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Abstract

Autonomous Driving Systems (ADS) require some additional concerns regarding safety, regu-
latory, and hardware specifications. The perception module, the first in the ADS’ pipeline, is
frequently pointed as the most important since it requires real time reliable responses to act ac-
cordingly to the surrounding environment. This module highly relies on machine learning, ben-
efiting the most with precise, yet simple and efficient computer vision algorithms. A promising
paradigm in efficient machine learning is that of Spiking Neural Networks (SNNs) and although
the field is maturing, with both biologically plausible unsupervised learning and supervised learn-
ing demonstrating positive results, it is still not clear if the current state-of-the-art is suitable for
real-world applications such as ADS.

In this work, we address several SNN algorithms and assess their suitability for ADS’ percep-
tion modules, supported on Light Detection and Ranging (LiDAR) data. We start by experiment-
ing with several hyperparameters and evaluate the SNN algorithms on common benchmarking
datasets. We then propose a LiDAR spike-encoding scheme and demonstrate that SNNs perform
on par with conventional Artificial Neural Networks (ANNs) of approximate architecture on this
kind of data.

Overall, some SNN algorithms are still not ready for complex real-world applications, but
since LiDAR data is potentially sparse, it could benefit from SNNs which, by nature, are suit-
able for asynchronous and sparse event streams. Nonetheless, LiIDAR spike-encoding is still an
open research question, and the top-performing SNN algorithm is to be proposed, although super-
vised learning, supported on backpropagation and surrogate gradients, seems the most promising
direction.



il



Resumo

Sistemas de conducdo auténoma requerem cuidados adicionais em relacdo as especificacoes de
seguranga, regulacdo e hardware. O moédulo de percecdo, o primeiro médulo do pipeline dos
sistemas de condugdo auténoma, é frequentemente apontado como o mais importante, uma vez
que exige respostas em tempo real e confidveis para agir de acordo com o ambiente envolvente.
Este médulo esta altamente dependente de machine learning, sendo que seria o maior beneficirio
de algoritmos de visdo por computador precisos, e a0 mesmo tempo simples e eficazes. As Spiking
Neural Networks (SNNs) apresentam um paradigma promissor em machine learning eficiente
e, embora a drea ainda esteja em desenvolvimento, com a aprendizagem supervisionada e ndo
supervisionada a apresentar resultados positivos, ainda nao € claro se os resultados do estado da
arte so apropriados para aplicacdes no mundo real como nos sistemas auténomos de conducao.

Neste trabalho, abordamos varios algoritmos baseados em SNNs e avaliamos se sdo apropria-
dos para implementacdo em mdédulos de perce¢do de sistemas auténomos de condugao, suportados
em dados LiDAR. Comecamos por experimentar varios hiperparametros diferentes e avaliamos os
algoritmos em datasets comuns. De seguida propomos um esquema de codificagdo em spikes para
os dados LiDAR e demonstramos que as SNNs obtém performances semelhantes com as obtidas
pelas redes neuronais artificiais tradicionais com arquiteturas semelhantes neste tipo de dados.

No geral, alguns algoritmos de SNN ainda ndo estdo preparados para aplicacdes complexas
no mundo real, mas uma vez que os dados LiDAR sao potencialmente esparsos, podem beneficiar
com a aplicacdo de SNNs que, por natureza, sdo adequadas para fluxos de eventos assincronos e
esparsos. No entanto, a codificacdo dos dados LiDAR em disparos é ainda um tema de pesquisa
aberto, e o algoritmo de SNN com a melhor performance ainda estd para ser proposto, embora a
aprendizagem supervisionada, suportada na retropropagacio e gradientes substitutos, parece ser a
dire¢do mais promissora.
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Chapter 1

Introduction

1.1 Context

According to the World Health Organization’s state of the road safety report in 2018 [1], the
number of road traffic deaths was around 1.35 million worldwide, which corresponds to almost 3
deaths per minute. Estimates also show that 20 to 50 million people suffer non-fatal injuries that
may cause long-term disabilities. Although some accidents may be owed to weather conditions
(slippery roads from rain, or snow), the road condition or even to some defects in the vehicle,
human error is pointed to be one of the main factors contributing to this number of accidents,
being 5 to 35% of all road deaths alcohol related. In fact, several studies [2, 3, 4] point out the
importance of the drivers’ emotional state in the prevention of such occurrences, since it may
change the way people perceive the situations or even act upon them.

To overcome these problems, the automotive industry has been introducing safer vehicle mod-
els through the implementation of drive-assistance technology such as lane keeping assistance and
self-braking systems. The ultimate goal is to develop fully Autonomous Driving Systems (ADS),
which provide a safer alternative to traditional cars, allowing to decrease the amount of accidents
(and, consequently, road traffic deaths) through emotionless software-based decisions. Besides
increased safety, ADS would also be responsible for providing environmental and comfort advan-
tages. In that sense, these systems could provide improvements in mobility for people who cannot
drive. Furthermore, ADS would be generally faster to get to a destination, since they would be
able to constantly adapt the trajectory in order to avoid traffic jams, contributing to a decreased
stress in each travel. This faster alternative to get to a destination would also allow cars to use less
fuel and, consequently, decrease pollution levels, positively impacting air’s quality.

The International Society of Automotive Engineers (SAE) defined 6 automation levels, rang-
ing from 0 to 5, where the level O corresponds to vehicles with no automation and level 5 to fully
automated vehicles. A schematic representation of the automation levels is illustrated in figure
1.1.
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LEVELS OF DRIVING AUTOMATION

DRIVER PARTIAL CONDITIONAL HIGH FULL
ASSISTANCE AUTOMATION AUTOMATION AUTOMATION AUTOMATION

The vehicle The vehic

required

THE HUMAN MONITORS THE DRIVING ENVIRONMENT

THE AUTOMATED SYSTEM MONITORS THE DRIVING ENVIRONMENT

Figure 1.1: The six levels of driving automation for on-road vehicles. Source:[5]

It is considered to be level O all vehicles in which the driver is fully responsible for the ac-
celeration and steering even if there are some safety features such as emergency braking in case
of an imminent collision. In level 1, although the driver is still the main responsible for the driv-
ing experience, the vehicle already has some higher degree of automation such as lane keeping
or adaptive cruise control systems. Level 2 is characterized by a partial automation in which the
driver must be always ready to step in if necessary but, in general, the vehicle is able to control its
own acceleration and steering. The next level is the one in which the driver can disengage from
the act of driving, although only in certain conditions and its presence behind the wheel is still
mandatory. In levels 4 and 5, the vehicle is capable of driving on its own, being that in level 5 the
human driver becomes a mere passenger in the vehicle.

Several automotive companies have been exploring increasingly autonomous solutions for
both commercial and transportation purposes. Some examples of such companies are Tesla,
Waymo, Motional, Refraction Al, Voyage, nuTonomy and Cruise. For many years, Tesla was
the leading company in the autonomous vehicle industry. Tesla is a fully electric vehicle manufac-
turer with a well known and developed autopilot system that focuses on assisting the driver in the
most burdensome tasks such as driving long distances in highways and other similar roads. Their
system is equipped with emergency braking, collision alerts, blind spot monitoring and adaptive
cruise control even though the driver oversees the steering task [6] , making it a level 2 autonomous
system.

Waymo is another major player in the autonomous vehicle industry that started as a Google’s
division of self-driving exploration in 2009 and was established as an independent company in
2016. Waymo is currently focused on two main projects: Waymo One, an autonomous ride-hailing
service that is established in the Phoenix metropolitan area and Waymo Via, which aims to develop
autonomous solutions for goods delivery, mostly targeting large trucks [7]. Although Waymo

solutions fall under SAE definition of level 4 automated systems, currently there are no solutions
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with a level of automation higher than 3 commercially available in the market for personal use.
This is due to the fact that is much more difficult to develop a vehicle that must be prepared for all
kinds of conditions than one that must be prepared for the conditions of specific areas such as the

solutions created by Waymo.

ADS are composed of several interconnected modules that allow the system to make decisions,
from perception to control. The perception module is responsible for understanding and interpret-
ing the surrounding environment, making it of utmost importance to the system. This module
must, thus, present high accuracy and reliability since all other modules are dependent on its out-
put. To aid in the perception task, ADS are normally equipped with data acquisition sensors and
devices such as RGB stereo cameras, Radio Detection and Ranging (RADAR), and ultrasound
sensors. Recently, some autonomous vehicles began to also include Light Detection and Rang-
ing (LiDAR) sensors, which provide 3D point cloud information of the surroundings, being used
mainly in object avoidance and mapping. Nevertheless, the sensors that compose the ADS depend
on the developing company and, while some manufacturers find LiDAR to be crucial to a better
autonomous driving performance, others opt for a more traditional vision-based approach. On the
one hand, cameras are cheap high-resolution sensors that allow us to distinguish shapes, colors
and recognize 2D information, which is essential to reading lanes and pavement markings. Their
similarities with the human eye are ideal to make the autonomous driving experience as close as
possible to the one produced by a human driver. Despite these advantages, the similarity with
the human eye also constitutes a major disadvantage under severe weather conditions and dark
environments (i.e., at night). On the other hand, LiDAR sensors allow a 3D reconstruction of the
environment and provide a 360-degree visibility independent of the weather conditions but with
lower resolution than traditional cameras. Besides that, some companies might opt to not include
LiDAR sensors due to their high cost and sophistication, meaning an increase in the computational
power needed to process the hundreds of thousands of points obtained by the sensor. RADAR sen-
sors are the middle term between the two aforementioned sensors, with lowest resolution among
them but cheaper than the LiDAR and still accurate under adversarial weather conditions. This is

still the default sensor for emergency braking in autonomous vehicles.

The perception module of an autonomous vehicle is responsible for the monitorization of the
surrounding environment. Although that monitorization may be composed by segmentation, clas-
sification, and recognition, this work focuses on the classification task. Nowadays, Convolutional
Neural Networks (CNNs) present State-of-the-art (SOTA) results for perception tasks [8] but, even
though they try to approximate the human brain behavior through mathematical models, the sim-
ilarities are mostly abstract, since they usually use non-linear but continuous activation functions
as neuron approximators, while biological neurons carry information through non-differentiable,
discontinuous, spike-based signals. Spiking Neural Networks (SNNs) are pointed as the successor
of conventional neural networks, that came to close the gap between artificial intelligence and hu-

man brain’s behavior, taking advantage of event-driven computations and great latency responses

[9].
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1.2 Motivation

The perception module of ADS is of utmost importance as failures would propagate through the
whole pipeline, with possible fatal consequences. Thus, a fast perception’s response is crucial
to allow the system to act in accordance with the highly dynamic and ever-changing surrounding
environment. Nowadays, perception in autonomous driving is highly reliable on deep CNN algo-
rithms to detect and classify objects, even though these models require high computational power.
Moreover, hardware constraints and the need for low latency during inference, demands simple
and efficient models, that are often compressed. This means there is some loss of performance
when tackling efficiency. But faster inference and lower computational power are thus desirable
features of ADS. A promising direction is that of SNNs, a more biologically plausible alternative
to Artificial Neural Networks (ANNs). SNNs process information asynchronously and in the form
of spikes thus being more efficient and showing that event-based tasks, such as is the case of many
ADS, could benefit from these kind of networks. Nonetheless, it is still not clear if current SNN
algorithms are suitable for ADS and, to the best of our knowledge, there is no standard spike-
encoding strategy for common ADS’ data, such as LiDAR point clouds. Moreover, some SNN
algorithms are highly susceptible to the choice of hyperparameters and some works do not detail
the set of hyperparameters they use which hinders reproducibility. Overall, although the field is
evolving, SNNs’ research is still in its infancy and it remains to clarify which real-world tasks
would benefit the most from neuromorphic computing and, subsequently, biologically plausible
SNN algorithms.

1.3 Goals

This thesis thus aims to assess the performance of SOTA SNN algorithms on ADS data, namely
LiDAR and Dynamic Vision Sensor (DVS) data. We start by studying different biologically plau-
sible mechanisms through the replication of several SOTA algorithms. We evaluate these models
on common computer vision benchmarks. We intend to experiment with several hyperparameters
and provide source code to ensure the reproducibility of our methodology. We also aim to pro-
pose a LiDAR spike-encoding scheme and compare the performance of SNNs with conventional
ANNSs on this type of data. The goal would be to assess if SOTA SNN solutions are ready for
real-world scenarios, in particular for autonomous driving applications. These contributions with
point clouds can also be leveraged in other areas where 3D information and accurate predictions

are crucial, such as medical applications.

1.4 Document structure

In this first chapter, the context of this thesis is presented, followed by the motivation of the study
of SNNs (1.2) and why they are important in the context presented before. The main goals of this
work are presented in section 1.3.
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In chapter 2, a brief background on the field of Deep Learning (DL) is presented to illustrate
the evolution of this field and the motivation for the appearance of biological plausible networks.
In section 2.2, the fundamentals of SNNs are discussed. Some relevant biological considerations
are also analyzed in the following sections.

Chapter 3 presents current neuromorphic solutions regarding sensors and datasets that can be
beneficial to the application of SNNs while in chapter 4 point clouds are discussed, targeting some
relevant datasets and developed works for LiDAR data classification.

Chapters 5 and 6 propose and discuss the developed work, presenting details about the imple-
mentations and obtained results.

Finally, chapter 7 summarizes the most important considerations developed through the course

of this thesis and proposes future steps for further development of the work.
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Chapter 2

Background

This chapter is based on our work published in IEEE Access through the course of this thesis. For

a more detailed and comprehensive overview, we refer the reader to [10].

2.1 Introduction

DL is a subfield of Machine Learning (ML) highly inspired by the capabilities of the human brain.
DL algorithms usually learn from experience to perform human-like tasks such as perception,
which includes object segmentation and classification. The history of DL began in 1943, when
Walter Pitts and Warren McCulloch presented the first mathematical model describing an ANN
[11]. But it was not until 1960 that the first Backpropagation (BP) model was proposed in the
context of Control Theory by Henry J. Kelley [12], laying the foundations for further refinements
that granted Yann LeCun the first practical demonstration of this method in 1989 onto reading
handwritten digits. In that year, CNNs had already been established as the promising artificial
intelligence solution for pattern recognition. Significant advances in hardware, with the introduc-
tion of GPU-enabled DL, led to bigger, more complex, and robust algorithms, increasing their
processing speed and efficiency. In 2012, DL reached the next level with the ImageNet challenge,
where AlexNet [13] achieved a 15.3% top-5 error rate (against the 26.2% top-5 error rate of the
second place) in the 1000 classes classification task of the ImageNet [14] dataset. As a result,
deeper and more complex networks have been studied and, nowadays, the SOTA top-5 error rate
in the ImageNet classification problem decreased to less than 1% [15]. However, the increase in
performance has been correlated with an increase in required resources (e.g. processing power
and energy requirements). In fact, the improvement of 14.5% in top-5 error rate in the ImageNet
dataset classification from the AlexNet to the current SOTA model, is only achievable with an
increase of 833M parameters. With this ever-increasing number of parameters and models’ com-

plexity, DL may become unsustainable [16]. To that end, efficient DL algorithms are a growing



8 Background

concern with SNNs being one of the most promising paradigms. Moreover, due to their intrin-
sic properties (e.g. sparseness of spike trains, event-drive, etc.), SNNs are naturally suitable for
many systems, including ADS. Nonetheless, there are a few challenges with several SNN algo-
rithms, like the non-scalable Spike Timing Dependent Plasticity (STDP) or the non-differentiable

activation functions.

2.2 Fundamentals of Spiking Neural Networks

SNNs, commonly referred as the third generation of neural networks, came as an energy-efficient
alternative to conventional ANN, namely due to their lower computational costs that derive from
asynchronous computations and biological plausibility. SNN architectures consist of intercon-
nected neurons by synapses that allow the flow of information from presynaptic to postsynaptic
neurons. Unlike conventional ANNs, however, information is transmitted in the form of discrete
spikes over time. In fact, SNNs’ activation functions are time dependent.

As in biological neural networks, every time a neuron receives an impulse, its membrane po-
tential (Ve,) iS increased by a certain amount 6v. When vy, gets to the neuron’s threshold
value (Vypresn), the neuron emits a spike. As a result, the neuron’s membrane potential will reset to
the resting potential (v,.y) and the neuron will go through a refractory period in which it cannot
produce another impulse. The emitted signal will propagate and reach subsequent neurons as a
synaptic current proportional to the synaptic weight or conductance. Despite their similarities,
artificial neurons in SNNs are fundamentally different from their biological counterparts as they
rely on mathematical approximations. In 1952, Hodgkin and Huxley [17] proposed the first math-
ematical model describing axons’ electrical activity, by treating the axon as a simple electrical
circuit (figure 2.1). This study, using a squid giant nerve fiber, won them the 1963 Nobel prize in
Physiology and Medicine and, despite being the most biologically plausible neuron model, it is
computationally complex as it is composed by a non-linear system of four Ordinary Differential
Equations (ODEs) [18]. After that, other models appeared in the attempt to describe the axons’
current flow such as Izhikevich [19], CSRM and SRMO [20] neuron models. Nevertheless, the
most widely employed neuron model is the Leaky Integrate and Fire (LIF) as it provides a simple
and yet complete description of neurons’ behavior. Similarly to the Hodgkin-Huxley model, a
LIF neuron can be described as a parallel combination of a “leaky” resistor and a capacitor [21]
subject to a synaptic current as illustrated in figure 2.2. The membrane potential (Vy;;) can thus

be mathematically defined as

d mem
C- th :—8L'(Vmem(t)_EL)+I(t) (2'1)

and depends on the capacitor value C, the resistor’s conductance (gz), the resting potential

(EL), and the current source (I(¢)). Regarding the circuit, it is known that g, = % and 7,, = RC,

with 7,, being the membrane time constant. Multiplying both sides of equation 2.1 by R we get
the final LIF model expression, represented in equation 2.2 .



2.2 Fundamentals of Spiking Neural Networks 9

Extracellular Medium

{
gx(t,V) Jg.
E, ‘|' E; ‘|'

Intracellular Medium

||2

\Z

Figure 2.1: Equivalent circuit for the Hodgkin-Huxley neuron model. Capacitor C,, is used to
emulate the lipid bilayer while leak ion channels are represented by non-linear (g,) and linear (gr)
conductances. Source: [22]
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Due to the leaky behavior of this type of neuron, the membrane potential leans towards its

= —(Vmem(t) —EL) +RI(t) 2.2)

resting potential (E). Simpler versions of LIF neuron model can be used for specific applications
such as in Delorme et al. [23] that used Integrate and Fire (IF) neurons to assess an alternative to

conventional coding schemes. Without the leaking factor, neurons can be defined as

dVinem

dt

=1(1) 2.3)

Being the equivalent circuit composed by a single capacitor.

Based on the work of Wei Zhang and David J. Linden [24] on neuron intrinsic excitability,
Diehl and Cook [25] introduced another variant of the LIF neuron model with an adaptive mem-
brane threshold that became known as Adaptive LIF neuron model. In this model, each time a
neuron fires, the membrane threshold increases by 6, allowing to control neurons’ firing rate and
promoting competition among them.

As information is transmitted in the form of spikes, all these neuron models have a binary

activation function A(¢) described by equation 2.4.

A(t) _ 0, i Vinem < Vinresn 2.4)

L, if Vigem 2> Vinresn
A major drawback with this approach relates to the non-differentiability of this activation func-
tion, which means that the BP algorithm cannot be directly applied as in conventional ANNs, and
we must rely on biologically plausible Unsupervised Learning (UL), such as STDP, or mathemat-

ical approximations as later discussed.
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Figure 2.2: Equivalent electrical circuit of the LIF neuron model. The resistor acts as the synaptic
weights that allow the current to pass and charge the capacitor. When the capacitor reaches a
certain threshold value, it will discharge, similarly to the neuron emitting a spike. Source: [10]

2.3 Biological Neural models

The first step to develop biological plausible ANNs is the understanding of humans’ visual sys-
tem that comprises the sensorial organ (the eye) and parts of the central nervous system that are

responsible for interpreting information in the acquired images.

As we already know, human brain responds to electrochemical signals (i.e., spikes). Thus, the
light that enters through the eyes’ set of lenses must be converted into electrical spikes. That con-
version takes place in the retina, a three-layered structure responsible for the interface between the
eyes and the human brain. The outermost retinal layer is composed by millions of photoreceptors
— rods and cones — that act as transducers, converting light into electrical signals [26]. Photore-
ceptors communicate with ON-center and OFF-center bipolar cells, located on the middle retinal
layer, through the release of glutamate, a neurotransmitter. In the presence of light, photorecep-
tors remain hyperpolarized and decrease their release of glutamate, stimulating the ON-center and
inhibiting OFF-center cells. Bipolar cells present a surrounding with inverse properties from the
center, which means that ON-center cells will possess an OFF surrounding and OFF-center cells
present an ON surrounding [27], allowing the cell to efficiently encode contrasts in luminance,
rather than absolute intensities. Bipolar cells will connect to inner retinal surface cells, ganglion
cells, that are responsible for more subtle feature selectivity such as color, size, direction, and even
speed of motion [28]. Those cells, in turn, will transmit the information to the brain through com-
plex circuits that, ultimately, will conduct it to the Lateral Geniculate Nucleus (LGN) and visual

cortex for further processing and interpretation.

The brain circuits that propagate the information from retinal ganglion cells to the LGN can be
decomposed in several simpler circuits and mechanisms that allow the information to flow through
the network (Feedforward (FF) excitation circuits), regulate neurons’ outputs (FF and Feedback
(FB) inhibitory circuits), and differentiate neurons’ Receptive Fields (RFs) (lateral inhibition) [29].
When the information reaches the LGN, it will be processed and further transmitted to the Primary

Visual Area (V1), which is the first stage of cortical processing and presents itself in a retinotopic
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organization to ensure that its neurons’ RFs completely represent the visual scene. Moreover, it is
known that even the blind spots of the retina are mapped into V1 [30]. The output of the primary
visual cortex neurons will stimulate extrastriate areas, V2 and V4, and the information is then
passed to the Inferior Temporal (IT) cortex [31], where the neurons’ RFs reach their complexity
peak. In fact, it is believed that mammalians’ brain presents larger and more complex RFs as we
move from the retina, where color or size are encoded, to the primary visual cortex, where the
neurons present selectivity for orientations and spatial frequencies, and to the IT cortex, where
RFs correspond to highly complex features such as faces or other complex objects [32] .

Most of the descripted biological considerations were already addressed in the literature re-
garding biological plausible neural networks, such as the use of ON-OFF Difference of Gaus-
sian (DoG) filters to simulate the way retinal bipolar cells respond to light stimuli [33, 34, 35]. On
the other hand, DVS data is able to mimic retina outputs, allowing researchers to focus on higher
processing aspects of the human brain, such as the implementation of lateral inhibition for promot-
ing competition among neurons and increase their RFs differences [36, 25, 37]. Furthermore, 2D
Gabor functions’ representations [38, 39] are frequently used to simulate V1 neurons’ RFs, due
to their sensitivity to edges, orientation, and texture, operating at different frequencies and scales
[40].

Even though the complexity of our brain is still far from being fully understood by the sci-
entific community, there are already several biological methods that are currently implemented in
biologically plausible ANNs that allow to increase their robustness and performance at the same

time the efficiency and fast inference are also pursued.

2.4 Information encoding

As aforementioned, the first step in biologically plausible neural networks is to encode information
as spike trains. In fact, that is one of the major differences between traditional ANNs and SNNs in
image-based tasks, since the previous one uses pixel intensities to extract critical features, while
the latter need to map each pixel intensity to a discrete spike domain before feature extraction,
for traditional color-based images. Besides, information encoding is a crucial tool to shape mod-
els’ behavior, considerably contributing for energy-efficient networks that aim to close the gap
between ANNs and the human brain functioning. Moreover, the mammalians’ brain performs
task-specific encoding, which suggests ML practitioners should also take advantage of different
encoding methods, depending on the application.

Information encoding techniques can be divided into two critical groups: rate and temporal
coding. As the names suggest, broadly speaking, rate coding relies on spike trains’ firing rate to
encode pixel intensities while temporal coding relies on the precise timing of the spikes to encode
information, allowing to improve network’s response time.

Rate coding can be further divided into count-, density-, or population rate coding methods
as suggested by [41]. For this work, we have focused on count-based coding. More precisely,

we resort to Poisson encoding (equation 2.6), where the average firing rate is proportional to the
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pixel intensity, and to a probability-based strategy in which the normalized pixel intensity repre-
sented the probability of a neuron emitting a spike at each timestep, t. In this coding method, the
mean firing rate (v) is computed over a prespecified time window (7') and can be mathematically
described through equation 2.5:

N, spike

V= T (2.5)

With N, being the number of spikes present in the time window T'. This is the most widely
used coding method as a result of its simplicity and early discovery in biological systems. In fact,
Adrian and Zotterman [42], in 1926, performed the first known experience to prove the existence of
such encoding method measuring the nerve action potentials’ response of a frog’s muscle subjected
to different weights with a capillary electrometer. In that study, the authors concluded that the
muscle’s firing rate was proportional to the force exerted by the weights. Roger M. Enoka and
Jacques Duchateau[43] also describe the importance of rate coding in human voluntary muscle
contraction, especially for intermediate and higher forces and fast contractions. Furthermore,
Poisson-like rate coding was also shown to be biologically plausible through medial temporal and

primary visual cortex recordings of macaque monkeys [44].
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Temporal coding methods have also been proven to exist in the human brain. In fact, although
for many years it was thought that the human brain used, essentially, rate coding techniques, some
studies found, through human visual system’s response time, that the human brain must rely on
temporal coding in object recognition tasks. Thorpe et al. [45] prepared an experiment in which
subjects were subjected to an image for 20ms and should decide whether there was an animal on
the image or not. Through the measurement of event-related potentials, the authors were able to
determine that the human brain can perform complex visual tasks in under 150ms, which could
only be achievable with temporal coding, since rate coding needs to average over a certain time
window. This study was the first step to boost a series of studies of temporal coding methods and,
nowadays, several strategies are already used in computer vision tasks for biologically plausible
networks. However, as in biological systems, biologically plausible neural networks should also
employ different encoding methods, depending on the application. Still, there are some problems
with encoding methods’ implementation, since in one hand the exact biological methods’ function-
ing is not fully understood while on the other hand it remains to clarify in which situations each
strategy is more suitable. Nonetheless, rate-based coding methods remain the most commonly
used in SNN algorithms mainly when the information encoding is not the primary focus but rather
a different architecture characteristic such as the learning strategy, for example. Temporal coding

is also used in several studies when biologically plausibility and fast inference response are desired
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even though those studies frequently take advantage of ANN to SNN conversion methods [46, 47],
which means that more work to integrate new encoding strategies in SNNs developed from scratch
should be developed. Nevertheless, information encoding is crucial to the development of biolog-
ically plausible neural networks since information might be lost whilst being propagated through

network layers if not properly encoded.

2.5 Learning strategies

Biologically plausible learning strategies, such as STDP, do not perform as well as the widely
adopted BP algorithm, which saw its popularity exponentially increase until it became the most
widely used method to train DL models [48]. However, BP is not biologically plausible since
it consists of a 2-step procedure while learning in the brain occurs in a single step. Further-
more, it requires the use of symmetric forward weights in the FB path, which does not occur in
biological systems, the so-called weight transport problem [49]. The non-differentiability of bio-
logically plausible neurons’ activation function is another challenge for gradient-based learning.
However, several ANN to SNN conversion methods were developed with the goal to take advan-
tage of BP learning algorithm in SNNs. With these conversion approaches, SNN performances
are comparable (but still lower) than those presented by SOTA traditional models. This may be
due to approximations and assumptions that may deteriorate the converted models’ performance
[50]. Broadly speaking, learning in SNNs can be categorized into biologically plausible UL and
Supervised Learning (SL), where often backpropagation with surrogate gradients is employed.

UL based on STDP is very common due to its biological plausibility. The fact it is not gradient-
based is also desirable, considering spiking neuron models. In this learning rule, the synaptic
weight change is proportional to the relative timing between pre- and postsynaptic activations
[51], as described in equation 2.8.

*(\fpre*fpo.vtn
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Where A > 0 and B < 0 define the learning rates, 7 is the timing window constant, #,,, and
Ipost are the absolute timings of pre- and postsynaptic spikes, respectively, and Aw is the synaptic
weight update. The first branch represents the Long Term Potentiation (LTP), a neural mechanism
that describes a persistent increase in synaptic strength if a presynaptic neuron fires briefly be-
fore its postsynaptic equivalent, while the second branch refers to Long Term Depression (LTD)
that describes the decreasing of synaptic effectiveness of a presynaptic neuron when there is no
evident causal relationship between its spiking activity and that of the postsynaptic neuron [52].
Some other STDP variants exist [25, 53, 54], although not fully representing the entire scope of
biological learning mechanisms.

One of the major drawbacks with STDP is that it usually limits the models to shallow archi-

tectures that would not perform well in real-world tasks [55]. To overcome this challenge, SL
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with surrogate gradients has been proposed. Local SL rules are frequently employed due to their
biological plausibility, such as in Zhao et al. [56] that proposes a network with a two-step local
learning approach. In this paper, global FB connections are used to propagate the prediction error
to the hidden layers and the weights are locally updated using STDP. A similar local learning
rule is proposed by Kaiser et al. [57], which uses pseudo-targets in each hidden layer, avoiding
the weight transport problem, as later discussed. Some papers go further and propose BP approx-
imation algorithms. Zenke and Ganguli [58], for example, proposes a three-factor learning rule
that relies on error BP directly from the output to the hidden units, similarly to the methods that
use FB alignment. To overcome the problem with non-differentiability that arises in SNN appli-
cations, the authors propose a surrogate gradient approach, where they use a fast sigmoid as an
approximation to the neurons’ activation function for the backward pass, thus allowing to apply
BP to multilayered SNNs. In fact, they resort to the partial derivative of the negative half of a fast
sigmoid (equation 2.9) to allow the implementation of the BP approach. Furthermore, the authors
perform experiments with different methods for the BP of the errors and were able to conclude
that the error BP resorting to symmetric weight matrices is beneficial in comparison to the use
of random FB weights, even in the case a regularization term was added, arguably showing the

advantages of the knowledge of the FF pathway.
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In turn, Lee et al. [59] proposed an approximate derivative algorithm that accounts for the
leaky behavior of LIF neurons. The authors explore a spike-based BP algorithm in which the
neurons from the last layer of the network have their threshold set to a high value so that they do not
spike. Moreover, the accumulated membrane potential in the last layer is divided by the number of
timesteps (T) in order to quantify the output distribution. For the backward pass, a loss function is
defined as the sum of squared error over all output neurons (equation 2.10) with the error defined

as the difference between the output distribution with the desirable label (equation 2.11).

15
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To propagate the error to the hidden layers, the activation function for each output neuron is
defined as equivalent to the total input current received by the neuron over T timesteps. Regarding
the hidden layers, the authors propose a pseudo derivative method that consists in the computation
of the estimated derivative of an IF neuron, followed by the addition of an estimate of a leak correc-
tional term. With this strategy they can train deep SNN architectures and achieve 99.59% accuracy
in MNIST dataset, 90.09% in the NMNIST, and 90.95% in the CIFAR-10 dataset. Furthermore,
authors defend that, resorting to spike-based backpropagation, less computational energy is re-
quired than with ANN to SNN conversion methods.
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In conclusion, several learning rules have been explored, each of them with its pros and cons
and, even though some workarounds were developed, the major problems remain to be the non-
differentiability of SNN activation functions, and sparsity of spike trains. Furthermore, from this
chapter we were able to understand the gaps that still exist between ANNSs and, in particular, SNNs
and the human brain and, although several advances have been made in order to close that gap,
there are lots of open research questions regarding human brain and the potentialities of SNNs.
However, with the ever-increasing search for efficient networks, more and more studies arise in
the attempt to reach an optimal solution for each problem. Naturally, neuromorphic hardware is

also crucial to take full advantage of such neural networks.
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Chapter 3

Neuromorphic data

3.1 Neuromorphic sensors

Neuromorphic computing came to complement the numerous possibilities biologically plausible
neural networks offer us. Neuromorphic chips, specifically, have been increasingly studied for
their properties that allow computations to be made in an asynchronous and energy-efficient way,
which means that, as aforementioned, we can take full advantage of SNNs when applied to this
kind of chips. These properties are attractive for every application but particularly desirable for
applications where there are constraints in the computation and energy power available such as in
ADS. Even though the implementation of SNN-based architectures in neuromorphic chips repre-
sents an ultimate goal in SNN development, these networks are still in their infancy, which means
that the implementation of highly reliable networks in neuromorphic chips is still far from real-
ity. Nevertheless, in this chapter we present a brief overview of these solutions. Neuromorphic
chips can be divided into 3 major design groups: Digital, analog, and mixed-mode (analog/dig-
ital) designs. While digital systems are more precise, analog systems present a more biological
plausible solution that use native physical properties of electronic devices to perform their com-
putations [60]. Analog hardware solutions, however, suffer from expensive and long design and
implementation processes as well as a tendency to be significantly more noisy than digital systems.
Nonetheless, neural networks can be robust to noise and faults, which means that they are perfect
candidates for analog implementation. Furthermore, unreliability issues brought by analog cir-
cuits can, however, be surpassed through the introduction of digital components to analog circuits,
originating mixed analog/digital systems. Digital memory is frequently used in analog neuromor-
phic circuits to store variables’ values such as synaptic weights since they are less noisy and more
reliable than analog-based memory components. Furthermore, digital communication within the
chip and between neuromorphic chips is sometimes employed as well in analog neuromorphic
solutions alongside the use of digital components for programmability or learning mechanisms
[61].

Even though neuromorphic chips are crucial to take advantage of efficient neural networks

architectures, they only represent a way to mimic the mechanisms from which the brain derives and
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transmits the information, whilst the codification and the mechanisms through which biological
systems obtain the information remains to be discussed. Neuromorphic sensors (i.e., neuromorphic
cameras) came to try to mimic the sensing and early visual-processing characteristics of biological
systems through biologically inspired analog electronic circuits. Event-based cameras discard
redundant visual information as their output is based on visual changes in contrast or motion
[62]. With this, neuromorphic sensors present efficient and high-resolution options to display the

surrounding environment.

Inivation, in 2008, proposed the DVS128 [63], a high dynamic range event-based camera with
128x128 resolution. Besides its 120 dB of dynamic range, this sensor presents a minimum of 12
us latency response. The output of the camera is an asynchronous stream of pixel address-events.
Each event contains the information of the pixel coordinates where the change was detected, and
the respective binary variable known as the polarity of the event. If the polarity is 0, there is an
ON event and it was verified an increase of the contrast in the pixel where the event was recorded
while there is a decrease in the contrast if the polarity is set to 1, corresponding to an OFF event.
Furthermore, each event has a timestamp attached that allows to identify the timing at which the
event occurred. In turn, Posch et al. [64] proposed the Asynchronous Time-based Image (ATIS)
sensor with 143 dB dynamic range and 304x240 pixel resolution, in many ways similar to the pre-
vious mentioned sensor. However, although most neuromorphic sensors are fully asynchronous, in
2014, Inivation proposed another neuromorphic sensor but with the particularity of being frame-
based. The DAVIS sensor [65] has higher resolution (240x180), and dynamic range (130 dB)
and still manages to need less power than its antecessor, requiring 5-14 mW compared to the 23
mW presented by the DVS128 sensor. The frame-based approach allows simultaneous output of
asynchronous events and synchronous frames, making it ideal to employ event-based data into
traditional computer-vision algorithms. The creators of this sensor argue that the employment of
neuromorphic sensors might be beneficial and highly desirable for applications where power con-
sumption and latency are crucial such as autonomous robots, where the events can be used to track
moving features and analyze motion. There are several other approaches regarding the develop-
ment of neuromorphic sensors and applications of neuromorphic data for visual tasks such as 3D
pose estimation through the use of a neuromorphic sensor [66]. They show that, through the com-
bination of both 3D and 2D criteria, the asynchronous high temporal resolution of the event-based

camera allows them to achieve real-time accurate pose estimation.

Neuromorphic hardware has been increasingly studied due to its high energy-efficiency and
low latency response properties that can leverage the study of biologically plausible neural net-
works. In fact, although there are some open questions and, currently, the use of neuromorphic
computing is still in its infancy, the interface between neuromorphic chips and event-based cam-
eras can leverage the use of SNNs since the information encoding and transmission are addressed
by the hardware systems, leaving space to develop in more depth the other aspects of the neural
networks. However, as mentioned before, the development of new solutions is constrained by the

lack of precise knowledge of the mechanisms that are present in the human brain.
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Figure 3.1: Raw data example of a digit from the MNIST-DVS dataset presented in the proposed
three different scales

3.2 Relevant datasets

As aforementioned, SNNs expect spike-trains as inputs in order to interpret and propagate infor-
mation through the network, even though most of the currently used datasets are obtained with
frame-based cameras that code information based on pixel intensities. Nonetheless, several stud-
ies came to take advantage of neuromorphic sensors to create or adapt common datasets to neu-
romorphic datasets. One of the most widely used frame-based dataset is MNIST [67] due to its
simplicity. This dataset is composed by 60 000 training and 10 000 testing grayscale images of
handwritten digits with 28x28 resolution. Orchard et al. [68] proposed a neuromorphic version
of the MNIST dataset, which they called NMNIST that was developed in a way to simulate eyes’
saccades. This dataset is composed of the same number of training and testing images as the orig-
inal one and, to acquire the images, the authors used an ATIS sensor and two motors connected
to each other through a bracket. They chose to rotate the sensor instead of rotating the image due
to its similarity to real-world scenarios. The rotation was done in three different steps, forming
and isosceles triangle, each step considered as a saccade. Shortly after, Serrano-Gotarredona and
Linares-Barranco [69] also proposed a neuromorphic variant of MNIST, the MNIST-DVS dataset.
In this case, however, the authors rotated the images while maintaining a fixed sensor position. To
display the moving digits, the authors use an LCD monitor with a frame frequency of 75Hz. Fur-
thermore, to emulate real-world scenarios, where objects may present at different distances, they
presented three different scales for the digits (figure 3.1). MNIST-DVS is only composed by 10
000 images from the original dataset, that were upscaled to a total of 30 000 images in the dataset.
The same paper presents a simpler neuromorphic dataset composed of about 100 examples of card

symbols with 31x31 resolution.

CIFAR-10 [70] is another benchmark dataset composed by 60 000 colored images distributed
by 10 different classes (airplane, automobile, bird, cat, deer, dog, frog, horse, ship, and truck)
with 50 000 training and 10 000 testing images. This dataset is more complex than MNIST since
it has different images with varying backgrounds that may interfere in the algorithms’ learning.
Li et al. [71] proposed a DVS version of this dataset using a similar approach to the creators of

MNIST-DVS, with the images being presented to the neuromorphic sensor through a moving LCD
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Table 3.1: Relevant neuromorphic datasets.

Dataset Work Total # of # of Training # of Testing # of classes
images images images
NMNIST [68] 60k 50k 10k 10
MNIST-DVS [69] 30k - - 10
CIFAR10-DVS [71] 10k 9k 1k 10
NCARS [73] 24.389k 15.422k 8.607k 2
monitor.

In the context of autonomous driving there are also several developed datasets such as DET
[72], that represents the first lane detection neuromorphic dataset. DET is composed of 5 424
event-based images with 1280x800 resolution containing several traffic scenes collected by driv-
ing on tunnels, bridges, overpasses, and urban areas. Both per-pixel labels without distinguishing
lanes and per-pixel labels with distinction of lanes are provided. Sironi et al. [73], in turn, pro-
poses a binary classification dataset, the N-cars dataset, that consists of 12 336 car samples and
11 693 non-car (background) samples that are split into 7 940 car samples and 7 482 background
samples for training with the remaining 4 396 car samples and 4 211 background images for test-
ing. The samples are semi-automatically labeled and manually cleaned to ensure correct labeling.
An overview of the relevant classification neuromorphic datasets is present in table 3.1

For 3D perception task, Multi Vehicle Stereo Event Camera (MVSEC) dataset was introduced
[74] with data obtained from several different sensors. The ground-truth depth data is generated
from a calibrated LiDAR system contributing to stereo depth with the event-based vision sensor
[27]. MVSEC dataset presents data acquired in different conditions and speeds, allowing the
evaluation of 3D reconstruction in challenging, real-world driving scenarios. For an end-to-end
dataset, Binas et al. [75] introduced DDD17, which is composed by recordings of highway and
city driving scenes from Switzerland to Germany. The data is acquired with a DAVIS sensor, and

it comprises a variety of weather, road, and light conditions.



Chapter 4

Point Clouds

4.1 Point Clouds overview

Accurate perception is crucial in several tasks and, particularly, in autonomous driving, where
the system is in contact with a constant highly dynamic, ever-changing environment, as previ-
ously mentioned. Hence, RGB cameras are not enough to provide full information of the system’s
surroundings. Thereby, several sensors are usually integrated into the system to complement each
other’s acquired information and functionalities. LIDAR has been increasingly studied in the com-
munity for autonomous driving applications because of its ability to provide 360-degree weather
independent visibility. These sensors act through the emission of pulsed light waves from a laser
placed inside the sensor. The light waves will propagate through the air and reflect on the sur-
rounding objects and, consequently, return to the LiDAR. Through the time each wave takes to
return, the sensor is able to determine the travelled distance, allowing it to extract the closeness of
the objects in the surrounding environment to the system. Additionally, the sensor is also capable
of inferring reflective properties of the objects through the measurement of the reflective intensity
for each light pulse. In fact, each 3D point is formed by four values, where the first three param-
eters correspond to the coordinates of the point in the LiDAR referential and the fourth parameter
refers to the correspondent point intensity. An example of a LiDAR point cloud is presented in

figure 4.1.

There are two major problems in LIDAR data. On one hand, the light beams are emitted by the
laser and deviate from the beam propagation axis in which is designated a beam divergent process
[77]. In this sense, the point density and intensity will vary with distance, which means that the
information collected by the sensor is inversely proportional to the object’s distance to it [78]. On
the other hand, occlusion also presents a major inconvenience since it leads to incomplete detec-
tion of objects, making it difficult to the system to segment and classify such occluded objects.

Other minor drawbacks, such as the high cost and the need for higher computing power, are also
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Figure 4.1: Example of a point cloud. Source: [76]

important limitations that lead some ADS companies, such as Tesla, not to use this type of sensors
in their solutions [79, 80].

However, point clouds are currently used for a variety of tasks such as segmentation, detection,
and classification. While in the segmentation task the models should be able to cluster points with
similar properties into homogeneous regions [81], in point cloud detection the purpose is to locate
the points of predefined categories and return oriented 3D boxes of the objects from arbitrary 3D
point cloud data [82]. Classification, in turn, is about defining the category of a pre-segmented

point cloud object.

Even though this work only presents contributions regarding the classification task in point
clouds, segmentation and detection methods and works are briefly described since in real world
applications classification is highly dependent on these tasks. PointNet [83] appears as one of the
most important networks since it is developed in a way that is able to perform object classifica-
tion, and object or semantic segmentation. For performance evaluation, the authors use overall
and average per class accuracy in the classification and intersection over union for the segmen-
tation tasks. Moreover, in semantic segmentation they also used the overall accuracy to assess
model’s performance. For the three tasks, the model achieved SOTA results or better. Later, the
authors introduced PointNet++ [84], a hierarchical network that applies the PointNet recursively,
increasing its robustness and ability to learn local features of increasing contextual scales. In turn,
Li et al. [85] proposed the PointCNN framework that enables a generalization of the hierarchi-
cal representations learned by CNNs in images to point clouds. However, despite the majority of
work done with point clouds using traditional ANNs, Wang et al. [86] proposed an SNN-based
architecture that uses point cloud data to perform object detection in the context of autonomous
driving. The authors use raw LiDAR data without the pulse to point cloud preprocessing step,
which arguably improves model’s efficiency and reduces the computational power need. Model’s

performance is assessed in complex and challenging datasets such as the KITTI dataset, and the
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achieved performance is in the range of SOTA models, showing lower power consumption.

4.2 Relevant datasets

There are several point cloud datasets for 3D object classification, detection and segmentation.
Even though some 3D object detection and segmentation datasets are briefly discussed here, the
main focus of this work is related to the classification task, which implies that the most relevant

classification-related datasets are discussed with further detail in this section.

The ShapeNet [87] dataset was developed by researchers from Standford and Princeton Uni-
versities in conjunction with the Toyota Technological Institute at Chicago and consists of more
than 3 million models, from which 220 000 are classified into 3 135 classes under the WordNet
taxonomy. The ShapeNet Parts subset, created for part point cloud segmentation, is composed of
31 693 meshes fitted into 16 common object classes, such as table, chair, and plane [88]. PIG-Net
[89] represents the SOTA performance for this dataset with an instance average intersection over
union of 90.5%. In the context of autonomous driving there are also several segmentation datasets
such as the KITTI dataset [90], which constitutes one of the most popular datasets, consisting
of several hours of recordings resorting to four high-resolution cameras, one IMU and one Velo-
dyne LiDAR sensor. Other variants of this dataset were created, as the KITTI-CARLA [91], that
used the CARLA simulator and identical sensors to the ones used in the KITTI dataset to create a
synthetic dataset that, according to the author, allows to improve transfer learning methods from
synthetic to a real dataset. Even though the sensors are similar to the ones used in the KITTI
dataset, in the synthetic one there are only 2 RGB cameras and 1 LiDAR sensor used. Several
other datasets are used for segmentation in the context of autonomous driving, such as Waymo
Open dataset [92] and the nuScenes dataset [93], but a detailed description of these fall out of the
scope of this work since only the classification task was addressed.

Regarding classification datasets for general purposes, we can highlight the ModelNet40 dataset
[94], which is composed by clean synthetic data with the constrain of exhibiting unbalanced and
limited training data. It consists of 9 843 training samples with 2 468 samples remaining for the
test set. As the name suggests, the samples are dispersed through 40 classes (e.g., airplane, lap-
top, bookshelf, or lamp) and each sample is uniformly sampled from mesh surfaces, possessing
1024 points. There is the possibility, however, to use a subset of this dataset, which is called
ModelNet10 [94], that contains 3 991 and 908 training and testing samples, respectively. Once
again, as the name suggests, the samples are distributed through 10 categories. The fact that a
fixed point cloud density is used for every samples in these two datasets may imply a decrease
in models’ robustness since in real-world applications occlusions and under-sampling often oc-
curs, as mentioned before. ModelNet40-C dataset [95] was introduced in order to overcome this
problem, providing corrupted images from the original ModelNet40 dataset. This dataset presents
images with 15 corruption types and 5 degrees of corruption severity, that allow to emulate real-

world scenarios such as occlusion, or noisy signals. ScanObjectNN dataset [96], in turn presents
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Figure 4.2: Comparison between ModelNet40 (top) and ScanObjectsNN (bottom) datasets. As we
can see, the data in the ModelNet40 dataset is cleaner and, ence, more detailed due to its synthetic
character, making the ScanObjectNN dataset more challenging. Source: [97]

another challenging classification dataset that can be seen as a more complex alternative to Mod-
elNet40 since it is composed by 15 thousand real-world objects distributed between 15 classes,
exhibiting complex backgrounds, missing parts and various deformations that better simulate real
data acquisitions. A comparison between ModelNet40 and ScanObjectNN datasets is present in
figure 4.2

Considering suitability for the autonomous driving context, the Sydney Urban Objects dataset
[98], which is composed by 631 common urban road objects distributed through 14 classes, was
proposed. The data can, however, be distributed through 4 major classes: vehicle, pedestrian, sign,
and tree. This work aims to provide real-world sensing scenarios, presenting highly challenging
data due to highly occluded objects.

As we have seen, LiDAR is mainly used in autonomous driving industry due to their intrinsic
properties. However, there are other areas that try to take advantage of point cloud data. In
fact, Yang et al. [99] proposed a medical point cloud dataset for aneurysm segmentation and

classification, composed by 1694 healthy vessel segments and 215 aneurysm segments.

4.3 Classification on point clouds

While segmentation and recognition tasks are crucial to an accurate perception, objects’ misclas-

sification can imply fatal consequences in ADS, since the whole system’s pipeline is dependent on

Table 4.1: Relevant point cloud datasets for classification.

Dataset Work Total # of # of Training # of Testing # of
images images images classes
ModelNet40 [94] 12.311k 9.843k 2.468k 40
ModelNet10 [94] 4.899k 3.991k 908 10
ModelNet40-C [95] 12.311k 9.843k 2.468k 40
ScanObjectNN [96] 2.902k - - 15
Sydney Urban Objects  [98] 588 433 155 14
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this task to act. Thus, a robust and reliable classification model is needed to improve autonomous
systems’ robustness and performance.

Classification methods in point clouds can be broadly divided into three groups, according to
Guo et al. [100]: multi-view based-, volumetric-based-, and point-based methods, depending on
the representation that is fed to the neural network.

In multi-view based methods, point clouds are projected to multiple 2D images and, after sev-
eral key features are extracted, fused for accurate classification. Hang Su et al.[101] proposed an
architecture that is composed by a backbone of standard CNNss trained to independently recognize
critical features of the different views. Then, the information from multiple views is fed to a shape
descriptor that is able to accurately classify the data. The authors were able to achieve a maximum
accuracy of 90.1% in the ModelNet40 classification dataset. Maturana and Scherer [102], in turn,
exploited region-to-region and view-to-view relationships through the use of a 2-block relation
network, where the first reinforcing block is responsible for the exploration of region-to-region re-
lationships, allowing the reinforcement of the information for each individual view and the second
block, named the integrating block, is responsible for the effective integration of each individual
view, through the exploration of view-to-view relationships. The information is then aggregated
to obtain a discriminative 3D object representation and allow accurate classification. The authors
assessed model’s performance on the ModelNet40 and ModelNet10 datasets, obtaining 94.3% and
95.3% accuracy, respectively.

Regarding volumetric-based methods, point clouds are usually voxelized into 3D grids and
then fed to a 3D CNN. In this sense, VoxNet [103] appeared to improve the classification accuracy
of 3D objects. The authors present a system with two main components, with the first being a
volumetric occupancy grid and the second a 3D CNN that classifies the data directly from the grid.
The authors assess the model’s performance in several datasets, such as the Sydney Urban Objects
dataset and argue that their best model outperforms SOTA results for the evaluated datasets, while
performing real-time classification. PointGrid [104], on the other hand, was proposed as a hybrid
model that takes into consideration both grid and point information, with a constant point count
for each grid, which allows the network to extract hierarchical and local geometry shape details
using 3D convolutions.

On the other hand, point based methods are becoming increasingly popular since they use
raw point cloud data, implying that no information is lost and the model has access to the full
information, allowing it to extract critical features. Aforementioned PointNet and PointNet++ are
the most popular networks that use point-based classification, achieving an accuracy of 89.2% and
91.9%, respectively, on the ModelNet40 dataset.

Even though point cloud classification is being widely studied in conventional ANNs, work
combining these data and SNNs is rare. Nonetheless, given the potentially sparse nature of point

clouds, classification on these data could benefit from SNNs.
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Chapter 5

Methodology

The field of SNNGs is evolving and in the last few years outsanding breakthroughs have been made
from local plasticity rules to deep SNNs trained with surrogate gradients, and meaningful encod-
ing strategies. Notwithstanding, the performance of some SNNs is highly influenced by the set of
model hyperparameters. Yet, not all published research papers present the used set of hyperparam-
eters or provide source code, meaning there are some reproducibility issues, in particular with the
highly sensitive SNNs. Therefore, we try to bridge that gap by replicating several SOTA methods.
Additionally, we experiment with different concepts to assess their impact on model performance.
Finally, given the expected hardware constraints in Autonomous Driving (AD) and subsequent
need for efficient algorithms, we try to explore the suitability of current SNN algorithms for ADS,

more concretely, to process LiDAR data.

5.1 Spike-timing-dependent plasticity

This work starts by replicating the algorithm of Diehl and Cook [25], due to its simplicity and
biological plausibility. The algorithm contains many bio-inspired features, such as local learning

(STDP), lateral inhibition, homeostasis, and the widely adopted LIF neuron model.

The proposed architecture is a two-layered network in which the first (input) layer works as a
spike generation layer while the second layer consists of a set of excitatory neurons and as many
inhibitory neurons. Each input (pre-synaptic) neuron receives a spike, representing the Poisson-
encoded pixel intensity, that is then multiplied by the synaptic weights before being integrated at
the excitatory (post-synaptic) layer. In turn, each post-synaptic neuron is connected one-to-one to a
set of inhibitory neurons that project back to all other excitatory layer neurons, except to the one it
receives a spike from. This emulates lateral inhibition. Moreover, to impede a single neuron from
dominating over all others and to increase competition, the authors propose an adaptive membrane

threshold. A schematic representation of the proposed architecture can be found in figure 5.1.
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Inpyg

Figure 5.1: Architecture proposed by Diehl and Cook [25]. The highlighted excitatory neuron that
fires when the illustrated input is fed to the network is connected to an inhibitory equivalent that
will inhibit all other excitatory neurons from firing.

To replicate this work, we chose the BindsNET simulation software [105] and we further inves-
tigate the influence of different hyperparameters in models’ performance. We opted for BindsNET
in detriment of the Brian simulator [106] as it is more ML-oriented, thus easing hyperparameter
tuning. Moreover, BindsNET allows to take advantage of GPU-acceleration and rapid prototyping.
Besides the MNIST dataset, we investigate if the proposed model could scale to neuromorphic (
i.e. event-based) data. More precisely, we test the algorithm on the NMNIST [68] dataset. Here
we are not concerned with the biological plausibility (e.g., weights to emulate synaptic conduc-
tance), rather than with model performance. For both datasets, we used 60k and 10k images for
training and testing sets, respectively (3.1).

A variant of the work of Diehl and Cook [25], based on the Self Organizing Map (SOM)
[107], has also been proposed [54]. We experimented with this strategy as well, where inhibition
would increase linearly over training within a predefined interval [cin, Cinax], Where ¢y, repre-
sents the initial minimum value for inhibition strength and c¢;,,4, the maximum inhibition strength.
The range of inhibitory strengths used during training is defined through a hyperparameter de-
fined as the number of splits of the training data. This approach allows the network to freely
learn representations in an initial stage, when the inhibition is lower, and then individualize their
RFs, to reduce redundancies, later, when the inhibition is higher. Additionally, an inter-neuron
distance-dependent inhibition scheme, also proposed by Hazan et al. [54], was investigated. In
this approach, the inhibition exerted to each neuron is proportional to the square root of the Eu-
clidean distance to the neuron that fired. This is the so-called SOM approach, that the authors
argue allows a better convergence of the performance while making it possible to achieve satisfac-
tory results with only a subset of the input data. Furthermore, in such relaxed inhibition concept,
neighboring neurons are encouraged to learn similar filters, thus promoting smooth filter maps

between classes. These two approaches were also evaluated on the MNIST dataset to define a
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baseline, and then applied to NMNIST to assess scalability and robustness to neuromorphic data.

5.2 Supervised learning

SL supported on BP is not a biologically plausible strategy. Although it presents, by far, the most
promising results in both ANNs and SNNG, the algorithm differs from the working principles of the
mammalian brain [10]. Nonetheless, it is still the most scalable solution and, for the purpose of this
work, we explore some of its principles. Namely, we explore a Deep Continuous Local Learning
(DECOLLE) [57] strategy, in which a local gradient algorithm is employed to train a multilayer
SNN. The algorithm tries to unify the advantages of the backpropagation algorithm with the
benefits and biological plausibility of local learning. The strategy is similar to FB alignment
mechanisms. To force locality, each hidden block of a multilayer network is connected to a readout
layer of non-trainable fixed random weight matrices, and a pseudo-target is defined to compute the
local error. Then, the error is backpropagated, locally, by setting all non-local gradients to zero.
For the backward pass, and to overcome the weight transport problem, random weight matrices
are used. More specifically, the authors implement a sign-concordant FB alignment mechanism,
where the forward random fixed weights are multiplied by fixed multiplicative Gaussian noise.
Then, a three-layered network composed of alternate convolutional, pooling, and spiking
blocks (Table 5.1 and figure 5.2) is trained with AdaMax optimizer and smooth L1 loss (see equa-
tion 5.1), and assessed on the NMNIST and DVS-Gesture [108] datasets. As previously stated,
each hidden block possesses a random readout layer with unique pseudo-targets. For the first
layer, a linear ramp function is used, while for the second- and third-layers sinusoidal functions

are defined, although of, respectively, high and low frequencies (figure 5.3).

Loss = mean(L) (5.1)

L={l},l,....Iy}T (5.2)

with N being the batch size. For each sample, /, is defined as

0.5-(tn—yn)* i _
- i if |[x, —ya| < B

|y —yu| —0.5% B, otherwise

(5.3)

A similar algorithm was evaluated on this thesis. However, in the original implementation, the
authors propose a novel neuron dynamics that accounts for two different compartments (somatic
and dendritic compartments), creating a biologically plausible model. Furthermore, a regulariza-
tion step was used to ensure the average firing rate of the somatic membrane potential (U) was
kept within a pre-defined interval. Yet, these two mechanisms were not assessed for the purpose
of our work. Another key difference is that the authors propose for gradient updates to only be
made after the first 50 ms, which we ignore completely in this work. Our primary focus was on

simplicity and performance, in detriment of biological plausibility, and with some expected loss
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Figure 5.2: Convolutional DECOLLE architecture. Similarly to the MLP DECOLLE approach,
each spiking block contains a readout layer with specific pseudo-targets.
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Figure 5.3: Illustration of pseudo-target functions for the first (left), second (middle), and third
(right) hidden layers.
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Table 5.1: Network implementation characteristics. The numbers inside the parenthesis represent
the implementation introduced in this work in relation to the original implementation proposed by
[57].

Layer type kernel size # of filters
Input

Convolutional 7x7 64 (32)
Max Pooling 2x2 64 (32)
Spiking

Dropout (p =0.5)

Dense 11 (10)
Convolutional Tx7 128 (64)
Spiking

Dropout (p =0.5)

Dense 11 (10)
Convolutional 7x7 128 (128)
Max Pooling 2x2 128 (128)
Spiking

Dropout (p =0.5)

Dense 11 (10)

of efficiency. Nonetheless, like the original contribution, we also consider the simple LIF neuron
model. Additionally, we opt for a learning rate schedule in which the learning rate decreases by a
factor of 0.1, every 10 epochs. A similar strategy was suggested in the original approach [57]. The
proposed algorithm was evaluated on the NMNIST dataset. In table 5.1 we can find a summary of
the architecture adopted in this work compared with the originally proposed solution [57].

Besides the previously mentioned convolutional network, a simpler version of the DECOLLE
algorithm was also considered. In this approach, a MultiLayer Perceptron (MLP), composed
of three spiking layers (figure 5.4) was implemented and assessed on the MNIST and NMNIST
datasets. To distinguish between approaches, this implementation is named MLP DECOLLE for
the rest of this work.

The snnTorch [109] package was chosen to perform these experiments due to its similarities
with typical PyTorch [110] workflows. Furthermore, this package is specifically designed for
performing gradient-based learning with SNNs. Besides, the GPU-enabled training of snnTorch

is also advantageous to increase the computations’ speed.

5.3 Point clouds

The NMNIST [68] dataset is event-based, meaning it can be directly used as SNNs’ input. On the
contrary, common computer vision benchmarks (e.g. MNIST), are frequently encoded resorting
to rate coding strategies, like Poisson or Bernoulli encodings [111, 112, 113]. But the study of
LiDAR data for SNN-based applications is highly limited, which implies that there is not yet a

benchmark spike encoding method for point clouds. In this work, we present a two-step approach
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Figure 5.4: MLP DECOLLE architecture, composed of three spiking layers with a local readout
layer with a specific pseudo-target each.

to encode LiDAR data, i.e., point clouds, to SNN-suitable spike trains. Considering a LiDAR

point cloud dataset where each data point is represented as X, y, and z real-world coordinates (see

figure 5.5 (left)), the approach is as follows:

1. Information discretization: in this step, the yz plane is discretized to a pre-defined number

of pixels. In our case, we opted for an output size of 64 x 64.

. Intensity assignment: An intensity within the range [0,255] is assigned to each pixel based

on the following equation:

. . dy,
intensity = — 255 5.4
Xmax — Xmin
Where x4y and x,,, represents the maximum and minimum x coordinates present in the
sample, respectively, and d,; represent the mean distance to the origin, along the x axis, in

the i’ voxel. The value of dy; is computed as in the following equation:

d_ o ZPxp,i

=" p (5.5)

With x,, ; representing the x coordinate of point p in the i"" pixel and P; the total number
of points lying within that pixel position, after discretization. This way, we obtain a 2D

grayscale image to which we can apply rate-based coding.

Three examples of the proposed encoding method can be found in figure 5.5 (right).
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Figure 5.5: Point cloud (left) to 2D image (right) encoding method. The proposed method allows
us to transform a 3D point cloud to a grayscale 2D image to which we can then apply rate encoding.

Given such an encoding strategy, we then applied the previously described DECOLLE algo-
rithm to the Sydney Urban Objects point cloud dataset [98], using 533 images for training and 155
for testing (4.1). Our main goals were to assess the performance of SNN-based approaches on

LiDAR data and to compare their differences, in terms of performance, with conventional ANNSs.
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Chapter 6

Results and discussion

6.1 Spike-timing-dependent plasticity

As previously stated, for the replication of the work of Diehl and Cook [25], we started to manually
study the hyperparameters’ influence in the performance of the model, evaluating it on the MNIST
dataset, in a first instance, to establish a baseline and attempt to replicate the reported accuracy.
Then, the NMNIST dataset was used to assess the scalability of this model to neuromorphic data.

The excitatory to inhibitory and inhibitory to excitatory synaptic strengths are crucial to the
model’s performance as the authors argue that it should not be too weak, since it would not produce
any effect, nor too strong, in which case once a neuron fires, no other neuron is able to fire too.
Furthermore, the adaptive threshold (6™") concept is also studied in this work.

As we can see from table 6.1, we began to study the excitatory and inhibitory strengths through
the BindsNET default values (17.5 inhibitory and 22.5 excitatory strength). Then, a random search
algorithm was developed where an inhibitory strength of 32.0 and an excitatory strength of 64.0
were suggested as possible optimal values. In fact, it improved the accuracy by 26%. How-
ever, since the random search algorithm does not cover all possible combinations, it may create a
suboptimal solution. This is particularly important in the considered algorithm, as excitatory and
inhibitory strengths directly impact learning. To assess if we were on such a suboptimal case, an-
other random search algorithm was implemented but we obtained 35.0 for the inhibitory synaptic
strength and 231.0 for the excitatory strength, which allowed a further increase of approximately
1% in the test set. Another study was performed using the values provided by the BindsNET au-
thors in their examples directory (120 inhibitory and 22.5 excitatory strength) that allowed to reach
an accuracy of 90.28% with 400 neurons, outperforming the 87% accuracy reported in the original
paper for the same number of neurons. Different 6% and number of neurons were evaluated and,
although we were not able to outperform the accuracy of Diehl and Cook [25] for the network of
100 neurons, the accuracy obtained with 800 neurons is only 0.5% apart from the top performance,

reported with 1600 neurons in the original paper. Therefore, we were able to obtain comparable
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Table 6.1: Results for the experiments of different hyperparameters for the implementation of the
network proposed by [25]. The best results for the different number of neuron architectures is
presented in bold.

Nr of Neurons Inhibitory strength Excitatory Strength 6"  Accuracy (%)

400 17.5 22.5 0.05 46.06
400 32.0 64.0 0.05 72.41
400 35.0 231.0 0.05 73.55
400 120.0 22.5 0.05 90.28
400 120.0 225 0.01 86.65
400 120.0 22.5 0.1  89.18
800 120.0 22.5 0.05 91.41
100 120.0 22.5 0.05 75.64

results, with less neurons, highlighting the robustness of the Diehl and Cook algorithm [25]. A
comparison of the original results and the best accuracies achieved in this work are summarized
in table 6.2.

As we can see in figure 6.1, where it is represented the confusion matrix for the best accuracy
obtained, the 4 and 9 are the most common misclassifications, which is consistent with the results
reported by the original paper.

Regarding the neuromorphic data, the inhibitory and excitatory strengths were fixed, since
their influence has already been analysed on the MNIST study, and we rather focused on the influ-
ence of the number of timesteps (T) and adaptive threshold, 6. Table 6.3 presents the obtained
accuracies for the NMNIST study.

We can see that different values for both T and 6" allow an improvement in the model’s
accuracy until they reach a point for which the performance starts decreasing. However, the best
accuracy is still far from the one reported for the MNIST dataset. We argue this derives from the
sparsity and higher complexity of the NMNIST dataset. In fact, besides being a bipolar dataset,
the neuromorphic data is noisier than MNIST, as we can see in figure 6.2 , where we sum the
time dimension of NMNIST to convert the time-varying data to 2D images. As such, it becomes
difficult for the network to learn representative prototypes, i.e., RFs.

For the so-called SOM approach, it was tested again on the MNIST and NMNIST datasets.
Even though the increasing inhibition strategy, where the inhibition is linearly increased over the

training was implemented, there were no relevant differences, so only the increasing interneuron

Table 6.2: Comparison of the results obtained in this work with the ones reported by [25]

Work Nr of Neurons Inhibitory strength Excitatory Strength Accuracy (%)
[25] 100 17.5 22.5 82.90
This work 100 120.0 22.5 75.64
[25] 400 17.5 22.5 87.00
This work 400 120.0 22.5 90.28
[25] 1600 17.5 22.5 91.90

This work 800 120.0 22.5 91.41




6.1 Spike-timing-dependent plasticity 37

0 0.017 0.003 0 0.045 0.010.000970.012 0.002

- 0.8
«~ -0.002 A:19D.0069.0061 0 0.001 0.012 0.014 0.003
m - 0 0.00088.013 bX:-L¥0.001 0.033 0 0.0078 0.01 0.002
0.6
<+ - 0 0.00440.0029 0 L 0 0.0140.0049.00310.042
n- 0
0.4
o 0.00510.00260.0058 0 0.00410.022 e85
~ - 0 0.00620.015 0.003 0.0210.0011 0
i 0.2
w- 0
o -0.0020.00530.0029.0089 0.14 0.01 0.001 0.0270.0092X:]
i -0.0

Figure 6.1: Confusion matrix for the best accuracy obtained through the implementation of the
network proposed by [25].

Table 6.3: Results for the experiments of different hyperparameters for the implementation of the
network proposed by [25] in the NMNIST. The best results for the different number of neuron
architectures is presented in bold. All activity accuracy represents the accuracy obtained based on
the activity of all output neurons while in proportion accuracy,a weighted class-wise accuracy is
computed.

Nr of Neurons T o+ All activity Proportion
Accuracy (%)  Accuracy (%)
400 250 0.05 48.87 47.86
400 250 0.1 65.03 64.20
400 250 0.2 65.62 64.86
400 250 0.3 67.26 67.59
400 250 04 72.17 73.67
400 250 0.5 71.66 71.75
400 300 04 75.45 76.29
400 350 0.4 75.08 77.08
400 400 04 78.69 79.99
400 450 0.4 79.98 81.17
400 500 04 79.8 81.46
400 550 0.4 79.79 80.92
400 750 0.4 78.31 80.00

400 1000 0.4 76.55 78.22
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Figure 6.2: Comparison between MNIST (left) and NMNIST (right) examples. As we can see, the
neuromorphic image is noisier, making it difficult to the network to learn representative features.

inhibition scheme results will be here discussed. In fact, as expected, we obtained smoother filter
maps when compared with the fixed inhibition approach (figure 6.3). However, even though a
400 neuron network is able to achieve 90.71% accuracy on the MNIST dataset (comparing to the
90.28% previously obtained), for the neuromorphic dataset the best accuracy obtained was 53.9%,
also with a 400 neuron network. This implies a scalability difficulty of this approach to even the
smallest complexity change, such as is the case when we scale up to the NMNIST dataset.

In summary, in this section we have seen that although the proposed shallow network is able
to perform relatively well on the simple MNIST dataset, it does not scale well to more complex
datasets such as NMNIST that, although still simple, holds noisier and bipolar data. However,
a comprehensive study of different hyperparameters allow us to better understand unsupervised
SNNs, and since we made our code publicly avilable ', we also contribute to the SNN community

by ensuring reproducibility of the methodology.

6.2 Supervised learning

Biologically plausible STDP-based approaches do not scale to complex data, thus creating a ne-
cessity for different learning rules that work well for deeper networks. In that sense, two dom-
inant strategies have been proposed: converted ANN-to-SNN [114, 115, 116] and supervised
SNNs trained with backpropagation and surrogate gradients [59, 58]. Nonetheless, we explore
DECOLLE, an intermediate strategy that is local, like STDP, but that also takes advantage of
the strengths of supervised learning, namely, backpropagation. We explore two different network
topologies, namely a convolutional network and an MLP. Then, we evaluate the results with dif-
ferent hyperparameters. The general case of the pseudo-targets for, respectively, the first, second,

and third hidden layers are described by equations 6.1, 6.2, and 6.3:

y=PBot+ B4 (6.1)

ISource code available at:  https:/github.com/MAC2189/Efficient-Neuromorphic-Architectures-for-Visual-
Perception
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Figure 6.3: Comparison of the filter maps created with the implementation of the network with
(left) and without (right) the SOM approach.

y:Al-(sin(Zﬂ-fl-t+g)+l) 6.2)

y:AZ'(sin(Zﬂ-fZ't+§)+l) (6.3)

With 3, being the slope of the linear ramp, and 3, the intercept. A; and f; are, respectively,
the amplitude and frequency of the sinusoidal pseudo-target associated with the i-th hidden layer.

For the simpler version of the DECOLLE algorithm, composed of three fully-connected LIF
layers, the reported values for the pseudo-targets’ parameters were manually determined as well
as the number of timesteps and learning rate. Importantly, we experimented with two versions
of the algorithm. One version where the forward and backward pass weights were equal and
another, where we exploited the weight multiplication by fixed gaussian noise for the BP. Layers
composed of 400, 800, and 1600 neurons were evaluated. Since the 800 neuron networks provided
the best results, we then fixed the number of neurons to 800 to assess the impact of other features
of this architecture on model performance. Furthermore, only the slope and frequencies of the
pseudo-targets were assessed, with the intercept and amplitude values held fix and equal to 0.005
and 0.35, respectively. As in the previous experiments, the results were initially tested on the
MNIST dataset, to establish a baseline, and then on neuromorphic data, namely NMNIST. As
we can see from table 6.4, the results for the equal forward and backward local random readout
weights suggest that the used SL method surpasses the UL performance, allowing us to train
deeper networks, while maintaining biological plausibility.

Other experiments were conducted, including a model trained with a single channel of the
NMNIST dataset as input, or variations of the rate-coding strategy, but not included in the results
table since the performances did not improve. Table 6.5, on the other hand, shows the results
for the multiplication of the forward random readout weights with fixed gaussian noise for the

backward pass. The results suggest that, although there is a gain in biological plausibility, there
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Table 6.4: Results for the implementation of the MLP DECOLLE approach in MNIST and NM-
NIST datasets. For the MNIST applications, the probability of spike was fixed to 0.8. The better
performances are highlighted in bold.

Dataset T Bo fi f; Learning Rate Epochs Accuracy (%)
MNIST 100 0.0075 0.04 0.02 5e-4 5 90.45
MNIST 50 0.0075 0.04 0.02 5e-4 5 91.19
MNIST 50 0.015 0.08 0.04 5e-4 5 92.29
MNIST 50 0.0225 0.12 0.06 5e-4 5 79.92
MNIST 100 0.015 0.08 0.04 5e-4 5 37.48
MNIST 50 0.015 0.08 0.04 1le4 5 95.12
MNIST 50 0.015 0.08 0.04 1e-4 10 94.39
MNIST 50 0.015 0.08 0.04 5e-5 5 95.95
MNIST 50 0.015 0.08 0.04 1e-5 5 95.67
MNIST 50 0.015 0.08 0.04 1e-5 10 95.76
MNIST 50 0.015 0.08 0.04 1e-5 20 96.32
MNIST 50 0.015 0.08 0.04 1e-5 50 96.24
NMNIST 50 0.015 0.08 0.04 S5e-5 5 89.13
NMNIST 400 0.015 0.08 0.04 5e-5 5 89.13
NMNIST 50 0.015 0.08 0.04 1e-5 20 95.28

is a slight decrease in performance, which is in accordance with the original work [57]. In our
experiments, only the number of neurons and the pseudo-targets’ parameters were studied, with the
learning rate fixed at Se-5. Additionally, the network was trained for 20 epochs with 50 timesteps

for each example.

Regarding the network with convolutional and LIF-neuron blocks, to which we shall name
convolutional DECOLLE for the rest of this analysis, different learning rates, timesteps, pseudo-
targets’ parameters, and beta values, that rule the membrane potential decay dynamics of the LIF
neurons, were tested. In every experiment, the network was trained through 25 epochs using the
AdaMax optimizer. For the first and second hidden layers, the pseudo-target’s parameters were
also fixed on By = 0.035, B; = 0.005, A; = 0.65, and f; = 0.10, respectively. As we can see from
table 6.6, it was studied an approach in which the beta value was set to 0.95 in the output layer,

while on the other layers it was settled on 0.75. Moreover, it was also implemented a membrane-

Table 6.5: Results of the MLP DECOLLE approach with gaussian white noise being multiplied
by the fixed random weights in the backward pass. All the experiments were performed on the
NMNIST dataset.

Nr of neurons f3, Aq fi A, 6 Accuracy
(%)

800 0.015 035 0.08 035 0.04 84.94

1600 0.015 035 0.08 035 0.04 88.01

800 0.025 055 0.10 055 0.02 92.75

800 0.035 0.65 0.10 0.65 0.02 93.64

1600 0.035 0.65 0.10 0.65 0.02 94.56
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Table 6.6: Results for the convolutional DECOLLE on the NMNIST dataset.

Learning Rate T f; Accuracy (%) Comments

5e-5 50 0.02 92.52 -

5e-5 75 0.02 89.56 -

5e-5 50 0.04 91.43 -

5e-5 50 0.03 91.13 -

le-4 50 0.02 -

le-4 50 0.02 96.50 output beta = 0.95

le-4 50 0.02 95.50 sigmoid approach w/
membrane-based loss

le-4 50 0.02 95.74 membrane-based loss

based smooth L1 loss for the output layer that, instead of computing the loss by establishing target
spikes, it resorts to membrane potential as target. Moreover, a cyclic sigmoid target approach is
also assessed. Besides using the membrane-based loss, a sigmoid function is used as a surrogate
for the output layer ground truth. Our hypothesis with such an approach was that a time varying
target more closely mimics the temporal behavior of a LIF neuron, than forcing the neuron to be
close to the threshold at each timestep, thus representing a more accurate estimate of the prediction
error. In essence, we intended to penalize less the error for the timesteps in which it was expected
for the LIF to be accumulating voltage.

Some additional experiments were conducted where an additional convolutional layer was
added to the third hidden block and the BP algorithm was implemented from the output to that
layer, remaining the rest of the layers with a local learning rule. For the second convolutional
block, a 5 x 5 kernel size was used and the values of the learning rate, timesteps, and epochs were
set to Se-5, 50, and 25, respectively. The pseudo-targets’ parameters were fixed to the values that
produced best results with the convolutional DECOLLE approach. As we can see from table 6.7,
the performance did not improve significantly.

When analysing the results obtained with the different approaches, we observe that with the
simpler MLP DECOLLE architecture we were able to achieve performances comparable to the
ones we obtained with the MNIST dataset and to the results reported by the authors. However,
the use of convolutional blocks in the hidden layers led to significant performance improvements.
We suggest that with such an approach, the network is able to learn more representative features.
Nonetheless, we were able to show the advantages of biologically plausible SL rules in terms of

performance and robustness with the implementation of the proposed networks on neuromorphic

Table 6.7: Results on the convolutional DECOLLE approach, where it was added a second convo-
lutional block to the third hidden layer and the BP algorithm was implemented from the output to
the last hidden layer. The experiments were performed on the NMNIST dataset.

Learning Rate Kernel size Accuracy (%)
5e-5 7+5 92.92
5e-5 7+ 5 (w/ AvgPool) 92.10
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Table 6.8: Results for the implementation of the 2-layered fully-connected ANN to allow compar-
ison with SNN-based implementations.

Nr of neurons Optimizer Batch Size Accuracy (%)

100 AdaMax 4 42.11
100 Adam 4 42.76
75 AdaMax 4 38.82
150 AdaMax 4 41.45
200 AdaMax 4 48.03
200 AdaMax 8 40.79
100 AdaMax 8 43.42

data. Overall, the DECOLLE algorithm enables the development of multilayer models with the
advantages of local learning. More precisely, one could consider this approach as an efficient
and scalabe transitional algorithm from conventional ANN models to SNNs, while no scalable,
biologically plausible, local learning alternative is proposed. Importantly, overall, we observe a
performance improvement when comparing the results of the STDP-based approaches with the
supervised learning algorithms, suggesting that, although there is some loss in efficiency and bio-
logical plausibility, a more adequate accuracy/efficiency trade-off is achieved. In fact, supervised
SNNs could be suitable for ADS as with this use case, a high performance is highly desirable due

to road safety and regulatory reasons, but where hardware constraints are also imposed.

6.3 Point clouds

Regarding the suitabilty of SNNs to point cloud data, the previously described convolutional
DECOLLE approaches were assessed. Since our conversion method from LiDAR point clouds
to 2D images presents some limitations, namely, leads to some loss of spatial resolution, we hy-
pothesised both shallow conventional ANNs and SNNs would not be robust with these data. An-
other limitation is in regard to the sparseness of this dataset, that could dampen the performance
of conventional CNNs. Moreover, we aimed for a direct comparison between SNNs and CNNs.
Therefore, we started by implementing several fully-connected artificial neural networks with 2
layers of varying hidden neurons’ number, batch size, and optimizer (table 6.8). A learning rate
schedule was also adopted where an initial value of 1e-3 was decreased by a factor of 0.1 every 10
epochs.

Considering the DECOLLE MLP, we were able to obtain a best accuracy of 45.86%, which
is slightly inferior to the performance of the traditional ANN. Next, the convolutional DECOLLE
was applied on the LiDAR data with the AdaMax optimizer, 7 x 7 kernel size, and pseudo-targets
parameters fixed. The pseudo-targets parameters used were p = 0.035, f; = 0.005, A} = A, =
0.65, fi = 0.10, and f> = 0.02. The rest of the parameters were studied, and the results are
described in table 6.9.

For the comparison with SNN-based performances, two strategies based on traditional neural

networks were addressed. On the one hand, a convolutional DECOLLE version was implemented
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Table 6.9: Results on the convolutional DECOLLE strategy. The parameter Scheduler is labeled
Y if the learning rate was multiplied by 0.1 every 10 epochs and N if it was used a fixed learning
rate for the totality of the training epochs.

Learning Scheduler Batch Epochs Beta T Maxprob. Dropout Accuracy

Rate Size spike prob (%)

S5e-5 Y 4 25 08 75 1 0.5 44.74
5e-5 Y 4 50 085 75 1 0.5 4474
le-4 Y 4 25 085 75 1 0.5 46.05
le-4 Y 4 25 085 50 1 0.5 45.39
le-4 Y 4 25 0.85 50 0.8 0.5 44.08
le-4 Y 8 25 085 75 0.8 0.5 50.00
le-4 Y 8 25 08 75 0.8 0.2 52.63
Se-4 Y 8 25 0.85 50 0.8 0.5 56.58
Se-4 Y 8 25 085 25 0.8 0.5 55.26
5e-4 N 8 25 085 25 0.8 0.2 57.24
Se-4 Y 6 25 085 75 0.8 0.2 56.94
Se-4 Y 12 25 085 75 038 0.2 56.25
Se-4 Y 12 25 075 75 0.8 0.2 56.94
Se-4 Y 8 25 075 75 0.8 0.2 52.63
Se-4 Y 8 25 075 25 0.8 0.2 55.92

in which the LIF neurons are replaced with conventional activation functions, namely ReL.U and
Sigmoid activations (table 6.10). Since the input to conventional ANNSs, in the 2D computer
vision domain, is not time varying, the pseudo-targets are set to be equal to the actual target,
for all layers. We argue this also allows the different layers of the network to learn distinct and
discriminant features, for two reasons mainly. Not only because the local random readout weights
are unique for each layer, but also because of the increasing number of filters with network depth.
On the other hand, an end-to-end traditional ANN was defined (table 6.11) as well as an end-to-end
convolutional SNN (table 6.12) to assess the influence of the learning method. Furthermore, the
additional convolutional block approach was also implemented with the convolutional DECOLLE
approach but, as we can see from table 6.13, did not provide satisfactory results comparing to
the ones obtained without the additional convolutional block. Finally, an inference study was
performed in the SNN- and ANN-based convolutional DECOLLE approaches, with the parameters
that provided the best results for each strategy. We can see from table 6.14 that the inference in the
SNN-based convolutional DECOLLE is higher than in the ANN-based strategy even if we consider
the mean inference time for each timestep. We argue that this can be caused by the usage of the
snnTorch package, that works with recursion rather than with the concept of time. Furthermore,
the use of neuromorphic hardware could improve the results for the SNN-based architecture and

should be considered as a study case for future implementations.
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Table 6.10: Results of the convolutional DECOLLE strategy applied to traditional ANN, with
different activation functions. For all experiments, the AdaMax optimizer was used.

Learning Rate Kernel Size Batch Size Epochs Dropout prob Accuracy (%)

le-4 Tx7 4 50 0.5 28.95
le-4 T7x7 4 25 0.5 29.61
Se-5 Tx7 4 25 0.5 29.61
le-6 Tx7 4 25 0.5 29.61
Se-4 Tx7 4 25 0.5 29.61
Se-4 7x7 8 25 0.5 59.21
le-4 7x7 8 25 0.5 59.21
le-4 7x7 8 25 0.2 59.21
le-4 5x5 8 25 0.2 57.89

Table 6.11: Results for an end-to-end traditional ANN. For these experiments the AdaMax opti-
mizer was used. The values of the kernel size, batch size, and dropout probability were set to 7 x
7, 8, and 0.2 respectively. Each network was trained during 25 epochs.

Learning Rate Accuracy (%) Comments

le-5 46.71

S5e-4 57.89

le-4 55.92

le-3 54.61

le-3 53.95 w/ batch normalization
Se-4 53.95 w/ batch normalization
le-4 51.97 w/ batch normalization

Table 6.12: Results for an end-to-end SNN. For these experiments the AdaMax optimizer was
used. The values of the kernel size, and batch size were set to 7 x 7, 8, and 0.2 respectively.

Learning Rate Epochs beta T  Max prob. spike Accuracy (%)

le-6 25 075 50 0.8 44.74
le-6 25 0.85 50 0.8 44.08
le-6 25 075 75 0.8 44.74
le-6 25 075 75 1 44.74

Se-6 9 075 50 1 46.05
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Table 6.14: Inference time comparison between a SNN- and ANN-based convolutional
DECOLLE. For the SNN architecture we present the overall result and the mean inference value
for each timestep. The inference time is higher in the SNN network, arguably due to the nature of
the snnTorch framework.

Network Inference Time (ms)
ANN conv. DECOLLE 1.231
SNN conv. DECOLLE 32.732

SNN conv. DECOLLE (timestep mean) 1.347

Table 6.13: Results for the implementation of the convolutional DECOLLE strategy with an ad-
ditional convolutional block in the last hidden layer, similar to the strategy adopted in the neuro-
morphic dataset.

Kernel Size T  Accuracy (%)

7+7 50 48.68
7+3 50 38.16
7+5 50 44.08
7+7 75 47.37

As we can see, using SNN-based convolutional DECOLLE we are able to achieve similar
performances to the ones obtained through traditional ANNs and, in particular, DECOLLE-based
traditional ANNs. Nonetheless, from figure 6.4 we can see that the SNN-based convolutional
DECOLLE presents a less entropic weight distribution in all hidden layers, which we argue that
may contribute to the extraction of less discriminant features (figure 6.5) and, consequently lower
performance comparing to the ANN-based approach. Furthermore, the use of different pseudo-
targets for the two approaches as well as the different codification may also contribute for the
gap in performance, with the poisson encoding possibly leading to information loss in the imple-
mentation of the SNN-based convolutional DECOLLE. However, these are promising results that
suggest we could leverage the properties of LiDAR data through SNN-based efficient architec-
tures. Nonetheless, the results presented in this work should be seen as preliminary since other
approaches could be more precise and there are still many unanswered questions in this regard.
For example, a more class-balanced dataset and with more samples should be discussed as well as
different encoding methods for the point cloud data could be explored. In fact, since the assessed
dataset (and real-world data) present different object scales, the encoding method may not be ideal
once it creates very sparse images when discretizing lower scale objects, which may imply loss of
information and detail. Furthermore, the optimum SNN model architecture for point cloud data is

yet to be proposed.
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Figure 6.4: Hidden layer weight distributions for the SNN- and ANN-based convolutional
DECOLLE approaches. As we can see, the SNN-based approach presents less entropic distri-
bution, arguably decreasing the model’s performance.
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Figure 6.5: Examples of the weights of the third hidden layer for both SNN- and ANN-based
convolutional DECOLLE strategies, where we can see the less discriminant features for the SNN-
based implementation that may be caused by the lower variance in the weight distribution.



Chapter 7

Conclusions and Future Work

Autonomous driving vehicles’ development is becoming a major focus of several companies, as
it provides a safer and more comfortable alternative to traditional driving systems. Nonetheless,
the interconnection and smooth communication between the different modules must be ensured,
to avoid possible fatal accidents. The perception module constitutes the first and most impor-
tant module that allows the system to understand and interpret the surrounding environment and
pass the information for the subsequent modules. An error or a simple delay in this module is
propagated through the whole pipeline and can result in severe accidents, with a fast and accu-
rate response, thus being mandatory for the perception task of the system. Nowadays, the SOTA
results for object classification in the autonomous driving context (and in other contexts as well),
are presented through the use of CNN models. However, SNN came as an efficient alternative to
those models, through biologically plausible dynamics. Their efficiency and low computational
power need are suitable features for the autonomous driving task. Additionally, neuromorphic
sensors came to increase even more the efficiency of these networks, removing the need to encode
information into spike-trains and removing redundancy through the creation of event-based data.
However, some of the features that give SNNs advantages over CNNss, are also the source of some
major drawbacks, such as the non-differentiable nature of the neurons’ activation functions, that
don’t allow the direct use of the BP algorithm. Although several workarounds have been proposed
in the literature, papers frequently fail to report the full range of hyperparameters used, which,
given SNNs’ sensitivity to hyperparameters, specially considering surrogate gradients, leads to
difficulties in the reproducibility of the approaches.

To overcome the aforementioned reproducibility issue, a two-layered network with the use of
the STDP learning rule and implementation of lateral inhibition was implemented as proposed
in the work of Diehl and Cook [25]. This work was studied on the simple MNIST and NM-
NIST datasets to study its scalability to neuromorphic data. A SOM approach was also studied
in both datasets in order to assess the influence of guided and flexible inhibition mechanisms in

the learning of representative filters. Furthermore, a supervised learning approach based on FB
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alignment was also studied as proposed by Kaiser et al. [57]. In this approach, for each layer there
is a pseudo-target that allows to compute the local errors resorting to fixed random FB weights,
without the need to use the forward weight matrices to propagate the error through the network.
Although this network is not as biologically plausible as the previous approaches, it showed better
scalability and robustness to the more complex neuromorphic data.

In conclusion, the supervised learning approaches were applied to the more challenging LiDAR
data, in order to study the robustness and applicability in real-world scenarios. Even though the
results were far from the current SOTA results using CNN-based architectures, this work presents
relevant results in point cloud data, showing the promising nature of SNNs in the autonomous
driving context.

We have seen that a lot of work has been developed towards achieving ever-more biologi-
cally plausible neural networks, even though there are several mechanisms in biological networks
that are not fully understood, which leads SNNs to achieve lower performances in comparison
to traditional ANNs. As for future directions in line with this work, we can point the possibility
to analyze different and deeper networks, the use of different pseudo-targets in the DECOLLE
implementation and different, more biologically plausible neuron dynamics. Plenty of work has
to be done regarding LiDAR data, starting with different encoding techniques and possibly more
robust algorithms, with the ultimate goal to implement such models in neuromorphic hardware
and evaluate them in real-world scenarios in an ADS. Furthermore, as 3D point clouds can not
be fully described through 2D images, the development of an ensemble model that classifies the
data based on multiple views is also seen as a promising future improvement. Another promising
direction is related to the adaptation methods that are currently applied for traditional neural net-
works for SNNs, such as data fusion implementations, taking advantage of both RGB and LiDAR
data. Some preliminary work and developments should be done in the classification task in a first
instance. Nonetheless, detection and segmentation tasks can be further analysed once SNN-based
approaches present nearly SOTA performances, with the ultimate goal being the development of

an end-to-end algorithm, able to detect, segment and classify real-world objects.
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