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Abstract

Computer vision and machine learning benefit from a growing interest in solving com-
plex problems where computers are expected to automatically learn from data [1]. Despite
impressive performances [2, 3], these algorithms are often energy-intensive [2, 4, 5] and
fall far short of the robustness and versatility of biological systems [6, 7, 8, 9, 10, 11, 12,
13]. Over the last decades, computers have become more powerful [14]. However,
this exponential growth in technology scaling seems to come to an end [14, 15], calling
for new computing systems and processing algorithms. Indeed, current von Neumann ar-
chitectures [16] have inherent hardware limitations [10] preventing them from efficiently
implementing general-purpose real-time autonomous and energy-efficient systems, unlike
biological brains. This drives a paradigm shift towards alternative architectures that could
bring silicon systems closer to the efficiency of biological ones.

To address these challenges, an ongoing research field called neuromorphic engineer-
ing aims at developing practical solutions by drawing inspiration from the brain [17, 18].
Although neuromorphic sensors and processors already exist [7, 18, 19, 20, 21, 22, 23, 24],
conventional imaging algorithms cannot be directly mapped to these hardware platforms
as their architecture is fundamentally different from von Neumann computers [3]. Conse-
quently, new algorithms are needed to process data efficiently on neuromorphic platforms.

This thesis aims at investigating several ways of training spiking neural networks
(SNNs) in order to classify accurately samples from real-world neuromorphic datasets.
At the same time, neuromorphic processor(s) developed at UCLouvain come as a support
hardware framework, which defines chip related constraints. The main achievements
of this thesis range from the development of a Python spiking simulator for inference in
the spiking domain, the generation of SSP-MNIST which is a synthetic spiking version of
MNIST, to an adapted integrate-and-fire neuron model thought to improve the classifi-
cation accuracy of SNNs. To the best of our knowledge, this was the first time that the
proposed approach was applied to the real-world neuromorphic dataset N-CARS. Finally,
even though the proposed approach did not outperform state-of-the-art techniques, it
achieved good classification accuracy despite being subject to hardware constraints (e.g.
98.19% on SSP-MNIST, 96.83% on N-MNIST and 81.97% on N-CARS).
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Nomenclature

Acronyms

ADAM Adaptive Moment Estimation
AER Address Event Representation
AE Address Event
AI Artificial Intelligence
AIF Adapted Integrate and Fire (neuron model)
ANN Artificial Neural Network
AP Action Potential
ATIS Asynchronous Time-based Imaging Sensor
AVG Averaging/Average
BP Backpropagation
CNN/ConvNet Convolution Neural Network
Conv Convolution
CPU Central Processing Unit
DBN Deep-Belief Network
DL Deep Learning
DNN Deep Neural Network
DVS Dynamic Vision Sensor
EB Event-Based
EPSP Excitatory Post-Synaptic Potential
FB Frame-Based
FC Fully Connected
FPGA Field-Programmable Gate Array
GPU Graphics Processing Unit
IF Integrate-and-Fire
IoT Internet-of-Things
IPSP Inhibitory Post-Synaptic Potential
LCD Liquid Crystal Display
LIF Leaky Integrate-and-Fire
LSTM Long Short-Term Memory
ML Machine Learning
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Acronyms

MNIST Modified National Institute of Standards and
Technology (dataset)

MorphIC Neuromorphic processor (UCLouvain)
MSE Mean Square Error
N-CARS Real-world neuromorphic dataset (Prophesee)
N-MNIST Neuromorphic-MNIST (dataset)
NN Neural Networks
ODIN ONline-learning DIgital spiking Neuromorphic

processor (UCLouvain)
PCA Principal Component Analysis
PSNR Peak Signal to Noise Ratio
PSP Post-Synaptic Potential
RBM Restricted Bolztmann Machine
ReLU Rectified Linear Unit
RMSE Root Mean Square Error
RNN Recurrent Neural Network
S-SDSP Stochastic-SDSP
SDSP Spike-Driven Synaptic Plasticity
SGD Stochastic Gradient Descent
SNN Spiking Neural Network
SOM Self Organizing Maps
SSP-MNIST Synthetic SPiking MNIST (dataset)
STDP Spike-Timing-Dependent Plasticity
SVM Support Vector Machines
VNB von Neumann Bottleneck
WTA Winner-Take-All
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Symbol Units

Tframe s Time interval between two successive frames
τreality s Time constant of changes in the observed scene
wM,J / Synaptic weight between neurons M and J
Ii / Neuron input i
TFJ / Transfer Function of the neuron J
AFJ / Activation Function of the neuron J
yJ / Output of the neuron J
ka, kb, kl, ki pixel Kernel shape
A,B pixel Input shape
M,N / Number of channels/feature maps
H,C / Number of neurons in the hidden,output layer
e = [x, y, t, p] / Event = [x-coordinate, y-coordinate, timestamp,

polarity]
Na+ / Sodium ion
K− / Potassium ion
Cl− / Chlorine ion
Ca2+ / Calcium ion
V (t) mV Membrane potential at time t
L mV Leakage parameter
X(t) mV Summation of all synaptic inputs at time t

(XJ(t) = ∑
iwi,JIi(t))

θthresh mV Membrane firing threshold
Vresting mV Resting membrane potential
Cm F Membrane capacitance
Rm Ohm Membrane resistance
I(t) A Input current at time t
tref ms Refractory period
θdownthresh mV Upper bound membrane firing threshold
θupthresh mV Lower bound membrane firing threshold
q / Number of Conv layers in the network
r / Number of FC layers in the network
g / Pixel index
p / Sample index
dt ms Accumulation time window
s = {tg,pi , ..., tg,pn } ms Spike train for pixel p of sample p
Cg,p
dt / Spike count for pixel p of sample p, over an

accumulation time window dt
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Symbol Units

C̃g,p
dt / Normalized spike count for pixel p of sample p, over an

accumulation time window dt

tpre ms Timestamp of the pre-synaptic spike
tpost ms Timestamp of the post-synaptic spike
∆t ms Time interval between the pre- and post- synaptic

spike (∆t = tpost − tpre)
τ ms Time constant
θ1, θ2, θ3 / Calcium thresolds
Θm mV Thresholds vector
l / Index of the layer in the network
θlayerlm mV Membrane firing threshold of neurons in layer l
β1 / Exponential decay rate for the first moment estimates

(ADAM parameter)
β2 / Exponential decay rate for the second-moment

estimates (ADAM parameter)
ε / Very small number to prevent any division by zero

(ADAM parameter)
η / Learning rate
ζ, ξ / Parameters for learning rate
Ncores Number of cores in the multi-cores spiking simulator
Nsynapses / Number of synaptic weights in the Conv part
Nneurons / Number of neurons in the Conv part
Rsynapses bit Resolution of the synaptic weights in the Conv part
Rneurons bit Resolution of the neurons in the Conv part
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Chapter 1

Introduction

“The eye is the window through which the mind perceives the world around it. It is also
a window through which to discern the workings of the brain" [25]. Vision is without a
doubt one of the most critical senses in human and animal perception. Little wonder that
engineers have developed cameras to sense the world and algorithms capable of exploit-
ing the data produced by such sensors. Indeed, computer vision and machine learning
benefit from a growing interest in solving complex problems where computers are not ex-
plicitly programmed but rather have to automatically learn from data [1]. Despite genuine
impressive performances [2, 3] in specific domains such as detection, tracking and pattern
recognition of visual features, these algorithms are often energy intensive [2, 4, 5] and fall
far short of the robustness and versatility of biological systems [6, 7, 8, 9, 10, 11, 12, 13].

Over the last decades, computers have become more powerful [14], which has pro-
vided a favourable basis for running large-scale simulations, leveraging huge databases
and facilitating electronic integration in every day life devices (e.g. cell phones, laptops,
interconnected devices, ...). However, this exponential growth in technology scaling known
as Moore’s law [14] seems to come to an end [14, 15], calling for new computing systems
and processing algorithms. Moreover, the need for real-time processing and general-
purpose autonomous and energy-efficient systems is increasingly present in mod-
ern societies. This is driven by the desire of direct interaction with the environment
which requires to extract the useful information on-the-fly after having collected the data
in order to react directly and safely to external stimuli. This capacity meets great in-
terest and widespread adoption in several applications such as healthcare, autonomous
vehicles/devices and industrial monitoring. Unfortunately, current von Neumann archi-
tectures [16] have inherent hardware limitations [10] (e.g. separation between memory
and processing structures, memory-related constraints as silicon area and access time, ...)
that prevents them from efficiently meeting these requirements in practice. This drives a
paradigm shift towards alternative architectures that could bring silicon systems closer
to the efficiency of biological ones.

To address these challenges, an ongoing research field called neuromorphic engineering
aims at developing practical solutions by drawing inspiration from nature and especially
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Chapter 1 – Introduction

from the brain [17, 18]. Although neuromorphic sensors (e.g. silicon retinas [12, 19, 25,
26, 27], silicon cochleas [18, 28]) and neuromorphic processors already exist [7, 20, 21, 22,
23, 24], conventional imaging algorithms cannot be directly mapped to these hardware
platforms as their architecture is fundamentally different from von Neumann computers
[3]. Consequently, new algorithms are needed to handle and process data efficiently on
neuromorphic platforms and hopefully to reduce the gap between current computers and
biological brains.

1.1 Goals

This thesis aims at investigating several ways of training spiking neural net-
works (SNNs) in order to classify accurately samples from real-world neuromorphic
datasets. At the same time, neuromorphic processor(s) developed at UCLouvain come
as a support hardware framework. Thereby, chip related constraints have to be taken
into account when designing the SNN architecture in order to ensure a possible hardware
implementation.

The binary classification task presented by the real-world neuromorphic datasetN-CARS
provided by the French company Prophesee is used as a benchmark, alongside hand-
written datasets (e.g. SSP-MNIST, a synthetic spiking version of MNIST generated in this
work, and N-MNIST). In addition, this work aims at proposing an overview of fundamen-
tal existing concepts, devices and algorithms in the current landscape of neuromorphic
engineering.

1.2 Main achievements

The main achievements of this thesis are as follows:

• The generation of a synthetic neuromorphic dataset based on MNIST, called
SSP-MNIST

• The development of a multi-cores Python spiking simulator for inference in the
spiking domain

• The development of Python scripts to handle spiking data

• The reconstruction by accumulation of spikes of a frame-based version of the
N-MNIST and N-CARS datasets

LELEC2990 2 Pirson Thibault



1.3. Structure of this work

• An adapted integrate-and-fire neuron model thought to improve the classifi-
cation accuracy of SNNs

• First attempt to apply an approach similar to ours on the real-world neuromorphic
dataset N-CARS, to the best of our knowledge

• Good classification accuracy on benchmark datasets (e.g. 98.19% on SSP-MNIST,
96.83% on N-MNIST and 81.97% on N-CARS) while the networks were subject to
hardware constraints.

1.3 Structure of this work

This work is structured as follows:

• Chapter 2 is organized along two main axes. The first one introduces the context,
the current limitations and motivations that drive a paradigm shift towards new
architectures, such as neuromorphic computing. A brief reminder about machine
learning is also given. The purpose of the second axis is to present the available
hardware. Neuromorphic chips and sensors are used as a framework that sets up
constraints on the practical reality behind the simulations and solutions presented
in this work. Currently-available spiking datasets are also presented.

• Chapter 3 gives a non-exhaustive literature overview of the state-of-the-art process-
ing methods available so far in neuromorphic engineering. This chapter focuses
mainly on how SNNs can be trained. It forms the basis for the theoretical concepts
used in subsequent chapters.

• Chapter 4 describes themethodology established in order to come up with a work-
ing solution, including the chosen SNN architecture and training method. Details
about the spiking simulator and the synthetic dataset are given.

• Chapter 5 presents and discusses the simulation results regarding the datasets con-
sidered in this thesis. It gives also considerations about the practical implementation
of the proposed solution on available hardware. Finally, a comprehensive discussion
closes this chapter.

• Chapter 6 provides the conclusions to the work carried out in this thesis.

Appendix A.1 exhibits the global architecture of all Python scripts created for this work.
Appendix A.2 contains supplementary material. Appendix A.3 gathers some data sheets
of the Spartan-VII FPGA device. Figures in this work are best seen in color.
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Chapter 2

Fundamentals

This chapter introduces the framework of this thesis. Context and motivations are outlined
to understand the substrate driving a paradigm shift towards new technologies, such as
neuromorphic engineering. Then, a brief reminder on the basics of machine learning is
provided. Afterwards, the neuromorphic hardware at disposal for this work is presented.
It is used to set up constraints on the practical reality behind the simulations and proposed
solutions. Finally, some currently available spiking datasets are also introduced.

2.1 Context and motivations

2.1.1 Frame-based processing

Conventional frame-based cameras are extensively used in the everyday life for several
tasks such as industrial monitoring, recording videos or taking pictures, security, self-
driving vehicles, pattern recognition, space observations, to name a few. They are in
charge of the first step in visual applications, i.e. data acquisition. Each image is a reg-
ular grid of pixels with corresponding intensity or color values [29], often called frame.
Computer vision and machine learning are fields strongly dependent on frame-based pro-
cessing, where images are at the core of artificial vision [30].

Even though both frame-based sensing and processing could be improved for applications
where high performance is needed, three key drawbacks are inherent to the hardware
implementation. First, this kind of cameras encode the scene at a pre-defined fixed acqui-
sition rate 1

Tframe
[31] (usually around 30− 60fps [30, 32]) which means that each pixel of

the sensor is updated at the same time as its neighbours, which creates frames that need
to be buffered in a memory. However, hardware limitations prevent these sensors to reach
higher and higher acquisition rate which can lead to motion blur. Moreover, it has been
observed that most of the information of everyday scenes is located around 1kHz [33]
which is far beyond the best acquisition rates for current imagers, i.e. around 60fps [30]
up to 300fps [34]. Second, a fundamental limitation of conventional cameras is the lack
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Chapter 2 – Fundamentals

of dynamic content and the acquisition of both relevant and non-relevant data [30]: frames
are completely independent of what is going on in the observed scene [35, 36]. In other
words, frame-based sensing and processing assume that the time constant τreality related
with the changes in reality and Tframe are similar (Tframe ' τreality) but this is often not
true in practice [37]. If almost nothing happens in front of the camera (Tframe << τreality),
it keeps taking and saving frames every Tframe seconds, which is useless in terms of new
information [37]. In fact, successive frames contain a huge amount of redundant data as
most pixels have similar values from one frame to the next [36]. On the other hand, if
something happens too fast (Tframe >> τreality), the limited and fixed acquisition rate
does not allow to accurately capture what happened [37]. Consequently, the too dense
or too low information produced at each frame is not an efficient way to encode natural
scenes [31]. This is illustrated in Figure 2.1. Even if specialized algorithms can achieve
impressive compression ratios (up to 50 for 1 [38]), the acquired data has been unnec-
essarily sampled, digitized, and transmitted, which is a waste of resources [36]. Finally,
intra-frame dynamic range is usually limited around 60dB [39] with conventional imagers.
It limits the ability of capturing scenes with high contrast in uncontrolled environments
with natural lighting, which can compromise performance [27].

Redundant data

Interesting new data Interesting new data Interesting new data

Redundant data Redundant dataFra
me

 0

Fra
me

 1

Fra
me

 2

Fra
me

 3

TIME

Figure 2.1 – Identification of redundant and interesting data in an image
obtained with a conventional camera (frame-based sensing). The sky, trees and
grass are unnecessary oversampled whereas the swing of the club and the movement of the
player/ball are undersampled. Image adapted from [40].

With the growing use of the Internet-of-Things (IoT) pushing towards more and more
inter-connected portable and autonomous devices, real-time processing ability and energy
consumption are two key requirements that have to be taken into account in order to
develop efficient and sustainable smart sensor nodes. The previously discussed three key
drawbacks of frame-based sensing and processing prevent them from efficiently meeting
these two requirements. In fact, notwithstanding the advances in computational power,
pixel resolution and frame rate acquisition over the last decades, even the state-of-the-art
methods available nowadays are much less effective than biological vision systems when
it comes to robustness, reliability and energy consumption [8, 13, 41].
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2.1. Context and motivations

2.1.2 Basics of machine learning and computer vision

This section aims at reminding some basics of machine learning and computer vision
as they are extensively used throughout this work. Explanations given in the following
sections are superficial: the goal of this reminder is not to propose an extensive summary of
state-of-the-art machine learning techniques but rather to outline some critical concepts
that will be used throughout this work, such as some objectives of machine learning,
several architectures and learning methods but also well-known trade-offs.

2.1.2.1 Objectives and applications

The development of computing and communication over the last decades has pushed our
society to produce more and more information [42]. As a matter of fact, exponential
growth is observed in the size of the data produced by several systems, devices and data
sources [43] (double every 20 months [42]). For instance, more than 2.5 · 1030 bytes is
being created every single day and 90% of the total amount of stored data in the world
has been created over the past two years [43, 44, 45]. This huge volume of wide variety
data produced at a frenetic rate is often called the Big Data [45] and this trend could be
even amplified with the growing use of the IoT. However this collected data is information
in its raw form (i.e. recorded facts) and even if some information contained in there can
be interesting, it is locked up in huge databases [43]. Extracting useful information under-
lying this huge amount of data is the objective of data mining which aims at developing
automatic sifting in order to find strong patterns that can be generalized and then be
used to make better prediction on future data [42].

To reach this goal, it uses machine learning as a technical basis [42]. It consists in de-
veloping efficient computational methods where computers are not explicitly programmed
but rather have to automatically learn from data [1] in order to improve performance [46]
and is mainly used for prediction (i.e. forecasting), classification, clustering and solving
complex problems [10, 41, 42, 47, 48, 49]. Machine learning is based on three essen-
tial axes: data availability, computing power and algorithmic innovation. Nowadays, it
is applied in a wide range of applications ranging from fundamental physics, healthcare,
politics, self-driving vehicles to economics, IoT and communication [42, 45], to name a
few.
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Chapter 2 – Fundamentals

2.1.2.2 Architectures and learning methods

A neural network is made up of at least two key components: the processing units
(i.e. neurons) and the links that connect them together (i.e. weights) [50]. This has been
loosely inspired by neural architectures in the brain [4, 51, 52] as shown in Figures 2.2 and
2.3. Input and output neurons are connected to the external environment whereas hidden
neurons are connected to neighboring neurons and their output is used as input for other
neurons in the network [50, 53]. Every neuron receives input(s), processes information
using their transfer function and then produces an output depending on to their activation
function, as shown in Figure 2.3. In this Figure, the transfer function TFJ is the weighted
sum of the inputs I1→M with respect to the weights w1→M,J of the links connected to the
neuron J . Accordingly, netJ = TFJ(I, w) = ∑M

i=1 Ii ·wi,J . The output yJ of the J th neuron
is expressed as yJ = AFJ(netJ) where the activation function AFJ is often the sigmoid,
tanh or ReLu function [37], among others. A wide variety of powerful machine learning
architectures and algorithms have been investigated [50] and some of the most popular
[5] are Principal Component Analysis (PCA) [54], K-means clustering [46], decision trees
[55], auto-encoders [2, 48], Deep Belief Networks (DBNs) [2, 41], Restricted Boltzmann
Machines (RBMs) [2, 41], Self Organizing Maps (SOMs) [46], Support Vector Machines
(SVMs) [56] and Artificial Neural Networks (ANNs) [2, 5]. The focus is made on
the latter one in this work. An ANN is mainly characterized by three elements: the
architecture (i.e. connections between neurons), the learning method (i.e. algorithm that
determines the weights of the connections) and the activation function (AFJ , i.e. the
function used to produce the output of a neuron given its inputs, e.g. sigmoid, tanh, ...).
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2.1. Context and motivations

A fully-connected (FC) layer is a layer where every single neuron belonging to the
layer is connected to all neurons in the previous layer [53] as can be observed in Figure
2.2. This architecture requires to store and learn a large number of parameters, often
leading to copious power/energy consumption [53]. On the other hand in a convolution
(Conv) layer, neurons are connected following a structure inspired by the organization
of the animal visual cortex [36, 53, 59]. Neurons in a given layer are only connected to a
subset of neurons in the previous layer, called the local receptive field (shape ka×kb) [48],
and are effective at extracting similar patterns in data with specific topological structures
[48]. Figures 2.4 and 2.5 help to better visualize and understand such networks. Each
connection in this subset of neurons has a particular weight and the whole subset of
weights is called the kernel/filter (shape ka × kb) [49]. It acts as a local feature extractor
and transforms the input into a feature map [48, 60, 61], through the convolution operation
presented in Figure 2.5. Convolution Neural Networks (CNN, ConvNets [61]) are a
particular case of ANNs which have much fewer connections and parameters making them
easier to train while maintaining similar performances [49]. The capacity of the network
can be controlled [49] by varying parameters A,B,M,N,H, k1, k2, k3 and k4 as detailed in
Figure 2.4, where (A,B) is the shape of the input, M and N are the number of channels
in the first and second convolution layers respectively, H is the number of neurons in
the hidden layer and k1→4 are the kernel sizes for the convolution and pooling filters.
Varying the depth and breadth of CNNs has a strong impact on the capacity [3, 49, 53],
i.e. the ability of solving complex tasks. Shapes (Al, Bl) are defined by the kernel size
kl and the type of padding (e.g. valid or same). For a valid padding and kl uneven,
(Al, Bl) = (Al−1 − kl − 1, Bl−1 − kl − 1), where l is the index of the layer in the network.
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For the learning process, a common use is to split unevenly the training dataset in
two parts: the training set and the validation set [49]. The first one is used to train the
weights while the second one is used to assess intermediate performance. When the best
weights have been found, the final performance is obtained by assessing how well the
method performs on the test set, which has not been used before [1]. It exists several
common learning methods in conventional machine learning but the three most famous
categories [2] are supervised, unsupervised and reinforcement learning [32, 46, 51]. They
differ mainly in the use of a teacher (e.g. labelled data) during the learning process [62]. In
most cases, ANNs are trained using stochastic gradient descent (SGD) optimization and
backpropagation algorithm [50, 53]. The basic idea behind this gradient-based method is
to update individual weights in order to minimize an error function at the output layer by
successively computing local derivatives with respect to the weights, for each neuron and
each layer from the output to the input, hence the name backpropagation [4, 53]. This
requires differentiable activation functions [3, 52]. In order to speed up the convergence
of the training process, the data is usually divided in batches on which parameters are
updated multiple times [53]. The learning rate η allows to control the updating speed of
the weights [53].

2.1.2.3 Generalization

Finding an appropriate network architecture, choosing an appropriate training method
and tuning the (hyper-)parameters to get the best performances for a given application
are key challenges in machine learning [1, 2]. After the training phase, the network is
expected to generalize well and to perform accurately on new samples. However, there
exists a trade-off between dataset size and complexity, which impacts the generalization
performance of the network [46]. Overfitting is a well-known issue in machine learning
that occurs in supervised learning when (large and deep) networks memorize well the
training set but deliver poorer accuracy on unknown samples, i.e. validation or test set [1,
4, 63]. This is often attributed to an insufficient size of the labeled training set compared
to the size and capacity of the network [49]. This is a key reason underlying the motivation
to store more and more data: the more data available, the more accurate and the more
robust the results that machine learning techniques can provide [43]. This explains also
why enormous datasets are needed in conventional machine learning. Thereby, a major
drawback of machine learning is that it needs a massive amount of energy in order
to learn from so many examples, which is even worse with deep learning [2, 4, 5]. Mobile
and embedded applications are thereby limited [11]. Regularization [1, 4] (e.g. dropout
[4, 63, 49], batch normalization [64]) and data augmentation [49] are frequently used to
tackle overfitting.
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2.1. Context and motivations

2.1.3 End of Moore’s law and limitations of von Neumann ar-
chitectures

Input 
Device

Output 
Device

Central Processing Unit 
(CPU)

Memory Unit

Control Unit

Arithmetic/Logic Unit

Figure 2.6 – von Neumann ar-
chitecture scheme. The red disc
highlights where the VNB occurs.
Image inspired from [65].

Separation between memory and processing
structures is one of the main limiting fac-
tor in current von Neumann architectures [16],
as well as memory-related constraints as silicon
area and access time [10]. This issue is known
as the von Neumann bottleneck (VNB) [10]: this
is a throughput limitation due to unmatched
rate of data transfer between the memory and
the central processing unit (CPU) as shown in
Figure 2.6. In fact, the CPU has to wait idle
for data to be fetched from memory, which has
a lower transfer speed [16]. Thereby, latency
is unavoidable and electrical power is wasted
while waiting [10]. Some efficient solutions exist (e.g. caches, distributed computing among
multiple cores in GPUs [10]) but it does not solve the fundamental limitation of this com-
puting substrate [10]. In addition, the end of Moore’s law [14, 15] calls for new computing
architectures and information encoding in order to compensate for the slow down in tech-
nology scaling.

A paradigm shift is required to take up that challenge, leading to alternative non
von Neumann architectures that could bring silicon systems closer to the efficiency of
biological ones.

2.1.4 Neuromorphic engineering: Nature as an inspiration

Nature provides a large amount of energy-efficient, adaptive, compact and intelligent sys-
tems [6] which is why it has been a key source of inspiration for development of scientific
systems. Inspired by neuro-biological systems, neuromorphic engineering (sometimes
called event-based processing) follows a bottom-up approach and is a research field that
aims at designing and fabricating new efficient systems made of electronic neuron and
synapse circuits [17, 18, 66, 67]. More generally, it refers to a range of electronic systems
that aim at mimicing and modelling biological systems in analogue and/or digital signal
[8, 17, 32]. Several devices that emulate sensory transduction such as silicon cochleas [18,
28] and silicon retinas [12, 26, 19, 25, 27] (which are the focus of this work) have been
developed for a wide range of applications [18, 19].
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Two main differences with conventional architectures have to be highlighted. The first
one is related to processing and memory distribution [67, 68]. In opposition with the
current von Neumann architectures, processing (i.e. neurons) and memory (i.e. synapses)
are not split from each other which allows for a massively-parallel data handling [67, 68,
69]. The second one is related to the way information is represented: only spikes are
used to encode and process the data in the time domain, in a totally asynchronous way
[7, 32]. Moreover, spikes are sparse in time, offering an interesting property to spiking
networks: by using few spikes which have high information content, energy consumption
can be reduced [6, 10, 70, 71, 72, 73].

Figure 2.7 – Comparison of
power and space efficiency be-
tween digital computers and bi-
ological/silicon neurons. Image
adapted from [9].

In addition, it is worth noticing that work-
ing principles of current processing methods
and neuro-biological systems are fundamen-
tally different [12, 18]. In fact, the latter
work with slow signals (several Hz), inhomo-
geneous components (electro-chemical propaga-
tion, complex biology, living substrate, ...) and
deal with noise as a inherent feature in their
behavior [25, 69], while traditional computers
make use of high-speed clock rates (MHz −
GHz [74]) with mostly synchronous logic and
try to get rid of noise as much as possible [8,
25]. Furthermore, even though current comput-
ers are useful for biophysics simulations, they
seem to be far below the performances of biological brains when it comes to energy con-
sumption, scale, adaptability and efficiency in real-world tasks [6, 7, 8, 9, 10, 11, 12, 13,
18, 25], as indicated in Figure 2.7. For instance, a typical room-size supercomputer is
about 103 heavier, 104 bigger and 106 more power consuming than the cantaloupe-size
lump of neural tissue that composes a human brain [12].

To sum up, the motivation to develop real-time processing and ultra-low power consump-
tion devices supports a paradigm shift to the neuromorphic processing. Getting closer to
biological performance is consequently an ongoing challenge not only for neuromorphic
engineering, but also for neuroscientists.

LELEC2990 12 Pirson Thibault



2.2. Neuromorphic cameras

2.2 Neuromorphic cameras

The main objective of this section is to understand how does the neuromorphic vision
sensor behave in order to be able to make the most of the collected data. In fact, changing
the sensor from a frame-based camera to an event-based camera is not only changing the
encoding of the data but also the whole processing chain coming behind it.

2.2.1 Working principles and properties

Silicon retinas [12, 25] or event-based cameras [19, 26, 27], such as the Dynamic Vision
Sensor (DVS) [19] and the Asynchronous Time-based Imaging Sensor (ATIS) [26], were
developed on the basis of a biological retina [12, 26]. Their working principle is funda-
mentally different from current imagers: each pixel is independent from its neighbours
and react to a change in illumination by asynchronously generating an event [27,
32], hence the name event-based technology. The frame principle is thereby completely
abandoned [27]. The term event refers to a spike defined by the spatial location of the
illumination change on the silicon retina also called address-events (x,y), a timestamp t,
and the polarity p of the spike [75], as given by the expression e = [x, y, t, p]. Polarity can
be either positive or negative (ON/OFF, respectively): if the change of local logarithmic
illumination has increased (resp. decreased) above (resp. below) a pre-defined threshold,
an event is generated with the corresponding polarity [32, 76] as shown in Figure 2.8.
Supplementary material is given in Appendix A.2.1.

A B

Figure 2.8 – General working principle of a DVS camera. (A) Simplified pixel
schematic (B) ON/OFF spikes generation principle. Image adapted from [6, 27].
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The output of such sensors is consequently a stream of asynchronous events triggered
by a change in temporal contrast [36], which makes the output data-rate dependent on
the content of the scene [19]. It is a more efficient encoding that reduces spatio-temporal
redundancy [32], leading to savings in both bandwidth and power consumption [19]. Figure
2.9 displays typical outputs produced by a DVS camera when spikes are accumulated over
a time interval (usually tens of ms). The contrast sensitivity of event-based cameras is
often set about 1.5 − 15% and has a strong influence on the quality and richness of the
observed scene but also on the output spike rate of the sensor [19, 36], as exhibited in
Figure 2.10.

Figure 2.9 – Data obtained from a DVS sensor. Different visualization techniques
are possible: histogram of events in 2D-space over a time window which forms a contrast
image based on ON/OFF events, or a gray scale reconstruction showing the relative event
time, or even a space-time representation to view the spatio-temporal structure. Image
adapted from [6, 27].

Figure 2.10 – Impact of the contrast sensitivity of a DVS sensor on the quality
of a reconstructed scene. The accumulation is carried out by accumulating events over a
period of 30ms. Contrast sensitivity is set to 1.5% in (A) and 10% in (B). Image adapted
from [19].
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2.3. Address-event representation (AER)

The effective sampling rate of neuromorphic vision sensors is also improved and can
reach several tens of kHz [19, 35], which allows to avoid motion blur and makes them
really attractive and well-suited for high speed motion and real-time applications. Figure
2.11 illustrates how event-based sensors differ from their frame-based counterparts. In
addition, dynamic range in illumination of such sensors is improved up to 140[dB]
thanks to the logarithmic sensitivity of each pixel [39]. When compared with the figures
of merit of traditional cameras (around 60[dB] [39] and roughly 60Hz [30] resp.), these
numbers speak for themselves. When an image is captured with a conventional camera,
the temporal information of the scene is de facto lost [76]. Several videos can be found
in [77] for readers interested in better visualizing the features specific to neuromorphic
sensors.

Figure 2.11 – Schematic comparison of sampling rate performance between
frame-based and event-based imagers. Image adapted from [78].

2.3 Address-event representation (AER)

A single neuron is not interesting when it comes to realize complex calculations. In fact,
the computational power of the network resides in the interconnection between multiple
neurons [3]. Consequently, some challenges arise when designing huge arrays of intercon-
nected neurons on a silicon chip. Wiring and circuit design are fixed after chip fabrication
and design is limited to 2D substrate [6], contrary to biological brain where neurons are
interconnected in a 3D world and where neural plasticity allows on-the-fly wirings ad-
justments [79]. However, there is something to gain thanks to the mobility of electrons
in a transistor which is roughly 106 times greater than the ions mobility in the biological
neurons, resulting in a significant speedup [6, 25]. Using that speed advantage of electron-
ics, an alternative signal transmission protocol called address-event representation
(AER) can be implemented. It allows to simulate a point-to-point connectivity
from each pixel of the sensor to an external device via a narrow channel by giving an ad-
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dress to every single pixel/neuron on-chip. It can bee seen as a virtual bundle of axons (i.e.
a silicon optic nerve) connecting two neuromorphic devices [12]. An event e = [x, y, t, p]
is sent serially through the bus only when a spike is generated, as shown in Figure 2.12.
As it takes only a few nanoseconds for theses addresses to be transmitted and thanks to
the sparse nature of the output data of the sensor, AER can handle multiple spikes ad-
dresses transfer [6]. The typical throughput of multi-channel AER systems is about tens of
Mevents/s [13, 80]. Multiplexing and arbitration can occur but only when the spike rate
exceeds the transmission capacity of the communication link [8]. This signal transmission
scheme has been widely adopted in neuromorphic engineering thanks to its high speed
potential and energy efficient nature. It is usually used to transfer events between silicon
retinas/cochleas and neural processors as well as inter-devices communication [19, 27].

1 
2 
3 
… 
N 

ADDRESS ENCODER ADDRESS DECODER

DIGITAL BUS

…1N2313     3N21  2…

DEVICE A DEVICE B

1 
2 
3 
… 
N 

TIME

Figure 2.12 – Schematic representation of the AER communication protocol.
The numbers in the address encoder/decoder are the neurons indexes. Image inspired by
[8, 27].

2.4 Neuromorphic chips

If neuromorphic sensors are created to sense the real world while using sparsity of spike
coding, neuromorphic chips are needed in order to keep spiking representation from sensing
to processing [32]. This section focuses on existing neuromorphic chips, their strengths and
weaknesses in order to have a better understanding of which applications can currently
be supported by neuromorphic hardware.

2.4.1 ODIN (UCLouvain)

ODIN is an online-learning digital spiking neuromorphic processor in 28nm FDSOI CMOS
that was developed at UCLouvain in 2018 [7]. It has a crossbar architecture. One partic-
ularity of this chip is that neurons can be programmed to emulate all the 20 Izhikevich
behaviors, which are the 20 behaviors observed in biological neurons [7, 81]. A Python
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simulator with a 1-to-1 mapping correspondence was developed. More details are given in
Figure 2.13.

Fig. 6. Scheduler architecture and contents of event packets sent by spiking
neurons. Handling bursts issued by the Izhikevich behaviors requires the use
of rotating FIFOs in order to reproduce the inter-spike interval (ISI) value that
is specified in the incoming burst packet. Orange spikes illustrate a 3-spike
1-timestep-ISI burst example being stored in the scheduler rotating FIFOs.

dependent computations are triggered by time reference events.
The first block computes the strength and duration of current
input stimulation to assess if specific stimulation sequences
are matched, which captures phasic, mixed, class 2, rebound,
bistability, accommodation and inhibition-induced behaviors.
The second block allows the neuron firing threshold to depend
on the input stimulation or on the output firing patterns, which
captures threshold variability and spike frequency adaptation
behaviors. The third block of time window generation allows
to delay some neuron operations like firing and membrane
potential resetting, which captures spike latency and depolariz-
ing after-potential behaviors. Beyond emulating axonal delays
with the spike latency behavior, refractory delays are also
implemented with a configurable refractory period. The fourth
block allows to rotate the sign of the subthreshold membrane
potential in order to capture the subthreshold oscillation and
resonator behaviors. The activation, extent and effects of all
four blocks used in phenomenological modelling are config-
ured using the neuron parameters in param_config.

Finally, the output stage can be assimilated to the axon.
When firing conditions are met in the neuron core, the output
stage generates a neuron output event packet containing the
target number of spikes and inter-spike interval (ISI) that must
be generated, following parameters in param_config. As
the neuron state is updated only after input events and as bursts
usually have time constants shorter than neuron time reference
events (Fig. 8), the neuron alone is not able to update itself in
order to generate bursts. Therefore, neuron event packets are
sent to the scheduler of ODIN (Section II-D) which arbitrates
the generation of spikes and bursts from all neurons. When a
neuron emits a burst event, its membrane potential is reset and
then locked down until the scheduler signals the end of burst
generation using the burst_end signal.

D. Scheduler

The scheduler is shown in Fig. 6 and can be assimilated
to a priority-based ordered FIFO [46]. Its purpose is to handle
spiking and bursting events from all neurons and to arbitrate
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Fig. 7. (a) Chip microphotograph with zoom on floorplan view. Chip area
outside the 320µm⇥270µm of the ODIN neuromorphic processor is occupied
by unrelated blocks. (b) Specifications and measurements.

between external and internally-generated neuron events. Spik-
ing and bursting neurons of ODIN send 14-bit event packets
to the scheduler. The packets contain the 8-bit address of the
source neuron, a 3-bit field indicating the number of spikes to
be generated minus one and a 3-bit field which quantifies the
inter-spike interval (ISI). The two latter parameters are zero
in the case of single-spike events. All single-spike events are
stored in a FIFO of 32⇥ 8-bit stages, where each stage stores
the address of the source spiking neuron. In the global priority-
based ordered FIFO structure of the scheduler, the priority of
this single-spike FIFO is always 0: all single-spike events are
handled as soon as soon as they are available.

All multi-spike events (i.e. burst events) are separated by
the burst packet decoder into multiple single-spike events and
split among rotating 4-stage FIFOs, each corresponding to one
of the next timesteps. All FIFOs are assigned a priority token
inspired from the FIFO priority queue architecture proposed
in [46]. In order to generate the ISI of the different bursts,
the scheduler generates its own timestep locally in the ISI
counter, which is configurable to range from biological to
accelerated time constants. As soon as one timestep is elapsed,
the priorities of all 4-stage FIFOs are rotated. As neuron event
packets can encode bursts of up to 8 spikes with an ISI of up to
7 timesteps, a total of (7⇥8)+1=57 rotating 4-stage FIFOs are
necessary to encode all priorities. To illustrate the scheduler
operation, an input neuron event packet describing a 3-spike
1-timestep-ISI burst can be taken as an example (Fig. 6).
Three single-spike events will be generated by the burst packet
decoder toward FIFOs with current priorities 0, 2 and 4. The
FIFO elements have a 9-bit width, they contain the 8-bit
address of the source spiking neuron with one bit marking the
last spike of the burst, currently stored at priority 4. The spike
with priority 0 will be processed immediately by the controller.
After two timestep ticks of the ISI counter and two rotations of
FIFO priorities, the second spike of the burst gets to priority 0
and is processed by the controller. After two other ISI counter
ticks, the last spike of the burst is retrieved by the controller:
as one bit indicates that this spikes ends a burst, the scheduler
unlocks state updates of the associated neuron (Section II-C).

III. SPECIFICATIONS AND MEASUREMENT RESULTS

The ODIN neuromorphic processor was fabricated in
ST Microelectronics 28-nm fully-depleted silicon-on-insulator
(FDSOI) CMOS process, with a mix of 8-track LVT libraries
with upsized gate length in order to reduce leakage (poly-
biasing technique by 4nm and 16nm). ODIN is implemented
following a standard fully-synthesizable synchronous digital

Figure 2.13 – ODIN. (A) Chip microphotograph with zoom on floorplan view. (B)
Specifications and measurements. Image adapted from [7].

2.4.2 MorphIC (UCLouvain)

MorphIC is a quad-core binary-weight digital neuromorphic processor embedding a
stochastic version of the spike-driven synaptic plasticity (S-SDSP) learning rule [20]. This
chip attempts to tackle the connectivity challenge for large-scale chip interconnection. Yet,
connectivity between the four cores is limited as shown in Figure 2.14 and sets up con-
straints on the architectures that can fit on this processor. MorphIC is also a crossbar
architecture and embeds binary synapses, which drastically reduces the energetic foot-
print of inference [10]. A Python simulator with a 1-to-1 mapping correspondence was
developed and is used in this work. The power consumption of this chip is about 5mW ,
as calculated from the specifications given in Figure 2.14.
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Fig. 10. (a) Circuit diagram of a Galois 17-bit LFSR with characteristic polynomial x17 + x3 + 1. (b) Equivalent compact representation. (c) 9-unfolded
17-bit Galois LFSR for single-cycle 9-bit pseudo-random word generation for the S-SDSP online learning rule.

The proposed S-SDSP update logic is shown in Fig. 9.
The binary random variables ⇣± can be generated with q±

probabilities using linear feedback shift register (LFSR)-based
pseudo-random number generation. In order to generate q±

with a resolution similar to the probabilities down to 0.01
used in [31], approximately 6 bits of resolution are required.
Distance-based modulation of q± from small-world network
modeling requires another 3 bits of resolution as the distance
information ranges from 0 to 7 (Section II-A). Therefore, we
selected a 9-bit resolution for q± probabilities. As S-SDSP
updates must be computed in a single clock cycle, it is possible
to parallelize successive iterations of an LFSR by using the
unfolding algorithm from [32], as suggested in [33] to avoid
instantiating parallel LFSRs and save switching power. The
number of parallelized successive iterations is governed by the
unfolding factor, which is 9 in this case. The unfolding process
and the resulting unfolded LFSR are illustrated in Fig. 10. Un-
folding leads the combinational logic resources (here, a single
XOR gate) to be multiplied by the unfolding factor, while
the LFSR period is divided by the unfolding factor. In order
to avoid inducing correlation between synapses, the period of
the unfolded LFSR must be one order of magnitude higher
than the number of synapses per neuron. We thus selected
a 17-bit depth for the LFSR to be unfolded (Fig. 10(a-b)).
The 9-unfolded LFSR is shown in Fig. 10(c). The overhead
incurred by the resulting S-SDSP update logic is negligible as
it is shared with time multiplexing for all the L0, L1 and L2
synapses in a MorphIC core.

III. MEASUREMENTS AND BENCHMARKING RESULTS

MorphIC was prototyped in the UMC 8-metal 65-nm low-
power (LP) CMOS process. A chip microphotograph is pre-
sented in Fig. 11, while specifications and measurement results
are provided in Table I. A detailed area breakdown is provided
in Table II. As derived in [28], the power consumption P of
time-multiplexed digital SNN architectures can be modeled by

P = Pleak + Pidle ⇥ fclk + ESOP ⇥ rSOP, (3)

where Pleak is the leakage power, Pidle is the idle power (i.e. ac-
tive clock, without network activity), ESOP is the energy per
synaptic operation (SOP), fclk is the clock frequency and rSOP

is the SOP processing rate. ESOP is an incremental definition
of the energy per SOP as it does not include contributions
from leakage and idle power. For example, based on Table I,
MorphIC consumes a total energy of 51pJ per SOP at 0.8V
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Fig. 11. MorphIC chip microphotograph, illustrating the floorplan of the
neuron and synapse SRAM macros of each core.

TABLE I
SPECIFICATIONS AND MEASUREMENTS OF MORPHIC.

Technology 65nm LP CMOS
Implementation Digital

Area
3.5mm2 (incl. pads)

2.86mm2 (excl. pads)
Number of cores 4
Total # neurons (type) 2048 (LIF)
Total # synapses (hier.) 1M (L0), 1M (L1), 64k (L2)
Fan-in (hier.) 512 (L0), 512 (L1), 32 (L2)
Fan-out (hier.) 512 (L0), 3⇥512 (L1), 4 (L2)
Online learning Stochastic SDSP, 1-bit weights
Time constant Biological to accelerated
Supply voltage 0.8V 1.2V
Max. clock frequency 55MHz 210MHz
Leakage power (Pleak) 45µW 190µW
Idle power (Pidle) 41.3µW/MHz 94.0µW/MHz
Energy per SOP (ESOP) 30pJ 65pJ
Energy per L2 hop 9.0pJ 20.3pJ
Energy per L1 hop⇤ 1.7pJ 3.8pJ
L2 router bandwidth 2.3Mpackets/s/link 5.7Mpackets/s/link†

L1 router bandwidth 55Mpackets/s 210Mpackets/s
Core bandwidth (rSOP) 27.5MSOP/s/core 105MSOP/s/core

⇤ Simulation results. † Limited by pad delay at high speed.

TABLE II
SILICON AREA BREAKDOWN (LOGIC AND SRAM WITHOUT I/O PADS).

Cores

Synapses 66.27%
Neurons 16.61%
Parameters 5.88%
Controller 0.36%

Routers
L2 5.47%
L1 0.18%
L0 5.19%

Others Clock generator 0.04%
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The proposed S-SDSP update logic is shown in Fig. 9.
The binary random variables ⇣± can be generated with q±

probabilities using linear feedback shift register (LFSR)-based
pseudo-random number generation. In order to generate q±

with a resolution similar to the probabilities down to 0.01
used in [31], approximately 6 bits of resolution are required.
Distance-based modulation of q± from small-world network
modeling requires another 3 bits of resolution as the distance
information ranges from 0 to 7 (Section II-A). Therefore, we
selected a 9-bit resolution for q± probabilities. As S-SDSP
updates must be computed in a single clock cycle, it is possible
to parallelize successive iterations of an LFSR by using the
unfolding algorithm from [32], as suggested in [33] to avoid
instantiating parallel LFSRs and save switching power. The
number of parallelized successive iterations is governed by the
unfolding factor, which is 9 in this case. The unfolding process
and the resulting unfolded LFSR are illustrated in Fig. 10. Un-
folding leads the combinational logic resources (here, a single
XOR gate) to be multiplied by the unfolding factor, while
the LFSR period is divided by the unfolding factor. In order
to avoid inducing correlation between synapses, the period of
the unfolded LFSR must be one order of magnitude higher
than the number of synapses per neuron. We thus selected
a 17-bit depth for the LFSR to be unfolded (Fig. 10(a-b)).
The 9-unfolded LFSR is shown in Fig. 10(c). The overhead
incurred by the resulting S-SDSP update logic is negligible as
it is shared with time multiplexing for all the L0, L1 and L2
synapses in a MorphIC core.

III. MEASUREMENTS AND BENCHMARKING RESULTS

MorphIC was prototyped in the UMC 8-metal 65-nm low-
power (LP) CMOS process. A chip microphotograph is pre-
sented in Fig. 11, while specifications and measurement results
are provided in Table I. A detailed area breakdown is provided
in Table II. As derived in [28], the power consumption P of
time-multiplexed digital SNN architectures can be modeled by

P = Pleak + Pidle ⇥ fclk + ESOP ⇥ rSOP, (3)

where Pleak is the leakage power, Pidle is the idle power (i.e. ac-
tive clock, without network activity), ESOP is the energy per
synaptic operation (SOP), fclk is the clock frequency and rSOP

is the SOP processing rate. ESOP is an incremental definition
of the energy per SOP as it does not include contributions
from leakage and idle power. For example, based on Table I,
MorphIC consumes a total energy of 51pJ per SOP at 0.8V
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TABLE I
SPECIFICATIONS AND MEASUREMENTS OF MORPHIC.

Technology 65nm LP CMOS
Implementation Digital

Area
3.5mm2 (incl. pads)

2.86mm2 (excl. pads)
Number of cores 4
Total # neurons (type) 2048 (LIF)
Total # synapses (hier.) 1M (L0), 1M (L1), 64k (L2)
Fan-in (hier.) 512 (L0), 512 (L1), 32 (L2)
Fan-out (hier.) 512 (L0), 3⇥512 (L1), 4 (L2)
Online learning Stochastic SDSP, 1-bit weights
Time constant Biological to accelerated
Supply voltage 0.8V 1.2V
Max. clock frequency 55MHz 210MHz
Leakage power (Pleak) 45µW 190µW
Idle power (Pidle) 41.3µW/MHz 94.0µW/MHz
Energy per SOP (ESOP) 30pJ 65pJ
Energy per L2 hop 9.0pJ 20.3pJ
Energy per L1 hop⇤ 1.7pJ 3.8pJ
L2 router bandwidth 2.3Mpackets/s/link 5.7Mpackets/s/link†

L1 router bandwidth 55Mpackets/s 210Mpackets/s
Core bandwidth (rSOP) 27.5MSOP/s/core 105MSOP/s/core

⇤ Simulation results. † Limited by pad delay at high speed.

TABLE II
SILICON AREA BREAKDOWN (LOGIC AND SRAM WITHOUT I/O PADS).

Cores

Synapses 66.27%
Neurons 16.61%
Parameters 5.88%
Controller 0.36%

Routers
L2 5.47%
L1 0.18%
L0 5.19%

Others Clock generator 0.04%

Fig. 6. Scheduler architecture and contents of event packets sent by spiking
neurons. Handling bursts issued by the Izhikevich behaviors requires the use
of rotating FIFOs in order to reproduce the inter-spike interval (ISI) value that
is specified in the incoming burst packet. Orange spikes illustrate a 3-spike
1-timestep-ISI burst example being stored in the scheduler rotating FIFOs.

dependent computations are triggered by time reference events.
The first block computes the strength and duration of current
input stimulation to assess if specific stimulation sequences
are matched, which captures phasic, mixed, class 2, rebound,
bistability, accommodation and inhibition-induced behaviors.
The second block allows the neuron firing threshold to depend
on the input stimulation or on the output firing patterns, which
captures threshold variability and spike frequency adaptation
behaviors. The third block of time window generation allows
to delay some neuron operations like firing and membrane
potential resetting, which captures spike latency and depolariz-
ing after-potential behaviors. Beyond emulating axonal delays
with the spike latency behavior, refractory delays are also
implemented with a configurable refractory period. The fourth
block allows to rotate the sign of the subthreshold membrane
potential in order to capture the subthreshold oscillation and
resonator behaviors. The activation, extent and effects of all
four blocks used in phenomenological modelling are config-
ured using the neuron parameters in param_config.

Finally, the output stage can be assimilated to the axon.
When firing conditions are met in the neuron core, the output
stage generates a neuron output event packet containing the
target number of spikes and inter-spike interval (ISI) that must
be generated, following parameters in param_config. As
the neuron state is updated only after input events and as bursts
usually have time constants shorter than neuron time reference
events (Fig. 8), the neuron alone is not able to update itself in
order to generate bursts. Therefore, neuron event packets are
sent to the scheduler of ODIN (Section II-D) which arbitrates
the generation of spikes and bursts from all neurons. When a
neuron emits a burst event, its membrane potential is reset and
then locked down until the scheduler signals the end of burst
generation using the burst_end signal.

D. Scheduler

The scheduler is shown in Fig. 6 and can be assimilated
to a priority-based ordered FIFO [46]. Its purpose is to handle
spiking and bursting events from all neurons and to arbitrate

a)

Fig. 7. (a) Chip microphotograph with zoom on floorplan view. Chip area
outside the 320µm⇥270µm of the ODIN neuromorphic processor is occupied
by unrelated blocks. (b) Specifications and measurements.

between external and internally-generated neuron events. Spik-
ing and bursting neurons of ODIN send 14-bit event packets
to the scheduler. The packets contain the 8-bit address of the
source neuron, a 3-bit field indicating the number of spikes to
be generated minus one and a 3-bit field which quantifies the
inter-spike interval (ISI). The two latter parameters are zero
in the case of single-spike events. All single-spike events are
stored in a FIFO of 32⇥ 8-bit stages, where each stage stores
the address of the source spiking neuron. In the global priority-
based ordered FIFO structure of the scheduler, the priority of
this single-spike FIFO is always 0: all single-spike events are
handled as soon as soon as they are available.

All multi-spike events (i.e. burst events) are separated by
the burst packet decoder into multiple single-spike events and
split among rotating 4-stage FIFOs, each corresponding to one
of the next timesteps. All FIFOs are assigned a priority token
inspired from the FIFO priority queue architecture proposed
in [46]. In order to generate the ISI of the different bursts,
the scheduler generates its own timestep locally in the ISI
counter, which is configurable to range from biological to
accelerated time constants. As soon as one timestep is elapsed,
the priorities of all 4-stage FIFOs are rotated. As neuron event
packets can encode bursts of up to 8 spikes with an ISI of up to
7 timesteps, a total of (7⇥8)+1=57 rotating 4-stage FIFOs are
necessary to encode all priorities. To illustrate the scheduler
operation, an input neuron event packet describing a 3-spike
1-timestep-ISI burst can be taken as an example (Fig. 6).
Three single-spike events will be generated by the burst packet
decoder toward FIFOs with current priorities 0, 2 and 4. The
FIFO elements have a 9-bit width, they contain the 8-bit
address of the source spiking neuron with one bit marking the
last spike of the burst, currently stored at priority 4. The spike
with priority 0 will be processed immediately by the controller.
After two timestep ticks of the ISI counter and two rotations of
FIFO priorities, the second spike of the burst gets to priority 0
and is processed by the controller. After two other ISI counter
ticks, the last spike of the burst is retrieved by the controller:
as one bit indicates that this spikes ends a burst, the scheduler
unlocks state updates of the associated neuron (Section II-C).

III. SPECIFICATIONS AND MEASUREMENT RESULTS

The ODIN neuromorphic processor was fabricated in
ST Microelectronics 28-nm fully-depleted silicon-on-insulator
(FDSOI) CMOS process, with a mix of 8-track LVT libraries
with upsized gate length in order to reduce leakage (poly-
biasing technique by 4nm and 16nm). ODIN is implemented
following a standard fully-synthesizable synchronous digital
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of rotating FIFOs in order to reproduce the inter-spike interval (ISI) value that
is specified in the incoming burst packet. Orange spikes illustrate a 3-spike
1-timestep-ISI burst example being stored in the scheduler rotating FIFOs.
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input stimulation to assess if specific stimulation sequences
are matched, which captures phasic, mixed, class 2, rebound,
bistability, accommodation and inhibition-induced behaviors.
The second block allows the neuron firing threshold to depend
on the input stimulation or on the output firing patterns, which
captures threshold variability and spike frequency adaptation
behaviors. The third block of time window generation allows
to delay some neuron operations like firing and membrane
potential resetting, which captures spike latency and depolariz-
ing after-potential behaviors. Beyond emulating axonal delays
with the spike latency behavior, refractory delays are also
implemented with a configurable refractory period. The fourth
block allows to rotate the sign of the subthreshold membrane
potential in order to capture the subthreshold oscillation and
resonator behaviors. The activation, extent and effects of all
four blocks used in phenomenological modelling are config-
ured using the neuron parameters in param_config.

Finally, the output stage can be assimilated to the axon.
When firing conditions are met in the neuron core, the output
stage generates a neuron output event packet containing the
target number of spikes and inter-spike interval (ISI) that must
be generated, following parameters in param_config. As
the neuron state is updated only after input events and as bursts
usually have time constants shorter than neuron time reference
events (Fig. 8), the neuron alone is not able to update itself in
order to generate bursts. Therefore, neuron event packets are
sent to the scheduler of ODIN (Section II-D) which arbitrates
the generation of spikes and bursts from all neurons. When a
neuron emits a burst event, its membrane potential is reset and
then locked down until the scheduler signals the end of burst
generation using the burst_end signal.
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between external and internally-generated neuron events. Spik-
ing and bursting neurons of ODIN send 14-bit event packets
to the scheduler. The packets contain the 8-bit address of the
source neuron, a 3-bit field indicating the number of spikes to
be generated minus one and a 3-bit field which quantifies the
inter-spike interval (ISI). The two latter parameters are zero
in the case of single-spike events. All single-spike events are
stored in a FIFO of 32⇥ 8-bit stages, where each stage stores
the address of the source spiking neuron. In the global priority-
based ordered FIFO structure of the scheduler, the priority of
this single-spike FIFO is always 0: all single-spike events are
handled as soon as soon as they are available.

All multi-spike events (i.e. burst events) are separated by
the burst packet decoder into multiple single-spike events and
split among rotating 4-stage FIFOs, each corresponding to one
of the next timesteps. All FIFOs are assigned a priority token
inspired from the FIFO priority queue architecture proposed
in [46]. In order to generate the ISI of the different bursts,
the scheduler generates its own timestep locally in the ISI
counter, which is configurable to range from biological to
accelerated time constants. As soon as one timestep is elapsed,
the priorities of all 4-stage FIFOs are rotated. As neuron event
packets can encode bursts of up to 8 spikes with an ISI of up to
7 timesteps, a total of (7⇥8)+1=57 rotating 4-stage FIFOs are
necessary to encode all priorities. To illustrate the scheduler
operation, an input neuron event packet describing a 3-spike
1-timestep-ISI burst can be taken as an example (Fig. 6).
Three single-spike events will be generated by the burst packet
decoder toward FIFOs with current priorities 0, 2 and 4. The
FIFO elements have a 9-bit width, they contain the 8-bit
address of the source spiking neuron with one bit marking the
last spike of the burst, currently stored at priority 4. The spike
with priority 0 will be processed immediately by the controller.
After two timestep ticks of the ISI counter and two rotations of
FIFO priorities, the second spike of the burst gets to priority 0
and is processed by the controller. After two other ISI counter
ticks, the last spike of the burst is retrieved by the controller:
as one bit indicates that this spikes ends a burst, the scheduler
unlocks state updates of the associated neuron (Section II-C).

III. SPECIFICATIONS AND MEASUREMENT RESULTS

The ODIN neuromorphic processor was fabricated in
ST Microelectronics 28-nm fully-depleted silicon-on-insulator
(FDSOI) CMOS process, with a mix of 8-track LVT libraries
with upsized gate length in order to reduce leakage (poly-
biasing technique by 4nm and 16nm). ODIN is implemented
following a standard fully-synthesizable synchronous digital
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Fig. 10. (a) Circuit diagram of a Galois 17-bit LFSR with characteristic polynomial x17 + x3 + 1. (b) Equivalent compact representation. (c) 9-unfolded
17-bit Galois LFSR for single-cycle 9-bit pseudo-random word generation for the S-SDSP online learning rule.

Fig. 9. Time-multiplexed S-SDSP update logic. up and down signals
represent the values of the S-SDSP update conditions in Eq. (2).

synaptic weight wb therefore goes from 0 to 1 (resp. from 1
to 0) with probability q+ (resp. q–), depending on the update
conditions. The Calcium concentration is implemented as a 4-
bit variable, it is stored next to all S-SDSP parameters in the
neuron SRAM (Fig. 7).

(
wb ! wb + ⇣+(1 � wb) if Vmem(tpre) � ✓m, ✓1  Ca(tpre) < ✓3

wb ! wb � ⇣–wb if Vmem(tpre) < ✓m, ✓1  Ca(tpre) < ✓2

(2)

The proposed S-SDSP update logic is shown in Fig. 9.
The binary random variables ⇣± can be generated with q±

probabilities using linear feedback shift register (LFSR)-based
pseudo-random number generation. In order to generate q±

with a resolution similar to the probabilities down to 0.01
used in [31], approximately 6 bits of resolution are required.
Distance-based modulation of q± from small-world network
modeling requires another 3 bits of resolution as the distance
information ranges from 0 to 7 (Section II-A). Therefore, we
selected a 9-bit resolution for q± probabilities. As S-SDSP
updates must be computed in a single clock cycle, it is possible
to parallelize successive iterations of an LFSR by using the
unfolding algorithm from [32], as suggested in [33] to avoid
instantiating parallel LFSRs and save switching power. The
number of parallelized successive iterations is governed by the
unfolding factor, which is 9 in this case. The unfolding process
and the resulting unfolded LFSR are illustrated in Fig. 10. Un-
folding leads the combinational logic resources (here, a single
XOR gate) to be multiplied by the unfolding factor, while
the LFSR period is divided by the unfolding factor. In order
to avoid inducing correlation between synapses, the period of
the unfolded LFSR must be one order of magnitude higher
than the number of synapses per neuron. We thus selected
a 17-bit depth for the LFSR to be unfolded (Fig. 10(a-b)).
The 9-unfolded LFSR is shown in Fig. 10(c). The overhead
incurred by the resulting S-SDSP update logic is negligible as
it is shared with time multiplexing for all the L0, L1 and L2
synapses in a MorphIC core.

Fig. 11. MorphIC chip microphotograph, illustrating the floorplan of the
neuron and synapse SRAM macros of each core.

TABLE I
SPECIFICATIONS AND MEASUREMENTS OF MORPHIC.

Technology 65nm LP CMOS
Implementation Digital

Area
3.50mm2 (chip, incl. pads)
2.86mm2 (chip, excl. pads)
1.59mm2 (SRAM macros)

Total SRAM memory (type) 256kB (syn), 32kB (neur)
Number of cores 4
Total # neurons (type) 2048 (LIF)
Total # synapses (hier.) 1M (L0), 1M (L1), 64k (L2)
Fan-in (hier.) 512 (L0), 512 (L1), 32 (L2)
Fan-out (hier.) 512 (L0), 3⇥512 (L1), 4 (L2)
Online learning Stochastic SDSP, 1-bit weights
Time constant Biological to accelerated
Supply voltage 0.8V 1.2V
Max. clock frequency 55MHz 210MHz
Max. acceleration� 10⇥ 40⇥
Leakage power (Pleak) 45µW 190µW
Idle power (Pidle) 41.3µW/MHz 94.0µW/MHz
Energy per SOP (ESOP) 30pJ 65pJ
Energy per L2 hop‡ 9.0pJ 20.3pJ
Energy per L1 hop⇤ 1.7pJ 3.8pJ
L2 router bandwidth (AER) 2.3Mpackets/s/link 5.7Mpackets/s/link†

L1 router bandwidth 55Mpackets/s 210Mpackets/s
Core bandwidth (max. rSOP) 27.5MSOP/s/core 105MSOP/s/core

� Compared to biological-time processing with all neurons assumed to spike at 10Hz.
‡ Excluding IO power. ⇤ Simulation results. † Limited by pad delay at high speed.

III. MEASUREMENTS AND BENCHMARKING RESULTS

MorphIC was prototyped in the UMC 8-metal 65-nm low-
power (LP) CMOS process. A chip microphotograph is pre-
sented in Fig. 11, while specifications and measurement results
are provided in Table I. A detailed area breakdown is provided
in Table II. As derived in [20], the power consumption P of
time-multiplexed digital SNN architectures can be modeled by

Figure 2.14 – MorphIC specifications. (A) Chip microphotograph showing the floor-
plan view and synapse SRAM macros of each core. (B) Specifications and measurements.
Image adapted from [20].
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Chapter 2 – Fundamentals

2.4.3 Currently available neuromorphic chips

Other neuromorphic chips are given in Table 2.1. This table is a simplified version of the
one available in [7] which is the most detailed and fair comparison between neuromorphic
processors to the best of our knowledge. As it can be observed in Table 2.1, there exists
several neuromorphic chips with different strengths and weaknesses. UCLouvain chips are
required to be used in this work (the two last columns of the Table 2.1).

Author Benjamin [24] Qiao [82] Moradi [83] Painkras [21] Akopyan [23] Davies [22] Frenkel [7] Frenkel [20]
Publication PIEEE, 2014 Front. NS, 2015 TBioCAS, 2017 JSSC, 2013 TCAD, 2015 IEEE Micro, 2018 TBioCAS, 2019 TBioCAS, 2019
Chip name NeuroGrid ROLLS DYNAPs SpiNNaker TrueNorth Loihi ODIN MorphIC

Implementation Mixed-signal Mixed-signal Mixed-signal Digital Digital Digital Digital Digital
Technology 0.18µm 0.18µm 0.18µm 0.13µm 28nm 14nm FinFET 28nm FDSOI 65nm LP CMOS
Neurosynaptic core area [mm2] 168 51.4 7.5 3.75 0.095 0.4 0.086 0.715
# Izhikevich behaviors† N/A (20) (20) Programmable 11 (3 neur: 20) (6) 20 3
# neurons per core 64k 256 256 max. 1000◦ 256 max. 1024 256 512
Synaptic weight storage Off-chip Capacitor 12-bit (CAM) Off-chip 1-bit (SRAM) 1- to 9-bit (SRAM) (3+1)-bit (SRAM) 1-bit (SRAM)
Embedded online learning No SDSP No Programmable No Programmable SDSP S-SDSP
# synapses per core - 128k 16k - 64k 1M to 114k (1-9 bits) 64k 528k
Time constant Biological Biological Biological Bio. to accel. Biological N/A Bio. to accel. Bio. to accel.
Neuron core density [neur/mm2]∗ 390 5 34 max. 267◦ 2.6k max. 2.6k 3.0k 716
Synapse core density [syn/mm2]∗ - 2.5k 2.1k - 673k 2.5M to 285k 741k 738k
Supply voltage 3.0V 1.8V 1.3V-1.8V 1.2V 0.7V-1.05V 0.5V-1.25V 0.55V-1.0V 0.8-1.2V
Energy per SOP 941pJN 77fJM 30pJN (at 1.3V) 26.6nJN 26pJN (at 0.775V) >23.6pJM (at 0.75V) 12.7pJN (at 0.55V) 51 pJN (at 0.8 V)

† By its similarity with the Izhikevich neuron model, the AdExp neuron model is believed to reach the 20 Izhikevich behaviors, but it has not
been demonstrated in ROLLS and DYNAPs. The neuron model of TrueNorth can reach 11 behaviors per neuron and 20 by combining three
neurons together. The neuron model of Loihi is based on an LIF model to which threshold adaptation is added: the neuron should therefore
reach up to 6 Izhikevich behaviors, although it has not been demonstrated.
∗ Neuron (resp. synapse) core densities are computed by dividing the number of neurons (resp. synapses) per neurosynaptic core by the neurosy-
naptic core area. Regarding the synapse core density, NeuroGrid and SpiNNaker use an off-chip memory to store synaptic data. As the synapse
core density cannot be extracted when off-chip resources are involved, no synapse core density values are reported for these chips.
M Incremental values describe the amount of energy paid per each additional SOP computation, they are measured by subtracting the leakage
and idle power consumption of the chip although the exact power contributions taken into account in the SOP energy vary across chips.
N Global values are obtained by dividing the total chip power consumption by the SOP rate.

Table 2.1 – Chip characteristics and measured performances compared with the state of
the art of spiking neuromorphic circuits. The original version is available in [7].

2.5 Neuromorphic datasets

This section starts by giving some details on the different existing ways to generate a
neuromorphic datasets. Then, criteria for a good neuromorphic dataset are provided and
finally, some currently available spiking datasets are presented.

2.5.1 Generate a neuromorphic dataset

They are mainly three ways to get a spiking dataset [76] and they are presented in
this section. How to generate such datasets is a crucial consideration as it modifies the
structure onto the underlying data [8, 76].

The first way is to convert an existing frame-based dataset into an event stream through
digital data processing [3] as shown in Figure 2.15. The key advantage is that the rule
for conversion is a degree of freedom. For instance, a popular approach is to generate
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synthetically a Poisson spike train [3, 4, 11, 41, 51, 84, 85, 86] for each particular pixel,
where the rate of firing is proportional to the gray-level (i.e. illumination) of this pixel and
repeat the process for each pixel of the image and for each image of the original dataset.
The main drawback of this approach is that the spiking dataset produced is not equivalent
to a realistic spiking dataset recorded with an event-based camera [3]. Moreover, noise
present in the real world and in the neuromorphic sensor is not taken into account which
might lead to optimistic performances [87]. Even worse, performances might collapse when
switching to a non-synthetic real-life dataset captured with a neuromorphic sensor [3].

The second way to get a spiking dataset is to convert a frame-based dataset by using a
neuromorphic camera in front of a screen on which images from the conventional dataset
are displayed (with small saccades to simulate dynamics) [3, 87, 88]. This approach could
be seen as a gentle mix between frame-based and event-based technology but still, it is
not a fully event-based dataset as the dynamics has been simulated. However, noise in the
neuromorphic sensor is now considered and the dataset is getting closer to a real-world
spiking dataset [87].

The third way to generate a spiking dataset is to record real-life scenes with an event-
based camera [31, 89, 90]. This is the best way to obtain a representative dataset as it
ensures to capture the noise and the real dynamics of the observed scenes. It is hard to
find that kind of dataset nowadays.
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Figure 2.15 – Frame-based to event-based dataset conversion principle. Illus-
tration for the first method.
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2.5.2 What is a good neuromorphic dataset ?

Not having a reliable neuromorphic dataset is a fundamental issue limiting event-based
object classification [31]. If the dataset is too small, it prevents an accurate evaluation of
the proposed method. If the dataset is large enough but not really representative of the
real dynamics of a scene nor of the inherent event-based temporal resolution, there is no
guarantee at all that the method tested on this data will reach similar performances in
real-world conditions [31]. When considering a dataset, it is fundamental to make sure
that it is sufficiently large and presents a problem of sufficient difficulty [8, 76]. However,
contrary to well-established fields as machine learning and computer vision which possess
a large number of datasets, benchmarks and figures of merit useful to compare perfor-
mance of algorithms and systems, the neuromorphic field is a quite novel field and suffers
from a lack of representative datasets and metrics [8, 76].

What criteria define a good neuromorphic dataset is consequently a very important
question in neuromorphic engineering [87]. An important feature that seems to stand
out is that the dataset has to be inherently spatiotemporal [87]. In addition, real-life
dynamics seems to be another crucial feature, i.e. scenes recorded over different rotations,
lighting conditions, sizes, etc... Consequently, only the third method presented in the
previous section seems to be really suited in order to generate a relatively good dataset.
Neuromorphic datasets do not include only visual spiking datasets: other challenging
candidates are audio spiking datasets [87], for instance.

2.5.3 Handwritten-digits neuromorphic datasets

The Modified National Institute of Standards and Technology (MNIST) database [61] is
well-known and ubiquitous in conventional machine learning and computer vision. It is
used as a benchmark for almost all neural networks architectures [4]. It is composed of
60k training samples and 10k test samples and good classification accuracy is considered
above 98− 99[%], e.g. the best accuracy reaches 99.82[%] at the moment [47].

However, this dataset is not a neuromorphic dataset. In order to assess performances
of SNNs architectures on this specific dataset, a spiking version of MNIST is there-
fore needed. This was the motivation behind the creation of the MNIST-DVS [91] and
N-MNIST [88] datasets. They were both generated using the second conversion method
presented previously, i.e. converting a frame-based dataset by using a neuromorphic cam-
era.
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2.5.3.1 MNIST-DVS

MNIST-DVS [91] was created by recording the original MNIST dataset with a DVS cam-
era in front of a LCD monitor [3]. The DVS sensor and the screen were stationary whereas
the image displayed was slowly moving on the screen to create dynamics [3]. Only 10k
samples were converted (full MNIST is 70k samples) at three different scales which makes
30k spiking samples at the end. Each sample was recorded during 2 to 3 [s]. This dataset
comes with some Matlab scripts for pre-processing [3] including 75Hz LCD screen re-
fresh rate harmonic elimination, moving digits stabilization and polarity bit removing.

2.5.3.2 N-MNIST

N-MNIST [88] stands for Neuromorphic-MNIST and was also created by recording the
original MNIST dataset with a DVS camera in front of a screen [3]. However this time, both
the screen and the image were static whereas the DVS sensor was moving. It was mounted
on a pan-tilt unit which induced three sequential 100ms saccades at three different angles
(0◦, +60◦,−60◦) [92], as clearly shown in the first subplot of Figure 2.16 and in Figure 2.19.
Consequently, each sample of the original dataset was converted eventually to a 300ms
event stream. The second subplot of Figure 2.16 displays a typical sequence of spikes for
a particular pixel of the sensor. The two polarities can be identified (ON = red, OFF =
blue) and spikes seem to occur in "small batches" with respect to the polarity. The dataset
can be downloaded online at https://www.garrickorchard.com/datasets/n-mnist.

(a) Raster plot (b) N-MNIST ON/OFF spikes

Figure 2.16 – (A) N-MNIST input spikes raster plot, for the first sample of the
training set (label = 5). (B) N-MNIST ON/OFF spikes, for the first sample of the
training set (label = 5) and pixel index = 290, i.e. [x, y] = [10, 10].

This conversion process has been discussed because of the dynamics introduced by the
pan-tilt movement, which is not really representative of a real-life dynamics because it
is too deterministic, limited to two dimensions and restricted to ideal environment [87].
Moreover, N-MNIST contains less information than MNIST, because of the noise and
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movements in the image [87]. In fact, N-MNIST can at best emulate the original MNIST
dataset with that conversion method [87]. Nevertheless, the noise introduced in the dataset
due to the neuromorphic camera is a good thing because it makes the dataset more
realistic [87]. Images were reconstructed by accumulating spikes over a time interval, as
show in Figure 2.17. It can be observed that if the accumulation window is too large, the
reconstructed image looks really blurry (e.g. as in the first subplot of Figure 2.17). Each
reconstructed image is normalized with the highest spikes count such that the brighter
pixel has a value of 255. More details about frame-based reconstruction from event-based
data are given in Section 3.4.2.

(a) ACCU = 300ms (b) ACCU = 50ms

Figure 2.17 – N-MNIST frame-based reconstruction based on accumulation
of input spikes and ON-OFF reconstruction. This is done for the first sample of the
training set (label = 5) with an accumulation window of (A) 300ms and (B) 50ms.

The original N-MNIST dataset was cropped from a 34x34 input shape to a 28x28 shape
(i.e. MNIST shape) in order to be able to transfer an architecture from MNIST to N-
MNIST (more details are given in Section 5.2). This cropped version is used in the rest of
this work. This modification can be noticed in Figure 2.17. No pre-processing was applied,
only discarding some pixels to get the desired shape. By visual inspection of this dataset,
events seemed to happen more frequently in the bottom part of the image. However, the
cropping was carried out with respect to the center of the image, Appendix A.2.2. There
are in average 4117 spikes per sample as shown in Figure 2.18.

Figure 2.18 – N-MNIST spikes
per sample distribution, for the
whole training set. Mean = 4117
spikes/sample.

Figure 2.19 – N-MNIST time dis-
tribution of spikes, for 6000 ran-
domly chosen samples of the training
set.
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2.5.4 Real-world neuromorphic dataset: N-CARS (Prophesee)

As explained previously in Section 2.5.1, the need for large real-world datasets is one of
the main slowing factor for event-based vision and classification [31, 29].

To face that problem, the french company Prophesee [89] has created a brand new real-
world dataset called N-CARS. Scenes have been recorded with an ATIS [26] event-based
sensor in urban environments, i.e. embedding dynamics of the sensor as well as the one
of the environment which is really attractive. Thanks to a semi-automatic protocol [31],
Prophesee generated a two-class dataset (i.e. binary classification challenge) which in-
cludes 12, 336 car samples and 11, 693 non-cars samples (labeled as background). In order
to have a training set and a test set, the dataset was split in 7940 car and 7482 background
training samples, and 4396 car and 4211 background test samples [31]. Consecutive sam-
ples have no relation with each other, the dataset is simply a bunch of 100ms samples,
representing either cars or background scenes. Time resolution is 1µs. Figure 2.20 exhibits
a few reconstructed images of samples from the original N-CARS dataset. The N-CARS
dataset is available for download at http://www.prophesee.ai/dataset-n-cars/ and
supplemental material regarding the generation of this dataset is available at [90].

(a) Original N-CARS dataset (b) Space-time representation

Figure 2.20 – (A) Samples from the original N-CARS dataset, reconstructed
from accumulating spikes over a time interval. Image adapted from [31]. (B) Space-time
representation: events received from the neuromorphic sensor are plotted through time.
Image adapted from [31].

A member of Prophesee has very kindly accepted to share a rescaled and down-
sampled version of the full N-CARS dataset, which is called the UCLouvain version in
the rest of this work. More specifically, each sample from the original N-CARS dataset
was rescaled to a spatial resolution of 50x40 pixels. The temporal resolution was also
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downsampled by enforcing a refractory period of 1ms to every pixel, i.e. if two events
occurred at the same pixel in a time interval of less than 1ms only the first event was
kept and the second was filtered, as can be observed in Figure 2.21. After these processing
steps, each sample contains at most 104 spikes as shown in Figure 2.22. As shown in Fig-
ure 2.23, the distribution of spikes through time is uniform, i.e. there is no specific time
window where more spikes are usually concentrated, in opposition to the saccades in the
N-MNIST dataset. Prophesee obtained about 75% classification accuracy with a FC
network (4000-100-2) and about 95.5% with a ConvNet (2 channels input, two Conv lay-
ers with 20 and 60 channels followed by two FC layers of 500 and 2 neurons) both trained
with backpropagation in the spiking domain. These results were not published but were
kindly shared by a member of Prophesee. There is no human reference accuracy for the
N-CARS dataset.

(a) Raster plot (b) N-MNIST ON/OFF spikes

Figure 2.21 – (A) N-CARS input spikes raster plot, for the 54th sample of the
training set (label = 1). (B) N-CARS ON/OFF spikes, for the 54th sample of the
training set (label = 1) and pixel index = 470, i.e. [x, y] = [20, 9].

Figure 2.22 – N-CARS spikes per
sample distribution, for the whole
training set (UCL version). Mean =
6139 spikes/sample.

Figure 2.23 – N-CARS time dis-
tribution of spikes, for the whole
training set (UCL version). The distri-
bution is uniform.
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In this work, the UCLouvain version is used instead of the original N-CARS dataset for
two main reasons. First, one drawback of the original version is that all samples do not
have the same shape, making it less convenient to use. That can however be solved by
zero-padding. Then, even if both temporal and spatial resolution are better in the original
dataset, this results in more spikes to process and thereby more simulation time. Figure
2.24 gives two different reconstructions of a sample labelled as a car (label = 1). As a
matter of fact, it is less obvious to recognize a car compared to Figure 2.20. This is the
main drawback of the UCLouvain version: there is a valuable loss of information due to
the rescaling and downsampling.

(a) ACCU = 100ms

(b) ACCU = 30ms

Figure 2.24 – N-CARS frame-based reconstruction based on accumulation of
input spikes and ON-OFF reconstruction. This is done for the 54th sample of the training
set (label = 1 = car) with an accumulation window of (A) 100ms and (B) 30ms.

2.5.5 Other neuromorphic datasets

There exists other neuromorphic datasets but as they will not be used in this work, only
some references are given for readers information (Pips dataset [29], Poker-DVS dataset
[3], Rotating barrel dataset [35], N-Caltech101 dataset [87] to name a few).
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Chapter 3

State of the art: training SNNs

This chapter introduces the basics of neural information theory that will be useful for
the rest of this work. Then it focuses on the main differences between training ANNs and
SNNs and finally, it presents a literature review about how SNNs can be trained.

3.1 Neural information processing

This section first gives some basic theoretical foundations about brain information process-
ing in order to better understand the parallelism between biological networks and SNNs.
Then, some well-known models for neuron behaviors and learning process are given.

3.1.1 Overview of biological neural networks

The two key units in biological neural networks are neurons and synapses as shown
in Figure 3.1. The human brain is estimated to contain around 1011 neurons which are
individual units interconnected together through axons, dendrites and especially adaptive
synapses (roughly 1015 in the human brain) [12, 93, 94]. Typical synaptic fan-ins can go
from 100 up to 104 synapses per neuron [66, 84]. A synapse connect the end of an axon
from the pre-synaptic neuron to a dendrite of the post-synapstic neuron.

To transmit information from one neuron to another, the brain uses electro-chemical
signals called action potentials (AP) or spikes, as shown in the first subplot of Figure 3.1.
An AP is a fluctuation of about 100mV membrane potential that occurs over roughly 1ms
[95]. This is actually one of the most important properties of neurons: their membrane is
electrically excitable [96]. This electrical signal is of interest in the nervous system as it can
be monitored: at rest, the potential inside the cell membrane is about −70mV with respect
to the external surrounding of the neuron [95], which is called the resting membrane
potential Vresting. The cell is in a polarization state. When the running sum of changes
in the membrane potential crosses a threshold (usually around 15mV above Vresting as
shown in the second subplot of Figure 3.1 [95]), an AP is generated. It is due to rapid
changes of chemical concentrations caused by ions channels activity (mainly Na+,K− and
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Cl−) in the cell membrane which induces sudden (de-, hyper-)polarization [95, 96]. This
causes electric current to flow down the axon to the axon terminals (as fast as 120 [m/s] for
myelinated axons [96]) where voltage-gated Ca2+ channels open. Ca2+ ions flow in the pre-
synaptic terminal buttons and eventually stimulate vesicles to release neurotransmitters
in the synaptic cleft by exocytosis [97]. These neurotransmitters propagate through the
synapse and bind with receptors (chemical gates) present on the dendrites of the post-
synaptic neuron. This allows ions to flow in and modify the post-synaptic potential (PSP).
Depending on the type of neurotransmitters, the PSP can increase (excitatory, EPSP) or
decrease (inhibitory, IPSP) [95]. The synaptic cleft is usually too wide for the direct
spread of current from one cell to another: the action potential is prevented from passing
electrically from one neuron to another which allows for all the chemical processing to
take place in the synapse [97]. The absolute refractory period is the time interval (a few
milliseconds) just after a spike over which the neuron cannot fire again. Both spatial
and temporal summations are observed in the brain [97]. Spatial summation of the PSPs
occurs when several different pre-synaptic neurons fire the same post-synaptic neuron,
leading to a rapid modification of its membrane potential. Temporal summation occurs
when the same pre-synaptic neuron fires multiple times over a short period of time [97].
As biological neurons are dynamic cells dealing with noise and randomness [97], they
have stochastic behaviors. It has been observed that biological neurons could have up to
20 different behaviors, also called the Izhikevich behaviors [7, 81, 98].

(a) (b)

Figure 3.1 – (A) Action potential measurement and synapse illustration. On
the left part, an AP recorded in vivo from a cultured rat neocortical pyramidal cell. On
the right part, a schematic representation of a synapse. Adapted from [95]. (B) Biologi-
cal neuron illustration and firing measurements. The dendritic tree is a branch-
ing topology specific to neurons, allowing to receive inputs from multiples other neurons
through synaptic connections as shown in (A). Adapted from [95].
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3.1.2 Neural coding

Neural coding is about understanding how information is encoded in the ner-
vous system (network of interconnected neurons). It has been observed that all action
potentials are the same: they follow a all or none law and when an AP is triggered, it is
indistinguishable from others [84, 96]. Accordingly, no information is contained in their
shape. Instead, the neural code seems to be carried in the rate of firing, the population of
neurons that have spiked in response to a stimulus or in the pattern of spike times [99].
Even if many behaviors are still left unexplained in the brain, it is widely admitted that
firing rates and temporal patterns of spike trains take a major role in carrying informa-
tion about stimuli and computations [52]. However, an intense debate exists within the
neuroscience community regarding whether biological neurons use rate or temporal codes
and even on the definition of these terms [84, 95]. This disagreement would be related to
whether or not correlation exists between successive spikes or different neurons, i.e. if this
correlation could carry valuable information [95]. We redirect the reader to [95, 100, 101,
102, 103, 104] for further information on neural coding and on other types of spike codes.

3.1.2.1 Rate-based coding

The basis of rate coding comes from the observation of the relationship between the stim-
ulus intensity and the neuronal firing rate [84, 105]. In rate-based coding, what matters is
the average rate of firing (i.e. spikes/s) [87]. Individual timing of spikes is not relevant
here. For instance, motor neurons seem to use that encoding: the higher the firing rate,
the higher the contraction of the muscle [103]. The average could be done over time or
over several repetitions of an experiment [99].

In order to simulate some neuron behaviors, a Poisson process is often used to generate
spike trains [3, 4, 11, 41, 51, 84, 85, 86]. It is a process where events are assumed to
be statistically independent [95] which gives a fairly good approximation of stochastic
neuronal firing [84, 95]. That explains why a Poisson process is often used to convert the
pixel illumination into a spike train: it produces in average a spiking rate proportional to
the illumination of pixels while introducing noise. However, in its simplest form, a Poisson
process cannot simulate bursts of events or refractory period [84].
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3.1.2.2 Population coding

For that coding scheme, the information is contained in the set of neurons that are
active in response to a particular stimulus [87]. It is a powerful way to understand which
neurons are involved in a specific system (for instance, tuning curves for V1 neurons in
the visual cortex) [84, 99].
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Figure 3.2 – Rate-based and population coding, illustration.

3.1.2.3 Temporal coding

It has been observed that neurons activity in the brain is really sparse: only around 1%
(up to 4%) of the neurons are thought to be active at a time [72, 106]. Therefore, coding
in the brain cannot be explained only by rate codes [72, 73]. In fact, as neural activity has
been shown to be very costly for the brain [106], it has to rely on codes that can embed
a valuable amount of information while using a few active neurons [107].

Temporal coding is a code that cares about individual timings of spikes, in opposition to
rate-based coding. In fact, information is contained in the precise (relative) timing of
spikes [33, 100]. Temporal coding holds generally detailed information about the phase
of a periodic signal and is thought to be important in the sound localization pathway
for instance [108, 109]. Latency coding is a form of temporal coding where information is
contained in the time of first spike [3].
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3.1.3 Synaptic plasticity

Learning in the brain is thought to occur mainly through the plasticity of synapses
[17, 69, 110], which is one of their key property. They can be seen as a local memory that
can be modified on-the-fly by the past and the current activity of the network. In other
words, the strength of the connection allowing the communication between neurons is
encoded in the synapse. This is one of the reason why they are thought to have a key role
in learning processes [17]: modifying synapses modifies the future activity of the network
for either a short or a long period of time (i.e. short-term/long-term synaptic plasticity),
which in terms impacts synaptic plasticity [69].

Apart from synapses plasticity, several researches suggest that propagation delays in
spiking patterns of neurons may be adaptive [69]. Memory and formation of neuronal
groups might be related to this time information [69, 98].

Thereby, learning mechanisms in biological systems are complex mechanisms: a
single neuron is sought by thousands of inputs every minute [111] and has to find out the
ones that matter in order to focus on them and pass accurate messages to downstream
neurons.

3.1.4 Neural models

Modeling is a really important step to understand, explain and predict behaviors. The
models provided in this section allow the trade-off between complexity and versatility,
depending on specific assumptions. These trade-offs will be highlighted in order to show
how to select a suitable model for a given application.

3.1.4.1 Leaky integrate-and-fire model

The leaky integrate-and-fire (LIF) is a first-order model and one of the simplest and
most extensively used neuron models thanks to its computational efficiency [32, 41]. The
basic concept of the LIF model is that the neuron has a membrane potential that evolves
through time due to incoming excitatory or inhibitory currents and a leakage parameter.
Whenever the membrane potential of a neuron crosses its threshold, the neuron fires, i.e.
emits a spike. Its membrane potential is then reset to its resting state. This behavior is
characterized in Equation (3.1).
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

V (t) = V (t− 1) + L+X(t)

If V (t) ≥ θthresh, spike and reset V (t) = Vresting

If V (t) < Vresting, reset V (t) = Vresting

(3.1)

where V (t) is the membrane potential, L the leakage parameter, X(t) the summation of
all synaptic inputs at time t i.e. XJ(t) = ∑

iwi,JIi(t), Vresting is the resting membrane
potential (usually set to 0 but not always) and θthresh is the membrane threshold [70]. If
there is no leak, i.e. L = 0, this gives the integrate-and-fire (IF) neuron model. Equation
(3.1) is a discrete time version of the LIF model. In continuous time, it can be expressed
as

Cm
dV (t)
dt

+ V (t)
Rm

= I(t) (3.2)

where Cm is the membrane capacitance, Rm the membrane resistance and I(t) the input
current at time t [86, 112, 113]. The membrane is consequently not a perfect insulator due
to the leak (time constant τm = RmCm) which reflects the diffusion of ions that occurs
through the membrane when the cell is not at its resting state [86]. The leak has also
a stabilizing influence on the neuron behavior [114] and is sometimes used to set up a
time constant for the memory of the network [111]. The states of LIF neurons can be
updated asynchronously by using only the timing of upcoming events [92]. This model
can be implemented with electronic components as presented by the schematics in Figure
3.3.

Figure 3.3 – LIF single-cell electronic schematics. Image adapted from [86, 112].

3.1.4.2 Adapted leaky integrate-and-fire model

The basic LIF model as presented in the previous section has amain issue when it is used
for rate-based computations that happen close to zero: the output result is dependent
on the order of arriving spikes, which is not desirable in a rate-based context. Specific
care should be taken with low firing rates and low threshold values. To illustrate this, let’s
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imagine a LIF neuronJ with two different inputs Ii weighted by their respective weight
wi. In addition, consider Vresting = 0. Let’s suppose w1 = a < 0 and w2 = b > 0. If
I1 spikes before I2, the output is yJ = b as yJ = (0 − a) + b = 0 + b = b. However,
if the order is reversed, yJ = b − a. This simple example highlights the limitations of
this model. In practice, this phenomenon can happen really often and introduce a bias
on the rate (higher rate). We propose an adapted model to fix this issue: setting
the lower bound threshold θdownthresh to a negative value, θdownthresh = −θupthresh while keeping
Vresting = 0 and θupthresh = θthresh. Even if this modification does not really make sense
from a biological point of view, it mathematically solves the problem around zero. As a
matter of fact, yJ = b− a in both cases now. Yet, the problem still exists around θdownthresh.
Vm could be reset to Vresting without firing or simply kept at θdownthresh (chosen in this work).
Moreover, when V (t) crosses the threshold, a reset by subtraction [11, 115, 116] can be
used instead of a reset to zero in order to decrease the residual error [11]. Accordingly, the
adapted model is given in Equation (3.3). It has been inspired by similar considerations
[3, 11, 70]. If θdownthresh = 0 and θupthresh = θthresh, this model is equivalent to the basic LIF
neuron model. In this work, the adapted leaky integrate-and-fire model is used without
leak, i.e. L = 0 and is therefore called adapted integrate-and-fire model (AIF).



V (t) = V (t− 1) + L+X(t)

If V (t) ≥ θupthresh, spike and reset


to zero: V (t) = Vresting

by subtraction: V (t) = V (t− 1)− θupthresh
If V (t) < θdownthresh, reset V (t) = θdownthresh

θdownthresh = −θupthresh, Vresting = 0
(3.3)

3.1.4.3 Other neuron models

Even if the two models given previously are interesting because of their simplicity and
because of their computational abilities, they do not account for chemical pumping dy-
namics and do not model the AP dynamics. More complex models exist and attempt
to better capture the biological neuron behavior as the Hodgkin and Huxley model [71,
117], the FitzHugh-Nagumo [118, 119] model and the Izhikevich model [71, 81], among
others [104]. However, they are too complex for this application. In fact, they need a lot
of computations (solving several differential equations) and it becomes even worse when
network of neurons are considered as it is the case in this work. Consequently, basic
and adapted leaky integrate-and-fire models were chosen here.
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3.2 Discrepancies between training ANNs and SNNs

ANNs are usually trained with backpropagation algorithm using a huge amount of labeled
training examples [4, 50, 53]. The resulting classification accuracy is genuinely impressive
[2, 3], despite the energy required to train that kind of networks [41, 52]. Each sample is
presented as a static input and values are propagated through the network, i.e. there is no
time information involved during ANN training and neural nodes are analog values [51].
However, some architectures such as recurrent neural networks (RNNs) [2, 46, 120] and
long short-term memories (LSTMs) [2, 120, 121] units aim at introducing the notion of
time in conventional (deep) neural networks [120]. In fact, they are powerful at extract-
ing patterns from temporal sequences [120]. In conventional neural networks, neurons are
usually characterized by a single static and continuous non-linear activation function (e.g.
sigmoid, tanh, ...) which is differentiable [52], allowing gradient-based optimization algo-
rithms to be applied.

In opposition to ANNs, SNNs are more biologically inspired and they inherently code
more spatio-temporal information [122]. Unfortunately, traditional ANN training algo-
rithms using gradient-based optimization cannot be used directly to train SNNs [3] be-
cause activation functions of spiking neurons are not differentiable (due to threshold
condition [3]). However, recent work has proposed some adaptations to make it possible
[92]. Two main trends are usually observed in the literature in order to train SNNs [3]:
either using training algorithms in the spiking domain or using an ANN-to-SNN mapping
approach. These two approaches are truly different and are discussed in the next sections
3.3 and 3.4, respectively. Some other methods have been developed to perform machine
learning on event-based data but they are not investigated in this work. They are given
as supplementary reading for interested readers (e.g. ReSuMe [71, 52, 123], Tempotron
[32, 71], Chronotron [71], DART [75], HOTS [30], HATS [31], HFIRST [35], SKIM [58],
HMAX [32, 124] among others).

Training (deep) SNNs is in its early phases and still an ongoing challenge: understand-
ing how to carry out training in these networks is consequently an important question,
making the exact process still unclear [37]. However, an important part of the training
process in both spiking and non-spiking architectures seems to reside in the feature extrac-
tion hierarchy which discovers more and more complex, abstract and invariant features
[37]. Moreover, SNNs have the interesting opportunity to trade off classification error rate
against the number of operations, which is not the case in deep conventional ANNs that
need a fixed number of operations to reach their classification error rate [11].
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3.3 Training SNNs in the spiking domain

In the context of neuronal networks, training is referred as the weights tuning process
using a particular updating scheme which is called learning rule [125]. In order to capture
all the statistics and information contained inside the spike trains, it is desirable not to
leave the spiking domain when training the network [32]. Some bio-inspired models for
learning have been derived as Hebb’s rule, STPD and SDSP learning rules. They are
presented in the following sections.

3.3.1 Hebbian learning

One of the most famous learning rule is the Hebb’s neurophysiological postulate of learn-
ing which describes qualitatively the synaptic potentiation and suggests that synaptic
plasticity is related to the correlated activity of pre- and post synaptic neurons.
A simplified form is known as "neurons that fire together wire together" [12, 126, 127]
whereas the original statement is [128]:

“When an axon of a cell A is near enough to excite cell B or repeatedly or
persistently takes part in firing it, some growth or metabolic change takes place
in both cells such that A’s efficiency, as one of the cells firing B, is increased”

— D. O. Hebb

However, as this simple model is a positive-feedback process (effective synapses are strength-
ened and strengthened whereas ineffective synapses are weakened and weakened), it can
lead to unbounded weights and stability issues, e.g. dead or saturated neurons [110,
129]. Using control mechanisms such as multiplicative or substractive adjustments on
the weights can introduce competition and stabilize the learning process [110, 125]. Co-
operativity (i.e. pre- and post-synaptic highly correlated activity) and locality (i.e. change
in synaptic weights depends only upon local variables) are two key aspects of Hebb’s
principle [10, 129].
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3.3.2 Spike-timing-dependent plasticity (STDP)

Unlike Hebbian learning where only a high firing rate for both pre- and post-synaptic
neurons is of interest, STDP is a synaptic local modification mechanism driven by
the relative timing (∆t = tpost−tpre) between spikes of a pre- and post-synaptic neuron,
which indicates causality [111]. If the post-synaptic fires shortly after the pre-synaptic
neuron, the weight of that particular synapse has to be strengthened as the pre-synaptic
neuron helped the post-synaptic neuron to fire (causal firing). In the same way, if the
ordering is reversed, the weight of that particular synapse has to be weakened (anti-
causal firing). Equation (3.4) describes how weights are updated for the most common
experimentally observed STDP rule, where w is the synaptic weight, ζ and ξ are constant
parameters for learning rates and τ is the time constant (e.g. 15ms [71]) for the temporal
learning window [71].


w → w + ζe

−|∆t|
τ ζ > 0, if ∆t ≥ 0 (causality)

w → w + ξe
−|∆t|
τ ξ < 0, if ∆t < 0 (anti-causality)

(3.4)

It introduces competition between synapses as the next spike time will be shifted forward
(resp. backward) if the synapse has been strengthened (resp. weakened), which will affect
the weights of downstream synapses, even if STDP is a local mechanism. There exists
several variations and implementations of the STDP rules: we refer the reader to [17, 130,
131]. STDP is mainly a positive feedback procedure that could lead to instability and a
bimodal distribution of the synaptic strengths [125].

Figure 3.4 – Asymmetric STDP learning window, characterized in hippocampal
cultures. Image adapted from [125].
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3.3.3 Spike-driven synaptic plasticity (SDSP)

Whereas STDP relies on relative timing (∆t = tpost− tpre) between pre- and post-synaptic
spike times, the SDSP learning rule proposed by Brader et al. [132] uses only pre-
synaptic spike as a trigger for updating the synapse. In fact, the state of the
post-synaptic neuron at the time of the pre-synaptic spike governs weight increment or
decrement [7]. Thereby, conditions for synaptic updates can be computed by neurons,
which prevents replicating the learning rule inside each synapse, in opposition to STDP.
In fact, only the membrane potential Vmem and the Calcium concentration have to be com-
pared to corresponding thresholds (θm and θ1→3 respectively) for updating the weights,
as shown in Equation (3.5) [7, 132, 133] and in Figure 3.5. The Calcium concentration
is a key quantity correlated with the post-synaptic firing activity [10]. Moreover, SDSP
embeds overfitting prevention mechanism thanks to stop-learning conditions performed
by the Calcium variable [132].


w → w + 1 if Vmem(tpre) ≥ θm, θ1 ≤ Ca(tpre) < θ3

w → w − 1 if Vmem(tpre) < θm, θ1 ≤ Ca(tpre) < θ2

(3.5)

Figure 3.5 – Digital SDSP rule, proposed by Brader et al. [132]. Image adapted from
[7].
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3.3.4 Spiking backpropagation

Traditional ANNs training algorithms cannot be used directly to train SNNs and the im-
plementation of gradient backpropagation in the spiking domain is especially challenging
for reasons detailed in Neftci et al. [10], e.g. weight transport problem, multiplication with
derivatives and activation functions and precision among others. However, some recent
works have proposed some adaptations such that backpropagation can be imple-
mented in SNNs. Several variants exists but only two are briefly presented in this
section. We redirect interested readers to [10, 92, 107, 134, 135] for further information.

SpikeProp [107] appears as the first attempt to train a SNN using a spiking back-
propagation algorithm [71]. Complex non-linear classification can be achieved with this
method just as well as rate-coded networks, as it was demonstrated on different bench-
mark datasets [107]. Moreover, it demonstrates the potency of temporal coding for fast
neural information processing by using less neurons than in instantaneous rate-coding
[107].

The key idea in [92] is to generate a continuous and differentiable signal such that stochas-
tic gradient descent (SGD) can be applied. Abrupt changes of the membrane potential is
treated as noise during error backpropagation and spiking signals are filtered to be then
added onto the membrane potential. This supervised method can be applied both on FC
and Conv layers and also on SNNs with LIF neurons.

LELEC2990 38 Pirson Thibault



3.4. Offline training of SNNs: mapping ANN-to-SNN

3.4 Offline training of SNNs: mapping ANN-to-SNN

The basic idea behind the mapping approach is to use the traditional ML training al-
gorithms on a continuous-valued architecture such that optimal weights can be obtained
and then transferred to an equivalent rate-based SNNs architecture [4, 10, 70]. In such
rate-based spiking networks, the average firing rate of input neurons over a pre-defined
time interval is approximately proportional to the magnitude of the original continuous
inputs [51]. In the case of images, the magnitude is the pixel intensity of the original
ANN inputs. The objective is thereby to shift the background developed in these fields to
the event-based domain to get efficient SNNs. Even though this approach is not driven
by the desire of understanding how the brain computes and processes information, it
has demonstrated benchmark records [11, 135] in terms of SNNs accuracy for different
architectures (e.g. FC networks, ConvNets [61], Inception-v3 [136], ResNet [137], ...) on
several datasets (e.g. MNIST [61], CIFAR-10 [138], ImageNet [139, 140], ...). In this work,
the focus is made on the mapping of a CNNs. Consequently, the terminology mapping
CNN-to-SNN is rather used hereafter.

The next section gives an overview of the general process of mapping whereas the sections
3.4.3 and 3.4.2 brings more details about two specific and sensible steps in this approach.

3.4.1 Method overview

CNN Tailored 
CNN

Training Weights  
Transfer SNN

1

Thresholds  
Balancing

MAPPING
2 3

WKeras
TB

Figure 3.6 – Methodology to convert a CNN to a SNN.

The mapping approach can be summarized in three main steps [70, 4] as presented in
Figure 3.6. To understand the first step, it is important to point out that there exists an
important parallelism between ANNs using Rectified Linear Unit (ReLU) activations and
IF rate-based SNNs. The ReLU neuron output yJ is given by by yJ = max(0,∑iwi,JIi) [70]
and it can be considered as a first order approximation of the behavior of the IF neurons
in the rate-based domain [70, 4]. Accordingly, the output of the ReLU is proportional to
the firing rate of an IF neuron [4]. This explains why this activation function is used in
order to simulate an IF neuron, instead of the tanh or the sigmoid functions for instance.
Moreover, the non-saturating nonlinearity of the ReLU function speeds up the training
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time with gradient descent [139]. Accordingly, the first step of the mapping approach
is to convert the original CNN into a tailored CNN where [70]:

• Inputs values are all positive. It can be done by adding an Abs function before
the first layer of the network. This step can be skipped if the inputs is inherently
positive, i.g. illumination level.

• ReLU activation function is used for all neurons

• Biases have been removed from all Conv and FC layers

• Spatial max-pooling has been replaced by spatial average pooling

Secondly , the tailored CNN is trained using conventional training methods (e.g. back-
propagation). For the third and last step , weights are transferred from the tai-
lored CNN to the equivalent SNN architecture while performing a proper re-scaling of the
thresholds (i.e. thresholds balancing as explained in Section 3.4.3).

This mapping approach works for both FC networks and ConvNets [70] but if the SNN
neuron model is changed from the standard IF, the activation function in the tailored
CNN needs to be changed accordingly. However, using the AIF model presented in Sec-
tion 3.1.4.2 does not require to change the activation function as it is an attempt to better
implement it in rate-based SNNs. Simulations and results are investigated and discussed
later in Chapter 5.

The main challenge during the mapping approach is to avoid a substantial drop
in classification accuracy after conversion. However, a source of accuracy loss in
this method is that only a fraction of the traditional ML tools are available to implement
such networks and algorithms in a spiking structure. Even if some alternatives have been
proposed to allow conversion of nearly arbitrary CNN architectures by making available
tools as max-pooling, softmax, batch-normalization and inception-modules in SNNs [11],
common mappings methodology use a restricted number of tools. For instance, dropout
is often used instead of batch-normalization regarding the regularization technique [51].
Another source of accuracy loss is the presence of hardware constraints set by the applica-
tion (i.e. number of neurons, resolution of the synapses, connectivity, ...). Consequently,
not every continuous-valued CNN can be mapped onto a SNN. For instance, even if
negative values can be represented in SNNs using inhibitory neurons, this come with a
high hardware cost, i.e. doubling the number of neurons and consequently the number of
connections, the complexity and the power consumption which is not desirable [70].
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3.4.2 Converting an event-based dataset to a frame-based dataset

There is still one key limitation related to this general mapping approach: how
could an ANN be trained if the only available input is a neuromorphic dataset ? In fact,
the problem is straightforward if a framed-based dataset is used to train the tailored
CNN and is then converted to a spiking dataset as explained in Section 2.5.1. However,
the problem is far more extensive if only a spiking dataset is available. Indeed, a
spikes-to-frame conversion is required for training the tailored CNN but it requires to
leave the spiking domain.

How to carry out the conversion is also a very pertinent question. The main objective
behind that dataset conversion idea is to create a frame-based dataset that embeds as
much as possible information from the spiking dataset. This should provide representative
data to the tailored network in order to learn the weights that will be then transferred
to the SNN to perform the inference. This is the main difference with Rebecq et al. [39]
that proposes to reconstruct images (videos) from a stream of events at the best possible
quality in order to apply conventional machine learning algorithms afterwards. Even if
this approach seems to lead to impressive classification performances [39], inference is
not performed in the spiking domain, which is of interest here. In addition, training the
tailored network with these reconstructed images will not train weights properly for the
spiking network as it is not directly representative of the spiking data.

A possible solution is to reconstruct a gray-level image by accumulating ON/OFF
events during a pre-defined time interval dt (i.e. accumulation window) [6, 32, 87]
as presented in Figures 3.7 and 3.8. This reconstruction method assigns a pixel intensity
proportional to the spike rate of the corresponding pixel and is often called accumulated
spike count or histogram of events in the literature [4, 6, 27]. If the accumulation window
is small enough (i.e. order of ms or tens or ms depending on the dynamics of the scene),
the sensor and the network are assumed to use both a rate-based encoding over small time
bins. It is a good practice to normalize the spike count Cg,p

dt by the maximum number
of spikes that have been accumulated for each reconstructed image [87] in order to avoid
introducing a bias related to the size of the accumulation window, as given in Equation
(3.6) (adapted from [87]). Each sample p of the dataset is defined by the spike train
sg,p = {tg,p1 , ..., tg,pn } for each of its pixels g [87]. This can be carried out for every sample
p of the original dataset.

C̃g,p
dt = Cg,p

dt

maxz
∑n
i t

z,p
i

where Cg,p
dt =

n∑
i

tg,pi (3.6)
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Then, the reconstructed dataset can be used to train the tailored network with backprop-
agation. However, these reconstructed signals cannot embed all the information in spike
trains that goes beyond ideal mean rate modeling [92]. How to choose the duration dt and
the position of accumulation window within the whole duration of each spiking sample
are important questions as well. The first subplot of Figure 3.7 highlights the fact that
the reconstructed image is affected by these two parameters.

0

N-1

Rate-based  
coding

time [ms]

ne
ur

on
 in

de
x

1

…

2

…

1/3 1 1

… … …

… … 2/3
0

0

N-1
Rate-based  

coding

time [ms]

ne
ur

on
 in

de
x

1

…

2

…

1/4 1/2 1

… … …

… … 1/2
0

dt

dt

F R A M E - B A S E DE V E N T - B A S E D

(a) Reconstruction principle (b) N-MNIST reconstruction

Figure 3.7 – (A) Illustration to explain the gray-level reconstruction principle of
images by accumulation of spikes (only ON spikes are considered here). (B) Result of a
reconstruction gray-level image using the first sample of the N-MNIST training set
with an accumulation window dt = 50ms (only ON spikes are considered).

[29,18]

Figure 3.8 – Example of gray-level (contrast) reconstruction for the 19th sample
of the N-CARS training set, label = 1 (car). Accumulation window is 100ms, i.e. the
whole sample duration. The ON-OFF corresponding reconstruction is shown on the right.
The spike trains for four consecutive pixels (e.g. [x, y] = [29 → 32, 18]) are represented
on the left.
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Another solution is to reconstruct a gray-level image where recent spikes have
more intensity than older spikes [6], as shown in Figure 2.9. This method has the
advantage to show the relative event time but as it focuses on the timing of spikes, this
is not a rate-based encoding. Hence, it appears less attractive for the mapping method as
the target architecture is a rate-based SNN.

The choice of the reconstruction method is an important step in the mapping ap-
proach: the more it can embed spatio-temporal information from the spiking dataset
while ensuring an accurate translation of the continuous activation, the better.

3.4.3 Threshold balancing algorithm

Given that ReLU in the CNN have been replaced with IF neurons in the SNN, the
remaining loss of performance after the conversion can come from three factors [4]
which can be addressed by thresholds balancing [4]:

• The input firing rates are too low such that the IF units do not cross their threshold,
leading to a lower effective output (i.e. dead neurons)

• The input firing rate is so high that the IF units output too much spikes (i.e.
saturated neurons), i.e. their firing rate is higher than they should be. This could
also happen if the input weights are higher than the neurons threshold (if thresholds
have been wrongly balanced)

• A specific feature set can be over- or under- activated due to the non-uniformity of
spike trains (probabilistic nature of the spiking input)

Thereby, a proper re-scaling of the thresholds is necessary to ensure an accurate translation
of continuous-valued neuron activations into firing rates of spiking neurons, which makes
the quality of the mapping highly dependent on the ratio between the neuron
threshold and the synaptic weights [51]. We propose the following notation (that
will used throughout this work): the thresholds vector Θm contains the firing thresholds
θlayerlm for each layer l of the network. For instance, a SNN with q Conv layers, each
followed by an average pooling layer and r FC layers has a thresholds vector Θm defined
by Equation (3.7).

Θm = [θConv1
m , θPool1m , ..., θConvqm , θPoolqm ]︸ ︷︷ ︸

Conv-Avg layers

[θ1
m, ..., θ

r
m]︸ ︷︷ ︸

FC layers

(3.7)
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The most formal way to achieve a proper re-scaling is to use either a weight-threshold
balancing algorithm (e.g. Spike-Norm proposed by Sengupta et al. [51] or data-based
normalization algorithm proposed by Diehl et al. [4]) to obtain the best Θm or to develop
analytic equations to obtain optimal balancing, i.e. minimizing a specific cost function.

We propose two other approaches in order to balance the thresholds.

• Although this is less elegant while consuming more resources and so arguably less
effective (no guarantee to obtain an optimum), a grid search algorithm can be
used to find Θm. It is quite simple to implement but the computational cost is quite
high as inference has to be performed over a significant fraction of the training set
and for several combination of thresholds, i.e. a grid search of Θm. This allows to
identify good candidates for Θm, i.e. leading to the best classification accuracy on
the grid search. Then, the best Θm is used to perform inference over the test set.

• Another possible approach could be to tune thresholds such that the output of
each layer of the SNN is as close as possible to the output of the corresponding
layer in the ANN for a subset of training samples. Images can be reconstructed in
the spiking network using the method presented in the previous section and then
compared with their counterparts in the continuous network, using an error metrics
such as PSNR or RMSE, Appendix A.2.5. For the rest of this work, the reconstructed
image used to represent the output of a channel in a particular layer will be called
an activation map as it is a visual representation of the activation output where
each neuron is represented by its corresponding pixel. The brighter the pixel on the
activation map, the higher the activation corresponding to that neuron. In order to
allow fair comparison between activation maps, each activation map is normalized
by its maximal value in order to have values in [0, 1].

All these approaches could be done with respect to the weights as well (weights-normalization).
What matters is to have the right balancing (i.e. the right ratio) between the firing
threshold and the input weights as it determines the output firing rate of the neuron [4]
for given input spikes. Consequently, if balancing on thresholds is carried out (i.e. find
the optimal Θm, threshold-balancing), weights can be imported after learning with-
out any modification. Both operations are equivalent from a mathematical point of view.
Simulations and discussions are presented in Section 5.1.4.

LELEC2990 44 Pirson Thibault



Chapter 4

Methodology

This chapter aims at motivating our choices regarding the chosen SNN architecture and
the learning method as well as giving an overview of the general strategy that we proposed
to reach our objective. In addition, it aims at presenting the two main tools that we
have developed for this work, i.e. a synthetic spiking dataset (SSP-MNSIT) and a spiking
simulator.

It is important for the reader to keep in mind that the ultimate objective was to use that
SNN structure on the N-CARS dataset (UCLouvain version) to reach good classification
accuracy (i.e. > 80%, set arbitrarily). At the same time, the proposed solution had to
account for hardware constraints as presented in Chapter 2 such that this work could be
implemented on real hardware.

4.1 Choosing an appropriate SNN architecture and
a training method

In the light of Sections 3.2, 3.3 and 3.4, it is time to detail our choices regarding the
SNN architecture that was used for this work and most importantly, which approach
was followed to train the SNN.

4.1.1 SNN architecture

Regarding the architecture, a SNN using only FC layers could not be used due to the
limited fan-in and connectivity of both Odin (256) and MorphIC (512). As N-CARS
dataset (UCLouvain version) has a 50x40 input shape, it cannot fit on the UCLouvain
neuromorphic chips. A solution could have been to split the input in four patches (e.g.
approach investigated on MNIST by Frenkel et al. [20]), resulting in four channels of
shape 25x20 that could fit on the four cores of MorphIC. However, this is without ac-
counting for the two polarities (ON/OFF) inherent to spiking datasets, which double the
size of the input shape making this solution impossible to implement in practice given
these hardware constraints. Rescaling the N-CARS dataset could have been a solution
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but as the version used in that work was already a rescaled and downsampled version of
the original N-CARS dataset, too much information would have been lost. Consequently,
a FC network could not be used alone to classify samples from N-CARS because this
architecture could not fit on MorphIC due to hardware constraints.

A way to decrease the dimension of the input shape on Odin or MorphIC was to
use convolutions. In fact, using a succession of convolution and pooling layers allows both
for features extraction and dimension reduction (information in the input is thereby not
lost). Neuromorphic chips dedicated to convolution exist (e.g. [141], [142], [143], [144])
and are preferably used for Conv layers because cross-bar architecture are suboptimal
to implement convolutions as a massive amount of the synapses are not used (synaptic
weights set to zero) and many neurons are required due to the multiple channels. It is
also possible to simulate neuromorphic convolutions on Field Programmable Gate Array
(FPGA). Even if it is not as efficient as neuromorphic chips, this hybrid solution has
the advantage to be easier to implement and fully digital, which allows for developing
a simulator in order to verify the processing of the whole network. This solution was
chosen here as a first step towards a possible hardware implementation.

The commercial low-power consumption FPGA device Spartan-VII (Appendix
A.3) from the Xilinx company was picked up in order to set hardware constraints on
memory and power consumption. A similar choice was made by Corradi et al. [133] which
suggests that this device is an optimal development platform for data logging and AE
routing [133]. In the first instance, the Spartan-VII (XC7S100) was considered. It is
the largest model in this family. It has a total block RAM of 4.320Kb and is optimized
for low cost, low power, and high I/O performance. It offers roughly 50% power reduction
compared to previous Spartan families, while at the same time delivers a 30% perfor-
mance improvement. The Spartan-VII uses the MicroBlazeTM 32-bit RISC processor
which supports floating-point arithmetic. For that reason and in a first approach, simu-
lations in Chapter 5 were carried out with 32-bit floating point resolution for the Conv
layers. Then, more constraining limitations are addressed in Section 5.4. Supplementary
material about the Spartan-VII is given in the data sheets, Appendix A.3.

A reasonable architecture that could be implemented was a cascade of two Conv
layers, each followed by a subsampling layer (i.e. average pooling layer). To take the spike
polarities in consideration, the input was seen as a 2-channels input. Only the FC layers
were supposed to be implemented on MorphIC (only one of the four cores was used).
The full network is shown in Figure 4.1.
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Figure 4.1 – General SNN architecture used throughout this work. A and B are
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of output classes and H must be set to fit on MorphIC accordingly to Equation (4.1).
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To make sure that the output of the second subsampling layer could be used as input on
MorphIC, it was crucial that Equation (4.1) was always fulfilled. Furthermore, synaptic
weights onMorphIC are constrained to {0, 1} whereas the weights obtained after training
the tailored architecture using BinaryDense layers on Keras are {−1,+1}: introducing
a layer-wise inhibitory neuron in the FC layers allowed to compensate for that limitation
as proposed by Frenkel et al. [20]. All neurons in the previous layer were connected to the
input of this inhibitory neuron. It has a threshold θupthresh = 2 and when it spikes, all the
neurons in the same layer have their membrane potential lowered. This explains the term
+2 in the second Equation (4.1) as two inhibitory neurons are required (one for each FC
layer), as indicated in Figure 4.1 by the symbol .


N × A4 ×B4 <MorphICfan−in = 512

H + C + 2 ≤MorphICcore−capacity = 512
(4.1)
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4.1.2 Training method

Regarding the learning method, the two main possibilities discussed in Section 3.2 are
either training the SNN in the spiking domain or using a mapping approach. Both are still
ongoing research fields but the latter guarantee reasonable performances at the end of the
process, if good classification accuracy is obtained with a tailored conventional network
and if mapping is well performed. In addition, N-CARS samples have quite short duration
(i.e. 100[ms]) and it seemed possible to reconstruct images from this dataset in order to use
a rate-based spiking network. Moreover, Prophesee had already investigated learning
in the spiking domain (with both FC and Conv architectures) which led to 75% and
95.5% classification accuracy respectively. Consequently, the CNN-to-SNN mapping
approach was chosen for that work, which thereby focus on offline training. To
the best of our knowledge, it was the first time this method was applied on N-CARS.

Architecture: SNN given in Figure 4.1
Training method: CNN-to-SNN mapping (offline training, Keras)

The challenge was thereby not only to find out how to extract meaningful content
from a real-world spiking dataset in order to train the weights with backpropagation
on Keras but also to make sure that these weights gave the network the ability to
perform inference accurately at a spiking level.

Summary

4.2 Methodology overview: a three-step strategy

As N-CARS is a real-world spiking dataset, it has its own dynamics and its content might
be quite difficult to handle to an undiscerning eye. Consequently, we proposed a three-
step strategy in order to gain more insights on how SNNs are generally working and
how to extract useful content to finally understand how to classify correctly new samples.

1. First, a synthetic spiking version of the MNIST dataset (i.e. SSP-MNIST) was
generated and used to develop and validate the smooth functioning of the spiking
simulator that produced all results in the rest of this work. In order to allow fair
comparison between the continuous and the spiking domain, no noise was introduced
during the spiking encoding of the SSP-MNIST dataset. For this first step, the
tailored network was trained on the conventional MNIST dataset and the weights
were used to perform inference in the spiking domain using the SSP-MNIST dataset.
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2. Then, the N-MNIST dataset was used to understand what happened when a more
realistic spiking dataset was used with the spiking simulator. That intermediate step
from SSP-MNIST to N-CARS was crucial as it highlighted how to better account
for dynamics and polarities inherent to spiking dataset.

3. Finally, bringing together tools and lessons from the two previous steps led to a
stronger method that performed good classification accuracy (i.e. > 80%) on N-
CARS.

Figure 4.2 summarizes how the three datasets were used in this step-by-step strategy.
Results of the mapping for each step are given in Chapter 5. Analyzing Figure 3.6 at the
same time is recommended to have a better view of the general strategy. Details about
the SSP-MNIST dataset are given in the next section. The FPGA implementation and
MorphIC implementation boxes in Figure 4.2 are shown here to emphasize on the global
hardware framework.

Datasets Feature extraction Classification

STEP III: 
N-CARS

STEP I: 
SSP-MNIST

STEP II: 
N-MNIST

Conv layers FC layers

KERAS 
(learning)

Conv 
Spiking simulator 

(inference)

FPGA 
implementation 

(optional)

MorphIC 
implementation 

(optional)

KERAS 
(learning)

MorphIC 
Spiking simulator 

(inference)

Use without processing EB-to-FB conversion Weights transfer 
from KERASContinuous domain Spiking domain

MNIST
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D

Figure 4.2 – Three-step strategy overview.
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4.3 Generation of a synthetic spiking dataset: SSP-
MNIST

SSP-MNIST stands for SyntheticSPiking-MNIST and was created by applying the first
method presented in Section 2.5.1, i.e. converting the original MNIST dataset into an event
stream through digital data processing. The reader could wonder why such a dataset has
been generated whereas this method is not the best way to generate a neuromorphic
dataset. There are two mains reasons.

The first reason is that the main purpose of SSP-MNIST was to encode perfectly the
content of MNIST to a spiking rate-based dataset such that it was possible to validate
the smooth functioning of the spiking simulator developed for this work. Thereby, the
objective was not to outperform an existing spiking classification result on MNIST but
rather to use this dataset as a verification tool. Usually, a Poisson process is used to
generate spike trains based on the pixel illumination [145]. For the reason given here
above, another process for the spike generation was chosen in order not to introduce
external noise into the system. Creating this synthetic dataset gave thus the control on
the spike generator method used for the conversion. For SSP-MNIST, the number of spikes
generated for each pixel was equal to the illumination of that particular pixel, i.e. ranging
from 0 to 255 (8 bits resolution). Spike times were chosen randomly in a given time
window and for a particular time resolution as the only thing that mattered here was the
mean-rate of firing over the sample duration. Only the ON polarity was used, as shown
in Figures 4.3 and 4.4. The perfect spiking encoding of SSP-MNIST can be assessed by
observing Figure 4.3.

(a) SSP-MNIST frame-based reconstruction (b) MNIST

Figure 4.3 – (A) SSP-MNIST frame-based reconstruction by accumulation
of input spikes, for the first sample of the training set (label = 5). Accumulation time
is 100 [ms]. (B) First sample of the original MNIST training set, (label = 5).

LELEC2990 50 Pirson Thibault



4.3. Generation of a synthetic spiking dataset: SSP-MNIST

The drawback of this generation process is that it leads to both a huge number of spikes
per sample and to non-biological firing rates (e.g. ≈ 2550Hz for a 100ms time window)
as can be seen in Figure 4.4. In fact, despite the fact that SSP-MNIST has only one single
polarity, it has in average more than six times spikes per sample than N-MNIST as can
be observed in Figure 4.5. As an order of magnitude, the SSP-MNIST test set file (i.e.
104 samples) is about 8.5GB, which is quite heavy.

(a) SSP-MNIST raster plot (b) SSP-MNIST ON spikes

Figure 4.4 – (A) SSP-MNIST input spikes raster plot, for the first sample of the
training set, i.e. label = 5. (B) SSP-MNIST ON spikes, for the first sample of the
training set, i.e. label = 5 and pixel index = 269, i.e. [x, y] = [17, 9]. There are 154 ON
spikes as the value of that pixel in the original dataset is 154.

Figure 4.5 – Comparison between N-MNIST and SSP-MNIST spikes per
sample distribution, for the whole test set. MeanN−MNIST = 4158 spikes/sample,
MeanSSP−MNIST = 26492 spikes/sample.

The second reason is that SSP-MNIST was structured in the same way as the N-
CARS dataset such that the work done on this dataset could be transferred easily to
N-CARS. This includes data structure for interfaces, samples duration (i.e. 100ms) and
time resolution (i.e. 1µs) but not the 2-channels input. Even though there is absolutely
no guarantee that a powerful architecture on the SSP-MNIST dataset will reach good
classification accuracy on the N-CARS dataset, a functional architecture on the first
dataset can be used as a basis for the second one.
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4.4 Spiking simulator

Developing this tool was a major achievement of this work as this spiking simulator
produces all results presented in Chapter 5. It allows easy and straight mapping from
Keras once learning was carried out properly using dedicated scripts that we wrote. This
simulator was developed for mapping purposes and is thereby only capable of inference:
there is no learning in the spiking domain. This spiking simulator was developed based on
several assumptions and structured to integrate the already existing MorphIC Python
simulator, as explained in the next sections.

4.4.1 Assumptions

• Processing units are (A)IF neurons with reset by subtraction (not reset to zero) in
the Conv layers and (A)IF neurons with reset to zero in the FC layers (MorphIC,
[20])

• There is no delay between neurons, i.e. pseudosimultaneity or coincidence property
[37, 51]

• All the implementation is made with digital SNN implementation (i.e. mapping
1-to-1 with the spiking simulator, no unhandled noise can corrupt computations)

• Resolution of the synaptic weights for FC layers is 1 bit (MorphIC, [20])

• Resolution for the membrane potential/threshold for FC layers is 11 bits (MorphIC,
[20])

• Resolution of the synaptic weights for Conv layers is limited to: floating-point
(Rsynapses = 32 bits) and fixed-point (Rsynapses = 1− 2− 4− 8− 16− 32 bits)

• Resolution for the membrane potential for Conv layers is Rneurons = 32 bits

• Interfaces between the different parts of the simulator are considered perfect, i.e. no
delay nor data loss

• It simulates SNNs rate-based computations

• The input is required to be of the AER-form (i.e. e = [x, y, t, p])
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Figure 4.6 – Structure of the spiking simulator. All connections are not shown.

4.4.2 Structure

The spiking simulator is made up of two main parts, as sketched in Figure 4.6. The
first part is the convolution simulator (Conv sim) which is responsible for propagating
spikes from the input (spiking dataset) to the output of the Conv layers while using (A)IF
neurons and weights directly imported from Keras. All neurons in the Conv sim part
have the same model and all neurons belonging to the layer l have the same threshold
θlayerlm . The Conv sim was designed to take advantage of the sparse and repetitive con-
nections in convolution architectures. Indeed, when a spike is detected at the input of
the network, only the neurons connected to this firing input neurons are updated in the
following layer. This process is repeated until spikes reach last average pooling layer, i.e.
the last layer of the Conv part. There, spikes are queued in a vector and the next input
spike is processed. This produces the output of theConv sim part, i.e. a sequence of
neuron indexes indicating which neuron has spiked.

The second part is the MorphIC simulator (MorphIC sim) and has been originally
developed by Charlotte Frenkel with a 1-to-1 mapping with the real hardware. Even if
it was softly adapted for this work, great care was taken to conserve the 1-to-1 mapping
property. The input is a sequence of spiking neuron (actually the output of the Conv
sim part) and the output is another sequence of spiking neurons. The classification is
made according to the output neuron that spikes the most over a pre-defined period
of time (highest firing rate). Even if initially, the MorphIC simulator did not use ex-
plicitly timestamps, we have modified it such that it is possible to monitor the output
of MorphIC through time, which we called inference curves. They are used in Chapter 5.
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The simulator was designed to offer an attractive degree of adaptability. In both part
of the simulator (Conv sim and MorphIC sim), it is possible to choose which neuron
model is used for inference, i.e. either the basic IF neuron model or the adapted one. In
addition, it is also possible to choose if both polarities have to be considered or if only
the ON polarity has to be taken into account. Winner-Take-All (WTA) algorithm [146,
147] was implemented in the FC layers and can be used if needed, with a configurable
intensity. Regarding the structure of the simulator, it is limited to two successive conv-
pooling layers followed by two FC layers. However, the number of channels M and N as
well as the kernel sizes k1→4 can be modified, depending on the architecture implemented
on Keras. Obviously, the architecture of the tailored CNN has to be the same as the
SNN architecture. The weights obtained after training on Keras are stored in a pickle
file (.pkl) and directly imported in the spiking simulator. All these parameters and even
more options can be easily tuned from the main Python interface of the simulator, as
shown in the COMMANDS part of the Figure given in Appendix A.1 which gives a compre-
hensive overview of the spiking simulator architecture.

For simulations on conventional computers, each spike has to be sequentially propa-
gated through the network whereas on-chip, a massive-parallel data handling occurs [68].
Thereby, depending on both the number of spikes contained in the input dataset and
parameters of the SNN, simulations can take a huge amount of time (tens of hours...).
For that reason, a multi-cores version of the spiking simulator was developed to speed
up simulation time by a factor (roughly) equal to the number of cores Ncores: the dataset
is split and spread among the Ncores cores. Results from the different cores are finally
agglomerated to get the overall results (i.e. mean classification accuracy over the Ncores

cores, confusion matrix, vector thresholds used for the simulation, average number of
spikes in the output layer, ...). Moreover, after inference of each sample, all neurons are
reset to their resting state in order to avoid biasing the next sample inference.

In order to be able to use the results obtained with the spiking simulator, log files (logs)
are generated for each run in the form of text file (.txt) and pickle file (.pkl). They
include the detailed results of each core and the overall results which are the one of interest.

Beside the spiking simulator, other Python scripts were developed in order to generate,
convert and display neuromorphic data. All figures in this work are generated thanks to
these scripts, see Appendix A.1. All the scripts and valuable files will be made available
through the GitLab ECS (more than 30GB of files).
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Simulation results

This chapter gathers all the simulation results and discussions for the three different
datasets (i.e. SSP-MNIST, N-MNIST and N-CARS) using a similar structure for each one
(i.e. network structure, frame-based reconstructed dataset, training on Keras, thresholds
balancing, results and discussion). Considerations for hardware implementation and a
comprehensive discussion are also given at the end of this chapter.

5.1 SSP-MNIST

To understand design choices made in this section, it is fundamental to remember that the
major objective of this first step on SSP-MNIST was not to outperform state-of-the-art
classification accuracy but rather to make sure that the spiking simulator was working as
expected.

5.1.1 Network structure

As the rough structure of the network was sketched in Section 4.1, remaining parameters
M, N, k1→4 and H had to be chosen in order to fulfill both Equation (4.1) and memory
requirements. Meanwhile, obtaining sufficient performances after the training on Keras
was also an objective. Contrarily to usual machine learning problems, dealing with hard-
ware constraints sets up limitations on the network. As long as the classification accuracy
was sufficient (set arbitrarily above 98%), the structure was considered.

As SSP-MNIST is only made of ON-spikes, a single channel input was sufficient. The
chosen network structure is shown in Figure 5.1. Equation (4.1) is satisfied as 25×4×4 =
400 < MorphICfan−in and 500 + 10 + 2 = 512 ≤ MorphICcore−capacity. As explained in
Section 3.4, constraints on activation function and bias were applied for each layer. In
addition, FC layers are binary (MorphIC).
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5.1.2 Frame-based reconstructed dataset

There was no need to reconstruct a dataset for learning on Keras as SSP-MNIST was
created noiselessly from the original MNIST dataset. Consequently, the frame-based re-
constructed dataset corresponding to SSP-MNIST is precisely MNIST.

5.1.3 Training on Keras

First of all, no preprocessing was applied on MNIST. The only modification was to nor-
malize pixel intensities from a range of [0, 255] to a range of [0, 1]. Then, a validation set
was created by taking apart 10 thousand samples (∼ 16.7%) from the original training
set. It is a rigorous approach to split clearly training-validation and test set. However,
it comes at the cost of a smaller training set and thus possibly slightly poorer results.
Backpropagation algorithm was applied on the remaining part of the training set whereas
forward pass was carried out on the validation set (no learning on the validation set [148]).

By monitoring the evolution of both training accuracy and validation accuracy as shown in
Figure 5.2, any overfitting can be observed. This was not the case here. Best weights were
selected as weights leading to the best validation accuracy over all epochs. Eventually,
the test accuracy was assessed by using these best weights for inference on the test set,
leading to 98.31% . This accuracy matters as it is the metric usually used to compare
different methods and networks. Parameters used for learning are given in Table 5.1.
ADAM (Adaptive Moment Estimation) [149] optimizer was used to improve accuracy
and accelerate learning by computing adaptive learning rates for each parameters [92]. It
is based on adaptive estimates of lower-order moments (β1, β2) [149].
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Epochs Batch Size Optimizer = Adam (default values)
η β1 β2 ε

20 640 1 · 10−3 0.9 0.999 1 · 10−8

Table 5.1 – Keras parameters for MNIST dataset learning.

Figure 5.2 – SSP-MNIST learning curves obtained on Keras. Test accuracy re-
sulting of this training was 98.31%.

5.1.4 Thresholds balancing

In order to have the best mapping possible, thresholds have to be balanced as explained in
Section 3.4.3. In order to decrease drastically the degree of indetermination, all neurons
belonging to the layer l were given the same threshold θlayerlm . Indeed, as a grid search
algorithm was used, it was crucial to lower the number of degree of freedom to save
computational resources. For this network, the problem was thus to find

Θm = [1, θConv1
m , θPool1m , θConv2

m , θPool2m ]︸ ︷︷ ︸
Thresholds sub-vector for CONV layers

[1, θHiddenm , θOutputm ]︸ ︷︷ ︸
Thresholds sub-vector for FC layers

(5.1)

As subsampling layers implement averaging operation over a square kernel of size ki× ki,
weights are uniformly distributed with value θ

Pooli
m

k2
i

. Consequently, θPoolim can be set to 1.
The ′1′ at the beginning of each sub-vector means that input neurons are considered. The
thresholds vector Θm in Equation 5.1 was thus reduced to

Θm = [1, θConv1
m , 1, θConv2

m , 1][1, θHiddenm , θOutputm ]. (5.2)
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In order to reduce simulation time, a bit of intuition and insight was used. For instance,
avoiding thresholds leading to highly saturated or dead neurons while ensuring that
enough spikes can go through the convolution part of the network is an approach that
usually improved performances. It can be done by using the spiking simulator in order
to obtain θConv1→2

m such that error between the activation maps of the convolutions layers
in the tailored network and the corresponding activation maps in the spiking network
is made sufficiently small. RMSE was used as a metric to compare how close activation
maps are (i.e. how great is the mapping) as can be observed on the different sub-figures
in Figure 5.3. This approach was chosen to tune θConv1→2

m .

(a) Error Conv1 - θConv1
m = 1 (b) Error Conv2 - θConv2

m = 1

(c) Error Conv1 - θConv1
m = 8 (d) Error Conv2 - θConv2

m = 2

Figure 5.3 – Error in Conv layers. In each sub-figure, the first set of activation
maps is the output of the Conv layer on Keras. The second set is the activation maps
of the corresponding Conv layer in the spiking simulator and the last set is the difference
between the two first sets, activation map by activation map. RMSE is used as the error
metric. This was done here for the first sample of the MNIST training set (label = 5).

Only θHiddenm and θOutputm remained to be balanced. Figure 5.4 shows the behavior of the
FC layers in the spiking network for two different thresholds vectors. Following the same
reasoning as for Conv layers, activation maps of the spiking network were wanted to be
as close as possible to the ones obtained on Keras. A grid search algorithm was used
to find the best [1, θHiddenm , θOutputm ] sub-vector. It has been observed that the threshold
of neurons in the hidden layer has to be sufficiently large so that neurons can exhibit
their non-linear behavior. This was often also true for the threshold of the output layer,
but not always. However, enough spikes have to get out of the Conv layers.
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(a) Error Hidden - θHidden
m = 10 (b) Error Output - θOutput

m = 7

(c) Error Hidden - θHidden
m = 2 (d) Error Output - θOutput

m = 3

Figure 5.4 – Error in hidden and output layers. Comparison was made between
activation maps obtained on Keras and activation maps in the spiking simulator. Acti-
vation maps were normalized such that they can be compared and RMSE was used as the
error metric. Sub-figures (A) and (B) illustrate a good mapping Θm = [1, 1, 1, 1, 1][1, 10, 7]
as the error is low (RMSE = 0.03 for both layers) whereas (C) and (D) give an example
of a bad mapping Θm = [1, 1, 1, 1, 1][1, 2, 3] as activation maps are very different and error
is high (RMSE = 0.2 and 0.74 respectively). This was done here for the first sample of
the MNIST training set (label = 5).

5.1.5 Results

In previous sections, the focus was made on choosing an architecture, training properly
the tailored network and eventually balancing thresholds such that the mapping is accu-
rate. It is now time to observe how the spiking network behave from the inside and asset
its performance.

An interesting result is obviously the accuracy obtained after the inference on the spiking
test set. It was done through a majority vote using the cumulative spike count of neurons
at the output layer (highest firing rate) over a pre-defined time interval [51], usually the
whole sample duration. Consequently, the best scenario at the output would be to have
the right neuron spiking a lot more than others neurons. In other words, the bigger the
gap between the firing rate of the right neuron and the others, the better, as it means
that the network is more confident about its inference.

However, the accuracy is not the only interesting result. It was observed that a variant of
the basic IF neuron model could have a (strong) influence on the final performance. The
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methodology was not modified, only the neuron model was adapted in the SNN. Three
combinations (i.e. IF, AIF and HYBRID implementation as shown in Figure 5.5) were
investigated in the following sections.

MORPHIC SIM

CONV SIM

BASIC IF NEURON MODEL

BASIC IF NEURON MODEL

MORPHIC SIM

CONV SIM BASIC IF NEURON MODEL

MORPHIC SIM

CONV SIM

ADAPTED IF NEURON MODEL

ADAPTED IF NEURON MODEL

ADAPTED IF NEURON MODEL

1 - IF

2 - AIF

3 - HYBRID

Figure 5.5 – Three combinations of neuron models investigated with the spiking
simulator.

5.1.5.1 IF implementation (basic IF neuron model)

Figure 5.6 – Error in output layer.
Comparison between the activation map
obtained on Keras and the one ob-
tained in the spiking simulator for the
first sample of the training set (label =
5). RMSE is used as the error metric.
Θm = [1, 2, 1, 2, 1][1, 10, 1].

For this part, the basic IF model was con-
sidered, i.e. θdownm = 0 and Vresting = 0.
An accuracy surface was computed as pre-
sented in the first subplot of Figure 5.7
leading to a local optimum of 96.82% for
Θm = [1, 2, 1, 2, 1][1, 10, 1]. Using this Θm

on the full test set gave an accuracy of
96.03% . However, even if θOutputm = 1 gave
the best classification accuracy, it did not
allow neurons to integrate spikes properly
and prevented it to express their IF be-
havior. In fact, all neurons have a high
firing rate as can be observed in Figure
5.8. Moreover, the error between output activation maps increases drastically when
θOutputm = 1, as shown in Figure 5.6. Second and third best thresholds vectors were
Θm = [1, 2, 1, 2, 1][1, 8, 1] and Θm = [1, 2, 1, 2, 1][1, 12, 1] leading to 96.5% and 96.37%
on the accuracy surface and then 95.97% and 95.5% on the test set, respectively. Nev-
ertheless, θOutputm was still equal to one. Using Θm = [1, 2, 1, 2, 1][1, 10, 7] gave 92.22% on
the accuracy surface and 91.66% on the test set, which is far beyond previous results.
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Consequently, even if θOutputm = 1 seems to be a bad choice in theory, it turns out to be
the parameter leading to best classification accuracy.

(a) SSP-MNIST accuracy surface (b) SSP-MNIST confusion ma-
trix

Figure 5.7 – IF implementation. (A) SSP-MNIST accuracy surface with the
basic IF neuron model, over a grid of different combinations of hidden-output thresh-
olds. Inference was carried out on 6000 samples from the training set for each combination.
The yellow star corresponds to the highest accuracy on the surface (96.82%) which was
obtained for Θm = [1, 2, 1, 2, 1][1, 10, 1]. (B) SSP-MNIST confusion matrix, for the
best thresholds vector Θm = [1, 2, 1, 2, 1][1, 10, 1] obtained in (A), inference was carried out
on the full test set (10k samples). The resulting accuracy was 96.03%.

Inference curves given in the second subplot of Figure 5.8 are interesting to comment
the performance. Despite the fact that best classification accuracy was obtained using a
θOutputm = 1, inference curves are really close to each other during all the inference and at
the end of the inference as well (less than 1% gap regarding the total number of spikes
between the first and the second highest firing rate output neuron). A small perturbation
in the input or in the network could change the result of the classification, which is what
we want to avoid. In addition, the firing rates of output neurons are really high (e.g.
' 1500Hz).
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(a) Raster plot (b) Inference curves

Figure 5.8 – IF implementation. (A) Raster plot for the two FC layers of the network,
considering the first sample of the training set (label = 5). The sub-plot on the top is for the
hidden layer while the one on the bottom is for the output layer. Θm = [1, 2, 1, 2, 1][1, 10, 1].
(B) Inference curves, for output neurons of the first sample of the training set (label
= 5). Θm = [1, 2, 1, 2, 1][1, 10, 1].

5.1.5.2 AIF implementation (adapted IF neuron model)

For this part, the adapted IF model was considered. A similar variant was investigated in
Stromatias et al. [3]. Figure 5.9 gives the result of the grid search algorithm used to find
Θm = [1, 1, 1, 1, 1][1, 10, 7] on the training set. The resulting accuracy on the test set was
98.17% as can be seen with the confusion matrix given in Figure 5.9. It is only 0.14%
away from the accuracy obtained with the continuous network using Keras.

(a) SSP-MNIST accuracy surface (b) SSP-MNIST confusion ma-
trix

Figure 5.9 – AIF implementation. (A) SSP-MNIST accuracy surface, over a
grid of different combinations of hidden-output thresholds. Inference was carried out
on 6000 samples from the training set for each combination. The yellow star corre-
sponds to the highest accuracy on the surface (98.83%) which was obtained for Θm =
[1, 1, 1, 1, 1][1, 10, 7]. (B) SSP-MNIST confusion matrix, for the best thresholds vec-
tor Θm = [1, 1, 1, 1, 1][1, 10, 7] obtained in (A), inference was carried out on the full test
set (10k samples). The resulting accuracy was 98.17%.
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The first subplot of Figure 5.10 displays the behavior of the fifth output neuron for the two
first sample of the training set. The sub-threshold membrane behavior can be observed and
indeed the membrane potential goes below zero (as the AIF neuron model was considered).
The second subplot of Figure 5.10 gives the inference curves for all output neurons. The
(approximated) slope of each inference curve is the output mean rate of firing and in this
case, spikes coming out of the fifth neuron represent around 45% of all output spikes,
whereas spikes coming out of the third neuron (second highest rate) represent around
25% of all spikes. This is more distinct than in Figure 5.8. This could be explained by the
fact that the output threshold is higher and thanks to θdownthresh < 0 in the whole network
which allows for a more accurate conversion of the continuous-valued neurons activations
in firing rates.

(a) Membrane potentials (b) Inference curves

Figure 5.10 – AIF implementation. (A) Evolution of the membrane potential
V(t), for the fifth neuron of the output layer. The sub-plot on the top is for the first
sample of the training set (label = 5) while the one on the bottom is for the second sample
(label = 2). Θm = [1, 1, 1, 1, 1][1, 10, 7]. (B) Inference curves, for output neurons of the
first sample of the training set (label = 5). Θm = [1, 1, 1, 1, 1][1, 10, 7].

5.1.5.3 Hybrid implementation (trade-off)

The basic IF neuron model yields poorer results than the variant proposed here above
(96.03% against 98.17%). However, this increase in performances when using the hybrid
implementation has a major drawback: it cannot be mapped on MorphIC as the mem-
brane potential cannot go below 0 (the basic IF neuron model is implemented in Mor-
phIC, practical hardware constraints). To mitigate this limitation, a trade-off is possible:
using the AIF neuron model in the Conv layers and the basic IF model in the FC layers,
such that it could fit on MorphIC.

The same methodology was applied, only models in the spiking network were modified.
A local optimum of 98.87% was found for Θm = [1, 2, 1, 2, 1][1, 16, 1]. Using this Θm on
the full test set gave 98.19% of accuracy as shown in Figure 5.11, which is surprisingly
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slightly better than previous results. Indeed, poorer results were expected as the conversion
in firing rates is of lower quality. However, θOutputm was still equal to one. It happened once
again when the neuron model in MorphIC was the basic IF model with θdownm = 0
and Vresting = 0. Other Θm were also of interest as Θm = [1, 1, 1, 1, 1][1, 10, 1], Θm =
[1, 1, 1, 1, 1][1, 10, 7] and Θm = [1, 1, 1, 1, 1][1, 14, 13] leading to 98.7%, 98% and 98.72% on
the accuracy surface and then 97.99%, 97.44% and 97.79% on the test set, respectively.
Consequently, using the same Θm as in Section 5.1.5.2 led to a drop of 0.73+0.14% in the
classification accuracy whereas using the accuracy surface with the constraint θOutputm 6= 1
led to a drop of 0.38 + 0.14%. In both cases, hardware constraints are fulfill.

(a) SSP-MNIST accuracy surface (b) SSP-MNIST confusion ma-
trix

Figure 5.11 – Hybrid implementation. (A) SSP-MNIST accuracy surface, over
a grid of different combinations of hidden-output thresholds. Inference was carried out
on 6000 samples from the training set for each combination. The yellow star corre-
sponds to the highest accuracy on the surface (98.87%) which was obtained for Θm =
[1, 1, 1, 1, 1][1, 16, 1]. (B) SSP-MNIST confusion matrix, for the best thresholds vec-
tor Θm = [1, 1, 1, 1, 1][1, 16, 1] obtained in (A), inference was carried out on the full test
set (10k samples). The resulting accuracy was 98.19%.

5.1.5.4 Winner-Take-All (WTA) implementation

To enhance the separation between the inference curves at the output layer, we imple-
mented a Winner-Take-All (WTA) structure on top of the hybrid implementation. WTA
was only implemented within the output layer. Each time a neuron spiked, the membrane
potential of all other output neurons (except the inhibitory neuron) was lowered by a fac-
tor φWTA × θOutputm where φWTA was usually between 0 and 1. Further WTA simulations
were not carried out because it did not lead to valuable improvements in classification
accuracy.
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5.1.6 Discussion

The main objective of this section was to confirm that the spiking simulator is working
well, which is the case at the light of the given results. In fact, the difference between the
inference error before and after mapping can be made as small as 0.14%. Moreover, the
behavior of each spiking layer was compared with the continuous ones to ensure that the
rate-based spiking network mimics well the tailored network. Consequently, this spiking
simulator can be used with confidence.

An important result is that the ratio thresholds/weights has a crucial role on the gen-
eral behavior of the spiking network and on the final performances, as suggested in Section
3.4.3. Performances are stable for similar Θm, but they can drop drastically for other Θm

as shown in Figure 5.7. It is thereby capital to find the best Θm, or at least a relatively
good one. In addition, the influence of the neuron model was investigated and per-
formances improvements were shown on this dataset, i.e. +2.14%. A trade-off (i.e. hybrid
implementation) was proposed such that the network could be implemented in practice
while respecting hardware constraints. This has to be carried out on other datasets in
order to confirm that it is actually an improvement.

Finally, even if the objective was not to surpass state-of-the-art accuracy, this approach
led to decent performances when compared to reported best accuracies of different
approaches, as shown in Figure 5.12. However, SSP-MNIST is not exactly the same spik-
ing dataset as the one used in those approaches. In fact, they usually used a Poisson
spike generator. Nevertheless, they usually did not have any constraints on the resolu-
tion of thresholds and synapses or on the number of neurons, leading to difficulties for
fair comparison. Moreover, the performance obtained for this dataset might not be the
best performances achievable with that network. In fact, there is no guarantee that the
operating point is a global optimum. The accuracy surfaces in Figures 5.7 and 5.9 were
computed for a pre-defined convolution thresholds sub-vector so it might lead to a local
optimum. Although the error can be made really small both in the Conv and FC parts,
an important question arises: is it possible to reach perfect mapping, i.e. no error at all
between activation maps? In other words, does it exist a thresholds vector Θm−optimum

leading to global optimum such that the spiking network behaves exactly as the continu-
ous one ? Using a proper optimization formalism (threshold balancing algorithm) with a
cost function should solve that issue or at least, help sketching an answer.
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*: Spiking dataset has not been generated with Poisson spike train generator. Network is subject to hardware constraints.

Figure 5.12 – MNIST reported accuracies for spiking networks. BEST ANN =
best accuracy reported for ANN network, FC = Fully Connected, BP = Backpropagation,
OFF = Offline training (conversion or hardware), CONV = Convolution, TEMPO =
Tempotron, RBM = Restricted Boltzmann Machines, DBN = Deep Belief Network. Data
compiled from [71] and [4, 47, 92, 123, 150]. The classification accuracy for the three
combinations (IF, AIF and HYBRID implementation) proposed in this section are given.
The continuous-valued CNN classification accuracy is also shown in order to compare the
classification accuracy before and after mapping.
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5.2 N-MNIST

5.2.1 Network structure

As N-MNIST is not a framed-based dataset and because a mapping approach was chosen,
it was needed to get a relevant dataset (as close as possible to N-MNIST) in order to train
the tailored network. Thereby, there were mainly two ways to proceed: either re-using
weights obtained from the MNIST training (as N-MNIST was produced directly from this
dataset) or training a new network with a reconstructed frame-based dataset. Both ideas
are investigated and discussed in this chapter.

Regarding the first simulation (i.e. re-using weights obtained from the MNIST training),
there was no need to reconstruct a dataset to train a tailored CNN as weights were used
without any modification from Section 5.1. Nevertheless, it has a significant drawback:
it requires to have exactly the same architecture as the one used for SSP-MNIST. That
is the reason why N-MNIST was cropped to a 28x28 shape instead of 34x34.
Consequently, the architecture was the same as the one used for SSP-MNIST, as shown in
Figure 5.13. The only difference was the number of input channels: only the ON-channel
was used for this first simulation (as there is only weights available for the ON channel
because SSP-MNIST has a single channel input).
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Figure 5.13 – Network structure used for N-MNIST. All connections are not shown.

In order to be able to compare performances improvements due to training with a re-
constructed dataset, the same network architecture was used for the second simulation,
except for the input that have to handle 2 channels, as shown in Figure 5.13. Once again,
it appears clearly why the original N-MNIST dataset was cropped.
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5.2.2 Frame-based reconstructed dataset

The reconstruction method followed the approach described in Section 3.4.2 and was
applied to the cropped version of N-MNIST. Figure 5.14 exhibits how the five first samples
of the N-MNIST test set (spiking) were converted to several corresponding frame-based
images (non-spiking) by applying the reconstruction approach over multiple ac-
cumulation windows. The purpose of this temporal multi-scale reconstruction was to
capture more dynamics of the spiking dataset. How to choose the duration dt and the
position of the different accumulation windows within the whole sample duration was an
important question that we attempted to address in this section.

Despite it was not the result of any optimization, six accumulation windows were
chosen (e.g. 20, 50, 80, 120, 175 and 250ms) to capture several dynamics behaviors of this
dataset. For each sample, the positions of accumulation windows were randomly
chosen within the available time for that sample. It was motivated by the willingness
to develop a method that generalizes well. This particular process was repeated for
all the training and test samples to finally get the frame-based reconstructed dataset.
Consequently, the training set of this reconstructed N-MNIST dataset includes now 6 ×
60k = 360k samples and the test set includes 6× 10k = 60k samples. It could be seen as
data augmentation but the objective was more to capture a part of the dynamics inherent
to this dataset rather than increasing the number of samples in the dataset.

Figure 5.14 – N-MNIST frame-based reconstructed dataset. The samples shown
here are the five first samples of the N-MNIST test set (one per column). Each row corre-
sponds to a different accumulation time (ACCU) as indicated on the left axis. Each image
was normalized as explained in Section 3.4.2.
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5.2.3 Training on Keras

Unlike MNIST, some preprocessing was applied on N-MNIST as explained in Section
2.5.3. The only modification was to crop the original N-MNIST dataset from a 34x34 in-
put shape to a 28x28. Then, a frame-based version of the dataset was created in order to
train the network on Keras. As for MNIST, a validation set was created by taking apart
60 thousand samples (∼ 16.7%) from the reconstructed training set. The reconstructed
training set was shuffled before the validation split in order to prevent the validation set
to be composed only with samples reconstructed with large accumulation windows, which
would not be representative. In fact, the validation set on Keras is created with the
last samples of the dataset [148]. Backpropagation algorithm was applied on the remain-
ing part of the training set whereas forward pass was carried out on the validation set
(no learning on the validation set [148]). As the input is split in two different channels
(ON/OFF polarities), two independent banks of filters were used for kernels in the first
Conv layer.

By monitoring the evolution of both training accuracy and validation accuracy as shown in
Figure 5.15, any overfitting can be observed. This was not the case here. Best weights were
selected as weights leading to the best validation accuracy over all epochs. Eventually, the
test accuracy was assessed by using these best weights for inference on the test set. The
resulting classification accuracy was 96.92% . Parameters used for learning were the same
as the ones used for MNIST, Section 5.1.3. The main difference with this learning method
is that weights depends on the input dataset which is defined by the chosen reconstruction
method, Sections 3.4.2 and 5.2.2.

Figure 5.15 – N-MNIST learning curves obtained on Keras. Test accuracy re-
sulting of this training was 96.92%.
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5.2.4 Thresholds balancing

Similarly to the threshold balancing approach for SSP-MNIST, the objective is to find Θm

leading to the best classification accuracy. Applying the same simplifications as before to
Equation (5.1), Θm is reduced to the form given in Equation (5.2).

However, the approach to find θConv1→2
m was different as there is spatial dynamics in

the input dataset. In fact, handwritten digits are moving around which was not the case
with the static SSP-MNIST dataset. When comparing activation maps in the spiking sim-
ulator and continuous activation maps as shown in Figure 5.16 with an experienced eye,
some resemblances can still be observed: spiking activation maps look often like blurry
version of the continuous ones but it cannot really be used to find accurate θConv1→2

m .
One solution to get net activation maps could be to accumulate spikes on shorter period
of time within spiking layers but still, as convolution kernels apply on input with very
different spatial dynamics (static versus mobile), the output behavior will be different.
θConv1→2
m were set such that a reasonable number of spikes was propagated through Conv
layers. It was carried out by inspection using the spiking simulator. Once again, a proper
threshold balancing algorithm would be much appreciated and more formal.

In deeper layers however, invariant spatial features were progressively extracted and
it was easier to compare activation maps for the FC layers, as shown in subplots (E) and
(F) in Figure 5.16. The effect of threshold balancing can be observed by comparing
these two activation maps with the ones resulting of a bad threshold balancing as shown
in Figure 5.17. The RMSE increased from 0.08[/] to 0.26[/] for the hidden layer and
from 0.13[/] to 0.77[/] for the output layer. All Figures generated in this section rely
on simulations based on the hybrid implementation but the behavior was similar for the
others models. Another way to observe the influence of the threshold balancing
is using the inference curves at the output of the last FC layer of MorphIC, as shown
in Figures 5.18 and 5.19. It can be observed that for a bad threshold balancing, the right
output neuron had (never) the highest number of spikes or at least, not at the end of the
inference. However, that is what matters as the firing rate of the neuron is approximated
by the number of spikes over the simulation time. In the case of N-MNIST, an interesting
phenomenon appears: the three saccades can be observed during the inference. In fact, the
firing rate of the neuron can be (really) different from one saccade to the other and it is
significantly larger during saccades as valuable information is going through the network.
The best scenario would be that the right neuron maintains its inference curve above all
the others, as far as possible from them, ensuring a right classification even before the
end of the sample duration. It happened that the right neuron had its inference curve

LELEC2990 70 Pirson Thibault



5.2. N-MNIST

below the others at the beginning of the inference and then the firing rate of that neuron
increased rapidly during a saccade, which boosted its inference curve leading eventually
to the right classification. This happen in the second subplot of Figure 5.18 and 5.19.

(a) Error Conv1 (b) Error Pool1

(c) Error Conv2 (d) Error Pool2

(e) Error Hidden (f) Error Output

Figure 5.16 – Error in Conv and FC layers. In each sub-figure, the first set of
activation maps is the output of the layer on Keras. The second set is the activation
maps of the corresponding layer in the spiking simulator and the last set is the difference
between the two first sets, activation map by activation map. RMSE is used as the error
metric. This was done here for the first sample of the MNIST training set (label = 5).
Θm = [1, 0.5, 1, 0.5, 1][1, 10, 10].
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(a) Error Hidden (b) Error Output

Figure 5.17 – Error in FC layers due to bad threshold balancing. RMSE is
used as the error metric. This was done here for the first sample of the MNIST training
set (label = 5). Θm = [1, 0.5, 1, 0.5, 1][1, 2, 4].

(a) (b)

Figure 5.18 – Comparison between inference curves for different threshold
balancing for the first sample of the training set (label = 5). (A) Bad threshold balancing,
Θm = [1, 0.5, 1, 0.5, 1][1, 2, 4]. (B) Good threshold balancing, Θm = [1, 0.5, 1, 0.5, 1][1, 8, 4].

(a) (b)

Figure 5.19 – Comparison between inference curves for different thresh-
old balancing for the fourth sample of the training set (label = 9). (A) Bad thresh-
old balancing, Θm = [1, 0.5, 1, 0.5, 1][1, 2, 4]. (B) Good threshold balancing, Θm =
[1, 0.5, 1, 0.5, 1][1, 8, 4].

5.2.5 Results

This section presents results obtained on N-MNIST. It is organized similarly as the SSP-
MNIST results, Section 5.1.5 except for the next section that focuses on re-using SSP-
MNIST weights.
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5.2.5.1 Inference using the MNIST weights and the hybrid implementation
(trade-off)

For this first simulation (i.e. re-using weights obtained from the MNIST training), the
architecture of the network that performed inference on N-MNIST was exactly the same
as the one used for SSP-MNIST. A single input channel (ON channel) was considered
and weights were imported without any modification from the MNIST training, Section
5.1.3. Only the hybrid implementation was considered. The aim of this simulation was
to understand if weights that had not been trained with noise and dynamics could still
lead to reasonable performances.

As can be observed in the first subplot of Figure 5.20, the classification accuracy for 600
samples of the training set was about 50% for several Θm = [1, 0.25, 1, 0.5, 1][1, 16 →
19, 2 → 13]. Although 50% is obviously not a good classification accuracy for N-MNIST
(chance level is at 10% classification accuracy), it proved that the spiking network was
able to recognize samples (some better than others e.g. labels = 1, 2, 3, 5, 6 and 7 as
given in the second subplot of Figure 5.20) even if the weights used for the inference had
not been trained using N-MNIST. Clearly, N-MNIST information is close to MNIST even
if the encoding is different [87] which could certainly explain the potential of MNIST
weights to classify N-MNIST samples. However, this is far from sufficient: polarity, noise
and scene dynamics have to be considered. This is investigated in the next sections.

(a) N-MNIST accuracy surface (b) N-MNIST confusion matrix

Figure 5.20 – Inference using the MNIST weights and the hybrid implementation (trade-
off). (A)N-MNIST accuracy surface, over a grid of different combinations of hidden-
output thresholds. Inference was carried out on 600 samples from the training set for each
combination. The yellow star corresponds to the highest accuracy 55.5% on the surface
which was obtained for Θm = [1, 0.25, 1, 0.5, 1][1, 18, 13]. (B) N-MNIST confusion
matrix, for the best thresholds vector Θm = [1, 0.25, 1, 0.5, 1][1, 18, 13] obtained in (A),
inference was carried out on the full test set. The resulting accuracy was 51.2%.
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5.2.5.2 IF implementation (basic IF neuron model)

Figure 5.21 shows how Θm = [1, 0.5, 1, 0.5, 1][1, 18, 1] was chosen and the resulting classi-
fication accuracy of 81.25% . This is clearly better than 50% obtained with SSP-MNIST
weights. However, it is about fifteen percent less than the accuracy obtained with the
tailored CNN on Keras, i.e. 96.92%. As low output thresholds gave good results on SSP-
MNIST, inference on the full test set was carried out using Θm = [1, 0.5, 1, 0.5, 1][1, 18, 1].
It achieved 86.53% classification accuracy which is about five percent more than what
was obtained with Θm = [1, 0.5, 1, 0.5, 1][1, 18, 6]. Yet, the mapping is not satisfying.

(a) N-MNIST accuracy surface (b) N-MNIST confusion matrix

Figure 5.21 – IF implementation. (A) N-MNIST accuracy surface, over a grid of
different combinations of hidden-output thresholds. Inference was carried out on 6000 sam-
ples from the training set for each combination. The yellow stars correspond to the highest
accuracy 81.20% on the surface which was obtained for Θm = [1, 0.5, 1, 0.5, 1][1, 18, 6] and
Θm = [1, 0.5, 1, 0.5, 1][1, 8, 7]. (B) N-MNIST confusion matrix, for the best thresholds
vector Θm = [1, 0.5, 1, 0.5, 1][1, 18, 6] obtained in (A), inference was carried out on the full
test set. The resulting accuracy was 81.25%.

5.2.5.3 AIF implementation (adapted IF neuron model)

Using the adapted IF neuron model in all layers boosted the quality of the mapping as
presented in Figure 5.22. The classification accuracy obtained after inference in the spiking
domain on the full test set was 96.92% , which is the same score as its continuous-
valued counterpart. In order to observe if the accuracy was similar when using different
Θm located in a zone of the grid leading also to good classification accuracy, inference on
the full test set was performed with several Θm as shown in Figure 5.23. The change in
performance is within 1% which suggests stability around the chosen Θm, i.e. a certain
form of robustness to parameter variation.
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(a) N-MNIST accuracy surface (b) N-MNIST confusion matrix

Figure 5.22 – AIF implementation. (A) N-MNIST accuracy surface, over a grid of
different combinations of hidden-output thresholds. Inference was carried out on 6000 sam-
ples from the training set for each combination. The yellow stars correspond to the highest
accuracy 97.15% on the surface which was obtained for Θm = [1, 0.5, 1, 0.5, 1][1, 8, 1] and
Θm = [1, 0.5, 1, 0.5, 1][1, 8, 7]. (B) N-MNIST confusion matrix, for the best thresholds
vector Θm = [1, 0.5, 1, 0.5, 1][1, 8, 1] obtained in (A), inference was carried out on the full
test set. The resulting accuracy was 96.92%.

Figure 5.23 – AIF implementation. Classification accuracy on the full test set for
similar Θm. Brief analysis of the robustness to parameter variation.

5.2.5.4 Hybrid implementation (trade-off)

The hybrid implementation led to almost negligible loss of performance (i.e. 96.83% ) but
ensures a possible hardware implementation as explained in Section 5.1.5.3. The behavior
observed for SSP-MNIST was confirmed with N-MNIST.
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(a) N-MNIST accuracy surface (b) N-MNIST confusion matrix

Figure 5.24 – Hybrid implementation. (A) N-MNIST accuracy surface, over a
grid of different combinations of hidden-output thresholds. Inference was carried out
on 2000 samples from the training set for each combination. The yellow star corre-
sponds to the highest accuracy 97.20% on the surface which was obtained for Θm =
[1, 0.5, 1, 0.5, 1][1, 18, 1]. (B) N-MNIST confusion matrix, for the best thresholds vec-
tor Θm = [1, 0.5, 1, 0.5, 1][1, 18, 1] obtained in (A), inference was carried out on the full
test set. The resulting accuracy was 96.83%.

5.2.5.5 Accuracy-Latency trade-off in SNNs

Another interesting phenomenon appears when tuning thresholds. Generally, high thresh-
olds help to improve accuracy at the cost of a higher latency, because neurons
integrate more spikes before reporting the detection of a feature. Indeed, the higher the
threshold, the more time needed for a neuron to fire. However, high input rates are usually
needed such that enough spikes can be propagated through the network. On the contrary,
if short latencies are important, low thresholds lead to response after only a few input
spikes [4, 11]. In addition, the number of spikes generated within the network is
related to the input firing rate and to the thresholds values: it increases with
higher input rates whereas it decreases with increasing thresholds (weights are considered
static). These relations can be observed in Figure 5.25 for the output layer.
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Propagation delay

(a) Θm−1

Propagation 
delay

(b) Θm−2

Propagation delay

(c) Θm−3

Figure 5.25 – Accuracy-latency trade-off highlighted by inference curves for
the hybrid implementation. It was carried out for three different Θm in order to
highlight the latency introduced due to higher thresholds. Θm−1 = [1, 1, 1, 1, 1][1, 6, 1],
Θm−2 = [1, 0.5, 1, 0.5, 1][1, 6, 1], Θm−3 = [1, 0.5, 1, 0.5, 1][1, 28, 7]. The histogram in the
background of the subplot (B) can also be observed in Figure 2.19 and allows to observe
the three saccades and the corresponding inference. The histogram is given without scale,
just to outline the distribution of spikes through time in order to make the link between
the spikes distribution and the inference curves.
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If latency is low, it is possible to classify samples after only few input spikes, mean-
ing that a consistent output is already available even if computations are not completely
done. Classifying samples after only a few spikes requires that inference curves are avail-
able and easy to dissociate since the first spikes. Accuracy is however usually lowered as
thresholding the number of input spikes is similar to a quantization of the input (loss of
information). The influence of thresholding the input number of spikes on the classifica-
tion accuracy is given in Figure 5.26. It also shows the influence on the simulation time
needed to run the inference on the multi-cores spiking simulator (Ncores = 25). This con-
firms that SNNs have the opportunity to trade off classification error rate against
the number of spikes in the network [11], i.e. the number of operations. This is a
really attractive property, especially for low-power applications. For instance, considering
only 37% (i.e. 3000 spikes) of the maximum number of spikes (i.e. 8122 spikes) led to
a drop of only 1.05% in the classification accuracy whereas simulation runs about 34%
faster. A similar analysis could be done when truncating the input with respect to time
(i.e. only considering a fraction of the sample duration) which would be interesting from
a real-time processing point of view.

Figure 5.26 – Influence of input thresholding on the classification accuracy.
This was done with the hybrid implementation on the full test set (10k samples). The
gray histogram in the background represents the spikes per sample distribution obtained in
Figure 2.18. Simulations are run with Ncores = 25. Mean = 4117 spikes/sample.
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5.2.6 Discussion

A critical development achieved with N-MNIST was the modification of the spiking
simulator in order to account for the polarity. This intermediate step between
SSP-MNIST and N-CARS has brought more information about how to account for the
ON/OFF polarity inherent to neuromorphic datasets. Two independent channels can be
used at the input, i.e. one for each polarity, and the first convolution layer process both
simultaneously with two independant filters/kernels banks. This means that two channels
images have to be reconstructed as well to train the tailored network. It is similar to RGB
images (tri-channels) from a structural point of view.

Figure 5.27 – Space-time repre-
sentation of N-MNIST. 12th training
sample, label = 3.

Another achievement was to under-
stand how to embed a part of the dy-
namics present in the event-based dataset
to its frame-based counterpart. Obviously,
some information is lost when converting
the dataset. However, analyzing the infer-
ence curves at the output of the network
suggest that the spiking network is able
to detect features on a very small pe-
riod of time as well as generalizing invariant features on a longer period of
time. Using convolutions allows to discard isolated noisy pixels as they do not have a
high contribution in the convolution. Activation maps in the Conv layers have emphasized
what is happening within the network due to movements in the input: they look like a
blurry version of what is expected over a short period of time. This could be explained
by the fact that if a pattern is spotted in the input at a particular time, i.e. a group of
neurons fire in a convolution map, this is likely that an adjacent group of neurons will fire
just after if the pattern has moved a bit in the input, which is exactly what happens with
N-MNIST due to the continuous and repeated saccades as shown in the spatio-temporal
representation given in Figure 5.27. This scenario is similar to cases where RNNs [120,
46, 2] are used in conventional machine learning.

In addition, inference curves provide an interesting tool in order to study the influence
of threshold balancing on classification accuracy performance. There is no doubt
that this balancing step is critical in the mapping approach: using a bad threshold/weights
ratio leads de facto to poor classification accuracy. However, even if it has been stated
that the higher threshold, the better the capacity for the neuron to differentiate between
inputs, simulation results came up with a surprising result: the threshold of the output
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layer was often 1 when the basic IF neuron model was used in MorphIC, meaning that
the neuron spiked as soon as it received a spike (as the weight are binary on MorphIC).
This behavior leads to an important number of spikes at the output, which is not in-
teresting from a energy consumption point of view. The number of spikes at the output
can be consequently reduced (at least one order of magnitude) by choosing a Θm with
higher output thresholds while affecting moderately the classification accuracy (usually
within 5%): this is an interesting trade-off as it could allow to save power in
practice. Moreover, the ability of SNN to trade-off classification error rate against
the number of spikes in the network is also a very appealing property for low-power
applications.

Finally, the achieved classification accuracy confirms that this method is working
on the chosen architecture and with the above-mentioned constraints. It seems that our
method performs even better than some other convolution mapping approaches that use
bigger networks (three alternating layers of convolution with eights channels and 5x5
kernels followed by max-pooling, which were then followed by a FC layer of 256 neurons
and finally a FC layer with 10 output neurons) [120] and roughly as good as Phased-
LSTM networks [120], in terms of accuracy. However, it is still difficult to explain why
performance are so little affected by using the basic IF model in the FC layers whereas it
affects substantially the performance when it is used in the Conv layers.

*: Cropped version (28x28) of the original N-MNIST dataset (34x34). Network is subject to hardware constraints.

Figure 5.28 – N-MNIST reported accuracies for spiking networks. BEST ANN =
best accuracy reported for ANN network, FC = Fully Connected, BP = Backpropagation,
OFF = Offline training (conversion or hardware), CONV = Convolution. Data compiled
in [71] and [31, 87, 92, 120]. The classification accuracy of the IF, AIF and HYBRID
implementations are given alongside the one of the continuous-valued CNN.
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5.3 N-CARS

5.3.1 Network structure

As for the previous datasets, the rough structure of the network was sketched in Section
4.1. Similarly, parameters M, N, k1→4 and H had to be chosen in order to fulfill both
Equation (4.1) and memory requirements.

The input shape is bigger than for previous datasets (2000 pixels vs. 784 pixels, i.e.
+155%). Therefore, using the same structure as before would result in violating Equation
(4.1) as 25× 7× 9 = 1575 > MorphICfan−in. In order to decrease the number of neurons
in the last pooling layer, the number of convolution-pooling layers could be increased
but this solution was rejected for two reasons: the spiking simulator can only handle
2 successive layers of convolutions-pooling and the focus is made on reasonably shallow
network (not too deep). Thereby, only the size of the kernels and the number
of channels can be modified. Using M = 16, N = 40, and k3 = 4 instead of 2 gives
40× 4× 3 = 480 < MorphICfan−in. The resulting network structure is shown in Figure
5.29. The hardware constraints are the same as previously.
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Figure 5.29 – Network structure used for N-CARS. All connections are not shown.
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5.3.2 Frame-based reconstructed dataset

The approach for the reconstruction of the dataset was the same as for N-MNIST, except
for the number and duration of the accumulation windows. For N-NCARS, three accumu-
lation periods (e.g. 10, 50, 100ms) were chosen by inspection of the dataset. Consequently,
the training set of this reconstructed N-CARS dataset gathers 3×14650 = 43950 samples
and the test set includes 3 × 8607 = 25821 samples. The reconstruction of the five first
samples of the training set are given in Figure 5.30.

Figure 5.30 – N-CARS frame-based reconstructed dataset. The samples shown
here are the five first samples of the N-CARS test set (one per column). Each row corre-
sponds to a different accumulation time (ACCU) as indicated.

5.3.3 Training on Keras

The same approach as previously was applied regarding the offline training of the weights.
As for the two previous datasets, a validation set was created by taking apart 8790 train-
ing samples (∼ 20%) from the reconstructed training set (chosen randomly). The recon-
structed training set was also shuffled before the validation split. However in this case,
overfitting was observed as shown in Figure 5.31 andmust be avoided. It was achieved
by using dropout regularization technique [4, 49, 63] in the two FC layers in order to
improve the robustness of the network [4]. Usually, the dropout method is used with a
parameter of 0.5, meaning that half of the connections in the layer are randomly turned
off at each training step [4, 63]. However, it has been demonstrated that dropout slows
down the learning process [63]. Consequently, we chose a value of 0.3, which is a trade-off
solution i.e. 30% of the units are randomly dropped at each iteration. The effectiveness of
the dropout technique was clearly demonstrated in Figure 5.32. This never happened for
the two previous datasets. It could be explained by the larger network architecture and
the smaller dataset.
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Figure 5.31 – N-CARS learning curves: presence of overfitting.

Figure 5.32 – N-CARS learning curves, without overfitting. Dropout (0.3) was
applied. Test accuracy resulting of this training was 87.2%.

Best weights were selected as weights leading to the best validation accuracy over all
epochs, as for the two other datasets. Eventually, the test accuracy was assessed by using
these best weights for inference on the test set, leading to a classification accuracy of
87.2% . Parameters used for learning are given in Table 5.2.

Epochs Batch Size Regularization Optimizer = Adam
η β1 β2 ε

20 100 Dropout (0.3) 1 · 10−3 0.9 0.999 1 · 10−8

Table 5.2 – Keras parameters for N-CARS reconstructed dataset learning
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5.3.4 Thresholds balancing

The approach was the same as previously even though the limited resolution of the dataset
made the comparison between the continuous network and its spiking counterpart less
obvious. First Conv-Avg layers underwent the same issue as for N-MNIST. In the last
Conv-Avg layers, it was difficult to find convincing similarities. It was a bit easier in the
hidden layers, as shown in subplots (C) and (D) in Figure 5.33.

(a) Error Avg1 - Θm−1 and Θm−2 (b) Error Avg2 - Θm−1 and Θm−2

(c) Error Hidden - Θm−1 (d) Error Hidden - Θm−2

(e) Inference curves - Θm−1 (f) Inference curves - Θm−2

Figure 5.33 – Error in Conv and FC layers. In each sub-figure, the first set of
activation maps is the output of the layer on Keras. The second set is the activation
maps of the corresponding layer in the spiking simulator and the last set is the difference
between the two first sets, activation map by activation map. RMSE is used as the error
metric. This was done here for the third sample of the N-CARS training set (label = 1).
Only the hybrid implementation was considered with Θm−1 = [1, 0.25, 1, 0.5, 1][1, 8, 1] and
Θm−2 = [1, 0.25, 1, 0.5, 1][1, 10, 5].
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5.3.5 Results

This section presents results obtained on N-CARS. It is organized similarly as the SSP-
MNIST results, Section 5.1.5. As this datasets offers a binary classification challenge, the
chance level corresponds to 50% classification accuracy whereas it was at 10% for the two
previous handwritten datasets.

5.3.5.1 IF implementation (basic IF neuron model)

This simulation was the first step in the N-CARS inference. The same methodology
as for the other datasets was carried out. The threshold vector Θm = [1, 0.5, 1, 0.5, 1][1, 20, 4]
was the best Θm over the grid search presented in the first subplot of Figure 5.34, leading
to 68.71% classification accuracy. Despite it is above chance level, it is far from the per-
formance of the continuous-valued tailored network. In addition, there are more mistakes
at classifying cars as backgrounds than the contrary, as shown in the confusion matrix
given in the subplot (B) of Figure 5.34. The basic IF neuron model led to similar results
(i.e. bad mapping) in previous simulations. It is worth noting that for the first time, the
thresholds vector Θm leading to the best classification accuracy satisfy θOutputm 6= 1 whereas
MorphIC uses the basic IF neuron model.

(a) N-CARS accuracy surface (b) N-CARS confusion matrix

Figure 5.34 – IF implementation. (A) N-CARS accuracy surface, over a grid of
different combinations of hidden-output thresholds. Inference was carried out on 300 sam-
ples from the training set for each combination. The yellow star corresponds to the highest
accuracy 77% on the surface which was obtained for Θm = [1, 0.5, 1, 0.5, 1][1, 20, 4]. (B) N-
CARS confusion matrix, for the best thresholds vector Θm = [1, 0.5, 1, 0.5, 1][1, 20, 4]
obtained in (A), inference was carried out on the full test set. The resulting accuracy was
68.71%.
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5.3.5.2 AIF implementation (adapted IF neuron model)

As observed for the handwritten datasets, using the adapted IF neuron model led to a
sharp increase in mapping quality and performance, as shown in Figure 5.35. Choosing
Θm = [1, 0.25, 1, 0.5, 1][1, 5, 19] for carrying spiking inference on the full test set gave
82.25% classification accuracy. For the first time, the gap between the SNN and
its continuous-valued counterpart cannot be filled.

(a) N-CARS accuracy surface (b) N-CARS confusion matrix

Figure 5.35 – AIF implementation. (A) N-CARS accuracy surface, over a
grid of different combinations of hidden-output thresholds. Inference was carried out
on 300 samples from the training set for each combination. The yellow star corre-
sponds to the highest accuracy 92% on the surface which was obtained for Θm =
[1, 0.25, 1, 0.5, 1][1, 5, 19]. (B) N-CARS confusion matrix, for the best thresholds vec-
tor Θm = [1, 0.25, 1, 0.5, 1][1, 5, 19] obtained in (A), inference was carried out on the full
test set. The resulting accuracy was 82.25%.

5.3.5.3 Hybrid implementation (trade-off)

The hybrid implementation led again to almost negligible loss of performance (i.e. 81.97% ,
Figure 5.36) but ensures a possible hardware implementation.

The impact of thresholding the input number of spikes was also investigated and
the result is given in Figure 5.37. Truncating the input to 3000 spikes (i.e. 30% of the
maximum number of spikes) can be considered without causing a significant drop (i.e.
1.5%) in the classification accuracy. This allows to decrease the simulation time of about
60% and also the number of spikes in the network which is related to energy consumption.
Furthermore, this demonstrates again that classification can be performed using a
restricted number of input spikes and within a shorter time interval. The accuracy-
latency trade-off is again well illustrated in Figure 5.37.
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(a) N-CARS accuracy surface (b) N-CARS confusion matrix

Figure 5.36 – Hybrid implementation. (A)N-CARS accuracy surface, over a grid of
different combinations of hidden-output thresholds. Inference was carried out on 300 sam-
ples from the training set for each combination. The yellow stars correspond to the highest
accuracies 90.33% on the surface which was obtained for Θm = [1, 0.25, 1, 0.5, 1][1, 8, 1] and
Θm = [1, 0.25, 1, 0.5, 1][1, 8, 4]. (B) N-CARS confusion matrix, for the best thresholds
vector Θm = [1, 0.25, 1, 0.5, 1][1, 8, 1] obtained in (A), inference was carried out on the full
test set. The resulting accuracy was 81.97%.

Figure 5.37 – Influence of input thresholding on the classification accuracy.
This was done with the hybrid implementation on the full test set (14650k samples). The
gray histogram in the background represents the spikes per sample distribution obtained in
Figure 2.22. Simulations are run with Ncores = 25. Mean = 6139 spikes/sample.
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5.3.6 Discussion

Applying our method on N-CARS was the last step of the process proposed in this
thesis. The same approach as for the two previous datasets was carried out. However, it
was the first for which overfitting occurred clearly during the training of the tailored net-
work. We think it could be explained by the fact that the network was expanded whereas
the number of training samples is smaller, leading to overfitting. Using the dropout tech-
nique as regularization solved this issue.

Even if the resulting classification accuracy was satisfying (i.e. 81.97%), it was the first
time that such a big performance gap was present at the end of the mapping process,
i.e. about 5% mismatch. We suppose that it is related to the more complex nature of
N-CARS which has a real-world dynamics. That was not the case for SSP-MNIST or N-
MNIST. Consequently, dynamics beyond ideal mean-rate modelling cannot be embedded
for training the continuous tailored network, possibly leading to mis-classification when
back to the spiking domain. Another reason could be that the tailored network "boosts"
its performance using the images reconstructed with big accumulation windows which are
more difficult to detect in the spiking domain as it needs a longer integration time.

Regarding the structure of the network, improvements could be made. Indeed, as there
are fewer output neurons compare to MNIST dataset, H could be set to 512−2−2 = 508
instead of 500 (i.e. +1.6% neurons in the hidden layer). However, it would probably not
have a significant impact on the final classification accuracy.

Finally, we have demonstrated that our method was working on N-CARS, leading
to a classification accuracy of 81.97%. This was the first time that this kind of approach
was used on N-CARS, to the best of our knowledge. This result can be compared to state-
of-the-art results on N-CARS in order to have a global view of current performance on
this dataset, even though the method presented in this work is constrained by hardware
limitations and uses the UCLouvain version of the dataset. Our mapping approach gave
better results (up to 82%) than the FC network proposed by Prophesee and trained
with spiking backpropagation (about 75%). However, their network architecture (4000-
100-2) was really smaller than the one presented in this work. Our method also performs
slightly better than the Gabor-SNN approach (78.9%) presented in [31] which however
also uses a smaller network. However, the ConvNet proposed by Prophesee and trained
with spiking backpropagation reaches 95.5% classification accuracy which is far better
than our method whereas they use a bigger network, i.e. two Conv layers (with 20 and
50 channels respectively) followed by two FC layers with 500 and 2 neurons, respectively.

LELEC2990 88 Pirson Thibault



5.3. N-CARS

*: UClouvain version of the original N-CARS dataset. Network is subject to hardware constraints.
°: Results not published but kindly shared by a member of Prophesee.

Figure 5.38 – N-CARS reported accuracies for spiking networks. BEST ANN =
best accuracy reported for ANN network, FC = Fully Connected, BP = Backpropagation,
GABOR-SNN = Gabor [151, 152, 153, 154] filters for Conv layers followed by SNN
training with BP. Data compiled in [30, 31, 39]. The classification accuracy for the three
combinations (IF, AIF and HYBRID implementation) proposed in this section are given.
The continuous-valued CNN classification accuracy is also shown in order to compare the
classification accuracy before and after mapping.
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5.4 Hardware implementation: careful considerations

This section aims at presenting considerations regarding the potential hardware imple-
mentation of the proposed solution. This focus on results obtained with the hybrid imple-
mentation, i.e. adapted IF neuron model in the Conv layers and basic IF neuron model
in MorphIC.

5.4.1 Resources distribution

In a ConvNet architecture, the majority of neurons is usually located in the Conv layers
as multiple channels are needed to extract several features. However, most of the synaptic
weights are located in the FC part of the network. Indeed, this can be observed in Figure
5.39 for both N-MNIST and N-CARS network: more than 95% of neurons are located in
the Conv layers whereas roughly 95% of synaptic weights are in the FC layers.

(a) N-MNIST resources

(b) N-CARS resources

Figure 5.39 – Hardware resources needed by neural networks proposed in this work
for (A) N-MNIST and (B) N-CARS.
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5.4.2 Influence of the weights quantization on the classification
accuracy

In order to reduce the memory footprint of the proposed networks, we investigated the
influence of the weights quantization on the classification accuracy. As the resolution of
neurons and synapses cannot be modified on MorphIC, the analysis was carried out only
on the Conv part of the network. Synaptic weights were quantized to different fixed-
point resolution (e.g. 1, 2, 4, 8, 16 and 32 bits) and the inference was then performed with-
out any intermediate threshold balancing. This was done for both N-MNIST and N-CARS
test set with respective networks and thresholds vector Θm found in previous sections.
Figure 5.40 presents the results of this investigation for the hybrid implementation. For
N-MNIST network, it can be observed that classification accuracy dropped dramatically
below 4 bits of resolution and a similar behavior was observed with N-CARS (below 8
bits). Above these boundaries, classification accuracy was almost the same (within 1%).
Hence, this suggests that considerable memory savings (i.e. at least four times less
storage needed per synapse) can be achieved [17] by quantizing the weights in Conv
layers almost without any classification accuracy loss.

(a) N-MNIST accuracy

(b) N-CARS accuracy

Figure 5.40 – Influence of the quantization of the Conv weights on the classification
accuracy for (A) N-MNIST and (B) N-CARS.

LELEC2990 91 Pirson Thibault



Chapter 5 – Simulation results

The distribution of quantized weights can be compared to the original distribution
before quantization as shown in Figure 5.41. Key characteristics are conserved. By visual
inspection of Figure 5.42, it is possible to assess that kernels looks similar, there is just less
granularity after quantization. More Figures are given in Appendix A.2.6. More in-depth
analysis can be found in [155].

Figure 5.41 – Comparison between original and 4-bits quantized weights dis-
tributions for the N-MNIST network.

(a) N-MNIST 4bits Conv1 kernels (b) N-MNIST 32bits Conv1 kernels

Figure 5.42 – Influence of the quantization on the Conv1 weights of the N-MNIST
network for (A) 4 bits resolution and (B) 32 bits resolution. OFF/ON channels are shown
for each kernel.
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5.4.3 Memory and power considerations

In order to choose the best FPGA device for this application, the power consumption
had to be minimized as the focus is made on ultra-low-power systems. However, the
more sophisticated the Spartan-VIImodel, the higher the power consumption, Appendix
A.3. Nevertheless, the chosen model had to provide enough memory such that all weights
and neuron states could be stored. Figure 5.43 shows how much memory is needed for both
N-MNIST and N-CARS networks, depending on the resolution of neurons and synapses.
As the number of neurons is much higher than the number of synapses in Conv layers,
it was expected that the resolution of neurons has more impact on the total
memory needed for the Conv part. This was confirmed in Figure 5.43. The storage
capacity (RAM) of several Spartan-VII models is displayed in gray dashed lines on the
same Figure and allows to chose the most suitable device. In Section 4.1.1, we chose the
Spartan-VII (XC7S100) as a first step but this is the largest model of its family, leading
to a suboptimal choice. The Spartan-VII (XC7S50) seemed to be a better candidate
because:

• it provides enough memory (i.e. 2700KB) for a wide range of neurons and synapses
resolution.

• it has a low static power as shown in Figure 5.44.

• it can be used in low-power mode (-1L speed grade devices) in order to decrease
both static (70%, Appendix A.3) and dynamic (50%, Appendix A.3) power

• it is designed for low-power applications

The Spartan-VII (XC7S25) could have been chosen but it gives less security margin.
As it is very likely that practical limitations related to FPGA programming and architec-
ture will require more memory or functionalities, it is common practice to provide a bit
of security margin.

Another quantity of interest would be a coarse approximation of the operating
frequency at which the FPGA should work in order to ensure real-time processing of
such datasets. Indeed, the dynamic power is proportional to the clock frequency (i.e.
Pdynamic = CV 2fswitchingα, where C is the parasitic capacitance, V is the supply voltage,
fswitching is the switching frequency and α the switching rate A.3) which means that
the higher the operating frequency, the higher the power consumption. However, the
more operations in the network, the higher the operating frequency to ensure real-time
processing.
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Figure 5.43 – Estimation of the evolution of the memory needed with respect
to the resolution of the neurons and synapses in the proposed networks. The analysis was
carried out for N-MNIST and N-CARS networks. The gray dashed line represents the
memory (RAM) available on different models of the Spartan-VII device. These results
are given as a coarse estimation of the necessary storage (lower bound): practical limi-
tations related to FPGA programming should be considered to have a better estimation.
More details about the estimation are in given in Appendix A.2.4.
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5.5 Comprehensive discussion

The first lesson to point out is that for all three datasets, the mapping was not of
good quality using the basic IF neuron model. In fact, the grid search algorithm led each
time to relatively bad Θm, preventing the SNN from performing efficiently. This issue has
highlighted the impact of the chosen neuron model on the classification accuracy. Indeed,
using the AIF neuron model has considerably increased the mapping quality and thus
the classifiation accuracy as highlighted in Figure 5.45. Moreover, it has been observed
that using this AIF model only in the Conv layers was sufficient to enhance the mapping
quality, which allows a possible mapping of FC layers on MorphIC.

The second important lesson is that the threshold balancing step is critical in the
mapping method. Choosing a bad Θm for the SNN leads de facto to bad classification
accuracy. Finding good Θm has been done by computationally intensive grid search over
a space of Θm. Using a proper threshold balancing algorithm would definitely be a better
approach. Nevertheless, the grid search algorithm gave us a valuable result: even if an
optimal Θm is expected to exist, sub-optimal Θm are relatively easy to find using this
method and lead to a decent mapping quality. Classification accuracy decreases but often
do not collapse for Θm close to the sub-optimal Θm, suggesting that the proposed strategy
is robust to parameter variation.
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Figure 5.45 – Summary of the classification accuracy performance for each
step of the proposed strategy. Key improvements are highlighted. Symbols details are
given in Figure 3.6.
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The analysis regarding the weights quantization has demonstrated that the clas-
sification accuracy could be maintained within 1% while performing quantization of the
weights belonging to the Conv layers. This is true for both N-MNIST and N-CARS net-
works when the Conv weights are quantized with a resolution of 8bits fixed-point. This
improvement allows for savings in footprint memory and power consumption. In addition,
the ability of SNNs to trade off classification error rate against the number of
operations in the network [11] is another attractive property for low-power applications
that has been demonstrated in this work, for both N-MNIST and N-CARS.

Then, we want to give objective considerations regarding one of the main challenges
on which machine learning focuses: getting the best possible results on one type of metric:
accuracy [1]. However, this single metric cannot summarize the range of different realities
and performance characterizing a given method, especially when hardware implementa-
tion is considered. The overwhelming majority of research on machine learning focuses
only on the accuracy and often forgets about other important metrics such as the number
of operations needed to make the system work, the energy needed to train and use the
network or the memory footprint and the real-time constraints that limit implementation
on autonomous and portable devices [1, 155]. To give an idea of how much resources are
necessary for such networks [1], the LeNet-5 [61] Deep Neural Network (DNN) performs
5.74 million floating-point arithmetic operations (MFLOPS) in order to classify a 28x28
image and the V GG − 19 [156] architecture requires 43 times more computation than
LeNet-5, which is too expensive to be mapped on dedicated hardware.

Finally, whereas the goal of conventional approaches is to maximize accuracy, the neu-
romorphic approach aims at developing real-time and ultra low-power systems for
decentralized sensing and processing (e.g. wireless sensor nodes). Spike encoding is not
just an alternate mechanism for representing static information [87], even though it is
used in this way throughout this work (rate-based SNN, Poisson spike train with a rate
proportional the intensity of a pixel, etc...). Biological brains have developed computing
mechanisms that are specialized at representing and processing multi sensory information
from a dynamic world. Spike encoding has undoubtedly a key role in this bio-
logical efficiency and better algorithms are needed in order to leverage spike
sparsity.
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Chapter 6

Conclusion

This thesis focuses on how to train SNNs in order to classify accurately samples from
real-world neuromorphic datasets. The spiking dataset N-CARS was used as a benchmark.
At the same time, neuromorphic processor(s) developed at UCLouvain came as a support
hardware framework, which defined chip related constraints.

For this work, we chose to use a CNN architecture (two conv-pooling layers followed by
two FC layers) and a mapping approach as offline training method. This was motivated
by practical constraints and by the fact that this approach had never been investigated
on N-CARS, to the best of our knowledge. In order to develop the necessary tools and to
acquire experience in the neuromorphic field, a three-step strategy was proposed:

• First, the development of a spiking simulator using a synthetic spiking dataset gen-
erated especially for this work, i.e. SSP-MNIST.

• Second, the use of a neuromorphic well-known version of the handwritten MNIST
dataset (i.e. N-MNIST) to extend the spiking simulator and to gain more insight on
how to reach satisfactory performance on spike-based data with SNNs.

• Finally, gather lessons from the two first steps in order to tackle the main challenge,
i.e. perform an accurate inference (i.e. > 80%) in the spiking domain using the
N-CARS dataset.

Then, practical considerations were investigated as a first step towards a hardware imple-
mentation using a FPGA Spartan-VII (XC7S50) and the UCLouvain neuromorphic
chip MorphIC.

This approach led to decent classification accuracies on the different datasets, i.e. 98.19%
on SSP-MNIST, 96.83% on N-MNIST and 81.97% on N-CARS. However, classification
accuracy is not the only metric that matters and it is important to have a critical opin-
ion on the approach proposed in this work. On the one hand, this approach is
relatively easy to implement and it leads to reasonable results at the end of the process.
In addition, it is a good method to assess the importance of the temporal information
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contained in a given dataset. Indeed, as this method uses a rate-based CNN-to-SNN map-
ping, it suggests that leveraging precise timing information in these specific datasets is
not required to reach satisfactory classification accuracy. On the other hand, the grid
search approach is really computationally intensive and does not guarantee to obtain an
optimum. Moreover, the proposed architecture only uses a single core of MorphIC and
needs a dedicated platform for the convolution part, which results in a sub-optimal use of
currently available hardware resources. A dedicated accelerator would be more appropri-
ate. Furthermore the mapping method is an hybrid approach: it has a foot in both worlds,
i.e. the continuous and spiking domains. Accordingly, training is not energy efficient and
far from bio-inspiration: we only use neuromorphic devices as a support to implement
algorithms that were developed for conventional machine learning applications. In order
to obtain an end-to-end neuromorphic approach, spike-based processing should be used
for both training and inference [32].

Clearly, it is tempting to reuse the background developed in machine learning and com-
puter vision over the last decades to shape the basis of neuromorphic vision [29].
However, neuromorphic vision relies on very different data encoding and processing prim-
itives and it is calling for its own architectures, algorithms and metrics. This is why
biologically inspired learning rules were presented in this work: even if they do not offer
sufficient performance for now, they are a first step towards the development of more bi-
ologically inspired algorithms. Apart from that, it has been observed very frequently that
the only focus of much machine learning researches was to outperform state-of-the-art
accuracy on benchmark datasets. Using only this single metric is not very informative as
it does not account for the energy cost, the complexity of the method or the real systems
constraints [1]. We are deeply convinced that it would be more representative to compare
the different methods using a cost function that captures the aspects related to power,
performance and area of inference devices.

To conclude, neuromorphic engineering has to focus on getting closer to biological ca-
pacities in order to pave the way for new technologies but also in order to have a better
understanding of the working principles of biological systems. It is about real-time inter-
action between the environment and the algorithm supported by physical implementation
[18], especially for portable and autonomous devices. This includes not only reaction to
stimuli but also cognition, which is a wide topic falling out of the scope of this thesis. How
can biological systems transform the perceptions of the world into a form adequate for
the manifestation of cognition [17] and how can such systems infer unknown information
from incomplete sensory data [17] are deeply interesting queries. Neuromorphic engineer-
ing could lead to efficient alternatives over current methods regarding these challenges.
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A.1 Architecture of the Python scripts
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A.2 Supplementary material

A.2.1 DVS working principle

Lagorce et al. Spatiotemporal features for asynchronous event-based data

of V1 cells has been modeled with Gabor Filters (Gabor, 1946),
which have been used as the first layer of feature extraction for
visual recognition tasks (Huang et al., 2004; Ilonen et al., 2007).
The most well-known example of biologically inspired, although
still frame-based model of object recognition is the HMAX model
(Riesenhuber and Poggio, 1999; Serre et al., 2006; Mutch et al.,
2010). It implements a feedforward neural network based on a
first layer of Gabor filters followed by different layers realizing
linear and non-linear operations modeled on primate cortex cells.
However, HMAX like other approaches implementing neural net-
works to perform visual tasks (Lin and Huang, 2005) are still
based on processing still images and therefore cannot capture key
visual information mediated by time.

This paper introduces an unsupervised system that allows
to extract visual spatiotemporal features from natural scenes.
It does not rely on still images, but on the precise timing of
spikes acquired by an asynchronous spike-based silicon retina
(Lichtsteiner et al., 2008). The development of asynchronous
event-based retinas has been initiated by the work of Mahowald
and Mead (Mead and Mahowald, 1988). Neuromorphic asyn-
chronous event-based retinas allow new insights into the capabil-
ities of perceptual models to use time as a source of information.
Currently available event-based vision sensors (Delbruck et al.,
2010; Posch et al., 2011) produce compressed digital data in the
form of time-stamped, localized events, thereby reducing latency
and increasing temporal dynamic range compared to conven-
tional imagers. Because pixel operation is now asynchronous and
pixel circuits can be designed to have extremely high tempo-
ral resolution, silicon retinas accomplish both the reduction of
over-sampling of highly redundant static information, as well as
eliminating under-sampling of very fast scene dynamics, which
in conventional cameras is caused by a fixed frame rate. Pixel
acquisition and readout times of milliseconds to microseconds are
achieved, resulting in temporal resolutions equivalent to conven-
tional sensors running at tens to hundreds of thousands of frames
per second, without the data overhead of conventional high-speed
imaging. The implications of this approach for machine vision
can hardly be overstated. Now, for the first time, the strict tem-
poral resolution vs. data rate tradeoff that limits all frame-based
vision acquisition can be overcome. Visual data acquisition simul-
taneously becomes fast and efficient. A recent review of these
sensors can be found in Delbruck et al. (2010) and Posch et al.
(2014).

Despite the efficiency of the sensor representation, it is far
from straightforward to port methods that have proven success-
ful in computer vision to the event-based vision domain. Much
of the recent success of computer vision comes from the defini-
tion of robust and invariant feature or interest point extractors
and descriptors (Lowe, 1999, 2004; Bay et al., 2008). Although
such methods have proven to be very useful for static image
classification, they require processing of the whole image, and
do not take temporal information into account. Dynamical fea-
tures for event data should instead recognize features only from
novel visual input, and recognize them as they appear in the
sparse input stream. This requires a model that can continu-
ously process spiking inputs, and maintain a representation of the
feature dynamics over time, even in the absence of input. Here

we present an architecture for feature learning and extraction
based on reservoir computing with recurrent neural networks
(Schrauwen et al., 2007), which integrate event input from neu-
romorphic sensors, and compete via a Winner-Take-All (WTA)
technique to specialize on distinct features by predicting their
temporal evolution.

A proof of concept for the performance of the architecture is
demonstrated in three experiments using natural recordings with
event-based vision sensors. In the first experiment, we present a
set of oriented bars to the camera in order to the show the capac-
ity of the model to extract simple features in an unsupervised
manner, using a big spatial receptive field to emphasize the graph-
ical visualization of the learnt features. In the second experiment,
the full capacity of the method is demonstrated by mapping the
field of view to several small receptive fields, and showing that the
model is still capable of reliably extracting features from the scene.
The last experiment applies the architecture to complex object
features. All experiments were conducted with real-world record-
ings from DVS cameras (Lichtsteiner et al., 2008), and thus are
subject to the standard noise distribution of such sensors.

2. MATERIALS AND METHODS
2.1. EVENT-BASED ASYNCHRONOUS SENSORS
In our experiments we used asynchronous event-based input sig-
nals from a Dynamic Vision Sensor (DVS) (Lichtsteiner et al.,
2008), which mimics the biological retina in silicon. It encodes
visual information using the Address-Event Representation
(AER), and has a spatial resolution of 128 × 128 pixels. The DVS
outputs an asynchronous stream of events that signal local rel-
ative luminance changes in the scene, at the time they occur.
Each pixel works independently for its receptive field, and cre-
ates events whenever the local luminance change since the time of
the last emitted event exceeds a given threshold !I on a logarith-
mic scale. The typical threshold is around 15% of relative contrast
variation. If the change is an increase /decrease then an ON/OFF
event is generated by the pixel (see Figure 1). This asynchronous
way of coding allows to convey the timing of the events with a

FIGURE 1 | Illustration of event-based encoding of visual signals.
Shown are the log-luminance measured by a pixel located at (x, y )T and the
asynchronous temporal contrast events signal generated by the DVS with
respect to the predefined threshold !I.
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Figure A.1 – Illustration of the event-based encoding for visual signals. The evolution
of log(fx,y(t)), i.e. the log-illuminance through, time measured at a pixel [x,y] is shown.
The resulting two-polarities asynchronous spikes generated by the DVS can be observed
when log(fx,y(t)) crosses a predefined threshold ∆I, i.e. the contrast sensitivity. Image
from [36].

A.2.2 N-MNIST rescaling

Original N-MNIST (34x34)

Rescaled N-MNIST (28x28)

Figure A.2 – By visual inspection of the original N-MNIST dataset, events seemed to
happen more frequently in the bottom part of the image. However, the cropping was carried
out with respect to the center of the image.
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A.2.3 Block chain

UCLPROPHESEEReal	Life (XILINX)

NCARS	dataset

This	thesis
CONV LAYERS FULLY CONNECTED LAYERS CLASSIFICATION

AER

Figure A.3 – Schematic block chain proposed in this thesis (given for illustration pur-
poses).

A.2.4 Memory and power considerations

In order to obtain the Figure 5.43, the estimation given in Equation (A.2.4) was used:


Nsynapses = k1 × k1 ×M × 2 + 1 + k3 × k3 ×M ×N + 1

Nneurons = M × A1 ×B1 +M × A2 ×B2 +N × A3 ×B3 +N × A4 ×B4

RAMestimation = Nsynapses ×Rsynapses +Nneurons ×Rneurons

where Nsynapses is the total number of synaptic weights needed for the Conv part of the
network, Rsynapses is the resolution in bits for the synaptic weights, Nneurons is the total
number of neurons in the Conv part, Rneurons is the resolution in bits for the neurons,
RAMestimation is the estimation in bits of total memory needed for the considered network
and the other parameters have already been presented.

A.2.5 Error metrics


MSE =
∑

g
(ψg−φg)2

G

RMSE =
√
MSE

PSNR = 10 · log10( d2

MSE
)

where g is the pixel index, ψg is the normalized illumination of the pixel g in the image
ψ, φg is the normalized illumination of the pixel g in the image φ, G is the total number
of pixels in the image and d is the dynamics of the signal (e.g. 255 for a 8 bits resolution
image).
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A.2.6 Quantization

Figure A.4 – Comparison between original and 8-bits quantized weights dis-
tributions for the N-CARS network.

(a) N-CARS 8bits Conv1 kernels (b) N-CARS 32bits Conv1 kernels

Figure A.5 – Influence of the quantization on the Conv1 weights of the N-CARS
network for (A) 8 bits resolution and (B) 32 bits resolution. OFF/ON channels are shown
for each kernel.
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(a) N-MNIST 4bits weights resolution

(b) N-MNIST 8bits weights resolution

(c) N-MNIST 32bits weights resolution

Figure A.6 – Influence of the quantization on the membrane potential of a N-
MNIST Conv neuron for (A) 4 bits resolution (B) 8 bits resolution and (C) 32 bits reso-
lution. This is done for the two first samples of the training set.
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A.3 Spartan-VII: data sheets
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General Description
Xilinx® 7 series FPGAs comprise four FPGA families that address the complete range of system requirements, ranging from low cost, small form factor, 
cost-sensitive, high-volume applications to ultra high-end connectivity bandwidth, logic capacity, and signal processing capability for the most demanding 
high-performance applications. The 7 series FPGAs include:

• Spartan®-7 Family: Optimized for low cost, lowest power, and high 
I/O performance. Available in low-cost, very small form-factor 
packaging for smallest PCB footprint.

• Artix®-7 Family: Optimized for low power applications requiring serial 
transceivers and high DSP and logic throughput. Provides the lowest 
total bill of materials cost for high-throughput, cost-sensitive 
applications.

• Kintex®-7 Family: Optimized for best price-performance with a 2X 
improvement compared to previous generation, enabling a new class 
of FPGAs.

• Virtex®-7 Family: Optimized for highest system performance and 
capacity with a 2X improvement in system performance. Highest 
capability devices enabled by stacked silicon interconnect (SSI) 
technology.

Built on a state-of-the-art, high-performance, low-power (HPL), 28 nm, high-k metal gate (HKMG) process technology, 7 series FPGAs enable an 
unparalleled increase in system performance with 2.9 Tb/s of I/O bandwidth, 2 million logic cell capacity, and 5.3 TMAC/s DSP, while consuming 50% less 
power than previous generation devices to offer a fully programmable alternative to ASSPs and ASICs. 

Summary of 7 Series FPGA Features
• Advanced high-performance FPGA logic based on real 6-input look-

up table (LUT) technology configurable as distributed memory.
• 36 Kb dual-port block RAM with built-in FIFO logic for on-chip data 

buffering.
• High-performance SelectIO™ technology with support for DDR3 

interfaces up to 1,866 Mb/s.
• High-speed serial connectivity with built-in multi-gigabit transceivers 

from 600 Mb/s to max. rates of 6.6 Gb/s up to 28.05 Gb/s, offering a 
special low-power mode, optimized for chip-to-chip interfaces.

• A user configurable analog interface (XADC), incorporating dual 
12-bit 1MSPS analog-to-digital converters with on-chip thermal and 
supply sensors.

• DSP slices with 25 x 18 multiplier, 48-bit accumulator, and pre-adder 
for high-performance filtering, including optimized symmetric 
coefficient filtering.

• Powerful clock management tiles (CMT), combining phase-locked 
loop (PLL) and mixed-mode clock manager (MMCM) blocks for high 
precision and low jitter.

• Quickly deploy embedded processing with MicroBlaze™ processor.
• Integrated block for PCI Express® (PCIe), for up to x8 Gen3 

Endpoint and Root Port designs.
• Wide variety of configuration options, including support for 

commodity memories, 256-bit AES encryption with HMAC/SHA-256 
authentication, and built-in SEU detection and correction.

• Low-cost, wire-bond, bare-die flip-chip, and high signal integrity flip-
chip packaging offering easy migration between family members in 
the same package. All packages available in Pb-free and selected 
packages in Pb option.

• Designed for high performance and lowest power with 28 nm, 
HKMG, HPL process, 1.0V core voltage process technology and 
0.9V core voltage option for even lower power.
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Table  1: 7 Series Families Comparison

Max. Capability Spartan-7 Artix-7 Kintex-7 Virtex-7
Logic Cells 102K 215K 478K 1,955K

Block RAM(1) 4.2 Mb 13 Mb 34 Mb 68 Mb

DSP Slices 160 740 1,920 3,600

DSP Performance(2) 176 GMAC/s 929 GMAC/s 2,845 GMAC/s 5,335 GMAC/s

MicroBlaze CPU(3) 260 DMIPs 303 DMIPs 438 DMIPs 441 DMIPs

Transceivers – 16 32 96

Transceiver Speed – 6.6 Gb/s 12.5 Gb/s 28.05 Gb/s

Serial Bandwidth – 211 Gb/s 800 Gb/s 2,784 Gb/s

PCIe Interface – x4 Gen2 x8 Gen2 x8 Gen3

Memory Interface 800 Mb/s 1,066 Mb/s 1,866 Mb/s 1,866 Mb/s

I/O Pins 400 500 500 1,200

I/O Voltage 1.2V–3.3V 1.2V–3.3V 1.2V–3.3V 1.2V–3.3V

Package Options Low-Cost, Wire-Bond Low-Cost, Wire-Bond, 
Bare-Die Flip-Chip

Bare-Die Flip-Chip and High-
Performance Flip-Chip

Highest Performance 
Flip-Chip

Notes: 
1. Additional memory available in the form of distributed RAM.
2. Peak DSP performance numbers are based on symmetrical filter implementation.
3. Peak MicroBlaze CPU performance numbers based on microcontroller preset.
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Spartan-7 FPGA Feature Summary
Table  2: Spartan-7 FPGA Feature Summary by Device

Device Logic 
Cells

CLB
DSP 

Slices(2)

Block RAM Blocks(3) 

CMTs(4) PCIe GT XADC 
Blocks

Total I/O 
Banks(5)

Max User 
I/OSlices(1)

Max 
Distributed 
RAM (Kb)

18 Kb 36 Kb Max 
(Kb)

XC7S6 6,000 938 70 10 10 5 180 2 0 0 0 2 100

XC7S15 12,800 2,000 150 20 20 10 360 2 0 0 0 2 100

XC7S25 23,360 3,650 313 80 90 45 1,620 3 0 0 1 3 150

XC7S50 52,160 8,150 600 120 150 75 2,700 5 0 0 1 5 250

XC7S75 76,800 12,000 832 140 180 90 3,240 8 0 0 1 8 400

XC7S100 102,400 16,000 1,100 160 240 120 4,320 8 0 0 1 8 400

Notes: 
1. Each 7 series FPGA slice contains four LUTs and eight flip-flops; only some slices can use their LUTs as distributed RAM or SRLs.
2. Each DSP slice contains a pre-adder, a 25 x 18 multiplier, an adder, and an accumulator.
3. Block RAMs are fundamentally 36 Kb in size; each block can also be used as two independent 18 Kb blocks.
4. Each CMT contains one MMCM and one PLL.
5. Does not include configuration Bank 0.

Table  3: Spartan-7 FPGA Device-Package Combinations and Maximum I/Os
Package CPGA196 CSGA225 CSGA324 FTGB196 FGGA484 FGGA676

Size (mm) 8 x 8 13 x 13 15 x 15 15 x 15 23 x 23 27 x 27

Ball Pitch (mm) 0.5 0.8 0.8 1.0 1.0 1.0

Device HR I/O(1) HR I/O(1) HR I/O(1) HR I/O(1) HR I/O(1) HR I/O(1)

XC7S6 100 100 100

XC7S15 100 100 100

XC7S25 150 150 100

XC7S50 210 100 250

XC7S75 338 400

XC7S100 338 400

Notes: 
1. HR = High-range I/O with support for I/O voltage from 1.2V to 3.3V.
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Total Power Advantage Using Spartan-7 FPGAs

Introduction
The challenge to deliver the highest performance with the lowest power has taken center stage in 
the evaluation of FPGAs because power conservation impacts both technical constraints and 
system cost. Product acceptability, reliability, and profitability depend on both power efficiency 
and performance. Xilinx realized the importance of power reduction and made power management 
a top priority in 28nm FPGAs. Spartan-7 FPGAs have far superior performance and exhibit a real 
power consumption advantage to achieve higher performance per watt over previous generation 
FPGAs. Xilinx focused on total power reduction using these key strategies: 

• An innovative and FPGA-optimized 28nm high-performance, low power (HPL) process and a 
unique power-binning strategy to achieve up to 70% lower static power.

• A superior 7 series architectural innovation to extend the power advantage by reducing 
dynamic power by 50% and I/O power by 30%.

• Reliable, credible, and more established power estimation and analysis software from the 
next-generation Vivado® Design Suite.

These strategies enabled Xilinx to deliver more than 50% lower total power over previous- 
generation devices to achieve the highest performance-per-watt goals demanded by cost-sensitive 
application designs. 

The power saving technologies in Spartan-7 FPGAs offer significant benefits in reducing thermal 
component and power supply costs while increasing overall system reliability. When a transistor 
consumes more power, the device junction temperature increases exponentially. Therefore, 
expensive thermal solutions (larger and advanced heat-sinks, effective thermal interface materials, 
higher airflow from fans, and a larger chassis) can be required—at additional expense. Higher 
power also requires expensive board solutions, e.g., voltage regulators, complex BOM solutions, 
and increased PCB area. 

Lowest Static Power: Process and Binning Strategies
A key enabler for power reduction is Xilinx's choice to implement its Spartan-7 FPGAs on the 
mature TSMC 28nm HPL process—tailored for FPGAs and developed through Xilinx and TSMC 
collaboration. This process employs high-K metal gate technology (HKMG), which dramatically 
lowers leakage in transistors and enables significant intrinsic performance improvements over 
40nm and traditional Polysilicon Oxynitride (PolySiON) technology. The HPL process is scalable and 
well suited for the high-performance space while enabling significant power reduction. TSMC also 
offers the 28LP and the 28HP processes at the same node. The 28HP process technology is targeted 
for high-performance applications where static power is not a concern. It is not suited for FPGAs, 
where static power is significant compared to ASIC, MPU, and GPU class products. If the HP process 
is tuned to reduce the leakage power to make it suitable for FPGAs, the performance is significantly 
reduced. The resulting process is more expensive and more complex than the HPL process—but 
with no significant benefit in performance. On the other hand, the 28LP process is based on the 
legacy PolySiON process targeted for low-performance applications. If the LP process is tuned to 
meet typical FPGA performance requirements, the core voltage needs to be increased to 1.1V. This 
affects both static and dynamic power significantly, resulting in higher total power than the HPL 
process. 
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At low leakage points, the 28HPL process offers a better performance-per-watt metric than 28HP 
and 28LP processes, and extends to a lower leakage region. The ability to extend into a lower 
leakage region enabled Xilinx to create the low-power Spartan-7 family without switching to a 
completely different process technology. See Figure 1.

Besides offering a slew of intrinsic advantages in terms of power, the HPL process has ample 
headroom to enable power binning and voltage scaling techniques that are not available for FPGAs 
implemented in other processes. Voltage headroom is calculated by VCC – VT, where VCC is the core 
voltage and VT is the threshold voltage, enabling Xilinx to offer two different operating modes in 
Spartan-7 FPGAs:

• High-Performance Mode: The core voltage is 1.0V and offers comparable performance to 
28HP at lower static power.

• Low-Power Mode: The core voltage is 0.95V and offers up to 70% lower static power than 
28HP. Spartan-7 FPGAs offer the -1LI speed grade to run at 0.95V with full -1 performance, 
along with 10% savings on dynamic power and up to 40% savings on static power. See 
Figure 1.

Leakage power is closely related to threshold voltage (VT). To obtain the lowest possible leakage, 
Xilinx began with only the regular VT (lowest leakage) transistors to design the logic, then moved 
to smaller VT (leakier) transistors only as necessary to meet the block's performance target. In this 
optimal transistor mix strategy, the number of leaky transistors was reduced considerably. On 
average, optimized blocks have a 25–90% static power reduction without impacting performance.

The data shown in Figure 2 compares static power when implemented on a Xilinx 28HPL device 
with around 50K logic cells versus a Spartan-6 device with a similar logic cell count. Note that the 
Spartan-7 7S50 FPGA is 15% larger than the Spartan-6 SLX45T in terms of logic cells. Nevertheless, 
at max temperature, Spartan-7 FPGA power is 40% lower at nominal voltage and ~70% lower at 

X-Ref Target - Figure 1

Figure 1: 28nm HPL Process Advantage
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VLOW (0.95V), demonstrating a significant static power improvement over previous-generation 
devices. Figure 2 also shows the competitor’s 28LP device and previous-generation device with 
similar 50K equivalent logic cells. Note that the Spartan-7 7S50 FPGA has 4% more logic cells than 
competitor's 5CEFA4. However, the Spartan-7 device’s static power is 20% lower than the 28LP 
device at nominal voltage and 55% lower power at VLOW (lower core voltage)—a significant power 
reduction. Similarly, with respect to the competitor’s previous generation devices, Spartan-7 FPGAs 
offer around 50% lower static power at nominal voltage and 70% lower static power at VLOW. The 
difference in static power at a fixed junction temperature (Tj) is important not only from the point 
of view of total power, but also from the perspective of operating temperature. Power savings in 
Spartan-7 devices translates to more power headroom or operating temperature (thermal) 
headroom over competing devices.

Power Gating of Unused Blocks
For many device generations, Xilinx has provided users the ability to employ power gating to shut 
off unused clock managers (PLL/MMCM) and I/Os in their design. In Spartan-7 FPGAs, the power 
gating feature is extended to block RAMs as well. This is a significant advancement because almost 
30% of total device leakage is block RAM leakage. Xilinx improved block RAM leakage by power 
gating uninstantiated or unused block RAMs, reducing overall device static power. 

X-Ref Target - Figure 2

Figure 2: Static Power vs. Junction Temperature Analysis
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Table  4: VIN Maximum Allowed AC Voltage Overshoot and Undershoot for HR I/O Banks(1)(2)

AC Voltage Overshoot % of UI at –40°C to 125°C AC Voltage Undershoot % of UI at –40°C to 125°C

VCCO + 0.55 100

–0.40 100

–0.45 61.7

–0.50 25.8

–0.55 11.0

VCCO + 0.60 46.6 –0.60 4.77

VCCO + 0.65 21.2 –0.65 2.10

VCCO + 0.70 9.75 –0.70 0.94

VCCO + 0.75 4.55 –0.75 0.43

VCCO + 0.80 2.15 –0.80 0.20

VCCO + 0.85 1.02 –0.85 0.09

VCCO + 0.90 0.49 –0.90 0.04

VCCO + 0.95 0.24 –0.95 0.02

Notes: 
1. A total of 200 mA per bank should not be exceeded.
2. The peak voltage of the overshoot or undershoot, and the duration above VCCO + 0.20V or below GND – 0.20V, must not exceed the values 

in this table.

Table  5: Typical Quiescent Supply Current(1)(2)(3)

Symbol Description Device

Speed Grade

Units1.0V 0.95V

-2C -2I -1C -1I -1Q -1LI

ICCINTQ Quiescent VCCINT supply current.

XC7S6 36 36 36 36 36 32 mA

XC7S15 36 36 36 36 36 32 mA

XC7S25 48 48 48 48 48 43 mA

XC7S50 95 95 95 95 95 59 mA

XC7S75 148 148 148 148 148 134 mA

XC7S100 148 148 148 148 148 134 mA

XA7S6 N/A 36 N/A 36 36 N/A mA

XA7S15 N/A 36 N/A 36 36 N/A mA

XA7S25 N/A 48 N/A 48 48 N/A mA

XA7S50 N/A 95 N/A 95 95 N/A mA

XA7S75 N/A 148 N/A 148 148 N/A mA

XA7S100 N/A 148 N/A 148 148 N/A mA
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