPIKEG ATIOKPIOEIS O [lid € TOV PETACKNIATIONO
max (Combine=max). Znpei®vetat 6Tt OToUG IT{VAKEG, Ol OEIPEG TOU @aivoviatl pe
KiTp1vo XpwHa avilotolyouv o€ npooopolnoelg pe Valid=yes, seva autég pe yadadio

avI1oTo1XoUV og npocopolnoelg pe Valid=no.

5.1 Anodoon Tafivountov oto LUvodo AcSopevav
CIFAR10

Ztov ITivaka 5.1 egetdletatl n anddoorn v ta§ivountov oto rpdBAnpa avayvopt-
ong avtikelpevou oto ouvodo Sedopévav CIFAR1O0 pe xprion tou RetModell. TIla-
pouotadovtat ta arnoteAéopata yia g pooopoiwoetg A2 kat D1 pe "Adjust=yes" kat

yia tg ripocopowwoelg Bl kat C1 pe "Adjust=no".

Ztov ITivaka 5.2 e§etddetatl n anddoorn tov ta§ivountov oto rpdBAnpa avayvopt-
ong avukelpévou oto ouvodo 6edopévev CIFARIO pe xprion tou RetModel2. Ila-
pouotadovtal ta arotedéopata yia 1§ rpooopowwoetg A2 pe "Adjust=yes" kat C1 pe
"Adjust=no".
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IMivakag 5.1. Mécon uun kat wmkn anokion mg anodoons v taflvountav oto
ovvojlo 6ebousveov CIFARIO (ITivaxag 4.1) ue xpnon tou RetModell (Evotnta 4.4)
yla tg mpooouowwoeg A2, D1, Bl, C1 (I[Tivakeg 4.4, 4.5). Ot ogipég mov gaivovtai
UE KITOWO XpWUa avtioToLyouv o€ Tpooouolwoels ue Valid=yes, v avteg ue yadado
AvTloToLOUV O TPOOooUowoels ue Valid=no.

Modell

Simulations A2 & D1 (Adjust=yes, Combine=max)
Classifiers
n_features (n) o5 =50.100 [MIP.nn/2| SVM | Random Forest
12 13.179% 15.687% 19.567% 30.890%
(Valid=yes. p=1) (+/-4.173) (+/-0.856) | (+/-0.000) (+/-0.241)
48 11.590% 15.378% 26.667% 39.208%
(Valid=yes. p=2) (+/-3.605) (+/-4.673) | (+/-0.000) (+/-0.300)
60 21.912% 20.537% 24.850% 41.365%
(Valid=no, p=1) (+/-0.365) (+/-0.730) | (+/-0.000) (+/-0.219)
108 11.147% 19.046% 31.550% 40.968%
(Valid=yes. p=3) (+/-2.972) (+/-4.575) | (+/-0.000) (+/-0.460)
[ 240 24.567% 25.283% 33.333% 40.740%
(Valid=no, p=2) | (+/-0.380) (+/-0.872) | (+/-0.000) (+/-0.585)
540 26.288% 27.186% 41.200% 40.945%
(Valid=no, p=3) (+/-1.264) (+/-1.108) | (+/-0.000) (+/-0.383)
960 26.895% 27.771% 47.083% 40.990%
(Valid=no, p=4) (+/-0.744) (+/-0.896) | (+/-0.000) (+/-0.320)
Simulations B1 & C1 (Adjust=no. Combine=max)
Classifiers
. features () MLP 500 _100 | MLP_n n/2 SVM Random Forest
12 18.027% 21.258% 19.150% 28.152%
(Valid=yes. p=1) (+/-0.422) (+/-0.204) | (+/-0.000) (+/-0.219)
48 28.501% 26.259% 30.700% 34.548%
(Valid=yes, p=2) (+/-0.304) (+/-0.318) | (+/-0.000) (+/-0.330)
[ 60 28.138% 25.254% | 32.333% 38.685%
(Valid=no, p=1) (+/-0.547) (+/-0.171) | (+/-0.000) (+/-0.518)
108 31.460% 30.054% 33.333% 35.667%
(Valid=yes, p=3) | (+/-0.387) (+/-0.422) | (+/-0.000) (+/-0.420)
240 32.063% 31.562% 30.167% 35.225%
(Valid=no, p=2) (+/-0.526) (+/-0.515) | (+/-0.000) (+/-0.369)
540 35.121% 35.685% 19.417% 36.255%
(Valid=no, p=3) (+/-0.277) (+/-0.517) | (+/-0.000) (+/-0.458)

5.2 Amnodoon Tafivountov oto LUvoAo AcSopevav

MNIST

Zrov ITivaka 5.3 e€etddetatl n anddoorn tev tagivountov oto rpdBAnpa avayvept-

ONg AVTUIKEEVOU oto ouvolo Hebopévov MNIST pe xprion tou RetModell. [Tapouot-

alovtat ta anotedéopara ya tg rpocopolnoelg A2 kat D1 pe "Adjust=yes" kat yla



5.3 Anodoon Ta§vopntov oto ZUvodo Aedopévav
Fashion MNIST

ivakag 5.2. Méon tun kat wmkn anokiion mg anddoons twv taflvountdv oto
ovvojlo 6ebouévav CIFARIO (ITivaxag 4. 1) ue xpnon tov RetModel2 (Evomnta 4.4) yia
¢ mpooouowwoeig A2, C1 ([Hivakeg 4.4, 4.5).

Simulation A2 (Adjust=yes, Combine=max)

Classifiers
" nfeatures (N o s e 00 [MIPnn/2] SVM | Random Forest
c 540 12.321% 10.117% | 31.650% 40.212%
S | Valid=no, p=3) | (+/-3.423) | (+/-0.151) | (+/-0.000) | (+/-0.389)
= 960 11.172% 10.288% | 34.900% 38.220%
(Valid=no, p=4) | (+/-2.628) | (+/-0.109) | (+/-0.000) | (+/-0.388)

Simulation C1 (Adjust=no, Combine=max)
Classifiers
HJeatres (W MLP_500_100 | MLP_n_n/2 SVM Random Forest
540 31.217% 31.893% 44.183% 39.302%
(Valid=no, p=3) (+/-1.081) (+/-0.703) | (+/-0.000) (+/-0.455)
960 30.903% 31.271% 36.300% 37.190%
(Valid=no, p=4) (+/-0.646) (+/-0.685) | (+/-0.000) (+/-0.312)

T1g ripooopolwoelg Bl kat C1 pe "Adjust=no".

Ztov IMivaka 5.4 egetdletat ) anddoon tewv ta§ivopntev oto poBAnpa avayvopt-
ong avukelpévou oto ouvodo dedopévov MNIST pe xprjon tou RetModel2. TTapou-
owadovtal ta arnotedéopara yla tig npocopolnoelg A2 pe "Adjust=yes" kat C1 pe
"Adjust=no".

5.3 Anodoon Tadivountov oto LUvoAo Acdopévav
Fashion MNIST

Ztov ITivaka 5.5 e§etddetatl n anodoorn tov ta§ivountev oto ipdBAnua avayvopt-
0ong AVTIKEIPEVOU oto oUvoAo Sedopévav Fashion MNIST pe xprjon tou RetModell.
[Mapouoiadoviat ta anotedéopata ya g rmpooopowwoetg A2 pe "Adjust=yes" kat C1

pe "Adjust=no".

Ztov ITivaka 5.6 egetddetatl n anddoorn tov ta§ivountov oto rpdBAnpa avayvopt-
ong avtukelpévou oto ouvodo Sedopévev Fashion MNIST pe xprion tou RetModel2.
[Mapouoiadovrat ta anotedéopata ya tg rmpooopowwoestg A2 pe "Adjust=yes" kat C1
pe "Adjust=no".
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IMivakag 5.3. Mecon uun kat wmkn anokiion mg anodoons twv 1aflvountav oto
ovvojlo 6gbopuévwv MNIST (ITivaxag 4.1) pe yprnon wou RetModell (Evotnta 4.4) yia
O1 ogipég moU eaivovtar Ue

¢ mpooouowwosig A2, D1, Bl, C1 (I[Tivakeg 4.4, 4.5).

KITOWO XpWUa avtiotoy(ouv o€ mpooouolwoelg ue Valid=yes, svo auvieg pe yaiadio
avtioToLoUV O TPOooouolwoels ue Valid=no.

Modell

Simulations A2 & D1 (Adjust=yes, Combine=max)
Classifiers
njeatures () 5256100 [MLP.n.n/2| SVM | Random Forest
12 44.269% 27.558% 47.167% 65.377%
(Valid=yes, p=1) (+/-0.955) (+/-5.680) | (+/-0.000) (+/-0.208)
48 56.251% 48.671% 72.967% 82.377%
(Valid=yes, p=2) (+/-1.502) (+/-1.433) | (+/-0.000) (+/-0.385)
60 68.492% 58.146% 72.033% 82.723%
(Valid=no, p=1) (+/-1.268) (+/-1.185) | (+/-0.000) (+/-0.262)
108 59.221% 59.208% 83.467% 87.838%
(Valid=yes, p=3) (+/-2.234) (+/-2.279) | (+/-0.000) (+/-0.160)
I 240 75.112% 75.376% 87.717% 87.975%
(Valid=no, p=2) (+/-1.885) (+/-1.019) | (+/-0.000) (+/-0.241)
540 T7.737% 79.301% 91.233% 89.300%
(Valid=no, p=3) (+/-1.146) (+/-1.964) | (+/-0.000) (+/-0.223)
Simulations B1 & C1 (Adjust=no, Combine=max)
Classifiers
n_features (N \or s 5100 [MIPnn/2| SVM | Random Forest
12 48.507% 34.019% 44.667% 55.225%
(Valid=yes. p=1) (+/-0.352) (+/-0.640) | (+/-0.000) (+/-0.285)
48 72.159% 59.804% 58.950% 74.032%
(Valid=yes. p=2) (+/-0.412) (+/-0.253) | (+/-0.000) (+/-0.374)
60 75.445% 65.940% 57.883% 76.327%
(Valid=no, p=1) (+/-0.402) (+/-0.486) | (+/-0.000) (+/-0.280)
' 108 78.693% 74.670% 44 .500% 81.632%
(Valid=yes, p=3) (+/-0.501) (+/-0.403) | (+/-0.000) (+/-0.200)
240 84.258% 83.844% 27.500% 82.165%
(Valid=no, p=2) (+/-0.390) (+/-0.495) | (+/-0.000) (+/-0.369)
540 87.844% 88.648% 16.317% 85.115%
(Valid=no, p=3) (+/-0.716) (+/-0.794) | (+/-0.000) (+/-0.221)

5.4 Amnodoon Tafivountwov oto LUvoAo AcSopevav

Imagenette

Ztov ITivaka 5.7 e§etddetatl n anodoorn tov ta§ivopntov oto ipdBAnpa avayvopt-

ong avukelpévou oto ouvodo dedopévav Imagenette pe xprion tou RetModell. Ila-

pouotadovtal ta arnoteAéopata yia tg rpooopowwoetg A2 pe "Adjust=yes" kat C1 pe

"Adjust=no".



5.4 Anodoon Ta§vopntov oto ZUvodo Aedopévav
Imagenette

Mivakag 5.4. Mcon tun kat wmkn anokion mg anddoons twv taflvounTtdv oto
ovvojlo 6ebopuévwv MNIST (ITivaxag 4.1) pe yxprnon tov RetModel2 (Evotnia 4.4) yia
¢ mpooouowwoeig A2, C1 ([Tivakeg 4.4, 4.5).

Simulation A2 (Adjust=yes, Combine=max)
Classifiers
& R feqtures () MLP_500_100 | MLP_n_n/2 SVM Random Forest
3 540 24.389% 12.740% 81.700% 8§8.417%
o (Valid=no, p=3) (+/-16.507) (+/-4.736) | (+/-0.000) (+/-0.292)
= 960 29.564% 11.384% 87.617% 89.442%
(Valid=no, p—=4) (+/-16.920) (+/-0.000) | (+/-0.000) (+/-0.111)
Simulation C1 (Adjust=no, Combine=max)
Classifiers
L. featres (1) MLP_500 100 | MLP_ n n/2 SVM Random Forest
540 79.795% 81.186% 74.467% 83.668%
(Valid=no, p=3) (+/-1.116) (+/-1.013) | (+/-0.000) (+/-0.302)
960 80.874% 84.104% 64.117% 85.195%
(Valid=no, p=4) (+/-2.188) (+/-1.648) | (+/-0.000) (+/-0.214)

ivakag 5.5. Méon tun kat twmkn anokiion mg anddoons twv taflvounTtdv oto
ovvojlo 6ebousvawv Fashion MNIST (ITivaxag 4.1) ue yprnon touv RetModell (Evotnta

4.4) yia g npooouowwoeg A2, C1 (ITivakeg 4.4, 4.5).

Simulation A2 (Adjust=yes, Combine=max)
Classifiers
i jeakires () MLP _500_100 | MLP n n/2 SVM Random Farest
- 240 66.742% 67.505% 76.687% 78.255%
3 (Valid=no, p=2) (+/-1.356) (+/-1.392) | (+/-0.000) (+/-0.238)
C] 540 70.440% 70.948% 80.657% 79.226%
= (Valid=no. p=3) (+/-0.941) (+/-1.841) | (+/-0.000) (+/-0.100)
960 69.933% 71.167% 79.616% 79.359%
(Valid=no, p=4) (+/-1.406) (+/-1.271) | (+/-0.000) (+/-0.126)
Simulation C1 (Adjust=no. Combine=max)
Classifiers
T Jeatires [y MLP_500_100 | MLP_n_n/2 SVM Random Forest
240 76.695% 75.911% 44.606% 75.684%
(Valid=no, p=2) (+/-1.006) (+/-0.586) | (+/-0.000) (+/-0.314)
540 78.853% 79.254% 19.323% 77.525%
(Valid=no, p=3) (+/-0.781) (+/-0.704) | (+/-0.000) (+/-0.197)
960 79.544% 79.591% 13.586% 77.718%
(Valid=no, p=4) (+/-0.609) (+/-0.694) | (+/-0.000) (+/-0.180)

Ztov ITivaka 5.8 e§etdletat n anddoorn tev ta§ivountov oto rpdBAnpa avayvopt-
ong avtukelpévou oto ouvodo dedopévav Imagenette pe xprjon tou RetModel2. Tla-
pouotadovtal ta arotedéopata yla tg rmpooopowwoetg A2 pe "Adjust=yes" kat C1 pe
"Adjust=no".
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IMivakag 5.6. Mcon tun kat wmkn anokion mg anodoons twv taflvountav oto
ovvojlo 6ebousvwv Fashion MNIST (ITivakag 4.1) pe yprnon touv RetModel2 (Evomnta
4.4) yia g npooouowoeg A2, C1 (ITivakesg 4.4, 4.5).

Simulation A2 (Adjusi=yes. Combine=max)
) Classifiers
- n_features (1) MLP_500_100 | MLP n n/2 SVM Random Forest
3 540 57.700% 59.808% 75.444% 79.125%
S | (Valid=no, p=3) (+/-2.267) (+/-1.096) | (+/-0.000) (+/-0.185)
s 960 56.576% 56.978% 77.707% 79.544%
(Valid=no, p=4) (+/-3.655) (+/-2.118) | (+/-0.000) (+/-0.190)
Simulation C1 (Adjust=no, Combine=max)
Classifiers
njratiresiy MLP_500_100 | MLP.n n/2 | SVM Random Forest
540 72.422% 74.012% 77.545% 76.776%
(Valid=no. p=3) (+/-1.582) (+/-0.962) | (+/-0.000) (+/-0.136)
960 73.192% 74.542% 64.434% 77.268%
(Valid=no, p=4) (+/-0.605) (+/-0.771) | (+/-0.000) (+/-0.159)

Mivakag 5.7. Mecon tun kat wnkn anokiion mg anodoons v taflvountav oto
ovvojlo 6ebousvov Imagenette (I[Tivaxag 4.1) ue ypnon touv RetModell (Evotnta 4.4)

yla g mpooouowwoeig A2, C1 (ITivakeg 4.4, 4.5).

Simulation A2 (Adjust=yes, Combine=max)

n_features (n) : Classifiers
MLP_500_100 | MLP._n n/2 SVM Random Forest

- 240 25.160% 25.648% 34.576% 44.905%
E (Valid=no, p=2) (+/-0.629) (+/-1.375) | (+/-0.000) (+/-0.200)
S 540 26.944% 27.403% 43.384% 45.964%
= (Valid=no, p=3) (+/-0.673) (+/-0.722) | (+/-0.000) (+/-0.238)
960 28.900% 28.589% 44.414% 46.364%
(Valid=no, p=4) (+/-0.592) (+/-1.479) | (+/-0.000) (+/-0.195)

Simulation C1 (Adjust=no. Combine=max)

Classifiers
n features (5 =50 100 [MIPnn/2 | SVM | Random Forest
240 36.070% 34.220% | 32.687% 43.665%
(Valid=ro, p=2) | (+/-0.423) | (+/-0.491) | (+/-0.000) | (+/-0.188)
540 39.416% 40.588% | 29.030% 45.108%
(Valid=ro, p=3) | (+/-0.616) | (+/-0.765) | (+/-0.000) | (+/-0.329)
960 40.488% 41.401% | 21.929% 45.087%
(Valid=ro, p=4) | (+/-0.464) | (+/-0.650) | (+/-0.000) | (+/-0.444)




5.4 Anodoon Ta§vopntov oto ZUvodo Aedopévav
Imagenette

IMivakag 5.8. M:con tun kat twwmkn anokiion mg anddoonsg twv taflvountdv oto
ovvojlo 6ebousvowv Imagenette (I[Tivakag 4. 1) ue xprnon touv RetModel2 (Evotnta 4.4)
yla tg mpooouowwoesis A2, C1 (ITivakeg 4.4, 4.5).

Simulation A2 (Adjust=yes, Combine=max]

Classifiers
p A fedtires () MLP_500_100 | MLP n_n/2 | SVM | Random Forest
3 540 10.917% 10.036% | 32.667% 45.933%
S | (Valid=no, p=3) | (+/-2.451) | (+/-0.119) | (+/-0.000) | (+/-0.160)
= 960 10.158% 10.109% | 37.444% 46.239%

(Valid=no, p=4) | (+/-0.073) (+/-0.111) | (+/-0.000) (+/-0.311)
Simulation C1 (Adjust=no. Combine=max)

Classifiers
n_features (Vs 255100 [ MLPnn/2 | SVM | Random Forest
540 30.923% 31.276% | 42.121% 45.598%
(Valid=no, p=3) | (+/-0.840) (+/-0.693) | (+/-0.000) | (+/-0.174)
960 32.227% 32.447% | 45.213% 35.152%
(Valid=no, p=4) | (+/-0.569) (+/-0.906) | (+/-0.316) (+/-0.000)
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5.5 Zuykrpttuikn AvdaAuorn ANOTEAEOPRATOV

Ze autrnv v evotnta, rapouotadoupe Kat oudnTtdpe Ta OUYKPITIKA aroteAéopata
T®V IPOCOPOINOERV TToU Sie§dyape. LUYKPIvOUPE ta d1adopetikd povieda apdiBAn-
otpoeldoug, ta draPpopetikd ouvoda ebopévev Kat toug S1aPpopetikoug TaSIvOunTEg
TTOU XProlponojoape. ApX1Kd, Tapouctadouple v avaluorn euaiobnoiag péowm da-
ypappatev (sensitivity plots), ta onoia cuoyetidouv v anodoorn KAOe ta§ivountn pe
TOV ap1lOpo TV VEUPOVKOV TTOU XP1olporo)fnkav og xapakinploukda (features). Ae-
UTEPOV, TTAPOUCIAOUHE 10TOYPANHATA [TOU CUYKPIVOUV TV artodoon 1oV Taivountev
Hetadyu v teoodpwv ouvodev dedopévav (CIFAR10, Imagenette, MNIST, Fashion
MNIST). 'Enetta, mapouoctaloupe 10T0ypapPpatd mou CUYKPIvouv TNV anodoon v
Tadvount®v avapeoa o€ IPOCOUOINOELS TIOU £yvav pe "Adjust=yes” K1 eKeiveg ToU
gywvav pe "Adjust=no”. Télog, mapouoiadoupie 10TOypAPpaATa ITOU OUYKPivouv tnv
arodoon v tadivopntov avapeoca oto RetModell kat oto RetModel2 yia 6Aa ta

ouvola 6ebopévav.

5.5.1 A§oAoynon tng andodoong T®v Taiivopntov cav ouvaptn-

C1] TOU aplOpoU TOV VEUPOV®OV

Me Baon ta dtaypdppata avdaduong euaiobnoiag sensitivity plots oto Zxrjpa 5.1
Kadl oto Zxnpa 5.2, priopoupe va KAVOURE PEPIKES XProteg tapatnproelg. Ipota
arn ‘'oAd, TapatnPOUHE 0Tl 000 TIEPIOCOTEPOUS VEUPWVES (1] n_features) xproiponolo-
UpeE, TO00 KAAUTePn) arodoon €XoUpE. LTiG MEPLO0OTEPEG MEPUTIOOELS, ETUTUYXAVOULE
Vv vypndotepn anodoon yia 540 veupoveg, eve dev apatnpeitatl repattép® PeAtio-
on yla napandve arod 240 veupoveg KAl €101KA yia rapanave arno 540 veupwveg,
onwg @atvetal ota daypdppata 5.1y, & kat 5.2y, 6. Asutepov, 10 Random Forest
arodidel otabepd KaAUtepa A6 TOUG UTTOAOUTOUS TASIVOUNTEG, aKOAOUOOUEVO ATIO
10 SVM Kat oto tédog, urtapxouv ot MLP ta§ivopntég pe ) xapndotepn anodoon oe
0Aa 11§ pooopolwoels. Qotdoo, otig ripooopolnoelg Bl kat C1 (6rou "Adjust = no"),
n arnodoon tou SVM @aivetal va katappéet petd ano 240 veupwveg. Tpitov, napa-
mpoupe ot ot tadivopntég arodidouv onuaviukd kKaAutepa ota ouvoda debopévwv
MNIST xat Fashion MNIST, emtuyyavoviag niepinou 80% axpiBela 1) ieplocotepo.
Ao v dAAn mAeupd, ot taivopntég ermtuyxavouv nepinou 40% ota CIFAR10 kat

Imagenette.

5.5.2 ZuUykplon tng anodoong tov Taivopntov petall tev ou-

VOAwvV Scdopévav.

Zto Zxnpa 5.3, oxediddoupe 1otoypdppata yla va ouyKpivoupe T peylotn a-
niodoon drapopetikwv ta§ivopntov petaiu CIFAR10 kat Imagenette kat peta§u MNIST
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kat Fashion MNIST. 'Onog avapépbnke rponyoupévag, srmdédape to Imagenette wg
éva Pedtiopévo ouvolo dedopévav (e1kOveg e UYPNnAOTEPT avAAuor) oe OXEOT HE TO
CIFARI10 kat 1o mbox Fashion MNIST »g €va 1o 6U0k0A0 Kat 1o repinmAoko ouvo-
Ao debopévav oe oxéon pe to MNIST kat yu dutd ta cuykpivoupe oe {euyapla. To
MNIST arnodidetr nepirmou 10% kadutepa anod to Fashion MNIST oe 6Aeg 11g mpo-
OOP01ROELG, H1a dlrapopd Iou €ival CUVENNG Pe ta anoteAéopata g BBAloypadiag
[20]. 'Ocov agopd 1 ouykplon petafu CIFAR10 xkat Imagenette, mapatnpoupe
dlapopetikd anotedéopata avaloya pe Tov Ta§lvopuntr Imou Xp1otlonoteital Kat 1o
povtédo appiBAnotposidoug. Zuykekpipéva, 1ooo 1o MLP 6oo kat to Random Forest
anodibouv kaAutepa pe 1o Imagenette. To SVM anodider kaAutepa pe to CIFAR10
xpnowponoiwviag to RetModell, sve arodidel kadutepa pe 1o Imagenette xpnoipo-

nowwvtag 1o RetModel2.

5.5.3 ZuUykplon tng anodoong teV ta§tvopntev petail tov npo-

copoloenVv pe "Adjust=yes” xai "Adjust=no"”

1o Zxnua 5.4, ouyKpivoupe ) PEYLIOT arodoon S1apopetikeV Ta§IvounTtov Je-
1adV 1OV IPOCOPOIMOER®V TTOU Mpaypatonow)dnkav pe "Adjust = yes” ratl eKeivev
ou npaypatornot|Onkav pe "Adjust = no”, ywa to CIFAR10 kat to Imagenette. Kat
yla ta 6uo ouvolda dedopévev napatnpovpe opota arnodoor. Random Forest aro-
616e1 mavta oxedov 1o 1610 1000 "Adjust = yes” yua ,000 kat yla "Adjust = no”. To
SVM pe "Adjust = yes” arnodidel kaAutepa yia 1o RetModell, eve to SVM pe "Adjust
= no” divel kaAutepa arotedéopata yia 1o RetModel2. 'Ocov agpopd ta MLPs, 6ivouv
otaBepd kadutepa anotedéopata pe "Adjust = no” kat yla ta 6Uo povieda apgiBAn-

OTPOoEIBOUG, £VH ATTOTUYXAVOUV eviedwg pe 1o "Adjust = yes” kat to RetModel2.

1o Zxnpa 5.5, ouykpivoupe ) péyiotn anodoon S1apopetikeV ta§vountov pe-
a8V 1OV IPOCOPOI®OER®V TTOU Mpaypatonow)dnkav pe "Adjust = yes” katl eKeivav
nou rnpaypatorniow)Onkav pe "Adjust = no”, yia to MNIST kat to Fashion MNIST.
Kat yia ta 6Uo ouvoda debopévav, 1o SVM kat 1o Random Forest anodidst kadutepa
pe "Adjust = yes”. Ta MLPs amobibouv kaAutepa pe "Adjust = no” xkat yia ta duo
poviéda apdiBAnotpoeldoug, Ve ArOTUYXAvouv eviedog pe "Adjust = yes” rat 1o
RetModel2 kat to MNIST.

5.5.4 ZuUykplon tng anodoong TV Tafivopntav petail twv po-
ViéAwv app18Anotpoerdoug.
TéAog, ouykpivoupe, yla 6Aa ta ouvoda Sebopévav, v anodoon dl1aPpopeTtkOV

tadivountwv petadu RetModell kat RetModel2, onwg @aivetat oto Zxnupa 5.6. Mia

apeorn napatpnon sivat ot 1o RetModell amodidet kadutepa (av kat povo yia Atyo
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0€ OPIOPEVEG TIEPUTIMOELS) Ao To RetModel2.

Sensitivity plot for CIFAR1O using RetModell
Simulations A2 & D1 (Adjust=yes)

Sensitivity plot for CIFAR10 using RetModell
Simulations B1 & C1 (Adjust=no)
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Zxnpa 5.1. Awaypdupara avaivong svaiodnoiag pue ypnon touv RetModell (Evdtnia
4.4) yia drapopetika ovvoda dedbousvov ([Tivakag 4.1), S1aPOPETIKES TOOCOUOIWDOELS
(ITivaxag 4.5) kai Sragpopetikouc ovvduaououg tapauetpov (ITivaxkag 4.4). (a) Zvvofo
b6ebouévav CIFARIO, mpooouowwoeig A2 & D1 ("Adjust=yes”). (B) Zuvodo debopévav
CIFARI10, mpooouowwoeig Bl & C1 ("Adjust=no”). (y) Zuvodo dsbopuévav Imagenette,
nmpooouowwoeig A2 & D1 ("Adjust=yes”). (6) Zuvofo bdebousvwv Imagenette, mpooo-

uowoeis B1 & C1 ("Adjust=no").
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Sensitivity plot for MNIST using RetModell
Simulations A2 & D1 (Adjust=yes)

Sensitivity plot for MNIST using RetModell
Simulations B1 & C1 (Adjust=no)
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Zxnpa 5.2. Awaypdupara avaivong svaiodnoiag pue yprnon tov RetModell (Evdtnia
4.4) yia drapopetika ovvoda dedboucvov (ITivaxag 4.1), S1aPOpETIKES TOOTOUOLDOELS
(ITivaxag 4.5) kat dSragopstikovg ouvduaououg tapauctpv ([Tivakag 4.4). (a) Zuvo-
7o 6ebopévwv MNIST, npooouowwoeig A2 & D1 ("Adjust=yes”). (B) Zuvojlo dedoucvov
MNIST, mpooouowwoesig Bl & C1 ("Adjust=no"). (y) Zuvojo dedousvwv Fashion MNIST,
nmpooouowwoelg A2 & D1 ("Adjust=yes”). (6) Zvvojlo éeboucvwov Fashion MNIST, mpo-
oouowwoelg Bl & C1 ("Adjust=no").
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CIFAR10 vs_IMAGENETTE with RetModell
Max accuracy by classifiers

CIFARL0 vs_IMAGENETTE with RetModel2
Max accuracy by classifiers
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Zxnpa 5.3. Zuykpion g uéytotg anodoong twv tallvountav uetalt S1apopeTikov
ovvoflawv bdeboucvov (I[Tivaxag 4.1) yia ta dvo poviéia augibinotposibovg (Evomnta
4.4). (a) Zuyrkpion ustalvu CIFAR1O kair Imagenette yia 1o RetModell. (8) Zvuykpion
uetalv CIFAR10 kai Imagenette yia 1o RetModel2. (y) Zvuykpion puetalu MNIST xat
Fashion MNIST yia to RetModell. (6) Zuyrkpion ustalv MNIST xat Fashion MNIST yia

10 RetModel2.
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Zxnpa 5.4. Zuykpion mg pueylomg anodoons tov 1allvountov uetall TV Tpooo-
uowoewv ue "Adjust=yes” kar aviov ue "Adjust=no” (I[Tivaxa 4.4) yia diapopetka
ovvojla dedoucvov (ITivakag 4.1) kat yia ta dvo povtéfla augibinotpocidbovg (Evotn-
wa 4.4). (a) Zuykpion yia 1o CIFARI1O ue xpnon touv RetModell. (B) Zuykpion ya
70 CIFARI1O ue xpnon touv RetModel2. (y) Zuykpion yia to Imagenette ue xpron tov
RetModell. (6) Zuykpion yia 1o Imagenette ue yprnon tov RetModel2.



5. AnoteAéoparta

MNIST and RetModell MNIST and RetModel2
- Max accuracy by classifiers and 'Adjust=yes/no’ - Max accuracy by classifiers and 'Adjust=yes/no’
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Zxnpa 5.5. Zuykpion g pugyomg anodoons tov tallvountov uetall v Tpooo-
uowoewv ue "Adjust=yes” kar aviov ue "Adjust=no” (ITivaxa 4.4) yia diapopetika
ovvofla 6eboucvov (ITivaxag 4. 1) kat yta ta 6vo poviéda au@i6inotposibovg (Evotnta
4.4). (a) Zvykpion yra to MNIST ue xpnon wouv RetModell. (B) Zuykpion yia to MNIST
ue xpnon tou RetModel2. (y) Zuykpion yia 1o Fashion MNIST ue ypron tou RetModell.
(6) Zuykpion ya to Fashion MNIST ue xpron tou RetModel2.
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Zxnpa 5.6. Zuykpion g UEYLoTng arnodoong tov 1alvountov avaueoa ota Hovieia
au@6inotpocibovg RetModell kat RetModel2 (Evotnia 4.4) yia dAa ta ovvofa bebo-
uévav (Ivaxag 4.1). (a) Zuykpion oto CIFARIO. (B) Zuykpion oto Imagenette. (y)
Zuyrpion oto MNIST. (6) Zuykpion oto Fashion MNIST.
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Z10X06 ¢ SUmMAepatikng epyaociag nrav o oxedlaopog evog ouotiatog Ae1toup-
VKNG agloAoynong mpokeéVou va ouykplOel n anddoorn S1apopetikiV HOVIEADY
ape1BAnotpoeldoug oe TIPOBATIATA AVAYVOP10NG E1KOVAG KAl CUYKEKPIIEVA, OE TIPO-
BAnpata avayveplong avikelpévoy Kat yneiev. Ot mpo1eg Ipooopolwoelg £6e1i§av
OTL 000 TIEPIOOOTEPOL VEUPWVEG XPNOHIOIIOI0UVIAL ®G XAPAKINPIOTIKA Yld TOUG Td-
Slvountég 1000 KaAutepn eivatl n anodoon tou poviédou. Me Bdon autd, mpoora-
9rjoape va augriooupe teXvVNTA TOV MEPLOPIOPEVO aplBpo dabéomv veupwvev (60
OTNV MEPIMTIOOT] Pag) T®V NOVIEA®V apd1BANotpoe1doug, MPOKEIPEVOU VA AU |COUNE
Vv arodoon dadpopwv tasivopunt®v. I'a va 1o ermuyoupe auto, Xopioape v Kabe
€KOVa OE EmMPEPOUG KOPPATa Kat tpopodotrioape Kabe éva and auvtd exoplota
oto poviedo ap@diBAnotposidous. Katd 1 Hidpkrela tov mpocopoiwosmv, avaluoape
Hla og1pd epOTNUATOV OXETIKA P ta Brjpata npoemneiepyaoiag, ) Xpron dapope-
TIKGOV 0UVOA®V Hedopévav Kat ta§ivopntedv Kat tnyv arodoon TV PovIEA®V apdiBAn-
otpoetdoug. Ta amotedéopata, onwg rapovotactnkav oto Kepddaio 5, oxoAiadovrat

MAPAKATR.

6.1 XZupnepaopata

6.1.1 TIIpoenefepyaocia AeSopEvav

'Onwg napouotaletatl otov I[ivaka 4.3, apKeTEG MAPAPETIPIKEG ATIOPAOELS XPEL-
aetat va AngBouv urow v Katd )V MPoernedepyaoia tov dedopévav. Zuykekpipéva,
npérnet va arodaototel (a) av 9a vdoronOei 1) 6x1 n enavinon twv dedopévav, (B)
av 9a §1axmp1otouv 1] 0X1 01 EIKOVEG KAl OTNV MEPIITOOT MOU S1aX®P10ToUV o Ttood
unpata, (y) av 9a vdorownBei adjustment mpwv tpodpodotnOovv oto poviédo apdt-
BAnotpoeidboug, (6) av Sa emdexBouv 1) oyt ot (valid) £éykupotl veupwveg Kal TeAKA
(€) av Sa mpémet va xpnotporoBel min 11 max PeETAoXNIATIONOG TIPOKETHIEVOU va
ouvduaotouv o1 PUBPOL VEUPGVIK®V ATIOKPIOEDV TV EMPIEPOUS KOUUATIOV NG £1-

KOvag. Medetjoape 6Aeg autég TS ArodAoelg, He OKOmo v PeAtiotonoinon ing
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arodoong 10U POVIEAOU. LUYKEKPIREVA, Ol IMIPOCOHOIOoelg avedel§av v onpaocia
g enauvinong 8edopévav yia v arnodoon TV ta§lvountov, arotéAeopid rmou Epxe-
a1l og oUpQGVia pe ouvhBelg Paktikeg g Mnyavikng Mabnong [43]. EmurmAéov,
delape 611 600 MEPIOOOTEPOL VEUPHOVES XP1OIHOTTONO0UV WG XAPAKINPIOTIKA TRV Ta-
Svountov, 1600 kadutepa autoi arnodibouv. I[Mapdda autd, n XpPHor MEPLOCOTEP®V
aro 540 (9 * 60) veupwvev dev audavel mepAtép® Vv £rmidoon v ta§ivountov.
Axopa, untobetoupe ot Sapepidoviag urePBOAIKA Pa £1KOVA O€ UTIOTUN AT, Td a-
ViKeipeva g e1kovag otapatdve va eivat aviAnImd, Kat OUVEn®g To IpoBAnpa mg
aAvayveoplong avikepevey ekpuAiletat. Qg ek ToUToU, cUpepAvape nwg n diaipeon
oe 4 11 9 tunpata/pépn sival apketr) ya va dwoet upndég anodooelg ota POVIEAd.
Emnipoobeta, ouvduddoviag 1oug pubpoug VEUPIK®V ATIOKPIOERDV TRV EMTIPIEPOUG KOP-
HATIV pag E1KOVAG HE T0 max PETaoXNPatiopo angdide pe ouveneia KaAutepa aro
1OV petacXnNpatiopé min. Auto onpadivel 0Tl KPATApE J1OVO TOUG VEUPROVEG TIOU d-
MOKP1VOVIal KAAUTEPA OTa OIMTIKA £peBioliata 10 Oroio £PXETAl O CUUPGVIA PE TN
Aettoupyia t@v Blodoyikov veupwvav. Tédog, ta arnotedéopata unedei§av ot to ad-
justment tov e1kOVRV, ONwg reptypddetat oto Kepadato 4.5, propet va rapaineOet
dedopévou o1t 10 poviedo apdiBAnotpoetdoug arodidetl e§icou KaAd Kal XwPI§ AUTH)
) Sadikaoia. Autd épxetatl o aviiBeon e TOV TPOIO TOU KATAYPAPNKE 1] ATIOKP1-
O TV YAYYAlaKeV Kuttdpev otig epyaoieg [12], [28]. [Tapoda autd, Baociopévol ota
nielpdpata tou [apaptnpatog A, Hropoupe va 10X UPLOTOUHE OTL av 6@OOUHE OTO HOo-
viedo apdiBAnotpoelboug Tepinou 6éka emavaAnyelg g idlag eikovag, auto eivat

UPKETO Y1d vd TIAPOUNE IKAVOITOUTIKEG ATOKPIoElg arnd ta KUttapd.

6.1.2 XuvolAa Acdopévov

Epeuvrioape akopa 1o g n anodoon 10U PoVIEAOU S1apoporiolEital oe OXEON
He 1o PoBAnpa avayvoplong 1kovag Kat KAtd OUVETTELd O 0X€0T PE TO0 OUVOAO Oe-
6ol1€vav Tou Ypnoponoteitat. Apxikd, xpnotuonowjoape to CIFAR10 kat to MNIST
®g baseline ocuvoAa 6ebopévav. Iin ouvéxela, SoKIpAoApE KAl 0 oUvOeTa cuvola
debopévev onwg to Imagenette kat to Fashion MNIST. EmAé§ape to Imagenette
®G OUVOAO Hedop€vmv TIOU TEPIEXEL E1KOVEG UWPNAOdTeEPNS avaiuong amno to CIFARIO,
OTOXEUOVTIAG HE AUTOV TOV TPOTIO vad €XOUHE UPNANG avAaduong €1KOVEG aKOPA KAl
apotou g dlalpéooupe oe urotpnpata. ErurAéov, ermAéSape to Fashion MNIST
®G £éva HUOKOAOGTEPO KAl TTI0 OUVOETO oUVoAo Sebopévev ouykpitika pe 1o MNIST.
ZUpgpeva pe ta anotedéopata, @aivetatl ot n avaduon g ewkovag Hev eival t106o
ONMavilkog rapdyoviag yia v anodoor tou poviedou. To CIFAR1O0 armoteldeitat
ano ekoveg peyeboug (32,32) kat Hedbopévou o1l kABe sikdva dralpeital os 4 €mG
Kat 16 mpfjpata kat petd kabe tpnpa petacynpati¢etal o péyebog (50,50), apa-
wmpoupe ot to CIFAR10 mapéxet e1kOveg MOAU XapunAng avdaiuong. Qotoco, eve 10

Imagenette mepiéxel elkdveg oAU uYnAdtepng avdaduong, dev arodidet e§ioou ka-
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Autepa oe oxéon pe 1o CIFAR10, Kat 0og KATOlEG MTPOCOUOIDNOELS PaAtlota arnodidet
Xepotepa. Av eriong ouykpivoupe kat tv anodoorn ota CIFAR10 kat Imagenette
pe v akpiBela ota MNIST kat Fashion MNIST, niapatnpoupe ot np artodoon ota
tedevutaia eivat Surddoia anod ta rnpota (nave and 80%) akopa kat av ta MNIST kat
Fashion MNIST anaptidovtat ano eikoveg peyeboug (28,28). Me Bdon autn t onpa-
vukr) Stapopd otnv anodoon petady twv CIFAR10/Imagenette kat MNIST/Fashion
MNIST, untoBétoupe ot 01 HoPKEG HlaPopég Toug eival €vag KOpBIKOg mapayoviag.
Ot e1ko6veg 1000 oto MNIST 600 kat oto Fashion MNIST €xouv ta avuikeipeva mpog
Tadvopunon Torobetnpéva oTto KEVIPO £V TA UMOAOUTA TN PATA/PEPN TG EKOVAG
anaptioviat and oxkotewva pixels. Ta CIFAR10 kat Imagenette, amo tnv aAAn, a-
raptidovial arno MPAyHATIKEG E1IKOVEG 01 OTI0ieG aroteAouvial ano MoiKida xpwpata
Kal OXNPata Kal Ta avikeipeva propet va eivatl tornoBetnpéva oe 0Ao 10 Aaiolo
g ekovag. Omote, autn n drapoporioinon Sa pPnopouvoe va gival TTOAU ONIAVIIKY,
b6edopévng ng 1610TaAg ToU PAToU va aviildpd POVO 0 XDPOXPOVIKEG METABOAEG
petadu Slapopetk®v ekOVeV. Aut 1 1610tnta euvoei tooo to MNIST 6o kat to
Fashion MNIST, ota omoia to povo PEPOG TG £1KOvVAg Tou petaBalldetal sivatl to

AvVUKePEVOU TIPog tagivopunon).

6.1.3 Ta§ivopntég

Axopa, egetaoayie oot ta§ivopuntég anodidouv kaAutepa o T€T010U £160Ug TTPOo-
BArpata. Metd aro apy1Koug MEPAPATIoNous, KataAniape oty ermAoyr) twv MLP_-
500_100 (peyebog apyxikou orpopatog = 500, péyebog kpudpou orpopatog = 100),
MLP_n_n/2 (péyebog apxikou otpopatog = n, péyefog Kpugpou otpouatog = n/2,
orou n = ap1Bpog v xapakinploukov features), SVM (kernel=Tbf’) kat Random
Forest (max_features=12). Metafu autwv, 1o Random Forest anodeixbnke kat era-
vAaAnyn va eivat o mo anodotikog tagivopntrg. AKOpa Kat av 1o SVM 1poocéyyloe
] KAl §EMEPAOCE O€ KATIOIEG TTPOCOUOINOELS v akpiBeia tou Random Forest, 6ev

anédwoe e§i00u KaAd oe 6Aa TG MPOCOOIMOETS.

6.1.4 Movtéda Apgpi8Anotpoerdoug

210 1eAKO 01ad10 g epyaociag, epappooape t) AETOUPYIKY a§l0AOYN 0T IIPOKEL-
HEVoUu va ouyKpivoupe Vv anodoorn 6U0 61apopeTiK®OV PHoviEAov apd1BAnotpoe1doug.
Ta arotedéopata £6e§av o1t ta povieéda appiBAnotpoeldoug pe 1o XapnAotepo PEco
TETPAYOVIKO OPAApa anedmoav KaAUtepo 0 OAO TO €UPOG TV AEITOUPYIKAOV ITIPOCO-
HOIOOE®V. LUVENOG QAiVETAl OTL 1] AEITOUPYIKL a§l0Aoynon €ivat oUpQ@vH He TV
KaOlEpwPEVn TEXVIKY aglodoynong. Qotdco, aflodoymviag AEITOUPYIKA TO0 HOVIEAO
€XOUPE TO TTAEOVEKTINPIA OTL AapBAvoupe Pla APECT) EKTIPNOL TOU OG0 KAAd €va
eppUTeUpa S9a Propouoe va arodmoel otnVv mpddn otd £KACTOTE AEITOUPYIKA IIPO-

BAnpata.
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6.2 IIlepropiopoi tng Aettoupytkryg AStoAdynong

Katd v ekniovnon auvtrng ng epyaociag, fpdape aviip€i®mnot pe apKeIoug ePlo-
plopoug. O TPWTIOG TIEPIOPIOHROG £XEL VA KAVEL HE TNV ATIO6001 TV EPPUIEUPATOV
apP1BANoTPoE1BoUg 0 AETTOUPYIKA MPOBANHATA, OIS I AVAYVAOPIOL AVIIKEIPIEVOU.
Zuyrekpipéva, ta 61aboipa nAektpodla ota spuielpata IapeXouV £vav IeEPlo-
PLOPEVO aplOPo VEUPIKOV ATTOKPIOE®V KAl OUVEN®G Td POVIEAd apdiBAnotpoeldoug
ektaidevovial oto va TPoBAETIOUV ATIOKPIoEIS POVO Y1a PEPIKOUG veupmveg. TTapola
autd, KAl ta AEITOUPYIKA MPoBAnpata g MPAaypatkng {®rg arattouv £yXpOHES
€1KOVEG UPNANG avaluong, aAdd Kat Ta Povieéda PUnxavikng pabnong anattouv oe-
dol1éva e évav emapkrn aplbpo XApaKINEIoTIK@®V OOTE vd Arod®oouv KAaAd. Autd
dnpoupyel poBANpa ox1 povo otav mpootiaboupe va XPro1HoNoIN0oUHE JoVIEAa
ap@1BAnotpoe1boug otnv ertiduon PoBANPATeV tadlvounong avikepévoy aAdd Kat
Katd tov oXedlaopo mpoofetikav pedodv apdiBAnotpoeidoug mou Sa priopouvoav 1da-
VIKA Va 1KAVOITO|00UV TIG AETTOUPYIKEG avAayKeg TG Kabnuepwvotntag. ‘AAAog evag
TIEPLOPIOPOG APopd TNV eMAOYT] NG PEBOSOU 1OVIEAOTTOINONG TOU OITIIKOU CUCTHA-
10G. Ao (10AOY1KI) OKOIUd, TO OITTIKO HOVOITATL Hev ePIEPIEXEL POVO TNV VEUPIKN
ene§epyaoia otov ap@pBAnotpoetdr], aldd KUping EPMEPIEXEL P1A VEUPIKY| EMESEPYA-
ola ota omuKAa KEVIpa TOU eyKepdAdou, ta oroia sival unevbuva yla uyndotepng
1éd&ng Acttoupyieg, OM®G I AVAYVOPION AVIIKEPEVOV. L& AUTH TV €pyaocia, er-
A&€ape va eneepyaotoUlie TIG VEUPIKEG ATTOKPIOEIS P tapadooiakoug tasivounteg
Mnxavikng Mabnong. Mia evadlakukr) rpoogyytorn Sa priopouoe va givat n Xpron
APXITEKTOVIKQV Babiag pdabnong mpoKeiévou va PovieAornoinOouv ta OITtiKA KEVIPA
TOU eyKeQAAou. AuUTr I TIPOCEYYIOTN €XEL Xprolponoindel oe £psuveg pe UPnAo a-
VTIKTUTIO OtV B10A0Y1KY] 0pa0T), € OKOTIO 1] HEAETN TOV PNXAVIOH®V TTIOU AapBavouv

Xwpa otov apdiBAnotpoetdn [44].
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EniAoyog

7.1 Zovoyn

Ze auvtv 1 Sumlepatikn epyaocia, Sigpeuvrioape to MPOBANPA tng Aettoupyt-
KI)G a§l0A0ynong t@v PoviEA®V apdiBAnoTpoeldoug te I XPron TEXVIKOV PnXavi-
K1)G pabnong. Asi§ape nog va oUyKPIvoOURE AEITOUPYIKA TV artdod00r) 51adpopeTik@V
poviedav appiBAnotpoeldoug oe mpoBAnpata avayvoplong AvIKEIEVOU KAl ava-
yvoplong yneiov Kal dnpioupyrjoape tig avaloyeg MPOCOHOINCELS Yld AUTOV TOV
OKOTIO. XUYKEKPIPEVA, Xpnotponojoape ta ouvola dedopévov CIFAR10, MNIST,
Fashion MNIST kat Imagenette kat ekrtaidevoapie kKowvoug taivoprnteg, onwg MLP,
SVM kat Random Forest. AapBavoviag unoyn tov mneploplopévo apbpd dabéot-
POV VEUPOVOV TIOU TIAPEX0VTAl drtd 10 PoviEAo Tou apdiBAnotpoeidoug, dtayxwpioape
TG €1KOVEG 08 TUNPATA/PEPT KAl O OUVEXEWd TpoPodotrioape KAbe turpa Sexwpt-
OTd 01O POVIEAO TOU apP1BANotpoe1doug, Mote va ausnooulEe TEXVITA ToV aplOpo tov
VEUPIK®V anokpioewv. Me Bdon autnv v 16€a, dnpioupyroape kat BeAtiotonorjoa-
pe évav alyopiOpo mpoerneiepyaciag twv eKOVOV. Alarmotodoape Ott 0 ta§lvountig
Random Forest emituyxdvet tnv vynAotepn enidoon Kat o1t ta povieda amodibouv
KaAutepa pe ouvola dedopévav ontwg to MNIST kat to Fashion MNIST, orou ermt-
uxape axkpiBela éwg kat 90%. Ermumdéov, Siarmotwoape o1t 1 Xpr|orn MEPIOCOTEPDV
VEUPOVOV BEATIOVEL T] OUVOAIKIY] anddoorn ToU PoVIEAOU, uroypappidoviag €10t v
avaykrn oxedlaopou npoobeTik®v appBAnotpoe1dov e peyadutepo aplbpo 61abeot-
BV ndektpodiov. TéAog, epappooape ) AETOUPYIKn aSloAdyNon IPOKEPIEVOU va
ouykpivoupe tnv anodoon dUo drapopetikev poviedov appiBAnotpoeidovg. Ta aro-
tedéopata £de§av Ot urapyxel oupgavia petadl g Kablepapévng Kat g Aettoup-
yikng adloddynong, kabog ta dUo poviéda sixav napopola anodoon kat otg duo

TEXVIKEG.
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7.2 MeAAovuikeg IIpoertaoslg

LXEUKA HE TNV MEPATTEP® AVATTTUSH £VOG MAA1010U Aettoupy1kng aloddynong po-
VIEdov apgiBAnotposldoug, mpoteivovial eviiapEpouoeg PEAAOVTIKEG KATEUOUVOEIG,

rou Sa propovuocav va augrjoouv v aglorotia tg. LUYKEKPTHEVA TIPOTEIVETAL:

e Na epappooTel 1] TEXVIKY NG AEITOUPYIKLG A§I0AOYNONG O TEPLO0OTEPA 11O-

viéda apdiBAnotpoelboug pe S1aPopeTIKY APXITEKTOVIKD.

e Na peldendei n Aettoupyikn a§lodoynorn oe dl1aPpopetikd mpoBAnpata, onwg n

avayveplor Mpoo®IIou 1) aviXVeuor] Kivnong.

e Na yivel xprjon poviedov Pabiag pdbnong mou va meptypdpouv td OmTiKda
KEVIPA TOU eyKePAAou, avii tov napadootakev ta§ivopuntov. Me autdv tov
TPOTIO, 1] AVIXVEUOT] AVIIKEIPMEVOV KAl AAAEG UYPNAOTEPEG OTITIKEG AEITOUPYIEG

evdéxetal va €xouv KaAuteprn amnodoor.

e Na yivel xprjon poviédev Babidg pabnong, ta oroia 9a efayouv ta onpeia
evdlapépoviog oe KABe e1kova kat Sa KateuBuvouv IPog ta €KEL TNV OITIIKY)

MPOCOoXI] ToU apd18Anotpoeldn.

e Na pedenBel edv untapyetl CUYKALOT (1] artOkA101) otr Ae1ToUpy 1KY agloAdynon
€VOG POVIEAOU appBAnotpoeldoug Kal ot XPHoI AVIIANITUKOV EIKOVRV (per-
ceptual images). Ot avilAnmuikég €1KOveg reptypdpouv pa pebodo ormko-
noinong g anodoong evog poviédou, petappaldoviag (decoding) tnv veupikr)
dpaotplotnta oe e1KOVEG TIOU propel va aviidndBei o avbpwriog (perceived,

"mental" images) [45].
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Mapaptnpa

EnavaAnyeig £1KOVOV 0T0 XPOVIKO OUVO-

Ao dedopevav

Katd ) Sidpkela g mpoernesepyaoiag dedopévav xpelddetal va anopacicoupe
oV aplOpo eV emavaAnypemv oto XPoviko ouvodo dedopévav (temporal dataset).
Agbopévou ot kABe ypappr) tou temporal dataset £€xel 1ooa kapé, 60eg KAl 1 peta-
BAntr) "temporal_interval”, xpetddetal va anopaocicovpe néoa and avtd ta kape Sa

AroTeAOUV MPAYHATIKEG E1KOVEG KAt rood Ya sivatl pavpa kapé (Exnpa A'.1).

e eedagetsged 84 ) 4 14 | ] 1 ] ]

Ixnpa A'.1. ITapddeyua pag yoauung oto temporal dataset.

IMa va ndpoupe autrv v anopaor, de§ayape éva neipapa omnou cuykpivape
TIG VEUPIKEG ATIOKPIOE1S TOU KAOE VEUp@VA OUVAPTIOEL TOU aplOPoU TV PAYHATIKOV
€1IKOV®V TIOU Xpnotporo)dnkav oto temporal dataset. Xuykekpipéva, oxediaocape
dlaypdppata pe ) péon T Kat v TUITKI artdoKA10T) T@V VEUPIKQOV ATIOKPIoE®DV
yla Kabe Srapopetikd apibpo e1KOVeV Iou Xprotponotr|dnkav oto temporal dataset.
Zinv nepinoor) pag, 10 PEYI0To PNKog KABe oepdg (dndadr n petabAntr) "tempo-
ral_interval”) etvat ico pe 30. Z1o Zxnpa A'.2 @aivetal éva mapddelypa pe toug Tpeig
drapopetikoug turnoug daypappdiev rou oxediacape, eve otov [Tivaka A'.1 gaivo-
viat ta Saypappata péong Tpung/ Turkng anokA1ong yia 8 S1adopetikoug VEUPWVES

(arté toug 60).

lMa va evrorticoupe g S1EYEPOEIS TOV VEUPMOV®VY, UIIOPOUHE va eAEyoupe eite
otV apxn v daypappdiev (1 — 5 pota kape), orou o apdiBAnotpoedng PAEmet
yla Ip@tn @opd Vv e1kova, eite ota 20 — 30 tedeutaia kapé, 6rtou o apdiBAnotpoet-
O01g otapatdast va PAgnel v ekova. Autr) 1 napatnpnon Paociletatl oy 1616tnTa
T0U ap@BAnotpoeldoug va Sieyeipetal Hovo aro XWPOXPOVIKEG PetaBoAég petady ou-
VEXOPEVOV KAPE e1KOVaV. 'Onwg @aivetal otov ITivaka A'.1, o1 TiEP1OXEG AUTEG (OTnV

MOAU apyr] 1] TOAU TEAOG) 1 TUITIKI] AMOKA1On €ival MOAU MK, Unodelkvuoviag



Hapdpmpa A'. EnavaAnyeig e1KOV@V 010 XpOoviko ouvolo dedopévav

0Tl O1 VEUPWVEG £XOUV IAPOI01A CUHPIEPIPOPA AveSAPTNTa aro Vv £1Kova £10660u.
Qotoo0, av 9édoupe va metuxoupe KaAutepn tadivopnorn, evilapepdpaocte yia Ie-
P1OXEG TIOU £XOUV TNV UPNAOTEPT ATIOKA10T. AUTO Y1aTi TIEPTPIEVOUE OTL O1 VEUPWVES
Sa €xouv Srapopetikn) ouprepldpopd ya 11g S1dPpopeg e1KOVEG Kt apa, Ja propoupe
Va TG Ta§IVourooupe av eAEySOUE T CUPIIEPIPOPA TRV VEUP®OV®V. Baoilopévol ota
MApaKAIe® diaypdppatd, apatrnPoUpe OTL Ol TIEPIOXES HE T HEYAAUTEPT] ATTIOKALON
kupaivovtat petagu 10 kat 15 ewkdévov. Enopéveg, ouurnepaivoupe ot av 9édoupe
10 Poviédo apdiBAnoTpoeldoug va anodmoel KaAutepa oe IPoBAnpata avayveoplong
EKOVOV, 01 oe1pég oto temporal dataset Sa mpénet va mepiExouv évav apibpo elkovev
petagu 10 kat 15.
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Ixnpa A'.2. Alaypdupata Tou avanaplotovv TG VEUPILKES AmoKpIoElS TOU Veupwva_b
ouvaptnoet 1ou OlaPOPETIKOU apldUoU eKOV®OV Ot Kdde ocipd. e kade Siaypauua
bivouue S1aPopeTiko apldUod EIKOVOV w¢ €000 OTO UOVTEAD Kal avtiotolya TajpVoOUUE
Swagpopetiko apduo e§06wv (dnfdadn veuptkwv anokpioewv). Zto Zyrnua A2y, oxe-
6radouue 10 Srayoauua péong tung/ unukne anokaong, kKadwg Sivouue TeVTaKooieg
g1Koveg w¢ ioodo.



Mivakag A'.1. Awaypdupara Héong Tung Kat TUTKNG anokiiong yla oxto d1agopett-

KOUC VEUPWUVEG.
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