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Short Abstract

Abstract
Artificial Intelligence (AI), and particularly Artificial Neural Networks (ANNs) have become cen-
tral to modern computing with remarkable performances for complex task resolution. Their
integration on embedded systems establishes the Artificial Intelligence of Things (AIoT).
However, ANNs remain challenging to deploy on such systems due to their complexity. To ad-
dress this, researchers explore specialized hardware, model compression, and cloud solutions.
Neuromorphic Computing offers an alternative solution, drawing inspiration from the brain
by using Spiking Neural Networks (SNNs).
Although promising, neuromorphic chips are limited and poorly reconfigurable, making Field
Programmable Gate Arrays (FPGAs) an interesting target for research. In this context, we de-
veloped ModNEF, an open-source modular FPGA architecture for SNN inference through the
interconnection of independent modules, offering high implementation flexibility. We vali-
dated our architecture on standard neuromorphic datasets and on a use case for sperm whale
detection in theMediterranean Sea, demonstrating its capacity to perform classification tasks
for embedded applications.
Keywords : Neuromorphic accelerator, Spiking Neural Networks, Artificial Intelligence, Embed-
ded Artificial Intelligence, Embedded Systems, Edge Computing, Parallel Architecture, Digital
Architecture, Neuromorphic Architecture, FPGA.

Résumé
L’intelligence artificielle (IA), et plus particulièrement les RéseauxdeNeuronesArtificiels (ANNs)
ont pris une place centrale dans l’informatiquemoderne avec des performances remarquables
pour la résolution de tâches complexes. Leur intégration dans des systèmes embarqués a
donné naissance à l’Intelligence Artificielle des Objets (AIoT).
Cependant, le déploiement d’ANNs sur ces systèmes demeure difficile dû à leur complexité.
Pour relever ce défi, les chercheurs étudient le recours à du matériel spécialisé, à la compres-
sion de modèles et à des solutions cloud. Le Calcul Neuromorphique offre une solution viable,
s’inspirant du cerveau par l’utilisation de Réseaux de Neurones Impulsionnels (SNNs).
Bien que prometteuses, les puces neuromorphiques sont souvent limitées et peu reconfigu-
rables, plaçant les Field Programmable Gate Arrays (FPGAs) comme des plateformes privilé-
giées pour la recherche. C’est dans ce contexte que nous avons développé ModNEF, une ar-
chitecture modulaire libre sur FPGA permettant l’inférence de SNN complexes via l’intercon-
nexion de modules indépendants, offrant ainsi une grande flexibilité d’implémentation. Nous
avons validé notre architecture sur des jeux de données neuromorphiques standards ainsi que
sur une étude de cas sur la détection de cachalots en mer Méditerranée, démontrant sa capa-
cité à réaliser des tâches de classification pour des applications embarquées.
Mots Clés : Accélérateur Neuromorphique, Réseaux de Neurones Impulsionnels, Intelligence Ar-
tificielle, Intelligence Artificielle Embarquée, Systèmes Embarqués, Calcule en Prériphérie, Archi-
tecture Parallèle, Architecture Numérique, Architecture Neuromorphique, FPGA.
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Abstract

Artificial Intelligence (AI), and particularly Artificial Neural Networks (ANNs) have become
central to modern computing, demonstrating remarkable performances in complex task res-
olution. These promising results have motivated researchers in embedded computing to inte-
grate ANN into embedded and resource-constrained systems, thereby establishing the emerg-
ing field, Artificial Intelligence of Things (AIoT). This new paradigm aims to combine artificial
intelligence and interconnected devices while addressing the specific constraints of embed-
ded systems.
However, the integration of ANNs into resource-constrained embedded systems presents sig-
nificant challenges due to their algorithmic complexity and their computational requirements.
A first solution is to offload data processing into the cloud. This approach introduces crit-
ical concerns regarding data privacy and execution latency. To enable in-edge computing,
researchers have explored complementary solutions. A first approach is to develop new hard-
ware architectures specialized for ANNs execution, such as Tensor Processing Units (TPUs),
Application-Specific Integrated Circuits (ASICs), or Field Programmable Gate Arrays (FPGAs),
more power efficient than conventional Graphic Processing Units (GPUs). In addition to hard-
ware solutions, model compression methods are developed to minimize the computational
complexity of models, thereby reducing their inference cost.
Another approach, proposed byMead in 1988, draws inspiration on biological neural networks,
particularly the human brain, to develop energy-efficient ANN systems. The neuromorphic
computing paradigm represents information as temporal sequences of discrete events called
spikes. These spikes are processed by Spiking Neural Networks (SNNs), which consist of the
interconnection of spiking neuronmodels that accumulate incoming spikes from synapses into
an internal variable, called membrane voltage. If the membrane voltage exceeds a threshold
value, the neuron propagates output spikes through axonal connections.
Neuromorphic computing was initially conceived as an analog technology, reflecting the inher-
ently analog nature of biological neuron systems. However, the development of fully analog
SNNs presents significant challenges. Thereby, research starts to develop hybrid analog/digi-
tal and fully digital ASIC.While these specialized chips offer promising solutions for low-power
embedded applications, their functionalities can be limited by their neuron model, their on-
line learning rules, and their reconfigurability. In this context, FPGAs emerge as a compelling
alternative to explore new architectural designs and deployment of low-power embedded ap-
plications.
However, many FPGA-based SNN emulators developed by the research community remain
close source. At the beginning of the thesis in 2022, no open-source FPGA emulator was avail-
able. Today, in 2025, three emulators have been released under open-source licenses. In the
aim to develop FPGA-based SNN implementation within our research team for embedded ap-
plications, we have developed ModNEF, an open source FPGA modular architecture. ModNEF
is based on the interconnection of independent modules to emulate complex SNNs. Our ar-
chitecture is highly flexible, offering several neuron models and different emulation strategies
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to provide users with a high level of control in hardware implementations. In addition, Mod-
NEF proposes a comprehensive software framework that supports the complete deployment
pipeline, from model training to on-board implementation.
We have validated our architecture through comprehensive evaluation on standard neuromor-
phic datasets such as MNIST, N-MNIST, SHD, and DVS Gesture. We have analyzed and iden-
tified current architectural limitations and presented solutions proposed by ModNEF to over-
come hardware constraints. Additionally, we have introduced quantization tools within the
software framework to minimize the power consumption while maintaining software-level ac-
curacy. This includes an in-depth study on Post-Training Quantization (PTQ) impacts and the
presentation of the Quantization Aware Training (QAT) algorithm developed for ModNEF. Fi-
nally, we present a novel application for biodiversity monitoring in the Mediterranean Sea for
sperm whale detection with a complete SOC integration. This case study demonstrates Mod-
NEF’s ability to perform low-power embedded classification tasks for environmental monitor-
ing.
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Résumé

L’Intelligence Artificielle (IA), en particulier les Réseaux de Neurones Artificiels (ANN), a pris
une place centrale dans l’informatique moderne, en démontrant des performances remar-
quables dans la résolution de tâches complexes. Ces perspectives prometteuses ontmotivé les
chercheurs en informatique embarquée à intégrer les ANNs dans des systèmes embarqués et
des systèmes contraints en ressources, créant ainsi le domaine émergent de l’IntelligenceArtifi-
cielle des Objets (AIoT). Ce nouveau paradigme vise à combiner l’IA et les appareils connectés
tout en tenant compte des contraintes spécifiques de ces systèmes.
Cependant, l’intégration de réseaux de neurones dans des systèmes embarqués à ressources
limitées présente des défis importants, dus à la complexité algorithmique et aux besoins en
calcul. Une première solution consiste à transférer le traitement dans le cloud. Cette approche
soulève néanmoins des problématiques critiques en termes de protection des données et
de latence d’exécution. Pour permettre le calcul en périphérie (in-edge computing), les cher-
cheurs ont exploré plusieurs solutions complémentaires. Une première approche est le déve-
loppement de nouvelles architectures matérielles spécialisées dans l’exécution de réseaux de
neurones, comme les Tensor Porcessing Units (TPU), les Application Specific Integrated Circuits
(ASIC) ou les Filed Programmable Gate Arrays, (FPGAs), plus efficaces énergétiquement que les
Graphic Processing Units (GPU) conventionnels. En plus de ces solutions matérielles, des mé-
thodes de compression de modèle ont été développées pour réduire la complexité calcula-
toire du modèle, réduisant ainsi le coût d’inférence.
Une autre approche, proposée par Mead en 1988, consiste à s’inspirer des réseaux de neu-
rones biologiques, en particulier du cerveau humain, pour développer des systèmes de réseaux
de neurones énergétiquement efficaces. Le paradigme du calcul neuromorphique représente
l’information comme des séquences temporelles d’événement discret appelées impulsions
(spikes). Ces impulsions sont traitées par des Réseaux de Neurones Impulsionnels (Spiking Neu-
ral Networks, SNNs), constitués de l’interconnexion demodèles de neurones impulsionnels qui
accumulent les impulsions entrantes issues des synapses dans une variable interne appelée la
tension de membrane. Si la tension de membrane dépasse une tension de seuil, le neurone
génère une impulsion de sortie à travers les connexions axonales.
Le calcul neuromorphique a d’abord été conçu comme une technologie analogique, reflétant
la nature intrinsèquement analogue des systèmes neuronaux biologiques. Cependant, le déve-
loppement de réseaux impulsionnels complètement analogiques représente des défis significa-
tifs. Les recherches se sont ainsi orientées vers des puces hybrides analogiques/numériques ou
entièrement numériques. Bien que ces circuits spécialisés offrent des solutions prometteuses
pour des applications embarquées à basse consommation énergétique, leurs fonctionnalités
sont souvent limitées par le modèle de neurones, leur capacité à faire de l’apprentissage en
ligne et leur degré de reconfigurabilité. Dans ce contexte, les FPGA apparaissent comme une
alternative convaincante pour explorer de nouvelles conceptions architecturales et déployer
des applications embarquées à faible consommation.
Cependant, de nombreux émulateurs de SNN sur FPGA développés par la communauté scien-
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tifique demeurent propriétaires. Au début de cette thèse, en 2022, aucun émulateur FPGA
libre n’était disponible. Aujourd’hui, en 2025, trois émulateurs sous licences libres ont été pu-
bliés. Dans le cadre du développement d’implémentation de SNN sur FPGA au sein de notre
équipe pour des applications embarquées, nous avons développé ModNEF, une architecture
modulaire FPGA libre. ModNEF repose sur l’interconnexion de modules indépendants permet-
tant d’émuler de complexes réseaux impulsionnels. Notre architecture se distingue par une
grande flexibilité, proposant plusieurs modèles de neurones et différents algorithmes d’émula-
tion, offrant ainsi à l’utilisateur un haut niveau de contrôle sur l’implémentation matérielle. De
plus, ModNEF propose un environnement logiciel complet couvrant l’ensemble de la chaîne
de déploiement, de l’entraînement du modèle à son implantation sur carte.
Nous avons validé notre architecture sur plusieurs jeux de données neuromorphiques stan-
dards comme MNIST, N-MNIST, SHD et DVS Gesture. Nous avons analysé et identifié les limi-
tations architecturales actuelles et nous avons présenté les solutions intégrées à ModNEF pour
dépasser les contraintes matérielles. De plus, nous avons introduit des outils de quantification
dans l’environnement logiciel pourminimiser la consommation énergétique tout en préservant
la précision des modèles. Cela inclut une étude approfondie de l’impact de la quantification
post-entraînement (Post-Training Quantization, PTQ) ainsi que la présentation de l’algorithme
d’entraînement avec prise en compte de la quantification (Quantization-Aware Traning, QAT)
que nous avons développée pour ModNEF. Enfin, nous avons présenté une application inno-
vante pour la surveillance de la biodiversité en mer Méditerranée pour la détection de cacha-
lots avec une intégration complète sur puce (System-on-Chip, SOC). Cette étude de cas illustre
la capacité de ModNEF à exécuter des tâches de classification embarquées dans un système
embarqué à basse consommation énergétique pour la surveillance de l’environnement.
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top model is the QAT_16_128_1_w8_s20 running on FPGA, due to the
high accuracy, low-energy consumption, and Rpa ratio. The same model
running on Raspberry Pi achieves a similar score, thanks to its highest ac-
curacy, even though its energy consumption and Rpa metrics are higher.
Finally, the QAT_16_128_1_w7_s20model is the third bestmodel, thanks
to its very low-energy consumption andRpa, whichmitigates its lower ac-
curacy score. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147

6.8 Accuracy comparison in the complete 2-classes ULP Cochlea dataset de-
pends on the model and configuration. All three configurations achieve
similar accuracy, except for theVivado configurationof theQAT_16_1_s1,
which shows a 4% drop in accuracy. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155

6.9 Vectorless power consumption estimation, in mW, depending on the
models for UART and Raspberry configurations. We observe a notable
power reduction from 1.19 to 1.27 times better for the Raspberry Pi im-
plementations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156

6.10 Vectorless power estimation, in mW, comparison between the UART and
the Raspberry configuration for the QAT_16_128_1_w8_s20model. The
input layer consumption, represented by the UART module of the ac-
cumulator depending on the configuration, does not change. However,
we can observe a significant drop in power consumption for the hidden
layer. The reports do not provide further details about the other archi-
tecture components. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156

6.11 Power consumption, in mW, of both models using the early stop detec-
tor with and without the implementation of the early stop mechanism.
We can observe a significant drop for the QAT_16_128_1_w8_s20model
from 230 to 199. The effect of the early stopmechanism appears less sig-
nificant for the QAT_16_128_1_w7_s20 model, with a reduction of only
6 mW. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157

6.12 Accuracy results for both trainedmodels with the 10-classes ULP Cochlea
dataset, depending on the inferencemethod. The recurrentmodel achieves
lower accuracy than the FF-FC model, and a significant drop in accuracy
can be observed for this model. The impact of quantization is not signif-
icant in these networks. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158

xxxviii



List of Tables
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1.1 Relationbetweenpower consumption (W) and calculation capacity (OPS)
for Jetson products, the AI product range for embedded applications
from Nvidia [178]. The power consumption increases with the calcu-
lation capacity from 5 W for the less power-intensive and computing-
performance chip to 40 W for the biggest device. . . . . . . . . . . . . . . . . . . 4

2.1 Spiking neuron diagram. Input spikes are received from synapses, which
modify the amplitude of the spikes. The weighted spikes are accumu-
lated into the membrane potential. When the membrane voltage ex-
ceeds a threshold value, the membrane is reset and an output spike is
emitted through the Axon. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.2 Electronic representation of a neuron, as proposed by Louis Lapicque
in ”Recherches quantitatives sur l’excitation électrique des nerfs traitée
comme une polarisation” [95]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.3 Comparison of membrane voltage dynamics between Izhikevich, LIF and
Integrate and Fire (IF) neuron models. The dotted red lines indicate the
threshold value, and the dashed vertical blue lines mark the spike trans-
mission events. From bottom to top, the first graph shows the incom-
ing spikes received by the neurons during the simulation. The second
graph illustrates the membrane dynamic of the IF neuron model; the
third graph represents themembranepotential evolutionof the LIFmodel;
and the top graph depicts themembrane voltage evolution of the Izhike-
vich model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.4 FF-FC network topology with a hidden layer and an output layer, each
connected with dense connections. The first layer input consists of a
single input and single output neuron, which copies input spikes to the
next layer. Unlike the input layer, the hidden layer comprises multiple
inputs and multiple outputs, where each neuron receives inputs from all
neurons from the previous layers and is connected to all neurons of the
next layer. The output layer consists of multiple inputs and single output. 14

2.5 RNN network topology. Black arrows represent dense forward connec-
tions, similar to the FF-FC topology. However, additional connections are
implemented: blue arrows indicate local recurrent connections within
the same layer, while red arrows represent global connections, connect-
ing neurons from a layer to neurons in the previous layer. . . . . . . . . . . . . 15
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2.6 CNN network topology illustration. The network consists of a succes-
sion of convolution layers and pooling layers, two stages in this example,
followed by an output layer with dense connections. Each input neuron
of the convolutional kernel processes a region of the previous layers or
input data and applies a convolution operation to generate an output
smaller feature map. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.7 Reservoir computing network topology. The input neuron transmits in-
put data to the reservoir, which consists of multiple neurons randomly
connected. The output layer is connected randomly to other neurons
within the reservoir. Unlike on FF-FC or RNN topologies, only the output
synaptic weights are trained, while the synaptic weights inside the reser-
voir remain random. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.8 �w dynamic, depending on�t for the STDP learning rule. The maximum
value corresponds to A+ = 0:6 and the minimum value corresponds to
A
�

= 0:4, with �+ = �
�

= 10ms. If the incoming spike is accumulated
just before the output spike emission, the STDP interprets this spike as
important and increases the corresponding weight, thereby giving more
importance to this spike. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.9 Delay learning representation. Left graphs represent the membrane dy-
namic before learning, and right graphs show the membrane potential
after delay learning. In the right graph, the blue spike is delayed by 15
ms, resulting in an output spike generation since the spikes are accumu-
lated within a smaller time window. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.10 Approximation of the Heaviside function using two surrogate gradient
functions, based on the difference between the membrane potential
and the threshold voltage. The original Heavisde function is presented
in blue, the sigmoid approximation is represented by the orange dashed
line, and the Arctan approximation is illustrated with the green dotted line. 19

2.11 Izhikevich neuron classification depending on biological plausibility and
computational complexity from [84]. The abscise axis represents the
computational complexity of the neuron model, measured by the num-
ber of FLOPS, while the ordinate axis indicates the level of biological in-
spiration. The HHmodel is positioned at the bottom right due to its high
biological plausibility, placing it at the bottom, but its high mathemati-
cal complexity places the model to the right. The LIF models are less
computationally complex, positioning them to the left, but their lower
biological plausibility places them higher on the ordinate. The Izhikevich
neuron model appears as the best trade-off between biological inspira-
tion and computational cost. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
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3.1 Example of 2-layer network implemented in ModNEF. The architecture
consists of three modules: twomodules to emulate the two layers of the
model and a UART module. The reception process of the UART mod-
ule transmits input spikes to the hidden layer, emulating the input layer.
Meanwhile, the transmissionprocess receives spikes from theoutput layer
module and transmits the output spikes to the host. . . . . . . . . . . . . . . . . 35

3.2 Inter-module transmission protocol. The communication process begins
when the transmitter sets the emu_busy at 1. The transmitter then ini-
tiates the synchronization process using a 4-phase handshake protocol.
Once both processes are synchronized, the transmitter writes the neu-
ron address onto the AER data bus and signals the presence of spike by
controlling the spike_flag signals. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.3 ModNEF emulation pipeline. Each table illustrates the internal emula-
tions state of both reception andupdate+transmissionprocesses for each
module. In Modular Neuromorphic Emulator for FPGA (ModNEF), the
default scheduling scheme activates all emulation modules in parallel.
Since spike reception and the neuron update plus the output spike trans-
mission are executed concurrently, the emulation step of the output
layer module is delayed compared to the preceding modules. Conse-
quently, empty steps must be transmitted to “push” the data to the
UART transmission process. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.4 BLIF hardware design with hard reset in left and soft reset in right. The
input weight is accumulated into the membrane voltage register via an
adder, controlled by the i_spike_flag signal. During the update operation,
the membrane potential is multiplied by the beta value and compared
to the threshold value. The output spike is used as a control flag for a
multiplexer or a subtractor depending on the resetmethod, determining
whether the next membrane voltage is written or the reseted mebrane
potential based on the output spike flag. . . . . . . . . . . . . . . . . . . . . . . . 39

3.5 SRLIF hardware design with hard reset, in left, and soft reset, in right. The
architecture shares similarities with the BLIF design, but the membrane
update mechanism differs. The membrane voltage is first shifted, and
the shifted value is subtracted from the non-shifted value. The resulting
value is then passed on the spike detector circuit, while the output spike
flag is passed to the multiplexer or a subtractor depending on the reset
mechanism. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.6 SLIF hardware design. The membrane potential register is passed to a
subtractor component to apply the membrane leakage. The result is
then compared with two values: the threshold value and the minimum
voltage value. The two resulting comparison flags are passed to an OR
gate, which controls a multiplexer to apply the reset mechanism or not. . 41
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3.7 IF neuron hardware design. The membrane potential is directly passed
into a comparator, which controls the multiplexer to activate the reset
mechanism. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.8 Organizationof synapticweights on internalmodulememory. Eachmem-
ory address represents the address of the input neuron. At each address,
all synaptic weights between the input neuron and the emulated neurons
are stored. The binary representation of each weight is concatenated
into a single binary word, which is separate by giving only the specific
part of this word to the neuron circuit. . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.9 Spike reception FSM diagram. When the transmitter module requests
data reception, the receptionprocess handles the synchronizationphase.
Following this, the FSM process waits for the completion of data recep-
tion, indicated by two conditions: the reset of the i_emu_busy signal and
the reset of the spike_flag signal. This internal signal represents the in-
put signal i_spike_flag delayed by a single clock cycle to account for the
clock-cycle RAM read operation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3.10 Internal architecture of Parallel Emulation module. The reception pro-
cess manages syncronization and controls both the memory enable flag
and the spike flag. TheAERdata bus is directly connected to the synaptic
weight memory, retrieving the synaptic weights with hardware partition-
ing for each implemented neuron. In the parallel emulation strategy,
each emulated neuron is emulated by its own dedicated hardware cir-
cuit. The output of each neuron is connected to the arbiter component,
which is controlled by the transmission process responsible for synchro-
nization with the next module. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.11 Spike transmission FSM in Parallel Strategy module. When the FSM re-
ceives the start_emu flag, it triggers the neuron update operation. If no
spikes are emitted, the FSM returns to the Idle state. Otherwise, the pro-
cess synchronizes with the next module and will initiate the arbitration
phase. Once the arbiter has completed its operation, the FSM transitions
back to the Idle state. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.12 Internal architecture of sequential emulation module. The reception
process and the synaptic memory operate as for the parallel architec-
ture. Two additional memories are implemented to store the membrane
potential and input current for each emulated neuron. The transmission
process manages syncronization with the next module and uses an inter-
nal hardware neuron circuit to sequentially emulate each neuron one by
one. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
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3.13 Spike transmission FSM in sequential strategy module. The FSM begins
with synchronization upon detecting the update emulation trigger, then
enters the emulation loop. During this loop, the process reads mem-
brane voltage and input current from memories, then the membrane
voltage is updated and the spike is detected. At the end of each iter-
ation, the reset mechanism is applied, and the updated membrane volt-
age is saved for the next emulate step. This loop repeats for all neurons
before the FSM returns to the Idle state. . . . . . . . . . . . . . . . . . . . . . . . . 47

3.14 Merger module FSM. When the process detects that at least one mod-
ule requires data transmission, it synchronizes to the next module. Af-
ter synchronization process, the FSM grants access to one of the input
modules, prioritizing the module connected to port a. Once the mod-
ule completes its data transmission, the FSM either grants access to the
other module or returns to the Idle state. . . . . . . . . . . . . . . . . . . . . . . . 48

3.15 Merger address space readdressing. The two input modules share over-
lapping addresses. The Merger reassigns the address space of the mod-
ule connected to port b as the continuation of the address space ofmod-
ules connected toport a, ensuring contiguous and unified addressmapping. 49

3.16 Internal architecture of UART modules. All UART modules share similar
architecture. Each module consists of three FSMs: one for transmitting
spikes to the network, another for receiving output spikes, and a third for
controlling the emulation steps. Additionally, a subcomponent manages
UART communication, composed by a communication handler, read and
write controllers, and internal memories. . . . . . . . . . . . . . . . . . . . . . . . . 50

3.17 UART transmission protocol. The data packet begins with a header byte
equal to0x4B, followedby the number of bytes in thepacket. Thepacket
then includes the emulation steps using the AER format, with each step
startingwith the number of spikes it contains, followed by the spike data.
Once all emulations steps are transmitted, either 0xBB or 0xB4 is sent, in-
dicatingwhether the controllermust reset the neuronmembrane voltage
or not. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

3.18 Recurrent Network Topology at a Layer Level. Recurrent layers are im-
plemented using two dense layers: one for the forward connections and
another one for the recurrent connection. The input currents from both
layers are summed and then passed to the neurons. . . . . . . . . . . . . . . . . 52
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3.19 MS based recurrent topology. The output of the recurrent module is
divided using a Splitter module. One data bus is connected to the
next module, while the other is connected to a merger module. The
Merger connects the recurrent layer and the forwardmodule, readdress-
ing the input neurons address spaces. As a result, the recurrent weights
are stored in the internal synaptic memory immediately following the
forward weights. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

3.20 Evolution of module states through time in Merger+Splitter recurrent
architecture. Due to the Merger’s requirement to synchronize with the
nextmodule and selectively grant data transmission to onemodule while
keeping the other in a waiting state. The neuron update of the recurrent
module is delayed, which slows the emulation execution. . . . . . . . . . . . . 54

3.21 Internal architecture of native recurrentmodules. An additionalmemory
is implemented to store the recurrent synaptic weights. The output AER
bus is directly connected to the address port of this memory, enabling
both input currents to be processed simultaneously. . . . . . . . . . . . . . . . . 54

3.22 ModNEF software library organization. The core module implements all
base classes for creating ModNEF modules, drivers, or quantizers. Each
module leverages these core base classes to build its software represen-
tation. Additionally, a quantizer submodule uses quantizer base classes
to create quantization functions. Beyond these three submodules Mod-
NEF library proposes four high-level utility classes to facilitate ModNEF
model deployment. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

3.23 Example of a 2-layer SNN implemented with ModNEF. The hidden layer
is emulated with the BLIF neuron model with parallel emulation strategy,
while the output layer is implemented with a sequential SLIF model. . . . . 61

4.1 Experimental protocol flow organization. The process stats by selecting
the dataset and training a network with a low number of epochs to vali-
date the network topology and the layer hyperparameters. If we achieve
good accuracy, the network is implemented on FPGA to verify its com-
patibility with our board. If the model achieves good accuracy and can
be deployed on our board, we train our model with a higher number of
epochs, and we run comprehensive evaluation and metrics recording. . . . 67

4.2 Graphical representation of the n_time_bins transformation. The upper
graph illustrates the spike trains from different input neurons, with time
steps delimited by dashed gray lines. The lower table represents the
transformation results, where the number of spikes in each train is ac-
cumulated for every frame. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74
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4.3 Downscale representation of a region of a DVS Gesture sample. The left
map shows the original data, illustrating the number of spikes per neu-
ron. The right map represents the same region after downscale transfor-
mation, where spikes within each delineated area, marked by white lines
on the original map, are accumulated and assigned to a shared neuron
address. This transformation significantly reduces input data size but de-
creases information granularity. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.4 DVS Gesture network topology. The network consists of an input layer
connected to the hidden layer, which in turn connects the output layer.
The output layer features both local recurrence, i.e., connected to itself,
and global recurrence, with a feedback connection from the output layer
to the hidden layer. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.5 DVS Gesture ModNEF architecture. The UART module connects to a
Merger module, which establishes the global recurrence. The hidden
layer is emulated by a SRLif Parallelmodule and is connected to the
output layer module, implemented using a RSRLif Parallel module.
The output data bus of the output module is split to enable the global
recurrence. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.6 LUT and BRAM usage, in percent, depending on the number of neurons
on the left graph, and the number of synapses on the right graph. The
green dashed line indicates the FPGA resource limits, while blue and or-
ange marks represent the percentage of LUT and BRAM consumption,
respectively. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

4.7 Schematic representation of UART operation stage and howwemeasure
execution time of different stages. The duration of each operation stage
can be measured using Python or FPGA tools except for the data trans-
mission and reception, which must be calculated based on the number
of bytes and the baud rate. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

4.8 UART operation duration repartition depends on architecture type. The
majority of time budget is dominated by data preparation and UART ac-
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1 Introduction and Motivation

Artificial Intelligence (AI), and particularly Artificial Neural Networks (ANNs), have
rapidly evolved into a central place in both research and mainstream application, fu-
eled by the democratization of generative AIs such as ChatGPT [139] or Mid Journey
[128]. These technologies demonstrate remarkable performance in complex tasks, in-
cluding environmental perception and decision-making, far surpassing the reach of
traditional algorithms. Such advancements open promising perspectives for their in-
tegration into embedded Internet of Things (IoT) systems, giving rise to the emerging
field of the Artificial Intelligence of Things (AIoT).

1.1 Embedded AI and their Limitations

The application range of AI, and particularly ANNs for embedded and IoT systems
has expanded significantly in recent years. Well-established applications include au-
tonomous vehicles [119], medical applications [195], robotics [17] and computer vision
[174]. Additionally, emerging fields like computer-assisted agriculture [25] or industrial
automation [45] demonstrate the growing versatility of AI-based systems.
However, the integration of ANNs into embedded devices presents significant chal-
lenges. The high algorithmic complexity of Neural Networks (NNs) and the substan-
tial computational requirements [31, 213] often exceed the capabilities of resource-
constrained systems. Due to the mathematical representation of ANNs, Graphic Pro-
cessing Units (GPUs) offer a viable solution for NN deployment in embedded environ-
ments [11]. However, their high-power consumption remains a critical limitation for
low-power in-edge applications.
Figure 1.1 represents the relation between power consumption (W) and computing ca-
pacity (Operations Per Seconds (OPS)) 1 for the Jetson product family of embedded
GPUs developed by Nvidia. Overall, power consumption increased with the available
computing capacity from 5 W for the least computing efficient to 40 W for the most
capable device.
The calculation capacity limits the size of the NN that can be implemented. Larger
models require more computational resources, which increase power consumption.
Consequently, high-performance embeddedGPUs are unsuitable for applicationswith
strict power budgets, while low-power devices cannot support large or computation-
ally intensive models.

1. According to Nvidia’s documentation, computing throughput is expressed using two different metrics: TFlops for Tera Floating-
Point Operations Per Seconds (FLOPS) and TOPS for Tensor OPS
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Figure 1.1 – Relation between power consumption (W) and calculation capacity (OPS) for Jetson products,
the AI product range for embedded applications from Nvidia [178]. The power consumption
increases with the calculation capacity from 5 W for the less power-intensive and computing-
performance chip to 40 W for the biggest device.

To address the power constraints of ANN execution, researchers have explored multi-
ple solutions. One approach involves offloading data processing to the cloud [31, 170],
which eliminates embedded processing needs but introduces critical concerns regard-
ing data privacy and computational latency. Alternative hardware solutions, more
suitable for ANN inference, have emerged, such as Application-Specific Integrated
Circuits (ASICs), Field Programmable Gate Arrays (FPGAs) [170, 169]. Complementing
these hardware solutions, algorithm-level optimization, such as pruning or quantiza-
tion, has been proposed to reduce the computational complexity of NN [43].
Another promising approach involves shifting the computing paradigm toward the
bio-inspired neuromorphic computing paradigm that is less power-consuming. This
novel computing paradigm, pioneered by Mead in 1988, draws inspiration from the
human brain, which performs complex neuron computations with remarkable energy
efficiency. Unlike traditional ANNs, neuromorphic computing adopts sparse event-
driven and distributed processing in order to drastically reduce consumption [126,
120].

1.2 Spiking Neural Network as a solution for low-power in-edge AI

Spiking Neural Networks (SNNs) have emerged as a promising candidate for in-edge
embedded AIoT applications. Neuromorphic computing, and especially Spiking Neu-
ral Networks (SNNs), are considered the third generation of neural networks [120] and
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fundamentally differ from conventional ANNs by providing a more biologically plausi-
ble representation of brain structure and function.
In SNNs, information is encoded as temporal sequences of discrete events called
spikes. A spike is a timestamped signal that can be mathematically represented as
a Dirac pulse or implemented as a single-bit pulse signal in digital architectures. These
spikes are processed by a specific neuron model that accumulates incoming spikes
from synapses in their membrane potential voltage. When this potential exceeds a
threshold voltage, the neuron emits an output spike that is propagated to other neu-
rons via the axon. If no incoming spikes are detected, the neuron’s membrane poten-
tial is not updated and slowly decreases to the rest potential.
The energy efficiency of SNNs stems from two characteristics. First, SNNs were ini-
tially designed as analog systems, where neurons and synapses are implemented using
analog electronics, resulting in a lower energy consumption than digital architecture.
Seconds, andmore significantly, their information representation contributes substan-
tially to energy saving. The sparsity of spikes in SNNs drastically reduces memory
access operations, which are necessary for synaptic weight access, and neuron state
updates frequency. This contrasts with conventional ANNs, which perform memory
read and neuron operations regardless of input activity [114]. Consequently, even in
digital implementations, SNNs demonstrate superior power efficiency compared to
their equivalent ANNs [105].
As we previously mentioned, SNNs were originally developed as an analog technology
[126]. However, purely analog implementations present significant challenges, partic-
ularly on synapses, memory storage, and scalability for large-scale networks. Conse-
quently, researchers focus their work on hybrid digital/analog architectures or fully
digital architectures, leveraging custom ASICs or reconfigurable FPGAs to overcome
these limitations while maintaining the energy efficiency of neuromorphic computing.
FPGAs appear as a good entry point for hardware neuromorphic architecture, offer-
ing distinct advantages over ASIC neuromorphic chips such as SpiNNaker. Their cost-
effectiveness and development flexibility make them particularly attractive for re-
search and prototyping. The inherent reconfigurability of FPGA architectures enables
simulation acceleration, allowing researchers to implement various network topolo-
gies. While not achieving ultra-low power consumption compared to other neuromor-
phic chips, their robustness against noise and power fluctuations [111, 105] is a strong
positive aspect for embedded applications such as autonomous vehicles [202] or satel-
lite observations [4].

1.3 Motivations

To fully exploit the potential of neuromorphic computing and SNNs for low-power
and embedded applications, we must transition from software-based SNN simula-
tors and Von Neumann-based architectures such as Central Processing Units (CPUs)
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and GPUs toward dedicated neuromorphic hardware. While commercial solutions like
SpiNNaker [143, 78], BrainScaleS [161, 146] or Xylo chips [21] enable efficient low-power
SNN inference [162, 198], these solutions can be expensive andmay have limitations in
terms of implementation possibilities, such as network topology, spiking neuron mod-
els, or online learning capabilities.

FPGAs emerge as an optimal compromise between cost, flexibility, and power effi-
ciency. Their reconfigurable naturemakes them ideal for both neuromorphic research
and application-specific design. However, most, if not all, proposed emulators remain
closed-source, forcing researchers to develop their own tools. This situation has led
to a proliferation of tools and a lack of reproducibility in experiments.

Aiming to develop FPGA-based research within our research team and noting the ab-
sence, at least in 2022 at the beginning of this thesis, of an open-source FPGA emulator.
We were motivated to develop a new neuromorphic FPGA emulator and offer it as an
open-source tool to the community.

To address these challenges, we developed ModNEF, a new neuromorphic FPGA emu-
lator designed as an open-source tool for the research community. Our solution serves
as an accessible entry point to neuromorphic hardware research, especially in FPGA-
based architectures. ModNEF provides a versatile hardware platform capable of em-
ulating various networks with different topologies or neuron models. The emulator
features a dual design philosophy: it operates as a user-friendly “black box” solution
accessible to researchers without any background in FPGA or hardware design, while
simultaneously offering a flexible foundation for future FPGA neuromorphic develop-
ment, thus supporting the integration of new mechanisms.

The design requirements for our emulator are structured around these three princi-
ples:

— Flexibility: The emulator must be capable of emulating a wide variety of net-
works with various network topologies, particularly focusing on feed forward and
recurrent topologies, with multiple spiking neuron models, including heteroge-
neous neural networks. Beyond network flexibility, it should provide fine-gained
control over hardware-specific metrics, enabling users to optimize hardware re-
sources, memory usage, power consumption, and latency of the hardware imple-
mentation.

— Accessibility: The emulator must be intuitive enough to be used by researchers
without FPGA and hardware design expertise. Simultaneously, the source code
must be comprehensible to SNN hardware developers, serving as an entry point
for new research that leads to the next requirement.

— Extensibility: The emulator should serve as a foundation for future research and
development. It is crucial for our tools to support the development and inte-
gration of new neuron models, emulation algorithms, convolutional kernels, or
learning methods.
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1.4 Outline

This thesis is organized as follows :
Chapter 2 provides a comprehensive survey of neuromorphic computing hardware
research with a particular focus on FPGA-based implementations. This chapter aims
to identify the key techniques developed in the fields and identify the limitations of
the works on FPGA neuromorphic architecture.
Chapter 3 presents ModNEF, our novel neuromorphic architecture. We present in de-
tail the FPGA architecture and the software framework developed, which provide a
complete pipeline from model training to FPGA integration.
Chapter 4 evaluates ModNEF’s performance on standard benchmark datasets. We
present the observed limitations of our architecture and the solutions proposed by
ModNEF to address these limitations.
Chapter 5 focuses on quantization techniques for ModNEF architectures. We conduct
a depth study on quantization impacts and proposemethods tomitigate the negative
impact of quantization on accuracy for low-power deployment.
Finally, Chapter 6 demonstrates a real-world application of ModNEF for embedded ap-
plicationonbiodiversitymonitoring in theMediterranean Sea through theULPCochlea
ANR Project.
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2 State of the art

In this chapter, we provide an overview of the state of the art regarding Spiking Neural
Networks (SNNs), with a particular focus on hardware implementation, especially on
FPGA design, and tools.
First, in Section 2.1, we introduce a general background of SNN by presenting the dif-
ferent network topologies, spiking neuron models, and learning methods used in SNN.
Next, in Section 2.2, we will introduce hardware implementation of SNN with differ-
ent implementation technologies such as analog, mixed analog-digital, and fully digital.
Following this, in Section 2.3, we focus on FPGA architecture designs and problemat-
ics.

2.1 Spiking Neural Network: a State of the Art

In this section, we provide an overview of SNN implementations. We first briefly intro-
duce the main mechanisms of SNN in Section 2.1.1. Then, in Section 2.1.2, we present
the major mathematical models of spiking neurons. In Section 2.1.3, we discuss the
different spike encoding formats and their impact on SNN performances. Next, in
Section 2.1.4, we present the different network topologies. Finally, to conclude this
section, we explore various learning methods used in neuromorphic computing in Sec-
tion 2.1.5.

2.1.1 Introduction to Spiking Neural Network

Spiking Neural Networks (SNNs) are considered the third generation of Artificial Neu-
ral Networks (ANNs) [189].
The first generation of ANNwas proposed in 1943 by McCulloch and Pitts [125], where
neuron activation functions were the Heaviside function and synaptic weights were
represented in a binary format.
The second generation of ANN, which remains the most widely used today, is based
on continuous activation functions and real weights.
Further historical breakthroughs can be cited. Firstly, the backpropagation algorithm
introduced by Rumelhart et al. in 1986 [158] revolutionized the training of multi-layer
neural networks. In 1998, LeCun et al. [98] demonstrated the effectiveness of Convo-
lutional Neural Networks (CNNs) for handwritten digit classification, paving the way
for modern computer vision applications. Finally, the work of Hinton et al. [76] intro-
duced a computational method for training deep neural networks, marking the begin-
ning of the deep learning era.
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Figure 2.1 – Spiking neuron diagram. Input spikes are received from synapses, which modify the ampli-
tude of the spikes. Theweighted spikes are accumulated into themembrane potential. When
the membrane voltage exceeds a threshold value, the membrane is reset and an output spike
is emitted through the Axon.

Both previous generations draw inspiration from the brain, modeling computation as
networks of interconnected neuron-like units. In 1988, Mead introduced the third gen-
eration by proposing neuromorphic systems thatmimic not only the structure but also
the data representation and dynamics of biological neurons [126, 121].
Contrary to the two previous generations of ANN, neuromorphic computing repre-
sents data as analog spikes. As shown in Figure 2.1, input spikes are received from
synapses. These spikes are modulated by real synaptic weights and then accumulate
into themembrane voltage. If the potential exceeds a threshold value, an output spike
is transmitted to other neurons via the axon. In computer science, spikes can be con-
sidered simple Dirac pulses, which can be encoded using a 1-bit variable.
The particular structure and data representation of SNN lead to a reduction of power
consumption. Unlike traditional ANN, the internal neuron state and the synaptic
weight readoperations are performedonlywhen incoming spikes are detected. Thanks
to the sparsity of spikes within SNN, the memory read and update operations fre-
quency is reduced, leading, theoretically, to a lower power consumption [108, 105].
However, this reduction in power consumptionmust be nuanced by several important
design choices [23, 105, 48, 14], which wewill highlight in the next section, starting with
the neuron model used in our SNN.

2.1.2 Spiking Neuron Mathematical Models

In this subsection, we will present different spiking neuron models used in neuromor-
phic computing.
The first formal model of neuronal electrical behavior, illustrated in Figure 2.2, was
introduced by Louis Lapicque in 1907 [95, 1]. He proposed that neurons accumulate
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input current in membrane potential over time. If the membrane voltage reaches a
threshold value, the membrane potential is reset. This early formulation, known as
the integrate-and-fire model, laid the foundation for many subsequent spiking neuron
models.

Figure 2.2 – Electronic representation of a neuron, as proposed by Louis Lapicque in ”Recherches quanti-
tatives sur l’excitation électrique des nerfs traitée comme une polarisation” [95].

In 1952, Hodgkin and Huxley [77] described the most biologically accurate neuron
model. It consists of 4 differential equations, with 9 additional differential equations
to describe the parameters of the first 4 equations. The mathematical complexity of
the Hodgkin-Huxley (HH) model poses several challenges for hardware implementa-
tion or large-scale SNN simulation.
To address this issue, other neuronmodels have beendeveloped to simplify themathe-
matical model whilemaintaining a high degree of biological realism, such as theMorris-
Lecar model [97] or the FitzHugh-Nagumo model [85]. Izhikevich proposes a biologi-
cally realistic neuron model with only two differential equations, parameterized by
4 constants that determine the firing mode of the neuron model [83]. Equation 2.1
describes the membrane potential dynamic, while Equation 2.2 represents the mem-
brane recovery. When the membrane voltage exceeds the threshold value, Equation
2.3 is applied to V (t) and u(t).

dV (t)

dt
= 0:04V (t)2 + 5V (t) + 140� u(t) + I(t) (2.1)

du(t)

dt
= a(bV (t)� u(t)) (2.2)

ifV (t) � 30 then

8>><
>>:

V (t) = c

u(t) = u(t) + d

(2.3)
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In contrast to biologically realisticmodels such as theHHor Izhikevichmodels, simpler
models like the Integrate and Fire (IF) neuron model [26] have been developed. The
IF neuron model, described by Equation 2.4, consists of the accumulation of input
current into the membrane potential.

C
dV (t)

dt
= I(t) (2.4)

A major limitation of this model is that it does not consider the membrane potential
decay when no incoming spikes are detected, which can be useful for processing tem-
poral data and taking into account spike temporal information. The Leaky Integrate
and Fire (LIF) neuron model addresses this limitation by incorporating the membrane
decay mechanism while maintaining a simple mathematical model. A LIF model is de-
scribed by Equation 2.5, where � represents the membrane potential decay constant.

� �
dV (t)

dt
= �V (t) +RI(t) (2.5)

In most cases, the input current I(t) is calculated as the weighted sum of incoming
spikes, as shown in Equation 2.6. Here, wi represents the synaptic weight between
the post-synaptic and pre-synaptic neurons, while xi(t) is the input spike. In computer
science, analog spikes can be represented as a binary variable that takes the value of
1 if the pre-synaptic neuron emits a spike and 0 otherwise.

I(t) =
X
i

wi � xi(t) (2.6)

Figure 2.3 represents themembranedynamic response to the same input stimuli through
different neuron models. The IF model exhibits the simplest membrane dynamics,
while the LIF neuron model shows a more complex dynamic due to exponential mem-
brane decay. The Izhikevich model, however, displays a more complex dynamic with
an exponential increase and recovery mechanism after each spike emission.
Most spiking neuron models consist of differential equations. To run an SNN, it is
necessary to solve these equations. One approach to solving differential equations
is to discretize time and apply iterative methods such as the Euler or Runge-Kutta 3
method [61, 122, 90]. This approach necessitates updating the neuron state regularly
and is known as clock-driven. However, this approach reduces the evenemential ben-
efits of SNNs. To simulate or emulate SNNs in an event-drivenmanner, it is necessary
to solve the differential equations before simulation. The LIF neuron model can be
easily solved, but more complex neuron models such as the Izhikevich neuron model
are too complex to be solved analytically [90].

2.1.3 Spike Encoding

Spike encoding schemes are a crucial aspect in the neuromorphic community [135,
163, 24] and have a significant impact on model performance.

12



2 State of the art

50

0

50

V 
(m

V)

Izhikevich membrane voltage

0

2

4

V 
(m

V)

LIF membrane voltage

0

2

4

6

V 
(m

V)

IF membrane voltage

0 20 40 60 80 100
time (ms)

0

1
Input spikes

Figure 2.3 – Comparison of membrane voltage dynamics between Izhikevich, LIF and IF neuron models.
The dotted red lines indicate the threshold value, and the dashed vertical blue lines mark the
spike transmission events. From bottom to top, the first graph shows the incoming spikes re-
ceived by the neurons during the simulation. The second graph illustrates the membrane
dynamic of the IF neuron model; the third graph represents the membrane potential evo-
lution of the LIF model; and the top graph depicts the membrane voltage evolution of the
Izhikevich model.

The issue of spike encoding arises when input data comes from non-neuromorphic
sensors, as is the case with datasets like MNIST [99] or CIFAR-10 [92]. Because spiking
neurons cannot directly understand data provided by sensors, it is necessary to con-
vert data into spike representation.
A common way to convert input data into spikes is to use a Poisson generator [73].
However, other conversion methods can be used, such as rate coding [24] or temporal
coding systems like Time To First Spike (TTFS) encoding [12, 163, 60].
Fan et al. [47] have highlighted the importanceof spike encoding onboth accuracy and
power consumption. Similarly, Barchid et al. [14] have shown the impact of encoding
schemes on power consumption, depending on the scheme used. Guo et al. [60]
have demonstrated that TTFS is a highly efficient encoding scheme for achieving high
accuracy and low-power consumption in SNN inference.
The spike encoding method problematic is no longer arise when data are directly pro-
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vided as spikes from neuromorphic or event-based sensors, such as DVS cameras [157,
109, 151], neuromorphic cochlea [96, 171, 87], or other event-based sensory systems
[18, 69].
In this section, we highlight the importance of data encoding methods for SNN and
neuromorphic hardware performance. In this thesis, we focus our experiments with a
natural neuromorphic dataset. The question of encoding systems was therefore not
studied.

2.1.4 Network Topology

In this section, we provide an overview of different network topologies.
The simplest network topology is the Feed Forward Fully Connected (FF-FC) topology
[44]. FF-FC networks are composed of one or more layers, where each layer is con-
nected to the next layer. In a FF-FC network, a layer cannot be connected to a layer
placed before itself. Data is thus processed in a forward manner. Figure 2.4 represents
a 2-layer FF-FC network where all layers are connected with dense connections, with-
out feedback connections.

Input layer
Hidden layer

Output layer

Figure 2.4 – FF-FC network topology with a hidden layer and an output layer, each connected with dense
connections. The first layer input consists of a single input and single output neuron, which
copies input spikes to the next layer. Unlike the input layer, the hidden layer comprises mul-
tiple inputs and multiple outputs, where each neuron receives inputs from all neurons from
the previous layers and is connected to all neurons of the next layer. The output layer con-
sists of multiple inputs and single output.

In contrast to the FF-FC topology, the Recurrent Neural Network (RNN) topology al-
lows for feedback connections within the network. We can distinguish two types of
RNN topologies based on the level of recurrent connections. The first is local recur-
rency, where recurrent connections are confined to a single layer, meaning neurons
within a layer are connected to other neurons within the same layer. The second is
global recurrency, which creates feedback connections across layers [214]. Figure 2.5
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illustrates a recurrent network topology, with local recurrence in blue within the hid-
den layer and global recurrence in red from the output layer to the hidden layer. We
differentiate these two network topologies because their hardware implementations
differ, making it necessary to distinguish between them.

Figure 2.5 – RNN network topology. Black arrows represent dense forward connections, similar to the FF-
FC topology. However, additional connections are implemented: blue arrows indicate local
recurrent connections within the same layer, while red arrows represent global connections,
connecting neurons from a layer to neurons in the previous layer.

Another well-used network topology is the Convolutional Neural Network (CNN), illus-
trated in Figure 2.6. This topology has demonstrated its ability to process images [156,
173, 150]. In a CNN, data is first processed by convolutional kernels, which are applied
to the input data to extract information such as edges or textures. The result of the
convolution is then passed to a pooling layer, which extracts essential information and
reduces the size of the data matrix, thereby condensing the information. These two
specific layers are iterated several times, and the output of the convolution is passed
to a FF-FC network, which performs the classification task.

In SNN, the convolution process is adapted to spike processing. Abderrahmane et al.
[4] apply convolution to non-spiking data and then transform the convolution map
to spikes before the classification part of the network. Xing et al. [196] propose a
cyclic recurrent CNNwhere convolutional and pooling layers are connected in a cyclic
manner to store an internal state for the classification task.

Finally, another network topology is reservoir computing [164, 205], illustrated in Fig-
ure 2.7. In reservoir computing, input spikes are sent into a reservoir where neurons
are connected randomly with fixed synaptic weights. The output is read from several
neurons in the reservoir, which are connected with trained synaptic weights. Because
only the weights of the output neurons are trained, the model training duration is re-
duced.
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Conv 1 Pool 1 Conv 2 Pool 2 ClassifierInput sample

Figure 2.6 – CNN network topology illustration. The network consists of a succession of convolution lay-
ers and pooling layers, two stages in this example, followed by an output layer with dense
connections. Each input neuron of the convolutional kernel processes a region of the previ-
ous layers or input data and applies a convolution operation to generate an output smaller
feature map.

Reservoir

Input layer

Output Layer

Trained
weight

Figure 2.7 – Reservoir computing network topology. The input neuron transmits input data to the reser-
voir, which consists of multiple neurons randomly connected. The output layer is connected
randomly to other neurons within the reservoir. Unlike on FF-FC or RNN topologies, only the
output synaptic weights are trained, while the synaptic weights inside the reservoir remain
random.

2.1.5 Learning Methods

In this section, we will introduce several important points about training methods ap-
plied to SNNs. Due to the particular data representation and specific neuron mod-
els in SNNs, the learning methods must be adapted. We can identify three main ap-
proaches to training SNNs. Firstly, in continuity with biological inspiration, we can use
biological learning methods based on Hebb’s rule. Secondly, we can adapt learning
methods from the second generation of ANNs to SNNs, such as gradient-based rules.
Finally, we can first train an ANN and then convert the trained model into a SNN [39,
100].
In this section, we will first focus on bio-inspired learning methods in Section 2.1.5, as
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these methods are widely used in hardware implementations of SNNs. Then, we will
present Backpropagation (BP)-based learning methods in Section 2.1.5.

Bio-Inspired Learning Methods

Beyond neuron and networkmodels, the bio-inspired approach of neuromorphic com-
puting also motivates the use of learning rules derived from biological mechanisms,
such as Spike-Timing-Dependent Plasticity (STDP) or delay-based plasticity.

The Hebbian learning rule was introduced by Hebb in 1949 [72] and can be summa-
rized by the idea: ”Neurons that fire together, wire together”. However, Hebb did not
provide a mathematical equation for the weight update function. Based on Hebb’s
rule, Bi et al. [16] introduced the Spike-Timing-Dependent Plasticity (STDP) learning
rule. The learning rule is described by Equation 2.7 and illustrated in Figure 2.8. The
parameter�t represents the time difference between the post-synaptic (output) spike
tpost and the pre-synaptic (input) spike tpre. If �t is positive and small, it means the in-
put spike has a significant impact on the neuron’s spike emission, and the connection
between the two neurons increases. Conversely, if �t is negative, it means the incom-
ing spike has no impact on the neuron’s activity, and the weight between these two
neurons decreases. STDP is an attractive learning method for hardware implementa-
tion due to its weight update operation local to neurons. However, STDP is generally
less efficient than gradient-based learningmethods, resulting in lower model accuracy
[184].

�w =

8>><
>>:

A+ � exp ��t
�+

if �t � 0

�A
�

� exp �t
�
�

if �t < 0
(2.7)

Another bio-inspired learning method is the delay learning method [179]. Contrary to
STDP, where wemodify the synaptic weight, in delay learning, wemodify the delay be-
tween the spike reception and the spike integration into the membrane potential [67].
Figure 2.9 illustrates the impact of delay learning on membrane potential. Before the
delay learning, represented in left graphs, the two input spikes are too spaced to trig-
ger an output spike. However, after the learning phase, as shown on the right graphs,
the two input spikes are close enough to trigger an output spike withoutmodifying the
synaptic weight between the neurons. In this example, we did not modify the weight
between neurons during learning, but it is possible to learn delay and synaptic weight
[168].
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Figure 2.9 – Delay learning representation. Left graphs represent themembrane dynamic before learning,
and right graphs show the membrane potential after delay learning. In the right graph, the
blue spike is delayed by 15 ms, resulting in an output spike generation since the spikes are
accumulated within a smaller time window.

Other bio-inspired learning methods, such as dendrite-based [204] or STDP variation
[203] are proposed.

Backpropagation-Adapted Learning Rules

In contrast to bio-inspiredmethods, we can adapt learningmethods used to train ANN
for SNN training, and more specifically, the backpropagation method.
Backpropagation (BP) was introduced by Rumelhart et al. in 1986 [158] and has proven
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to be a very efficient approach for neural network learning. However, this learning
method requires differentiable neuron activation functions, which is not the case for
spiking neuron activation functions. In fact, the membrane reset after spike emission
can be considered as a Heaviside function S(V (t)) = �(V (t)� Vth), which is not differ-
entiable [101, 80, 134].
The major challenge for applying the BPmethod is thus to make the spiking neuron ac-
tivation function differentiable. To overcome this problem, Neftci et al. [134] propose
to smooth the Heaviside function used for spike generation with a surrogate gradient,
making the membrane potential reset differentiable during the backward pass and
thus compatible with BP learning. Many surrogate functions can be defined, provided
they approximate the Heaviside function with a differentiable function. In Figure 2.10,
we represent the surrogate gradient with two different surrogate functions: the sig-
moid function in orange [210] and the arc tan function in green [49].

1.00 0.75 0.50 0.25 0.00 0.25 0.50 0.75 1.00
V Vth

0.0

0.2

0.4

0.6

0.8

1.0

s

Heaviside
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Figure 2.10 – Approximation of the Heaviside function using two surrogate gradient functions, based on
the difference between the membrane potential and the threshold voltage. The original
Heavisde function is presented in blue, the sigmoid approximation is represented by the
orange dashed line, and the Arctan approximation is illustrated with the green dotted line.

Due to the importance of time in SNNs, it is also possible to use BP-based learning
methods with additional temporal information. We can mention Backpropagation
Through Time (BPTT), initially used to train RNN networks [39, 194]. Other methods
have also been proposed, such as Spatio-Temporal Backpropagation (STBP) by Wu et
al. [194].

2.1.6 Conclusion

In this section, we present a new generation of neural networks that draw inspiration
from the human brain, not only in their network topology but also in the way data
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is represented within the brain. In neuromorphic computing, data is represented as
spikes, which are timestamped events (Section 2.1.1). Spikes can be produced directly
from neuromorphic sensors such as Dynamic Vision Sensor (DVS) cameras or gener-
ated by conversion methods (Section 2.1.3). These spikes are processed by spiking
neurons, a particular neuron model that accumulates input spikes within a membrane
potential and emits an output spike when the potential exceeds a threshold voltage.
A particular mechanism of spiking neurons is the membrane voltage decay mecha-
nism, which occurs when no input spikes are received. Thanks to this particularity,
SNNs appear as good candidates for temporal data processing (Section 2.1.2). As with
other generations of ANNs, SNNs can be arranged with different network topologies,
from simple topologies such as Feed Forward Fully Connected (FF-FC) tomore complex
ones such as Convolutional Neural Network (CNN) or reservoir computing (Section
2.1.4). Due to the particularities of SNNs, learning methods must be adapted, either
by drawing inspiration from biology or by adapting already known methods such as
BP learning methods (Section 2.1.5).

2.2 Neuromorphic Hardwares

The sparse activity within SNNs leads to the following conclusions: the neuron state
is updated when new informations, i.e., spikes, are detected, and the synaptic weight
read operation frequency is reduced. These two points present SNNs as an interesting
neural network technology for low-power tasks. However, running SNNs on Central
Processing Units (CPUs) or Graphic Processing Units (GPUs) does not consider these
particularities, which is a major reason why researchers aim to create dedicated hard-
ware for SNN emulation.
Due to their biological inspiration and the use of analog neuron models, analog hard-
ware implementations appear as a natural approach for SNN hardware implementa-
tion. However, as we will see in Section 2.2.1, analog implementations raise several
challenges. To address these limitations, researchers propose alternative strategies
such as mixed analog-digital architectures, presented in Section 2.2.2, or fully digital
architectures, discussed in Section 2.2.3.

2.2.1 Analog Hardware Architectures

In his paper, Mead [126] conceptualizes neuromorphic computing as an analog neural
network technology. This is primarily because the human brain, like analog circuits,
operates in an analog and asynchronous manner. Additionally, digital hardware sys-
tems, due to their design, consume more energy than dedicated analog hardware.
One approach to implementing analog SNNs is to use Field Programmable Analog Ar-
rays (FPAAs), an analog equivalent of FPGAs, as the hardware target [133, 164, 166].
However, the majority of analog architectures consist of custom chips [164].
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To implement SNNs on analog chips, it is necessary to implement both the neuron
model and the synaptic weight memory. Implementing a spiking neuron model in
analog technology appears to be feasible and efficient in terms of energy efficiency.
Sourikopoulos et al. propose a spiking neuron model using 65 nm sub-threshold Com-
plementary Metal Oxide Semiconductor (CMOS) technology that consumes only 4 fJ
per neuron [175].
Themajor challenge of analog implementation is the synaptic weight implementation.
A significant innovation for synapticweights was the implementation of thememristor
component, theorized in 1971 by Chua [36] and first implemented in 2008 by Strukov
et al. [176]. The memristor can be described as a passive resistor where the resistive
value can be controlled by an input voltage. Memristors appear to be good candidates
for analog synaptic weights with online learning capabilities [32, 62]. Additionally, Re-
sistive Random Access Memory (RRAM) also appears to be a promising approach for
analog synaptic weight memory [186].
Another major challenge of analog hardware architecture is the spike routing, and in-
ternal communication can become a significant limitation due to the high number of
neurons and spikes [164].
Other researchers propose to implement neurons analogically and synaptic weights
with digital memory, leading to a new type of architecture that combines both digital
and analog technologies. We will present this approach in the next section.

2.2.2 Mixed Analog and Digital Architectures

In the previous section, we highlighted twomajor challenges of implementing SNNs on
fully analog hardware: synaptic weight memory and spike routing. Several researchers
propose to maintain analog neuron models while implementing synaptic weights or
spike routing with digital technology.
Neurogrid [15] proposes an analog representation of neurons and synapses. Synapses
are localized near the neurons and consist of analog conductances that emit input
currents when an input spike is received. The digital part of Neurogrid consists of the
spike routing scheme, which is based on a tree topology [127].
BrainScaleS [161, 146] also proposes to implement analog neuron models with digital
synaptic memory. In BrainScale2 [146], analog neuron models can be parameterized
by digital parameters stored in an 80-bit Static Random Access Memory (SRAM) and
converted using a 10-bit resolution Digital to Analog Converter (DAC). The synaptic
weights are locally stored in a 6-bit SRAM. In addition to neuron parameters, and con-
trary to Neurogrid, the synaptic weights are stored in a 6-bit SRAM memory. Thanks
to the network topology, these weight memories can be placed locally on neurons.
Similarly, DYNAPs [131, 154] propose to implement neuron models with analog tech-
nology and synaptic weights with digital SRAM. The major contribution of DYNAPs is
the spike routing scheme based on a mixed topology, featuring a 2D-mesh topology
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at the local level and a tree-based routing strategy at a higher level [130].
These architectures can achieve low-power consumption thanks to their analog com-
putational components and a high level of flexibility due to the digital synaptic weight
memory or digital event routing schemes, making these boards highly adaptable.

2.2.3 Digital Architectures

In contrast to analog architectures, researchers have also focused their studies on fully
digital architectures for SNN emulation. As discussed in the previous section, digital
implementations can address some challenges of fully analog implementations, such
as synaptic weight storage and spike routing. Fully digital architectures appear to be
good candidates for low-power and large-scale SNN deployment, thanks to the matu-
rity and robustness of CMOS technology.
Awell-knowndigital neuromorphic architecture is SpiNNaker [143, 27, 124]. SpiNNaker
is based on the interconnection of ARM Cortex M4F processors. In SpiNNaker 2 [124,
58], each ARMprocessor can emulate up to a thousand neurons with amillion synaptic
connections [78], depending on the neuron model emulated by the neurocore. The
major contribution of SpiNNaker is the spike routing scheme and the interconnec-
tion of ARM processors. Each neurocore, i.e., ARM processor, implements an inter-
nal router to route generated events. Routers are connected with a toric topology,
demonstrated as the best topology for event routing [145, 193, 58].
Another notable digital architecture is TrueNorth developed by IBM [6]. Similar to
SpiNNaker, TrueNorth is composed of multiple neurosynaptic cores, each emulat-
ing 256 neurons and 64,000 synapses. TrueNorth chip implements 4,096 neurosy-
naptic cores interconnected in a 2D-mesh topology with routers. An interesting de-
sign choice of TrueNorth is the use of a Globally Asynchronous Locally Synchronous
(GALS) approach. Neurosynaptic core communication and circuit control operate
asynchronously in contrast to neuron emulation, which runs synchronously. This re-
sults in high-speed communication and minimizes the number of clock transitions,
thereby reducing dynamic power consumption. The power consumption depends on
the number of active synapses and spikes, but the authors consider 65 mW as typical
power consumption.
We can also mention Loihi, developed by Intel [41, 42, 141]. Like the two previous ar-
chitectures, Loihi implements several neurocores to emulate a collection of neurons,
up to a maximum of 8,192 neurons per core in Loihi 2. Unlike other chips, Loihi imple-
ments an undefined number of synapses by using an internal synaptic memory, and
the maximum number of synapses will depend on the synaptic format. An interesting
feature of Loihi is the online learning engine provided by the neurocore, enabling the
chip to run STDP learning rules on the chip.
Other ASIC neuromorphic systems are proposed for general purposes [118] or dedi-
cated tasks such as embedded IoT systems [81], vision processing [155], or audio pro-
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cessing [21]. We can also mention the Akida AKD1000 chip, developed by BrainChip
[5, 136]. The chip can emulate a wide variety of neural network topologies, such as
FF-FC, recurrent and CNN using the LIF neuron model. Additionally, the Akida chip
supports online learning and is compatible with the TensorFlow framework [123] and
CNN2SNN toolkit developed by BrainChip.
In this section, we focused our presentation on ASIC digital architectures. However,
ASIC construction can be costly and lacks of reconfigurability. FPGAs appear to be a
suitable alternative for cost-effective and highly flexible implementations. As this is
the main subject of the thesis, we will dedicate the next section to focusing on FPGA
implementation methods of SNNs.

2.3 SNN Implementation on FPGA

As discussed in the previous section, neuromorphic computing was initially conceived
as a fully analog approach. However, fully analog hardware architectures present sev-
eral significant challenges. While mixed analog-digital and fully digital ASICs can ef-
fectively address these challenges, these solutions come with their limitations. Specif-
ically, ASIC development is associated with high costs, extended development time-
lines, and inherent architectural inflexibility once manufactured.
One initial approach to implementing SNNs flexiblely involves using CPUs and GPUs.
While these offer a high level of flexibility, they are typically too power-intensive for
low-power embedded applications. Field Programmable Gate Arrays (FPGAs) emerge
as promising hardware targets for low-power and flexible implementations. Despite
the relatively high-power consumption of FPGAs due to memory access operations
[105], they have been successfully deployed in embedded tasks such as robotics [23]
and in-orbit satellite systems [4].
Even for non-embedded applications, FPGAs can serve as effective hardware acceler-
ators, providing a cost-efficient entry point for neuromorphic hardware acceleration.
They offer high computational performance and reconfigurability, enabling users to
implement various network topologies [90, 50, 82, 149, 111].
Implementing SNNs on FPGAs presents unique challenges and issues due to hardware
constraints and platform specificities. This section focuses on the major challenges
of SNN implementation on FPGA hardware targets. In Section 2.3.1, we will introduce
the subject by discussing emulation strategies, an important aspect for understanding
the implementation of spiking neuron models detailed in Section 2.3.2. Then, in Sec-
tion 2.3.3, we will address the challenges introduced by synapses in terms of memory
consumption and the implementation of continuous synaptic models. Subsequently,
we will see what network topologies are implemented on FPGA. Before focusing on
interesting FPGA neuromorphic emulators in Section 2.3.5, we will present implemen-
tations of learning methods on FPGAs in Section 2.3.4.
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2.3.1 Emulation Paradigm: Clock-Driven VS Event-Driven

As we previously explained in Section 2.1.2, most spiking neuron models are described
by one or more differential equations. To emulate neurons, it is necessary to solve
these equations. The method of how we solve the equation can result in an opposite
emulation paradigm. In this section, wewill so present the twomajor emulation strate-
gies, Clock-Driven and Event-Driven, which are essential to understanding the neuron
implementation presented in the next section.
TheClock-Driven emulationparadigmconsists of updating neuron state regularly, even
in the absence of new spikes. A major drawback of the emulation paradigm is to lose
the benefits of event sparsity, which reduce the neuron update and the memory ac-
cess operations, power-hungry operations [105]. However, this emulation paradigm
greatly facilitates the resolutions of differential equations by using iterative solving
methods such as Euler or Runge-Kutta [61, 122, 90], as it shows in Equation 2.8.

V [t+ 1] = V [t] +
dv

dt
(2.8)

In opposition to Clock-Driven emulation paradigm, we can keep the event-based ap-
proach of neuromorphic computing and use Event-driven emulation paradigm. This
emulation paradigm keeps the benefits of spike sparsity, but it is necessary to solve
differential equation(s) over time. For simple neuron models such as LIF, equation res-
olution can be easily done but result in a more complex mathematical operation. Li
et al. [108] illustrate this drawback with the following example: the solved Equation
2.9 involves addition, multiplication, and exponential function. With clock-driven ap-
proach, �t = 1 and exp (� 1

�
) = � and can be simplified by a combination of addition

and multiplication, as illustrated by Equation 2.10. Other neuron models cannot be
solved, such as the Izhikevich model, which is too complex to be solved.

v = vrest + (v � vrest) exp (�
�t

�
) (2.9)

v = vrest + (v � vrest)� (2.10)

In their work, Li et al. [108] summarize the two emulation strategies as follows: ”The
clock-driven computing results in more frequent computation, but its computational
complexity at each time is less than that of the event-driven computing technique.” To
leverage the advantages of both approaches while mitigating their drawbacks, they
propose an adaptive emulation paradigm that dynamically switches between clock-
driven and event-driven modes based on the spiking activity inside the network.
It is important to differentiate Clock-Driven and Event-Driven, which define how and
when neuron states are updated independently to hardware architecture, and syn-
chronous and asynchronous, which are specific to hardware architecture using a clock
signal or not.
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Figure 2.11 – Izhikevich neuron classification depending on biological plausibility and computational com-
plexity from [84]. The abscise axis represents the computational complexity of the neuron
model, measured by the number of FLOPS, while the ordinate axis indicates the level of bio-
logical inspiration. The HHmodel is positioned at the bottom right due to its high biological
plausibility, placing it at the bottom, but its high mathematical complexity places the model
to the right. The LIF models are less computationally complex, positioning them to the left,
but their lower biological plausibility places them higher on the ordinate. The Izhikevich neu-
ron model appears as the best trade-off between biological inspiration and computational
cost.

2.3.2 Spiking Neuron Models

In the previous section, we focused on emulation strategy and how it can impact the
manner of howwe solve differential equations. In this section, we will focus on neuron
models used in FPGA neuromorphic emulators.
The choice of neuronmodel has a significant impact on emulator performances. Since
neurons are one of the most significant computational resources inside SNNs, neuron
hardware implementation is crucial. Depending onmathematical complexity and em-
ulation strategy, the hardware footprint of hardware neurons will differ and can re-
strict the number of neurons that can be implemented due to hardware limitations of
FPGA. That can significantly impact power performances. Two solutions can be em-
ployed to leverage the hardware footprint of neuron models, firstly the choice of the
neuron model and secondly the multiplexing of the neuron model.
In his paper, Izhikevich [84] has classified different neuron models depending on bi-
ological plausibility and computational cost, illustrated by Figure 2.11. As we can see,
the computational cost, representedwith FLOPS, of neuronmodels highly differs from
different models. Even if the implementation cost is given for software cost, it gives a
good estimation of the mathematical complexity and complexity of hardware imple-
mentation.
Several studies have implemented the HH neuron model on FPGA. However, due to
mathematical complexity, it is necessary to reduce the mathematical complexity of
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operations. Yaghini et al. [197] propose to use COordinate Rotation DIgital Computer
(CORDIC) algorithm to implement exponential function. In [10], authors propose to
linearize the exponential function to reduce the mathematical complexity of the neu-
ron model. Another way to simplify the HH model is to approximate the exponential
function with a set of base-2 functions [66]. Shama et al. [165] propose to combine
the two previous methods to implement the HH neuron model.
The same previously described methods have been used to implement the Morris-
Lecar neuron model [70, 102] or the FitzHugh-Nagumo model [209, 137].
According to Figure 2.11, the Izhikevich neuron model offers the best trade-off be-
tween computational complexity and biological plausibility. As for previous neuron
models, the CORDIC algorithm [74, 187, 181] has been employed to implement mul-
tiplications and quadratic therm. It is also possible to fit Izhikevich parameters to
simplify multiplications into shift registers, as demonstrated in [103]. Liu et al. [113]
propose to implement a stochastic-based Izhikevich neuron model that achieves low
hardware consumption with high computational precision. In [65] and [152], authors
propose to replace the quadratic function by an optimizing cosh function based on
shift registers and addition. We can finally notice a Look-Up Table (LUT)-based im-
plementation where v[t] is used as the read address to access the next pre-calculated
v[t+ 1] [8].
However, aswe can see in Figure 2.11, themost computationally efficient neuronmodel
is the Leaky Integrate and Fire (LIF) neuron model. Even if it is not a bio-plausible
neuron model, its computational complexity is enough to run SNN and achieve good
accuracy. The LIF neuron model offers the best trade-off between computational
efficiency and computational complexity. The major challenge for the LIF implemen-
tation is how the decay mechanism operates with multiplication, a power-hungry op-
eration. A first solution is to fix the decay factor as a power of 2 and so replace multi-
plication with a shift register [29, 28, 51, 7]. Another solution proposed by Gupta et al.
is to linearize the decay and so replace multiplication by subtraction [63, 129]. We can
also cite the CORDIC algorithm used in [192] to implement the exponential function
that occurs when the LIF neuron model is solved.
To minimize neuron model hardware impact, we can change the neuron model for a
simpler model, adapt neuron parameters to simplify mathematical operations, or im-
plement these operations with a hardware-efficient algorithm. Another solution to
minimize the neuron’s impact is to time-multiplex the hardware neuron [2]. SPLEAT
emulator [4, 3] proposes to multiplex a single hardware neuron per Neural Processing
Unit (NPU) and implement one NPU per layer. In another study, Liu et al. [114] imple-
ment 16 hardware neurons and multiplex these neurons to emulate all SNN’s neurons.
In this section, we focused on the implementation of neuron models on FPGA. Be-
cause the neuron model is a predominant computational resource, the choice of neu-
ron model can have a significant impact on emulator performances. The HH neuron
model is highly bioplausible but also highly hardware expensive. Izhikevich reduced
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computational complexity and kept high bio-inspiration degrees. If the bio-inspiration
is not an important point, a simpler model such as IF or LIF can be used. In addition to
the neuron model choice, some hardware optimization methods can be applied, such
as shift registers for multiplications, CORDIC algorithms LUT with already computed
values, or stochastic computing. Another way to minimize the hardware impact of
the neuron model, several works proposed a time-multiplex hardware neuron model
to emulate several neurons with a single hardware circuit.

2.3.3 Synapses Models

The previous section was focused on neuron models, one of the most present com-
putational resources. The other major computational resources are synapses. In this
section, we will focus on synapses implementations on FPGA neuromorphic emulators
and the memory issue raised by synaptic weight storage.
Some works propose to implement a continuous model of synaptic weight [188, 206],
but most FPGAworks implement synaptic weight and input current as a weighted sum
described by Equation 2.11. To reduce memory consumption, Tang et al. propose an
implementation of weight-binarized SNN to reduce as much as possible the memory
consumption [180].

I(t) =
X
i

wi � xi(t) (2.11)

Other researchers propose to implement synaptic delay to support SNN trained with
delay-learning methods, previously described in Section 2.1.5. Zheng et al. [215] pro-
pose programmable delay parameters for synapses. Leone et al. propose an imple-
mentation of delay mechanisms at an axon level [106].
Synapses and more specifically synaptic weight implementation is a major challenge
due to the high consumption of memory used to store synaptic weight. Lemaire et al.
[105] study has shown the significant impact of memory access on energy consump-
tion. Moreover, due to the limited amount of memory on FPGA boards, the resolution
of synaptic weight can have a significant impact on network size.

2.3.4 Network Topologies

In the two previous sections, we identified two challenges for SNN implementation on
FPGA. The first one is the choice neuron model. Depending on the neuron model and
the emulation strategy of the emulator, Clock-Driven or Event-Driven, the hardware
footprint of neurons is a first limiting factor for network implementation. For similar
reasons, synapses also limit implementation possibilities due to the constrained mem-
ory resources available within FPGAs. In this section, we will focus on other challenges
specific to network topology implemented on FPGAs.
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FF-FC and RNN are relatively simple network topologies, and their implementations
are well understood. Thanks to the reconfigurability of FPGAs, each layer can be im-
plemented within a neuron emulation unit that emulates a group of neurons. These
units can be connected with point-to-point connections and transfer spikes directly
from a layer to the next [4, 28]. For recurrent networks, neuron emulation units sup-
port recurrence as an internal mechanism, and the overall architecture remains similar
to that previously described [28].
Otherworks propose to implement SpikingConvolutionalNeuralNetwork (SCNN) net-
work topologies, which are particularly interesting for image classification [90]. Most
of these works focus on convolutional kernel implementation, and one particularly
interesting method is kernel subdivision operations. Chen et al. [33] propose a subdi-
vision of the kernel into channels to process convolution in a parallel way, and feature
maps are then regrouped with a tree adder. In DeepFire2 [13], the authors propose a
kernel filter with a configurable level of parallelism to fit the best trade-off between
hardware footprint and execution latency.
Some works propose an interesting approach that leverages the advantages of both
ANN and SNN, creating hybrid neural networks [104, 208]. Lemaire et al. [104] pro-
pose to use non-spiking CNN to extract feature maps of static input images with a low
latency and then convert feature maps to spikes and take advantage of spike sparsity
for low-power classification.
Regardless of the network topology, implementing a large-scale neural network on FP-
GAs is a significant challenge due to hardware resource limitations. Larger chips, such
as Zynq Ultrascale [50], can be used to increase network size by increasing the chip ca-
pacity. BiCoSS implements large SNNswithmultiple Cyclone V FPGA chips connected
in a tree topology with efficient spike routing [201, 200]. Wang et al. propose to multi-
plex neuron circuit and propose a neuron organization into hyper-column tominimize
hardware footprint with additional Double Data RAM (DDR) memory to emulate from
20 millions to 2.6 billion neurons [188].

2.3.5 Learning Methods Implementation

In the previous sections, we have focused on major challenges for SNNs FPGA imple-
mentations. In all cases, the emulation strategy, spiking neuron model, network topol-
ogy, and synapses model must be carefully designed and chosen to run, at least, SNN
inference. Another major challenge for SNN implementation is the learning algorithm.
In FPGA emulators, most works prefer to use offline training on CPU or GPU and then
program internal FPGA memory with trained weight. However, several studies have
proposed to implement online algorithms. In this section, we will focus on challenges
in implementing online learning algorithm implementation on FPGAs.
Due to high mathematical complexity and the needs of a global view of the networks,
the Backpropagation (BP) learning algorithm is not well-used for online learning meth-
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ods. Several works propose digital implementation of BP for neuromorphic emulators
[164, 138]. If we consider non-spiking ANNs implementation, more articles can be
found of FPGAs implementation of BP [93]. Using a co-processor to run the learning al-
gorithm appears as a viable solution to minimize the hardware impact of the learning
algorithm and simplify the implementation of complexmathematical operations [142].
Fully FPGA implementation appears limited with lower accuracy [89] or constraints on
network size [185].
Hebbian-based learning methods are preferred by researchers due to their local im-
plementation and simpler mathematical operations. The most well-known Hebbian
learning method is STDP, previously detailed in Section 2.1.5 and described by Equa-
tion 2.12.

�w =

8>><
>>:

A+ � exp ��t
�+

if �t � 0

�A
�

� exp �t
�
�

if �t < 0
(2.12)

Themajor challenge in implementing STDP is exponential functions. Similar to neuron
model implementation, several researchers have proposed to use CORDIC to imple-
ment STDP function [74, 167]. Another method involves using LUT with pre-calculated
values to replace exponential operations by a read operation [115, 108, 172]. Other
researchers propose approximating exponential functions with the Piecewise linear
(PWL) method [10, 88, 57]. To simplify the computation of �t = tpos � tpre, researchers
propose to use shift registers to delay input spikes and calculate �t for each synapse
[115, 108, 30]. Other works propose variation of STDP with tiplet-based STDP [148]
where an additional pre-synaptic or post-synaptic spike is considered to compute �w

[94, 203, 88, 71, 200].
Others learningmethods are implementedon FPGAs, such as thedendrite-based learn-
ing method [201, 204], where the learning method depends on spike timing and on
dendritic activity or delay learning methods [91].

2.3.6 Notable FPGA Emulators

In the previous sections, we presented several challenges in implementing SNNs on
FPGAs. The choice of neurons and synapses appears crucial and can limit the network
topology possibilities. While most researchers train their network with offline devices,
efforts are being made to develop online learning methods. In this section, we will
present two important emulators: SPLEAT in Section 2.3.6 and Spiker+ in Section 2.3.6.

SPLEAT

SPiking Low-power Event-based ArchiTecture (SPLEAT) [3, 4, 104] is a neuromorphic
emulator developed by the EDGE research team of the LEAT laboratory.
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SPLEAT is based on the interconnection of configurable Neural Processing Modules
(NPMs), each emulating a layer of the network. NPMs can be configured to emulate
different layer topologies, such as convolutional, pooling, and dense layers. SPLEAT
proposes IF and LIF neuron models, but authors consider the IF model sufficient for
static data processing.
To achieve low-power inference, SPLEAT adopts an event-driven emulation strategy,
which is simplified by the use of the IF neuronmodel. The authors also propose a time-
multiplexing neuron model to minimize hardware resource consumption and, there-
fore, power consumption. However, this approach increases the inference speed but
remains fast enough for high-speed classification [2].
An interesting feature of SPLEAT is its ability to run hybrid neural networks with formal
convolutional kernels to extract featuremaps. These canbe converted into spikeswith
a spike generation module that converts input data into spikes with rate or temporal
coding.
SPLEAT has been utilized for in-orbit processing of satellite imagery for cloud segmen-
tation using a hybrid neural network. The neural network was embedded in a Cyclone
V FPGA on an OPSSAT satellite, demonstrating SPLEAT’s capability to perform embed-
ded classification tasks with high-speed and low-power consumption.

Spiker+

Spiker+ is an open-source FPGA emulator presented byCarpegna et al. [29, 28] in 2023,
developed in parallel with our works.
Spiker+ proposes to emulate each layer of the networkwith differentmodules, oneper
layer. Each module is composed of internal synaptic weight memory, a layer control
unit, and a neuron model implemented in parallel to optimize the inference latency.
Spiker+ offers three neuron models with different degrees of complexity, which can
be described by Equation 2.13. If � = � = 1, the model reduces to an IF neuron model.
If � 6= 1 and � = 1, the neuron model corresponds to a first-order LIF. Finally, if � 6= 1

and � 6= 1, we obtain a second-order neuron model. For each neuron model, Spiker+
proposes hard reset Vm = 0 and soft reset Vm = Vm � Vth. Spiker+ appears to be highly
configurable in terms of the neuron model.

8>><
>>:

Isyn[t] = � � Isyn[t� 1] +W � sin[t]

Vm[t] = � � Vm[t� 1] + Isyn[t� 1]
(2.13)

In addition to the FPGA emulator, Spiker+ offers a configuration framework based
on SNNTorch to enable users to create, train, and implement SNNs with their emu-
lator without requiring hardware design knowledge. The framework can be found on
GitHub with many examples and a video tutorial: https://github.com/smilies-
polito/Spiker.
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2.4 Conclusion

In this chapter, we present a state-of-the-art review on hardware implementation of
SNNs.
Neuromorphic computing is a novel computational approach inspired by the human
brain and is considered the third generation of Artificial Intelligence (AI) (Section 2.1.1).
In neuromorphic computing, data are represented as timestampedevents called spikes
(Section 2.1.3). These spikes are processed by Spiking Neural Networks (SNNs), which
consist of the interconnection of spiking neuron models (Section 2.1.2) and appears
to be a viable candidate for low-power processing. Thanks to their ability to consider
temporal information, SNNs are well-suited for temporal data processing. Due to this
novel approach, classical learning methods must be adapted, or new learning meth-
ods inspired by the human brain can be used (Section 2.1.4).
To achieve low-power, neuromorphic computingmustmove away fromVonNeumann
architectures, and specific hardware architectures must be developed (Section 2.2).
Initially designed as analog technology, SNNs have led to the proposal of fully analog
architectures. However, the development of fully analog chips presents several chal-
lenges, particularly in terms of scalability and synapses implementations (Section 2.2.1).
Mixed digital-analog approaches offer solutions to increase network scalability and im-
plement synapses with digital memory (Section 2.2.2). In contrast to the two previous
approaches, researchers propose a fully digital architecture based on the well-known
CMOS technology, which appears highly scalable with low-power performances (Sec-
tion 2.2.3).
Field Programmable Gate Arrays (FPGAs) appear to be a good entry point for fully
digital architecture and hardware implementations. Thanks to their reconfigurability,
FPGAs can be used to propose new design methods and hardware implementation
innovations with low development time and cost while maintaining good latency and
power performances (Section 2.3). Several points are important when designing FPGA
emulators. The emulation strategy can have a significant effect on the power con-
sumption of the emulator (Section 2.3.1). Moreover, the emulation strategy can have
a significant impact on neuron implementation, a crucial design point where, depend-
ing on the mathematical complexity, can affect power, latency, and scalability of the
emulator (Section 2.3.2). The synapse model is also a crucial point due to the limited
memory provided by FPGAs, which can limit the scalability of network topology and
increase power consumption (Section 2.3.3). Due to limitations of hardware resources,
network implementations can be limited, and researchers propose several solutions to
implement various network topologies (Section 2.3.4). To increase the computational
capability of emulators, researchers propose to implement online learning methods
to enable architectures for continuous learning (Section 2.3.5).
FPGA implementations represent an active research domain with the following chal-
lenges :

31



2 State of the art

— Mathematicalmodel implementation: The implementationofmathematicalmod-
els, such as neuron or synapse models, learning rules, or other mechanisms such
as convolutional kernels, is a crucial point on hardware implementation. Because
neurons and synapses are the most important computational resources on SNN,
their hardware implementation has a significant impact on architecture scalabil-
ity, latency, and power performances.

— Hardware constraints: Due to limited computational and memory resources on
FPGAs, the neurons and synapses model, the size of the network, and the imple-
mentation of additional features, such as learning methods, appear as a major
challenge.

— Maintaining event-driven computation: Most works propose a clock-driven em-
ulation strategy where neuron states are updated even in the absence of input
spikes. This approach is often chosen due to the high mathematical complexity
induced by event-driven algorithms. However, event-driven has been proven to
be the best emulation strategy for low-power classification.

Many proposals from researchers exist to address these challenges. However, the vast
majority of these solutions consist of close-source implementation, which forces re-
searchers to re-implement a full architecture to propose a new feature. The need for
open-source emulators that provide a common set of tools for researchers appears as
crucial to advance research on SNN implementation on FPGAs. In the next chapter,
we will present ModNEF, an open-source emulator, highly configurable with a stack of
tools enabling users to create, train, and deploy an SNN on FPGA. After a complete
presentation of our tools, we will compare our architecture with the other existing
propositions.
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In the introduction, we set the following motivations :
— Flexibility: The emulator must be capable of emulating a wide variety of net-

works with various network topologies, particularly focusing on feed forward and
recurrent topologies, with multiple spiking neuron models, including heteroge-
neous neural networks. Beyond network flexibility, it should provide fine-gained
control over hardware-specific metrics, enabling users to optimize hardware re-
sources, memory usage, power consumption, and latency of the hardware imple-
mentation.

— Accessibility: The emulator must be enough intuitive to be used by researchers
without FPGA and hardware design expertise. Simultaneously, the source code
must be comprehensible to SNN hardware developers, serving as an entry point
for new research, which leads to the next requirement.

— Extensibility: The emulator should serve as a foundation for future research and
development. It is crucial for our tools to support the development and inte-
gration of new neuron models, emulation algorithms, convolutional kernels, or
learning methods.

In addition to thesemotivations, the state-of-the-art explorations raise additional chal-
lenges, specific to FPGA implementation:
— Mathematicalmodel implementation: The implementationofmathematicalmod-

els, such as neuron or synapse models, learning rules, or other mechanisms such
as convolutional kernels, is a crucial point on hardware implementation. Because
neurons and synapses are the most important computational resources on SNN,
their hardware implementation has a significant impact on architecture scalabil-
ity, latency, and power performances.

— Hardware constraints: Due to limited computational and memory resources on
FPGAs, the neurons and synapses model, the size of the network, and the imple-
mentation of additional features, such as learning methods, appear as a major
challenge.

— Maintaining event-driven computation: Most works propose a Clock-Driven em-
ulation strategy where neuron states are updated even in the absence of input
spikes. This approach is often chosen due to the high mathematical complexity
induced by Event-Driven algorithms. However, event-driven has been proven to
be the best emulation strategy for low-power classification.

In this chapter, we will present in detail our tool, Modular Neuromorphic Emulator for
FPGA (ModNEF) [159] and how our tools answer to our initial motivations and address
the research challenges. Written in Verry High Speed Integrated Circuit Hardware De-
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scription Language (VHDL) and designed as amodular architecture, ModNEF proposes
different neuron models, three based on the LIF neuron model and a IF neuron model.
Each neuron is proposed with two different emulation algorithms and recurrent lay-
ers. These modules communicate through point-to-point connections and provide
additional modules to manage modules interconnections, allowing users to develop
complex network topology.

In the first Section 3.1, we will present the global architecture design. In Section 3.2,
we will detail the neuron emulation module, including neuron mathematical models
and neuron emulation algorithms. The third section, Section 3.3, will cover the vari-
ous communicationmodules for on-chip and off-chip communication. Following that,
Section 3.4 will address recurrent layers and their implementation in ModNEF. Before
concluding if ModNEF answers to the presented motivations, we will present, in Sec-
tion 3.5, the software high-level library provided to simplify the use of our emulator.

3.1 General Architecture

As the name suggests, ModNEF is a modular architecture. ModNEF provides several
independent modules that users can connect to create more complex architectures
capable of emulating SNN. In this section, we will describe the general aspects of Mod-
NEF’s architecture. We will first discuss how ModNEF implements an SNNs. After this
brief presentation, we will present the computational paradigm adopted in ModNEF.
Following that, we will introduce the spike representation within the architecture be-
fore detailing the common communication protocol. Finally, we will explain how the
emulation process operates as a pipeline, where each module processes a different
emulation step over time.

Figure 3.1 represents an example of a 2-layer FF-FC network implementedwithModNEF
architecture. The Universal Asynchronous Receiver Transmitter (UART) module, which
can be interpreted as the input layer of the network, receives input spikes from the
host computer and transmits these to the module, which emulates the hidden layer.
The hidden layer module and output layer module are connected with the common
data bus, and the output layer sends output spikes to the UART component, which
will transmit them to the computer.
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reception trans
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Figure 3.1 – Example of 2-layer network implemented in ModNEF. The architecture consists of three mod-
ules: twomodules to emulate the two layers of themodel and a UARTmodule. The reception
process of the UART module transmits input spikes to the hidden layer, emulating the input
layer. Meanwhile, the transmission process receives spikes from the output layer module and
transmits the output spikes to the host.

ModNEF adopts a clock-driven emulation strategy insteadof an event-driven approach.
This means that neuron states are updated at regular intervals, even in the absence of
input spikes. This approach simplifies neuron update operation, as event-driven archi-
tectures require storing the last update date to accurately calculate membrane decay.
Furthermore, Li et al.’s study [108] demonstrates that a clock-driven paradigm can be
advantageous when spike density is high. In event-driven architectures, it is neces-
sary to store and process generated events, which can negate the energy savings from
fewer neuron updates if many events need to be processed and routed. Although the
clock-driven paradigm may be less biologically realistic, it offers a favorable trade-off
between computational complexity and power consumption.
In ModNEF, similar to many digital neuromorphic architectures [4, 143, 29], spikes are
represented using the Address Event Representation (AER) format [19]. Instead of rep-
resenting a spike as a 1-bit signal (i.e., 1 for emitted and 0 for not emitted), the AER for-
mat represents the spike as a neuron address. In some cases, such as with TrueNorth
[6, 207], the address represents the address of the neuron that must receive the spike.
However, in most cases, including ModNEF, the address represents the emitter neu-
ron [207]. An advantage of this spike representation is the ability to include additional
information within the data packet. For example, the binaural neuromorphic cochlea
developed by Angel Jiménez-Fernández et al. [87] includes a 1-bit Most Significant Bit
(MSB) to identify the sensor (left or right) that emitted the spike and a 1-bit Less Sig-
nificant Bit (LSB) for spike polarity (positive or negative). The Darwin emulator [118]
includes the date of spike emission. In ModNEF, it is not necessary to add more in-
formation to the data bus beyond the AER data. Due to point-to-point connectivity,
the same neuron address can be shared by multiple neurons, provided they are not
emulated within the same neuron emulation module. In other words, each emulation
neuron module operates as an independent address space.
In ModNEF, AER packets are transmitted via point-to-point data bus using a common

35



3 ModNEF: a Modular Neuromorphic Emulator for FPGA

transmission protocol. Figure 3.2 illustrates this data transmission protocol. When
the transmitter module updates the neuron state, it sets the emu_busy signal to 1,
indicating to the receiver module that it is ready to start the synchronization phase.
The synchronization phase is based on a 4-phase handshake protocol using req and
ack signals. Once the two modules are synchronized, the AER data is written onto the
AER parallel bus. Additionally, the spike_flag signal is set to 1 to indicate whether the
address on the AER bus represents a spike. This is necessary due to the arbitration
phase, which will be described later in the section dedicated to emulation strategies
(Section 3.2.2). After all data has been transmitted, the emu_busy signal returns to 0,
concluding the spike transmission phase.

Emu_busy

req

ack

spike_flag

AER

Time

Figure 3.2 – Inter-module transmission protocol. The communication process begins when the transmit-
ter sets the emu_busy at 1. The transmitter then initiates the synchronization process using a
4-phase handshake protocol. Once both processes are synchronized, the transmitter writes
the neuron address onto the AER data bus and signals the presence of spike by controlling
the spike_flag signals.

In ModNEF, the spike transmission + neuron update operations and spike reception
processes operate in parallel within the neuron emulation unit. This means that while
receiving input spikes, the neuron emulation unit updates the neuron state with pre-
viously received events and transmits spikes generated from previously calculated in-
puts. This mechanism, which will be described in more detail in the next section, re-
sults in a pipeline emulation. Figure 3.3 illustrates the emulation state process through
time on the previous network illustrated by Figure 3.1. The first row of the UART mod-
ule represented the transmission process (process which transmits output spikes to
the computer), and the second row represents the reception process (process which
receives input spikes). For the layer module, the first row represents the input spike
reception process, and the second row represents the neuron update and transmis-
sion process. Due to the pipeline mechanism, the UART module needs to send extra
empty steps, named as ”e” in the figure, to receive spikes from the output layer.
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Figure 3.3 – ModNEF emulation pipeline. Each table illustrates the internal emulations state of both
reception and update+transmission processes for each module. In ModNEF, the default
scheduling scheme activates all emulation modules in parallel. Since spike reception and
the neuron update plus the output spike transmission are executed concurrently, the emula-
tion step of the output layer module is delayed compared to the preceding modules. Con-
sequently, empty steps must be transmitted to “push” the data to the UART transmission
process.

3.2 Neuron Emulation Modules

As discussed in Section 2.3.2, the Leaky Integrate and Fire (LIF) neuron model offers a
favorable trade-off between biomimetic fidelity and mathematical complexity, while
the IF model is the simplest. More complex neurons, such as the Izhikevich model, are
developed by others FPGA researchers. However, previous works during my Master
internship demonstrate this neuron model has a high power consumption due to mul-
tiplication. Consequently, three neuron models proposed by ModNEF are based on
the LIF, each featuring distinct membrane dynamics and varying impacts on power
consumption and hardware resource utilization. The last neuron model is based on
IF model, which is the most hardware optimized neuron model with sufficient com-
plexity for static data processing [4]. To enable users to tailor the architecture to their
specific needs, we propose two different emulation strategies, each with unique impli-
cations for power consumption, hardware resource utilization, and inference time. In
Section 3.2.1, we will describe the different mathematical and hardware conceptions
of neuronmodels. In Section 3.2.2, we will detail and compare the different emulation
strategies proposed in ModNEF.

3.2.1 Spiking Neuron Model

ModNEF proposes four different neuron models, three based on the Leaky Integrate
and Fire (LIF) model [35] and the last one based on the Integrate and Fire (IF) model.
Wewill first present the LIF-based neuronmodel and then the simpler IF neuronmodel.
The membrane voltage dynamic, described by Equation 3.1, is inspired by the
SNNTorch simulator used during network training [46]. In this model, the membrane
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voltage Vmem accumulates input current Iin. The membrane decay is represented by
� = R � C < 1, which decreases the membrane potential. When the membrane poten-
tial reaches the threshold value Vth, a spike is emitted, and Vmem is reset to the resting
value Vrest.

8>><
>>:

�
dVmem(t)

dt
= �(Vmem(t) +RIin(t)) ,if Vmem(t) < Vth

Vmem(t) = Vrest , else
(3.1)

In digital hardware or software implementations of SNN, the differential equation is
typically solved using the Euler method [61, 199]. The equation is transformed as the
Equation 3.2, with � = 1� �t

�
:

Vmem[t+ 1] =

8>><
>>:

�Vmem[t] +WIin(t) ,if Vmem[t] < Vth

Vrest , else
(3.2)

In SNNTorch, theW factor in front of the input current Iin, initially set asW = (1� �),
is considered a learnable weight with an independent dynamic separate from the �

value.
Based on these neuron equations (eq. 3.1 and eq. 3.2), the first neuronmodel proposed
by ModNEF is the Beta Leaky Integrate and Fire (BLIF) neuron model, named after
the coefficient � used for membrane decay. Equation 3.3 presents the membrane
dynamics of this neuron model.

Vmem[t+ 1] =

8>><
>>:

Rest(Vmem[t]) if Vmem[t] > Vthreshold

(Vmem[t] + Iin[t]) � � else
(3.3)

As we can see, the model differs from the SNNTorch model by multiplying Iin[t] by �.
This difference arises from how the input current Iin is calculated in ModNEF. As we
explain in Section 2.1.2, the classical way to calculate the input current is described by
the following Equation 3.4.

Iin(t) =
X
i

wi � xi(t) (3.4)

However, in ModNEF, as initially designed, the synaptic weight between the emulated
neuron n and the spike received from neuron AER is directly added to the membrane
voltage register. This approach avoids the need for additional registers, given the se-
quential reception of input spikes.

Vn[t] = Vn[t] + wn;AER, if spike_flag = 1 (3.5)
Another interesting point is the Rest function call when a neuron emits a spike. The
BLIF model offers two different reset mechanisms: the hard reset, where the poten-
tial is reset to 0, and the soft reset, where the voltage is calculated as the difference
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between the membrane voltage and the threshold voltage [4, 28]. The Rest function
is described in the following equation 3.6.

Rest(Vmem[t+ 1]) =

8>><
>>:

0 if reset = zeros

Vmem[t]� Vth if reset = subtract

(3.6)

Figure 3.4 shows the architecture of the BLIF architecture with hard reset in the left
part and with the soft reset at the right.
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BLIF Hardware Design with Hard Reset BLIF Hardware Design with Soft Reset

Figure 3.4 – BLIF hardware designwith hard reset in left and soft reset in right. The inputweight is accumu-
lated into the membrane voltage register via an adder, controlled by the i_spike_flag signal.
During the update operation, the membrane potential is multiplied by the beta value and
compared to the threshold value. The output spike is used as a control flag for a multiplexer
or a subtractor depending on the reset method, determining whether the next membrane
voltage is written or the reseted mebrane potential based on the output spike flag.

The major problem with the BLIF neuron model it is the use of multiplication oper-
ations. Processing multiplications requires the use of Digital Signal Processing (DSP),
which is power-hungry and consumes significant hardware resources. It would be ben-
eficial to replace these multiplications with less power-intensive operations.
A potential solution to address this issue is to replace the multiplication with a shift
register. By considering Equation 3.3 with � = 1 � �t

�
< 1, we can expand the multipli-

cation to obtain Equation 3.7. In the specific case where �t
�

= 2�s, the multiplication
can be replaced by a shift register, as shown in Equation 3.8.

Vmem[t+ 1] =

8>><
>>:

Rest(Vmem[t]) if Vmem[t] > Vthreshold

(Vmem[t] + Iin[t])�
�t
�
(Vmem[t] + Iin[t]) � else

(3.7)

Vmem[t+ 1] =

8>><
>>:

Rest(Vmem[t]) if Vmem[t] > Vthreshold

(Vmem[t] + Iin[t])� (Vmem[t] + Iin[t]) >> s � else
(3.8)

This neuron model is referenced as Shift Register Leaky Integrate and Fire (SRLIF), illus-
trated by Figure 3.5, and is used in Spiker+, for example [29, 28]. As for the BLIF neuron
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Figure 3.5 – SRLIF hardware design with hard reset, in left, and soft reset, in right. The architecture shares
similarities with the BLIF design, but the membrane update mechanism differs. The mem-
brane voltage is first shifted, and the shifted value is subtracted from the non-shifted value.
The resulting value is then passed on the spike detector circuit, while the output spike flag is
passed to the multiplexer or a subtractor depending on the reset mechanism.

model, SRLIF proposes two reset mechanisms: the hard reset where membrane volt-
age is set to 0 and the soft reset where threshold voltage is subtracted frommembrane
voltage.

Another solution to replace the multiplication in the initial neuron model, described
in Equation 3.3, is to linearize the membrane decay by using subtraction instead of
multiplication. This approach was proposed by Gupta et al. [63]. The neuron model,
named Simplified Leaky Integrate and Fire (SLIF) is described in Equation 3.9 and illus-
trated in Figure 3.6.

Vt+1 =

8>>>>><
>>>>>:

Vrest if Vt < Vmin

Vrest if Vt > Vthreshold

Vt + It � Vleak else

(3.9)

The last neuron implemented is the Integrate and Fire (IF) neuron model described
by Equation 3.10. This neuron model is characterized by its mathematical simplicity
by accumulating input spikes without considering membrane decay. As for the previ-
ous SLIF neuron model, only the hard reset mechanism is implemented. This neuron
model appears as a suitable solution for hardware implementation, especially when
temporal information is not a crucial part of the input data [4]. The hardware archi-
tecture, depicted in Figure 3.7, comprises the input spike accumulation circuit and
a comparator that controls the multiplexer, which applies the reset when an output
spike is detected.
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Figure 3.7 – IF neuron hardware design. The
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controls the multiplexer to acti-
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Vt+1 =

8>><
>>:

0 if Vt > Vthreshold

Vt + It else
(3.10)

The computational variables, used to represent the input current, membrane voltage,
and neuron hyperparameters, bitwidth can be configured by users. The minimal vari-
able size is determined based on the minimal and maximal amplitudes of the mem-
brane voltage and input current. The bitwidth of these variables can be automatically
determined during the VHDL code generation. During this thesis, most SNNs employ
16-bit variables to encode the internal state of neurons.

3.2.2 Emulation Strategy

As discussed in the previous section, ModNEF proposes four neuron models. Each
model can be implemented using two different emulation strategies, or algorithms.
The first strategy is parallel emulation, where each neuron has its own hardware circuit,
allowing neuron update operations to run in parallel. The second strategy is sequential
emulation, where a single hardware neuron is multiplexed to emulate the same group
of neurons.
First, we will describe the common points between the two emulation strategies. In
Section 3.2.2, we will detail the architecture of the parallel emulation strategy. Then,
in Section 3.2.2, we will focus on the sequential emulation strategy.
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The first common point between the two emulation strategies is the memory used to
store the synaptic weights of the emulated neurons. The synaptic memory is imple-
mented using Block Random Access Memory (BRAM) instead of DDR memory to en-
hance the temporal performance of memory access operations and preserve locality
between memory and computational units, a crucial aspect in biological neural net-
works. The input AER address is used as the read address to read all synaptic weights
between the neuron represented by the AER data and the emulated neuron with 1
clock cycle latency. Data organization is shown in figure 3.8.
The second common point between the two emulation strategies is the data recep-
tion Finite State Machine (FSM) illustrated by Figure 3.9. The i_emu_busy signal acts
as an enable signal. The first two states facilitate process synchronization, while the
third state waits for data reception. Due to the 1-clock cycle latency of memory read
operations, the i_spike_flag signal must also be delayed by 1 clock cycle, resulting in
the spike_flag signal. The reception FSM returns to the idle state when the transmit-
ter module no longer needs to send data, indicated by the reset of i_emu_busy and
when the last received spikes have been read from memory.

RAM

@0 w0;3w0;2w0;1w0;0

@1 w1;3w1;2w1;1w1;0

@2 w2;3w2;2w2;1w2;0

@3 w3;3w3;2w3;1w3;0

Figure 3.8 – Organization of synaptic weights on internal module memory. Each memory address rep-
resents the address of the input neuron. At each address, all synaptic weights between the
input neuron and the emulated neurons are stored. The binary representation of eachweight
is concatenated into a single binary word, which is separate by giving only the specific part
of this word to the neuron circuit.

Unlike the reception process, the transmission FSM operates differently between the
parallel and sequential strategies. We will now describe each emulation strategy inde-
pendently to highlight the major differences between them.

Parallel Emulation Strategy

First, we will describe the first emulation strategy designed: the parallel strategy. The
parallel emulation strategy, illustrated in Figure 3.10, assigns each neuron its own hard-
ware circuit, previously described in Section 3.2.1. Each neuron circuit locally stores
the membrane voltage and the input current in a local register, as explained in the
previously referenced section.
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i_emu_busy=0
& spike_flag=0

ram_en=0

wait_data

i_req=0
o_ack=0

ram_en=1

Figure 3.9 – Spike reception FSM diagram. When the transmitter module requests data reception, the re-
ception process handles the synchronization phase. Following this, the FSM process waits for
the completion of data reception, indicated by two conditions: the reset of the i_emu_busy
signal and the reset of the spike_flag signal. This internal signal represents the input signal
i_spike_flag delayed by a single clock cycle to account for the clock-cycle RAM read opera-
tion.

Thanks to the parallel implementation, the membrane update operation can be per-
formed in parallel within a single clock cycle. The input current can be added to the
internal membrane voltage register because the neuron update is performed during
the spike reception synchronization. The neuron spike output is connected to a binary
word that is sent to the input of the arbiter component. Each bit of this word corre-
sponds to the spike output of a neuron: if a neuron emits a spike, the corresponding
bit is set to 1; otherwise, it is set to 0.

The arbiter reads this binary word to convert the single-bit spike representation into
AER and controls the o_spike_flag signal. The arbiter algorithm is detailed in Algorithm
1. The arbitration phase begins when the start signal is set to one by the transmission
FSM. During this phase, a counter iterates through the input_spikes binary word, exam-
ining one bit per clock cycle. When the arbiter detects a spike, it updates the output
AER bus and the spike_flag signal. The arbitration phase concludes once all bits of in-
put_spikes have been processed.

The transmission FSM is described in Figure 3.11. The transmission process begins when
the global signal i_start_emu is set to 1, indicating that the modules must compute a
new emulation step. The FSM waits for the neuron update and checks if an arbitra-
tion phase is necessary. If no spikes have been emitted during the emulation step,
the transmission process returns to the idle state to avoid unnecessary operations.
If spikes have been emitted, the process signals the arbiter to start the arbitration
operation by setting the start_arb flag to 1. Then, the FSM waits for the arbitration to
complete before returning to the idle state. The total number of clock cycles required
to emulate spiking neurons in the parallel module is given by equation 3.11, where T (n)
is the number of clock cycles necessary to emulate n neurons and F is the firing fre-
quency of the emulated neuron group.
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Figure 3.10 – Internal architecture of Parallel Emulation module. The reception process manages syn-
cronization and controls both the memory enable flag and the spike flag. The AER data
bus is directly connected to the synaptic weight memory, retrieving the synaptic weights
with hardware partitioning for each implemented neuron. In the parallel emulation strat-
egy, each emulated neuron is emulated by its own dedicated hardware circuit. The output
of each neuron is connected to the arbiter component, which is controlled by the transmis-
sion process responsible for synchronization with the next module.
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Figure 3.11 – Spike transmission FSM in Parallel Strategy module. When the FSM receives the start_emu
flag, it triggers the neuron update operation. If no spikes are emitted, the FSM returns to the
Idle state. Otherwise, the process synchronizes with the next module and will initiate the
arbitration phase. Once the arbiter has completed its operation, the FSM transitions back
to the Idle state.
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Algorithm 1 Arbiter algorithm. The transmission process controls the start flag. The arbiter examines
each input spike, encoded as a binary word, and controls the spike_flag signal and the AER data bus
based on the spike value. This algorithm explains the necessity of implementing the spike_flag signal
in the communication protocol. Since the arbiter can examine a neuron that has not emit a spike, a
dedicated signal is essential to indicate the presence or absence of a spike or not.
Input: start, input_spikes[N ]

Output: aer, spike_flag
1: counter  0

2: run 0

3: aer  0

4: spike_flag  0

5: if start = 1 then
6: run 1

7: end if
8: if run = 1 then
9: if counter = N then
10: run 0

11: aer  0

12: spike_flag  0

13: else
14: if input_spikes[counter] = 1 then
15: spike_flag  1

16: aer  counter

17: else
18: spike_flag  0

19: end if
20: counter  counter + 1

21: end if
22: end if
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T (n) = 2 + F � (2 + n) (3.11)

Sequential Emulation Strategy

In addition to the parallel emulation strategy, ModNEF proposes a sequential emula-
tion strategy, illustrated in Figure 3.12. In the sequential module, a single hardware
neuron circuit is multiplexed to emulate the entire group of neurons. Since we sim-
ulate a group of neurons rather than a single neuron with the hardware circuit, it is
necessary to save the neuron state in an additional memory. Unlike the parallel em-
ulation strategy, the neuron update operation is performed during the reception of
input spikes for the next emulation step. Consequently, the input current cannot be
directly added to themembrane voltage; instead, it must be stored in another internal
memory.
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current
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memory
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V

I

reset
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Figure 3.12 – Internal architecture of sequential emulation module. The reception process and the synap-
tic memory operate as for the parallel architecture. Two additional memories are imple-
mented to store the membrane potential and input current for each emulated neuron. The
transmission process manages syncronization with the next module and uses an internal
hardware neuron circuit to sequentially emulate each neuron one by one.

The FSM of the sequential module is described in Figure 3.13. The transmission pro-
cess begins with synchronization using a 4-phase handshake. Then, neuron emulation
starts. The neuron emulation process is divided into three steps:

1. Get Voltage: Previous membrane voltage and input current are summed and
stored into an internal register.

2. Update Voltage: The activation function is applied to the neuronmembrane volt-
age.

3. Set Voltage: Spike detection and reset operations are performed, and the new
membrane voltage is written into the voltage memory.

If all neurons havebeen emulated, the FSM transitions to the emulation finish state.
If not, it returns to the get voltage state to emulate the next neuron. The total
number of clock cycles required to emulate all neurons is given by equation 3.12, where
n represents the number of emulated neurons.
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T (n) = 2 + 3 � n+ 1 (3.12)
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Figure 3.13 – Spike transmission FSM in sequential strategy module. The FSM begins with synchronization
upon detecting the update emulation trigger, then enters the emulation loop. During this
loop, the process readsmembrane voltage and input current frommemories, then themem-
brane voltage is updated and the spike is detected. At the end of each iteration, the reset
mechanism is applied, and the updated membrane voltage is saved for the next emulate
step. This loop repeats for all neurons before the FSM returns to the Idle state.

3.3 Communication Modules

In addition to the neuron emulation modules, ModNEF offers a range of specialized
modules to enhance its functionality. These include two on-chip communicationmod-
ules, which will be described in Section 3.3.1, and three off-chip communication mod-
ules, which we will describe in detail in Section 3.3.2.

3.3.1 On-Chip Communication Modules

ModNEF includes two specialized on-chip communication modules: the Splitter
module and the Merger module. These modules affect the organization of the data
bus.
The Splitter module splits one input data bus into two separate data buses, while
the Merger module merges two input data buses into a single data bus. We will first
describe the Splittermodule and then the Mergermodule, which is more complex
than the Splitter.
The Splitter module divides one input data bus into two separate data buses. The
internal architecture of the Splitter module performs a simple AND operation be-
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tween the two input acknowledgments. This operation signals the transmitter when
both receiver modules are ready to receive data.

The Mergermodule is more complex than the Splittermodule. It combines two in-
put data buses into a single data bus by arbitrating communication between the two
input modules and the output module. The FSM of the Merger unit is described in
Figure 3.14. The Merger gives priority to the data bus connected to the a port. During
the transmit_a or transmit_b state, the corresponding input AER and spike_flag sig-
nals are copied to the output AER and spike_flag signals. During the data transmission
of one module, the second module will be put in standby. It results in what we call
Arbiter-Induced Serialization (AIS). Due to arbitration of synchronization of the two
input modules, their neuron update operations are serialized instead of a parallel run-
ning.

Idle

busy

i_req_a=1 or
i_req_b=1

request

i_emu_busy_a=1 or
i_emu_busy_b=1

o_req=1

accept

i_ack=0
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transmit_a

i_ack=0 and
i_req_a=1

o_ack_a=1

o_ack_a=0
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o_ack_a=0

i_ack=0 and
i_req_a=0 and i_req_b=1
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i_emu_busy_b=0
and i_req_a=0

o_ack_b=1

i_req_b=1

i_req_a=1

o_emu_busy=0o_emu_busy=0 o_emu_busy=1

Figure 3.14 – Merger module FSM.When the process detects that at least one module requires data trans-
mission, it synchronizes to the next module. After synchronization process, the FSM grants
access to one of the input modules, prioritizing the module connected to port a. Once the
module completes its data transmission, the FSM either grants access to the other module
or returns to the Idle state.

Asmentioned in Section 3.1, each neuron emulationmodule has its own address space,
which can potentially be shared between the two input modules. The Mergermodule
re-addresses these address spaces to prevent address overlap. This mechanism is illus-
trated in Figure 3.15. The address space of the module connected to b port is shifted
before the address space of a port. It is crucial to consider this re-addressing in the
internal synaptic weight output module.
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Figure 3.15 – Merger address space readdressing. The two input modules share overlapping addresses.
The Merger reassigns the address space of the module connected to port b as the continua-
tion of the address space of modules connected to port a, ensuring contiguous and unified
address mapping.

3.3.2 Off-Chip Communication Modules

In addition to the on-chip communicationmodules, ModNEF offers twomain off-chip
communication modules, named Uart_XStep and Uart_Classifier, both based on
the UART communication protocol. The UART interface was chosen for two main
reasons. First, a fully functional UART implementation was already developed from
prior work, enabling us to concentrate our efforts on the architecture design rather
than peripheral development. Second, UART offers superior power efficiency for low-
power applications, unlike alternatives such as Ethernet or Peripheral Component
Interconnect Express (PCIe), which, while faster, introduce greater complexity and
higher power consumption for bare-metal implementation.
These modules are responsible for receiving input spikes from the host device and
transmitting them to the module, effectively serving as the input layer. They also re-
ceive spikes generated by the output layer module(s) and transmit these spikes to the
host device, typically a computer in our experiments. Each module offers an alterna-
tive version that sends execution time in addition to output spikes. These versions are
referred to with the module name extended with the _Timer suffix.
The internal architecture of the UART communication modules is very similar and is
illustrated in Figure 3.16. Each module consists of a UART communication component
and three internal controllers.
The internal UART component handles UART bus processing with internal read and
write controllers. UART data are stored in internal queues: a First In First Out (FIFO)
queue for input data and a Last In First Out (LIFO) queue for output data. This setup
ensures that data is received and transmitted in the correct order to maintain the em-
ulation step sequence. Input AER data are sent using a protocol described in Figure
3.17. The data packet starts with the 0x4B header, followed by the total number of
bytes the read controller must read. The controller then receives the different emula-
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Figure 3.16 – Internal architecture of UART modules. All UART modules share similar architecture. Each
module consists of three FSMs: one for transmitting spikes to the network, another for re-
ceiving output spikes, and a third for controlling the emulation steps. Additionally, a sub-
component manages UART communication, composed by a communication handler, read
and write controllers, and internal memories.
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0x4B n_bytes step 1
size

step 2
size 0xB4data step 1 data step 2

Figure 3.17 – UART transmission protocol. The data packet begins with a header byte equal to 0x4B, fol-
lowed by the number of bytes in the packet. The packet then includes the emulation steps
using the AER format, with each step starting with the number of spikes it contains, followed
by the spike data. Once all emulations steps are transmitted, either 0xBB or 0xB4 is sent, in-
dicating whether the controller must reset the neuron membrane voltage or not.

tion steps, each beginning with the number of AER events in that step. After receiv-
ing all bytes, the driver sends 0xB4 to conclude the data transmission. Alternatively,
the tail byte 0xBB, can be sent to signal the emulation controller to trigger the re-
set_membrane signal, which resets all emulated neuron membrane voltages to 0.
In addition to the UART controller, the communication modules implement three dif-
ferent controllers. The first is the emulation controller, which manages the start_emu
flag when it detects a new emulation step. This detection is based on the UART busy
state and the emu_busy signals, which are set to 1 when at least one module is active.
The emulation controller also manages the start_transmission flag once all emulation
steps have been completed, indicated by the absence of data in the read queue.
The second controller, the UART to network controller, reads input AER data from the
read queue and sends this data to the SNN implemented on the chip. The controller
begins by reading the number of input data items that need to be processed and then
transmits them to the network.
The last controller, referenced in Figure 3.16 as Network to UART, receives spikes gener-
ated by the output layer andwrites them into the internal UARTwrite queue. This con-
troller operates differently depending on the module type. In the Uart_XStep mod-
ule, output spikes are sent directly to the internal queue. In the Uart_Classifier
module, the controller counts the total number of spikes emitted by each neuron and
sends this count, resulting in lower memory consumption and fewer data transmis-
sions.
In addition to output spikes, the UART communication module can measure the on-
board inference execution time. The module counts the number of clock cycles re-
quired to emulate each step and sends this count to the host device. The software
driver then converts this count into time using the board’s clock frequency.

3.4 Modules for Recurrent Layers

In this section, we will discuss the implementation of recurrence on ModNEF. As ex-
plained in Section 2.1.4, a recurrent network is one in which one or more neurons in a
layer are connected to themselves or connected to previous feed forward layers. In
this section, we will focus on local recurrence.
Neurons can be connected in a one-to-one manner, where each neuron is connected
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Figure 3.18 – Recurrent Network Topology at a Layer Level. Recurrent layers are implemented using two
dense layers: one for the forward connections and another one for the recurrent connection.
The input currents from both layers are summed and then passed to the neurons.

only to itself and not to other neurons in the layer. Alternatively, neurons can be con-
nected in an all-to-all manner, where all neurons in the layer are connected to every
other neuron. Another way to represent all-to-all recurrence is to use a first dense
layer for feedforward connections and a second dense layer that takes as input the
spikes emitted by the layer, as shown in Figure 3.18.
This results in a modification of the input current equation, as described in Equation
3.13. Here,Wf represents the forward synaptic weights, Xf is the input spikes,Wr are
the synaptic weights of the recurrent dense layer, and Xr are the spikes emitted by
the neuron layer during the last emulation step.

Iin(t) =
X
i

Wfi �Xfi(t) +
X
n

Wrn �Xrn(t) (3.13)

In ModNEF, we focus on the approach where all neurons in a layer are connected to
every other neuron. We propose two different methods to create recurrent connec-
tions between neurons within the same layer. In the first Section 3.4.1, we will describe
a naïve approach using the Merger and Splittermodules, previously detailed in Sec-
tion 3.3.1. In the second Section 3.4.2, we will detail the native recurrent module.

3.4.1 Recurrence based on Merger+ and Splitter Modules

The first method to implement recurrent topology with ModNEF is to use the two on-
chip communication modules: the Splitter and the Merger. This method is named
Merger+Splitter (MS). In this section, we assume you have already read Section 3.3.1
to understand how the Merger and Splittermodules work.
Figure 3.19 illustrates an implementation of a recurrent network topology using this
method. The forward module, Module 1, which emulates 100 neurons in this exam-
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ple, is connected to port a of the Merger. The output of Module 2 is split into two
separate data buses. The first bus connects to the next module, while the second bus
connects to port b of the Mergermodule.

0-90-99
Module 1 Merger

0-9

Splitter

0
...
99

100
...

109

Weight
Memory

0-109

Module 2

b
a

Figure 3.19 – MS based recurrent topology. The output of the recurrent module is divided using a
Splitter module. One data bus is connected to the next module, while the other is con-
nected to a merger module. The Merger connects the recurrent layer and the forward
module, readdressing the input neurons address spaces. As a result, the recurrent weights
are stored in the internal synaptic memory immediately following the forward weights.

Thanks to the re-addressing operation performed by the Merger module, the input
neuron addresses in the example presented in Figure 3.19 range from 0 to 109. The re-
current module, Module 2, implements an internal weight memory with two address
spaces. The first space from 0 to 99 stores the forward synaptic weights, while the
second space, from 100 to 109, stores the recurrent synaptic weights.

Depending on whichmodule the Merger selects to send its output spikes, themodule
will first compute one part of the input current and then the other part. In ModNEF,
by convention, the forward module is connected to port a of the Merger, while the
recurrent module is connected to port b.

Due to the Merger’s communication arbitration, there is an AIS of the neuron state
update operation between the previous module, which provides forward input, and
the recurrent module. Figure 3.20 illustrates this AIS operation. In the figure, the for-
wardmodule transmits its spikes before the recurrentmodule. The recurrentmodule’s
spike transmission remains in the request state and must wait for the forward spike
transmission to complete before starting the neuron update and spike transmission.
This results in a lower inference speed.

Despite the AIS operation, this recurrence method is not limited to layer-level recur-
rence. It can also be used to create recurrent connections between two layers, thereby
increasing the range of possible network topologies that can be implemented with
ModNEF.
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Figure 3.20 – Evolution of module states through time in Merger+Splitter recurrent architecture. Due
to the Merger’s requirement to synchronize with the nextmodule and selectively grant data
transmission to one module while keeping the other in a waiting state. The neuron update
of the recurrent module is delayed, which slows the emulation execution.
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Figure 3.21 – Internal architecture of native recurrent modules. An additional memory is implemented
to store the recurrent synaptic weights. The output AER bus is directly connected to the
address port of this memory, enabling both input currents to be processed simultaneously.

3.4.2 Recurrent Based on Natural Recurrent Module

To address the major drawback of the Merger+Splitter (MS) recurrence method,
we developed a native recurrent module where recurrence is directly handled locally
within the module. In this section, we assume you have already read Section 3.2.2 to
understand the initial architecture of neuron emulation modules.

The architecture of the native recurrent module is presented in Figure 3.21. The mod-
ule implements a new internal memory to store recurrent synaptic weights. The out-
put AER data bus is connected to the input read address of the memory, and the
o_spike_flag signal is handled similarly to the input signal i_spike_flag.

Thanks to this architecture, the reception of forward spikes and recurrent (i.e., output)
spikes can be processed in parallel, unlike the sequential processing imposed by the
Mergermodule in the previously presented method.
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Figure 3.22 – ModNEF software library organization. The core module implements all base classes for
creating ModNEF modules, drivers, or quantizers. Each module leverages these core base
classes to build its software representation. Additionally, a quantizer submodule uses quan-
tizer base classes to create quantization functions. Beyond these three submodules Mod-
NEF library proposes four high-level utility classes to facilitate ModNEF model deployment.

3.5 ModNEF Software Tools

To make ModNEF accessible, we provide a collection of software tools that facilitate
the use of the ModNEF architecture, from network training to onboard inference exe-
cution.
Figure 3.22 illustrates the organization of the software library. The foundation of the
library is the core submodule, which provides all base classes necessary to create new
software representations of ModNEFmodules. The “modules” submodule regroups all
already developed ModNEF modules created using these core classes. Alongside this,
the quantizers submodule categorizes all quantization methods. Finally, four classes
are provided for model creation:
— ModNEFTorchModel enables creating a PyTorch model compatible with ModNEF.
— ModNEFBuilder generates the corresponding VHDL file from a Python descrip-

tion, compatible with Torch models.
— ModNEFDrivers provides a collection of tools that generate the corresponding

driver class from a YAML description file.
— DebugTool handles and processes output files produced during VHDL simula-

tion.
In Section 3.5.1, we will describe the Architecture Builder tools. Following that, in
Section 3.5.3, we will discuss ModNEF tools based on SNNTorch, including the ModNEF
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neuron model, the ModNEF, and the ModNEF model generator. Finally, we will de-
scribe theModNEF Rust Driver. The Quantizer tools will be covered in a subsequent
Chapter 5.

3.5.1 ModNEF Architecture Builder

The first software tool provided by the ModNEF software library is the Architecture
Builder tool. This tool enables users to create a ModNEF hardware architecture by
describing it with high-level Python scripts.
The tool provides module classes that represent ModNEF hardware modules. Each
ModNEF module has its own Python class and shares a common Python interface
called ModNEFArchMod. Thesemodules are invoked during VHDL code generation and
convert neuron hyperparameters and synaptic weights using the user-defined quanti-
zation method.
To create a ModNEF architecture, the user will instantiate the modules and uti-
lize the ModNEFBuilder Python class. This class has two significant roles. First,
ModNEFBuilder stores the architecture as an oriented graph representation. The ar-
chitecturemodules represent the nodes of the graph and can be added to the internal
graph by calling the add_module(module) method. To create a connection between
modules, the user can call add_link(source, target), which establishes a connec-
tion from the source module to the target. To simplify the creation of recurrent
topologies, the user can call add_link(source, source) without needing to create
a Merger and Splitter. The ModNEFBuilder will identify recurrent connections and
add the necessary additional modules.
A particular case involves managing off-chip communication modules. The
ModNEFBuilder defines a default data bus for I/O using the common communication
protocol described in Section 3.1. To define a new entry point for the architecture,
the user must call the set_io(IOModule) function. The IOModulemust inherit from
a specific class called IOArch, which implements the necessary methods specific to
the I/O modules.
After creating themodules and defining the architecture topology, the user can gener-
ate the corresponding VHDL code. During code generation, the ModNEFBuilder will
check for and develop any necessary recurrent connections. The code generator will
then produce all required files, including a VHDL file with the architecture description
and synaptic memory files used by the neuron emulation units.
A complete architecture creation script is provided in the following Code 3.1. First, we
create the builder class with the name of the architecture and the network’s input and
output. Next, we create the UART communication module and the neuron emulation
units, in this case, a SLifmodulewith a parallel emulation strategy. We then add these
modules by calling the add_modules method, which allows adding multiple modules
in a single call. Afterward, we define the module connections using the add_links
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method and set the UART module as the entry point of the architecture. Finally, we
call the VHDL file generator, specifying the output file name and the clock signal name
as arguments.

1 # creation of builder
2 builder = ModNEFBuilder(name = "mnist",
3 input_layer_size = 784, output_layer_size = 10)
4
5 # create modules
6 uart = Uart_Classifier( name = "uart",
7 input_layer_size = 784, output_layer_size = 10,
8 clk_freq = 125_000_000, baud_rate = 921_600, queue_read_depth =

10240,
9 tx_name = "uart_txd", rx_name = "uart_rxd")
10
11 unit = SLif(name = "neurons", input_neuron = 784, output_neuron = 10,
12 v_threshold = 0.8, v_leak = 0.025, v_rest = 0.0, v_min = 0.0,
13 strategy="Parallel", mem_init_file = "mnist.mem")
14 unit.weight_convert(weight_file = "./mnist_weight.txt")
15
16 # add modules and connection between module to builder
17 builder.add_modules([uart, unit])
18 builder.add_links([(uart, unit), (unit, uart)])
19 builder.set_io(uart)
20
21 # generate VHDL file
22 builder.to_vhdl(file_name = "modnef_mnist_arch.vhd", clock_name = "clock

")

Listing 3.1 – ModNEF architecture builder script of a single layer MNIST network. The script begins by
instantiating a builder class and initializing each module of the architecture. Modules are
then appended into the builder and interconnected through defined links. After specifying
the entry point we generate the VHDL file.

With this organization, users can easily and quickly generate a ModNEF architecture
and all necessary files, especially memory files. Thanks to the proposed Python in-
terface, users can easily add new modules to the architecture generator library and
introduce more functionalities to ModNEF. Moreover, the architecture builder can be
used to generate a driver configuration, which will be described in the next section.

3.5.2 ModNEF Drivers

TheModNEF software library also provides a collection of Python classes used to trans-
mit input spikes to the FPGA board and receive the output spikes resulting from hard-
ware inference.
Each UART hardware module has its Python class equivalent. All these classes imple-
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ment the ModNEF_Driver interface, which initializes the Rust driver class and provides
methods to read and write data by manipulating the Rust driver.

The UART driver has been written in the Rust Programming Language to facilitate fast
data manipulation and provide memory-safe tools for embedded systems using our
ModNEF architecture. This Rust structure is utilized by a Python class, enabling users
to easily communicate data with the FPGA and leverage Python’s dataset packages.

Because the data transmission or reception format differs among the various UART
hardware modules, each communication module is represented by a specific Python
class. These classes implement the run_sample(input_spikes, extra_step,
reset_membrane, to_aer) method to run an entire data sample. As discussed in
Section 3.1, the ModNEF pipeline organization requires extra empty emulation steps
to completely receive all emulation step outputs. The user can choose to send
these extra emulation steps by using the extra_step parameter. The user can opt
to reset the membrane potential after the end of sample emulation by setting the
reset_membrane parameter to True. The UARTmodule needs to convert input spikes
with AER format before sending data to the FPGA. To do that, the drivers will use the
to_aer function that converts input spikes to AER format. Since the input spike for-
mat can differ, we give the user the possibility to develop its own to_aer function,
making drivers more flexible.

In addition, if the hardware UART sends the inference runtime, the driver will receive
these extra bytes and convert the received clock counter to inference time.

To facilitate the creation of drivers, the architecture builder can generate a YAML
configuration file. This file can be used to automatically generate a driver by calling
the load_driver_from_yaml(configuration, board_path) method. If the user
wants to create a new driver class, they can add it to the drivers_dict dictionary,
which maps driver string identifiers to their Python classes.

3.5.3 ModNEF Torch Neuron Models

Although the neurons implemented in ModNEF are based on SNNTorch [46], our neu-
ron models may differ slightly or significantly, as explained in Section 3.2.1. This can
result in differences in model accuracy between the trained model and the onboard
model.

To enable users to train networkmodels with theModNEF neuronmodel andminimize
differences in accuracy between software and hardware, we provide a PythonModNEF
neuron model based on the SNNTorch library, as described in the next Section 3.5.3.

In addition to the neuron model, we provide a PyTorch [144] module that implements
additional functionalities, as described in section 3.5.3.
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ModNEF Neuron Models

As discussed in Section 3.2.1, the neuron models proposed in ModNEF are based on
the LIF model from the SNNTorch library and on the IF neuron model. However, Mod-
NEF neuronmodels may differ from those proposed by SNNTorch, potentially leading
to differences in accuracy between the software and onboard implementations. To
minimize this accuracy gap, we have developed a ModNEF neuron model Python class
inspired by the SNNTorch Python class.
We have developed a Python interface, ModNEFNeuron, which implements the
SpikingNeuron interface from SNNTorch and includes additional features. In addi-
tion to running the ModNEF mathematical neuron model, the ModNEFNeuron class
also allows for the direct conversion of the neuron model to its equivalent in the ar-
chitecture builder and so integrates hardware description fields.
Moreover, ModNEFNeuron offers additional evaluation modes to assess hardware per-
formance by simulating quantization or calculating hardware variables. These simula-
tions help avoid overconsumption of hardware resources during architecture genera-
tion. These different simulation modes are controlled by the ModNEF network model,
which will be described in the next section.

ModNEF Network Model

To assist users in developing ModNEF hardware models, we have developed an addi-
tional Network Model interface, based on PyTorch Module, that offers additional run
modes.
In PyTorch, the Module class offers two run modes:

1. Training: Used to train the network model and activated by calling the method
model.train().

2. Evaluation: Usedduringmodel evaluation (i.e., inference) and activatedby calling
the method model.eval().

In addition to the two run modes, the ModNEFModel interface offers four additional
modes:

1. Quantized Training: Used to train the network model during QAT and activated
by calling the method model.train(quant=True).

2. Quantized Evaluation: Used to run model software evaluation with
Post-Training Quantization (PTQ) and activated by calling the method
model.eval(quant=True).

3. Hardware Estimation Evaluation: This evaluation method assesses the model
with PTQ and additionally computes several hardware specifications during eval-
uation. Currently, it calculates the maximal size of the UART internal memory
component and the bitwidth of computational variable sizes for the neuron
model. However, it is possible to computemore hardware specifications, such as
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power consumption estimation. This evaluation method is activated by calling
the method model.eval(hardware=True).

4. FPGA Evaluation: The final evaluation method is FPGA evaluation. The
model opens the UART driver and sends input spikes to the FPGA. This
evaluation method is activated by calling model.fpga_eval(board_path,
driver_configuration).

Because the ModNEFModel can be used for both software and hardware inference, the
forward function is decomposed into two different methods: software_forward
and fpga_forward, to differentiate between the two forward hardware targets.

3.6 Conclusion

In this chapter, we presented our developed tool call Modular Neuromorphic Emulator
for FPGA (ModNEF).
ModNEF is based on the interconnection of several independent modules with a com-
mon communication protocol. For the moment, ModNEF proposes four different
types of modules: neuron emulation modules, which emulate a group of neurons with
two different emulation algorithms, and three neuron models, intra-chip communi-
cation modules, which can manipulate module communication protocol and UART
modules to communicate with the computer and transmit spikes.
Figure 3.23 presents an expanded version of the initial network example introduced
in Figure 3.1. In this architecture, due to the modular architecture of ModNEF, each
layer is implemented using a dedicated neuronmodule, configuredwith a specific neu-
ron model and emulation strategy. These modules are independently configurable,
providing users with fine-grained control over the hardware implementation. Inter-
module communication on the protocol detailed in Section 3.1, where spikes are trans-
mitted using a four-phase handshake synchronization in the AER format.
In addition to the architecture, ModNEF provide a software framework that allows the
user to create an SNN compatible with ModNEF neuron models from the training to
the FPGA deployment.
In the introduction of the chapter, based on the analysis of the state of the art, we
raise several challenges that research tries to address:
— Mathematical model implementation: ModNEF proposes four different neuron

models, three based on the LIF neuron model and the last one based on IF, with
different membrane leakage mechanisms, each with different impact on archi-
tecture. Moreover, thanks to its modular architecture, users can develop new
mathematical models to implement new mathematical models.

— Hardware Constraints: ModNEF proposes several emulation algorithms to get as
much control over hardware implementation as possible. Moreover, we gave to
the user the control on synaptic weight encoding bitwidth that gives to the user
a high control on memory usage.
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Figure 3.23 – Example of a 2-layer SNN implementedwithModNEF. The hidden layer is emulatedwith the
BLIF neuron model with parallel emulation strategy, while the output layer is implemented
with a sequential SLIF model.

— Maintaining event-driven computation: ModNEF adtops a clock-driven comput-
ing scheme. However, as one of the only open-source architectures, ModNEF
can be used as a good starting point for further research on developing an event-
driven architecture.

In addition to these challenges, we developed ModNEF with initial motivations. This
first presentation provides preliminary evidence that our tool aligns with these objec-
tives:
— Flexibility: Due to the variety of neuron modules and the inclusion of on-chip

communication modules, ModNEF appears highly flexible, enabling users to cre-
ate a wide variety of networks with complex topologies due to on-chip commu-
nication modules.

— Accessibility: ModNEF is provided with a Python software library, enabling users
to train and deploy models without requiring hardware design expertise, using
only Python descriptions. At the same time, the entire source code, from the
Python library to VHDL files, is open-source, supporting our third motivation.

— Extensibility: As an open-source project, ModNEF allows researchers to access
the code and create new modules. This is facilitated by a standard communica-
tion protocol and the modular design of both hardware architecture and soft-
ware libraries.

Table 3.1 compares ModNEF with other notable FPGA emulators. We restrain our se-
lection to works that propose complete emulators instead of works that focus on im-
plementing a specific neuron model or mechanism. While the research community
has recognized the lack of open-source solutions, the three existing open-source emu-
lators, including ModNEF, were developed concurrently. ModNEF appears to be flex-
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ible, offering more neuron models, configurable weight bitwidth and neuron update
algorithms.
However, our architecture does have limitations: we employ the Clock-Driven
paradigm, which is simpler than the Event-Driven paradigm but less power-efficient.
Additionally, our tool lacks an online learning rule and convolutional kernel, reducing
the network topology possibilities. Nevertheless, thanks to its modular design, Mod-
NEF serves as a solid foundation for future research to address these constraints.
In this chapter we present architectural concepts of ModNEF and the software frame-
work. However, we have not yet presented results demonstrating the architecture’s
ability to perform SNN inference tasks. In the next chapter, we will present different
experiments demonstrating ModNEF capabilities and limitations.
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Table 3.1 – Functionalities comparison between FPGA emulators. Only three emulators, developed in parallel and including ModNEF are available as open-source. ModNEF
appears to be more configurable than other works but remains limited in their topology possibilities, the use of clock-driven emulation schemes, and the absence of
online learning methods.

Design ModNEF Spiker+ [28] SPLEAT [4] NeuroCoreX [55] Li et al. [108] FPGA_NHAP [114] Han et al. [68] Fang et al. [47]

Open Source Yes Yes No Yes No No No No

Publication Date 2025 2024 2022 2025 2021 2022 2020 2019

Paradigm Clock-Driven Clock-Driven Event-Driven Clock-Driven Adaptative Adaptative Event-Driven Event-Driven

Online Learning No No No STDP STDP No No STDP

Neuron Model 3 LIF + IF 3 LIF IF+LIF LIF IZ LIF+IZ LIF LIF

Neuron Time Multiplexing Configurable No Yes Yes Yes Yes N/A Yes

Weight bw Configurable Configurable N/A 8 N/A 16 16 16

Software Tools Yes Yes Yes Yes N/A N/A N/A N/A

Topology FF-FC, Rec FF-FC, Rec FF-FC, Rec, CNN FF-FC FF-FC FF-FC FF-FC FF-FC

Design Gupta et al. [63] DeepFire2 [13] BiCoSS [201] Zhang et al. [211] Ali et al. [7] Mishra et al. [129] Wang et al. [188] S2N2 [91]

Open Source No No No No No No No No

Publication Date 2020 2023 2022 2019 2024 2025 2018 2021

Paradigm Clock-Driven Clock-Driven Clock-Driven Event-Driven Clock-Driven Event-Driven Event-Driven N/A

Online Learning No No STDP+Axonal No No No No Delay

Neuron Model Simplified LIF IF LIF LIF LIF Simplified LIF LIF LIF

Neuron Time Multiplexing No Mixed Yes No No N/A Yes N/A

Weight bw 24 3/8 N/A 8 16 32 8 N/A

Software Tools N/A Yes N/A N/A N/A N/A N/A N/A

Topology FF-FC CNN N/A FF-FC FF-FC FF-FC FF-FC - Rec FF-FC - CNN
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We previously described ModNEF, a modular neuromorphic emulator design for FPGA
target. Due to its modular architecture and on-chip communicationmodule, ModNEF
can be used to emulate a wide variety of network topologies.
In this chapter, we will present various results demonstrating the emulator capacity, all
available on the following github link: https://gitlab.univ-lille.fr/bioinsp/
modneftheseresult. Since the IF neuronmodel was recently integrated intoModNEF,
no benchmarks currently utilize this model. This neuron model will be used in a future
chapter.
First, in Section 4.1 we will present the common experimental protocols and metrics
we used to validate ModNEF architecture. Then we will present classification tasks
based on feed forward network topology in Section 4.2. Thereafter, in Section 4.3, we
will present classification tasks with recurrent network topology. After classification
sections, we will explore the limitations of our architecture in Section 4.4 and, in the
next Section 4.5, we will explore different architectural choices to prevent hardware
limitations.

4.1 Experimental Protocol and Metrics

In this section, we will describe the global experimentation protocol we used during
the thesis. First, in Section 4.1.1, we will describe the resources used during experimen-
tation, including the FPGA board used for onboard inference and the laptop specifi-
cations used for training and software inference. We will then detail the experimental
protocol followed during these tests in Section 4.1.2. Finally, in Section 4.1.3 we will
outline all the metrics used to validate our experiments.

4.1.1 Experiments Resources

In this section, we will present thematerials used during experimentation. Wewill first
describe the FPGA target board and then the computer used for training and software
inference. We will compare the speed and energy performance of the computer with
that of the FPGA.
First, all experiments were conducted on an Arty Z7: Zynq-7000 SoC Development
Board equipped with a XC7Z020-1CLG400C FPGA chip operating at a clock frequency
of 125 MHz. The hardware resources are summarized in Table 4.1.
Larger FPGA boards, such as the Zynq UltraScale, were not used during experimenta-
tion due to equipment limitations in the laboratory. Due to the hardware resource
limitations of the Arty Z7 board, we focused our experiments on small networks.
Because ModNEF does not support online training, the models were trained on an
ASUS TUF Gaming F17 TUF707ZC4-HX094W laptop. This laptop is equipped with 16
GiB of DDR4 3200 MHz RAM, a 64-bit 12th Gen Intel(R) Core(TM) i5-12500H CPU, and
a GeForce RTX 3050 Mobile GPU with 4 GiB of Graphic Double Data Rate (GDDR)6
memory.
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Table 4.1 – Hardware resources capacity of Arty Z7 Zynq-700 SoC Development Board.

Resource Capacity

LUT 53,200

LUTRAM 17,400

FF 106,400

DSP 220

BRAM (Kbit) 5,040

4.1.2 Experimental Protocol

In this section, we will describe the experimental protocol used to train and validate
our models.
The experimental protocol follows these steps and is summarized in Figure 4.1:

1. Dataset Selection: We first select the target dataset for the experiments. The
MNIST dataset was only used as a proof-of-concept dataset. For other experi-
ments, we prefer natural neuromorphic datasets such as N-MNIST, SHD or DVS
Gesture.

2. Network Topology Definition: The second step involves defining the network
topology and layer hyperparameters, such as neuron parameters.

3. Short Training Session: To validate the network model, we run a short training
session with a high learning rate and a low number of epochs to verify if the
model can handle the classification task.

4. First FPGA Implementation: To verify if the trained model can be implemented
on the FPGA board, we synthesize the circuit of this initial model. If the model
does not fit into the FPGA, we need to find a smaller model that fits onto the
board.

5. Training: Once the model is validated, we run a longer training session with a
lower learning rate to achieve a more accurate model.

6. Evaluations: After training the model, we run several evaluations:
a) Full Precision Software Evaluation
b) Post-Training Quantization (PTQ) Software Evaluation
c) FPGA Evaluation

7. Metrics: If the FPGA evaluation is considered good, with a low accuracy drop
compared to the software evaluation, we gather the different metrics of the
model.

To train our network, we used the SNNTorch simulator [46] with the ModNEF Torch
neuron models (see Section 3.5.3 for more details). To train the different models, we
employed the Backpropagation Through Time (BPTT) learning method, which is an
adaptation of the BP learning method [194, 212, 20, 46, 158].
The classification process is based on a rate classifier, where the spikes generated by
each neuron in the output layer are counted. The neuron that emits the most spikes
is considered the winner of the classification phase.
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First FPGA
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Validate?

Figure 4.1 – Experimental protocol flow organization. The process stats by selecting the dataset and train-
ing a network with a low number of epochs to validate the network topology and the layer
hyperparameters. If we achieve good accuracy, the network is implemented on FPGA to ver-
ify its compatibilitywith our board. If themodel achieves good accuracy and canbedeployed
on our board, we train ourmodel with a higher number of epochs, and we run comprehensive
evaluation and metrics recording.

The final step of the experimentation process involves evaluating various metrics to
assess our model’s performance. In the next section, we will describe the chosen met-
rics.

4.1.3 Metrics Definition

To validate our experiments, we define variousmetrics to evaluate the performance of
ourmodel and the corresponding hardware architecture. We categorize thesemetrics
into three groups, depending on whether they are shared between the software and
hardware models or not.
The first metric we used to evaluate model performance is accuracy. We evaluate
accuracy using three different methods:

1. Full Precision: Accuracy measured with the best model evaluated using
SNNTorch without any quantization.

2. PTQSimulation: Accuracymeasuredwith the best trainedmodel evaluated using
the SNNTorch simulator, incorporating quantization during inference.

3. FPGA: Accuracy measured from FPGA inference.

The second category of metrics consists of metrics shared between software (i.e., CPU
and GPU hardware target) models and hardware (i.e., FPGA hardware target) models.
These shared metrics are:

1. Inference Speed: For software models, inference speed is measured during
power estimation using PyJoules, which provides the execution time of the mea-
sured Python block. For the FPGA architecture, we use the UART_XStep_Timer,
which counts and transmits the number of clock cycles during architecture exe-
cution (see Section 3.3.2 for more details). The execution time measurement ex-
cludes the latency of the communication protocol, as its implementation can be
modified or optimized independently. Thus, including communication latency
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would not provide a consistent evaluation of the core architecture performance.
After receiving the counter value, wemultiply it by the clock frequency to obtain
the execution time of the inference.

2. Energy Consumption: For software energy consumption, we used the PyJoules
Python library [22], whichmeasures the energy consumption of a block of Python
code. We measure the energy consumption of a batch forward pass and calcu-
late themean value across all batches. It is important to note that the energy con-
sumption of GPUs strongly depends on the batch size. Therefore, the reported
results should be interpreted with caution: they provide a reliable order of mag-
nitude but not an absolute measure independent of the experimental setup. For
FPGA energy consumption, we use the power estimator provided by Vivado and
calculate the energy by multiplying the power estimation by the inference time:
EFPGA = Pvivado � Tinference.

The last category of metrics is available only for the FPGA model architecture and
consists of the following metrics:

1. Dynamic Power Consumption: The dynamic power consumption is provided by
vectorless Vivado power estimation.

2. Static Power Consumption: The static power consumption is provided by vec-
torless Vivado power estimation.

3. BRAM Consumption: The memory footprint of the architecture is provided by
the Vivado utilization report. The metric follows the format: A;B (X%), where A
is thememory consumption of the network circuit, B is thememory consumption
of the UART module, and X is the percentage of resource usage.

4. FF Consumption: This metric represents the consumption of Flip-Flop (FF) hard-
ware resources. It follows the format: A;B (X%), where A is the FF consumption
of the network circuit, B is the FF consumption of the UART module, and X is the
percentage of resource usage.

5. LUT Consumption: This metric represents the consumption of LUT hardware re-
sources. It follows the format: A;B (X%), where A is the LUT consumption of
the network circuit, B is the LUT consumption of the UART module, and X is the
percentage of resource usage.

6. LUTRAM Consumption: This metric represents the consumption of Look Up Ta-
ble RandomAccessMemory (LUTRAM) hardware resources. It follows the format:
A;B (X%), where A is the LUTRAM consumption of the network circuit, B is the
LUTRAM consumption of the UART module, and X is the percentage of resource
usage.

7. DSP Consumption: This metric represents the consumption of DSP hardware re-
sources. It follows the format: A;B (X%), where A is the DSP consumption of
the network circuit, B is the DSP consumption of the UART module, and X is the
percentage of resource usage.

We noticed that the power estimation provided by Vivado with the
Uart_XStep_Timer module can underestimate the DSP power consumption for
unknown reasons. To mitigate this estimation error, the power estimation and
resource usage report were conducted using the Uart_XStep module as the UART
component. The differences between these two architectures are negligible and only
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concern the UART component consumption, not the network implementation. We
are currently working on a more accurate power estimation methodology. However,
the tool is not yet developed and validated.

4.2 Classifications Results with Feed Forward

In this section, we will present the various experiments conducted to validate and
evaluate the performance of the ModNEF architecture for FF-FC network topology.
First, in Section 4.2.1, we will present the results on the MNIST dataset as a proof of
concept. Next, in Section 4.2.2, we will discuss ModNEF performance with natural
neuromorphic dataset classification tasks with the N-MNIST dataset.

4.2.1 Proof of concept with MNIST

To verify the proper functioning of the ModNEF architecture, we first used the MNIST
dataset [99]. Although MNIST is not a neuromorphic dataset and is considered well-
solved [101], it served as a proof of concept. Given that MNIST is widely used to bench-
mark the performance of various AI models, including SNN models [44], we use it to
compare our work with other FPGA architectures for SNN implementation.

Experimental Setup

MNIST was introduced in a study by Lecun et al. in 1998 [98, 99]. It consists of 28x28
8-bit grayscale images of handwritten digits ranging from 0 to 9. The training set com-
prises 60,000 images, and the test set comprises 10,000 images.
Since MNIST is not a neuromorphic dataset, it is necessary to represent input data as
temporal data. During training and software-based evaluation (on CPU and GPU), we
sent the input data several times, to simulate temporal data. During FPGA evaluation,
we convert input into spike representation. To achieve this, we use a Poisson generator
[73, 44] to convert each pixel into a train of spikes, where the pixel value is used as the
mean of a binomial distribution. The Poisson encoding is run as data preprocessing
on the host computer, and the generated spikes are sent into the FPGA. In our case,
we fix the number of time steps to 100 ms, sending the input data 100 times during
software-based evaluation and training and generating a spike train of 100 ms with a 1
ms time step. The work of Fang et al. [47] highlights the importance of the conversion
process, and the encoding scheme used can significantly impact the inference speed.
To reduce the inference speed and energy consumption, we can change the encoding
scheme or the number of steps.
The model used for the MNIST classification task is a simple FF-FC network topology.
Table 4.2 summarizes modules configurations of the deployed model. The network
consists of a hidden layer with 128 neurons and an output layer with 10 neurons, each
implementing the SLIF neuronmodel. Given the simplicity of the MNIST classification
task, the simplified membrane voltage dynamics of the SLIF model are sufficient to
achieve high accuracywhilemaintaining lower power consumption compared tomore
complex models such as BLIF.
To reduce emulation latency, both layers are emulated using a Parallel strategy. The
internal computational variables are encoded with 16 bits, while synaptic weights are
represented using 8-bit encoding, balancing accuracy and resource efficiency.
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Table 4.2 – Detailed module configurations for the 2-layer MNIST model. Both layers are emulated with
the SLIF neuron model emulated in parallel with 16-bit computational variables and 8 bits to
encode synaptic weights.

Layer N neuron Neuron model Strategy Variable size Synaptic Weight

Hidden Layer 128 SLIF Parallel 16 8

Output Layer 10 SLIF Parallel 16 8

Experimental Results

We will present the results of our experiments.
Table 4.3 summarizes the accuracy values obtained using different inferencemethods.
As shown, the accuracy measured with PTQ is higher than the full precision accuracy,
likely due to reaching a different optimal point. Additionally, the FPGA accuracy is
higher than both other evaluationmethods. This can be attributed to two factors: the
previously mentioned PTQ optimization and the spike conversion used during FPGA
inference.

Table 4.3 – Accuracy results for the 2-Layer MNIST model. In this scenario, the onboard evaluation
achieves better accuracy than both quantized software and the full precision evaluation. This
improvement can be attributed to reaching better localminima due to quantization error and
the spike conversion process specific to the FPGA evaluation.

Evaluation Method Accuracy (%)

Full Precision 96.66

PTQ Simulation 96.58

FPGA 97.06

Since the network is relatively small, the hardware resource consumption is not very
high, as shown in Table 4.4. The primary resource consumed is memory, with 27.14%
usage. Becausewe used the SLIF neuronmodel, noDSP resources were used due to the
absence of multiplication operations, resulting in low dynamic power consumption.
Table 4.5 references the inference speed and energy consumption of the model on
different hardware targets. The FPGA model achieves classification tasks 3.7 times
faster than CPU and GPU. Thanks to this high inference speed and the low-power con-
sumption of FPGA, the energy consumption for classification tasks is 557 to 953 times
better than other hardware targets.
MNIST was used as a proof-of-concept dataset, and these metrics demonstrate that
ModNEF is a promising architecture for high-speed, low-power classification tasks.
ModNEF can achieve accuracy comparable to software-based evaluation methods
while offering superior inference speed, even in real-time, and lower power and en-
ergy consumption.
In addition to serving as a proof of concept, theMNIST dataset was also used as a com-
parison dataset with other works that implement SNN architectures on FPGA chips.
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Table 4.4 – Hardware metrics results for the 2-Layer MNIST model. The BRAM is the most consumed
resource due to synaptic weight storage, followed by the LUT usage driven by the parallel
emulation strategy. Since the model uses the SLIF neuron model, DSP consumption remains
at 0, leading to low dynamic power consumption.

Metrics Results

Dynamic Power (mW) 90

Static Power (mW) 109

BRAM (KBit) 1080 ; 288 (27.14%)

FF 2616 ; 381 (2.82%)

LUT 8935 ; 640 (18.00%)

LUTRAM 0 ; 384 (2.21%)

DSP 0 ; 0 (0.00%)

Table 4.5 – Shared metrics result for the 2-Layer MNIST model. The FPGA target delivers the fastest
hardware performance, significantly better than software-based targets. This high inference
speed, combining with low-power consumption, results in a substantial reduction in energy
consumption.

Target CPU GPU FPGA

Inference Speed (ms) 0.437 0.469 0.116

Energy Consumption (mJ) 20.97 12.27 0.022

Comparison with other works

Table 4.6 presents a comparison of ModNEF’s performance with other works in the
field.
Since ModNEF and Spiker+ share a common network topology, dataset transforma-
tion, and hardware architecture, we will focus our comparison with Spiker+. In fact,
a bigger network topology or a different neuron model can significantly impact the
model and hardware performances.
ModNEF achieves higher accuracy than Spiker+ but requires more memory, as Spiker+
uses 4-bit synaptic weights encoding, leading to lower power consumption. ModNEF
appears as faster than Spiker+. However, it is important to notice the latency on
ModNEF is calculated without input and output spike transmission while Spiker+ takes
these steps into consideration [28].
Overall, ModNEF delivers competitive accuracy and power efficiency results com-
pared to state-of-the-art solutions. To improve accuracy, larger neural networks, such
as those in the FPGA-NHAP [114] architecture, Abderrahmane et al.’s work [3], or Han
et al. [68] study, could be adopted.
We can see that the power consumption per implemented neuron is comparable to
other similar works. However, there is a notable gap between clock-driven and event-
driven approaches. In clock-driven architectures, the neuron state is updated at each

71



4 Test Bench

emulation step, even without new information, leading to higher power consumption
per neuron. In contrast, event-driven architectures update neuron states only when
new information arrives, resulting in lower power consumption. Liu et al. [114] demon-
strate that clock-driven architectures can be advantageous if the spike density within
the network is high. In event-driven systems, spikesmust be processed, and the energy
impact can be significant if the number of spikes is high.
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Table 4.6 – Comparison between ModNEF and other FPGA emulators. This comparison focuses on Spiker+ due to similar network topology and hardware architecture. While
ModNEF achieves higher accuracy, Spiker+ demonstrates better power performance due to lower BRAM consumption. However, thanks to its high inference speed,
ModNEF reaches better energy consumption than Spiker+.

Design ModNEF Spiker+ [28] FPGA-NHAP [114] Abderrahmane et al. [2]

Paradigm Clock Driven Clock Driven Clock/Event Driven Event Driven

FPGA XC7Z020-1CLG400C XC7Z020 XC7K325T 5CGXFC7C7F23C8

Clock Frequency (MHz) 125 100 200 83.51

Topology 784-128-10 784-128-10 784-1024-1024-10 784-300-300-10

BRAM (Kbit) 1368 640 3006 8676

Accuracy 97.06% 93.85% 97.70% 98.00%

Inference time (ms) 0.116 0.780 4.8 N/A

Power (W) 0.190 0.180 0.351 N/A

Power/neurons (mW/neurons) 1.37 1.30 0.17 N/A

Energy (�J) 21.99 140.4 1,684 N/A

Design Han et al. [68] Li et al. [108] Zhang et al. [211] Fang et al. [47]

Paradigm Event Driven Clock/Event Driven Event Driven Event Driven

FPGA XC7Z045 Virtex-7VC707 xc7vx690t Cyclone V

Clock Frequency (MHz) 200 100 Asynchronous 75

Topology 784-1024-1024-10 784-200-100-10 784-512-384-10 784-600-10

BRAM (Kbit) 1530 + 1GB of DDR3 N/A 8192 N/A

Accuracy 97.06% 92.93% 98.00% 95.66%

Inference time (ms) 6.21 3.15 1.1 6.65

Power (W) 0.246 1.6 0.7 1.029

Power/neurons (mW/neurons) 0.12 7.27 0.0077 1.68

Energy (�j) 1,527 5,040 770 6,842
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4.2.2 N-MNIST Dataset: a Neuromorphic Equivalent to MNIST

BecauseMNIST is not a natural neuromorphic dataset, we used another neuromorphic
dataset called N-MNIST, which is comparable to MNIST in terms of classification task
simplicity. In this section, we will present our result with the N-MNIST dataset. We will
first introduce the experiments and then describe the different results.

Experimental Setup

N-MNIST, or Neuromorphic MNIST [140], is a natural neuromorphic equivalent of the
MNIST dataset. N-MNIST was created by recording MNIST static images with Posch
et al. DVS camera [151]. The camera was moved to simulate the motion of MNIST
samples, thereby generating events from the DVS camera. The sequence of camera
movements is decomposed into three different saccades, each approximately 100 ms
in duration, resulting in a total sample duration of 300 ms. The output data are repre-
sented as timestamped events with X and Y coordinates, the date of spike emission,
and the polarity of the event, which indicates whether the camera detected a positive
or negative brightness change.
Before model training and evaluation, we transform the N-MNIST samples into frames,
where events between the beginning and the end of each frame are accumulated, as
represented in Figure 4.2. In our experiments, we separate each N-MNIST sample into
50 frames.

4 1 2 0
2 2 3 1
1 4 2 4

Figure 4.2 – Graphical representation of the n_time_bins transformation. The upper graph illustrates the
spike trains from different input neurons, with time steps delimited by dashed gray lines. The
lower table represents the transformation results, where the number of spikes in each train
is accumulated for every frame.

We trained two different models for the N-MNIST classification task. Both models
share the same FF-FC 34x34x2-128-10 topology.
The first model is described in Table 4.7. Both layers are implemented with the BLIF
neuron model implemented with a parallel strategy. The second model is described
in Table 4.8. To minimize the power consumption of the model, we decide to use
the SLIF neuron model, more power efficient since this neuron model does not use
multiplication. To maintain high precision of our model, we implement the output
layer with the BLIF neuron model, which maintains an exponential membrane voltage
decay. Both models emulated their neuron with the parallel emulation strategy to
decrease the model latency with 16 bits to encode membrane voltage and 8 bits to
encode synaptic weight.
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Table 4.7 – Detailed module configurations of the architecture used to implement the 2-layer N-MNIST
model. Both layers are implemented with the BLIF neuron model implemented with parallel
emulation strategy.

Layer N neuron Neuron model Strategy Variable size Synaptic Weight

Hidden Layer 128 BLIF Parallel 16 8

Output Layer 10 BLIF Parallel 16 8

Table 4.8 – Modules configuration details use to implement the 2-layer N-MNIST model. In contrast to
the first model, and since modules on ModNEF are independent, we implement the hidden
layer with the SLIFmodel tominimize the power consumption of ourmodel. The output layer
remains implemented with the BLIF neuron model.

Layer N neuron Neuron model Strategy Variable size Synaptic Weight

Hidden Layer 128 SLIF Parallel 16 8

Output Layer 10 BLIF Parallel 16 8

Experimental Results

In this section, we will present the experimental results of the two implemented net-
works.
Table 4.9 summarizes the accuracy of the different models. As we can see, there is
a slight drop in accuracy between the ModelBB and the ModelSB , likely due to differ-
ences in the initial state and the varying neuron dynamics of the hidden layer.

Table 4.9 – Accuracy for 2-Layer N-MNIST models. Both models achieve similar accuracy, and the evalu-
ation methods do not significantly impact the accuracy.

Evaluation Method ModelBB Accuracy (%) ModelSB Accuracy (%)

Full Precision 97.36 96.65

PTQ Simulation 97.39 96.48

FPGA 97.37 96.47

As it referred in Table 4.10 the two different models have similar LUT and FF consump-
tion. However, ModelBB , due to its higher DSP consumption, requires more power
thanModelSB .
As shown in Table 4.11, both models outperform the CPU and GPU in terms of energy
consumption and computational time. However, theModelSB achieves inference with
a similar computational duration but with lower energy consumption, decreasing from
37 �J forModelBB to 16 �J forModelSB due to lower consumption of DSP.
These experiments demonstrate the capability of ModNEF to process natural neu-
romorphic data in real-time with low-energy consumption. Moreover, we show that
ModNEF can implement heterogeneous SNN topologies with different neuron mod-
els, resulting in varying impacts on power consumption and hardware resource usage,
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Table 4.10 – Hardware metrics results for 2-Layer N-MNIST models. The ModelSB , using the SLIF neuron
model for the hidden layer, shows reduced DSP and FF consumption, leading to a significant
decrease in power consumption. BRAM consumption remains equal for both models, as the
memory usage is determined by the number of parameters rather than the neuron model.

Metrics ModelBB ModelSB

Dynamic Power (mW) 473 153

Static Power (mW) 121 115

BRAM (KBit) 4158 ; 252 (87.50%) 4158 ; 252 (87.50%)

FF 5856 ; 355 (5.84%) 2795 ; 352 (2.96%)

LUT 8583 ; 503 (17.08%) 8954 ; 493 (17.76%)

LUTRAM 0 ; 96 (0.55%) 0 ; 96 (0.55%)

DSP 138 ; 0 (62.73%) 10 ; 0 (4.55%)

Table 4.11 – Shared metrics results for 2-Layer N-MNIST models. Both models on FPGA deliver compara-
ble inference speed, but theModelSB model achieves significantly lower energy consumption
due to lower power consumption. Overall, both models exhibit better energy consumption
on FPGA compared to GPU and CPU targets.

Model ModelBB ModelSB

Target CPU GPU FPGA CPU GPU FPGA

Inference Speed (ms) 0.39 0.24 0.062 0.30 0.26 0.06

Energy Consumption (mJ) 17.81 6.94 0.037 15.84 7.37 0.016

without significant differences in execution time and accuracy.
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4.3 Recurrent Topology in ModNEF

In the previous sections, we presented two experiments using different datasets but
with a common network topology, specifically the FF-FC network topology. Other net-
work topologies can be implemented with ModNEF, such as recurrent networks. Re-
current networks appear to be good candidates for sequential data processing, such
as audio or video data, due to their ability to maintain hidden states through recur-
rence [196, 214].
In this section, we will present two experiments based on recurrent networks. The
first experiment, presented in Section 4.3.1, involves a local recurrent network using
the SHD audio dataset. The second experiment, presented in Section 4.3.2, involves
global recurrence with the DVS Gesture dataset.

4.3.1 Local Recurrence Architecture with SHD Dataset

The first experiment with a recurrent network topology involves a local recurrent net-
work using the Spiking Heidelberg Digits (SHD) audio dataset. We will first describe
the experimental setup, including a presentation of the dataset and a description of
the dataset transformation and model.

Experimental Setup

The Spiking Heidelberg Digits (SHD) dataset [38] is an audio dataset composed of
10,000 spoken digits, ranging from 0 to 9, in both English and German. The spoken dig-
its are recorded in high audio quality and then converted into spikes using a software
cochlea simulator inspired by the work of Sieroka et al. [171], resulting in 700 output
channels.
Our network model consists of a 700-200-20 topology with local recurrence on the
hidden layer and output layer. Table 4.12 represents the layer configuration of our
model. We used the SRLIF neuron model for both layers to maintain an exponential
membrane potential decay while keeping a low-power architecture.
Aswith theN-MNISTdataset, we apply a frame transformation using the n_time_bins
Tonic transformation. After experimentation, we determined that 75 frames provide
the best transformation in terms of accuracy.

Experimental Results

In this section, we will present the different results obtained with the SHD dataset.

Table 4.12 – Detailed module configurations used to implement the 2-layer SHDmodel. To minimize the
power consumption of our model, we choose to use the SRLIF neuron model to maintain
exponential decay with low power consumption.

Layer N neuron Neuron model Strategy Variable size Synaptic Weight

Hidden Layer 200 SRLIF Parallel 16 8

Output Layer 20 SRLIF Parallel 16 8
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Table 4.13 summarizes the accuracy results obtained with our model. Due to the lim-
ited training set and the complexity of the classification task, it is difficult to achieve
high accuracy with a 2-Layer network. However, we achieve a similar accuracy for a
comparable network topology to other works with 71.4% [38], 77.5% [147], and 72.99
% [29].

Table 4.13 – Accuracy results with the SHD model. A 1.5% accuracy drop is observed on the FPGA tar-
get compared to the full precision evaluation, attributed to quantization errors that reduce
synaptic weight precision.

Evaluation Method Accuracy (%)

Full Precision 77.59

PTQ Simulation 76.87

FPGA 76.16

The use of recurrent modules increases power consumption due to higher constraints
on the neuron model, especially to account for recurrent spikes in the membrane
potential. For a similar number of neurons, the model consumes more power and
hardware resources than the previous model. The usage of BRAM increases from the
previous model, firstly because more BRAM is needed to store recurrent weights. Sec-
ondly, since the forward and recurrent BRAM memories are separated into two dif-
ferent memory components, the Vivado synthesis tool will separate these memories,
increasing BRAM consumption due to the limited amount of BRAM on FPGAs. This
results in the use of at least 18 Kbit of BRAM, even if less than 18 Kbit are required,
thereby increasing memory and power consumption.

Table 4.14 – Hardware metrics results for the SHD model. The increase in BRAM and LUT usage, due to
the recurrence, leads to a significant rise in dynamic power consumption.

Metrics Results

Dynamic Power (mW) 296

Static Power (mW) 115

BRAM (KBit) 2592 ; 252 (56.43%)

FF 4110 ; 356 (4.20%)

LUT 18415 ; 549 (35.65%)

LUTRAM 0 ; 256 (1.47%)

DSP 0 ; 0 (0.00%)

We achieve real-time classification operations in less than 0.5 seconds, which is the
shortest SHD sample duration. Thanks to low-power consumption and high infer-
ence speed, ModNEF run classification resultswith an energy consumptionbetter than
software-based inference from 530 to 895 times.
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Table 4.15 – Shared metrics results for SHD model. FPGA inference achieves the fastest execution, while
CPU and GPU evaluation run at comparable speeds. The FPGA target demonstrates the low-
est energy consumption overall. A notable observation is the lower energy consumption
of the GPU. Despite both targets delivering similar inference speed, we can conclude the
power consumption of the GPU is less than the CPU power consumption during this experi-
ment, which is counterintuitive.

Target CPU GPU FPGA

Inference Speed (ms) 0.59 0.59 0.13

Energy Consumption (mJ) 27.41 15.41 0.056

4.3.2 Global-level Recurrent Architecture with DVS Gesture Dataset

In the previous experimentation, we used a local-level recurrency where neurons of
a given layer are only connected to other neurons within the same layer. Another re-
currence topology consists of a global-level recurrence where layers of the network
are first connected in a forward manner, with additional connections between a given
layer and other previous layers. This architecture allows capturing more temporal in-
formation [182, 196, 214].
In this section, we will demonstrate the capability of ModNEF to run this kind of net-
work topology with the DVS Gesture dataset. We will first introduce the experimen-
tation and then present the results of dataset inference.

Experimental Setup

DVS Gesture [9] is a neuromorphic dataset consisting of 1,342 hand and arm gestures
recorded with an event-based DVS camera [109] with a 128x128 sensor resolution. This
camera generates AER data with two different event polarities. The DVS Gesture
dataset is separated into 11 classes: 10 classes for gesture recognition and one addi-
tional class for other gestures.
We applied two different transformations to the dataset samples. The first is a frame
transformation using the n_time_bins method, with a sample split of 100 different
frames. The second transformation is the downscaling of input data, illustrated in
Figure 4.3, which shows the same portion of a frame with and without downscaling.
Due tomemory limitations of our FPGA, we need to downscale the input sample from
128x128x2 to 32x32x2 to avoid memory overconsumption.
The network model is presented in Figure 4.4. The output layer is connected to itself
and to the hidden layer, creating a global recurrence connection.
The ModNEF architecture is schematized in Figure 4.5. To create the global recurrency,
we used the SRLif_Parallelmodule along with the Merger and Splittermodules.
For model training and architecture generation, we developed a new module called
GRShiftLIF. This module allows the SNNTorchmodel to take input spikes from other
layers, and the VHDL module generator can produce the correct memory file, which
is slightly different from the traditional SRLIF neuron module.
A detailed model configuration is presented in Table 4.16. As for the previous, we use
the SRLIF neuron model to maintain exponential decay while minimizing the power
consumption. Since the Merger module will increase the model latency, we decide
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Figure 4.3 – Downscale representation of a region of a DVS Gesture sample. The left map shows the orig-
inal data, illustrating the number of spikes per neuron. The right map represents the same
region after downscale transformation, where spikes within each delineated area, marked by
white lines on the original map, are accumulated and assigned to a shared neuron address.
This transformation significantly reduces input data size but decreases information granular-
ity.

Input layer
32x32x2

Hidden Layer
128

Output layer
11

Figure 4.4 – DVS Gesture network topology. The
network consists of an input layer con-
nected to the hidden layer, which in
turn connects the output layer. The
output layer features both local recur-
rence, i.e., connected to itself, and
global recurrence, with a feedback
connection from the output layer to
the hidden layer.

UART

Hidden Layer
ShiftLIF ParallelMerger Output Layer

RShiftLIF Parallel Splitter

Figure 4.5 – DVS Gesture ModNEF architecture.
The UART module connects to a
Mergermodule, which establishes the
global recurrence. The hidden layer is
emulated by a SRLif Parallelmod-
ule and is connected to the output
layer module, implemented using a
RSRLif Parallel module. The out-
put data bus of the output module is
split to enable the global recurrence.
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Table 4.16 – Detailedmodule configurations for the DVS-Gesturemodel hardware implementation. Both
layers are emulated with the SRLIF neuron model emulated in parallel with 16-bit computa-
tional variable size and 8 bits to encode synaptic weights.

Layer N neuron Neuron model Strategy Variable size Synaptic Weight

Hidden Layer 128 SRLIF Parallel 16 8

Output Layer 11 SRLIF Parallel 16 8

to implement our neurons with the parallel emulation strategy to compensate for the
latency increase.

Experimental Results

In this section, we will present the different results we obtain with our model.
Table 4.17 summarizes the accuracy of our model. With this simple topology, we
achieve good accuracy with a smaller network model compared to other models, as
shown in Table 4.18. Although ModNEF achieves lower accuracy than other models,
our work demonstrates that similar accuracy can be achieved with a smaller network
model by using global recurrence topology whilemaintaining low-power consumption.

Table 4.17 – Accuracy result of the DVSGesturemodel. FPGA evaluation shows a 1% decrease in accuracy
compared to the full-precision evaluation.

Evaluation Method Accuracy (%)

Full Precision 84.37

PTQ Simulation 83.59

FPGA 83.20

Table 4.19 shows the hardware resource consumption of our architecture. As we can
see, the BRAM consumption appears to be a limitation for our architecture, rather
than LUT or FF resources. In the next section, we will investigate the limitations of our
architecture.
Table 4.20 shows the inference speed and energy consumption comparison between
CPU, GPU, and FPGA. As we can see, due to the complex architecture and the use of
the Merger, we achieve classification tasks slower than the CPU and at a similar speed
to theGPU.However, due to the low-power consumption of our device and the neuron
model, the energy consumption is approximately 50 times better than CPU and GPU
devices.
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Table 4.18 – Model comparison for DVS Gesture. While ModNEF achieves lower accuracy than other
models, our network is smaller, whichmay account for the reducedperformance. However,
this compact architecture enables the classification task to be executed with lower power
consumption, compared to other FPGA-based architectures.

Design ModNEF Cheng et al. [34] Liu et al. [110] Frenkel et al. [54]

Topology Global Recurrence Feed Forward Convolutional SNN Local Recurrence

Model 2048-128-11 1024-512-11 144×144-p4-32c-p2-
32c3-p2-512-256-11

256-256-10

Accuracy (%) 83.20 87.50 86.30 87.3

Target Device XC7Z020-1CLG400C Xilinx ZCU104 Zynq XA7Z020 ASIC

Power (mW) 280 720 a 420 42
a Unknown for DVSGesture; the power consumption is based on theN-MNIST network with a slightly
larger network topology.

Table 4.19 – Hardware metrics results for the DVS Gesture model. Due to the high BRAM consumption,
the dynamic power represents the most important part of the power budget.

Metrics Results

Dynamic Power (mW) 166

Static Power (mW) 115

BRAM (Kbit) 4212 ; 288 (89.29%)

FF 2623 ; 357 (2.80%)

LUT 10467 ; 515 (20.64%)

LUTRAM 0 ; 192 (1.10%)

DSP 0 ; 0 (0.00%)

Table 4.20 – Shared metrics result for DVS Gesture model. The FPGA target performs inference slower
than other targets. This delay is primarily due to the high number of input spikes, which
prolongs data transmission between the UART module and the hidden layer. Additionally,
the sequential process induced by the Merger module further slows the inference. Never-
theless, due to the low-power consumption of the target, the FPGA energy consumption
remains lower than other hardware targets.

Target CPU GPU FPGA

Inference Speed (ms) 1.04 2.31 3.36

Energy Consumption (mJ) 50.72 56.19 0.94
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4.4 Scalability and Limitations

In the previous network with DVS Gesture, we demonstrated the impact of hardware
resource limitations on the network topology implementation possibilities.
In this section, we will demonstrate the scalability of ModNEF with the MNIST dataset
to highlight the limitations of our architecture.
We used the MNIST dataset for two major reasons. The first reason is to reduce the
size of the input layer compared to N-MNIST, thereby reducing the memory footprint
of our model and allowing us to create deeper models. The second reason is the sim-
plicity of the classification task, which can be easily trained and can readily support
multiple-layer network topologies.
We trained six models with various network topologies. We varied two factors of our
architecture: the number of layers and the number of neurons per layer. Table 4.21
summarizes all the models trained, referred to as Big MNIST Models (BMM).

Table 4.21 – Big MNIST Model summary. This table compares models trained with varying numbers of
parameters, neurons, and layers.

Model name Topology Number of Neuron Number of Synapses

BMM_2l 784-950-10 960 754,300

BMM_3l 784-392-196-10 594 386,120

BMM_3l2 784-1024-512-10 1,546 1,332,224

BMM_4l 784-588-392-196-10 1,186 770,280

BMM_4l2 784-256-128-64-10 456 242,304

BMM_5l 784-256-128-64-32-10 490 244,032

All previous models were implemented with default values, meaning all neuron emula-
tion modules were implemented with the Parallel strategy, with signed 8-bit synap-
tic weights. We ran synthesis with this naïve method, and the results are shown in
Table 4.22. As we can see, a naïve implementation does not work in our case due to
the high number of neurons and synapses. Only BMM_4l2 and BMM_5l can be directly
implemented due to their lower number of neurons and synapses, contrary to other
models with more neurons and synapses.
In most cases, the BRAM and LUT are overused due to the high number of synapses
and neurons, as shown in Figure 4.6, where there is a direct correlation between the
number of synapses and resources, especially LUT and BRAM usage consumption.
The naïve method is limited due to the hardware limitations of our chip. To reduce
the hardware footprint, we can apply three different methods:

1. Reduce the synaptic encoding bitwidth to reduce BRAM consumption.
2. Change emulation strategy from Parallel to Sequential to reduce computa-

tion resource usage, such as DSP, LUT and FF.
3. Reducing computational variable bitwidth is the last option to reduce hardware

footprint. However, it can result in the introduction of signed overflow errors,
resulting in a loss of accuracy.
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Table 4.22 – Resource consumption, in percent, of big MNIST models with a naïve implementation
method. Models with the highest number of parameters exceed BRAM capacity. The over-
consumption of LUT arises because the large number of neurons exhausts all DSPs, thereby
replaced by LUTs, resulting in overall overconsumption.

Ressource BMM_2l BMM_3l BMM_3l2 BMM_4l BMM_4l2 BMM_5l

BRAM 152.86 85.00 245.36 172.86 62.50 66.07

FF 33.12 20.70 53.22 40.80 17.59 17.14

LUT 199.13 114.38 321.36 251.82 79.66 92.53

LUTRAM 19.49 2.21 31.63 20.59 2.20 2.20

DSP 100.00 100.00 100.00 100.00 100.00 100.00

400 600 800 1000 1200 1400 1600
Number of Neurons

50

100

150

200

250

300

Re
ss

ou
rc

es
 C

on
su

m
pt

io
n 

(%
)

Resources Usage Depending on Number of Neurons
LUT
BRAM

0.2 0.4 0.6 0.8 1.0 1.2 1.4
Number of Synapses 1e6

Resources Usage Depending on Number of Synapses
LUT
BRAM

Figure 4.6 – LUT and BRAM usage, in percent, depending on the number of neurons on the left graph,
and the number of synapses on the right graph. The green dashed line indicates the FPGA
resource limits, while blue and orange marks represent the percentage of LUT and BRAM
consumption, respectively.

Table 4.23 shows that by reducing the synaptic weight size and changing the neuron
emulation strategy, we can fit models onto our board. However, for themost resource-
intensive models, such as BMM_3l2 and BMM_4l, which have the most synapses and
neurons, these modifications are not sufficient to implement the models on our FPGA
board. To further reduce hardware resource consumption, we must also reduce the
computational variable size to decrease the LUT consumption of our circuits.
We can thus highlight a first limitation of our architecture, whichdepends on the target
FPGAboard not having enough hardware resources to implement themodel. However,
this limitation is due to the experimental material and not the architecture design.
Table 4.24 shows the accuracy of our model. We can note a good model emulation
with a low accuracy gap between software and hardware for most models. However,
we observe an accuracy drop for two models. The model BMM_3l2 experienced two
drops in accuracy: the first between full precision and PTQ accuracy due to low synap-
tic weight resolution, and the second between PTQ and FPGA due to low computa-
tional variable size, which can cause signed overflow errors during emulation, mean-
ing the sign bit passed to 1 by dint of addition, or in contrast, passed to 0 by dint of

84



4 Test Bench

Table 4.23 – Model configuration and resource consumption of big MNIST models after applying reduc-
tion methods. By reducing synaptic bitwidth and variable size, BRAM consumption is min-
imized. The sequential emulation strategy reduces LUT usage, though it increases the FF
utilization. These optimization methods also eliminate DSP usage for most models due to
Vivado optimization.

Ressource BMM_2l BMM_3l BMM_3l2 BMM_4l BMM_4l2 BMM_5l

Synaptic bw (bits) 4 8 3 4 8 8

Strategy Sequential Sequential Sequential Sequential Parallel Sequential

Variable bw (bits) 8 16 8 8 16 16

BRAM 81.78 85.00 97.85 91.78 62.50 66.07

FF 22.44 27.78 35.93 27.73 17.60 22.97

LUT 49.44 54.10 78.08 59.45 79.65 45.15

LUTRAM 1.10 2.21 2.21 2.21 2.21 2.21

DSP 0.00 1.36 0.00 0.00 100.00 2.27

subtraction. The second model with an accuracy drop is BMM_2l, where the accuracy
drop can be explained by the weight bitwidth reduction but also by the reduction of
computational variable size, inducing signed overflow error. The impact of the reduc-
tion of computational variable bitwidth and the reduction of synapticweight precision
is not visible on the BMM_4l model, which is more robust to quantization than other
models.

Table 4.24 – Accuracy results of Big MNIST models. For most models, accuracy remains nearly identical
between full-precision and FPGA evaluation. The accuracy of the BMM_2l model decreased
by 50% due to the reduction of variable size, potentially causing signed overflow on mem-
brane voltage variables. The most pronounced accuracy loss occurs in the BMM_3l2 model,
attributed to both reduced variable size and strict synaptic weight quantization.

Model BMM_2l BMM_3l BMM_3l2 BMM_4l BMM_4l2 BMM_5l

Synaptic bw (bits) 4 8 3 4 8 8

Strategy Sequential Sequential Sequential Sequential Parallel Sequential

Variable bw (bits) 8 16 8 8 16 16

Full Precision Accuracy (%) 96.65 96.39 96.01 96.86 96.58 96.45

PTQ Accuracy (%) 96.17 96.38 79.54 96.49 96.57 95.47

FPGA Accuracy (%) 44.63 95.93 9.45 91.66 96.88 95.35

Wecan conclude that our architecture demonstrates good scalability. As seenwith the
BMM_2l and BMM_3l2 models, hardware limitations are responsible for the accuracy
drop due to lower weight resolution and signed overflow errors, which can occur if
computational variable sizes are too small.
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4.5 Impact of Design Choices on Architecture Performances

In the previous section, we present limitations ofModNEF and see themajor limitation
is due to hardware limitations of the target board, which can impact final accuracy. We
highlight three methods to reduce the hardware footprint of our circuit:

1. Change emulation strategy from Parallel to Sequential that reduces LUT con-
sumption.

2. Reduce synaptic weight bitwidth to reduce the BRAM consumption.
3. Reduce variable size to reduce computational complexity, thereby reducing com-

putational circuit usage.
The first one is the emulation strategy, the second one is the synaptic weight bitwidth
and the last one is the reduction of computational variable size.
In this section, we will present other possibilities to reduce the hardware footprint by
analyzing diverse design choices. In addition to seeing the accuracy and the hardware
footprint impact of these choices, we will also see the impact of these choices on
inference speed.
First, in Section 4.5.1, we will study the impact of the neuron model on network im-
plementation performances. In section 4.5.2 we will see with more details the impact
of emulation strategy, and to finish in section 4.5.3 we will talk about the recurrence
strategy, Merger + Splitter recurrence, or Internal Recurrence method on architec-
ture performances.

4.5.1 Impact of the Neuron Model on Architecture Performances

In this section, we will describe the impact of the neuron model on architecture per-
formance. We assume that you have read Section 3.2.1, which describes the different
neuron models proposed in ModNEF. As we previously explained, since the IF model
were integrated into ModNEF recently, the impact of the IF model is not studied in
this section.
We trained three 2-Layer N-MNIST models with a FF 2312-128-10 architecture, each
using a different neuron model. In this experiment, we used the Parallel emulation
strategy to highlight the impact of the neuron model.
Table 4.25 summarizes the accuracy of different models. Because the membrane po-
tential dynamics of BLIF and SRLIF neuron models are similar, it is expected that they
achieve similar accuracy. However, the SLIF neuron model achieves a lower accuracy
due to its linear decay and the difficulty in obtaining optimal neuron hyperparame-
ters.
Table 4.26 compares the hardware resource consumption of different neuron models.
The BLIF model consumes more dynamic power than other models due to the high
consumption of DSP, a power-hungry resource, and the higher consumption of FF. The
SRLIF model, although it consumes fewer hardware resources, consumes more power
than the SLIF model. In all cases, memory consumption does not change because the
number of synapses remains constant.
Table 4.27 summarizes the inference speed and energy consumption of models de-
pending on the neuron model and target device. Since inference speed does not sig-
nificantly depend on the neuron model (it can only vary if some neuron models emit
fewer spikes than others), the inference speed remains stable across all models. In
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Table 4.25 – Accuracy comparison depending on neuron model with N-MNIST dataset. The BLIF and
SRLIF models deliver comparable accuracy, while the SLIF-based model achieves lower ac-
curacy.

Evaluation Method BLIF Accuracy (%) SRLIF Accuracy (%) SLIF Accuracy (%)

Full Precision 97.36 97.30 94.21

PTQ Simulation 97.39 97.29 94.09

FPGA 96.47 97.03 94.54

contrast, energy consumption is lower for SRLIF and SLIF models due to their lower
power consumption, which is a result of not using DSP.
In terms of power consumption, the SRLIF neuronmodel is the best choice, with lower
dynamic and static power consumption. Moreover, the SRLIF model offers better ac-
curacy than the SLIF model, which has similar power consumption. However, in terms
of resource consumption, the SLIF neuron model is slightly more efficient than other
neuron models. Nevertheless, the SLIF neuron model is harder to train due to the
linear membrane voltage decay. Although the BLIF neuron model is not efficient in
terms of power consumption and hardware resource consumption, it is simpler to use
than the SLIF neuron model and offers more hyperparameter possibilities, especially
for membrane decay. A way to decrease power and hardware resource consumption
for the BLIF model and other neuron models is to change the emulation strategy from
Parallel to Sequential.

Table 4.26 – Hardware metrics comparison depending on neuron model for N-MNIST dataset. The BLIF-
based exhbits higher power consumption due to its use of DSP resources. Although the SLIF-
based model consumes fewer hardware resources overall, the SRLIF model demonstrates
the lowest power consumption among the models. BRAM usage remains constant as the
number of parameters is identical across all models.

Metrics BLIF SRLIF SLIF

Dynamic Power (mW) 473 111 138

Static Power (mW) 121 114 115

BRAM (Kbit) 4158 ; 252 (87.50%) 4158 ; 252 (87.50%) 4158 ; 252 (87.50%)

FF 5952 ; 355 (5.93%) 2573 ; 352 (2.75%) 2617 ; 352 (2.79%)

LUT 8634 ; 504 (17.18%) 10447 ; 474 (20.53%) 9071 ; 493 (17.98%)

LUTRAM 0 ; 96 (0.55%) 0 ; 96 (0.55%) 0 ; 96 (0.55%)

DSP 138 ; 0 (62.73%) 0 ; 0 (0.00%) 0 ; 0 (0.00%)

4.5.2 Impact of the Emulation Strategy on Architecture Performances

As seen in Section 4.4, to reduce the hardware footprint of our larger models, we used
the Sequential emulation unit instead of Parallel. In some cases, this was not suf-
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Table 4.27 – Shared metrics comparison depending on neuron model on the N-MNIST dataset. The neu-
ronmodel affects inference speedonCPU andGPU,whereas in FPGA targetwhere allmodels
execute inference at the same speed.

Model BLIF SRLIF SLIF

Target CPU GPU FPGA CPU GPU FPGA CPU GPU FPGA

Inference Speed (ms) 0.26 0.24 0.06 0.34 0.29 0.06 0.31 0.28 0.06

Energy Consumption (mJ) 14.15 6.85 0.036 17.63 7.85 0.013 30.94 28.31 0.015

ficient, but it is a good starting point to reduce the hardware footprint of an SNN. In
this section, we will study the impact of the choice of emulation strategy on architec-
ture performance, especially in terms of power consumption, hardware footprint, and
inference time. We assume you have already read Section 3.2.2 to clearly understand
the major differences between the different architectures.
For this section, we used our previous model described in Section 4.2.2 with the N-
MNIST dataset and the BLIF neuron model to highlight the differences between the
architectures. To differentiate our architectures, we named our models with two let-
ters, “P” or “S”, corresponding to the emulation strategy of the first layer module and
the second layer module, respectively. We thus have the following four different mod-
els:
— PP: Parallel-Parallel
— PS: Parallel-Sequential
— SP: Sequential-Parallel
— SS: Sequential-Sequential

Table 4.28 shows the accuracy of the initial model and all different model implemen-
tations. As we can see, the emulation strategy has no impact on accuracy because the
synapses and neuron hyperparameters are the same, and the dataset is not affected
by random operations.

Table 4.28 – Accuracy results for the N-MNIST dataset with different emulation strategies for each layer
module. A drop in accuracy is observed between full-precision and FPGA evaluations. How-
ever, all FPGA-based evaluations maintain identical accuracy. As synaptic weights remain
consistent across models, regardless of the emulation strategy used.

Evaluation Method Accuracy (%)

Full Precision 97.36

PTQ Simulation 97.39

PP FPGA 97.3758

PS FPGA 97.3758

SP FPGA 97.3758

SS FPGA 97.3758

Table 4.29 summarizes the hardware resource consumption of our different architec-
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tures. As we can see, due to the reduction in DSP usage, the power consumption
decreases depending on the number of DSPs used. However, as seen in the previous
table, the higher inference time means this reduction is not sufficient to improve en-
ergy consumption. The usage of the Parallel strategy increases LUT usage, whereas
the Sequential module increases FF consumption due to additional internal mem-
ory.

Table 4.29 – Hardwaremetrics comparison between the different architectures depending on emulation
strategy on the N-MNIST dataset. BRAM consumption remains consistent across strategies
due to the identical implemented topology. Sequential emulation significantly reduces DSP
usage, as a single hardware neuron emulates all neurons, leading to a substantial decrease in
power consumption. Additionally, LUT usage is lower with the sequential strategy.

Metrics PP PS SP SS

Dynamic Power (mW) 472 423 160 156

Static Power (mW) 121 120 115 115

BRAM (Kbit) 4158 ; 252 (87.50%) 4158 ; 252 (87.50%) 4158 ; 252 (87.50%) 4158 ; 252 (87.50%)

FF 5952 ; 355 (5.93%) 5937 ; 355 (5.91%) 6748 ; 354 (6.67%) 6781 ; 354 (6.71%)

LUT 8634 ; 504 (17.18%) 8506 ; 504 (16.94%) 5843 ; 458 (11.84%) 5690 ; 459 (11.56%)

LUTRAM 0 ; 96 (0.55%) 0 ; 96 (0.55%) 0 ; 96 (0.55%) 0 ; 96 (0.55%)

DSP 138 ; 0 (62.73%) 129 ; 0 (58.64%) 11 ; 0 (5.00%) 2 ; 0 (0.91%)

Table 4.30 shows the inference speed and energy consumption of model implemen-
tations on different architectures. As expected, the sequential strategy increases the
inference time. However, for the PS model, the inference time is not much higher
than the PP model. This is because, in ModNEF, the inference time is dominated by
the slowest neuron emulation model. If we consider the execution time formulas pre-
sented in Section 3.2.2, the execution time of the hidden layer with spike emission is
2 + 1 � (2 + 128) = 132, and the execution time of the second layer is 2 + 3 � (10 + 1) = 35.
For the same reason, the inference time between SP and SS architectures is exactly
the same because the execution time is dominated by the sequential module of the
hidden layer.
However, in terms of energy consumption, due to the higher inference time, the en-
ergy consumption of SS and SP architectures is higher than that of PP and PS architec-
tures. We can notice that the best model in terms of energy consumption is the PS
architecture, due to the high speed of the largest layer and the low-power consump-
tion of the second layer module.

4.5.3 Impact of the Recurrence Strategy on Architectures Performances

In this section, we will focus on the impact of recurrence strategies on architecture
performance. We assume you have already read Sections 3.4 and 3.3.1 to clearly un-
derstand the different strategies and the presented results.
To highlight the differences between the two recurrence strategies, we trained a new
model using the N-MNIST dataset with a 2312-128-10 topology, featuring recurrent hid-
den and output layers and SRLIF. The two implementations are referred to as:
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Table 4.30 – Shared metrics comparison depending on emulation strategy. While the sequential emula-
tion strategy increases inference speed, it also raises energy consumption despite reducing
power usage. The PS architecture offers the best trade-off, maintaining high inference speed
for the hidden layer and minimizing the power consumption.

Target CPU GPU PP FPGA PS FPGA SP FPGA SS FPGA

Inference Speed (ms) 0.26 0.23 0.0615 0.0617 0.1626 0.1626

Energy Consumption (mJ) 14.36 6.70 0.03651 0.03354 0.04473 0.04408

— Merger+Splitter (MS) recurrence strategy.
— Internal Recurrence (IR) recurrence strategy.

As we can see in Table 4.31, there is no impact of the recurrence strategy on accuracy,
demonstrating the good functioning of both recurrence strategies.

Table 4.31 – Accuracy comparison between the two recurrence implementations. Since the recurrent im-
plementation does not affect the weights encoding, both FPGA architectures achieve iden-
tical accuracy, similar to the full-precision accuracy.

Evaluation Method Accuracy (%)

Full Precision 97.02

PTQ Simulation 96.79

MS FPGA 96.76

IR FPGA 96.76

Table 4.32 summarizes the hardware resource consumption of both implementations.
The MS strategy consumes less power than the Internal Recurrence (IR) strategy. This
power difference is mostly due to a significant gap in BRAM consumption, which arises
from how internal memory is implemented. The Vivado synthesis tool can only use
36Kb or 18Kb BRAM blocks. Because the IR recurrence strategy implements two dif-
ferent internal memories, the recurrence memory, which is smaller than the forward
memory, must be implemented with independent BRAM blocks. This increases BRAM
consumption and, consequently, increases power consumption.
However, as we can see in Table 4.33, there is a significant impact on inference speed
due to the Arbiter-Induced Serialization (AIS) mechanism introduced by the Merger
module. Although the power consumption is higher for MS, the IR recurrence strategy
achieves better energy performance due to its 16 times faster inference speed.

4.5.4 Impact of the UART Module on Architecture Performances

In this section, we will focus on the impact of the UART component on emulator per-
formance. In previous sections, we did not discuss the UART impact on performance,
firstly because all UARTmodules were configured in the sameway throughout all previ-
ous experimentation, and secondly because, due to limitations we will explore in this
section, the UART transmission module will soon be replaced by more efficient com-
munication modules.
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Table 4.32 – Hardware metrics comparison between the different recurrence implementations. Since
the IR architecture utilizes additional BRAM to store recurrent weights, increasing resource
usage and resulting in higher power consumption.

Metrics MS IR

Dynamic Power (mW) 173 209

Static Power (mW) 115 117

BRAM (Kbit) 4158 ; 252 (87.50%) 4734 ; 252 (98.93%)

FF 2623 ; 352 (2.80%) 2593 ; 352 (2.77%)

LUT 10475 ; 460 (20.55%) 11418 ; 474 (22.35%)

LUTRAM 0 ; 96 (0.55%) 0 ; 96 (0.55%)

DSP 0 ; 0 (0.00%) 0 ; 0 (0.00%)

Table 4.33 – Shared metrics comparison between the different recurrence implementations. The MS ar-
chitecture exhibits slower inference compared to the IR architecture, primarly due to the
sequential update operations induced by the Merger module, resulting in higher energy
consumption.

Target CPU GPU MS FPGA IR FPGA

Inference Speed (ms) 0.39 0.32 1.01 0.061

Energy Consumption (mJ) 19.45 8.57 0.029 0.02

For this section, we assume you have read Section 3.3.2 to understand the role of the
UART component in the architecture.
The UART data protocol was chosen due to its ease of implementation in both hard-
ware and software. The VHDL UART transceiver was previously developed and utilized
during a prior internship. Due to time constraints, we decided to retain UART and fo-
cus on developing more modules and conducting additional experiments rather than
developing other communication modules.
In this section, we will compare the UART_XStep_Timer and
UART_Classifier_Timer. We developed two additional drivers to gather more
information about the duration of different operations:
— Pre-Processing (PeP): Data preparation, transforming input spikes to AER format,

and determining which emulation step can be sent to the FPGA.
— Write Processing (WP): Packaging AER data into arrays of bytes according to the

UART protocol and accessing the UART system.
— Data Transmission (DT): Bytes transmission.
— Inference Latency (IL): Onboard inference latency.
— Data Reception (DR): Bytes reception.
— Read Processing (RP): Reading system access to UART and unpacking to obtain

output AER data.
— Post-Processing (PoP): Updating output results.

PeP and PoP can be measured directly using the time library in Python. IL is directly
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obtained from the received data. However, the DT and DL values cannot be directly
measured and must be computed based on the length of the data packet and the
baud rate. Figure 4.7 represents a schematic view of the UART pipeline and how we
measure the duration of different operations.
For each UART module, we changed different UART hyperparameters. We first
changed the baud rate from 921,600 (the highest supported baud rate on our board)
to 460,800 and the size of the internal data read memory. If the driver detects that it
cannot send all spikes of a sample, because the onboard module cannot fully store all
generated spikes, it will send the spikes with multiple data transmissions. Thememory
depth was calculated based on the maximum number of spikes in the dataset, which
is 7,868, and the average number of spikes per sample, which is 4,202. To highlight the
importance of memory, we ran another architecture without enough memory to read
all input spikes.
Table 4.34 summarizes the different architectures we evaluated. To minimize the im-
pact of network consumption, we used the SRLIF N-MNIST network previously pre-
sented in Section 4.5.1 due to its low-power and low hardware resource consump-
tion, which highlights the power consumption differences between different archi-
tectures. The architecture name is composed as follows: UX or UC for Uart_XStep
or Uart_Classifier, respectively, the first digit of the baud rate (9 for 921,600, 4 for
460,800), and the first digit of the read memory (8 for 8,000 words, 3 for 3,000 word
depth).

Table 4.34 – Summary of UART architectures with various baud rates for each UART module. The baud
rate directly influences data transmission time, while the read memory size affects the num-
ber of communications required to transmit all spikes in the samples.

Parameters UX98 UX48 UX93 UC98 UC48 UC93

Module type XStep XStep XStep Classifier Classifier Classifer

Baud rate 921,600 460,800 921,600 921,600 460,800 921,600

Read memory 8,000 8,000 3,000 8,000 8,000 3,000

Tables 4.35 summarize the operation durations per sample. The baud rate has a sig-
nificant impact on experimentation duration by increasing the transmission and re-
ception operations. However, in all cases, the longest UART operation is the data
preparation operation. The inference speed is not impacted by UART and is negligible
compared to other operations. The DT operation is only impacted by the baud rate
but not by the architecture type, due to the same input data. However, because the
data reception format is not the same between Uart_XStep and Uart_Classifier,
the data reception duration is highly different.
If we consider the total UART operation duration for a single sample, the difference
between Uart_XStep and Uart_Classifier can be considered negligible. However,
due to the high number of samples, the total runtime is lower with Uart_Classifier
than with Uart_XStep.
Figure 4.8 represents the execution time distribution across all different architectures.
The most important parameter is the baud rate, as other operations have similar exe-
cution times.
This section represents a major limitation of ModNEF compared to CPU and GPU plat-
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Figure 4.7 – Schematic representation of UART operation stage and how we measure execution time of
different stages. The duration of each operation stage can be measured using Python or
FPGA tools except for the data transmission and reception, which must be calculated based
on the number of bytes and the baud rate.
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Table 4.35 – Summary of UART architectures. The UART_Classifier appears as the fastest UART mod-
ule due to its reduced output data volume, which minimizes the data transmission and the
data unpackaging time. As expected, the baud rate significantly impacts the sample run-
time.

Operation duration (s) UC98 UC48 UC93 UX98 UX48 UX93

PeP 0.12 0.11 0.11 0.12 0.12 0.12

WP 0.043 0.086 0.015 0.043 0.086 0.043

DT 9.2e-3 18e-3 9.2e-3 9.2e-3 18e.4-3 9.2e-3

IS 6.18e-5 6.18e-5 6.18e-5 6.18e-5 6.16e-5 6.18e-5

DR 1.63e-5 3.26e-5 3.12e-5 12.17e-5 24.33e-5 12.17e-5

RP 0.058 0.11 0.10 0.065 0.12 0.066

PoP 1.72e-5 1.56e-5 2.89e-5 8.49e-5 8.58e-5 8.49e-5

Total 0.21 0.31 0.22 0.23 0.32 0.23
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Figure 4.8 – UART operation duration repartition depends on architecture type. The majority of time
budget is dominated by data preparation and UART access. In contrast, inference time and
data unpackaging represent negligible portions of the overall operation duration.
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forms. Even if the onboard execution is equal to or better than software execution,
the total experimentation duration is much higher due to UART data transmission.

4.6 Conclusion

In this chapter, we prove the capability of our architecture to run SNN models with
various network topologies.
We first demonstrate the good functioning of our emulator with the MNIST dataset
and prove that ModNEF is a strong candidate for low-power and high inference speed
compared to other works. We also demonstrate the capability of ModNEF to run Feed
Forward Fully Connected (FF-FC) network topologies with neuromorphic datasets for
simple classification tasks such as N-MNIST dataset. In addition to FF-FC topologies,
ModNEF is able to run recurrent networks with local or global recurrence.
We also demonstrate the scalability of our architecture, which can run deep SNNs or
SNNs with a high number of neurons and synapses. The major limitation, to the best
of our knowledge, is the availability of hardware resources on the target board, rather
than design limitations.
The other major limitation of our architecture is the use of the UART transmission
component, which is used to transmit input spikes and receive output spikes. Due to
the low communication speed of UART, the total experimentation duration is greatly
increased. This limitation can be countered by using other communication protocols,
such as Ethernet or PCI Express.
To reduce the hardware footprint of the architecture, we can use different neuron
models, emulation strategies, and, for recurrent networks, different recurrence strate-
gies. Each of these design choices has a different impact on hardware footprint, power
consumption, inference speed, and energy consumption. Emulation strategy and re-
currence strategy have no impact on accuracy, but the choice of neuron model can
significantly affect accuracy due to the complexity of training with the SLIF neuron
model or limited neuron decay hyperparameter values. If these methods are not suf-
ficient, it is possible to reduce the bitwidth of computational variables and synaptic
weights. Reducing the bitwidth of computational variables has a high impact on accu-
racy due to the introduction of signed overflow errors.
A better option can be to reduce the bitwidth of synaptic weights. In the next chapter,
we will study the impact of quantization methods on emulator performance.

95





5 Quantization in ModNEF

In the previous chapter 4, particularly in Section 4.4, we highlighted several limitations
of ModNEF, mostly due to FPGA hardware resource limitations. To bypass these limita-
tions, we can firstly choose a bigger FPGA, but ModNEF proposes several tools to limit
the hardware usage of FPGA resources by modifying the emulation algorithm from
Parallel to Sequential, which decreases the LUT and FF consumption. However,
the problem of BRAM consumption remains and highly limits the network topology,
as shown in the previous chapter in Section 4.3.2. Memory restrictions force us to ap-
ply downsampling of DVS Gestures data or limit the network size, as we see in Section
4.4. To reduce memory consumption, it is necessary to reduce the encoding bitwidth
of synaptic weights by applying a more restrictive quantizationmethod.
Initially, quantization is a computational constraint due to the FPGA hardware target.
To minimize computational resources, most FPGA emulators convert floating-point
values and operations to integers to minimize the computational cost of their archi-
tecture [75]. Quantization is applied to neuron hyperparameters and synaptic weights
and can highly impactmodel performances in terms of power consumption of compu-
tational resource usage. However, due to the introduction of quantization error, we
can observe a drop in accuracy between full-precision, i.e., floating-point, models and
quantized models. To minimize this accuracy drop while keeping advantage of quanti-
zation, it is crucial to dedicate a chapter about quantization methods and study their
impact on ModNEF model performances.
In this chapter, we will focus on studying the impact of quantization in the ModNEF ar-
chitecture depending on multiple aspects such as quantization method, dataset, neu-
ron model, and quantization bitwidth target. Firstly, in Section 5.1, we will introduce
a theoretical background for quantization. Then, in Section 5.2, we will present the
different quantization methods proposed in the ModNEF framework. In Section 5.3,
we will study the impact of Post-Training Quantization (PTQ) on model performances.
Before concluding, in Section 5.4, we will present the implementation of the Quanti-
zation Aware Training (QAT) algorithm on the ModNEF framework.
As in the previous chapter, the IF neuron model, recently introduced in ModNEF, has
not yet been explored in this chapter.

5.1 Theoretical Background of Quantization

In this section, we will present a theoretical background of quantization methods.
Firstly, we will present basic concepts of quantization in Section 5.1.1. Then in Section
5.1.2, we will talk about the two different quantization schemes. To finish, in Section
5.1.3, we will focus on SNN quantization.

5.1.1 Introduction to Quantization

Quantization is a mathematical method to map an input set, generally composed of
continuous values, to an output set smaller than the initial set and generally composed
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of discontinuous values [59, 56]. Quantization, in addition to other methods such as
distillation, compression, or pruning, appears as a suitable solution to decrease the
computational complexity of NN inference and therefore reduce the computational
time and energy consumption [132, 56].
We can categorize the quantization methods with two main criteria. First, we can
distingue uniform and non-uniform quantization.
Figure 5.1 illustrates a uniform quantizer. The illustrated quantizer is defined by Equa-
tion 5.1, where xq represents the quantized value, xf is the floating-point value, and S

is the scale factor, which is the quantizer step. In uniform quantization, each value
from the initial set is quantized with the same quantizer resolution.

xq = b
xf

S
e (5.1)

In opposition to uniform quantization, Figure 5.2 represents a non-uniform quantizer.
This plotted quantizer is defined by Equation 5.2, where sign(x) is a function that re-
turns the sign of xf . In non-uniform quantization, the quantizer resolution is reduced
for extreme values and increased formiddle values, prioritizingmedium values instead
of extreme values. This quantization method can be interesting at first sight for NN
quantization. In fact, in NN, weight distribution follows a normal distribution cen-
tered near to 0, and, in fact, non-uniform quantization demonstrates higher accuracy
than uniform quantization [116]. However, because quantized values are not directly
mapped to their float values, additional operations are necessary to find the original
values. This can raise several problems for hardware implementation, such as in FPGA
[116].

xq = bsign(xf ) � ln(1 +
jxf j

S
)e (5.2)
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Figure 5.1 – Uniform quantization. The initial set,
represented by the blue curve, is a con-
tinuous set in the range [�1; 1]. This
input set is mapped to a quantized
set, presented in the orange plot, com-
posed of only 16 integer values.
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Figure 5.2 – Non-uniform quantization. The initial
set in blue is mapped to the quantized
set in orange, with a higher resolution
for values in the range [�0:25; 0:25] and
a lower resolution for values outside
this range.

The first criterion for quantization was uniform or non-uniform quantizers. The sec-
ond criterion is the symmetry of the quantizer. Figures 5.3 and 5.4 illustrate the main
difference between symmetric and asymmetric quantizers. A symmetric quantizer is
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a quantizer where the initial set is symmetric: [�a; a] will be mapped to the quantized
set: [�Q;Q]. With an asymmetric quantizer, the initial set is asymmetric, meaning the
lower and upper bounds are different: [b; a], therefore, the quantized output set re-
mains symmetric: [�Q;Q].

0

0

-a a

-Q Q

Figure 5.3 – Schematic representation of a Sym-
metric quantizer. The initial range is
centered at 0 with the same number
of values and mapped to the output
set, also centered on 0.

0

0

-b a

-Q Q

Figure 5.4 – Schematic representation of an asym-
metric quantizer. In this case, the ini-
tial range is not centered at 0. How-
ever, the output set stays centered on
0.

As for non-uniform quantizers, asymmetric quantizers can raise several problems for
hardware implementation. Due to asymmetry, a given quantized value xq can repre-
sent a real value xf ; therefore, the quantized value �xq is not directly mapped to the
real value�xf since a part of the input set is not quantized with the same quantization
resolution as the other parts of the set.
Figure 5.5 summarizes the two criteria of the quantizer. Quantizers are sorted by col-
umn depending on whether they are symmetric or asymmetric and in rows depending
on whether they are uniform or not.

5.1.2 Post-Training Quantization and Quantization Aware Training

Independently of the quantization function, there are different quantization strate-
gies. We call quantization strategy the moment of when and howwe apply the quanti-
zation function to the initial values. We can denote two main quantization strategies
in NN quantization:
— Post-Training Quantization (PTQ): In PTQ, the model is trained using standard

full-precision training methods. After the training phase, the synaptic weights
and neuron hyperparameters are quantized to the target bitwidth. This method
is simple and does not necessitate a retraining phase but can lead to a drop in
accuracy, especially for low-bit resolution. Several works [153, 183, 107] have pro-
posed calibration or fine-tuning strategies and several methods to mitigate the
accuracy degradation.

— Quantization Aware Training (QAT): In QAT, the quantization process is consid-
ered during the training, or retraining, process [56]. A model can be trained di-
rectly with QAT, or an existing model previously trained with full precision can
be fine-tuned with a retraining phase with QAT. The way in which the quantiza-
tion is considered can depend on the learning methods. If QAT is applied to
gradient-based learning methods, the QAT algorithm can be described as fol-
lows: during the forward pass, the synaptic weights are quantized; thereby, dur-
ing the backward pass, the synaptic weights and the gradient calculation remain
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Figure 5.5 – Quantizer comparison depending on criteria. Columns compare Symmetric and Asymmetric
quantizers, and rows compare Uniform and Non-Uniform quantizers.

in full-precision [56]. Themodel will thus converge into a state where the optimal
model stores quantized weights and so mitigate the accuracy drop by reducing
the quantization error and the quantization noise. Even if many works focus on
QAT applied to gradient-based learning methods [56, 116, 112], the QATmethods
can be applied to other learning methods such as STDP [79]. A major limitation
of the QATmethods is the computational cost to retrain a model. Even if we use
the QAT methods from the beginning of the training, the computational cost of
synaptic weight quantization must be considered.

To choose between QAT and PTQ, we should ask ourselves if, firstly, the drop of accu-
racy induced by the PTQ is acceptable and, secondly, the additional computational
cost of QAT is acceptable [132]. Depending on the quantization target bitwidth and
the application, the answers to these questions can change; for example, below 4-bit
resolution, the impact of PTQ becomes too important and the QAT becomes essential
[132].

5.1.3 Quantization in Spiking Neural Networks

We previously introduced generality about quantization. In this section, we will
present quantization in the particular case of SNN.
As for ANN, the quantization of synaptic weights is a crucial part of SNN quantization.
The quantization of synaptic weights will introduce a quantization error due to lower
resolution. However, contrary to ANN, where inference is not executed through time,
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the quantization error introduced in SNN weights can be accumulated into the mem-
brane voltage through time, which can result in a higher sensitivity to quantization.
In addition, SNNs uses internal neuron variables to represent membrane voltage and
input current, for example. These internal neuron variables must be stored inmemory,
and the computational resources will be more expensive for high bitwidth [153, 183].
In addition to synaptic weights and internal variables, the neuron hyperparameters
must also be quantized. A major problem of hyperparameter quantization is that the
quantization error can change the neuron dynamics with a different threshold ormem-
brane leakage value [107].
We can denote several libraries that propose quantization schemes that take the speci-
ficities of SNN to create novel quantization schemes.
NeuronQuant [107] proposes a mixed-precision PTQ scheme. NeuronQuant first pro-
poses to quantize synaptic weights to minimize the quantization gap between the
synaptic weights and the threshold value. Moreover, NeuronQuant proposes to com-
pute the target bitwidth dynamically depending on a score that indicates the quantiza-
tion impact on a neuron. This results in a good tradeoff between power consumption,
which decreases thanks to the quantization, and accuracy.
SQUAT [183] proposes to separate synaptic weight and neuron state, i.e., internal vari-
ables, quantization. Synaptic weights are trained in full-precision or with the QAT al-
gorithm, and, in a separate way, the internal state of neurons is quantized.
The Q-SpiNN framework [153] proposes to run quantization exploration to select the
best quantization scheme, depending on quantization function and bitwidth, and se-
lect the best model/quantization pair.

5.2 Quantization Method in ModNEF

The ModNEF framework proposes three different quantization methods, all of which
are derived from a quantizer base class :

1. Fixed-Point Quantizer (FPQ) presented in Section 5.2.1
2. Dynamic Scale Factor Quantizer (DSFQ) presented in Section 5.2.2
3. Min-Max Quantizer (MMQ) presented in Section 5.2.3

The base class applies quantization using Equation 5.3, where Q denotes the quantiza-
tion function specific to the quantizer. Beyond quantization, the base class has the ca-
pability to apply the clamping function and can also simulate quantization impact by
unquantizing quantized values. The quantization simulation is illustrated by Equation
5.4, where Q�1 is the inverse function of the quantization function. This quantization
simulation feature enables application of quantization in software SNNTorch-based
simulations during the inference phase to predict onboard results or during the train-
ing phase to do QAT.

xint = bQ(xf )e (5.3)

xs = Q�1(clamp(bQ(xf )e)) (5.4)
It is important to note that in ModNEF, the quantizers are parameterized based on
the synaptic weights, meaning their scaling factors and limits are determined using the
weight distribution and target bitwidth. However, these same quantizer parameters
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s integer fractional

07 6 3

Figure 5.6 – Signed fixed-point representation. In this example, the MSB is the sign flag; the bits between
6 and 3 are used to represent the integer parts, and the bits below 3 will be used to encode
the fractional parts. In this example, bit 3 is referred to as the point position.

are also applied to computational variables such as neuron hyperparameters, input
current, and membrane voltage. While these variables typically use a higher bitwidth
than synaptic weights, applying the same quantization parameters does not lead to
overflow issues since the wider representation range can accommodate the quantized
values without saturation.

5.2.1 Fixed-Point Quantizer

The first implemented quantizer is the widely recognized Fixed-Point Quantizer (FPQ)
[64]. The fixed-point representation is a binary decimal format where a portion of the
binary word is allocated to encode the integer part of the number, and the remaining
bits are used to encode the fractional part, as illustrated in Figure 5.6. The bit that
separates the integer and the fractional part is known as the fixed-point position.
The quantization function is described by Equation 5.5, where fp represents the fixed
point position. The fp parameter can either be manually fixed by the user or can be
determined during the initialization phase. During initialization, the integer part size
is determined by the integer part of synaptic weights, while the remaining bits are
allocated for the fractional part.

xint = xf � 2
fp (5.5)

Due to the simplicity of the quantization function, all neuron models can support this
quantization method. However, it is necessary to provide the fixed point position to
the BLIF neuronmodel. In fact, due tomultiplication, the two scale factors (that of the
membrane voltage variable and that of the � hyperparameter) are accumulated, as is
shown in Equation 5.6. This scale factor accumulation can be addressed by specifying
the fixed point position and eliminating the additional scale factor with a simple shift
register, since the scale factor is a power of two.

xint � yint = xf2
fp � yf2

fp = xf � yf � 2
2fp (5.6)

5.2.2 Dynamic Scale Factor Quantizer

Fixed point quantization has a significant drawback: it may not utilize all possible val-
ues provided by the binary word. For example, to encode values within the range
[�1:5; 1:5], the FPQ quantizer must be configured to encode values in [�2:0; 1:98], and
several values remain unused, which reduces the precision of the quantizer. To address
this issue, the scale factor, equal to 2fp for fixed-point quantizer can be determined
dynamically based on the range of input data, synaptic weights in our case [117].
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The quantization function is presented in Equation 5.7 and is very similar to the fixed-
point quantizer. However, contrary to the fixed-point quantizer, the scale factor sx is
determined by Equation 5.8, which is dynamically calculated depending on the maxi-
mum value of input data.

xint =
xf

sX
(5.7)

sX =
max(jxj)

2b�sign
(5.8)

This quantization method reduces quantization error by dynamically computing the
extreme values of quantized data. This can be an advantage, but this method can
also give too much importance to extreme, therefore rare, values. However, a major
drawback of this quantization method is its inability to perform multiplication.
As we explained with Equation 5.6, any multiplication between quantized values re-
sults in an accumulation of their scale factor. While the scale factor of FPQ quantizer
is a power of two, the extra scale factor can be removed by a simple shift register. In
contrast, the scale factor of DSFQ is not a power of two. After a multiplication, cor-
recting the accumulation of scale factors required additional costly operations. For
this reason, DSFQ is not recommended or neuron models involving multiplications.

5.2.3 Min-Max Quantizer

The last quantizationmethod is theMin-MaxQuantizer (MMQ) [86], described by Equa-
tion 5.9. This method is based on the Min-Max scaling technique, where the initial
range is [xmin;wmax] and the target range is [bmin; bmax]. Here, bmax and bmin represent
the maximum and minimum values of the integer data, respectively, which can vary
depending on the bitwidth and whether the data are signed or unsigned. In most
cases, we set bmin = �bmax and xmin = �xmax = max(jxj) to maintain symmetry in the
quantization method and represent synaptic weights without distortion.

xint =
(xf � xmin) � (bmax � bmin)

wmax � wmin

+ bmin (5.9)

Once again, this quantizationmethod does not supportmultiplication due to addition
and subtraction and the non-trival, i.e., not equal to a power of two, scale factor.

5.2.4 Conclusion

In this section, we present the three different quantizationmethods proposed in Mod-
NEF :

1. Fixed-Point Quantizer (FPQ)
2. Dynamic Scale Factor Quantizer (DSFQ)
3. Min-Max Quantizer (MMQ)

The main advantage of FPQ method is its support for multiplication. As we explained
in Sections 5.2.1 and 5.2.2, the scale factors used to quantize value are accumulated
during multiplication. In FPQ, since the scale factor is a power of 2, the additional
factor can be efficiently removed with a simple shift register. However, in DSFQ, the
scale factor is not a power of 2 and to remove the additional scale factor, it is necessary
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Table 5.1 – Quantizer method supported by each neuron model. A ”V” indicates support for the quan-
tizer method, while ”X” denotes lack of support. The FPQ quantizer is universally supported
across all neuron models. Other quantizers are incompatible with the BLIF neuron model due
to the multiplication, which not supported by other quantizers.

Quantizer BLIF SLIF SRLIF

FPQ V V V

DSFQ X V V

MMQ X V V

to divide the result of multiplication, which is not efficient for FPGA implementation.
In Min-Max Quantizer (MMQ), the result of multiplication is more complicated than a
simple accumulation of scale factors, and as for DSFQ, this quantizer does not support
multiplication.
Table 5.1 references the supported quantizer for each neuron model. Because the
BLIF model uses multiplication, only FPQ is supported. Other neurons can support all
quantizers because in SRLIF, the multiplication is replaced with a shift register and the
scale factor is not accumulated. And in the SLIF model, the exponential membrane
decay is replaced by linear membrane decay.

5.3 Post Training Quantization Impact on Architecture Performances

In the previous section, we presented the different quantizers provided in ModNEF. In
this section, we will study the impact of different quantizers at different levels. Firstly,
in Section 5.3.1, we will focus on the impact of quantizers at a neuron level by study-
ing the impact of quantizers and bitwidth on the membrane voltage dynamic and on
spike emission. Then, in Section 5.3.2, we will zoom out and investigate the impact of
quantization at a network level using Post-Training Quantization (PTQ).

5.3.1 Quantization Impact at a Neuron Level

In this section, we will examine the impact of quantization methods at a neuron level
depending on the quantization methods, target bitwidth and neuron models. To
achieve this, we define a single neuron with a single synaptic weight fixed at 1, and
we set the threshold voltage at 5.0 for all neuron models.

Metrics Definition

To compare quantization methods, we will evaluate their performances based on
bitwidth and on the neuron model. To achieve this comparison, we will simulate a
single neuron with a single synaptic weight equal to 1, which can be quantized without
quantization error. We determine the quantization error with three different errors.
The first metric is the Mean Squared Error (MSE) defined in Equation 5.10, where Vi
is full precision, i.e., floating point, membrane voltage of step i and V̂i is quantized
membrane voltage at step i.

104



5 Quantization in ModNEF

MSE =
1

N

NX
i=1

(Vi � V̂i)
2 (5.10)

The MSE error measures the quantization impact on neuron dynamics but does not
capture its effect on spike emission. To highlight the impact of the quantization
method on spike emission, we introduce two different metrics. The first one is Mean
Spike Time Error (MSTE), defined in Equation 5.11, where tfi is the spike emission date
of the i-th spike during the floating-point simulation and t

q
i the spike emission date

during the quantized simulation. However, in some specific cases that we will exam-
ine later, it is possible one of the simulations can emit more spikes than the others. To
address this scenario, we define the Spike Counter Error (SCE) presented by Equation
5.12.

MSTE =
1

Nmatch

NmatchX
i=1

(jt
f
i � t

q
i j) (5.11)

SCE = jNf �Nqj (5.12)

Impact Depending on Neuron Model

In this section, we will examine the impact of quantization depending on the neuron
model. In this section, we will exclusively use FPQ because it is the only quantization
method supported by all neuron models. We will fix the decimal point position at
position bw � 1, where bw is the target bitwidth.
Figure 5.7 illustrates the different errormetrics depending on the neuronmodel for the
FPQ quantizer. In the first plot, which represents the MSE error, we observe the SLIF
membrane dynamic is the most sensitive, with an average MSE of 1.99 instead of 1.25
for the BLIF neuron model. However, the SLIF MSE error is very high for low resolution
and approaches zero for higher resolution, contrary to the BLIF model, which got a
more linear MSE dynamic.
However, in SNN, the timing of spike emissions is more important than membrane
voltage dynamics. In the middle plot, we can observe that the BLIF neuron model has
a highMSTE error primarily due to a higher number of additional spikes emitted by the
BLIF model compared to other neuronmodels. This increase in spike emissions can be
attributed to the quantization error introduced in the neuron hyperparameters and,
more specifically, the quantization of membrane decay parameters.
Figure 5.8 illustrates the evolution of membrane leakage parameters. The left plot
represents the � parameter of the BLIF neuronmodel, and the right plot shows the Vleak
parameter of the SLIF neuron. As observed, at low bitwidth resolution, the difference
between the initial value (in red) and the quantized value (in blue) is very high. For 3-bit
resolution, the membrane decay is equal to 1 for � and 0 for Vleak meaning the neuron
models are turned to an IF model. In contrast to these two neuron models, the SRLIF
model implements the membrane decay with a shift register, where the shift value
is not quantized. This implementation makes the SRLIF model more robust against
quantization effects.
In this section, we studied the quantization impact on neuron models with the FPQ
quantizer. Depending on the metric we consider, the SLIF and BLIF neuron models
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Figure 5.7 – Quantization errormetrics for a single neuronwith the FPQquantizationmethod. The graphs
represent the error evolution depending on the bitwidth and the neuron models. The upper
graph represents the MSE error, the middle graph illustrates the MSTE error, and the lower
graph shows the SCE error.
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Figure 5.8 – Evolution of leakage parameters depending on the quantizer target bitwidth. The left plot
represents the evolution of the � parameter, and the right plot illustrates the Vleak parameter.
The red line is the full precision value, and the blue curve is the quantized value. In both
graphs, the quantized value remains similar to the initial value for high resolution but tends
to negligible values, 1 for � and 0 for Vleak, resulting in an IF neuron model.

are more sensitive to quantization, mostly due to the quantization error of the quanti-
zation of membrane decay hyperparameters. This initial study was conducted exclu-
sively with FPQ quantizer. In the next section, we will compare these different metrics
depending on the quantization method.
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Impact Depending on Quantization Method

In this section, we will investigate the impact of quantization based on the quanti-
zation method. Our analysis in this section will only focus on SLIF and SRLIF neuron
models. As the BLIF neuron model only supports the FPQmethod, was thus examined
in the previous section.
Figure 5.9 illustrates the different error metrics of SRLIF and SLIF neuron models. The
first notable observation from the upper graphs in both figures is the absence of dif-
ferences between FPQ and DSFQ. We can explain this because, in this specific case,
because the synaptic weight is equal to 1, the scale factor of DSFQ sX = 1

2b�1
. Accord-

ing to Equation 5.7 xint = xf
sX

= xf � 2
b�1 and so the DSFQ mimics the FPQ method.

Beyond this specificity, we observe that the best quantization method varies depend-
ing on the neuron model. For SRLIF model, the MMQ quantizer is better than DSFQ
and FPQ in opposition to the SLIF neuronmodel, where FPQ and DSFQ are better than
MMQ.
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Figure 5.9 – Errormetrics for the SRLIF neuronmodel in left and the SLIF neuronmodel in right depending
on the quantizer target bitwidth. The upper graph represents theMSE error, themiddle graph
illustrates the MSTE error, and the lower graph shows the SCE error. Because, in this specific
case for a single neuron with a single synaptic weight fixed at 1, the scale factor of the DSFQ
and the FPQ are equal, resulting in the same curves.

However, the most critical aspect in SNN is the spike emission timing represented in
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the middle plot of both figures. As for MSE metrics, the MMQ quantizer is less precise
than DSFQ and FPQ for the SRLIF neuron model. For SLIF neuron model, DSFQ and
FPQ appear to be more accurate.

5.3.2 Quantization Impact at a Network Level

In this section, we will examine the impact of PTQ at a network level. Our analysis will
focus on the relative error described by Equation 5.13. Furthermore, we will limit our
comparison to software quantization simulation, i.e., PTQ, to avoid long runs on FPGA.
We previously observed in Chapter 4, the PTQ software results are accurate with FPGA
results.

E =
jAccf � Accqj

Accf
� 100 (5.13)

We also introduce two new notations for Fixed-Point Quantizer (FPQ). As explained
in Section 5.2.1, the fixed-point position can be manually set or can be automatically
determined during quantization initialization. As we will observe in the following sec-
tions, the method by which the fixed-point position is determined can be crucial. We
differentiate between Static Fixed-Point Quantizer (SFPQ) where the point position is
fixed by the user (equal to bw � 1 in all cases in this study), and Dynamic Fixed-Point
Quantizer (DFPQ) where the point position is dynamically determined.
To enable quantization simulation, which involves applying quantization and then de-
quantizing values, we use an override of the eval function used in PyTorch models.
This enhanced method accepts an additional argument to enable the quantization
simulation, as demonstrated with this line of code: model.eval(quant=True).
Firstly, we will focus our studies on a specific use case with N-MNIST dataset in Sec-
tion 5.3.2. Following by an investigation into the impact of quantization on hardware
resource usage in Section 5.3.2. Before concluding, Section 5.3.2 will be dedicated to
analyzing other parameters that can significantly affect the impact of quantization on
accuracy.

Quantization Impact on Accuracy: N-MNIST Use Case

In this section, we trained three different networks, one for each neuron model, using
the network topology: 2312 � 10 trained during 10 epochs to highlight quantization
impact.
Figure 5.10 illustrates the quantization impact, illustrated by the relative error, on dif-
ferent networks, categorized by neuron model in rows and by quantizer method by
columns.
The first notable observation is the low quantization error when quantization bitwidth
is at least 5 bits. An exception to this observation is the MMQ method, where the
relative error becomes negligible after 6 bits.
Another key observation is the negative impact of fixed-point positioning and, more
generally, the loss of precision in quantizers based on minimal and maximal values,
such as DSFQ and MMQ. Figure 5.11 illustrates the weight distribution after quantiza-
tion. The blue dotted line represents the extreme values of the original weights, while
the red dashed line indicates the extreme values of the quantized weights. The SFPQ
quantizer quantized fewer synaptic weights to 0 compared to other methods, as it
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Figure 5.10 – Relative error evolution in percents with a logarithimic scale, by quantizer bitwidth, neuron
model, and quantizer method. The figure is organized by neuron model in rows and by
quantizer method in columns. The relative error decreases when the quantizer resolution.
The MMQ quantizer exhibits lower precision compared to other quantizers. Among the two
fixed-point quantizers, the SFPQ quantizer demonstrates greater robustness than the DFPQ.
Although the DSFQ is more sensitive than both fixed-point quantizers at low resulotion, the
DSFQ achieves higher precision at high resolution.

does not assign quantization levels to extreme and rare values. In contrast, quantiz-
ers whose parameters are determined based on minimal and maximal values, encode
these rare values, resulting in a higher number of synaptic weights being quantized to
zero.
If we consider the neuron model, the SLIF neuron model appears to be the least sensi-
tive to quantization, with lower relative error than other neuron models. This hypoth-
esis, based on Figure 5.10, is corroborated by Figure 5.12, where the SLIF neuron model
achieves superior performance relative to other neuronmodels. This can be explained
by, considering the previous Section 5.3.1 where the SLIF neuron model demonstrated
a high MSE error in membrane dynamics but low MSTE error, resulting in higher resis-
tance to quantization at a network model because information is transmitted through
spikes and their emission timing. However, it is important to note that we trained our
model with lowmembrane decay parameters Vleak = 0:01which makes the SLIF model
behave similarly to the IF neuron model. Additional experiments are necessary to de-
termine whether the SLIF neuron model is inherently more resistant to quantization
or if we have studied a particular case where the membrane dynamic is less sensitive
due to the low value of membrane decay.
To select an appropriate quantization function, two main aspects mus be considered.
First, the neuron model plays a crucial role. As we previously explained, not all neu-
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Figure 5.12 – Matrix representation of average relative error depending on the neuron model as rows and
the quantization methods as columns.

ronmodels are compatible with all quantization. DSFQ andMMQ cannot be used with
the BLIF neuronmodel that relies onmultiplication due to the non-power-of-two scale
factor. Moreover, each neuron model seems to exhibit a different sensitivity to quan-
tization errors introduced by each quantizer.
The second important aspect is the distribution of synpatic weight. Since DSFQ and
MMQ are based on extreme value, which can be rare, the resulting quantizer may al-
locate more precision to these rare values. When these extreme values are below the
minimum bound used in FPQ, DSFQ and MMQ may achieve a higher effective preci-
sion by adapting their scale factor to actual synaptic weight distribution.

Quantization Impact on Hardware Performances

In the previous section, we studied the impact of quantization on accuracy metrics.
In this section, we will explore the impact of quantization on hardware performance,
especially on memory consumption and dynamic power consumption.
Figure 5.13 illustrates thememory consumption of the previously trainedmodels, cate-
gorized by neuron model and quantizer target bitwidth. Since memory consumption
depends solely on the number of synaptic weights within the model, the consump-
tion levels for the three models are equivalent. As expected, reducing the quantizer
bitwidth results in a linear decrease in memory consumption.
Figure 5.14 illustrates the dynamic power consumption (in mW) depending on the neu-
ron model and quantizer target bitwidth. Due to the utilization of DSP, the BLIF-based
model has higher power consumption compared to other neuron models. However,
since the BRAM consumption decreases with lower bitwidth, the overall power con-
sumption of the model also reduces.
To determine the optimal tradeoff between power consumption and accuracy, we can
define a newmetric called Ratio Power Accuracy (Rpa) (in mW/%) defined by Equation
5.14. This metric represents the amount of power consumed per percentage of accu-
racy. Figure 5.15 represents the Rpa ratio as a function of the quantizer target bitwidth,
quantization method, and sorted neuron model. A lower Rpa indicates a better trade-
off between power consumption and accuracy.
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Rpa =
P

Acc
(5.14)

For the SRLIF neuron model, the Rpa decreases as the bitwidth increases. Contrary to
the SRLIF, theRpa for the BLIF neuronmodel increases with higher quantizer resolution.
In the middle graph, we observe that the Rpa of the SLIF neuron model reaches an
optimal value for 4 bits. We can also observe that the MMQ quantizer has a higher Rpa

compared to other quantizers, followed by SFPQ, DSFQ, and DFPQ.

Quantization Impact Depending on Other Parameters

In the previous section, we studied the impact of quantization on accuracy and hard-
ware performance using a specific network configuration. All these networks share
the same topology, dataset, dataset transformation, and training parameters. In this
section, we will present a non-exhaustive list of other parameters that can influence
the impact of quantization on network performance.
One parameter that can significantly impact the quantization sensitivity is the num-
ber of training epochs. Figure 5.16 illustrates the evolution of PTQ quantization for
4-bit resolution. The network topology used was the same network topology 2312�10
with the SRLIF neuron model. The first observation is the DSFQ and MMQ; based on
extreme values, relative error highly increases when the number of epochs increases.
In contradiction, FPQ-based methods decrease when the number of training epochs
increases. However, the DFPQ method increases after 40 training epochs.
Figure 5.17, which represents the evolution of synapticweight distribution as a function
of the number of training epochs, can help to explain the previous observations. For
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Figure 5.15 – Rpa ratio evolution depending on quantizer bitwidth and sorted by neuron model. The Rpa

represents the best tradeoff between power consumption and accuracy. For SRLIF and SLIF
neuron models, the curve decreases, reaches a minimal point, and then increases. The ex-
ception is the BLIF neuron model.

DSFQ and MMQ, the increase in relative error can be attributed to the extreme values
shown in blue, which are not representative of the overall weight distribution, rep-
resented by the standard distribution in green. However, FPQ-based quantizers use
a fixed resolution, and a broader distribution of synaptic weights will utilize a larger
range of possible quantized values. However, after 40 epochs, the minimal falls below
-1.0, causing the DFPQ to mimic the behavior of extreme value-based quantizers. Be-
yond this point, the relative error of DFPQ decreases for the same reasons previously
discussed.
Another parameter that can significantly affect the robustness of quantization is data
transformations. For more details about the transformation used, you can read Sec-
tion 4.2.2. Figure 5.18 illustrates the impact of quantization on a single-layer 2312� 10
model based on the SRLIF neuron model trained over 10 epochs. The results were
obtained for 4-bit PTQ. The number of frames can have a substantial impact on quan-
tization error, particularly for MMQ and DFPQ quantization methods. This error reduc-
tion can be explained by the reduction of quantization error accumulation during an
emulation step. As each emulation step, which is equivalent to the number of frames,
increases, the number of spikes per frame decreases, thereby potentially mitigating
the accumulation of quantization errors. However, no in-depth studies have been
conducted to confirm this hypothesis.
Finally, the chosen dataset can have a significant influence on quantization impact.
Previous experiments were done on the N-MNIST dataset. However, changing the
dataset can result in variations in quantization dynamics. Figure 5.19 illustrates the
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Figure 5.16 – Evolution of relative error depending
on the number of epochs and the
quantization methods. The model is
a single layer with the SRLIF neuron
model with the N-MNIST dataset.
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through the number of trained
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quantization dynamics depending on quantizer bitwidth for the SHD dataset. Due to
a higher noise level in the SHD, the impact of quantization is more pronounced.

5.3.3 Conclusion

In this section, we studied the effects of Post-Training Quantization (PTQ) with Mod-
NEF neuron models. The study was focused solely on software quantization simula-
tion, but as we demonstrated in the previous Chapter 4, the quantization simulation
is accurate with FPGA results.
In Section 5.3.1, we examined the impact of quantization at a neuron level. This
straightforward approach led us to formulate several hypotheses, as follows:

1. The BLIF neuronmodel is themost sensitive to quantization, followed by the SLIF
and SRLIF models.

2. The more accurate quantization method is highly dependent on the neuron
model.

These hypotheses were confirmed in Section 5.3.2, where we studied the impact of
quantization at a network level with a particular focus on a specific network topology:
an N-MNIST single-layer network: 2312 � 10. Observations made during this section
confirmed our hypothesis, indicating that the BLIF neuron model is particularly sensi-
tive, while the SLIF model is less sensitive to quantization compared to other models.
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LIF neuron model. The quantizer was
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However, these observations must be considered with critical hindsight. Our findings
are based on a single network topology with a specific dataset and dataset transfor-
mations. Section 5.3.2 highlights the importance of other parameters affecting quan-
tization robustness, such as the number of training epochs, the data transformation,
or the dataset. Therefore, observations made during this section may be subject to
change with different network topologies or datasets.
Although these observations are limited, Section 5.3.2 highlights the effect of quan-
tization on hardware performance. Since BRAM consumption is directly related to
the quantization bitwidth, lower bitwidth resolutions result in decreased BRAM and
power consumption. However, accuracy also decreases with lower synaptic weight
resolution. Even though we have defined the Rpa metrics to find the best tradeoff be-
tween power consumption and accuracy, it would be highly beneficial to find a way to
achieve low weight resolution with a moderate drop in accuracy. This is the promise
of Quantization Aware Training (QAT), a learning method that considers quantization
during training to significantly mitigate the drop in accuracy after PTQ.

5.4 Quantization Aware Training in ModNEF

In the previous section, we studied the impact of Post-Training Quantization (PTQ)
on accuracy, power consumption, and hardware resources, particularly BRAM con-
sumption. For low synaptic weight resolution, both BRAM consumption and power
consumption decrease linearly. However, accuracy can drastically drop due to quan-
tization errors. We found that some parameters, such as the neuron model, the quan-
tization method, the dataset transformation, and the number of training epochs, can
mitigate the quantization impact and minimize the accuracy drop. Nevertheless, the
accuracy is always impacted, and this drop can mitigate the power consumption gain.
To achieve low bitwidth resolution and significantly mitigate the accuracy drop, it is
possible to train ourmodel by considering already quantizedweights and the effect of
quantization on synaptic weights, hyperparameters, and membrane voltage. This can
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be accomplished by using the Quantization Aware Training (QAT) algorithm. To pro-
pose themost comprehensive framework for SNN FPGA integration, we implemented
the QAT algorithm within the ModNEF framework. In this section, we will present
the QAT integrated into the ModNEF framework. We introduce a new notation, Full-
Precision Training (FPT) to differentiate between the two training methods: training
without quantization, referred to as FPT, and training with quantization, referred to as
QAT.
In Section 5.4.1, we will examine how QAT is implemented within the ModNEF frame-
work. Section 5.4.2 will present the initial results of QAT runs. Following this, in Section
5.4.3, we will explore methods to reduce bitwidth for ultra-low bitwidth resolution. Be-
fore concluding, we will highlight in Section 5.4.4 the limitations of the QAT algorithm.

5.4.1 Quantization-Aware Training Algorithm in ModNEF

ModNEF implements its own QAT algorithm instead of relying on existing Python li-
braries such as Brevitas [53], for two main reasons:
— The documentation of the library is unclear, and it was not evident whether Bre-

vitas propose quantizers comparable to the ModNEF quantizers. Additionally,
the process of implementing new quantizers compatible with Brevitas is poorly
documented, making the development of the ModNEF quantizers difficult.

— Brevitas was primarily designed for quantizing ANNs and not for SNN. However,
in SNN, neuron membrane voltage and neuron hyperparameters must also be
quantized in addition to synaptic weight, which is not done by Brevitas, which
only provides quantized synaptic weights.

In ModNEF, QAT is implemented at two different levels.

1. The first level of implementation is the layer/neuron group level. Each Mod-
NEF neuron model incorporates a QuantLinear, which is an override class of
PyTorch’s Linear class. The QuantLinear will store the synaptic weight in a
floating-point representation. During the forward pass, QuantLinear can ac-
cept a ModNEF quantizer. If a quantizer is provided, the class will simulate the
quantization of synaptic weight (see Section 5.2 and Equation 5.4 for more de-
tails) and will use the quantized weights for linear PyTorch functions. Otherwise,
the floating-point weights are used. The membrane voltage and input currents,
which are outputs of QuantLinear, are summed, and then the neuron mem-
brane update function is applied. Quantization is then applied to membrane
voltage before spike detection, and we return output spikes and quantizedmem-
brane voltage, which is used for the backward pass. The backward pass remains
unchanged and is performed in floating-point. Figure 5.20 illustrates the forward
pass implemented in ModNEF. The white cells represent the operations always
executed; the blue cell is only executed in FPT, and the red cells are only exe-
cuted during QAT.

2. The second level is the training loop level, as described by Algorithm 2. Before
training begins, and if it is necessary, the algorithm initializes the model quan-
tizers. The algorithm then enters the training loop. Within this loop, the model
quantizes neuron hyperparameters if the quantizer parameters have changed
during the previous epoch. The dataset is then passed through the network. Af-
ter training, themodel will clamp the synaptic weights to remain within the quan-
tizer range. Since DSFQ and MMQ use dynamic parameters, changes in synaptic
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weights during epoch training necessitate an update of quantizer parameters.
This update is performed before the weight clamping by setting the force_init
parameter to True.
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Figure 5.20 – Forward execution flow at a neuron
level. Cells in white are always exe-
cuted, cells in blue are executed only
during FPT, and red ones are only ex-
ecuted during QAT.

Algorithm 2 ModNEF Training Loop. The algo-
rithm begins by initializing the model’s quantizers.
During each epoch, the quantizers are updated.
After the training loop, the synaptic weights are
clamped, and the quantizer’s internal parameters
are updated.
1: if qat = True then
2: model.init_quantizer()
3: end if
4: for each epoch e in epochs do
5: if qat = True then
6: model.quantize_hp()
7: end if
8: for each batch in DataLoader do
9: Forward pass
10: Backward pass
11: end for
12: if qat = True then
13: model.clamp(fore_init=True)
14: end if
15: end for

5.4.2 First Results

In the previous section, we introduced the main ideas of the QAT algorithm imple-
mented in the ModNEF framework. In this section, we will present the initial results
of QAT. We conducted our experimentation on the N-MNIST dataset as a proof of
concept and on the SHD dataset, which is more sensitive to quantization. For these
experiments, we exclusively used the FPQ quantizer with a fixed-point position equal
to bw � 1, where bw is the target quantizer bitwidth.
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For each experiment, we have generated a “seed” model, which is an untrainedmodel
used to ensure that we train the same initialmodel. This approach highlights the effect
of the training method by ignoring the variability due to random initialization. The
model trained with the FPT method was inferred with two different bitwidth. We ran
themodel with an 8-bit quantizer, a common bitwidth used since the beginning of the
thesis, and 4-bit, which is the bitwidth used for QAT runs. For QAT, we choose 4-bit
because, as we observed in the previous section, the impact of quantization becomes
significant at this bitwidth, which is high enough to simplify training. In a future section,
we will explore methods to achieve lower resolution.

Proof of Concept with N-MNIST Dataset

In this section, we will present results regarding the use case with the N-MNIST dataset.
We chose this dataset because this dataset is a relatively simple classification task and
is not highly sensitive to quantization, especially with the FPQ quantizer, as we saw in
Section 5.3.2.
Themodel trained uses the BLIF neuronmodel and follows the topology: 2312�128�10.
The model was trained over 50 epochs.
Table 5.2 presents the accuracy results of three models. The models FPT8 and FPT4
are the same model trained using the FPT algorithm but with different quantizer
bitwidth, respectively 8 and 4 bits. The QAT4 model was trained using the QAT algo-
rithmwith 4-bit bitwidth. Since the full precision evaluation, i.e., without quantization,
is not relevant for the QAT4 model, we do not show full precision accuracy on the ta-
ble results. The two key inference methods are PTQ simulation and FPGA accuracy.
For FPT8, there is no significant drop in accuracy due to high resolution. However,
for the FPT4, we observe a 3% drop in accuracy between full precision and PTQ. In
contrast, theQAT4model achieves similar accuracy as FPT8 butwith a lower quantizer
bitwidth.

Table 5.2 – Accuracy results for theN-MNIST datasetwith different trainingmethods and synapticweight
resolution. The FPT4 model achieves lower accuracy compared to the FPT8 model, whereas
the QAT4 model achieves comparable accuracy despite its lower resolution, demonstrating
the positive impact of the QAT algorithm.

Evaluation Method FPT8 FPT4 QAT4

Bitwidth 8 4 4

Full Precision 97.50 97.50 -

PTQ Simulation 97.44 94.33 96.77

FPGA 97.33 93.34 96.77

The accuracy of theQAT4 model is slightly lower than the accuracy of the FPT8 model.
Therefore, in terms of accuracy, there are no significant gains from using the QAT al-
gorithm. However, in terms of power and energy consumption, the QAT algorithm
becomes more advantageous due to its lower synaptic resolution.
Table 5.3 compares the energy and power consumption between the models. Since
both the FPT4 and QAT4 use lower bitwidth than the FPT8, their power consumption
is significantly reduced. However, if we compare the Rpa, which represents the power
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consumed to achieve 1% accuracy, theQAT4model demonstrates better performance
than other models.
The FPT8 model achieves higher accuracy than other models, but to achieve this
higher accuracy, the model consumes more power. In contrast, the FPT4 model
achieves lower power consumption but achieves less accuracy. The QAT4 model
emerges as the best trade-off, achieving similar accuracy to the FPT8 model but with
the same power consumption as the FPT4 model, resulting in a lower Rpa.

Table 5.3 – Energy and power consumption of N-MNIST models with different training methods and
synaptic weight resolution. Both 4-bit models exhibit identical energy and power consump-
tion due to their shared network topology and weight resolution. However, the QAT4 model
achieves a better Rpa by combining lower power consumption while maintaining high accu-
racy.

Target FPT8 FPT4 QAT4

Inference Speed (�s) 41.56 41.56 41.56

Total Power (mW) 611 366 366

Energy Consumption (�J) 25.39 15.21 15.21

Rpa (mW/%) 6.28 3.92 3.78

The power reduction can be explained by examining Table 5.4. The reduction of quan-
tizer bitwidth leads to a reduction of BRAM consumption. Additionally, the reduction
of encoding bitwidth has resulted in a decrease in DSP usage. This reduction can be
attributed to internal Vivado optimizations, which have determined that DSP units
are not necessary for multiplication due to lower synaptic weight bitwidth.

Table 5.4 – Hardware metrics results comparison between FPT and QATmodels for the N-MNIST dataset.
The power reduction observed in 4-bit models compared to the 8-bit model is driven by de-
creased BRAM and DSP usage. The bitwidth reduction prompts Vivado to implement multi-
plications using LUT instead of DSP, further contributing to observed power savings.

Metrics FPT8 FPT4 QAT4

Dynamic Power (mW) 489 253 253

Static Power (mW) 113 113 113

BRAM (Kbit) 4158 ; 252 (87.50%) 2088 ; 252 (46.43%) 2088 ; 252 (46.43%)

FF 6205 ; 355 (6.17%) 5068 ; 355 (5.10%) 5068 ; 355 (5.10%)

LUT 9035 ; 536 (17.99%) 11905 ; 537 (23.39%) 11905 ; 537 (23.39%)

LUTRAM 0 ; 96 (0.55%) 0 ; 96 (0.55%) 0 ; 96 (0.55%)

DSP 138 ; 0 (62.73%) 0 ; 0 (0.00%) 0 ; 0 (0.00%)

This initial use case validates theQAT algorithm, demonstrating that it can achieve sim-
ilar results to those of FPT training but with lower synaptic weight resolution. This res-
olution reduction leads to a reduction of power consumption and hardware resource
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usage. Since the model consumes less power while maintaining similar accuracy, the
Rpa ratio decreases, indicating that less power is required to achieve 1 % accuracy.
Due to the lower complexity of N-MNIST dataset, even a suboptimal training config-
uration can yield acceptable performance. However, these performances may not
generalize to more challenging dataset such as SHD.

Algorithm Validation with the SHD Dataset

In this section, we will present results obtained on the SHD dataset. Unlike N-MNIST,
which is a relatively simple classification task, SHD is more sensitive to quantization
and can thus provide a more rigorous validation of the QAT algorithm.
For this study, we used the SRLIF neuron model with a 700-200-20 network topology,
and the model was trained over 75 epochs.
Table 5.5 presents the accuracy of inferred models. To enhance clarity, we used
the same model nomenclature as the previous section. As we observed, the impact
of quantization is more significant on the SHD dataset compared to the N-MNIST
dataset, with accuracy drops of 15% for 4-bit bitwidth.
The QAT4 model achieves a similar accuracy than FPT8 with 71.18%. However, when
we comparemodels with similar quantization bitwidth, theQAT4model demonstrates
27% higher accuracy than the FPT model.

Table 5.5 – Accuracy results on the SHD dataset with different training methods and synaptic weight
resolution. Due to the increased noise in the SHD dataset, models exhibit greater sensitivity
to quantization. The FPT8 model has a 4% drop in accuracy and 30% loss for the FPT4 model.
In contrast, the QAT4 model achieves accuracy comparable to full-precision evaluations of
FPT models.

Evaluation Method FPT8 FPT4 QAT4

Bitwidth 8 4 4

Full Precision 71.61 71.61 -

PTQ Simulation 72.05 44.86 72.18

FPGA 67.01 43.21 70.04

In terms of power consumption, presented in Table 5.6, the 4-bit models consume less
power than the 8-bit model. When we consider the Rpa, we observe the QAT4 model
achieve the lowest Rpa, making it the best model if we want to maximizing accuracy
while minimizing power consumption.
An interesting observation is the higherRpa value for the FPT4model compared to the
FPT8 model. Although the FPT8 model consumes more power, its superior accuracy
results in a lower Rpa compared to the FPT4.
Contrary to the N-MNIST use case, where the power consumption reduction could be
explained by decreased BRAM and DSP consumption. The usage of the SRLIF neuron
model avoids the usage of DSP; the power reduction cannot be explained by a re-
duction of DSP usage as in the N-MNIST use case. Therefore, the reduction of power
consumption can be attributed to lower BRAM consumption, as shown in Table 5.7.
The BRAM reduction leads to a reduction of FF and LUT usage, which can also con-
tribute to the observed power reduction.
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Table 5.6 – Energy and power consumption of SHDmodels with different training methods and synaptic
weight resolution. All models maintain similar inference speed, but the 4-bit models benefit
from lower power consumption, resulting in reduced energy consumption. Notably, while the
FPT4 model achieves a higherRpa, even though power consumption is reduced, the accuracy
drop remains too important to compensate for the power decrease.

Target FPT8 FPT4 QAT4

Inference Speed (�s) 109.5 109.71 109.48

Total Power (mW) 331 268 268

Energy Consumption (�J) 36.24 29.40 29.34

Rpa (mW/%) 4.69 4.75 3.98

Table 5.7 – Hardware metrics results comparison between FPT and QAT models for the SHD use case.
Power consumption reduction is attributed to reduced BRAM and LUT usage.

Metrics FPT8 FPT4 QAT4

Dynamic Power (mW) 219 158 158

Static Power (mW) 112 110 110

BRAM (Kbit) 1692 ; 252 (38.57%) 864 ; 252 (22.14%) 864 ; 252 (22.14%)

FF 5660 ; 352 (5.65%) 4048 ; 352 (4.14%) 4048 ; 352 (4.14%)

LUT 23784 ; 526 (45.70%) 16562 ; 510 (32.09%) 16562 ; 510 (32.09%)

LUTRAM 0 ; 128 (0.74%) 0 ; 128 (0.74%) 0 ; 128 (0.74%)

DSP 0 ; 0 (0.00%) 0 ; 0 (0.00%) 0 ; 0 (0.00%)

The use casewith the SHDdataset confirmed the effective performance of theQAT al-
gorithm. Similar to the results obtained with the N-MNIST dataset, we achieve slightly
lower but similar accuracy to the FPT results. However, when we comparemodels with
the same synaptic resolution, we attained better accuracy, consequently, a better Rpa

than the FPT model.

5.4.3 Reach Lower Bit Resolution with Quantizer Scheduler

In the previous section, we studied the performances of the QAT algorithm with a
fixed target bitwidth for both experiments. It is reasonable to assume that if the QAT
algorithm works with 4-bit resolution, the algorithm will achieve good performance
for higher target bitwidth. However, we need to validate the algorithm for lower reso-
lution.
A first naïve approach is to runQAT training with 3-bit resolution. Figure 5.21 illustrates
the loss evolution through epochs duringQAT training for theN-MNIST dataset. When
running QAT training with 3-bit, the model fails to learn, resulting in a linear loss.
This phenomenon can be explained with Figure 5.22. The blue curve represents the
weight distribution of the initial seedmodel, i.e., without training, and the two vertical

121



5 Quantization in ModNEF

red lines represent the minimal quantizer step, equal to 1
23�1 = 0:25. Since all synaptic

weights are below the quantizer step, the initial quantization will quantize all synaptic
weights to 0. Consequently, the input current is equal to 0, the membrane voltage
remains at 0, preventing the gradient from being computed, and the layer does not
emit output spikes.
A solution to address this issue is to start training with higher bitwidth and gradually re-
duce quantizer bitwidth. To achieve this, we developed QuantizerScheduler, which,
similar to the learning rate scheduler proposed by PyTorch, progressively reduces the
quantization bitwidth. The following code shows the definition of a quantizer sched-
uler. Every T epoch, the quantizer will reduce the quantizer bitwidth by creating a new
quantizer with the defined lambda function quantizationMethod. To avoid saving
models that are not trained on the target bitwidth, QuantizerScheduler defines a
method save_model() that returns True if the target bitwidth is reached.

0 10 20 30 40 50
Epochs

44

45

46

47

48

Lo
ss

Loss

Figure 5.21 – Loss evolution for 3-bits QAT training
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We tested our bitwidth scheduler on the two previous datasets, N-MNIST as a proof
of concept for achieving low synaptic weight resolution and SHD and DVS Gesture
datasets to validate our methods.

Proof of Concept with the N-MNIST Dataset

We trained three differentmodels, all based on the 2312�128�10 network topology. As
in the previous section, we trained a full-precision model with different quantization
bitwidth targets: FPT8, FPT3, and FPT2 with 8, 3, and 2-bit resolution, respectively.
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1 QuantizerScheduler(model=model, # model to train
2 bit_range=(8, 3), # limits of the bitwidth domain
3 T=3, # number of epochs after we change bitwidth
4 quantizationMethod=lambda n : FixedPointQuantizer(n,

n-1, True) # definition of new quantizer
5 )

Listing 5.1 – Definition of Quantizer Scheduler in the ModNEF framework. We schedule the quantizer of
the model from 8 to 3 while reducing the quantizer bitwidth every 3 epochs.

Additionally, we trained two models with the QAT algorithm: QAT3 trained with 3-bit
synaptic resolution and QAT2 trained with 2-bit resolution.
Table 5.8 summarized the accuracy obtained during inference. As we can see, the
QAT3 model achieves a similar but slightly lower accuracy than the FPT8 model. The
accuracy drop becomes more important with 2-bit quantization. However, if we com-
pare the two 2-bit models, FPT2 andQAT2, we achieve better accuracy with QAT train-
ing, similar to that of the FPT3 model.

Table 5.8 – Accuracy results with quantizer bitwidth scheduler on the N-MNIST dataset. The accuracy
loss of FPT-basedmodels is more pronounced due to lower resolution. While QAT-basedmod-
els maintain comparable accuracy, the drastic reduced resolution significantly degrades the
accuracy, especially for the QAT2 model.

Evaluation Method FPT8 FPT3 FPT2 QAT3 QAT2

Bitwidth 8 3 2 3 2

Full Precision 97.54 97.54 97.54 - -

PTQ simulation 97.50 94.04 70.10 96.24 94.63

FPGA 97.46 94.11 70.63 96.05 94.31

In terms of power consumption, Table 5.9 highlights the benefit of low-resolution quan-
tization. Thanks to the lower bitwidth, the power consumption of the 3 and 2-bit mod-
els significantly decreases compared to the FPT8 model. This power reduction can be
explained by the lower BRAM consumption and the avoidance of DSP usage, as dis-
cussed in Section 5.4.2. Due to lower power consumption and a mitigated accuracy
drop ofQATmodels,QAT3 andQAT2models achieve lowerRpa ration than FPTmodels.
A particular observation is the higher Rpa ratio of the FPT2 model compared to the
FPT3 model. Even though the FPT2 model consumes less power, the accuracy drop
of FPT2 is too significant to compensate for the reduction in power consumption.
Figures 5.23 and 5.24 illustrate the accuracy in the upper graphs and the quantizer
bitwidth in the lower graphs, through epochs with respectively 3 and 2 bits target
resolution. The dashed red lines represent the epochs where the target bitwidth is
reached. From the 3-bit resolution, the accuracy starts to drop in both trainings. How-
ever, for the 3-bit resolution, the accuracy is maintained around at 95%. In contrast,
for the 2-bit training, the accuracy globally decreases with a high variability once the
2-bit resolution is reached. This behavior can be explained by the ultra-low resolution
and the limited possible synaptic weight values: 8 values for 3-bit and 4 values for 2-
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Table 5.9 – Energy and power consumption of N-MNIST models trained with bitwidth scheduler. All
models maintain comparable inference speed but achieve lower energy consumption due
to reduced power consumption. While QAT-based models achieve good accuracy with lower
power consumption, their Rpa values remain minimal compared to FPT-based models.

Target FPT8 FPT3 FPT2 QAT3 QAT2

Inference Speed (�s) 41.56 41.56 41.57 41.57 41.56

Total Power (mW) 611 220 205 220 205

Energy Consumption (�J) 25.39 9.14 8.52 9.14 8.52

Rpa (mW/%) 6.27 2.33 2.90 2.29 2.17

bit resolution. This drastic reduction of values set increases the training difficulties
because a small change of synaptic weights can lead to significant differences in accu-
racy.
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Figure 5.23 – Accuracy, illustrated in the upper
graph, and quantizer bitwidth, pre-
sented in the lower graph, evolution
during training through epochs for 3-
bit target quantizer bitwidth.
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Figure 5.24 – Accuracy, illustrated in the upper
graph, and quantizer bitwidth, pre-
sented in the lower graph, evolution
during training through epochs for 2-
bit target quantizer bitwidth.

Validation with the SHD Dataset

In the previous section, we demonstrated the usefulness of the quantizer scheduler
to achieve low bitwidth in the N-MNIST dataset. As we previously observed, the N-
MNIST dataset is a simple classification task where good results can be achieved with
a non-optimal algorithm. In this section, we will present results on the SHD dataset.
As in previous experiments, we trained a full precision model, denoted as FPT , and
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two QAT models, denoted as QAT . All models followed the 700 � 200 � 20 network
topology. Thanks to the modular architecture of ModNEF, we can generate mixed-
precision networks with different quantization bitwidth depending on the module. In
this section, we quantized ourmodel with two quantization schemes. Models denoted
with a 3� 3 subscript refer to models where both layers are quantized with 3-bit reso-
lution. In the other case, models denoted with 3� 8 refer to models where the hidden
layer is quantized with 3-bit resolution and the output layer is quantized with 8-bit
resolution. To ignore the quantization bitwidth scheduling for the output layer, we
deactivate the scheduling by setting the allow_scheduling flag during quantizer ini-
tialization to false, as shown in the following code.

1 FixedPointQuantizer(bitwidth=8, fixed_point=7, signed=True,
allow_scheduling=False)

Listing 5.2 – Example of a Fixed Point ModNEF quantizer to quantize signed values at an 8-bit bitwidth
with a fixed position fixed at the bit 7. The allow_scheduling set at False disables the
quantizer scheduler to change the quantizer bitwidth.

Table 5.10 presents the accuracy of all inferred models. Due to low resolution, the
FPT3�3 and FPT3�8 models achieve low accuracy. We can notice that the FPT3�8
model does not achieve significantly higher accuracy than the FPT3�3 model. We can
explain this behavior because the hidden layer is highly quantized, preventing the out-
put layer from effectively processing the spikes generated by the hidden layers. How-
ever, QAT-based models achieve good accuracy results. The QAT3�3 models achieve
lower accuracy than the FPT8 model, from 72.19% to 64.38% due to the low resolu-
tion. The QAT3�8 model appears as a good trade-off in terms of accuracy with 69.15%,
which is only 3% lower than the FPT8 model, compared to a 7% drop with the QAT3�3
models.

Table 5.10 – Accuracy results with quantizer bitwidth scheduler on SHD dataset. Quantization severely
degrades the accuracy of FPT-based models. In contrast QAT-based models achieve good
accuracy, nearly less than the full-precision models. The QAT3�8 model performs the best
accuracy, since the high resolution of the output layer minimizes the quantization impact.

Evaluation Method FPT8 FPT3�3 FPT3�8 QAT3�3 QAT3�8

Bitwidth 8 3-3 3-8 3-3 3-8

Full Precision 72.19 72.19 72.19 - -

PTQ simulation 72.19 16.52 18.66 65.36 70.09

FPGA 72.05 15.40 17.63 64.38 69.15

Table 5.11 references the power consumption of different models. A notable observa-
tion is the absence of power reduction with a lower bitwidth quantizer.
This observation can be explained with Table 5.12, which detailed the power con-
sumption estimation generated by Vivado. We can see the BRAM power consump-
tion decrease with lower bitwidth as expected. However, the Slice and Signals power
consumption increases with lower bitwidth resolution. This can be explained by the
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non-standard bitwidth. Our hypothesis is that, in the previous experiments, this non-
standard format was mitigated by the layer size equal to a power of two. However,
because the hidden layer size in this network is fixed at 200 neurons, Vivado cannot
optimize memory and will use additional resources for memory mapping.
Because of this power increase, the quantized models achieve a lower Rpa ratio than
the FPT8 models. To achieve a better Rpa, one solution, based on our previously de-
scribed hypothesis, can be to define anothermodel with a hidden layer size as a power
of 2. It is important to note that this hypothesis was not clearly identified and tested
due to a lack of time.

Table 5.11 – Energy and power consumption of SHD model trained with bitwidth scheduler. Contrary to
previous experiments, reducing resolution does not decrease power consumption due to the
irregular BRAM size, which increases the power consumption. It results in higher Rpas values.

Target FPT8 FPT3�3 FPT3�8 QAT3�3 QAT3�8

Inference Speed (�s) 109.53 109.60 109.57 109.76 109.83

Total Power (mW) 331 338 339 338 339

Energy Consumption (�J) 36.25 37.05 39.97 37.10 37.23

Rpa (mW/%) 4.59 21.95 19.23 5.25 4.90

Table 5.12 – Power consumption repartition comparision between FPT andQATmodels for the SHDmod-
els trained with the bitwidth quantizer scheduler. Power consumption of BRAM decreases,
but the Slice and Signals power increase while the circuit of memory multiplexing increases
due to irregular memory size.

Target FPT8 FPT3�3 FPT3�8 QAT3�3 QAT3�8

Clock 28 28 27 28 27

Slice 76 89 90 89 90

Signals 79 85 86 85 86

BRAM 35 24 25 24 25

Static 112 111 111 111 111

Total 331 338 339 338 339

Application to Recurrent Network with DVS Gesture

In this section, we will present results on models based on the DVS Gesture dataset.
The trained models are based on the following network topology: 3200 � 128R � 11R,
where the subscript R indicates that the layer is locally recurrent, i.e., connected to
itself. We previously explained the data transformation applied to DVS Gesture in
Section 4.3.2.
Table 5.13 summarizes the accuracy results of different models. As in previous experi-
ments, the QATmodel achieves similar accuracy to the high-resolution FPT model but
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with a lower resolution.

Table 5.13 – Accuracy results with quantizer bitwidth scheduler on the DVS Gesture dataset. The QAT4
model achieves similar accuracy than the FPT8 model and doubles the accuracy compared
to the FPT4 model, highlighting the effectiveness of the QAT training method.

Evaluation Method FPT8 FPT4 QAT4

Bitwidth 8 4 4

Full Precision 86.32 86.32 -

PTQ simulation 85.61 47.27 84.77

FPGA 83.71 44.14 81.44

It results in lower power consumption, as shown in Table 5.14. Thanks to the lower
power consumption with similar accuracy, the Rpa ratio decreases and achieves the
lowest value with the QAT model.

Table 5.14 – Energy and power consumption of DVS Gesture models. All models perform classification
tasks at comparable speed. Since the power consumption of 4-bit models is reduced, the
energy consumption of these models decreases. Combining the high accuracy and the low
power consumption, the QAT4 model achieves a better Rpa ratio.

Target FPT8 FPT4 QAT4

Inference Speed (ms) 3.31 3.32 3.31

Total Power (mW) 358 309 309

Energy Consumption (mJ) 1.18 1.03 1.02

Rpa (mW/%) 4.28 7.00 3.79

Thank to the bitwidth scheduler, we have been able to train a recurrent model for
the DVS Gesture classification task. The QAT model achieves similar accuracy to the
model trained in full-precision. However, due to the lower synaptic weight resolution,
the power consumption of the QAT model decreases, thereby achieving the best Rpa

ratio.

5.4.4 Limitations of the Quantization Aware Training Algorithm

In the previous sections, we demonstrated the good behavior of our QAT algorithm
implementation. TheQAT algorithmperformedwell, achieving similar accuracy to the
FPT algorithm results but with a lower power consumption.
In this section, we will discuss the identified limitations of the QAT implementation
and the impact of this training method on model and training performances.

Training Duration

A first limitation of our algorithm is the impact of theQAT algorithmon the calculation
duration.
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As previously described in Figure 5.20, theQAT algorithmnecessitates additional calcu-
lations due to the quantization of synaptic weights andmembrane voltage. Therefore,
we can expect that these additional operations will increase the duration of the train-
ing phase.
Table 5.15 references several trained networks on the N-MNIST dataset, showing the
average computational duration during the QAT training and the FPT training. The
experiments were conducted on the computer previously described in Section 4.1.1
with CUDA activated.
In all cases, the QAT algorithm is slower than the FPT training. It is difficult to iden-
tify the parameters that will influence the training duration. This increase in training
duration can become crucial if many networks are trained, such as in optimization
experiments run by our colleague Thomas Firmin [52], where hundreds of models are
trained.

Table 5.15 – Training phase duration comparison betweenQAT training and FPT training. While QAT train-
ing increases the training duration, there is no clear correlation between this increase and the
number of layers, the number of neurons, or the number of parameters.

Topology QAT Duration (s) FPT Duration (s) Variation (%)

2312-950-10 93.70 76.24 22.88

2312-392-196-10 90.53 80.52 12.43

2312-1024-512-10 107.61 81.75 31.64

2312-588-392-196-10 103.42 93.43 10.69

2312-256-128-64-10 101.05 88.91 13.66

2312-256-128-64-32-10 111.44 97.16 14.70

The use of the QAT algorithm increases the calculation time during the training phase.
This increase is due to quantization of synaptic weights andmembrane voltage, which
necessitates additional calculations. Although in our experiments, these increases can
be considered as not very significant, in some studies, such as optimization tasks, this
additional calculation can become important, making this increase a first limitation
of our algorithm.

Training Convergence

Another impact of the QAT algorithm is the convergence speed. As we began to ex-
plainwithN-MNIST in Section 5.4.3, the use of theQAT algorithmcan have a significant
impact on training convergence. In this section, we will use the training data from the
N-MNIST dataset model presented in Section 5.4.2, the SHD model presented in Sec-
tion 5.4.2, and results on the DVS Gesture model presented in Section 5.4.3.
Figure 5.25 illustrates the two loss functions for each algorithm during N-MNIST train-
ing. Due to the significantly lower domain of synaptic weights in QAT compared to
FPT, with only 16 possible values, the QAT loss is higher than the FPT loss. However,
in the N-MNIST case, both training algorithms converge at a similar speed but with a
higher loss value for QAT.
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The SHD loss highlights the impact of quantization. Figure 5.26 compares the loss
function of both training algorithms. As we observe, the QAT loss is less stable than
the FPT loss. A significant observation is the difference in convergence speed. The
convergence speed gap between the QAT and FPT algorithms is more predicted in
the SHD use case than on N-MNIST. This gap can be attributed to the highly reduced
domain of synaptic weight with quantization, combined with the SHD classification
task being more difficult than N-MNIST due to the presence of noise.
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Figure 5.25 – Loss function comparison between
the FPT loss and the QAT loss ob-
tained during the N-MNIST models
training.
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Figure 5.26 – Loss function comparison between
the FPT loss and the QAT loss ob-
tained during the SHD model train-
ing.

Figure 5.27 compares the accuracy through epochs during the N-MNIST training for
both training algorithms. As expected from examining the loss function in Figure 5.25,
both accuracys converge at the same speed. However, the final accuracy is lower for
the QAT algorithm than the FPT algorithms due to the lower resolutions of synaptic
weights.
The accuracy evolution on the SHD dataset, illustrated in Figure 5.28, provides more
relevant insights. We can observe that the accuracy converges more slowly during the
QAT training than on the FPT training. Specifically, convergence occurs at approxi-
mately 20 epochs during FPT training and 35 epochs for the QAT training. Another
significant observation is the higher variability of the accuracy during QAT training,
which can also be explained by low synaptic weight resolutions.
The two previously studied cases begin to highlight the impact of the QAT algorithm
compared to the FPT training method. The DVS Gesture models present a significant
impact from the use of the QAT training method.
Figure 5.29 illustrates the evolution of loss during the training, comparing the FPT and
QAT algorithms. When the quantizer target bitwidth decreases and reaches 4-bits, the
loss increases due to the drop in precision. After 15 epochs, the QAT loss decreases,
but at a slower rate than the FPT model. However, after 70 epochs, the QAT loss
increases and is stuck in an unstable state until the end of the training. This can be
explained firstly by the increase in loss in the FPT training, which is shifted due to
bitwidth scheduling. However, contrary to FPT loss, which decreases after this jump,
the QAT loss cannot decrease again and remains in an unstable state.
This unstable loss is visible in Figure 5.30, where we observe an accuracy drop from
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Figure 5.27 – Accuracy evolution on the test set
through epochs during the FPT and
QAT N-MNIST models trainings.
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Figure 5.28 – Accuracy evolution on the test set
through epochs during the FPT and
QAT SHD models trainings.

80% to 15% starting from 70 epochs. Subsequently, the accuracy remains low, under
40%, and is highly variable, a behavior not observed during the FPT run.
The use of the QAT algorithm introduces high variability during the training phase. In
some cases, such as with the N-MNIST or SHD dataset, this variability, even though
it is present, does not have a significant impact on the final results. However, in the
DVS Gesture training, the variability and the difficulty of training stuck the loss into
an unstable state until the end of the training.

Quantizer Support

Another major limitation is the quantizer support. Since the beginning of this section
dedicated to QAT, we have conducted our experiments with the FPQ quantizer with-
out integer parts. By studying the impact of the quantizer choice for QAT, we reveal a
major limitation of our algorithm. We tested other quantizermethods on theN-MNIST
and SHD datasets, previously described in Section 5.4.2. In this section, we will focus
our studies on DSFQ and MMQ because the FPQ quantizer was previously studied. To
highlight the quantizer impact, we will only present the SHD model results, but the
N-MNIST results are available on the GitLab repository.
Figure 5.31 represents the loss evolution during the training phase with a logarithmic
scale on the ordinate axis with the DSFQ quantizer. A notable observation is the expo-
nential increase of loss from 20 epochs, with the loss value rising from approximately
100 to 10e7. This observation can also be seen in Figure 5.32, which shows a drop in
accuracy starting from 20 epochs. This behavior can be explained by two points:

1. The scale factor is determined by the extreme values of synaptic weights. This
means that extreme values can take a higher importance thanmean values, as we
previously explained in Section 5.3.2. During QAT, because we update the scale
factor after each epoch, the quantizer will give more importance to extreme
values. Consequently, the average values will be quantized to similar values due
to the lower bitwidth.

2. As we previously explained in the first point and in Section 5.4.1, we update the
quantizer scale factor before weight clamping. Additionally, the change of scale
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Figure 5.29 – Loss evolution comparison between
the FPT and QAT training for the
DVS Gesture dataset. The upper
graph represents the loss evolution,
and the lower graph represents the
quantizer bitwidth evolution through
epochs.
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Figure 5.30 – Accuracy evolution comparison be-
tween FPT and QAT training for the
DVS Gesture dataset. The upper
graph represents the accuracy evo-
lution, and the lower graph repre-
sents the quantizer bitwidth evolu-
tion through epochs.

factor can introduce variability in synaptic weight values, which can introduce
variability for the gradient calculation.

The other quantizer that dynamically computes quantizer parameters is the MMQ
quantizer. Figure 5.33 represents the loss evolution. As in the previous DSFQ quan-
tizer case, the loss evolution with the MMQ quantizer adopts a curious dynamic from
20 epochs. However, contrary to the previous case, the network stops learning, re-
sulting in a linear loss. This observation is confirmed by Figure 5.34, where accuracy
decreases from 5 epochs and reaches the random value, equal to 5% for the SHD
dataset. The two previous explanations can be applied to this behavior. However,
because the quantizer dynamic is different, it results in a different loss and accuracy
evolution.
A potential solution to prevent this degeneration is to fix the synaptic weight range,
as it is done with the FPQ quantizer. Because this degeneration is induced by the re-
calculation of the scale factor and thus the range of the quantizer, we can manually
fix a maximal range to avoid the increase of the scale factor. However, due to lack of
time, this solution was not implemented.

5.4.5 Conclusion

In this section, we presented the implementation of Quantization Aware Training
(QAT) on the ModNEF framework.
In Section 5.4.1, we present the algorithm implemented in the framework, which is
similar to Full-Precision Training (FPT) but uses a quantized version of synaptic weight
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Figure 5.31 – Loss evolution through epochs with a
logarithmic scale for the SHDdataset
training with the DSFQ quantizer: the
blue curve represents the loss evolu-
tion during the FPT training, and the
orange curve represents the loss of
QAT training.

0 10 20 30 40 50
Epochs

30

40

50

60

70

Ac
cu

ra
cy

 (%
)

Full Precision
DSF QAT

Figure 5.32 – Accuracy evolution through epochs
for the SHD dataset training with
the DSFQ quantizer. The blue curve
shows the evolution of accuracy dur-
ing the FPT training, and the orange
curve shows the accuracy during the
QAT training.

used during the forward pass.
In Section 5.4.2, we present N-MNIST and SHD use cases, comparing results between
FPT + PTQ and QATmodels. Models trained with QAT achieve similar accuracy to high-
resolution FPT models. However, thanks to their lower synaptic resolution, the power
consumption of theQATmodels significantly decreases, making thesemodels the best
tradeoff between accuracy and power consumption, as given by the Rpa ratio.
To achieve lower quantizer bitwidth, a naive approach is not possible due to the low
synaptic weight values of untrained models. To address this issue, we present a Quan-
tizer Scheduler in Section 5.4.3. This scheduler allows reaching lower synaptic weight
resolution and thus further reduces the Rpa ratio. However, due to low resolution, the
presented models begin to show the limitations of the QAT algorithm.
These limitations were presented in Section 5.4.4. A first limitation is the additional
computational time, which can become a problem if you want to run hundreds of
models, such as in an optimization task. The major limitation of the QAT algorithm is
the concern of model convergence. Due to the lower range of synaptic weights, the
model can have difficulties to converge, or, as in the DVS Gesture case, will remain
stuck in an unstable state until the end of the training phase.

132



5 Quantization in ModNEF

0 10 20 30 40 50
Epochs

40

60

80

100

120

140

Lo
ss

Full Precision
MMQ QAT

Figure 5.33 – Loss evolution through epochs with
a logarithmic scale for the SHD
dataset training with MMQ quantizer:
the blue curve represents the loss
evolution during the FPT training,
and the orange curve represents the
loss of QAT training.
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Figure 5.34 – Accuracy evolution through epochs
for the SHD dataset training with
MMQ quantizer. The blue curve
shows the evolution of accuracy dur-
ing the FPT training, and the orange
curve shows the accuracy during the
QAT training.

5.5 Conclusion

In this chapter, we investigate the impact of quantization on Spiking Neural Network
(SNN) and more particularly on the ModNEF architecture.
In Section 5.1, we present a short theoretical background about quantization. We
introduce two important notions of this chapter: the Post-TrainingQuantization (PTQ),
where a quantization function is applied before the training, and the Quantization
Aware Training (QAT), where we consider the quantization during the training.
In the ModNEF framework, we implement three different quantization methods, pre-
sented in Section 5.2. In ModNEF, we implement three quantization methods:

1. Fixed-Point Quantizer (FPQ)

2. Dynamic Scale Factor Quantizer (DSFQ)

3. Min-Max Quantizer (MMQ)

In Section 5.3, we studied the impact in post-quantization of our different quantizers.
We identified several limitations of our quantizers, particularly when the quantizer
parameters are calculated depending on synaptic weight values and not fixed. This
method gives more importance to the extreme and rare values, increasing the quanti-
zation impact on network performance and resulting in a high drop of accuracy.
To mitigate the accuracy drop, we presented our implementation of the QAT algo-
rithm on the ModNEF framework in Section 5.4. Thanks to the QAT algorithm, we
achieve similar accuracy tomodels trained in full-precision. However, due to the lower
synaptic weight resolution, the power consumption of the QAT models is, in general,
lower, resulting in a better tradeoff between power consumption and accuracy.
To identify the tradeoff, we introduce a newmetric called Ratio Power Accuracy (Rpa),
which indicates the power consumed by the architecture to reach 1% in accuracy. This
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metric can be used to compare similar models and identify the model with the best
tradeoff between power consumption and accuracy.
In this chapter, we present the quantization tools implemented in ModNEF and we
demonstrate their impact on PTQ and QATmodels. We can achieve good results with
both methods, each with their limitations. We also highlight the limitations of our
quantizers, especially quantizers where internal parameters are calculated dynami-
cally. More work is thus necessary to propose better quantizers that decrease the
quantization impact on models.
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In the previous chapters, we introduced our architecture, ModNEF. We demonstrated
its behavior with well-known datasets such asMNIST, N-MNIST, SHD, andDVSGesture,
demonstrating the capability of ModNEF to perform SNN inferences for established
classification tasks. However, as outlined in our motivations, ModNEF can be used in
embedded classification tasks.
In this chapter, we will present an application of the ModNEF architecture and frame-
work for an embedded classification task within the ULP Cochlea project. The primary
objective of this project is to monitor biodiversity in the Mediterranean Sea, with a
particular focus on sperm whales. ModNEF will be utilized to classify, in real time, the
various sounds in the sea, that are transformed into spikes using an analog cochlea.
In Section 6.1, we will present the ULP Cochlea project, providing an overview of the
project’s goals, a description of the dataset and a brief introduction of the developed
analog cochlea sensor. Then, in Section 6.2, wewill present the networkswe trained for
this project and the initial results of FPGA implementation. Finally, in Section 6.3, we
will describe the integration of the ModNEF architecture for a fully embedded system,
from sensory systems to data processing.

6.1 ULP Cochlea Project Presentation

In this section, we will present the ULP Cochlea project and the role of ModNEF within
this project. First, in Section 6.1.1, we will introduce the ULP Cochlea project. Following
that, in Section 6.1.2, we will describe the analog cochlea sensor. Then, in Section 6.1.3,
we will present the datasets generated with this cochlea. Finally, in Section 6.1.4, we
will explain the role of ModNEF in this project and within the embedded system.

6.1.1 Project Presentation

The ULP Cochlea project is an interdisciplinary project involving IEMN, CRIStAL, and
LIS laboratories. It involves the development of a fully bio-inspired System On Chip
(SOC) from sensor to data processing with ultra-low power consumption (ranging from
1 to 10 mW). Neuromorphic computing aims to minimize the environmental footprint
of sperm whale monitoring in the Mediterranean Sea. Currently, sensor systems are
based on active microcontroller SOCs that consume significant power, necessitating
regular battery changes and, consequently, frequent boat trips to themonitoring sites.
Bio-inspired computing methods appear as a viable solution to substantially decrease
the power consumption of SOC, thereby reducing the frequency of battery replace-
ment operation.
The ULP Cochlea project is centered around four main objectives :

1. Fully Analog Bio-inspired Cochlea: The first objective is to develop an analog
bio-inspired cochlea. This device will convert an input analog audio signal into a
spike representation by using CMOS subthreshold technology.
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2. Develop an AI processing chip: To process the spikes from analog cochlea, it is
essential to develop an ultra-low-power (ranging from 1 mW to 10 mW) AI pro-
cessing chip. This chip will implement an SNN to detect the presence of sperm
whales.

3. Audio Events Detection and Localization: The two previously described tools
will be used for audio event detection and localization. These events can be sea
species, such as sperm whales in our case, or boat detection to help preserve
ecosystems.

4. Provide an Overview of the Acoustic Environment: By using the cochlea, we aim
to provide an overview of the acoustic environment on Mediterranean Seas.

The IEMN laboratory will be involved in developing the analog cochlea sensor, while
the LIS laboratory will provide data from existing sensory systems. In our case, the 2XS
team from the CRIStAL laboratory, we focuses on developing SNN models for sperm
whale classification and providing an AI chip for embedded classification tasks.

6.1.2 Cochlea Presentation

In the previous section, we presented the main objectives of the ULP Cochlea project.
In this section, we will present the analog cochlea developed by the IEMN team.
Inspired by the functioning of the human cochlea, the analog cochlea consists of a
bank of 16 channels. Each channel comprises a low-pass filter with a specific cutoff
frequency, depending on the channel’s position. The high-frequency component, ex-
tracted by the current channel, is sent to a half-wave rectifier, while the remaining
low-frequency component is passed to the next stage of the cascade filter. The recti-
fier converts the Alternative Current (AC) signal to a Direct Current (DC) signal, which
is then sent to an analog LIF neuron model to generate output spikes. The architec-
ture of the cochlea is presented in slide 12 of the slideshow [40] and in Figure 6.1. The
cochlea was fabricated using CMOS TMSC 65 nm technology.
The final cochlea system is decomposed of two different cochlea circuits, each with
distinct channel cutoff frequency. The first cochlea covers a frequency range from
90 to 12 kHz, while the second cochlea spans from 9 to 1 kHz. This separation was
implemented to avoid stability problems. It was decided to divide the cochlea into
two sub-cochlea to address stability concerns to avoid, but also because an 8-channel
cochlea is easier to characterize than a 16-channel cochlea. The output of the first
cochlea filter bank is connected to the input of the second cochlea, resulting in a 16-
channel output cochlea.

6.1.3 Datasets Presentation

Two datasets were generated with the analog cochlea: a 2-classes dataset and a 10-
classes dataset.
Both datasets were generated using the same method. The cochlea was placed under
probes. An input audio WAV file was sent to the cochlea sensor. The output spikes
are converted into 0/1 V signals, where 1 V represents an output spike. These binary
signals were recorded using an oscilloscope and saved into CSV files at an 800 ns time
resolution.
The first created dataset consists of a 2-classes dataset with a “sperm whale” class
and a “non-sperm whale” class. Each sample lasts 10 ms, with an 800 ns sampling
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Figure 6.1 – Schematic representation of the cochlea circuit inspired by [40]. The input signal is provided
by a hydrophone. Each channel is composed of a low-pass filter, a half-wave rectifier, and a
spiking neuron based on the LIF neuron model. The residual signal of a filter is connected to
the next stage of the filter bank.

rate, resulting in 12500 points for each sample. The input audio files are sourced from
animal documentaries and are distributed as follows: 500 samples for the spermwhale
class and 500 samples for the non-sperm whale class. This results in a small dataset
of only 1,000 samples with a random test-train split, which can lead to variation in
accuracy with each run. This dataset is so limited by its size and the dataset handler
provided, but several studies will be conducted to optimize the dataset.
The second dataset is a 10-classes dataset based on the Watkins Marine Mammal
Sound Dataset [190, 160, 191]. The initial dataset consists of 15,000 samples generated
from 2,000 records of more than 60 species. In our case, we select only 10 species:

1. White Whale
2. False Killer Whale
3. Atlantic Spotted Dolphin
4. Bowhead Whale
5. Clymene Dolphin
6. Long-Finned Pilot Whale
7. Melon Headed Whale
8. Northern Right Whale
9. Ross Seal
10. Sperm Whale

The generated dataset consists of 9,500 samples, with 7,611 samples in the train set and
1,908 samples in the test set. The output CSV files are converted into the Hierarchical
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Data Format 5 (HDF5) format, which is also used for other spiking datasets such as
SHD and SSC dataset [38].
Because the last dataset was developed and presented toward the end of the thesis,
in July 2025, we will mostly focus our works on the 2-classes dataset.

6.1.4 Role of ModNEF in the Project

In the previous section, we have presented the ULP Cochlea project, the dataset cre-
ated, and the analog cochlea used to generate spikes from input audio.
One of the goals of the project is to provide a fully neuromorphic SOC with ultra-low
power consumption, ranging between 1 and 10 mW. However, due to the complexity
of developing analog SNN, we decided to establish an intermediate goal. This involves
creating a low-power SNN implementation that will activate amore power-hungry, yet
more powerful, processing unit capable of handling more complex operations. This
intermediate circuit is represented in Figure 6.2. The purpose of the SNN is to trigger
a wake-up signal that will activate a more powerful and power-hungry processing unit,
which will execute more complex sound processing tasks for specimen identification
or echolocation.

Cochlea Sperm whale
detector (SNN)

Processing Unit

wake up

Figure 6.2 – Schematic representation of the ULP Cochlea SOC. The hydrophone is connected to the
cochlea, which is connected to the SNN chip. The SNN triggers wake-up signals to activate
the processing unit, which then performs more complex tasks.

To minimize the power consumption, the SNN must be implemented on a low-power
architecture. A first approach is to use a neuromorphic chip such as Xylo [21], a neuro-
morphic chip dedicated to audio processing. Another intermediate solution is to use
an FPGA, which provides a good tradeoff between power consumption and computa-
tional capabilities.
As an intermediate solution, the use of FPGA has been chosen for several reasons :
— Analog SNN is very complex and long to develop.
— Currently, our research team has no neuromorphic chip for embedded classifica-

tion.
— ModNEF was already developed and has proven its capability to perform classi-

fication tasks. Further, due to the high number of I/O on the FPGA, it is possible
to connect the output of the cochlea to the FPGA with low additional circuitry.

The other solutions have not been abandoned and will be explored in future works by
our research team. However, the FPGA solutionwith theModNEF architecture appears
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to be a good initial solution.

6.2 Trained Networks and First Implementations

In the previous section, we presented the ULP Cochlea project. We presented the
analog cochlea developed by the IEMN research team and the two datasets created
with this cochlea. The ModNEF architecture will be used as the initial solution for
executing classification tasks within the embedded SOCby triggering a wake-up signal
to activate a more powerful, yet power-hungry, processing unit capable of performing
more complex tasks.
In this section, we will present the various networks trained using the 2-classes dataset.
As previously explained, the 10-classes dataset has been developed too recently to
propose a complete study. Moreover, the 2-classes dataset appears to be the most
suitable dataset for the initial role of ModNEF, which involves detecting sperm whales
and triggering a wake-up signal.
In Section 6.2.1, wewill present an initial network topology and dataset transformation
exploration conducted by our colleague Mazdack Fatahi. Building on this preliminary
study, we will present the trained networks with the ModNEF framework in Section
6.2.2. Finally, in Section 6.2.3, we will discuss the inference results on various hardware
targets.

6.2.1 Network Exploration

An initial exploration of network topology and dataset transformation was conducted
by our colleague Mazdack Fatahi. This work served as a baseline to select network
topology and dataset transformation for training the ModNEF-based models. In this
section, we will present the results of this exploration.
The exploration focused on three key points:

1. Network Topology: Four different network topologies were explored, described
by the following list. The classification is based on the spike rate of the output
neuron. If the output neuron emits more than 0.5 spikes per time step, the net-
work detects a sperm whale.
— 16-1
— 16-32-1
— 16-64-1
— 16-128-1

2. Number of Time Step: The number of time steps was also explored through six
different values: 1, 2, 4, 5, 10, and 20 time steps. The number of time steps repre-
sents the number of frames and can be compared to the n_time_bins parame-
ter of the tonic frame transformation.

3. Binary Transformation: The binary transformation refers to a transformation
where the number of spikes is ignored, as shown in Figure 6.3. If, at least, one
spike is accumulated during the time step, the binary transformation will con-
sider only 1 spike in that time step. The impact of this transformation was exam-
ined during the exploration.

Figure 6.4 summarizes the results of the exploration. The upper graph illustrates the
accuracy based on the network topology and the number of time steps without binary
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4 1 2 0
2 0 3 1
1 4 0 4

1 1 1 0
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Binary=True

Binary=False

Figure 6.3 – Representation of Binary Transformation. The first graph illustrates the input spikes over
time, with the frames delimited by dashed gray lines. The first table represents the spike
transformation without binary transformation, where the values represent the exact number
of spikes accumulated during the time window. In contrast, the lower table shows the spike
transformation with binarization. In this case, if at least one spike has been detected within
the time window, the number of spikes is always equal to 1, regardless of the actual number
of input spikes.

transformation. In contrast, the lower graph represents the accuracies with binary
transformation.
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Figure 6.4 – Results of the exploration phase for the 2-classes ULP Cochlea dataset. The upper graph
illustrates the accuracy based on network topology and the number of time steps without
binary transformation. The lower graph represents the accuracy of the different networks
for various time steps with the application of the binary transformation.

A initial observation is the negative impact of the binary transformation. Inmost cases,
applying the binary transformation decreases the accuracy for a given network topol-
ogy and number of time steps. This can be explained by the loss of information that
occurs when the binary transformation is applied.
A second observation pertains to the impact of the network topology. In most cases,
the accuracy increases as the number of neurons increases. Notably, there is a signifi-
cant gain in accuracy for two-layer networks compared to the single-neuron network.
The impact of the number of time steps is not as clear as the previously explored
parameters. With binary transformation, we can see a tendency for accuracy to in-
crease as the number of time steps increases. This is likely due to the significant loss
of information caused by the combination of a low number of time steps and binary
transformation. However, the accuracy gain without binary transformation is not as
evident as for models trained with binary transformation. Depending on the network
topology, the optimal accuracy is achieved at different numbers of time steps.
Table 6.1 summarizes the best accuracy for each network topology. At first glance,
one might infer that smaller networks reach the best accuracy with a lower number of
time steps, whereas larger networks require a higher number of time steps. However,
examining Figure 6.4 reveals that the evolution of accuracy depending on the time
steps is not significant and remains relatively stable.
This initial study highlights several key points for the continuation of our work. Firstly,
the binary transformation significantly impacts the accuracy of the networks, with the
best accuracy achieved without its application. Generally, larger network topologies
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Table 6.1 – Best accuracy for each network topology and the associated number of time steps without
binary transformation. The number of time steps does not directly correlatewith the accuracy
of the network. For smaller networks, the best accuracy is achieved for low time steps. In
contrast, the two largest reach the best accuracy with the highest number of time steps.

Network Topology Accuracy Time Step

16-1 84.82 1

16-32-1 91.52 5

16-64-1 90.62 20

16-128-1 93.3 20

achieve higher accuracy, with a notable difference between single-layer networks and
two-layer networks. The number of time steps does not have a significant impact on
the accuracy.
It is important to note that these models were trained using the SNNTorch neuron
model and are therefore incompatible with the ModNEF architecture. In the next sec-
tion, we will present the selected parameters and the networks we trained with the
ModNEF framework.

6.2.2 ModNEF-based Models

In the previous section, we presented initial network topologies and dataset transfor-
mations conducted by our colleague Mazdack Fatahi. Based on this experiment, we
will now present the selected parameters.
All models and results are available on the following GitLab: https://gitlab.univ-
lille.fr/bioinsp/ulp_cochlea_fpga.
All models were trained over 5,000 epochs using the BCEWithLogitsLoss loss func-
tion optimized for binary classification. The dataset was split with 750 samples for the
training set and 250 samples for the test set, with a fixed seed to maintain consistent
training and test sets across all experiments.
Table 6.2 summarizes the model trained with the ModNEF framework. To maximize
the accuracy, we decide not to use the binary transformation.
Most models are based on the same exploration parameters, utilizing the 16-128-1 net-
work topology and 20 time steps. Initially, a model was trained with the FPT training
algorithm. However, as we will discuss in the results section, the drop in accuracy was
significant. Therefore, we decided to train our models with the QAT algorithm.
We trained two models with this network topology using the QAT algorithm, each
with two different quantization target bitwidth. The first model was trained with 8
bits, a conventional value for bitwidth. The secondmodel was trained with the lowest
bitwidth without a significant drop in accuracy. However, due to the small size of
the dataset, the model trained with lower target bitwidth did not achieve sufficient
accuracy, converging to 88% of accuracy compared to 93% for the initial model.
Two additional models were trained with only one time step for two distinct reasons.
The initial reason was to utilize the single neuron model to minimize the hardware im-
pact of the FPGA implementation. Since the best accuracy for this model is achieved
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Table 6.2 – Networks trained for the 2-classes ULP Cochlea dataset using the ModNEF framework. Most
models are trained using the QAT algorithm and are based on the same exploration param-
eters. Two models were specifically trained with single-time steps to utilize the IF neuron
model.

Name Topology Binary Num Steps Training Neuron Weight bitwidth

FPT_16_128_1_s20 16-128-1 False 20 FPT SRLIF 10

QAT_16_128_1_w8_s20 16-128-1 False 20 QAT SRLIF 8

QAT_16_128_1_w7_s20 16-128-1 False 20 QAT SRLIF 7

QAT_16_128_1_s1 16-128-1 False 1 QAT IF 8

QAT_16_1_s1 16-1 False 1 QAT IF 10

with one time step, we selected this configuration to maximize the network’s accu-
racy.
The second reason was the use of the IF neuron model. As there is no need for a
membrane decay mechanism, we could employ the IF neuron model, which is the
simplest neuron model. Therefore, the use of a single frame was driven by hardware
optimization, selecting the best network topology, and dataset transformation.

6.2.3 Inference Results

In the previous section, we presented the different models trained with the ModNEF
framework and the rationale behind the selection of these model parameters, specif-
ically in terms of network topology and dataset transformation.
In this section, we will present the results of our model inference across different hard-
ware targets. As with previous experiments, we will discuss the results obtained on
the computer described in Section 4.1.1 with CUDA activated, which will be referred
as GPU target for the reminder of this section. The second hardware target is the FPGA
Arty-z7 20 board with UART communication.
In addition to these hardware targets, we will also present results on a RasTech Rasp-
berry Pi 5 equipped with an ARM Cortex-A7 processor running at 2.4GHz with 8 GB
of RAM. Our objective is to compare the FPGA inference with the inference on an em-
bedded board. Due to time constraints and the lack of availability of other embedded
boards within our research team, we selected a Raspberry Pi board as an embedded
hardware target.
Table 6.3 summarizes the different accuracys depending on the hardware target. For
software accuracy on the GPU and Raspi hardware targets, we present the accuracy
with PTQ. The initial value corresponds to the accuracy of models trained during the
exploration experiments.
The FPT_16_128_1_s20 model achieves low accuracy due to quantization effects.
Without quantization, the model achieves 91.66% accuracy. However, even with 10-
bit synaptic weight resolution, the impact of quantization significantly degrades the
model’s performance.
To facilitate the readability of the following tables, we will not present further results
for this model. Nevertheless, all results are available on the GitLab repository for ref-
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Table 6.3 – Accuracy of the ModNEF-based models for the 2-classes ULP Cochlea dataset. The “Initial”
accuracy refers to the accuracy obtained during the initial exploration. The GPU hardware
target refers to the laptop GPU, Raspi refers to the Raspberry Pi 5, and FPGA refers to the
Arty-Z7 20.

Model Name Initial GPU Raspi FPGA

FPT_16_128_1_s20 93.3 77.60 75.52 77.60

QAT_16_128_1_w8_s20 93.3 91.15 92.71 91.15

QAT_16_128_1_w7_s20 93.3 90.10 90.63 89.58

QAT_16_128_1_s1 91.52 89.06 88.54 88.54

QAT_16_1_s1 84.82 84.90 80.73 84.38

erence.
The corresponding networks trained with the QAT algorithm, QAT_16_128_1_w8_s20
and QAT_16_128_1_w7_s20 models, achieve similar accuracy than the
FPT_16_128_1_s20 full precision model. Thanks to the QAT training, the accu-
racy of these models remains high, close to the initial accuracy. The model trained
with 7-bit quantizer bitwidth achieves lower accuracy than the 8-bit model. Addi-
tional results are necessary to identify the best model between these two networks.
Another model that achieves accuracy around 90% is the QAT_16_128_1_s1 model,
although the accuracy drop starts to become significant on Raspi and FPGA targets.
The other single time step model, QAT_16_1_s1, achieves lower accuracy compared
to other models but maintains similar accuracy to the initial model trained with
SNNTorch.
A notable observation is the difference in accuracy between the GPU and the Raspi
targets. It is important to notice that we fixed a common seed for all random opera-
tions and set the CUDA backend deterministic. This accuracy difference between the
GPU and Raspi cannot be explained by the randomness of operations. This difference
can be explained by three main points:
— Operations and floating values representation, as well as their hardware imple-

mentations, can differ between CPU and GPU, which can significantly affect the
inference. Further, the CPU of the Raspberry Pi is an ARM processor, which may
implement floating-point operations differently than the Intel processor and
Nvidia GPUs.

— The version of the PyTorch library differs between the laptop and GPU target
and the Raspberry Pi target, which could explain the computational difference
observed.

— The generated seed used for random split is different between the two targets.
Because the dataset is small and networks are highly sensitive, it can result in
different sample processing, resulting in different accuracy.

This accuracy gap between these two hardware targets remains acceptable, ranging
from 0.10% to 1.5%; expect for the QAT_16_1_s1. This model exhibits a 4% accuracy
gap between GPU and Raspi targets, which becomes significant.
Table 6.4 summarizes the inference time, in milliseconds, of the different models de-
pending on the hardware target.
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Table 6.4 – Inference time, in milliseconds, of the models trained with the ModNEF framework for the 2-
classes ULP Cochlea dataset. In most cases, the slowest hardware target is the GPU, followed
by Raspi and FPGA targets. The only exception is for the smallest model, where the Raspi
achieves faster inference times than the FPGA target.

Model Name GPU Raspi FPGA

QAT_16_128_1_w8_s20 1.91 1.08 0.049

QAT_16_128_1_w7_s20 1.90 1.09 0.049

QAT_16_128_1_s1 1.75 0.066 0.048

QAT_16_1_s1 1.77 0.016 0.046

In most cases, the GPU is the slowest hardware target, followed by the Raspi target.
The FPGA remains the fastest hardware target. However, the inference speed of the
QAT_16_1_s1 model on the Raspi target is 4 times faster than the FPGA inference.
This can be explained by the combination of the small network size, the low number
of time steps, and the use of an optimized library. In the FPGA, the spike transmission
between the UART and the layer modules is a time-consuming operation and can slow
down the inference speed.
The parameters influencing the inference time vary depending on the hardware target.
For theGPU target, the inference time is highly influenced by the number of time steps
rather than the network size, due to the parallelism ofmodel inference on theGPU. For
the Raspi target, because of sequential execution, both the number of time steps and
the network topology significantly influence the inference time. Finally, the inference
time for the FPGA remains stable, primarily due to the time required for sending the
input spikes to the layers, which is a time-consuming operation because of the high
number of input spikes.
Table 6.5 references the energy consumption of the different models depending on
the hardware target. The energy estimation for the GPU target was obtained using
the PyJoule Python library [22]. The power consumption of the Raspi target was deter-
mined by measuring the power consumption of the Raspberry Pi using the vcgencmd
-pmic_read_adc command line. Then, we monitored the execution time of the infer-
ence with the process_time Python function, more precise than the time function,
and applied the equation E = P � t. The energy consumption of the FPGA target was
obtained with the vectorless Vivado power report and the measured inference time.
As expected, the GPU hardware target is the most energy-intensive. Moreover, the
energy consumption does not significantly decrease with smaller network topologies.
In contrast, the energy consumption of the Raspi target decreases depending on the
network size and the number of time steps. The Raspi target achieves inference with
better energy efficiency, exhibiting 14 to 900 times lower energy consumption than
the GPU hardware target.
The FPGA demonstrates the best performance in terms of energy consumption, rang-
ing from 7 to 230 better than the Raspi energy consumption. Since the inference time,
referenced in Table 6.4, does not vary significantly depending on the models, the re-
duction in energy consumption is primarily due todecreasedpower consumption. The
power consumption decreases with the smaller network topologies, explained by the
reduction of synaptic resolution and the change of the neuron model from the SRLIF
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Table 6.5 – Energy consumption, in millijoules, of the different ModNEF-based models for the 2-classes
ULP Cochlea dataset. The GPU target is the most energy-consuming, with an increase from
14 to 900 times compared to the Raspi hardware target. The FPGA target remains the best
hardware target in terms of energy efficiency.

Model Name GPU Raspi FPGA

QAT_16_128_1_w8_s20 42.04 2.84 0.012

QAT_16_128_1_w7_s20 42.66 2.86 0.010

QAT_16_128_1_s1 39.00 0.17 0.008

QAT_16_1_s1 39.61 0.043 0.006

model to the IF model.
We present the differentmetrics depending on themodel and on the hardware target.
To determine the best model, we can also consider the Rpa metric, which represents
the power (in mW) consumed to achieve 1% accuracy. The Rpa ratio is presented in
Table 6.6.

Table 6.6 – Rpa ratio depending on the models and the hardware target for the 2-classes ULP Cochlea
dataset. The ratio remains relatively stable for the GPU and the Raspi targets. However, a
significant decrease from 2.61 to 1.56 can be observed for the FPGA hardware target.

Model Name GPU Raspi FPGA

QAT_16_128_1_w8_s20 240.97 28.25 2.61

QAT_16_128_1_w7_s20 248.83 28.91 2.17

QAT_16_128_1_s1 250.13 29.51 1.89

QAT_16_1_s1 262.40 32.90 1.56

As expected from the previous tables, the Rpa of the GPU hardware target exhibits the
worst Rpa ratio, with approximately 250 mW/% for all models. The Rpas ratios of the
Raspi models are 10 times better than those of the GPU.
The best Rpa values are achieved with the FPGA hardware target, which performs ap-
proximately 10 times better than the Raspi Rpas. The lowest Rpa is achieved with the
QAT_16_1_s1 model. Even though this model achieves the lowest accuracy, the net-
work is small, and the power consumption of this model decreases sufficiently to sig-
nificantly impact the Rpa ratio.
To determine the best model and hardware target, we can base our selection on the
three following metrics:

1. Accuracy: The accuracy directly reflects the performance of the model. The
accuracy is to be maximized.

2. Energy Consumption: A lower energy consumption is preferable for low-power
embedded SOC.

3. Rpa ratio: The Rpa ratio represents the power consumed to reach 1% f accuracy.
A lower Rpa indicates better power usage.
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The inference timewas not considered since all models on all hardware targets achieve
real-time inference.
Depending on these specified criteria, the best models for each metric are as follows:
— Accuracy: According to Table 6.3, the best model in terms of accuracy is the

QAT_16_128_1_w8_s20 on Raspi hardware target.
— Energy consumption: According to Table 6.5, the best model in terms of energy

consumption is the QAT_16_1_s1 on Raspi target.
— Rpa ratio: According to Table 6.6, the best model in terms of Rpa ratio is the

QAT_16_1_s1 on the FPGA hardware target.
If we want to find the best model depending on all these three metrics, we can calcu-
late a composite score based on these three metrics. Firstly, we normalize the values
with Equation 6.1. Then, using Equation 6.2, we calculate the model score. In our case,
we give the same importance to all metrics.

Xnorm =
X �Xmin

Xmax �Xmax

(6.1)

Score =
Accnorm + 1� Enorm + 1�Rpanorm

3
(6.2)

According to the composite score, the three best models are summarized in Table 6.7.
The best model is the QAT_16_128_1_w8_s20 model on FPGA with a score of 0.95.
This is followed closely by the same network on the Raspi hardware target with a score
of 0.94. The third best model is the QAT_16_128_1_w7_s20model on the FPGA target.
Additional score values are available in the GitLab repository.

Table 6.7 – Best models and hardware target according to the composite score. The top model is the
QAT_16_128_1_w8_s20 running on FPGA, due to the high accuracy, low-energy consumption,
and Rpa ratio. The same model running on Raspberry Pi achieves a similar score, thanks to
its highest accuracy, even though its energy consumption and Rpa metrics are higher. Finally,
the QAT_16_128_1_w7_s20model is the third best model, thanks to its very low-energy con-
sumption and Rpa, which mitigates its lower accuracy score.

Model Hardware target Accnorm Enorm Rpanorm Score

QAT_16_128_1_w8_s20 FPGA 0.87 0.0001 0.009 0.95

QAT_16_128_1_w8_s20 Raspi 1.0 0.066 0.11 0.94

QAT_16_128_1_w7_s20 FPGA 0.74 9.4e-5 0.008 0.91

This scoring method can be critiqued for assigning the same importance to the three
metrics. Further discussions are necessary to determine the best composite score by
adjusting the weights of each metric according to their importance in the projects.

6.2.4 Conclusion

In this section, we present the network topology and the dataset transformation used
for FPGA implementation of the sperm whale detection network.
An initial study conducted by our colleague Mazdack Fatahi was used to determine
the best configuration for our experiments. In terms of network topology, the best
topology identified is the 16-128-1. However, the 16-1 topology also emerged as an
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interesting option due to its simplicity, which can lead to a lower power consump-
tion architecture. This study also examined the dataset transformations. It was found
that binary transformation negatively impacts accuracy. Additionally, the number of
time steps does not significantly impact the accuracy, although the best accuracies
are achieved with 20 time steps.
Based on this study, we decided to train several models using the ModNEF framework.
Since the models trained with full precision achieved lower accuracy due to quantiza-
tion effects, we focused our study on models trained with the QATmethod. Addition-
ally, we compared models across three different hardware targets: GPU, Raspberry Pi,
and FPGA targets.
Depending on the metrics considered, the optimal configuration may vary. We pro-
pose a composite score considering the accuracy, energy consumption, and Rpa ratio.
This approach aims to identify the best trade-off among all models.
Our experiments serve as a good starting point for the SOC deployment but remain
artificial. Specifically, the input samples are loaded from a dataset and transmitted
to the network in a manner that may not be realistic when considering the final SOC
architecture. In the next section, we will present a more realistic SOC architecture.

6.3 From Sensor to FPGA : Pipeline Implementations

In the previous section, we presented a first implementation of models trained with
the ModNEF framework. Implemented models achieved good accuracy and low-
energy consumption, making the FPGA architecture a promising method for low-
power wake-up engines. However, a major limitation of our previous work is the un-
realistic method to transmit input spikes. Samples were loaded from a dataset with
a Python library and sent to the FPGA with the UART communication protocol. This
data reception interface serves as a good starting point but remains unsuitable for a
SOC deployment.
In this section, we will present a SOC-compatible architecture based on the previously
trained models integrated into an architecture suitable for SOC integration.
Figure 6.5 illustrates the main concept of the connection between the analog cochlea
and the FPGA, which will execute the classification model based on the ModNEF ar-
chitecture. The output of cochlea, ranging from 0 to 1V, must be amplified to 3.3V to
be recognized by the FPGA General Purpose Input/Output (GPIO). The input signal is
sent to spike detectors, which detect input spikes and transmit them to the ModNEF
models. The ModNEF model will trigger the wake-up signal if it detects a sperm whale.
In section 6.3.1, we will present the model implementations and the additional com-
ponents developed for the SOC integration. Finally, in Section 6.3.2, we will present
the inference results obtained with two different levels of SOC simulation.

6.3.1 Pipeline FPGA Architecture

In this section, we will present the implementation of SOC-based models and the ad-
ditional components developed.
Before studying the network implementation and the newly developed components,
it is important to explain the role of the UART module in classical architecture. The
role of the UART component can be summarized by the following points:
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Figure 6.5 – Schematic representation of the connection between the analog cochlea and the FPGA. The
output of the cochlea, which ranges from 0 to 1 V, must be amplified to be detected by the
FPGA GPIO. The input signal is sent to the spike detector, which will detect input spikes and
send these to the ModNEF network.

— Input spike reception: The module will receive input spikes from the computer
and will transmit them to the network.

— Network Scheduler: After receiving input spikes from the computer, the UART
module will schedule the network by detecting emulation steps and triggering
the start_emu signal, which indicates to the layer modules when they must up-
date their internal state.

— Classification: The UART component receives the spikes from the output layer
and will transmit them to the computer, which runs the classification process
with the PyTorch library.

To bypass the usage of the UART component, it is necessary to implement compo-
nents that replace the role of the UART component.
Based on the different trained models, we can define two different model architec-
tures.
Figure 6.6 illustrates the network implementation for 2-Layer-based models.
In these architectures, the input spikes from the spike detectors are accumulated in
the accumulator component, which represents the input layer previously emulated
by the UART component. The output layer is connected to both the classifier and
the early stop detector. The early stop detector halts the network update executions
based on several conditions to save energy. However, the early stop detector is not
implemented for the QAT_16_128_1_s1model due to its single emulation step.
In contrast to the 2-Layer models, a specific architecture was developed for the
QAT_16_1_s1model illustrated by Figure 6.7.
Due to its simplicity, the network is implemented without the ModNEF architecture.
The network consists of a single neuron component and is scheduled by a pulse gen-
erator. The neuron is composed by a bank of synaptic weight registers that return the
weight value if the input spike is at 1; otherwise, the registers return 0. The hard-coded
synaptic weights are sent into a 4-stage tree adder and accumulated into the mem-

149



6 ULP Cochlea: a ModNEF Application for Bio-Diversity Monitoring

Spike
Accumulator

Hidden
Layer

Output
Layer

sperm whale
Classifier

start emu start emu
start emu

reset network
reset classifier

Network scheduler

early stop

Early
Stop

spike[0]
spike[1]

spike[14]

Figure 6.6 – Architecture for 2-layer models designed for SOC deployment. The input spikes are accumu-
lated in a spike accumulator, which represents the input layer. The output layer is connected
to both the classifier and early stop detector. A network scheduler component is utilized to
trigger the emulation process and clear the network’s internal state.
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Figure 6.7 – Architecture for the single neuron model for the SOC deployment. The input spikes are
passed to the corresponding synaptic weight register. The input current is computed using
a tree adder and accumulated into the membrane voltage register. Due to its simplicity, a
simple pulse generator is sufficient to schedule the neuron.

brane voltage.
In the next sections, we will present the newly developed components.

Spike Detector

The input spike detection is processed by the spike_detector component, illus-
trated by Figure 6.8. The spike detector consists of a three-stage D latch pipeline
designed to debounce the input signals. The number of stages in the pipeline was
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determined through board experimentation with the Raspberry Pi 5. We selected the
smallest number of stages to maintain a low latency and detect the spike as soon as
possible. When a spike is detected, the spike detector generates a single clock cycle
signal.

D Q

Q

D Q

Q

D Q

Q

clk

channel

spike

Figure 6.8 – Spike detector diagram. The three-stage D latch is used to debounce the signal while main-
taining a low latency and detecting the spike as soon as the cochlea sends it.

Network Scheduler and Early Stop

The second process that must be implemented is the network scheduling. Figure 6.9
illustrates the FSM process of the network scheduling process.
When the start_emu signal, controlled by a pulse generator, is set to 1, the scheduler
initiates the network scheduling of each layer. It begins with the layer emulation and
waits for the layer to complete its execution. Once a layer finishes its process, the
scheduler proceeds to schedule the next layer.
At the beginning of a sample process, the component will reset the layer state and the
classifier. We decided to clear the network state at the beginning of the sample to in-
crease the duration of the wake-up signal for the last emulation step. This prevents
the wake up signal from potentially being set to 1 for only one clock cycle, which op-
erates at 125 MHz, too fast for signal processing.
We can observe a special transition in the Idle state when the i_early_stop signal is
set to 1. We implement an early stop detector mechanism to disable the emulation if
it is not necessary. Because the early stop mechanism is correlated with the classifier
component, we will describe the early stop mechanism in the next section.

Classifier and Early Stop

The classification component is relatively simple. The classifier module will receive
spikes generated by the output layer. The classifier counts these spikes; if the number
of received spikes exceeds a spike gap, the classifier component sets the output signal
at 1.
The spike_flag signal and the output classifier signals are also connected to the early
stop detector. This component determines whether it is necessary to continue net-
work updates or if the update operations can be halted, thereby saving power.
The early stop equation is defined by Equation 6.3. We trigger the early stop under
two conditions. First, if we have already detected a sperm whale (classifier = 1), it is
unnecessary to continue the inference process. The second condition (SpikeCounter+
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Figure 6.9 – FSM representation of the network scheduling. The start_emu signal is triggered by a pulse
generator. Depending on the early stop, the emulation process may not start. In addition
to the network scheduling, the scheduler triggers the reset signals at the beginning of a new
sample process.

TotalStep�1+StepCounter) < SpikeGap is satisfied if there is not enough time to reach
the spike gap to detect a sperm whale. Here, SpikeCounter represents the number of
spikes generated by the output layer. StepCounter determines the number of emula-
tion steps, and the TotalStep parameter represents the number of time steps on the
sample.

EarlyStop = (class = 1)&(SpikeCounter+TotalStep�1�StepCounter) < SpikeGap (6.3)

6.3.2 SOC Simulation Results

In this section, we will present the results of our SOC pipeline implementation at two
different levels of realism. Due to the necessity of additional circuitry to connect the
FPGA and the cochlea chip, we decided to simulate the SOC with two different levels
of realism:

1. Vivado Software Simulation: To validate our design, we ran a Vivado simulation
with a software-based cochlea.

2. Raspberry Pi 5 Emulation: To validate the functional behavior of the imple-
mented circuit, we emulated the cochlea using a Raspberry Pi 5. We connect
the Raspberry Pi GPIOs to the FPGA GPIOs with jumper wires.
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In these experiments, we calculated the accuracy of the model across the entire
dataset. To simulate the cochlea, we read the CSV files generated by the oscilloscope
used to record the output of the cochlea chip. Consequently, we did not have access
to the specific samples sent to the initial network. This approach leads to an overesti-
mation of the accuracy. However, we previously presented the initial accuracy of the
trained models, and we will compare the accuracy across the entire dataset to com-
pare the same results.
First, we will present the two experimental setups, followed by a presentation and
comparison of the results based on the model implementation setup.

Vivado Simulation Experimental Setup

The first experimental setup consists of a software simulation using the Vivado simu-
lation tool. This experiment is limited due to the lack of hardware specification con-
siderations but allows us to validate the main concepts of the different components.
To run the simulation, we developed a VHDL component that simulates the output of
the analog cochlea by reading the CSV files generated by the oscilloscope. The output
of the network is recorded by a VHDL process into a buffer CSV file and is regularly
read by the Python script that runs the simulation.
The Python script that executes the simulation is presented in Algorithm 3. For each
file, the script modifies the input file in the test bench file and then calls a TCL script
to execute the Vivado simulation. Once the simulation is finished, the script will read
the buffer file, update the accuracy, and save the results on NumPy arrays.

Algorithm 3 Vivado Simulation Script: The algorithm reads all dataset files. For each file, the test bench
file is modified, and the simulation is executedwith this file. Once the simulation is finished, the accuracy
and the results array are updated. After all files have been simulated, the output results are saved.
1: for each file f in datasets do
2: test bench modification
3: run simulation
4: update accuracy
5: update y_true and y_pred
6: end for
7: save results

Raspberry Pi 5 Experimental Setup

The Raspberry Pi 5 setup is more complex than the Vivado simulation setup due to its
hardware aspect.
We first designed a cochlea simulator in the Rust programming language to try to
achieve the most precise timing measurements and simulate the cochlea in the most
realistic manner possible. However, because the Raspberry Pi 5 cannot control the
GPIO at 1.25 MHz, the oscilloscope frequency, we increased all time constant by a fac-
tor 100 to meet the timing constraints of the Raspberry Pi GPIOs.
In addition to the time constant, we added an enable signal, which is active at low, to
synchronize the two devices.
Algorithm 4 represents the main steps of the Cochlea simulation on the Raspberry Pi.
The Rust program reads all dataset files and extracts the input samples from the file.
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Then, the Raspberry Pi starts the emulation process by setting the enable signal to low
and sends the output spikes generated by the cochlea to the FPGA. After sending all
the data, the Raspberry Pi reads the spermwhale signal controlled by the FPGA and
sets the FPGA into an idle mode by setting the enable signal to 1.

Algorithm 4 Raspberry Pi Cochlea Simulation Algorithm: The algorithm reads all dataset files. For each
file, the algorithm extracts the sample and provides it to the Cochlea simulator. The cochlea sets the
enable to 0 and transmits the sample data. When the transmission is finished, the cochlea reads the
classification results and updates results variables.
1: for each file f in datasets do
2: enable 1

3: for each sample s in f do
4: Read sample
5: enable 0

6: for each step cs in s do
7: now  Instant :: now()

8: channels cs

9: channels 0

10: while now:elapsed() < WAIT_DURATION do
11: spin_loop()
12: end while
13: end for
14: res spermwhale

15: enable 1

16: end for
17: update accuracy
18: end for
19: save results

A photograph of the final circuit is illustrated in Figure 6.10. The Raspberry Pi, on the
left side of the photo, is connected with jumper wires to the Arty-Z7 20 FPGA on the
right. The colored wires represent the channel connections, the gray wires the control
signals, including the enable and the spermwhale signals, and the black wire represents
the common ground to ensure a shared voltage reference.
To verify the interconnection circuit, we conducted several experiments using models
specifically designed to generate output spikes under certain conditions. An output
spike is generated if at least N + 1 spikes are written to the channel N . For example,
at least 1 spike must be written to the channel 0 to generate an output spike. Us-
ing various architectures, we verified the correct functioning of wiring and hardware
implementation of the components. It was also during these experiments that we de-
termined the number of D latch stages for the spike detector.

Results

In this section, we will present the results from the three following configurations:
1. UART FPGA implementation
2. Vivado Simulation
3. Raspberry Pi Emulation
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Figure 6.10 – Connectionbetween the Raspberry Pi 5, on the left, and theArty-Z7 20, on the right. The col-
ored wires represent the channel interconnections, the gray wires the control signal, specif-
ically the enable and spermwhale signals, and the black wire the common ground.

Table 6.8 summarizes all accuracy for all models across all configurations. All config-
urations achieve similar accuracy, proving the good behavior of the SOC-based archi-
tectures. The only significant drop in accuracy occurs for the QAT_16_1_s1 model
in Vivado Simulation configuration, where the accuracy decreases from 84% and 83%
to 80%. However, we place less importance on this configuration since it is a pure
software simulation without any hardware configurations. This accuracy drop can be
explained by the output record process not being properly tested due to a lack of de-
velopment time.

Table 6.8 – Accuracy comparison in the complete 2-classes ULP Cochlea dataset depends on the model
and configuration. All three configurations achieve similar accuracy, except for the Vivado
configuration of the QAT_16_1_s1, which shows a 4% drop in accuracy.

Configuration UART Vivado Raspberry

QAT_16_128_1_w8_s20 92.75 91.4 92.5

QAT_16_128_1_w7_s20 90.63 89.3 89.8

QAT_16_128_1_s1 91.41 90.00 91.1

QAT_16_1_s1 84.26 80.8 83.1

Table 6.9 references the power consumption for all models in both UART and Rasp-
berry configurations. The Vivado configuration is not shown as it is a pure software

155



6 ULP Cochlea: a ModNEF Application for Bio-Diversity Monitoring

simulation. We can observe a significant reduction in power consumption between
the two implementations. One explanation for this is the elimination of the UART com-
ponent, which saves power by reducing the hardware usage. However, upon closely
examining the power report, the different update processes also contribute to the re-
duction in power reduction.

Table 6.9 – Vectorless power consumption estimation, in mW, depending on the models for UART and
Raspberry configurations. We observe a notable power reduction from 1.19 to 1.27 times bet-
ter for the Raspberry Pi implementations.

Configuration UART Raspberry

QAT_16_128_1_w8_s20 238 199

QAT_16_128_1_w7_s20 195 171

QAT_16_128_1_s1 167 155

QAT_16_1_s1 133 110

Table 6.10 shows a comparison of power consumption by architecture component for
the QAT_16_128_1_w8_s20 model, depending on the implementation configuration.
The power consumption of the input layer, the UART component for the UART con-
figuration, and the accumulator for the Raspberry Pi configuration are equal for both
configurations. However, the power estimation for the hidden layer changes signifi-
cantly. Given that the layer implementation is very similar, the power reduction can
be attributed to the neuron state update mechanism.
We can also demonstrate the impact on power consumption of the early stop mech-
anism. Since the effect of the early stop is highly dependent on execution, we ran
power estimations with and without the early stop with a SAIF file. The Switching
Activity Interchange Format (SAIF) format is an ASCII format that records the toggle
rate of different signals based on a simulation. This switching activity can be used by
the Vivado power estimator to provide a more accurate power consumption by using
more realistic signal activity.
To demonstrate the positive impact of the early stop detector, we conducted simu-
lations using the QAT_16_128_1_w8_s20 and QAT_16_128_1_w7_s20 models, which
both utilize the early stop detector. We simulated these architectures with a reduced
dataset with 20 samples from the False class and 20 samples from the True class, re-
sulting in a simulation duration of 400 ms.

Table 6.10 – Vectorless power estimation, in mW, comparison between the UART and the Raspberry con-
figuration for the QAT_16_128_1_w8_s20model. The input layer consumption, represented
by the UART module of the accumulator depending on the configuration, does not change.
However, we can observe a significant drop in power consumption for the hidden layer. The
reports do not provide further details about the other architecture components.

Module UART Raspberry

Input Layer (UART/Accumulator) 5 5

Hidden Layer 122 83
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Table 6.11 – Power consumption, in mW, of both models using the early stop detector with and without
the implementation of the early stop mechanism. We can observe a significant drop for
the QAT_16_128_1_w8_s20model from 230 to 199. The effect of the early stop mechanism
appears less significant for the QAT_16_128_1_w7_s20model, with a reduction of only 6mW.

Early Stop Yes No

QAT_16_128_1_w8_s20 199 230

QAT_16_128_1_w7_s20 172 178

Table 6.11 references the power estimation, in mW, of both models with and with-
out the early stop mechanism. Depending on the model, the impact of this mech-
anism varies, but the early stop tends to reduce the power consumption overall. For
the QAT_16_128_1_w8_s20, the decrease is more pronounced with a 13% reduction,
compared to the QAT_16_128_1_w7_s20model, which shows only a 3% reduction in
power consumption. This difference can be explained by the sparsity of the output
layers. The output layer of the first model is likely more active than that of the sec-
ond model. The conditions of the early detector need to be further validated for the
QAT_16_128_1_w7_s20 model. Additionally, this lower reduction can be attributed
to the lower accuracy of the model, resulting in a lower validation frequency of the
first condition, classifier = 1.
Through these experiments, particularly with the Raspberry Pi implementation, we
have demonstrated the behavior of our FPGA architecture and models for an embed-
ded SOC integration. Depending on the model selected, the power performance and
the accuracy will vary, and further discussions are necessary to determine the best
model.
To achieve lower power consumption, we can utilize a smaller FPGA chip that is more
dedicated for SOC integration than our Arty-Z7 20, such as the CMOD A7 35t FPGA
[37]. It is also important to note that the SOC integration was not demonstrated with
a direct connection between the sensor and the FPGA. Therefore, additional experi-
ments are necessary to fully demonstrate the SOC integration.

6.4 Multi Classes Dataset

In the two previous sections, we presented results on the 2-classes ULP Cochlea
dataset. Another dataset createdwith the analog cochlea is a 10-classes dataset based
on the Watkins Marine Mammal Sound Dataset [190, 160, 191]. This dataset is com-
posed of approximately 9,500 samples split into 7,600 samples in the training set and
1,900 samples in the test set.
We trained two different models to run the classification task. The first model is a
simple FF-FC model with a 16-128-10 network topology. Since the input data consists
of sound, we also developed a recurrent network topology with the 16-128R-10R con-
figuration. Due to a lack of time, the models’ parameters and topologies were not
fine-tuned, and we used the FPT training method over 75 epochs to simplify the net-
work training.
Table 6.12 shows the accuracies of both models depending on the inference methods.
First, the impact of quantization is not significant for either model. We can observe
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a drop in accuracy for the recurrent model between the software (full precision and
PTQ simulation) and the FPGA inference, which can be explained by the quantization.
Another notable observation is the lower performance of the recurrent model com-
pared to the forward model. Our hypothesis is that the recurrent model was not suf-
ficiently fine-tuned to achieve better accuracy. Additional experiments are therefore
necessary to confirm this hypothesis.

Table 6.12 – Accuracy results for both trained models with the 10-classes ULP Cochlea dataset, depend-
ing on the inference method. The recurrent model achieves lower accuracy than the FF-FC
model, and a significant drop in accuracy can be observed for this model. The impact of
quantization is not significant in these networks.

Evaluation Method FF-FC Model Rec Model

Full Precision 88.57 86.80

PTQ Simulation 88.20 86.91

FPGA 88.09 83.08

Figures 6.11 and 6.12 represent the confusion matrices of the FF-FC model and the re-
current model, respectively. In both models, we can observe that the models failed
to detect class 1, which represents the False Killer Whale. This can be explained by
the very low number of samples in the dataset, with only 7 samples in the training set
and 2 samples in the test set. For the recurrent model, the classification of class 5, the
Long-Fined Pilot Whale, is particularly poor, further decreasing the final accuracy.
Table 6.13 summarizes the inference time and the energy consumption of both mod-
els on different hardware targets. As for the previous experiments, the lowest energy
consumptions are achieved for the FPGA inference. A notable observation is the same
inference time on FPGA for both models. This can be explained by the spike trans-
mission between the UART component and the hidden layer component, which is a
time-intensive operation.

Table 6.13 – Inference time and energy consumption of both models for the 10-classes ULP Cochlea clas-
sification task, depending on hardware target. For both models, the FPGA inference appears
as the fastest and achieves the lowest energy consumption. The inference time on FPGA
for both models is equal, indicating that the spike transmission between the UART module
and the hidden layer is the most time-intensive operation. However, due to recurrent weight
memories, the power consumption of the recurrent model is higher than the FF-FC, resulting
in a higher energy consumption.

Model FF-FC Model Recurrent Model

Target CPU GPU FPGA CPU GPU FPGA

Inference Speed (ms) 0.48 0.70 0.094 0.61 0.80 0.094

Energy Consumption (mJ) 24.58 25.40 0.023 31.31 29.29 0.028

The difference in terms of energy consumption between both models can be ex-
plained by examining Table 6.14. The power consumption of the recurrent model is
higher than that of the FF-FC model. This increase in power consumption can be
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Figure 6.11 – Confusion Matrix of the FPGA infer-
ence for the FF-FC model for the 10-
classes ULP Cochlea dataset classifica-
tion task. The class 1, which repre-
sents the False Killer Whale species,
is always confused with the Melon
Headed Whale. This confusion signifi-
cantly degrades the final accuracy.
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Figure 6.12 – Confusion Matrix of the FPGA infer-
ence for the recurrent model for the
10-classes ULP Cochlea dataset clas-
sification task. Class 1, which repre-
sents the False Killer Whale species, is
not recognized at all and is confused
with the Clymene Dolphin (class 4)
and the False Killer Whale (class 6).
Additionally, the Long-Finned Pilot
Whale is correctly classified with only
54% accuracy. These two species de-
grade the final model’s accuracy.

mostly attributed to the increase of BRAMconsumption, while other resources achieve
similar levels of occupation. This overconsumption of memory is due to the memory
required to store the recurrent synaptic weights.
We demonstrated the capability ofModNEF to run inference for biodiversity classifica-
tion tasks using a more complex spiking dataset. Currently, the best model, in terms
of accuracy and energy consumption, is the FF-FC model, which achieves higher ac-
curacy and lower power consumption than the recurrent model. However, we have
also identified several limitations of the dataset, particularly for the False Killer Whale
(class 1), which degrades the accuracy due to a low number of samples in both training
and test sets. Additional experiments are necessary to optimize the dataset and the
models to achieve better accuracy.
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Table 6.14 – Hardware metrics for both models for the 10-classes ULP Cochlea dataset. The recurrent
model consumes more power than the FF-FC model. This increase can be explained by the
additional BRAMusage, which is necessary to store the additional recurrent synaptic weights.

Metrics FF-FC Model Rec Model

Dynamic Power (mW) 144 184

Static Power (mW) 109 111

BRAM (KBits) 576 ; 252 (16.43%) 1152 ; 252 (27.86%)

FF 3596 ; 344 (3.70%) 2599 ; 344 (2.77%)

LUT 14995 ; 508 (29.14%) 11385 ; 510 (22.36%)

LUTRAM 0 ; 96 (0.55%) 0 ; 96 (0.55%)

DSP 0 ; 0 (0.00%) 00 ; 0 (0.00%)

6.5 Conclusion

In this chapter, we present the ULP Cochlea project. The interdisciplinary project in-
volves collaboration among electronic researchers, computer scientists, and biologists
to monitor the sperm whale population on the Mediterranean Sea. The main goal of
this project is to deploy ultra-low-power SOC with an analog neuromorphic cochlea
that will convert the environmental sounds into spikes, which will then be processed
by an SNN. As an intermediate step, due to challenges in developing an analog SNN
chip, we have decided to use a digital neuromorphic chip, in particular an FPGA, as a
wake-up engine. This digital chip will activate a more power-hungry processor when
necessary.
To achieve this task, we developed two different datasets: a 2-classes dataset and a
10-classes dataset, both converted into spikes using the analog cochlea chip. However,
because the 10-classes dataset was developed too recently, we focused our work on
the 2-classes dataset.
Based on an initial network and dataset exploration conducted by our colleague Maz-
dack Fatahi, we developed five different models using the ModNEF framework. Be-
cause the model trained by the FPT algorithm was too sensitive to quantization, we
focused our work on QAT-basedmodels. We demonstrated the viability of these mod-
els with classical FPGA implementation. However, these implementation methods are
relatively artificial compared to a SOC integration due to the data reception.
To prove the viability ModNEF for the project, we developed specific architecture for
SOC integration. We validated the SOC architecture using software Vivado Simulation
to confirm the functional behavior of our architecture. To validate our architecture in
a more realistic manner, we emulated the output of the cochlea using a Raspberry Pi 5.
We connected the Raspberry Pi GPIOs and the FPGA GPIOs to emulate the electrical
SOC circuit. With both configurations, we achieved comparable accuracy but with a
lower power consumption, thanks to the update process and the early stop mecha-
nism.
We also trained models with the 10-classes dataset. Although we achieved good accu-
racy and power consumption, additional experiments are necessary to improve mod-
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els performances.
We demonstrated the capability of ModNEF to be implemented on embedded SOC
for complex classification tasks for biodiversity monitoring. Additional experiments
are necessary for the SOC integration and for the 10-classes dataset models.
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In this thesis, we have presentedModular Neuromorphic Emulator for FPGA (ModNEF),
an open-source modular FPGA architecture for SNN deployment for embedded low-
power classification tasks. The primary motivation behind the development of this
tool has been the lack of open-access FPGA architecture proposed by researchers,
which compelled us to develop a new architecture and offer it as an open-source so-
lution. As an open-source project, ModNEF is designed to be highly flexible, enabling
users to deploy awide variety of network topologies with different neuronmodels and
emulation algorithms. In addition to this deployment flexibility, ModNEF provides a
high level of control over the hardware implementation, offering various neuron mod-
els, emulation strategies, andmodule parameters, eachwith different impacts on hard-
ware implementation and power consumption.
In Chapter 2, we have presented a comprehensive state-of-the-art on SNN hardware
implementation, with a particular focus on FPGA implementations. Through this study,
we have identified three major challenges:
— The implementation of complex mathematical operations in neuron models,

learning rules, or synapse models, such as exponential operation.
— The limited hardware resources highly limit the network implementation, both in

terms of the number of neurons due to limited computational resources and in
terms of the number of parameters by the limited amount of memory.

— The event-driven computing scheme appears as the most energy-efficient com-
puting scheme, but its implementation on FPGA remains challenging. The clock-
driven strategy appears as the simplest solution for FPGA integration, even if it
degrades power performances.

To address these challenges and meet our motivations, we have presented ModNEF
in Chapter 3. ModNEF is based on the interconnection of independent modules that
communicate using a common protocol. Due to this modular architecture, ModNEF
offers various numbers of neuron models and emulation strategies and can support
the integration of newmechanisms, such as new neuronmodels or learning algorithms.
In addition to the FPGA architecture, ModNEF provides a Python framework that al-
lows users to train and deploy a ModNEFmodel on FPGAwithout requiring knowledge
of hardware design. According to Table 3.1, our work appears as a competitive emula-
tor with a high level of configurability.
In Chapter 4, we have demonstrated the capability of ModNEF to perform classifica-
tion tasks for several well-known datasets, such as MNIST, used as proof of concept,
N-MNIST, SHD, and DVS Gesture datasets. We have also presented the identified limi-
tations ofModNEF, which primarily consist of hardware constraints of the target FPGA,
and proposed solutions to mitigate these limitations. The choice of emulation strat-
egy and the reduction of encoding synaptic weight bitwidth appear to be effective
solutions to minimize the impact of the models on hardware implementations. How-
ever, reducing the precision of synaptic weights leads to a decrease in classification
performances.
The impact of quantization has been thoroughly investigated in Chapter 5. Twomajor
quantization schemes exist for quantifying synaptic weights: Post-Training Quantiza-
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tion (PTQ), where the quantization function is applied after the training phase, and the
Quantization Aware Training (QAT), where the quantization is considered during the
training phase. PTQ appears to be a simple solution for model quantization. However,
depending on the target bitwidth, the neuron model, and the quantization algorithm,
the impact on accuracy can be significant, with a high drop accuracy. QAT training can
minimize the negative impact of quantization, but the training phase can bemore chal-
lenging with a more sensitive loss and sometimes model degeneration during training.
Nevertheless, QAT appears to be a good solution to achieve high accuracy, similar
to full-precision training, while remaining a low synaptic resolution, leading to lower
power consumption.
After presenting and studyingModNEF architecture and behavior, we present an appli-
cation for embedded classification tasks within the ULPCochlea ANR Project. The ULP
Cochlea project aims to develop a SOC neuromorphic system to monitor the sperm
whale population on the Mediterranean Sea. An analog cochlea has been developed
by the IEMN research team, which can convert input audio signals to a spiking repre-
sentation. ModNEF has been chosen as the initial solution for spike processing due
to its availability and can be used as a wake-up engine to detect sperm whales and
activate a more powerful processor for more complex processing. We trained several
models, each with different accuracy and energy consumption, and integrated these
models on an architecture compatible with SOC integration, maintaining similar accu-
racy to UART-based FPGA deployment.
Considering the four last chapters of the thesis, we can conclude that ModNEF ad-
dresses our initial motivations:
— Flexible: We have demonstrated that ModNEF can implement various network

topologies with feed-forward or recurrent SNN. Because ModNEF modules are
independent, we can implement heterogeneous networks with different neuron
models.

— Accessible: The ModNEF framework offers a user-friendly implementation of
ModNEF-based models from training to FPGA deployment, without requiring
knowledge of FPGA.

— Upgradable: Due to its modular architecture, ModNEF appears to be highly flex-
ible. As we shown in Chapters 4 and 6, new modules can be integrated, as long
as the common communication protocol is implemented, into the hardware ar-
chitecture and on the software framework thanks to base classes.

7.1 Future Work

The current version of ModNEF demonstrates its capabilities, yet there remain several
areas where it can be further improved.
In Chapter 4, we have identified the data transmission as a bottleneck, which signifi-
cantly reduces the inference latency. Therefore, in the short term, we plan to enhance
the communication protocol for transmitting spikes from the computer to the FPGA.
The currentUART communicationprotocol is a good starting point but remains limited
by its low baud rate. To improve the communication protocol, we will integrate Mod-
NEF architecture with the Zynq processor implemented on several FPGAs, thereby
gaining access to Ethernet ports or SD card ports to enhance data transmission.
According to Table 3.1, we have identified three major areas for improvement for long-
term work.
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First, we plan to implement the Event-Driven computing scheme, updating the neuron
state only when an incoming event is detected. Unlike the Clock-Driven computing
scheme, which regularly updates the neuron state even in the absence of input data,
the event-driven architecture updates neuron states only when new informationmust
be processed. This leads to a reduction of the number of operations, resulting in a
lower power consumption [68, 211, 47, 2]. As we explained in Section 2.3.1, a major
limitation of this method is the need to solve differential equations of the neuron
models, resulting in a more complex mathematical model. Moreover, the processing
of network spikes can increase the power consumption of the architecture [114]. To
address these challenges, several works propose a hybrid approach with an adaptive
computing scheme depending on the number of spikes [114, 108]. Our solution is to
determine the computing scheme at a module level based on software estimation.
A module that receives a number of spikes above a certain threshold will adopt the
clock-driven computing scheme. In contrast, if a module receives a low number of
spikes, the event-driven computing scheme can be used to save power consumption
by not activating the module at each emulation step. This approach differs from the
two previously cited works [114, 108], which change the computing scheme at a global
level.
The second identified limitation of ModNEF is the lack of online and on-chip learning
rules. The research community focuses their efforts on local learning rules such as de-
lay learning [91], dendrite learning [201, 204], but most works focus on STDP [55, 108,
201]. The major challenge in implementing STDP is the exponential function, a cost-
intensive operation in FPGA. Some works propose to use the CORDIC algorithm to
simplify the exponential function [74, 167] while others use LUTs with pre-calculated
values [115, 108, 172]. The implementation of the exponential function is a common
challenge with the previously described point, as event-driven neuron models also re-
quire it. To reduce the hardware cost of the exponential function, it is possible to
time-multiplex the hardware circuit to update multiple synaptic weights within a sin-
gle hardware circuit. Further research should be conducted to determine whether
STDP is a viable learning rule for FPGA implementation while other learning rules can
be more efficient.
The third improvement for ModNEF, according to Table 3.1 support for convolutional
networks represents a potential future improvement. Most FPGA emulators focus on
FF-FC and Recurrent network topologies, thanks to their implementation simplicity.
However, convolutional network topologies have proven efficient for image [4, 90]
and DVS data classification [9, 110, 177]. The implementation of convolution kernels
remains a significant challenge. Some works propose parallelizing the convolution op-
eration to achieve low latency [33], while DeepFire2 [13] proposes configuring the level
of parallelism to achieve the best trade-off between hardware cost and execution la-
tency. Implementing convolution in ModNEF appears promising to enhance both flex-
ibility and completeness of the architecture.
Finally, a limitation of our work is the lack of direct comparison with other neuromor-
phic hardware platforms. While we evaluated ModNEF against traditional CPUs and
GPUs, such comparisons are inherently biased due to the fundamental architectural
differences between vonNeumann systems and event-driven neuromorphic hardware.
Future work should prioritize benchmarking ModNEF against FPGA-based SNN emu-
lators (e.g., Spiker+ [29]) and dedicated neuromorphic chips (e.g., SpiNNaker [143] or
Xylo [21]).
Additionally, comparing SNNs and ANNs on similar architectures would provide in-
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sights into their relative strengths for low-power embedded AI. However, it is critical
to note that SNNs are ultimately designed for analog ormixed-signal implementations
[126, 175], which promise orders-of-magnitude improvements in power efficiency com-
pared to digital-only solutions.
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https://gitlab.univ-lille.fr/bioinsp/modneftheseresult, and the models
trained for the ULP Cochlea project are available on http://gitlab.univ-lille.
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FPGA-BasedNeuromorphic Architecture for SpikingNeural Network Emulation byAu-
rélie Saulquin
Abstract
Artificial Intelligence (AI), and particularly Artificial Neural Networks (ANNs) have become cen-
tral to modern computing with remarkable performances for complex task resolution. Their
integration on embedded systems establishes the Artificial Intelligence of Things (AIoT).
Therefore, ANN integration on such systems raises major challenges due to model complex-
ity. While some researchers propose to offload processing to the cloud, others propose new
hardware architectures or compression algorithms for in-edge computing. Another alternative
approach, neuromorphic computing, consists of drawing inspiration from the brain by using
Spiking Neural Networks (SNNs) to treat spiking information.
Although promising, neuromorphic chips are limited and poorly reconfigurable, making FPGAs
an interesting target for research. In this context, we developed ModNEF, an open-source
modular FPGA architecture for SNN inference through the interconnection of independent
modules, offering high implementation flexibility. We validated our architecture on standard
neuromorphic datasets and on a use case for spermwhale detection in theMediterranean Sea,
demonstrating its capacity to perform classification tasks for embedded applications.
Keywords : Neuromorphic accelerator, Spiking Neural Networks, Artificial Intelligence, Embed-
ded Artificial Intelligence, Embedded Systems, Edge Computing, Parallel Architecture, Digital
Architecture, Neuromorphic Architecture, FPGA

Résumé
L’intelligence artificielle, et plus particulièrement les Réseaux de Neurones Artificiels (ANNs)
ont pris une place centrale dans l’informatiquemoderne avec des performances remarquables
pour la résolution de tâches complexes. Leur intégration dans des systèmes embarqués a
donné naissance à l’Intelligence Artificielle des Objets (AIoT).
Cependant, l’intégration d’ANN dans ces systèmes présente des défis majeurs liés à leur com-
plexité. Une solution est de traiter les données dans le cloud, mais de nouvelles architectures
matérielles ou des méthodes de compression permettent de garder le calcul en périphérie.
Une approche alternative, le calcul neuromorphique, consiste à s’inspirer du cerveau en utili-
sant des réseaux de neurones impulsionnels (SNNs) pour traiter l’information sous forme d’im-
pulsion.
Bien que prometteuses, les puces neuromorphiques sont souvent limitées et peu reconfigu-
rables, plaçant les FPGA comme des plateformes privilégiées pour la recherche. C’est dans ce
contexte que nous avons développé ModNEF, une architecture modulaire libre sur FPGA per-
mettant l’inférence de SNN complexes via l’interconnexion demodules indépendants, offrant
ainsi une grande flexibilité d’implémentation. Nous avons validé notre architecture sur des jeux
de données neuromorphiques standards ainsi que sur une étude de cas sur la détection de ca-
chalots en mer Méditerranée, démontrant sa capacité à réaliser des tâches de classification
pour des applications embarquées.
Mots Clés : Accélérateur Neuromorphique, Réseaux de Neurones Impulsionnels, Intelligence Ar-
tificielle, Intelligence Artificielle Embarquée, Systèmes Embarqués, Calcule en Prériphérie, Archi-
tecture Parallèle, Architecture Numérique, Architecture Neuromorphique, FPGA
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