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Summary

This thesis investigates neuromorphic computing from multiple perspectives,
including bio-inspired algorithms, specialized hardwareaccelerators, optimization
techniques, and continual learning strategies. By drawinginspiration from bio-
logical processes, this research aims to enhance the e�ciency of Arti�cial Intel-
ligence (AI) in edge computing, facilitating the development of autonomous and
real-time intelligent systems. AI has already revolutionized various industries, in-
cluding healthcare, autonomous systems, manufacturing, space exploration, and
sustainable energy, by leveraging large datasets, patternrecognition, and intelli-
gent decision-making. However, the increasing complexity of AI models presents
signi�cant computational challenges, particularly in terms of energy e�ciency and
real-time processing. Traditional AI systems primarily rely on cloud computing,
which, despite its computational power, introduces latency and privacy concerns,
making it unsuitable for real-time and security-sensitiveapplications. Edge AI ad-
dresses these limitations by enabling local execution on resource-constrained devices
such as IoT sensors, embedded systems, and autonomous machines. Nonetheless,
deploying AI at the edge is constrained by limited power, memory, and computa-
tional capacity, necessitating innovative solutions to improve e�ciency. To optimize
AI for edge applications, several techniques have been developed. Among these,
neuromorphic computing o�ers one of the most promising approaches by mimick-
ing the brain's event-driven processing and distributed memory mechanisms. This
biologically inspired paradigm enables highly e�cient AI models that operate with
minimal energy consumption. The contributions of this thesis to neuromorphic en-
gineering and Spiking Neural Network (SNN) research span multiple areas. A pri-
mary focus is the development of specialized hardware accelerators to enhance SNN
execution. This includes a high-level Python framework designed to simplify the de-
sign, training, and deployment of Field Programmable Gate Array (FPGA)-based
SNNs, making these technologies more accessible to researchers without extensive
hardware expertise. Additionally, this work explores automatic optimization tech-
niques for SNN architectures, leveraging multi-objective optimization strategies to
balance accuracy, power e�ciency, and latency. Another key aspect is continual
learning in SNNs, allowing models to dynamically adapt and re�ne their knowledge
as they process new data, thereby replicating the 
exibility of biological learning.
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Furthermore, this research investigates emerging technologies and analog circuits to
signi�cantly reduce power consumption in healthcare applications. By integrating
biological inspiration with computational e�ciency, this work advances the �eld of
edge AI through neuromorphic principles, hardware acceleration, and optimization
techniques. The ultimate goal is to enable the development of more energy-e�cient,
adaptive, and autonomous AI systems, providing scalable solutions to real-world
challenges in intelligent computing.
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Chapter 1

Thesis goals and scope

During my Ph.D., my research has focused on neuromorphic computing, analyz-
ing the �eld from multiple perspectives. This thesis o�ers an in-depth exploration
of various aspects of neuromorphic computing, covering a broad range of topics,
including bio-inspired algorithms, specialized hardwareaccelerators, optimization
techniques, and continual learning strategies.

Through this work, I aim to demonstrate how biologically inspired computation
can enhance e�ciency in edge Arti�cial Intelligence (AI) applications, addressing
the critical need for intelligent systems capable of operating autonomously and in
real-time. By providing insights into the design and implementation of bio-inspired
technologies, I hope to equip future researchers with the knowledge and tools nec-
essary to e�ectively build and utilize these innovations, fostering advancements in
the �elds of AI and Neuromorphic Computing.

This Ph.D. thesis adheres to the Findability, Accessibility,Interoperability, and
Reusability (FAIR) principles by making the developed code publicly available,
ensuring that the research is transparent, reproducible, and accessible to the scien-
ti�c community. You can �nd the links to all the open source repos related to this
research in chapter 9.

1.1 The Role of Arti�cial Intelligence

AI is revolutionizing numerous industries, unlocking capabilities that were once
unimaginable [1]. Its ability to process vast amounts of data, recognize patterns,
and make intelligent decisions is driving innovation across a wide range of emerging
�elds. In healthcare [2], AI is enabling personalized medicine [3], where algorithms
analyze genetic data to tailor treatments to individual patients, as well as AI-
assisted diagnostics [4], where Deep Learning (DL) models detect diseases from
medical images with accuracy comparable to human experts [5]. In autonomous
systems, AI is at the core of technologies such as self-driving cars [6], drones [7],
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and industrial robots [8]. In the case of self-driving cars,AI algorithms process data
from sensors to map and understand the environment [9], makedriving decisions
[10], and ensure passenger safety. Similarly, drones powered by AI are being used in
industries like agriculture [11], logistics, and environmental monitoring, perform-
ing tasks like surveillance, delivery [12], and infrastructure inspection with high
precision and minimal human oversight [13]. In manufacturing, AI is transforming
industrial robots by enabling them to work autonomously on tasks like assembly,
welding, and packaging [14]. In space exploration, AI-powered rovers and satellites
can autonomously analyze planetary surfaces, detect anomalies, and make decisions
without human intervention [15]. Furthermore, AI is transforming sustainable en-
ergy, where intelligent algorithms optimize smart grids, predict energy demand,
and enhance battery storage e�ciency [16]. As AI continues to evolve, its impact
on these emerging �elds is expected to grow, driving breakthroughs in technology
and rede�ning the future of innovation.

1.2 The need for local AI at the edge

When comparing state-of-the-art AI Deep Neural Networks (DNNs), such as
Convolutional Neural Network (CNN) [17] or transformers [18], with the brain in
terms of power consumption and computational e�ciency, AI still lags by orders
of magnitude [1]. While originally inspired by neural processes, modern AI models
have evolved into highly sophisticated mathematical frameworks, typically opti-
mized for speci�c tasks. And as their complexity grows, so does their demand for
immense computational power [19].

Similarly to what happened whith more conventional digitalservices, early AI
research was constrained by limited computational resources and often relied on
centralized mainframes. The DL revolution of the 2010s [20], fueled by massive
datasets and Graphic Processing Unit (GPU) acceleration, reinforced the domi-
nance of cloud-based AI, where large-scale models could be trained and deployed
e�ciently in powerful data centers. However, just as in conventional computing,
AI is now shifting toward the edge [21]. Driven by the need for real-time infer-
ence, privacy-focused applications, and energy-e�cient processing, AI models are
increasingly being deployed directly on embedded devices such as smartphones and
Internet of Things (IoT) sensors.

In many applications, local execution at the edge is not onlydesirable but essen-
tial, primarily due to the non-deterministic latency associated with internet-based
communication. For instance, an autonomous vehicle must continuously recognize
obstacles, detect pedestrians, and navigate through a dynamic environment where
other humans and vehicles behave unpredictably [22]. If there is a delay in trans-
mitting information between the car and a remote server, theconsequences could
be severe, including potentially fatal accidents. A similar challenge arises in space
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(a) Cloud computing approach (b) Edge computing approach

Figure 1.1: Comparison between a cloud computing paradigm (1.1a) and an edge
computing approach (1.1b). In the cloud-based model, all devices transmit data
over the internet to a centralized and powerful mainframe that carries out tasks such
as inference using the Arti�cial Neural Network (ANN) model, subsequently sending
the results back to the devices. Conversely, the edge computing model integrates
an onboard electronic unit within each device to perform inference locally. This
decentralized approach mitigates issues such as unpredictable latency, excessive
power consumption, bandwidth overload, and concerns related to data security
and privacy.

exploration: a planetary rover operating on a far distant planet cannot rely on real-
time human guidance due to the signi�cant communication delay. It must process
sensor data locally and make autonomous decisions to avoid hazards. Wearable de-
vices capable of real-time health monitoring|such as continuous glucose monitors
for diabetes patients or Electrocardiography (ECG) sensors for detecting irregu-
lar heartbeats|must process data locally to immediately alert the user or medical
personnel in case of an emergency [3]. Any delay caused by sending data to the
cloud for processing could result in life-threatening consequences.

Security and privacy concerns also drive the need for edge AI [23]. Many applica-
tions involve processing sensitive data, such as facial recognition for authentication,
biometric monitoring, or surveillance systems. If this data is transmitted to a re-
mote cloud server, it could be intercepted, misused, or subjected to unauthorized
access. By processing information locally, edge AI enhancesprivacy and reduces
the risk of data breaches.
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Despite its advantages, running AI models at the edge presents signi�cant chal-
lenges. Unlike cloud servers, which bene�t from virtually unlimited computational
power, storage, and energy resources, edge devices are inherently constrained.
Smartphones, IoT sensors, embedded systems, and autonomous robots must oper-
ate within strict limits on power consumption, memory, and processing capability.
These constraints make it di�cult to deploy large, compute-intensive DL models
on edge devices. Furthermore, edge devices often have limited cooling and must
balance AI processing with other system tasks. Finally, AI models are inherently
data-driven, requiring extensive training before deployment.

As a result, AI generally follows a hybrid paradigm where training remains
predominantly cloud-based, while inference is increasingly performed at the edge.

1.3 Deploying AI at the edge: taking inspiration
from the brain

(a) ANN pruning (b) ANN quantization

�� �� �����
��� ��

(c) Bio-inspired models

Figure 1.2: Methods to reduce computing, area and energy requirements of a ANN

To address these challenges, various techniques have been developed to optimize
AI models, particularly ANNs, for edge deployment. Early research on optimal
brain damage [24] revealed that many weights in a neural network contribute min-
imally to its �nal accuracy and can be removed without signi�cant performance
degradation. Model pruning (Figure 1.2a) builds on this concept by eliminating re-
dundant or less signi�cant parameters, thereby reducing both model size and com-
putational complexity. Similarly, quantization (Figure 1.2b) replaces high-precision

oating-point arithmetic (e.g., 32-bit) with lower-preci sion representations (e.g., 8-
bit or even 4-bit integer operations), signi�cantly decreasing memory usage and
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computational cost while maintaining accuracy [25].
Fields like TinyML [26] and Frugal AI [27] leverages these techniques, along with

other architectural optimizations, to develop ultra-low-power AI models capable of
running on microcontrollers with minimal resources. Additionally, techniques such
as knowledge distillation [28] enable a smaller and more e�cient student model to
learn from a largerteachermodel, achieving comparable accuracy with signi�cantly
reduced complexity.

These and many other approaches are gaining increasing interest within the
research community to try to bring all the adavantage of AI on resource-constrained
edge devices.

However, the most compelling inspiration for achieving e�cient computation
comes from nature itself: the brain. Over millions of years,evolution has �ne-
tuned biological computation to maximize survival while minimizing energy use.
Neuromorphic computing [29] seeks to replicate this biological approach to compu-
tation (Figure 1.2c) , striving to achieve similar levels of e�ciency [30].

The main focus of this thesis is this last approach, with a particular emphasis
on Spiking Neural Networks (SNNs).

1.4 Research contributions

This thesis explores the �eld of Neuromorphic Engineering and SNNs from dif-
ferent perspectives.

From a computational standpoint, our brain operates di�erently from the clas-
sical Von Neumann architecture [31] used in conventional computing systems. The
brain consists of numerous small computational units, the neurons, interconnected
in highly complex patterns and processing information concurrently. Moreover,
memory in the brain is distributed throughout the system, primarily stored within
synapses that connect neurons, according to current understanding. In contrast,
a Von Neumann machine relies on one or a few highly powerful computing units,
known as Central Processing Units (CPUs), with a centralized memory from which
both instructions and data are retrieved.The �rst part of this thesis will focus on
the design of specialized hardware processors, tailored toe�ciently execute SNN
models. chapter 3 presents the core of my Ph.D. research, which focused on cre-
ating a high-level Python framework to design, train, and deploy hardware SNNs.
The core technology explored in this phase is the Field Programmable Gate Array
(FPGA), a versatile platform that enables the creation of 
exible, recon�gurable
devices capable of targeting di�erent applications. The goal is to provide a tool
that allows users to create their own SNN implementations on an FPGA without
requiring �eld-speci�c advanced skills. However, the vast number of con�guration
options available for such systems presents a challenge. As asecond step, chap-
ter 4 investigates the application of automatic optimization techniques to search
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for the most e�cient architecture. This multi-objective optimization takes into
account both model performance metrics, such as accuracy, and hardware-speci�c
parameters, such as area, latency, and power consumption. It enables users to
specify target problems and acceptable parameter ranges for the model, allowing
for the automatic tailoring of the SNN. Together with chapter 3, this approach
aims to provide tools for automatically generating hardware-e�cient architectures
for SNNs.

As mentioned earlier, the brain has the remarkable ability toevolve and improve
itself through experience. Similarly, training ANNs and SNNs typically occurs on
high-performance centralized computers, and once deployed, the network remains
�xed, primarily used for inference. However, akin to the brain's capability, many
applications require the network to continue learning fromnew incoming data,
allowing it to specialize or adapt to recognize previously unseen information. This
concept is the focus of chapter 5, which delves into the �eld of continual learning [32]
applied to SNNs. Supervised learning techniques are adapted and applied to SNNs,
exploring methods to enable networks to learn from new data without forgetting
previously learned information. A particular emphasis is placed on minimizing the
computational and memory requirements necessary for continual learning, ensuring
that SNNs can evolve in real-time while maintaining previously acquired knowledge.
This chapter aims to provide solutions for enhancing the learning capabilities of
SNNs, making them more adaptable to dynamic environments, justas the biological
brain does.

Finally, while the approach outlined so far leverages maturetechnology with
well-established advantages, such as FPGAs, it remains distant from the real behav-
ior of biological brains. The next step involves moving beyond simply optimizing the
execution of mathematical models of biological primitivesand instead transitioning
to a computational substrate closer to the biological target. This is the fundamen-
tal concept of neuromorphic engineering [29]. The aim is to shift computations to
the analog domain [33], despite the inherent challenges of analog computing|such
as noise, production mismatches causing variability, and other constraints akin to
those observed in the brain, which is inherently an analog computer. chapter 6
explores the development of computational primitives using transistors operating
in the sub-threshold regime as the target technology. This approach signi�cantly
reduces power consumption, bringing it closer to biological levels, albeit at the
cost of lower robustness. Designing such systems requires addressing the same
limitations that biological evolution has confronted. Theultimate objective is to
understand how nature has successfully adapted to these constraints and to trans-
late these insights into hardware design, even though we arestill far from achieving
the complexity and e�ciency of biological computation.
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Chapter 2

Background

2.1 An historical perspective: drawing inspira-
tion from the human brain

The evolution of our understanding of biological neurons and their mathematical
modeling is marked by transformative breakthroughs over the centuries [34]. In the
18th century, Luigi Galvani and Lucia Galeazzi Galvani discovered that muscle
contractions are triggered by electrical impulses rather than 
uid movements [35],
challenging the then-prevailingballoonist theory [36]. Their work introduced the
idea of animal electricity. During the 19th century, Carlo Matteucci, starting from
the Galvani's work, demonstrated that nervous cells produce direct current [37],
setting the stage for Emil Du Bois-Reymond's discovery of action potentials [38] and
Hermann von Helmholtz's measurements of their propagation speed [39]. Initially,
proponents like Joseph von Gerlach and Camillo Golgi supported the reticular
theory, which viewed the nervous system as a continuous network [40]. However,
Santiago Ram�on y Cajal, using Golgi's staining method, showed that neurons are
discrete cells [41], a �nding later cemented by Heinrich Wilhelm von Waldeyer-
Hartz, who introduced the term neuron in 1891 [42]. Julius Bernstein further
contributed by developing the membrane theory of electrical potentials, bridging
neuroscience with biophysics [43].

The modern understanding of neural excitability took a giant leap with Alan
Hodgkin and Andrew Huxley's work on the giant squid axon [44]. Their mathe-
matical model, based on di�erential equations, described how voltage-gated sodium
(Na+ ) and potassium (K + ) channels govern the generation and propagation of ac-
tion potentials. This model not only provided critical insights into neuronal be-
havior but also laid the groundwork for computational neuroscience. Building on
these discoveries, the mid-20th century witnessed signi�cant strides in understand-
ing neural networks. Early models by McCulloch and Pitts (1943) demonstrated
that neurons could perform logical operations [45], while Donald Hebb's (1949)
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principles of synaptic plasticity became foundational [46]. Research by Hubel and
Wiesel in 1962 revealed the visual cortex's role in edge detection [47], and David
Marr's work between 1969 and 1982 o�ered theories on memory,vision, and motor
control [48]. These studies led to the development of spiking neuron models, such
as the Leaky Integrate and Fire (LIF) model [49], and later, other simpli�ed yet
e�ective models like FitzHugh-Nagumo [50] and Izhikevich [51], which balanced
computational e�ciency with biological realism. Together, these models enabled
large-scale simulations of neural networks, deepening theinterplay between neuro-
science and AI. In the 1980s, Carver Mead pioneered Neuromorphic Engineering,
aiming to build electronic circuits that mimic the brain's processing [29]. His in-
novations in sub-threshold Complementary Metal Oxide Semiconductor (CMOS)
circuits and analog Very Large Scale Integration (VLSI) for sensory processing
introduced event-driven computation, echoing the spike-based communication of
neurons. Today, neuromorphic computing has reached new heights with proces-
sors designed to implement SNNs directly in hardware. Recently, major technology
companies have shown increasing interest in this �eld. Examples include Interna-
tional Business Machines (IBM) Corporation's TrueNorth [52], Intel Loihi [53] and
platforms like Heidelberg University's BrainScaleS [54] andManchester University's
SpiNNaker [55], which enable ultra-fast, massively parallelbrain simulations.

2.2 A computational perspective: spikes process-
ing

Throughout evolution, biological systems have been shapedby the need for ef-
�cient, robust, and low-energy information processing. One of the most striking
outcomes of this optimization is the use of spikes, discrete, all-or-nothing electrical
impulses, as the fundamental unit of communication in neural networks [56]. Unlike
continuous signals, which su�er from attenuation over distance and are susceptible
to noise, spikes are propagated actively and reliably across long axons without loss
of information. This biological form of digitization ensures that neural signals re-
main distinguishable, even in complex and dynamic environments, much like how
digital communication systems maintain signal integrity over noisy channels [57].
However, the true computational power of spiking neurons does not lie in isolated
spikes but in the precise timing and patterns of spike sequences. The brain does
not simply encode information in the rate of �ring but also inthe relative timing of
spikes between neurons. This temporal coding mechanism allows neural networks
to process information with high e�ciency, enabling rapid decision-making, sensory
processing, and complex pattern recognition. Sequences ofspikes act as dynamic
signals that can represent temporal correlations in data, store information in re-
current loops, and even perform computations similar to digital logic circuits. For
example, in sensory systems, time-to-�rst-spike encodingallows neurons to rapidly
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detect changes in stimuli, optimizing reaction speed whileminimizing energy use.
By leveraging these spike-based representations, biological neurons achieve an

optimal balance between computational power and metaboliccost. Inspired by
these principles, SNNs [58] seek to replicate the e�ciency of biological compu-
tation. Unlike traditional ANN, which rely on continuous activations and dense
matrix operations, SNNs process information asynchronouslythrough spike timing
and event-driven updates [59]. This allows neuromorphic systems to achieve signif-
icant power savings while maintaining computational expressiveness, making them
ideal for edge computing and low-power applications. In both natural and arti�-
cial intelligence, spike-based computation represents a fundamental shift towards
energy-e�cient, noise-resilient, and highly dynamic information processing.

2.3 Approximating neural computation: the birth
of mathematical neuron models

In the early stages of AI, the focus was on developing mathematical models
that could approximate the fundamental functions of biological neurons, without
the complexity of spike-based communication. Numerous studies conducted over
the decades on these simpli�ed models laid the foundation for much of today's
knowledge in AI. Many of these early concepts were later adapted to SNNs, mak-
ing it worthwhile to brie
y revisit them. Pioneers such as Warren McCulloch and
Walter Pitts proposed a simple mathematical model of neurons, conceptualizing
them as binary units capable of processing information [45]. The McCulloch-Pitts
(MCP) neuron represents an idealized binary threshold unit, and while it can clas-
sify linearly separable problems, it cannot handle non-linear decision boundaries
or more complex issues without a learning mechanism. This limitation restricts its
practical application in real-world problems. In 1958, Frank Rosenblatt introduced
the perceptron, designed for binary classi�cation tasks [60]. It was celebrated as
a breakthrough in Machine Learning (ML): the perceptron cansolve linearly sep-
arable problems where data can be divided by a single hyperplane. It uses the
perceptron learning rule to iteratively adjust its weightsuntil convergence, forming
the foundation for modern ANNs.

From a mathematical perspective, the perceptron, and most neuron models de-
rived from it, comprises two fundamental steps, as shown in Figure 2.1: integration
and a non-linear function, called the activation function.The integration step is
where the arti�cial neuron aggregates its inputs, calculating a weighted sum to
represent the total signal received. This linear operationacts as a feature extrac-
tion mechanism, combining multiple input signals into a single value. Following
integration, the neuron applies a nonlinear activation function, denoted asf (S), to
the summed input. This step is crucial for two main reasons reasons:
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Figure 2.1: Arti�cial neuron model

1. It allows the network to approximate non-linear functions, which is neces-
sary for solving complex problems, such as image recognition and language
modeling.

2. It prevents the entire network from collapsing into a single linear transforma-
tion, thereby maintaining the e�ectiveness of deeper layers.

Common non-linear activation functions include:

ˆ Recti�ed Linear Unit (ReLU) [61]: used in CNNs and deep networks,enabling
sparsity and mitigating the vanishing gradient problem.

ˆ Sigmoid: used in older networks and for generating probability-like outputs,
such as in binary classi�cation.

ˆ Tanh: similar to the sigmoid but centered around zero, promoting balanced
gradients.

2.4 From Neurons to Networks: The Universal
Approximation Theorem

Despite an arti�cial neuron's ability to solve non-linear problems, its compu-
tational power is limited. A single neuron can only handle a small amount of
information due to its simple architecture, which preventsit from processing com-
plex, high-dimensional data and capturing intricate patterns across a broad range
of tasks. By combining neurons into networks, they can operate in parallel, process-
ing large datasets, performing distributed computations,and capturing hierarchical
patterns. A pivotal concept in ANNs theory is the Universal Approximation Theo-
rem (UAT) [62], which asserts that a Feed-Forward Neural Network (FFNN) with
a single hidden layer, su�cient neurons, and a non-linear activation function can
approximate any continuous function on a closed, bounded subset of real numbers
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to an arbitrary degree of accuracy, provided enough neuronsare used. This means
that even a relatively simple network can theoretically model a wide variety of be-
haviors and patterns. As previously noted, the activation functions in the hidden
layers must be non-linear to enable the network to model complex functions. No-
tably, the UAT holds true even with just one hidden layer, though a large number
of neurons may be needed. However, while the UAT ensures that a Neural Network
(NN) can approximate any continuous function, it does not address the e�ciency
of such an approximation|such as the optimal number of neurons or the training
time required. In practice, deeper networks with multiple layers and specialized ar-
chitectures, like convolutional layers for image processing, are often employed [63].
These architectures can learn hierarchical features and generalize more e�ectively
than shallow networks.

2.5 Networks of spiking neurons
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Figure 2.2: Spiking neuron model

Having established the foundational theory of ANNs computation, attention can
now be directed back to SNNs [58]. From a mathematical standpoint, spikes are
often treated as all-or-nothing events. This approach allows them to be represented
as binary values, ignoring the shape of the spikes themselves. While this remains a
debated topic in the research community, it is widely accepted as the standard the-
ory and provides a useful starting point for bridging the computational frameworks
of ANNs with the brain's computing paradigm.

Similar to classical neuron models, spiking neurons rely ontwo fundamental
operations: input integration and a non-linear response. However, unlike the mod-
els discussed in section 2.3, the non-linearity in spiking neurons is replaced by a
biologically inspired membrane model, as shown in Figure 2.2

Representing information in binary form brings about two primary e�ects: �rst,
the integration step is simpli�ed; in this model, weightinginputs becomes a binary
multiplication, where the synaptic weight is considered only when a spike is present
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(multiplied by 1), and disregarded when no spike occurs (multiplied by 0). The
second advantage is a shift in complexity from space to time:rather than using
high-precision multi-bit numbers to encode information, the sequence of spikes
itself carries the information. The timing and order of the spikes become the
crucial element. As a result, SNNs are particularly well-suited for processing data
with inherent temporal information. To further emphasize temporal correlations,
recurrent architectures can be employed.

(a) FF-FC SNN (b) FC-R SNN (c) RC-R SNN

Figure 2.3: Typical architectures of an SNN. Reproduced from Carpegna et al.
2024 [64], licensed under CC-BY.

Figures 2.3a, 2.3b, and 2.3c illustrate three potential SNN architectures. Fig-
ure 2.3a displays a Feed-Forward Fully-Connected (FF-FC) architecture, capable
of modeling intricate relationships between inputs and outputs. Figure 2.3b intro-
duces recurrent connections between neurons within the same layer. These recur-
rent links enhance the temporal aspect of SNNs, enabling neurons to modify their
outputs based on previous states, which improves the network's ability to compre-
hend context and predict future events based on prior sequences. Figure 2.3c shows
a randomly connected structure, commonly used in reservoircomputing and simi-
lar applications. This approach relies on random connections to capture dynamic
temporal patterns, which can be particularly powerful in certain types of learning
tasks.

2.6 Overview of mathematical models of spiking
neurons

Over the past decades, numerous computational neuron models have emerged,
derived from electrical conductance measurements and mathematical formulations.
The Hodgkin-Huxley (H-H) model [44], based on squid giant axon experiments,
o�ers a detailed description of neuronal dynamics using four coupled di�erential
equations. It models the membrane potential in terms of ion channel conductances,
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which are regulated by voltage-dependent gating variables. Despite its biological
realism, the H-H model's computational complexity has driven the development
of simpler alternatives. The FitzHugh-Nagumo model [50] simpli�es this further,
reducing the system to two equations: one for membrane potential and another for
a slow recovery variable, capturing excitability dynamicswith cubic nonlinearities.
The LIF model, �rst proposed by Louis Lapicque in 1907 [65], models neuronal
activity with a single �rst-order di�erential equation. Th e LIF model treats the
membrane as an electrical circuit with a capacitor and resistor, producing an expo-
nential decay response to an input current. When the potential reaches a threshold,
it resets, mimicking the spiking behavior of real neurons ina computationally ef-
�cient way. The Adaptive Exponential Integrate-and-Fire (AdExIF) model [66],
introduced by Brette and Gerstner in 2005, enhances the LIF model by incorpo-
rating an exponential term for spike generation, allowing for a smoother and more
biologically realistic spike onset. Additionally, it includes a second equation for
adaptation currents, which accumulate with each spike and reduce �ring probabil-
ity, reproducing behaviors such as spike-frequency adaptation and bursting. Several
other LIF-based models o�er further re�nements while maintaining computational
e�ciency [67]. The Quadratic Integrate and Fire (QIF) model smooths spike initi-
ation with a quadratic membrane potential function, bridging the LIF model and
more complex models. The Exponential Integrate and Fire (EIF)model, a pre-
cursor to AdExIF, replaces the LIF's hard threshold with an exponential voltage-
dependent activation term, improving spike onset realism.The Conductance-Based
LIF model introduces synaptic conductance dynamics, making it more suitable for
network simulations. The Resonator Integrate and Fire (RIF) model extends the
LIF framework by adding subthreshold oscillations, capturing resonant behaviors
seen in certain cortical and thalamic neurons. The Generalized Leaky Integrate
and Fire (GLIF) framework [49] systematically extends the LIFmodel by incorpo-
rating the above mentioned biological features, such as spike-triggered adaptation,
voltage-dependent thresholds, and nonlinear dynamics. The GLIF hierarchy ranges
from GLIF1, which behaves like the basic LIF model, to GLIF5, which introduces
non-linear membrane properties for more accurate subthreshold dynamics and spike
generation. These models have become essential for neuromorphic computing and
large-scale brain simulations, such as those conducted by the Allen Institute for
Brain Science. Finally, to balance computational e�ciency with biological realism,
Izhikevich's model [51] combines a QIF system with an adaptive recovery variable.
With just two equations, it replicates a wide range of spikingbehaviors, including
regular spiking, fast spiking, bursting, and resonant dynamics.

These models form the foundation of large-scale neural simulations and neuro-
morphic computing, each o�ering varying trade-o�s betweenbiological plausibility
and computational e�ciency.
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Figure 2.4: In the syn model, synapses exhibit a dynamic response characterized
by a decay parameter� , which governs how incoming spikes are weighted and
how the synaptic current decays over time in the absence of stimulation. The
resulting synaptic currents are then integrated by the membrane potential, which
itself follows a second dynamic governed by a time constant� . In the lif model, the
temporal dynamics of the synapses are disregarded; each synapse simply scales the
input spike by a �xed weight, and only the membrane exhibits leaky integration.
Finally, in the simplest if model, even the membrane's decay is omitted: input
spikes are accumulated over time without any leak or temporal dynamics.

2.7 The Leaky Integrate and Fire model

Among the many available neuron models, the LIF model stands out as an opti-
mal balance between complexity and e�ciency, particularlywhen the goal is not to
strictly mimic biological neurons. In practical applications such as pattern recog-
nition, data classi�cation, and function approximation, common tasks for ANNs,
LIF models are well-suited to capture temporal dependencies and integrate input
information e�ectively. Their simplicity also makes them computationally e�cient,
allowing them to be executed with limited processing power or on specialized hard-
ware.

A LIF neuron is a recurrent neuron, meaning its output dependsnot only on the
current inputs but also on its previous state, which is represented by the membrane
potential. In biological neurons, the membrane selectively allows certain ions to
pass, creating a charge di�erence between the input and output of the cell, which
gives rise to the membrane potential. Physically, the membrane can be modeled as
a capacitor-resistor pair: the capacitor accumulates charge in response to an input
current, and if no input is present, it gradually dischargesthrough the resistor,
returning to the resting potential. For biological cells, this resting potential is
typically around
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Vrest = � 70mV (2.1)

However, for simplicity, this thesis sets the resting potential at 0V for all com-
putations, which streamlines the calculations without a�ecting the model's math-
ematical properties.

The LIF model discussed in this thesis represents a family ofneuron models
with varying levels of simpli�cation.

Equation 2.2 introduces the discrete-time formulation of aSynaptic Conductance-
based II-order LIF model [66], which is the most comprehensive model explored in
this work, and will be calledsyn model along the thesis.

Operating in discrete time enables the iterative solution of the di�erential equa-
tions governing the temporal evolution of the membrane potential ( Vm ). In this
model, input spikes (sin ) are integrated by synapses with conductance weights (W),
in
uencing the membrane potential based on the input's signi�cance (W � sin ). The
integrated spikes form the synaptic current (I syn ), which undergoes capacitive dis-
charge (� � I syn , with 0 < � < 1). The membrane integrates this current, resulting
in increased or decreased potential based on the current sign. The current sign is
in
uenced by the excitatory or inhibitory nature of the input spikes, impacting the
neuron's �ring probability. This e�ect can be positive or negative. The capacitive
component (� ) discharges the membrane toward a resting state in the absence of
stimuli ( � � Vm , with 0 <� < 1). Lastly, the reset parameter (r ) models the reset
process, as explained later in this section.

(
I syn [n] = � � I syn [n � 1] + W � sin [n]

Vm [n] = ( � � Vm [n � 1] + I syn [n � 1]) � r
(2.2)

An action potential, represented by a separate variablesout , occurs when the
membrane voltage (Vm ) surpasses a threshold value (Vth ). This dual-variable ap-
proach (membrane and action potential), simpli�es the description by treating the
spike as a binary variable. Equation 2.3 illustrates the relationship between the
output spike and membrane potentialVm .

sout [n] =

(
1; if Vm > V th

0; if Vm � Vth
(2.3)

Finally, to model the complete discharge of the membrane whenthe neuron
�res, a reset term is used (r in Equation 2.2). There are di�erent alternatives to
applying the reset: ahard-reset, shown in Equation 2.4, in which the membrane is
instantly brought to zero when a spike is generated, and asubtractive-reset, detailed
in Equation 2.5. In the latter, the threshold value is subtracted by the membrane
potential.
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r = 1 � sout [n � 1] (2.4)

r = 1 �
Vth

� � Vm [n � 1] + I syn [n � 1]
(2.5)

The LIF model, being a family of models, allows for various simpli�cations to
derive di�erent LIF descriptions. For instance, setting� = 0 transforms the II-order
model in Equation 2.2 into a I-order LIF, where input spikes directly in
uence the
membrane potential. This will be calledlif along the thesis. Additionally, with
� = 1, a basic Integrate and Fire (IF) model is obtained, maintaining a constant
membrane value without input spikes. This will be referenced to as if model in the
next chapters.

These di�erent models serve diverse tasks. The II-order LIFexcels in handling
input sequences with high temporal information content, capturing longer correla-
tions in precise spike sequences. On the other hand, I-OrderLIF and IF models are
simpler and preferred for processing static data convertedinto spikes, e.g., images.
Working solely with LIF o�ers six distinct models: II- and I-order LIF, and IF, each
with a hard or subtractive reset. These models, combined with the architectures in
section 2.5, address various classi�cation and regressionproblems, making them a
robust basis for solving ML tasks with SNNs. In the next chapters the presence of
recurrent connections between neurons will be identi�ed with a prepended r (rsyn,
rlif , rif ).

2.8 Encoding information into sequences of spikes

A critical consideration when working with SNNs is that they communicate in
a distinct manner compared to most other digital systems, sensors, storage, and
computing platforms. Speci�cally, SNNs process and interpret sequences of binary
spikes, providing their outputs in the same spike-based format [68]. In contrast,
data are typically sampled, recorded, and stored in numerical forms. Consequently,
for SNNs to interact with systems that do not natively generatespikes, they require
an encoding step to convert numerical data into spike sequences. Various encoding
techniques have been developed to achieve this transformation [69].

One of the most widely adopted methods is rate coding, which translates the
intensity of an input signal into the instantaneous �ring rate of a spike train. In
biology, this approach is commonly seen in tactile sensing,where increased pres-
sure corresponds to higher spike rates [70]. These spike sequences generally follow
a Poisson distribution [71], meaning there is a stochastic component to the spike
timing, but the average �ring rate correlates with the input intensity. Rate en-
coding is particularly useful for training SNNs on static data, such as images, by
approximating the continuous input values using spike trains. Although SNNs are
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inherently recurrent and well-suited for temporal data, rate coding extends their
usability to static applications, making it a versatile method. Rate coding will be
employed throughout this thesis for benchmarking purposes.

A more e�cient but less robust method involves encoding the input data in the
precise timing of individual spikes [72]. This is exempli�ed by time-to-�rst-spike
encoding [73], where higher input values correspond to earlier spike timings. This
approach signi�cantly reduces the number of spikes compared to rate encoding, as
it encodes information with a single spike. However, it is more sensitive to noise;
if the spike is delayed, lost, or shifted in time, the encodedinformation can be
entirely corrupted. As such, while this method is e�cient, it is prone to errors in
noisy environments, where temporal precision is di�cult tomaintain.

Several additional techniques exist for encoding temporaldata into spike se-
quences, exploiting the intrinsic properties of SNNs [74]. These methods include
sigma-delta converters, adaptive delta modulation, simple thresholding of temporal
sequences, and trainable encoding. In trainable encoding,input data are used as
an input current to a set of neurons, whose spiking activity then encodes the data.
The encoding process itself can be optimized during training, allowing the network
to learn the best way to represent the data with spikes.

Finally, encoding can also occur at the population level [75]. In population
coding, multiple neurons are activated concurrently to represent a speci�c pattern
or situation. For example, in a navigation task, if a stimulus originates from the
right, a speci�c population of neurons may �re, triggering acorresponding turn in
that direction. Conversely, if the stimulus comes from the left, a di�erent population
may respond, causing the system to steer accordingly. This method allows SNNs
to e�ciently represent complex patterns by leveraging the collective activity of
multiple neurons.

While encoding is not the primary focus of this thesis, as it warrants its own
dedicated line of research, several of the aforementioned encoding methods will be
utilized to benchmark and evaluate the solutions developedwithin this work.

2.9 Training

The real power of ANNs and SNNs lies in their ability to be automatically
optimized to perform a speci�c task, an ability that mirrors the learning process in
biological brains. This process, known in the realm of AI as training, is a crucial
step in making SNNs work. Although a full treatment of training methods would
require a dedicated discussion, the following text provides an overview of the key
concepts.

Historically [34], the idea that learning occurs through changes in neural con-
nections has its roots in the work of early researchers such as Alexander Bain [76]
and William James [77]. Their ideas were later formalized by Donald Hebb [46],
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who proposed that repeated neural activity strengthens thesynaptic connections
between neurons, a concept famously summarized by Carla Shatz as \cells that �re
together wire together." [78] These early insights laid thegroundwork for under-
standing how synaptic modi�cations can encode memory. Subsequent contributions
by researchers like Jerzy Konorski introduced the concept ofinhibitory connections
[79], and the development of the Bienenstock{Cooper{Munro(BCM) learning rule
[80] in 1970 added the important notion of frequency-dependent synaptic modi�ca-
tions, including Long Term Potentiation (LTP) and Long Term Depression (LTD).
More recently, experiments by Henry Markram in 1995 providedevidence for the
role of precise spike timing in synaptic plasticity [81], leading to the formulation
of Spike-Timing-Dependent Plasticity (STDP). Despite these groundbreaking �nd-
ings, biologically inspired learning methods have not achieved the same level of
performance as traditional supervised techniques in engineered systems.

In contrast, supervised learning has become the dominant paradigm for train-
ing ANNs, largely due to the e�ectiveness of the backpropagation algorithm [82].
Backpropagation, popularized by the work of Rumelhart, Hinton, and Williams
in 1986, uses the chain rule of di�erentiation to propagate errors from the output
layer back through the network, allowing for e�cient weight adjustments. This
method has proven remarkably successful and remains a cornerstone of modern NN
training. For sequential data, the technique of Back-Propagation Through Time
(BPTT) was developed [83]. BPTT works by unrolling a recurrent network over
multiple time steps and applying backpropagation over thisextended network struc-
ture, thereby enabling the training of models that capture temporal dependencies.
Despite challenges such as vanishing and exploding gradients, advances like Long
Short Term Memory (LSTM) [83] networks and Gated Recurrent Units (GRU) [84]
have enhanced the ability of recurrent networks to learn long-term dependencies.

When it comes to training SNNs, the task becomes more challenging due to
the inherent non-di�erentiability of the spike function. One common strategy is
the so-called ANN-to-SNN method. In this approach, an ANN with an architec-
ture identical to that of the target SNN is �rst trained using standard supervised
methods, and the learned weights are then transferred to theSNN. Although this
conversion enables the use of highly e�ective supervised techniques, it is often ac-
companied by a reduction in accuracy due to the di�erences between continuous
activations in ANNs and the discrete spiking behavior in SNNs.

A more direct approach to training SNNs involves replacing thenon-di�erentiable
spike function with a di�erentiable surrogate function during the backward pass
[85]. This substitution allows the use of BPTT directly on the SNN, e�ectively
bridging the gap between the spike-based operation of the network and the gradient-
based optimization used in supervised learning. Common surrogate functions in-
clude smoothed versions of the step function, such as sigmoid variants and hy-
perbolic tangent functions, which approximate the gradient well enough to allow
e�ective training. As illustrated in Figure 2.5, these surrogate gradients are used
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Figure 2.5: Example of unrolling of the network in BPTT (left), with surrogate
gradient function for the spiking activation (right).

to update the network's weights during the backward pass, thereby enabling the
supervised training of SNNs.

Since the focus of this thesis is on the practical applications of SNNs, super-
vised methods, and in particular BPTT with Surrogate Gradient (SG), are the
primary emphasis. This approach leverages the mature and powerful optimization
techniques developed for ANNs while adapting them to the uniquerequirements of
spike-based computation. As a result, despite the challenges presented by the non-
di�erentiability of spikes, supervised training remains the most e�ective method for
optimizing the performance of SNNs in practical applications.

Moreover, several frameworks support supervised trainingof SNNs. This thesis
primarily employs snnTorch [86], an open-source library built on PyTorch, which
facilitates e�cient training and accelerates computations using GPU.
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Chapter 3

Spiker+: a framework for the
generation of e�cient Spiking
Neural Networks FPGA
accelerators for inference at the
edge

Adapted, with permission, from Alessio Carpegna; Alessandro Savino; Stefano
Di Carlo, "Spiker+: a framework for the generation of e�cient Spiking Neural
Networks FPGA accelerators for inference at the edge," in IEEE Transactions on
Emerging Topics in Computing, 2024, doi: 10.1109/TETC.2024.3511676. Licensed
under CC-BY.

3.1 Why accelerating Spiking Neural Networks

One of the main challenges in neuromorphic computing is the limited under-
standing of how biological substrates perform the complex computations underly-
ing neural network function. While ongoing research continues to uncover these
mechanisms, the past 70 years have seen remarkable progressin computational
models using non-biological substrates, particularly silicon. As a practical start-
ing point, leveraging conventional silicon-based technologies provides an e�ective
approach to implementing brain-inspired computation. Theterm neuromorphic en-
gineering originally referred to analog silicon circuits designed to mimic biological
processes. Over time, its de�nition has expanded to includedigital implementa-
tions [86]. In this thesis, neuromorphic encompasses brain-inspired algorithms and
architectures that enable e�cient computation within constrained power budgets.
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Neuromorphic principles can be explored at various levels, with digital electronics
being the most mature and widely adopted. However, the brain's computational
model di�ers signi�cantly from the Von Neumann architecture that underpins tra-
ditional microprocessor-based systems. While conventional architectures rely on
a few powerful processing cores with separate memory units,the brain consists
of numerous small, parallel computing units, the neurons, with localized memory
[87]. To replicate this e�ciency, specialized hardware accelerators are essential [88].
General-purpose accelerators such as GPUs and Tensor Processing Units (TPUs)
have been widely used for DL tasks. However, accurately emulating biological com-
putation requires considering the brain's dynamic nature,where neurons commu-
nicate through asynchronous, all-or-nothing spike events, as discussed in previous
chapters. Conventional GPUs are not optimized for accelerating SNNs, making ded-
icated neuromorphic hardware a necessity. The choice of hardware generally falls
into two categories: �xed or reprogrammable. Fixed hardware, such as Application-
Speci�c Integrated Circuits (ASICs), provides optimal performance but comes with
high development costs and long design cycles. In contrast,reprogrammable solu-
tions, such as FPGAs, o�er greater 
exibility at the expense ofsome performance
trade-o�s. Many embedded systems already incorporate FPGAs,making them a
practical choice for embedded and edge neuromorphic applications.

3.2 Spiker+ overview

The 
exibility of specialized hardware design poses a challenge, with applica-
tions often requiring diverse network architectures, encoding methods, and neuron
models. While awaiting the maturity of SNN accelerators basedon emerging tech-
nologies, existing literature proposes various digital hardware solutions (refer to sec-
tion 3.3). Unfortunately, these solutions often constrain network topology to circuit
architecture, limiting exploration of the broader design space, whether considering
ASICs or FPGAs. We propose an alternative strategy, optimizingthe network ar-
chitecture for speci�c needs and leveraging FPGAs for deploying custom hardware
blocks. This approach enables e�cient and low-power SNN inference engines at the
edge, supporting real-time data processing. FPGAs provide high parallelism and
recon�gurability, making them ideal for accelerating neural network computations
with minimal latency.

To support this, this chapter presents Spiker+, a complete framework for gen-
erating e�cient low-power and low-area customized SNN accelerators on FPGAs
for inference at the edge. Spiker+ introduces several pivotal contributions. At its
core, it provides a fully con�gurable multi-layer hardwarearchitecture implement-
ing both fully connected and recurrent SNNs. This architecture is a signi�cant
step from the preliminary Spiker model, initially presented in [89]. It introduces
a library of highly e�cient architectures delving into a range of approximation
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techniques to implement remarkably low-area and low-powerneurons, thus opti-
mizing resource utilization while maintaining high performance. Notably, Spiker+
brings a complete design framework to the forefront, a comprehensive toolkit for
developing complex SNNs accelerators. This framework empowers researchers and
developers to describe target network architectures with great 
exibility, enabling
the speci�cation of layers, neuron types, and input encoding techniques using a few
lines of Python code. Integrating sophisticated o�-line server-based training algo-
rithms like BPTT [85] ensures the network has cutting-edge learning capabilities.
Additionally, Spiker+ emphasizes the signi�cance of optimizing networks through
quantization techniques, reducing complexity while judiciously balancing approxi-
mation and accuracy. Finally, the framework seamlessly generates a VHDL model of
the accelerator, primed for deployment on Xilinx— FPGA boards. These contribu-
tions make Spiker+ a robust solution in the hardware-accelerated SNN landscape.
Spiker+ has been tested on the well-known MNIST dataset [61] and compared to
state-of-the-art SNN accelerators for FPGAs, demonstrating superior performance.
Moreover, two accelerators for the Spiking Heidelberg Dataset (SHD) [90] and Au-
dioMNIST [91] have been generated and evaluated to illustrate the framework's

exibility when handling di�erent problems. The primary ai m of Spiker+ is to of-
fer an Electronic Design Automation (EDA) framework that simpli�es the design of
SNN accelerators for FPGA, addressing a gap that is still underrepresented in the
literature. The tool does not include features for searching optimal architectures or
optimizing hyper-parameters. However, it seamlessly integrates with existing tools
such as SpikExplorer [92], able to �nd an optimal network con�guration, which can
then be used by Spiker+ to generate the corresponding hardware accelerator.

The rest of the chapter is organized as follows: section 3.3 reviews relevant
literature on accelerating SNNs. section 3.4 describes the Spiker+ architecture, with
all the design choices that it involves, and section 3.5 introduces the framework able
to con�gure, design, and generate custom hardware accelerators. Finally, section 3.6
presents the results obtained by applying the designed accelerators on the MNIST,
SHD, and AudioMNIST, and section 3.7 concludes the chapter.

3.3 Neuromorphic accelerators: related work

In the past, SNNs were primarily implemented using software frameworks like
Brian/Brian2 [93]. However, their unique features, including high parallelism, tem-
poral evolution, and event-driven computation, are ill-suited for dominant Von-
Neumann CPU architectures with one or a few powerful computational units. Un-
fortunately, Single Instruction Multiple Data (SIMD) architectures, such as GPUs
and TPUs, optimized for standard ANNs workloads, are also not well-equipped for
e�ciently processing event-driven information across multiple timesteps [94]. Fur-
thermore, the binary spike encoding of SNNs does not align withthe typical 64,
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32, or 16-bit numeric representations of these SIMD architectures. Therefore, ded-
icated neuromorphic hardware is crucial for ensuring the widespread adoption of
SNNs. Figure 3.1 provides an overview of state-of-the-art accelerators for SNNs, of-
fering a general perspective rather than an exhaustive listof solutions. For detailed
information, refer to [95][96].
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Figure 3.1: Landscape of neuromorphic hardware. Reproducedfrom Carpegna et
al. 2024 [64], licensed under CC-BY.

Contributions in this domain span various design dimensions, including application-
driven solutions focused on speci�c applications and thoseaimed at modeling bi-
ological neuron dynamics. However, this chapter primarily emphasizes the hard-
ware technology dimension. The research e�ort is divided between analog solutions
based on emerging technologies and e�cient digital implementations [96]. In the
digital realm, presented solutions di�er on the target platform (ASIC or FPGA)
and accelerator size, tailored for either large-scale systems or small applications.

Examining large network models, the SpiNNaker system developed at Manch-
ester University is implemented using standard 32-bit ARM M4FCPUs simulating
neuron activity. It optimizes spike routing between units [97]. Promisingly, major
computer companies invest in developing their neuromorphic accelerators, such as
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Intel Loihi [53] and IBM True-North [52]. These acceleratorsprovide additional
optimizations using specialized hardware to execute the neuron model. Another
solution, Tianjic [98] from the University of Beijing, aims to implement a hybrid
SNN/ANN model, bene�ting from both domains.

An alternative design approach is recognizing that real biological neural net-
works function as analog physical systems. Emulating theire�ciency involves using
hardware components that approximate biological elements. Chips like Dynap-se2
[99] by SynSense, a spino� of the Institute of Neuro-Informatics (INI) in Switzer-
land, exemplify this concept. Neurogrid [100] from StanfordUniversity and the
European project BrainscaleS [54] focus on faithfully simulating portions of a bio-
logical brain. Due to their complexity, these systems have programming tools for
automatic SNN con�guration. Tools like Rockpool [101] by SynSense and Nengo
[102] facilitate automatic con�guration and accelerationof SNNs on neuromorphic
hardware based on Python model descriptions.

While these accelerators suit large-scale neuromorphic systems with good pro-
grammability, applications like the IoT, wearable devices, and biomedical sensors
demand small sizes, computation robustness, and low power consumption. In such
cases, designing specialized digital hardware accelerators to execute speci�c tasks,
such as classi�cation or regression, e�ciently becomes a viable solution.

To pursue this direction, the �rst option is designing a compact, programmable
ASIC supporting various architectures and models. The focusis on digital solutions
for networks ranging from hundreds to a few thousand neurons. A preliminary com-
parison with non-spiking hardware accelerators, dedicated to e�cient convolution
execution in CNNs, is discussed in [103], highlighting the energy e�ciency of SNNs.
These accelerators often use the Address Event Representation (AER) protocol for
compatibility with neuromorphic sensors. An example is found in [104], devel-
oped at Zhejiang University. Charlotte Frenkel's work at theUniversity of Delft
and Eidgen•ossische Technische Hochschule (ETH) Zurich introduces three chips
| MorphIC [105], ODIN [106], and ReckOn [107] | exploring onl ine learning on
small, low-power, and e�cient accelerators.

The �nal digital accelerator option, central to this chapter, involves developing
a specialized FPGA-based accelerator, o�ering advantages like cost reduction and
increased 
exibility by bypassing tape-out design needs. Many IoT edge systems
now integrate FPGAs for task acceleration, potentially expanding the application
of neuromorphic processors. An early example is the event-driven Minitaur [108],
and subsequent alternatives feature diverse update policies, neuron models, archi-
tectural choices, and network sizes [109, 110, 111, 112, 113, 114, 115, 116, 117,
118, 89]. Another key advantage of using an FPGA is its intrinsic recon�gura-
bility. It allows hardware reprogramming to modify the network architecture or
neuron model, tailoring the accelerator to speci�c application requirements. How-
ever, existing accelerators still need to exploit this characteristic e�ciently. The
�rst example of FPGA-oriented Design Space Exploration (DSE) is found in [119],
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focusing on the best encoding technique for input data translation into spike se-
quences. Conversely,E 3NE [120] provides a block library to con�gure networks
for speci�c applications, optimizing data movement and hardware utilization, with
a dedicated section for input encoding.

In this scenario, there is still a lack of a comprehensive framework that con-
ceals the internal details of the architecture, enabling the user to operate at higher
abstraction levels. For instance, a Python description of the model could be auto-
matically translated into custom blocks. Spiker+ moves in this direction, trying to
address this challenge.

3.4 Spiker+ architecture

This section presents the Spiker+ hardware architecture, which serves as the
central component of the Spiker+ SNN hardware acceleration framework. The
architecture is introduced top-down, beginning with the high-level network model
and then delving into the neurons and input/output interfaces.

3.4.1 Network architecture

The SNN architecture presented here builds upon the initial Spiker architecture
introduced in [89]. While our earlier work provided a proof ofconcept tailored
for inference on the MNIST dataset [61], derived from the SNN model by Diehl
and Cook [121], Spiker+ focuses on a generic and fully con�gurable architecture
adaptable to various problems.

Figure 3.2 depicts the high-level architecture of a toy example of a three-layer
FF-FC architecture used to introduce the three hierarchical levels of Control Units
(CUs) that characterize Spiker+: (i) the network CU, responsible for synchronizing
the various components within the network; (ii) thelayer CUs, orchestrating the
update of the neurons of a layer based on a set of input spikes;(iii) the neuron
CU : the accelerator core controlling the update of the membrane potential in each
neuron. This organization represents a highly optimized architecture in terms of
performance and space utilization.

Block communication is based on a simple two-signal (start / ready) handshake
protocol to ensure high modularity while minimizing designcomplexity. When a
block (i.e., a neuron or a layer) is ready to work, it noti�es the corresponding CU
through the ready signal and awaits a newstart signal to begin the computation.
Consequently, if two blocks need synchronization, combining the two ready signals
with an ANDgate ensures that the CU waits for both before initiating a new com-
putation. This protocol is also employed at the interface with the external world.
Such an approach maintains modularity in the design and paves the way for various
architectural solutions.
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Figure 3.2: Spiker+ example of FF-FC architecture. The exampleincludes three
layers with di�erent numbers of neurons and depicts all the architecture's main
control blocks. Reproduced from Carpegna et al. 2024 [64], licensed under CC-BY.

3.4.2 Network CU: global synchronization

The primary function of the Network CU is to coordinate the temporal evolution
of the neurons of the di�erent layers during an inference. As previously mentioned,
in an SNN, information is encoded as trains of spikes (i.e., sequences of bits) received
on every input. Each train is characterized by a given duration (i.e., the number of
transmitted bits) denoted asN cycles . Thus, the network performs inference by
evolving overN cycles temporal steps to analyze the temporal patterns.

The Network CU reported in Figure 3.3a receives astart signal when a new
inference must be initiated. It then manages an iterative process. At every iteration,
it awaits the ready signal from all Layer CUs composing the network to ensure
all layers are prepared to work (i.e.,L1 : : : Ln ready). The Network CU also
synchronizes with the input/output interface to ensure that data are available and
results are correctly delivered (i.e.,IN/OUT ready). Subsequently, it asserts a set
of start signals, enabling all connected blocks to perform a computation step.
At the same time, the internal counter (CNT) increases to track the computation
length. Upon reaching the desired cycle count (N cycles ), the loop concludes, and
the ready signal is asserted to indicate the end of the inference process.

3.4.3 Layer CU: deliver spikes to neurons

In a fully connected multi-layer SNN as the one proposed in Figure 3.2, a parallel
update of each layer involves three dimensions: (i) the number of neurons, (ii) the
number of inputs processed by each neuron, and (iii) the temporal dimension of
each input, representing the number of cycles.

The last dimension is inherently sequential and cannot be parallelized, as it
depends on the temporal evolution of the inputs. This dimension is managed by
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Figure 3.3: Internal architecture of the Network and Layer CUs.Reproduced from
Carpegna et al. 2024 [64], licensed under CC-BY.

the Network CU discussed in subsection 3.4.2, which manages the update during
each cycle.

If the network is su�ciently small, updating all neurons with their inputs in
parallel within a single cycle could be feasible. However, the network and input data
sizes are typically too large to achieve such a degree of parallelism. Consequently,
Spiker+ exploits only one dimension to obtain parallelism,concurrently updating
all neurons within a layer while sequentially providing inputs to each neuron. The
Network CU, depicted in Figure 3.3b, oversees this process.

Once again, this circuit operates based on astart/ready protocol. The control
unit receives astart signal from the Network CU and enters a loop: it awaits the
readiness of the neurons composing the layer to process a newspike (neurons
ready signal), initiates the computation (neurons start signal), and increments
the internal counter (CNT). The counter directly selects the spike to be processed
from the sampled inputs. When all input spikes have been provided to the neurons
(N INPUTS), the loop concludes, and the control unit asserts theready signal.

An additional component visible in the upper section of Figure3.3b is anORgate
utilized to verify if there is at least one active spike amongthe inputs. Currently,
no encoding or compression has been applied to the spikes. However, considering
that SNNs typically exhibits sparse activity, avoiding unnecessary computations
when there are no spikes can signi�cantly save time and power. The role of the
ORgate is to compress along the time dimension: if there is no active spike in a
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particular cycle, looping over all inputs to provide no spike to the neuron becomes
unnecessary.

3.4.4 Neuron models

All the di�erent LIF neuron models presented in section 2.7 are translated into
dedicated hardware implementations in Spiker+, trying to minimize the required
components. Building upon the groundwork laid in [89], the proposed neuron
functions as a Multiply and Accumulate (MAC) unit, augmentedwith additional
components and controls to manage its various states. Figure3.4 shows the ob-
tained architectures with subtractive reset, in order of increasing complexity (IF,
I-order LIF and II-order LIF). Figure 3.5 shows the same alternatives, but with
�xed reset.

From a hardware perspective, the most critical factors of the characteristic
equation of the neurons are the multiplications. Four of them can be found in
Equation 2.2:

1. The synapses weighting:W � sin [n]

2. The reset:V [n � 1] � r

3. The exponential decays:� � I syn [n � 1] and
� � Vm [n � 1]

For the �rst one, exploiting the binary nature of the spikes reduces the operation
to a simple selection: zero if there is no spike,W if a spike is present. This can be
implemented as a bitwiseANDbetween the weight and the spike.

The reset operation can be applied in two ways, as shown in equations 2.4 and
2.5. The �rst case exploits the binary nature of the spike: either the membrane is
kept at its value or reset to zero, so this is again a selectionprocess more than a
multiplication. The hardware implementation is a bit more general since it allows
to explicitly choose the value ofVreset , which in this case can also be di�erent from 0,
as shown in Figures 3.5a, 3.5b and 3.5c. The second reset method can be obtained
by simply subtracting the threshold voltageVth from the computed value ofVm , as
shown in Figures 3.4a, 3.4b and 3.4c.

At this point, the last critical multiplication is the one required to compute the
step-by-step exponential decay of the membrane. The problem exists only for the
two LIF models (in the IF model, the membrane is kept �xed without stimuli),
with one multiplication needed in the I-order version and two multiplications in
the II-order one. The criticality is solved once again, exploiting the characteristics
of binary operations. If one of the operators is representable as a power of two, the
multiplication can be reduced to a simple bit-shift. Since there is no control on the
values ofI syn and Vm , which evolve dynamically during the update of the network,
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the only parameters on which it is possible to act are the constant hyper-parameters
� and � . The values can vary between 0 and 1, with larger values corresponding
to slower exponential decay. Generally, a value near to 1 is observed. In this case
� and � can be approximated as� = 1 � � 0 and � = 1 � � 0, where � 0 and � 0 are
negative powers of 2. As shown in [89], the overall accuracy has no notable impact
if such an approximation is applied during the training phase.
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Figure 3.4: Spiker+ neuron architectures in order of increasing complexity (IF, I-
order LIF and II-order LIF), with subtractive reset. In the multiplexers, channels
labeled with I indicate the beginning of the Integrate path,R the beginning of the
Reset path, and L the beginning of the Leakage path. Reproduced from Carpegna
et al. 2024 [64], licensed under CC-BY.
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Figure 3.5: Spiker+ neuron architectures in order of increasing complexity (IF, I-
order LIF and II-order LIF), with �xed reset. In the multiplex ers, channels labeled
with I indicate the beginning of the Integrate path, R the beginning of the Reset
path, and L the beginning of the Leakage path. Reproduced from Carpegna et al.
2024 [64], licensed under CC-BY.

3.4.5 Synapses

The primary advantage of implementing SNNs on dedicated hardware, along-
side the execution parallelism, lies in the opportunity to integrate memory and
computation. On an FPGAs, this integration can be achieved through two distinct
methods.

For relatively small memory requirements, such as the internal parameters of
the neurons, the internal Look Up Tables (LUTs) can serve as a viable memory
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solution. This approach o�ers superior speed, leveraging Flip Flops (FFs) and
registers. However, the available space is limited, primarily due to the necessity of
accommodating the logical functions of the network within the LUTs.

In scenarios where a larger memory capacity is necessary, particularly for synap-
tic weights, many FPGAs grant access to discrete units of Static Random Access
Memory (SRAM) strategically positioned close to the computing elements, com-
monly referred to as Block RAM (BRAM).

Spiker+ provides a synapse interface, implementing thestart/ready handshake
protocol, and relies on an initialization �le containing quantized weights. Weighs
are stored into BRAMs. Spiker+ expects all neurons to access their respective
weights in parallel upon activating the ready signal by the synapse; therefore, it
strongly relies on the high parallelism provided by on-board BRAMs. Spiker+
also permits storing weights in an external Dynamic Random Access Memorys
(DRAMs) when on-board space is insu�cient. In such situations, the synaptic
interface loads the weights for the current cycle before asserting the ready signal,
impacting the accelerator's speed.

A secondary con�gurable attribute concerning synapses involves incorporating
feedback connections, as mentioned in section 2.5. Spiker+can be con�gured to
include or exclude these connections, depending on the application requirements.

3.4.6 I/O interface

Spiker+ requires an input/output interface to receive dataand transmit re-
sults. Spiker+ supports two scenarios. In the simple scenario, inputs have already
been encoded as spikes. For instance, these data may originate from neuromor-
phic sensors, such as a Dynamic Vision Sensor (DVS) cameras or a silicon cochlea.
Alternatively, they could be pre-encoded by an external block before being stored.

In a more complex scenario, data are stored in a raw numeric format and con-
verted on-board into spike streams. There are di�erent methods available for this
conversion, as mentioned in section 2.8. An e�cient rate encoding structure such as
the one proposed in [89] can be directly connected to Spiker+. Furthermore, several
possibilities exist concerning data transmission: data may arrive as a continuous
stream directly from a sensor or be transmitted through an external link. Alter-
natively, data may be stored in memory, necessitating memory access by the ac-
celerator. To accommodate these diverse scenarios, Spiker+ uses thestart / ready
handshake protocol to manage the communication with the input interface.

At the accelerator output, decisions are usually taken based on the �ring activity
of the last layer. Spiker+ implements the output interface using simple counters,
one for each output neuron, that can be post-processed outside the accelerator (e.g.,
the most active neuron wins). This simple implementation isonly one possible
option and can be easily customized to speci�c needs. The only requirement of the
output interface is to implement thestart / ready protocol to synchronize with the
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network.
It has to be noted that the latency measures reported in this piece of work have

been taken considering input and output interfaces that cankeep the pace of the
accelerator. Overall, the network performance strongly depends on the interfaces.
Results in section 3.6 aim to show the maximum performance Spiker+ can reach.

3.5 Con�guration framework

Spiker+ goes beyond being a mere hardware accelerator; it isa comprehensive
design framework that facilitates easy customization of the SNN accelerator for
speci�c applications. As detailed in section 3.4, the platform encompasses six dis-
tinct neuron models, a modular layer interface allowing instantiating any desired
number of layers, and customizable inter-layer feedback connections. However,
manually de�ning the architecture at the Register TransferLevel (RTL) requires
substantial e�ort. To tackle this challenge, Spiker+ incorporates a Python-based
con�guration framework, streamlining the customization process to just a few lines
of code. The customization and tuning 
ow for a speci�c target application within
Spiker+ is depicted in Figure 3.6.
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Figure 3.6: Spiker+ con�guration framework. Reproduced from Carpegna et al.
2024 [64], licensed under CC-BY.

The con�guration of the network, its training, and the optimization towards its
hardware realization are performed at the software level, using Python function-
alities. These �rst steps are built on top of the open-sourceframework snntorch
[86]. The description of the network is based on a Python dictionary that con-
tains various parameters, such as the SNN model and architecture (e.g., FF-FC or
Fully-Connected Recurrent (FC-R) SNN), specifying relevantparameters like the
number of layers, neurons per layer, neuron type, and timingconstants.

First (step 1), the dictionary is processed by thenetbuilder module, which
converts it into a Python object that serves as a key component for subsequent
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steps. Once the network is constructed, it undergoes training (step 2), utilizing
snntorch and pytorch . During training, as per [89], the time constants� and
� are rounded to the nearest power of two to adjust for this approximation. The
outcome of the training phase includes a set of learned parameters such as weights
and thresholds along with an accuracy evaluation of the trained model.

As training typically occurs in 
oating-point precision, unsuitable for edge hard-
ware accelerators, Spiker+ implements functions to quantize the network, automat-
ing the exploration of the quantization impact on SNN accuracy (step 3). Spiker+
employs a two's complement N-bit �xed-point representation, and if any values
exceed the representable range during quantization, they are saturated to either
the maximum or minimum value. Users can de�ne the search interval (default: 16
to 0), and the tool iterates through these values, performing full inferences and
returning the resulting accuracy values. Currently, theoptimizer performs a com-
plete grid search over the quantization range, but future improvements may include
more advanced search techniques, such as Bayesian optimization, to accelerate the
process. Additionally, a Quantization Aware Training (QAT) could help mitigate
the accuracy loss. Plans also include merging thetrainer and optimizer using
tools like Brevitas [122] to handle quantization.

Thanks to the modularity of the Spiker+ blocks and their interfaces, the tool
can integrate seamlessly with other open-source frameworks like spikingjelly
[123]. This allows users to con�gure customnetbuilder , trainer , and optimizer
modules based on other tools. However, the built-in functionality of Spiker+ relies
on snntorch , bene�ting from its active community and extensive documentation.
The goal is to o�er an open-source, user-friendly tool that aligns with ongoing
e�orts to streamline the development and deployment of neuromorphic systems.

In the �nal step (step 4), the chosen model, architecture, and trained parameters
are delivered to theVHDL Generator, which automatically translates them into a
VHSIC Hardware Description Language (VHDL) description of the SNN.This stage
capitalizes on the modularity of the proposed architectureand utilizes an available
library of neuron models. This is the core and the main contribution of Spiker+
tool. It relieves the user from the need to have speci�c skills in hardware design:
starting from a high-level description of the network, it automatically generates the
desired architecture using the VHDL language.

Furthermore, the tool generates con�guration �les for storing the trained pa-
rameters in the FPGA memory. This provides 
exibility to the user in selecting the
type of memory. Modern hardware design tools, such as Xilinx Vivado—, support
the automatic generation of Read Only Memory (ROM) memories, allowing users
to choose the desired hardware platform, such as LUTs, BRAMs, or distributed
Random Access Memory (RAM). These tools expect a con�guration�le as input,
precisely what Spiker+ provides.

To the best of our knowledge, Spiker+ is the �rst complete high-level synthesis
tool for an SNN, generating VHDL code automatically from a high-level Python
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description of the network. Additionally, the VHDL description of the accelerator
includes a testbench for enhanced development and simulation convenience. This
testbench allows inputs to be read from a �le, enabling usersto provide the desired
input vector stimuli. It provides a straightforward interface to ensure the device
synthesizes on the selected FPGA. Only recently, a new intermediate representa-
tion, Neuromorphic Intermediate Representation (NIR), was introduced to decou-
ple the network description from its speci�c implementation [124]. NIR enables
the description of any SNN as a graph, making explicit the connection patterns,
computational primitives, and other key aspects. Given that Spiker+ speci�cally
targets Fully-Connected (FC) and FC-R architectures, incorporating a translation
into NIR at this stage would have added unnecessary complexity. However, this
approach shows great potential for future iterations of Spiker+. A vhdl generator
capable of interpreting NIR descriptions would further decouple the network con-
�guration from the hardware architecture, enhancing the modularity and 
exibility
of the framework, in line with its current design principles.

3.6 Experimental results

Spiker+ has been evaluated using two widely recognized benchmark datasets, (i)
MNIST [61] and (ii) SHD [90], plus an additional audio dataset,the AudioMNIST
[91].

MNIST comprises grayscale images of handwritten digits from0 to 9, commonly
used to benchmark AI algorithms. This dataset is ideal for comparing Spiker+ with
other SNN accelerators. Images are converted into spikes using Poisson-distributed
rate encoding. Due to the dataset simplicity, a basic I-order LIF model with a
FF-FC structure su�ces for accurate classi�cation.

SHD is explicitly designed as an SNN benchmark, containing recordings of peo-
ple pronouncing numbers in English and German. It requires amore complex
neuron model, speci�cally a II-order LIF, and a network architecture with inter-
layer recurrent connections to account for the importance of the time dimension in
achieving acceptable classi�cation accuracy.

AudioMNIST is again a dataset of spoken numbers from 0 to 9, pronounced in
English. To convert audio samples into spikes, spectrograms were �rst generated
using 40 Mel-spaced band-pass �lters. These spectrograms were then binarized by
setting values to 1 only where the spectrogram exceeded a de�ned threshold. This
process reduces the dataset's size compared to the other two, making it suitable for
real-time applications where an electronic system could leverage Spiker+ support.
The AudioMNIST dataset has not yet been widely explored with SNNsin the
literature, making it an intriguing case.

These datasets di�er signi�cantly, demanding SNNs with distinct models and
complexities, providing an opportunity to test Spiker+ recon�gurability for three
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di�erent tasks. All the models are trained o�ine employing BPTT with two di�er-
ent surrogate gradient functions. Table 3.1 summarizes theconsidered setup.

Table 3.1: Summary of the experimental set-up on the two datastes. Reproduced
from Carpegna et al. 2024 [64], licensed under CC-BY.

MNIST SHD
Audio

MNIST

Data type
Gray-scale

images
Audio

recordings
Audio

recordings
# inputs 784 700 40

Spikes
time-steps

100 100 73

Encoding Rate code Custom [90]
Binarized

spectrogram
Training
samples

60,000 8,156 24,000

Test
samples

10,000 2,264 6,000

Net type FF-FC SNN FC-R SNN FF-FC SNN
Net arch 784-128-10 700-200-20 40-150-10
Neuron
model

I-order LIF II-order LIF I-order LIF

Reset Subtractive Subtractive Subtractive
Training
method

BPTT with SG BPTT with SG BPTT with SG

Surrogate
functioon

Arctan Fast Sigmoid Arctan

Model
accuracy

96.83% 75.44% 95.23%

The remainder of this section is structured as follows: subsection 3.6.1 presents
results from tuning Spiker+ on the three target datasets andcompares it with state-
of-the-art SNN accelerators on FPGA. Subsections 3.6.2, 3.6.3, and 3.6.4 analyze
various Spiker+ con�gurations, examining the in
uence of architectural choices
and data characteristics on area, latency, and power consumption. The goal of this
analysis is to show the importance of a tool able to automatically generate di�erent
designs when exploring di�erent alternatives to solve a speci�c task.
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3.6.1 Benchmarking

Table 3.2 provides a comprehensive comparison of Spiker+ with recent state-of-
the-art FPGA accelerators designed for SNNs on the MNIST dataset. The table
is split into two sections. The upper section covers SpikingConvolutional Neural
Networks (SCNN) accelerators, where spiking layers are strategically placed after
or interleaved with standard convolutional layers, gradually identifying key features
in input images. The lower section considers pure spiking accelerators with fully
connected layers of either IF or LIF neurons. Notably, the comparison focuses on
works published from 2020 onward, while references such as [89] and [118] provide
information on the performance of older accelerators.

Table 3.2: Comparison of Spiker+ to state-of-the-art FPGA accelerators for SNNs.
Reproduced from Carpegna et al. 2024 [64], licensed under CC-BY.

Design Liu et al. [109] Nevarez et al. [116] Li et al. [111] Gerlingho� et al. [120] Panchapakesan et al. [112] Khodamoradi et al. [113]
Year 2023 2021 2023 2022 2021 2021

f clk [MHz] 100 200 300 200 200 N/R
Neuron bw 8 8 12 N/R 4 N/R
Weights bw 8 8 8 3 4 N/R

Update Clock Clock Clock Clock Event Event
Model IF Spike-by-Spike (SbS) LIF LIF IF LIF
FPGA XA7Z020 XC7Z020 XCZU3EG XCVU13P XCZU9EG XA7Z020

Avail. BRAM 140 140 216 2688 912 140
Used BRAM N/R 16 50 N/R N/R 40.5
Avail. DSP 220 220 360 12288 2520 220
Used DSP 0 46 288 0 N/R 11

Avail. logic cells 159,600 159,600 211,680 3,088,800 822,240 159,600
Used logic cells 27,551 23,704 15,000 51,000 N/R 39,368

Arch
28Ö28-32c3-p2-
32c3-p2-256-10

28x28x2-32c5-p2-
64c5-p2-1024-10

28x28-16c3-64c3-
p2-128c3-p2-

256c3-256c3-10

32Ö32Ö1{6c5{p2{
16c5{p2{120c5{

120{84{10

28x28-32c3-p2-
32c3-p2-256-10

28x28-16c7-24c7-
32c7-10

#syn 8,960 75,776 2,560 25,320 10,752 320
Tlat /img [ms] 0.27 1.67 0.49 0.29 0.08 N/R
Power [W] 0.28 0.22 2.55 3.40 N/R N/R
E/img [ mJ ] 0.076 0.37 1.250 0.986 N/R N/R
E/syn [ nJ ] 8.48 4.88 488 38.9 N/R N/R
Accuracy 99.00% 98.84% 98.12% 99.10% 99.30% 98.50%

Design Han et al. [114] Gupta et al. [110] Li et al. [118] Carpegna et al. [89] SPIKER+ (this work)
Year 2020 2020 2021 2022 2024

f clk [MHz] 200 100 100 100 100
Neuron bw 16 24 16 16 6
Weights bw 16 24 16 16 4

Update Event Event Hybrid Clock Clock
Model LIF LIF LIF LIF LIF
FPGA XC7Z045 XC6VLX240T XC7VX485 XC7Z020 XC7Z020

Avail. BRAM 545 416 2,060 140 140
Used BRAM 40.5 162 N/R 45 18
Avail. DSP 900 768 2,800 220 220
Used DSP 0 64 N/R 0 0

Avail. logic cells 655,800 452,160 485,760 159,600 159,600
Used logic cells 12,690 79,468 N/R 55, 998 7,612

Arch 784-1024-1024-10 784-16 784-200-100-10 784-400 784-128-10
#syn 1,861,632 12,544 177,800 313,600 101,632

Tlat /img [ms] 6.21 0.50 3.15 0.22 0.78
Power [W] 0.477 N/R 1.6 59.09 0.18
E/img [ mJ ] 2.96 N/R 5.04 13 0.14
E/syn [ nJ ] 1.59 N/R 28 41 1.37
Accuracy 97.06% N/R 92.93% 73.96% 93.85%

In image classi�cation tasks, SCNNs accelerators achieve superior accuracy,
peaking at 99.30% with larger and more complex networks, often utilizing DSP
cores on the FPGA (e.g., [116, 113, 111]). However, despite Spiker+ being explicitly
designed to trade o� accuracy with other design dimensions (i.e., power, area,
latency), it still achieves a commendable accuracy of 93.85%. Among purely spiking
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accelerators, it is only surpassed by [114], which employs an accelerator with higher
latency, power, and size. Remarkably, Spiker+ excels in compactness and low power
consumption. On a low-end Xilinx—XC7Z020 FPGA board, it uses only 7,612 logic
cells (4.8% of available cells) and 18 BRAMs (13% of availableBRAMs), with a
total power requirement of 180mW. This makes it an optimal solution for limited
space or power-constrained applications. It is important to note that Table 3.2
measures the area with a general "logic cells" value obtained by combining LUTs
and FFs for a concise overview. For Spiker+, these values are 4,314 and 3,298,
respectively. Detailed values for other accelerators can be found in their respective
papers.

A noteworthy observation from the comparison in Table 3.2 isthat the top
power-e�cient accelerators employ a clock-driven update policy. This counter-
intuitive �nding contradicts the general literature assertion favoring event-driven
approaches for power e�ciency. A clock-driven approach seems the most e�ective
solution for relatively small-sized accelerators lackingsu�cient sparsity in spiking
activities. Li et al. attempted to address this with a hybridarchitecture, adapting
its update strategy to input sparsity. However, this strategy did not yield signif-
icant power savings, even with added complexity [118]. Importantly, the power
consumption of the accelerator reported in [89] is unrealistically high. This is due
to an error in mapping I/O ports during the accelerator implementation, leading
to an overestimated value.

Regarding latency, Spiker+ requires 780�s to classify an input image. Although
not the fastest result in Table 3.2, this achievement is noteworthy considering the
limited hardware resources and power consumption. Factorsin
uencing this latency
include: (i) the clock frequency capped at 100MHz due to BRAM access time;
(ii) the image encoding using 100 time-steps (the window size impacts inference
time directly); (iii) the speed of the input and output interfaces; (iv) the input
spiking activity a�ecting the classi�cation time, as explained in subsection 3.6.2.
For comparison, Carpegna et al. [89] achieved 220�s image classi�cation time with
a 3500 time-step encoding window. This work employed a di�erent encoding that
privileged spike sparsity, impacting accuracy (i.e., 73.96%) but demonstrating how
sparsity can reduce inference time.

To better compare Spiker+ with other accelerators Figure 3.7shows the Pareto
optimal curves comparing the considered architectures andhighlights the optimal
trade-o�s between di�erent metrics. Looking at Figure 3.7(a) it can be observed
that Spiker+ lies a little behind the majority of the others in terms of accuracy,
with an average ranking in terms of latency. From the point ofview of power
consumption and area utilization, expressed in terms of therequired logic cells,
Spiker+ is dominant. This becomes even more evident in Figures 3.7(b) and (c),
where the hardware-related features are compared against one another. Across
all three plots, Spiker+ consistently emerges as the optimal choice, highlighting
the e�ectiveness of the design strategies discussed in section 3.4. It is important
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to note that, because the focus was primarily on hardware design, there is still
potential for accuracy improvements using more advanced training and parameter
tuning techniques. Notably, a multi-objective Bayesian optimization conducted in
[92] enabled us to optimize the encoding process, reducing the required number of
time steps, directly linked to latency, and improving accuracy by approximately
2%. Thus, there is still room for further enhancements at thealgorithmic level.
Ultimately, what stands out is that Spiker+ o�ers the best balance in terms of the
consumption-area-latency trade-o�s.

Apart from the MNIST use case, Spiker+ is the �rst accelerator tested on
SHD and AudioMNIST. Consequently, results reported in Table 3.3 are presented
independently, without comparison to other architectures.

Table 3.3: Benchmarking on the SHD and AudioMNIST datasets. Reproduced
from Carpegna et al. 2024 [64], licensed under CC-BY.

SHD AudioMNIST
f clk [MHz] 100 100

Avail. logic cells 159,600 159,600
Used logic cells 18,268 10,124

Neuron bw 8 8
FF weights bw 6 5

Arch 700-200-20 40-150-10
RR weights bw 5 0

#syn 184,000 7,500
Update Clock Clock

Tlat /recording [ms] 0.54 0.08
Tlat /timestep [us] 5.4 1.0

Model II order LIF I order LIF
Power [W] 0.43 0.29

FPGA XA7Z020 XA7Z020
Energy/recording [ mJ ] 0.23 0.02
Energy/synapse [ nJ ] 1.25 2.67

Avail. BRAM 140 140
Used BRAM 51 16

Accuracy 72.99% 89.82%

The hardware requirements for processing the SHD exceed those used for MNIST
and AudioMNIST due to several factors: the network architecture required to pro-
cess this complex dataset is larger, the neuron model is a more complex II-order
LIF (i.e., double size compared to a I-order LIF), and the accelerator uses a FC-R
model featuring inter-layer feedback connections with weights stored in BRAM.
The bit widths of the neuron membrane potential and weights are also higher.
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Figure 3.7: Pareto optimal curves of the accelerators presented in Table 3.2. (a)
Accuracy is plotted against the three key hardware metrics: latency, which re
ects
computation speed, power consumption, and area utilization, measured by the
number of logic cells required by the accelerator. Memory usage is closely tied to
area utilization, so it is not shown here. (b) Power consumption is plotted against
latency and area utilization. (c) Area utilization is plotted versus latency. Spiker+
emerges as the optimal solution for all hardware-related metrics, though it still falls
slightly short in terms of accuracy. Reproduced from Carpegna et al. 2024 [64],
licensed under CC-BY.

However, Spiker+ remains smaller and more power e�cient thanmost accelera-
tors in Table 3.2. Latency is reduced from 780�s for MNIST to 540�s for SHD
thanks to lower input activity in the biologically inspired encoding used for this
dataset. Similarly, latency is reduced to 80�s for the AudioMNIST, thanks to the
lower dimensionality of the inputs (40 spike channels are su�cient to capture the
most relevant features of the spoken digits), and a smaller amount of timesteps.
Di�erently from the MNIST task, both the SHD and AudioMNIST are based on
time-varying signals, which are intrinsically more suitable for SNN processing. Ta-
ble 3.3 reports the latency required for a single time step, which is 5:4�s and 1�s
respectively. This makes Spiker+ on its own able to process in real-time signals
sampled up to 185kHz for the SHD and 1MHz for the AudioMNIST. While this
does not account for input pre-processing or communicationbetween Spiker+ and
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the processor or main memory, these tasks are not computationally intensive, par-
ticularly for AudioMNIST, due to the conversion protocol we developed and the
reduced size of the input data.

3.6.2 Performance vs input activity

As previously mentioned, the input spiking activity, in
uenced by the encoding
method, plays a critical role in the accelerator's performance. Before delving into a
detailed analysis, Figure 3.8 illustrates the average number of active cycles across
di�erent network layers. A signi�cant variation is observed among the datasets. In
MNIST, activity consistently decreases as it progresses through the network. For
SHD, there is a peak in activity in the �rst hidden layer, while in AudioMNIST,
the activity remains steady in the �rst two layers and increases in the output layer.
This discrepancy could be attributed to the inter-layer feedback in SHD, which
causes more synchronized activity compared to the FF-FC architecture used for
the other two datasets. Other contributing factors includedi�erences in input data
statistics and the impact of the training process

Since all layers update in parallel and process inputs sequentially, latency is
determined by the slowest layer (i.e., the layer handling the largest set of inputs).
For the MNIST and SHD architectures, detailed in Table 3.1, theslowest layer is
the input layer, processing 784 and 700 inputs respectively. In this layer, 100% of
time-steps contain at least one spike for MNIST, while for SHD,the percentage is
around 48%. Consequently, SHD, with the combination of a lower number of inputs
and lower activity in the input layer, enables increased inference speed. Since both
models use the same number of time steps and clock frequency,and the di�erence in
the number of inputs is not signi�cant, one might expect about 48% inference time
reduction for SHD compared to MNIST due to the reduced activity(i.e., about
0.37 ms). However, the observed value in Table 3.3 is 0.54 ms. The higher latency
is explained by the FC-R model used by SHD incorporating inter-layer feedback
connections, processed sequentially. Therefore, an additional set of 200 feedback
inputs must be processed for the �rst layer, with an average of 93% active time
steps. For AudioMNIST, the latency is primarily determined bythe hidden layer,
which consists of 150 neurons with an average activity of around 71%. Given the
reduced number of time steps compared to the other datasets,the resulting latency
is signi�cantly lower.

The input activity not only impacts inference latency, as explained earlier.
When the activity decreases, there is a higher probability ofhaving spare cycles
with no spikes, allowing the Layer CU to skip the sequential processing of all inputs.
This reduction in calculations also a�ects power consumption. Figure 3.9 analyzes
how power, latency, and energy (i.e., power times latency) change with di�erent
input activities on the two datasets, highlighting counterintuitive behaviors.
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Figure 3.8: Visual representation of the average number of active cycles at various
stages of the network. Reproduced from Carpegna et al. 2024 [64], licensed under
CC-BY.

Examining Figure 3.9a that reports the average power consumption of an in-
ference task, we observe two distinct behaviors. In the caseof MNIST and Au-
dioMNIST, reducing input activity increases power consumption, reaching a limit
of around 200mW and 300mW respectively as activity approaches zero and stabi-
lizing at 180mW and 295mW under full activity. This behavioris explained by the
clock-driven nature of the accelerator, where every clock cycle triggers a network
update regardless of active spikes in the input. As mentionedearlier, Spiker+ skips
time steps without active inputs. However, the exponential decay of the membrane
is computed step by step. Therefore, without input stimuli,Spiker+ dedicates
one clock cycle to decay all membranes before returning to anidle state, awaiting
the next input set. The two situations are similar from the perspective of neuron
switching power, as the membrane is updated in both cases. However, the layer CU
continually switches between two states, resulting in a high total switching activity
and higher power consumption. Conversely, when executing asequential update
on the inputs, the CU enters the update state and then awaits the completion of
the loop. This behavior is not observed in SHD. Given the larger architecture and
higher weight bit-width, power consumption in SHD is likely dominated by BRAMs
access during input processing.

In conclusion, latency heavily depends on input activity. Without active spikes,
the execution time tends toN cycles � Tclk , as a single clock cycle is su�cient to
decay the membranes. Consequently, overall energy consumption is reduced with
decreasing input activity.
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Figure 3.9: Impact of input activity variations on energy, power, and latency of
inference using Spiker+. Reproduced from Carpegna et al. 2024 [64], licensed
under CC-BY.
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(a) Membrane potential quantization on the MNIST dataset
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(b) Weights quantization on the MNIST dataset

Figure 3.10: Impact of quantization of neuron membrane potentials and synaptic
weights on inference accuracy and power consumption for target datasets. Repro-
duced from Carpegna et al. 2024 [64], licensed under CC-BY.

3.6.3 Performance vs quantization

As one of the key features of Spiker+ is the optimization of theaccelerator
through quantization of weights and membrane potentials, it is crucial to examine
how these design choices in
uence performance. Latency remains una�ected by
the selected bit-widths, as it is determined by the requiredamount of processing,
which depends on: i) input size, ii) number of time steps, iii) network size, where
each layer processes the outputs from the previous one, and iv) spike sparsity.
Since all neurons operate in parallel, latency is dictated by the layer that needs to
process the largest set of spikes. The primary presumed impacts of quantization
are on power consumption and network accuracy. Figure 3.10, Figure 3.11 and
Figure 3.12 illustrate the results of quantization on the considered datasets.

The resilience of SNNs to quantization is notable. In all the models, despite their
di�erences and the unique information encoding methods employed, the decrease in
accuracy with di�erent quantization values is minimal. However, reducing precision
by even a single bit has an evident e�ect on power consumption, owing to the large
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(a) Membrane potential quantization on the Audio MNIST dataset
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(b) Weights quantization on the Audio MNIST dataset

Figure 3.11: Impact of quantization of neuron membrane potentials and synaptic
weights on inference accuracy and power consumption for target datasets. Repro-
duced from Carpegna et al. 2024 [64], licensed under CC-BY.

number of units working in parallel.
Finally, as explained in subsection 3.6.4, it is crucial to note that the primary

constraint on Spiker+ size is the number of weights that can be accessed in parallel.
A smaller weight bit-width reduces the required interconnections and the amount
of memory used, including the total number of BRAMs. This not only conserves
power but also facilitates the implementation of larger architectures.

3.6.4 Performance vs. size

Finally, let us explore the model complexity achievable withSpiker+ on selected
Xilinx — FPGA boards. Synthesis results for three Xilinx— boards, particularly
low-end ones suitable for resource-constrained edge applications, are presented in
Table 3.4.

On the Xilinx — XC7Z020/XA7Z020 boards discussed in subsection 3.6.1, the
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(a) Membrane potential quantization on the SHD dataset

2 4 8 16 32
Bit-width

81

186

291

396

501

P
ow

er
 [m

W
]

Power

Accuracy
0.08

0.24

0.41

0.57

0.74

A
cc

ur
ac

y

(b) Weights quantization on the SHD dataset

Figure 3.12: Impact of quantization of neuron membrane potentials and synaptic
weights on inference accuracy and power consumption for target datasets. Repro-
duced from Carpegna et al. 2024 [64], licensed under CC-BY.

Table 3.4: Synthesis of maximum size accelerator on di�erent Xilinx — FPGAs
boards. Reproduced from Carpegna et al. 2024 [64], licensedunder CC-BY.

FPGA Net Neur. BRAM LUT Pow(mW)
XC7Z020 /
XA7Z020

FFFC 1224 138 44330 1070
RSNN 550 135 24,660 720

XCZU3EG
FFFC 1900 215 62989 1200
RSNN 690 213 29,809 780

largest FF-FC network possible using a I-order LIF consists of1,220 neurons, uti-
lizing 138 BRAMs (98.5%) and 42,430 LUTs (26.7%). The BRAM size of the FPGA
emerges as the limiting factor. On the slightly more advanced Xilinx — XCZU3EG
board, a larger 1,900-neuron architecture, utilizing 215 BRAMs (99.5%) and 62,989
LUTs (29.8%), can be implemented. Notably, the place-and-route algorithm en-
counters no obstacles, reinforcing that BRAM limitations govern the network size.
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For FC-R architectures using a II-order LIF, where both feed-forward and feed-
back weights need storage in BRAM, the maximum network size isin
uenced.
Speci�cally, it is capped at 550 neurons for Xilinx— XC7Z020/XA7Z020 boards and
690 neurons for the Xilinx— XCZU3EG board.

Potential issues such as place-and-route complexities or excessive power con-
sumption due to the fully parallel nature of the acceleratorare foreseeable. A
prospective solution involves implementing a certain degree of time multiplexing
to address these challenges while expanding the architecture size. This approach
entails sharing hardware components between neurons, introducing a trade-o� with
performance, and is currently under study as an enhancement.

3.7 Conclusions

This chapter introduced Spiker+, a versatile framework to design low-power
and resource-e�cient hardware accelerators for SNNs targeting edge inference on
FPGA platforms. It features a Python con�guration framework that facilitates
easy recon�guration of the accelerator, allowing users to choose from six neuron
models (IF, I-order LIF, and II-order LIF, each with the option of a hard or sub-
tractive reset) and two network architectures (FF-FC and FC-R). The tool enables
the automatic selection of training and quantization parameters directly through
Python. The results are signi�cant, boasting a 93.85% accuracy on MNIST, with a
classi�cation latency of 780�s per image and power consumption of 180mW . Ad-
ditionally, it achieves a 72.99% and 89.82% accuracy on SHD and AudioMNIST
respectively, corresponding to a 540�s latency and power consumption of 430mW
for the SHD, and 80�s latency and 290mW power for the AudioMNIST. These
metrics are highly competitive compared to state-of-the-art FPGA accelerators for
SNNs, demonstrating high performance in both power e�ciency and area. This
work lays a solid foundation for deploying specialized, low-power, and e�cient SNN
accelerators in resource and power-constrained edge applications. Spiker+ is a live
project, and ongoing work focuses on enlarging the library of available neurons,
input encoding blocks, and network architectures.
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Chapter 4

SpikExplorer: hardware-oriented
Design Space Exploration for
Spiking Neural Networks on
FPGA

Adapted, with permission, from Padovano, D.; Carpegna, A.; Savino, A.; Di
Carlo, S. SpikeExplorer: Hardware-Oriented Design Space Exploration for Spiking
Neural Networks on FPGA. Electronics 2024, 13, 1744., doi: 10.3390/electron-
ics13091744. Licensed under CC-BY.

In the context of hardware accelerators for neuromorphic systems, one of the
main challenges is how to construct the SNN to �t the target application best: there
are many di�erent neuron models with varying degrees of biological plausibility and
computing e�ciency; a single model has a lot of internal parameters to tune; the
network architecture itself can be modi�ed depending on thetask to perform. A
manual selection of all these hyper-parameters can be very complex and could
bring a non-optimal solution. At the same time, an exhaustive search for the best
con�guration would require too much time, given the search space size. Automatic
Design Space Exploration (ADSE) can represent a solution. However, while the
literature is rich in works about ADSE in the �eld of CNNs [125, 126] and other
ANN models [127], this is not true for SNNs. The few existing works on the topic
focus on a single-objective optimization directed towardsthe improvement of the
accuracy [128] or concentrate the search on a particular aspect of the network, like
the input data encoding, using �xed neuron models and parameters and performing
only a tiny grid search between a limited set of network architectures [119].
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This chapter presents SpikExplorer, a 
exible Hardware-Oriented ADSE frame-
work to automatically optimize SNN models for their deployment on digital hard-
ware accelerators targeting FPGA implementations. The toolsupports multi-
objective ADSE driven by power consumption, latency, area, and accuracy, lever-
aging Bayesian optimization. It empowers users to �ne-tunenetwork architecture,
neuron models, and internal settings, explicitly tailoring them for FPGA deploy-
ment. SpikExplorer can be specialized for whatever neuron model and hardware im-
plementation, allowing to easily customize SNN co-processors depending on the user
requirements. This can help leverage the bene�ts of SNNs in power and resource-
constrained edge applications [30], simplifying the con�guration and tuning of these
new networks in various problems.

The chapter is organized as follows: section 4.1 provides a background on ADSE
and section 4.2 overviews related work on ADSE for SNNs. section4.3 overviews
the proposed method and section 4.4 shows its capabilities on a set of case studies.
Finally, section 4.5 concludes the chapter and highlights future extensions.

4.1 Automatic Design Space Exploration

When working with complex systems such as SNNs, the numerous degrees of
freedom make a comprehensive exploration of the design space impractical. This
challenge is compounded when crafting speci�c hardware implementations, where
synthesizing and simulating architectures can consume signi�cant time. Over the
past few decades, researchers have sought ways to optimize and speed up the search
for optimal architectures in electronic systems, a pursuitintensi�ed by the prolifera-
tion of AI and ANNs. One approach to reducing the search space involves randomly
selecting a subset of points and focusing exploration solely on them. Despite its
simplicity, this can prove e�ective in many cases [129]. Nevertheless, structured
and systematic alternatives abound in the literature, manydrawing inspiration
from biological evolution, like evolutionary and genetic algorithms [130], Extremal
Optimization [131], and Reinforcement Learning (RL) [132].

Among optimization techniques, Bayesian optimization [133] stands out as a
robust solution, particularly for its ability to converge rapidly even with complex
models. It e�ectively addresses the exploration-exploitation dilemma [134], balanc-
ing exploring new solutions and exploiting known ones. Instead of directly inter-
acting with the objective function (e.g., accuracy of the network), which might be
computationally expensive to evaluate, Bayesian optimization builds a simpler, ap-
proximate model. It is typically based on Gaussian processes or other probabilistic
models. Initially, this surrogate model makes some assumptions about the objec-
tive function based on the limited information available. Asmore data points are
collected through evaluations of the actual objective, thesurrogate model becomes
re�ned and better approximates the actual function. A Bayesian optimizer relies
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on an acquisition function, considering both exploration and exploitation aspects to
decide which point in the search space to evaluate next. Exploration involves trying
out points in the search space that are uncertain or have yet to be explored to gain
more information about the objective function and potentially discover better solu-
tions. Moreover, exploitation involves focusing on areas of the search space likely to
yield good results based on the current knowledge provided by the surrogate model.
The acquisition function balances these two aspects to guide the search e�ectively.
Thanks to this methodical approach, Bayesian optimizationdemonstrates e�cacy
in converging to solutions, even in scenarios involving numerous parameters in the
search, rendering it a valuable tool for optimizing SNNs. Interested readers may
refer to [135] for a broader topic overview.

4.2 Related works

Automatic optimization for SNN architectures is critical when considering ded-
icated hardware implementations of SNNs, particularly for resource-constrained
edge applications. In such scenarios, the optimization of the network targets mul-
tiple objectives: together with the �ne-tuning of the modelon a speci�c problem,
minimizing power consumption, area occupancy, and latencybecome integral parts
of the optimization goals.

Within this framework, tools are available to support FPGA hardware designs.
For instance, E 3NE [120] provides a library of elementary blocks to build RTL
descriptions of SNN architectures. On the other hand, Spiker+ [64] provides a
framework to automatize the generation of the SNN RTL models starting from a
high-level network description, providing a library of possible models and network
architectures.

However, a crucial gap remains: given the availability of various neuron blocks
and architectures, how can the network be optimized to achieve the highest possible
accuracy while constraining other metrics such as latency,power consumption, or
area? Some works on Network Architecture Search (NAS) for SNNs exist. For ex-
ample, authors in [136] propose an ADSE methodology to perform a single-objective
search, targeting the optimization of SNN accuracy only. They mainly focus on con-
volutional architectures targeting image datasets, such as CIFAR-10, CIFAR-100,
and TinyImageNet, applying a NAS strategy to select between di�erent convolu-
tional kernel and pooling sizes. So, the target applicationis speci�c, and the work
considers the software model only without considering the actual hardware imple-
mentation. On the other hand, [128] proposes NeuroXplorer, a hardware-oriented
ADSE tool to optimize SNN deployment on existing neuromorphichardware. There
is no search for the network structure, neuron model, and parameters. Conversely,
starting from a trained SNN model, the tool tries to organize computations to �t the
target platform at best, for example, clustering groups of neurons to minimize the
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transport of spikes over long distances. It focuses on the computational paradigms
used within existing neuromorphic processors, such as the Dynap-se1 [33]. Even-
tually, the �rst attempt at creating an FPGA-oriented optimiz er was performed in
[119]. However, the work is focused on �nding the optimal encoding for the input
data and on the fast evaluation of the optimization metrics (such as power, area,
and latency) performed with a novel system C simulator of thehardware acceler-
ator called NAXT. The optimal SNN search is a grid search conducted within a
small set of pre-de�ned architectures with a �xed IF neuron model without using
any speci�c optimization algorithm.

4.3 Materials and Methods

SpikExplorer has been designed as a modular Python tool withdi�erent compo-
nents connected in a closed loop. Figure 4.1 shows a high-level view of the complete
framework.

The DSE engine is the core of the optimization framework. It aims at �nding the
optimal SNN architecture and its related parameters for a given problem within
a user-de�ned design space. The user imposes constraints byspecifying which
parameters must remain �xed and which require optimization. An in�nite search
space risks prolonged search duration and potential converging failure. Hence, users
are prompted to de�ne search limits for each optimized parameter. This ensures
that the search remains bounded and manageable. For instance, limits can be set
on the maximum network size, considering the available hardware resources on the
target platform.

The optimization process follows a multi-objective Bayesian approach. The
user can select a set of optimization targets: accuracy, area, latency, and power.
While Figure 4.1 illustrates an exploration encompassing allfour potential metrics,
the optimization can focus solely on a subset or even just onein the extreme case.
Once the optimization objectives are de�ned, the DSE engineconstructs a surrogate
model for each of them and starts an iterative optimization process. The surrogate
models determine the next point to explore at each iteration, aiming to optimize
all required metrics. A point within the search space is de�ned by a set of values
associated with the parameters used for the optimization.

For each explored design option, the speci�c SNN architecture and con�guration
is forwarded to the Network Evaluator (NE), responsible for the network construc-
tion, training, and performance evaluation. This, in turn, requires providing a
training dataset. This block closes the loop by giving the DSE engine the char-
acterization of the selected observation points in terms ofaccuracy, area, latency,
and power required to update the internal surrogate models.This task requires
comprehensively characterizing the various neuron modelsand computing their in-
dividual area occupancy, power consumption, and latency. SpikExplorer has been
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Figure 4.1: SpikExplorer general architectures, including(i) a library of hardware
neurons, (ii) a network evaluator estimating the performance of selected implemen-
tations, and (iii) a Bayesian DSE engine. Reproduced from Padovano et al. 2024
[92], licensed under CC-BY.

intentionally designed to be versatile and compatible withany user-de�ned neuron
characterization model. However, this chapter utilizes a comprehensive charac-
terization library derived from open-source experiments,leveraging the Spiker+
framework [64]. Given the framework's complexity, the following sections overview
each component separately.

4.3.1 Network Generator and hardware neurons

The Network Generator (NG) is the submodule of the NE block in charge of
building the SNN network models required for performance evaluations. It involves
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a set of functional models of the available neurons that can be incorporated into
the network architecture. Each functional model must be characterizable for the
considered optimization targets. For instance, if the optimization target is area
minimization, the user must provide a characterization detailing the area occupa-
tion of each considered neuron model. This facilitates �ne-tuning the search process
with speci�c neuron implementations, which will be integrated into the customized
SNN co-processor on FPGA.

In its current implementation, SpikExplorer supports a setof default neuron
functional models based on the IF variants described in section 2.7. From a func-
tional point of view, the models are de�ned using the snnTorch framework [86].
This facilitates the creation of a range of networks suitable for various problems
where IF models are applicable. snnTorch enables the modeling and approximation
of the hardware neuron behavior without a precise knowledgeor description of all
internal details.

Each available neuron model is associated with hardware-related information ob-
tained using the open-source hardware models provided by the Spiker+ framework
[64]. These models are synthesized on a Xilinx XC7Z020 reference FPGA board,
and the corresponding performance metrics are extracted, such as area, power, and
latency. The following sections outline the techniques to characterize the default
SpikExplorer neuron models. This presentation aims to provide insight into the
available estimates and to explain how neurons can be described to �ne-tune the
search on a speci�c implementation.

4.3.2 Area

The neuron area estimation consists of two primary components: (i) the area oc-
cupied by the computational elements and (ii) the memory utilized by the synaptic
connections. Both are estimated through hardware synthesis of available imple-
mentations. Figure 4.2a shows an example of the synthesis of asimple LIF model,
reporting the corresponding LUT count and the amount of memory required by
synaptic weights, in this case, stored in FPGA BRAM.

Quantization is a well-known technique exploited to reducethe memory foot-
print of SNNs models, and several quantization frameworks exist [137, 138, 139].
To avoid overlap with existing solutions, the default neuron library provided by
SpikExplorer does not aim at optimizing quantization, focusing on higher-level
architectural optimizations. Therefore, the default neuron characterization uses
32-bit data representations. Experimental results later show that this data repre-
sentation preserves full-precision accuracy without introducing bias from precision
reductions across di�erent models. Although the resulting architecture may appear
oversized, what truly in
uences the optimization process is the relative dimensions
of the neurons. Nevertheless, the user can enlarge the library of available neurons,
including architectures with di�erent quantization levels, to drive the search toward
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Figure 4.2: Metrics estimation: the �gure graphically showcases how the di�erent
metrics considered by SpikExplorer are estimated. Reproduced from Padovano et
al. 2024 [92], licensed under CC-BY.

smaller neurons with more aggressive quantization.
The total number of weights is computed at run-time after de�ning the SNN

architecture and integrated into the area estimation to account for di�erent archi-
tectural structures and their impact on the area. This allows us to consider the
diverse memory footprints of di�erent architectural choices. For instance, in fully
connected architectures with identical neuron count on each layer, a deeper network
featuring smaller layers will incorporate fewer synaptic weights, thus necessitating
less memory. Moreover, recurrent architectures introducean area overhead due to
FC recurrent connections that can be computed according to Equation 4.1.
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R =
Recurrent layer area
FF � FC layer area

=
N in � Nneurons + Nneurons � Nneurons

N in � Nneurons
=

N in + Nneurons

N in
(4.1)

Here, N in denotes the number of inputs, andNneurons signi�es the number of
neurons within a speci�c layer.

SpikExplorer measures the overall area occupancy in terms of Equivalent Look
Up Table (ELUT) count:

NELUT =
N layersX

l=0

N l
neurons �

�
NLUT 32 + N l

in � r
�

(4.2)

Where l denotes the layer index,N layers the total number of layers, NELUT

represents the total number of ELUTs occupied by the network,NLUT 32 is the
number of LUTs required by a single neuron with a 32-bit precision, and

r =

(
R; if l is recurrent

1; if l is FF-FC
(4.3)

For clarity in visualization, the distinction between FF-FC and recurrent archi-
tectures is expressed using the neuron model nomenclature.The default supported
models encompassif , rif , lif , rlif , syn, and rsyn, where the pre�x r signi�es a
recurrent architecture.

4.3.3 Accuracy and latency

Since quantization is not the primary focus of SpikExplorer, the accuracy esti-
mation of various network con�gurations used to drive the DSE process is based
on full-precision 64-bit 
oating-point software models constructed by the NG using
the snnTorch framework. These estimations are crucial for guiding the optimization
process but should not be regarded as precise accuracy measurements for the target
hardware co-processor. They represent an upper bound on the�nal accuracy that
depends on the quantization applied when deploying the model on a real FPGA.

In terms of latency, a clock-driven reference model is considered. In particular,
SpikExplorer implements two di�erent latency estimation models: a �xed latency
model, in which each neuron is characterized by a single latency value, independent
of the spiking activity, which accounts for the time required to integrate spikes and
to decay or reset the neuron; and an optimized latency model,following a compu-
tational methodology like that described in [64]. In this case, two latency values
are considered: a high latency occurs when at least one inputspike is present,
prompting neurons to scan all inputs to identify the active ones, and a low value
occurs without spikes, where the scanning process is omitted. Figure 4.2b shows
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the two considered cases. Since all the inputs are processedsequentially, the largest
the number of inputs to a neuron, the highest will be the latency of that neuron
in case it receives input spikes. The computational processis considered entirely
parallel, making the overall latency independent of the overall number of neurons.
The approach is highly tailored to fully parallel clock-driven implementations. Al-
ternatively, an activity-based methodology resembling the one utilized for power
consumption (refer to subsection 4.3.4) could be adopted toaccommodate event-
driven approaches.

4.3.4 Power

The neurons' power consumption generally depends on their activity levels.
This holds for clock-driven architectures, as evidenced in[64], and is even more
pronounced in event-driven alternatives. To understand how SpikExplorer esti-
mates the overall power consumption, it is convenient to analyze the operations
involved in updating a LIF neuron. Equation 4.4 shows the mathematical opera-
tions involved, obtained by merging Equation 2.2, Equation2.3 and Equation 2.4,
setting � = 0 and re-ordering the terms according to [92].

Vm [n] = � � Vm [n � 1]
| {z }

(3) Leak

+ W � sin [n]
| {z }
(2) Integrate

� � � sout [n � 1] � R[n]
| {z }

(1) Fire

(4.4)

As the name of the model suggests, the neuron executes three primary oper-
ations: Leakage(3), Integration (2), and Firing (1). The equation de�nes the
evolution of the membrane potential in its discrete-time form. SpikExplorer exam-
ines the state of each neuron at every time step to evaluate the instantaneous power
consumption. It expects a characterization of the power consumed by the neuron
when executing each of the reported operations. The overallpower consumption is
then computed by averaging the instantaneous values over the entire sequence of
time steps. To accomplish this task, SpikExplorer must monitor (i) the presence
of an output spike, (ii) the presence of input spikes, and (iii) the value of the state
variables that change dynamically during the network operations. With LIF and
IF models, the only state variable involved isVm , while with a synaptic model,I syn

is monitored as well. Using these, SpikExplorer understandsthe current state of
the neuron and infers the relative consumed power, as illustrated in Figure 4.2c.

Observing the neuron's output reveals whether the neuron has "�red" a spike.
If a spike is generated due to the threshold potential being exceeded, the membrane
is reset; this is associated with a �rst power contribution. Inspecting the inputs,
if spikes are present, they are weighted and integrated intothe membrane poten-
tial, implying an additional power contribution. Eventually, without spikes, the
membrane decays toward its resting value, consuming extra power. This condition
happens when the membrane potential at time stepn di�ers from that at time step
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n � 1. This approach facilitates a highly adaptable evaluation. For instance, in
clock-driven update policies, decay consumes power at every time step, which can
be factored into the Leak contribution. Conversely, in an event-driven approach,
computations occur solely in the presence of input spikes, potentially resulting in
zero power consumption for the leak term. In this case, the decay power can be
merged into the "integrate" term. Alternatively, a custom functional model can
be used for the neuron, in which the membrane is updated only when input spikes
are received. Here, by checking whether the membrane has changed value, the de-
cay contribution can be considered only in the presence of input stimuli. Lastly,
depending on factors like recent resetting or reaching asymptotic decay values due
to �nite precision platforms, the neuron may remain in a constant state without
necessitating signi�cant power-consuming updates.

4.3.5 DSE engine

As detailed in section 4.1, Bayesian optimization emerges asthe preferred
method for DSE in SNNs. This preference stems from several factors, including
the abundance of tunable hyperparameters, inherent noise in the objective func-
tion due to the spiking information encoding, and the long training times associated
with large SNNs. Bayesian optimization is advantageous for its rapid convergence,
facilitated by a simpli�ed surrogate model, and its inherently parallelizable nature,
accelerating the exploration process.

The DSE engine of SpikExplorer is built resorting to the Adaptive eXperimen-
tation (AX) optimization package, an open-source solution developed at MetaT M

[140]. It provides high-level Application Programming Interfaces (APIs) that Spik-
Explorer uses to iterate through the optimization e�ciently. Listing 4.1 shows a
summarized version of the code used to perform the optimization. The DSE en-
gine receives in input a set of con�guration parameters, indicating the number of
iterations involved in the optimization (line 7), the objectives of the search (line
8), the metrics to optimize, each associated with the range in which to perform the
search (line 9), and the set of candidate neuron architectures, including the func-
tional models and their characterization (line 10). The optimization process (lines
12-40) starts initializing the Bayesian surrogate model using the AX APIs (lines
14-20) and then performs an iterative procedure (lines 24-38). A set of parameters
is selected at each iteration, following the predictions performed with the surrogate
model (line 27). The network is con�gured with the chosen parameters (line 29),
and its performance is evaluated (line 30). The results are then provided to the
optimizer (line 33), which uses them to update the surrogatemodel (line 36). The
process continues until the required number of iterations is completed (line 24).
The full set of explored points (line 38) is returned (line 40). This can be used to
�nd the best con�gurations on the Pareto frontier and selectthe con�guration that
best �ts the desired requirements.
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1 from ax . s e r v i c e . a x c l i e n t import AxClient
2
3 c l a s s SpikExp lorer :
4
5 de f i n i t ( s e l f , c o n f i g : d i c t ) :
6
7 s e l f . num t r i a l s = c o n f i g . get (" num t r i a l s ")
8 s e l f . o b j e c t i v e s = c o n f i g . get (" o b j e c t i v e s ")
9 s e l f . searchparam = c o n f i g . get (" search param ")

10 s e l f . neurons = c o n f i g . get (" neurons ")
11
12 def op t im ize ( s e l f ) :
13
14 dse eng ine = AxClient ( )
15
16 # I n i t i a l i z e Bayesian op t im iza t i on
17 dse eng ine . c rea te exper imen t (
18 parameters=s e l f . searchparams ,
19 o b j e c t i v e s=s e l f . o b j e c t i v e s ,
20 )
21
22 s e a r c h p o i n t s = [ ]
23
24 f o r in range ( s e l f . num t r i a l s ) :
25
26 # S e l e c t i n i t i a l po in t in the search space
27 n e t c o n f i g = dse eng ine . g e t n e x t t r i a l ( )
28
29 snn = s e l f . ne t gen e ra to r ( n e t c o n f i g )
30 r e s u l t s = s e l f . t r a i n e v a l u a t e ( snn )
31
32 # Give the r e s u l t s to the op t im ize r
33 dse eng ine . c o m p l e t e t r i a l ( r e s u l t s )
34
35 # Update the Bayesian su r roga te model
36 dse eng ine . update ( )
37
38 s e a r c h p o i n t s . append ( ( n e t c o n f i g , r e s u l t s ) )
39
40 re tu rn s e a r c h p o i n t s

Listing 4.1: Summarized code of spike explorer
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Table 4.1 displays the available optimization parameters,organized into three
groups: network architecture (net), neuron model (neuron), and training process
(training). Numeric parameters are "discrete" or "continuous" ranges. In the
former case, only discrete integer values within the speci�ed range are considered,
while in the latter case, a continuous interval of real values is analyzed. Additionally,
numeric values can be de�ned as sets of prede�ned values to try. For non-numerical
parameters, enumerative lists of options are used.

Regarding network architecture, SpikExplorer o�ers constraints for optimizing
the model. These constraints include the number of layers touse (discrete range),
the number of neurons in each layer (set of options), and the network architecture
(feed-forward or recurrent). As exploring the dimensionality of the network is com-
putationally intensive, selecting the number of neurons per layer from a set allows
for reducing the search space by performing a coarser searchamong a prede�ned
range of layer sizes. Conversely, for a �ner search, SpikExplorer can be left to select
any layer size, and a set containing all integer numbers between the desired mini-
mum and maximum can be provided. The �nal parameter related to the network
allows for including recurrent connections within layers.This speci�cation occurs
at the network level, con�guring the entire network with the speci�ed layer type.
Hybrid solutions are not currently considered in the search process. As discussed in
subsection 4.3.2, rather than directly specifying whether layers must be recurrent,
users can select models that inherently incorporate recurrence.

Nearly all internal parameters can be adjusted at the neuron level after selecting
a speci�c model among the six options listed in Table 4.1 and elaborated upon in
subsection 4.3.2. The reset mechanism can be con�gured as hard or subtractive
(refer to Equation 2.3). Optimization of the exponential decay for both the synaptic
current and membrane potential can be achieved through the� and � parameters
(0 � � � 1 and 0 � � � 1). In this case, the search can involve continuous
values, with users specifying the limits of the search rangeor selecting from a
prede�ned set of powers of two. The last option aligns with hardware optimization
principles, where using powers of two allows for replacing the multiplication involved
in exponential decay with a simple bit shift, as demonstrated in [64]. Given that
exponential decay generally does not require rapid attenuation, � and � typically
approach values close to one. Consequently, the search primarily focuses on the
upper portion of the interval [0; 1], utilizing the expression outlined in Table 4.1.
Additionally, the �ring threshold can be adjusted within a continuous range of
values to regulate neuron activity. Finally, users can select the number of time steps
involved in computation by specifying a set of values. Similar to the approach for
choosing the number of neurons, users can limit the set of sequence lengths, tailoring
the set's granularity based on the desired search precision. Alternatively, to grant
SpikExplorer 
exibility in selecting from all possible sequence lengths, users can
provide a set containing all integer numbers between the desired minimum and
maximum.
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Table 4.1: Set of speci�cations that the user can provide. Reproduced from
Padovano et al. 2024 [92], licensed under CC-BY.

Parameter Values
N

et
# layers Discrete

# neurons/layer Set

Architecture
Feed

Forward
Recurrent

N
eu

ro
n

Model
if
lif

syn

rif
rlif

rsyn

Reset
Hard

Subtractive

� , �
Continuous

1 � 2� n

Vth Continuous
Time-steps Set

Tr
ai

ni
ng

Learning rate

Continuous
Optimizer

Regularizer
Surrogate slope

Surrogate

Sigmoid, Fast Sigmoid, ATan,
Straight Through Estimator,
Triangular, SpikeRateEscape,

Custom [86]

In addition to tuning the network architecture, SpikExplorer o�ers optimization
options for the training process. This includes �ne-tuningparameters such as the
learning rate, optimizer settings |such as the Adam [141] parameters� 1 and � 2,
controlling the decay rates of moving averages of gradientsand squared gradients
respectively, and in
uencing the retention of historical information when updating
model parameters |regularization parameters like � , a�ecting the strength of L1
and L2 regularization [142], and modifying the penalty for large weights, and the
surrogate function employed in the backward pass, as elaborated in section 2.9. In
this scenario, SpikExplorer can select the function itselfand adjust its steepness.

Given the many parameters involved, optimization e�orts can focus on speci�c
subsets. An illustration of such a targeted search is presented in section 4.4.
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4.4 Experimental results

This section demonstrates the capabilities of SpikExplorer through selected case
studies designed to test its internal optimization engine.

4.4.1 Experimental set-up

The exploration capabilities of SpikExplorer were evaluated using three distinct
datasets, each with varying complexity and characteristics commonly employed for
benchmarking SNNs:

1. MNIST [61]: grey-scale images of handwritten digits, converted into sequences
of spikes using rate encoding. The corresponding number of inputs is 28� 28 =
784.

2. SHD [90]: audio recordings of numbers pronounced in English and Ger-
man, converted to spikes through a faithful emulation of thehuman cochlea.
Recordings were performed with 700 channels, corresponding to the number
of inputs of the network.

3. DVS128 [143]: video recordings of 11 gestures through a DVS converting
images into spikes. The sensor's resolution is 128� 128 pixels, accounting for
16;384 inputs.

Two optimization experiments were conducted using the three datasets. In the
�rst experiment, a broad exploration was undertaken, allowing SpikExplorer the
freedom to optimize the training process while seeking optimal neuron models and
network architectures. The objective was to minimize area and power consump-
tion while maximizing accuracy. The search parameters provided to SpikExplorer
are detailed in Table 4.2. The exponential decay rates were set to � = 0:9 and
� = 0:82 and maintained constant throughout the search process. The number
of optimization iterations was selected to constrain the optimization time. It was
set to 25 for MNIST and DVS128. Conversely, achieving acceptable accuracy with
SHD requires more training epochs, so the number of search iterations was capped
at 15 to control search duration. The second experiment focused on a more speci�c
optimization goal. Here, the neuron model was �xed initially, and attention shifted
to optimizing the total number of neurons within the network.

Lastly, hardware synthesis of the optimized architecture identi�ed by Spik-
Explorer for the MNIST dataset was conducted to allow for a comparison with
state-of-the-art FPGA accelerators for SNNs. The dataset is typically used as
the reference benchmark to evaluate ML model in general and SNN accelerators
speci�cally. The target hardware platform is aPY NQT M � Z2 board, hosting
a Xilinx ® Zynq � 7000 XC 7Z020� 1CLG400C System on Chip (SoC). This
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Table 4.2: Set of experimental parameters provided to SpikExplorer. Reproduced
from Padovano et al. 2024 [92], licensed under CC-BY.

MNIST SHD DVS128
min max min max min max

Learning rate 10� 4 1:2 � 10� 4 10� 4 1:2 � 10� 4 10� 4 1:2 � 10� 4

Adam � optim 0.9 0.999 0.9 0.999 0.9 0.999
# layers 1 3 1 3 1 3
Model lif, syn, rlif, rsyn lif, syn, rlif, rsyn lif, syn, rlif, rsyn
Reset subtractive subtractive subtractive

Time steps 10, 25, 50 10, 25, 50 10, 25, 50
# neurons/layers 200, 100, 50 200, 100, 50 200, 100, 50
Search iterations 25 15 25
Training epochs 50 100 50

features theXC 7Z020 FPGA, and a DualARM ® CortexT M � A9 MPCoreT M .
The FPGA can be programmed with the free version of theXilinx ® Vivado suite,
making the results strongly reproducible.

4.4.2 Global Exploration

Figure 4.3, Figure 4.3 and Figure 4.3 summarize the performanceof SpikEx-
plorer when optimizing the network architecture and parameters for the three se-
lected datasets. The �gure demonstrates a strong correlation between power con-
sumption (�gure on the left in Figure 4.3, Figure 4.3 and Figure 4.3) and area
(�gure on the right in Figure 4.3, Figure 4.3 and Figure 4.3). While this behavior
is expected, it is noteworthy because previous publications predominantly empha-
sized the correlation between power consumption and spiking activity [64]. For the
MNIST dataset (refer to Figures 4.3a and 4.3b), non-recurrentmodels emerge as
the preferred choice. This preference is evident from the Pareto frontier, where vir-
tually all top-performing models arelif and syn without recurrence. Notably, the
highest accuracy is achieved with a �rst-order LIF model, devoid of any feedback
connection (refer to Table 4.3). This is consistent with expectations since simple
architectures without explicit recurrent connections should be enough, given the
static nature of MNIST data transformed into spike sequencesvia rate coding. In
this scenario, crucial information is not embedded in the temporal dimension but
encoded in the average spike sequence rate. Consistently with what is expected,
SpikExplorer converges towards these more straightforward solutions.

Conversely, in the case of SHD and DVS128, acquired through biologically in-
spired sensors and containing substantial information in spike timing, SpikExplorer
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(a) MNIST complete power (b) MNIST complete area

Figure 4.3: Pareto frontiers of the global exploration on theMNIST dataset tar-
geting power, area, and accuracy optimization. Reproducedfrom Padovano et al.
2024 [92], licensed under CC-BY.

generally leans towards recurrent structures such asrlif and rsyn, along with higher-
order models (syn). Speci�cally, for SHD, a recurrent structure comprisingrlif
neurons emerges as the favored solution. At the same time, the search tends to
diversify more toward bothrsyn and rlif , occasionally incorporatingsyn instances
for the DVS128.

It is noteworthy to observe how SpikExplorer can discover superior architectures
in terms of accuracy by utilizing the same neuron model and comparable numbers
of neurons while playing on other parameters, allowing us tokeep the power con-
sumption unchanged while better tuning them on the target task. This is visible
when looking at the left section of the Pareto frontier across all three datasets.

In summary, Tables 4.3, 4.4, and 4.5 showcase the top-1 accuracy optimized
SNN architecture, parameters, and performance identi�ed bySpikExplorer for the
three benchmarks, categorized by neuron model. The optimization is performed
according to the setup summarized in Table 4.2.

To showcase the capability of SpikExplorer across di�erentuse cases, this study
limited the maximum number of time steps to 50 to mitigate training time. How-
ever, upon reviewing the accuracy achieved by the optimizedmodels, it seems
reasonable to assume that these datasets may bene�t from longer sequences. For
instance, [64] reports a 75% accuracy for SHD with a 200-20 network using rsyn
neurons and 100-time steps. Conversely, models tailored for MNIST can achieve
nearly state-of-the-art accuracies with minimal time steps. Regarding architec-
tures, the search for DVS128 tends toward larger structures,which correspondingly
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(a) SHD complete power (b) SHD complete area

Figure 4.4: Pareto frontiers of the global exploration on theSHD dataset targeting
power, area, and accuracy optimization. Reproduced from Padovano et al. 2024
[92], licensed under CC-BY.

(a) DVS complete power (b) DVS complete area

Figure 4.5: Pareto frontiers of the global exploration on theDVS dataset targeting
power, area, and accuracy optimization. Reproduced from Padovano et al. 2024
[92], licensed under CC-BY.

increases power consumption.
In terms of computing time, the exploration took approximately 5 hours for

both MNIST and DVS, and approximately 16 hours for SHD, conducted on an
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AMD Ryzen 9 7950X 16-Core Processor and an Nvidia RTX400 GPU. It isworth
noting that the primary time consumption arises from training the network, which
is more time-intensive for recurrent models than non-recurrent models due to the
inability to accelerate the explicit time dependence through GPU.

Table 4.3: Best architectures with the four neuron models onthe MNIST. Repro-
duced from Padovano et al. 2024 [92], licensed under CC-BY.

Model Arch. TS Acc.
Power
(mW)

LIF 200-10 10 99.61% 310
RLIF 200-100-200-10 10 99.22% 860
SYN 200-200-10 25 99.22% 680

RSYN 100-10 25 99.22% 140
Table 4.4: Best architectures with the four neuron models onthe SHD. Reproduced
from Padovano et al. 2024 [92], licensed under CC-BY.

Model Arch. TS Acc.
Power
(mW)

LIF 200-20 50 59.41% 360
RLIF 200-200-20 50 61.70% 760
SYN 100-100-200-20 10 58.98% 720

RSYN 100-20 50 58.59% 140

Table 4.5: Best architectures with the four neuron models onthe DVS. Reproduced
from Padovano et al. 2024 [92], licensed under CC-BY.

Model Arch. TS Acc.
Power
(mW)

LIF 200-200-50-11 50 72.27% 500
RLIF 200-200-50-11 25 76.17% 760
SYN 200-100-11 50 75.78% 500

RSYN 100-200-50-10 50 73.83% 590

4.4.3 Fixed neuron models and network size

After showcasing the overall optimization capabilities of SpikExplorer, addi-
tional experiments were performed to highlight its behavior in constrained opti-
mization problems.

Figure 4.6 showcases the capability of SpikExplorer to optimize the network with
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a prede�ned neuron model, solely using the network architecture and parameters.
In this case, the Pareto frontiers are dominated by small architectures (N � 250).
It is interesting to observe that the optimizer is very e�ective when selecting the
network architecture: for example, for the MNIST, an architecture with 200-10
neurons (square on the top left of Pareto frontier) can obtain the same accuracy of
bigger solutions (circles on the top right of the Pareto frontier), reducing the power
requirements by factors of 1.5 and more than 2, respectively. Results reported in
Figure 4.6 also highlight the capability of SpikExplorer in supporting designers in
�nding the suitable trade-o� between di�erent metrics. For example, the Pareto
frontier in Figure 4.6b shows that the power can be reduced almost three times
by accepting an accuracy loss of 3%. Interestingly, the accuracy on the DVS128 is
pushed up to the best value of 81.6%, improving by around 5% concerning a more
agnostic search, indicating that a more specialized searchcan reach even better
results.

Finally, Figure 4.7 shows the behavior of SpikExplorer when constraining the
total number of neurons to 200 to study how di�erent models behave. Interest-
ingly, this produces di�erent observations compared to results reported in subsec-
tion 4.4.2. The optimization for SHD privileges now thesyn model, either with or
without recurrent connections, while thelif model dominates the Pareto frontier
in the DVS128 case. Again, the top-1 accuracy is increased, even if less than in the
search with a �xed neuron model, reaching around 80%. This again supports the
utility of a tool like SpikExplorer when exploring di�erent design opportunities.

4.4.4 Synthesis and comparison with State of Art

As discussed in section 4.3, the power and area values provided by SpikExplorer
are estimations to guide the DSE process and do not representthe actual values
of the �nal FPGA implementation of the respective model. To obtain actual val-
ues and compare the performance of the models optimized by SpikExplorer with
state-of-the-art SNN accelerators designed for FPGAs, a synthesis of an optimized
architecture was conducted using the Spiker+ framework to generate the VHDL
description [64]. This process generated the hardware implementation of a 128-10
architecture optimized with SpikExplorer for the MNIST dataset. This architecture
is compared with other accelerators in Table 4.6.

An important observation is that the same architecture, withthe same neuron
model used in [64], is considered for a direct comparison. Allother parameters are
optimized following the approach outlined in Subsections 4.4.2 and 4.4.3. In this
scenario, SpikExplorer optimizes the model by reducing thetime steps from 100 to
16, decreasing the overall latency by more than six times, from 780�s to 120�s . Si-
multaneously, the optimized training increases the accuracy by almost 3%, reaching
95.8%, thereby establishing the new optimized model as the best one among those
considered, both in terms of power consumption and latency,while also positioning
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(a) MNIST best model power (b) SHD best model power

(c) DVS best model power

Figure 4.6: Pareto frontiers of the exploration with top accuracy neuron model
for each benchmark. Reproduced from Padovano et al. 2024 [92], licensed under
CC-BY.

it close to the best-performing model in terms of accuracy [114]. Thus, SpikEx-
plorer demonstrates its capability to enhance the design ofFPGA accelerators for
SNNs, simplifying the selection of the optimal architecture and e�ectively tailoring
it to the desired application. It must be noted that SpikExplorer can optimize a
target accelerator, starting from an existing set of hardware blocks. If the goal is
to optimize latency and power further, the tool requires a more e�cient neuron
implementation tailored explicitly for low-power or high-performance applications.
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(a) MNIST �xed number of neurons power (b) SHD �xed number of neurons power

(c) DVS �xed number of neurons power

Figure 4.7: Pareto frontiers of the exploration with the number of neurons con-
strained to 200 for each benchmark. Reproduced from Padovano et al. 2024 [92],
licensed under CC-BY.

4.5 Conclusions and future work

This chapter introduced SpikExplorer, a tool tailored for hardware-centric ADSE
in SNNs. Speci�cally designed for crafting and �ne-tuning specialized hardware ac-
celerators intended for deployment on FPGA, this tool showcases the e�ectiveness of
Bayesian optimization within the context of SNNs. It enables an easy and 
exible
multi-objective search, considering model accuracy and critical hardware-speci�c
metrics such as power consumption, area utilization, and latency. The design of
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Table 4.6: Comparison of SpikExplorer to state-of-the-artFPGA accelerators for
SNNs. Reproduced from Padovano et al. 2024 [92], licensed under CC-BY.

Design Han et al. [114] Gupta et al. [110] Li et al. [118] Spiker [89] Spiker+ [64] This work
Year 2020 2020 2021 2022 2024

f clk [MHz] 200 100 100 100
Neuron bw 16 24 16 16 6
Weights bw 16 24 16 16 4

Update Event Event Hybrid Clock
Model LIF LIF [144] LIF LIF
FPGA XC7Z045 XC6VLX240T XC7VX485 XC7Z020

Avail. BRAM 545 416 2,060 140
Used BRAM 40.5 162 N/R 45 18
Avail. DSP 900 768 2,800 220
Used DSP 0 64 N/R 0

Avail. logic cells 655,800 452,160 485,760 159,600
Used logic cells 12,690 79,468 N/R 55, 998 7,612

Arch 1024-1024-10 784-16 200-100-10 400 128-10
#syn 1,861,632 12,544 177,800 313,600 101,632

Tlat /img [ms] 6.21 0.50 3.15 0.22 0.78 0.12
Power [W] 0.477 N/R 1.6 59.09 0.18
E/img [ mJ ] 2.96 N/R 5.04 13 0.14 0.02
E/syn [ nJ ] 1.59 N/R 28 41 1.37 0.22
Accuracy 97.06% N/R 92.93% 73.96% 93.85% 95.8%

SpikExplorer builds upon three open-source projects: snnTorch, AX, and Spiker+.
Being open-source, SpikExplorer o�ers a robust solution for optimizing SNNs.

The capabilities of SpikExplorer were evaluated across three distinct tasks:
static image recognition using the MNIST dataset, a prevalent benchmark in ML;
speech recognition on the SHD dataset; and gesture recognition on the DVS128
dataset. In the MNIST scenario, the tool achieved outstanding performance, sur-
passing existing solutions in terms of latency by classifying images in approxi-
mately 120�s while consuming minimal power (180mW) and achieving high ac-
curacy (95.8%). On the SHD task, it encountered challenges, achieving a top-1
accuracy of approximately 62%, possibly due to the limited number of time steps
used for spike sequences during optimization. Regarding the DVS128 dataset, Spik-
Explorer delivered promising results, achieving 81.6% top-1 accuracy. Notably, the
high dimensionality of the inputs of this dataset, with 128x128 event-based chan-
nels, made the use of FC networks suboptimal and fully parallel processing infea-
sible. Nevertheless, this dataset served as a valuable case study for evaluating the
optimization tool with a complex dataset.

Despite the promising experimental results, additional testing with more com-
plex case studies will be conducted to identify and solve cold boot and scalability
issues that may a�ect Bayesian Optimization. Future work also involves expand-
ing the framework's scope to encompass di�erent architectures such as Convolu-
tional Spiking Neural Network (CSNN) and generalizing the toolto accommodate
diverse computing paradigms like event-driven processors. Despite not explicitly
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tailored for such hardware accelerators, SpikExplorer exhibits considerable 
exi-
bility, supporting custom neuron models and con�gurable metric assessments dur-
ing optimization. This lays a solid foundation for automating the optimization of
SNN co-processors, thereby facilitating the adoption of neuromorphic solutions in
resource-constrained edge applications.
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Chapter 5

Compressed Latent Replays for
Lightweight Continual Learning
on Spiking Neural Networks

© 2024 Institute of Electrical and Electronics Engineers (IEEE). Adapted, with
permission, from Alberto Dequino, Alessio Carpegna, Davide Nadalini, Alessandro
Savino, Luca Benini, Stefano Di Carlo, Francesco Conti, "Compressed Latent Re-
plays for Lightweight Continual Learning on Spiking Neural Networks," 2024 IEEE
Computer Society Annual Symposium on VLSI (ISVLSI), Knoxville, TN, USA,
2024, doi: 10.1109/ISVLSI61997.2024.00052

Edge AI models are susceptible to errors, once deployed, due to shifts in data
distribution between training and operational environments [145]. Also, an increas-
ing number of applications require adapting AI algorithms toindividual users while
maintaining privacy and minimizing internet connectivity.

Continual Learning (CL) | i.e., the ability to continually l earn from evolving
environments, without forgetting previously acquired knowledge | emerges as a
novel paradigm to address these challenges.Rehearsal-basedmethods [146, 147], the
most accurate CL solutions, mitigate forgetting by continually training the learner
on a mix of new data and a stored set of samples from previouslylearned tasks,
albeit at the expense of additional on-device storage.Rehearsal-freemethods [148,
149] rely on tailored modi�cations to network architectureor learning strategy to
ensure model resilience to forgetting, without saving samples on-device, but with a
potential trade-o� in accuracy. CL at the edge, especially Rehearsal-based methods,
can be resource-intensive for various ANN models, as CNNs, demanding substantial
on-device storage for complex learning data.

Also in this context, SNNs emerge as a promising energy-e�cientparadigm.
While online learning has been explored in both hardware and software SNNs
implementations [107], CL strategies in SNNs are only partially investigated in
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Rehearsal-free methods [150, 151, 152]. At the moment of writing this thesis, only
Proietti, et al. [153] addressed Rehearsal-based CL in SNNs. However, their work
shows limited accuracy and does not optimize memory storage, which is vital for
edge devices. This chapter introduces a new rehearsal-based CL solution for SNNs
with the following contributions:

ˆ A cutting-edge, memory e�cient implementation of Rehearsal-based CL for
SNNs, designed to seamlessly integrate with resource-constrained devices. We
enable CL on SNNs by exploiting a Rehearsal-based algorithm | i.e., Latent
Replay (LR) | proving to achieve State-of-the-Art classi�cation accuracy on
CNNs [147].

ˆ A novel approach to reduce the rehearsal memory, based on therobustness
of information encoding in SNNs to precision reduction, whichallows us to
apply a lossy compression on the time axis.

ˆ The method is validated targeting a keyword spotting application, in which
a recurrent SNN must recognize a prede�ned set of words, on twocommon
CL setups: Sample-Incrementaland Class-IncrementalCL.

ˆ Finally, to highlight the proposed approach's robustness, it is tested in an
extensive Multi-Class-Incremental CL routine, learning 10 new classes from
an initial set of 10 pre-learned ones.

In the Sample-Incrementalsetup, a Top-1 accuracy of 92.46% was achieved on
the SHD test set, requiring 6.4 MB for the LRs. This occurs while incorporating
a new scenario, for which the accuracy is improved by 23.64%,without forgetting
the previously learned ones. In the Class-Incremental setup, a Top-1 accuracy of
92% was attained, requiring 3.2 MB, when learning a new classwith an accu-
racy of 92.50%, accompanied by a loss of up to 3.5% on the old classes. When
jointly applying compression and selecting the most performing LR index, the re-
quired memory was reduced by 140� for the rehearsal data, while losing only up
to 4% accuracy, with respect to the na•�ve approach. Moreover, in the Multi-Class-
Incremental setup, a 78.4% accuracy was achieved with compressed rehearsal data,
while learning the set of 10 new keywords. These results pavethe way to a new
low-power and high-accuracy approach for CL on edge.

5.1 Related Work

CL on ANNs involves two main approaches: Rehearsal-based and Rehearsal-free
methods. In Rehearsal-based methods, mitigating catastrophic forgetting involves
training the learner on a mix of newly acquired data and samples from previously
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learned tasks. To increase learned classes, iCaRL [146] utilizes a set of represen-
tative old class examples as rehearsal data, chosen to maintain a balanced set of
classes. To improve the e�ciency of Rehearsal-based methods, Pellegrini et al. [147]
propose storing rehearsal data as Latent Replays, i.e., activations produced as the
output of one of the hidden layers of the learner, speci�cally a feed-forward CNN.
Only the last layers are retrained, while the earliest backbone's weights are frozen.
Results, compared to iCaRL, demonstrate three orders of magnitude faster execu-
tion, with an almost 70% improvement in Top-1 accuracy on a Class-Incremental
setup using the CORe50 dataset. In Rehearsal-free methods,addressing forgetting
involves modifying the learner's architecture or customizing the training procedure
[148, 149]. However, their accuracy lags behind Rehearsal-based approaches. The
Rehearsal-based approach using LRs was adopted, given its demonstrated e�ective-
ness on CNNs.

Continual Learning in SNNs has primarily focused on Rehearsal-free methods.
Skatchkovsky et al. [150] propose a Bayesian continual learning framework, pro-
viding well-calibrated uncertainty quanti�cation estimates for new data. In con-
trast, the SpikeDyn framework [151] introduces unsupervised continual learning on
a model search algorithm, supporting adaptive hyperparameters. However, this ap-
proach performs poorly, achieving 90% accuracy on average for a new class in the
MNIST dataset while only maintaining 55% accuracy on the old classes. Drawing
inspiration from human brain neurons, Han et al. [152] propose Self-Organized
Regulation networks, capable of learning new tasks by self-organizing the neural
connections of a �xed architecture. Additionally, they simulate irreversible dam-
age to SNNs structures by pruning the models. Results on the CIFAR100 and
Mini-ImageNet datasets, using DNN-inspired Convolutional and Recurrent net-
works, demonstrate an average accuracy of around 80% and 60%, respectively, for
all learned classes. To the best of our knowledge, only the work of Proietti, et
al., [153] targets Rehearsal-based CL on SNNs. In their approach, a Convolutional
SNN model is trained to learn in a Class-Incremental and Task-free manner on the
MNIST dataset, learning multiple binary classi�cation tasks in sequence. However,
their exploration doesn't involve any memory optimizationtechnique, storing raw
data for the rehearsal phase. Additionally, they report a top-1 accuracy of 51%
after learning sequentially the 10 target classes, while requiring 16MB of rehearsal
memory.

To improve accuracy and optimize memory e�ciency, the reharsal-based domain
was explored, applying e�cient time-compressed LRs to SNNs.
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Figure 5.1: Visual depiction of a generic SNN with Recurrent Neurons and Latent
Replays. In a), our Recurrent Neuron model; in b), the structure of a generic Fully-
Connected model for Continual Learning; in c), an example of the data fed to the
Latent Replay stage. Reproduced from Dequino et al. 2024 [154]© 2024 IEEE.

5.2 Latent Replay-based Continual Learning in
SNNs

In this chapter, inspiration is drawn from the work of Pellegrini et al. [147] on
LR, initially designed for CNNs. Several crucial steps must beaddressed to adapt
this paradigm for SNNs. First, rehearsal data need to encapsulate the temporal
evolution of a layer of spiking neurons, in contrast to the static input images in the
original LR framework. Second, this temporal evolution must �t into the learning
algorithm, i.e., BPTT, while mixing with newly acquired data. Furthermore, our
attention is directed towards two CL scenarios: a Sample-Incremental setup, where
a learner is trained to classify unseen scenarios, and a Class-Incremental setup,
where the learner is tasked with identifying an increasing number of classes.

76

https://doi.org/10.1109/ISVLSI61997.2024.00052


5.2 { Latent Replay-based Continual Learning in SNNs

Algorithm 1 SNN Latent Replay training. Reproduced from Dequino et al. 2024
[154]© 2024 IEEE.

1: Input: TRpre, TRcl .
2: Parameters: Epre, Ecl , K, � .
3:

4: Initial Training phase:
5: Initialize SNN weights W, V randomly
6: for e  1 to Epre do
7: (W, V)  BPTT.train(SNN, TRpre,(W, V), � )
8: end for
9:

10: Prepare network for CL:
11: (SNNf ; SNNl) = split (SNN, K )
12: LR = Inference(TRreplay � TRpre, SNNf )
13:

14: Train network on new data:
15: for e  1 to Ecl do
16: A = Inference(TRcl , SNNf )
17: (Wl , Vl ) = BPTT.train (SNN l , A [ LR , (Wl , Vl ), � )
18: end for

5.2.1 Latent Replays in SNNs

Algorithm 1 outlines the proposed Latent Replay-based training for an SNN
with L layers. The neural network undergoes pre-training overEpre epochs using
BPTT on an initial training set TRpre with an � learning rate (lines 4-8). As
illustrated in Figure 5.1-b, the network is then split into two sections: (SNNf ),
comprising the �rst K layers denoted asfrozen layers, and (SNNl), encompassing
layers from theL � K + 1-th to the L-th, marked aslearning layers(line 11). The
latent replays (Figure 5.1-c), denoted asLR , constitute a collection of the output
activations of the K th layer when exposed to a subsetTRreplay of the pre-training
set. This collection must be stored for later use during CL training (line 12),
necessitating onboard storage. Since input data are trainsof spikes (i.e., binary
values) distributed overTs time-steps, the stored LRs are in turn sequences ofTs

single-bit activations.
When training the network on new data, belonging to a new scenario or class,

only the learning layers, are trained: the frozen layerssimply propagate the input
spikes sequences in the forward direction, processing themthrough the function
learned in the pre-training phase (line 16). Thelearning layersare then trained for
Ecl epochs, using the output activations of theK th layer, blended with the stored
LRs to keep memory of the learned data (line 17).
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Figure 5.2: Example of a lossy compression (1) to store LRs. Compression ratio
is here set to 4:1. Shrinking LRs and activations reduces thememory by 4� . A
de-compression step (2) is required to respect the SNN time scale. Reproduced
from Dequino et al. 2024 [154]© 2024 IEEE.

5.2.2 Optimization of Latent Replay memory

To keep memory of previously learned information, an additional storage is
required for the LRs. The problem becomes increasingly serious when more classes
or scenarios are learned sequentially, making the requiredmemory grow over time.
To limit the phenomenon, a time-domain lossy compression onLRs is used.

Figure 5.2 illustrates the compression technique applied toa generic spiking
sequence. Given a compression ratio (Cr ), each component of a LRs sample is
compressed into a sequence ofTs=Cr binary activations. The algorithm involves
two steps: �rst, the uncompressed sequence is divided into chunks composed ofCr

activations. Subsequently, each chunk is compressed in a single time step using a
lossy compression based on thresholding: if the number of spikes within the chunk
reaches a giventhreshold(e.g., 1), a spike is generated in the compressed sequence.
The impact on computational resources manifests as aCr � memory reduction fo
the LRs.

When processing a LR with the compressed data, decompressionis needed to
respect the time scale of the model. To avoid this step, di�erent model's time
constants were tried, adapting them to the compressed duration of the spike se-
quences. However, the accuracy loss was dramatic, especially with compressed LR
performed in the �rst layers. The inter-layer recurrent connections in these layers
were likely tuned to a speci�c time scale and did not adapt well to its variation.
In support of this idea, observations prove that a compressed LR on the last layer,
which doesn't contain any feedback connection, almost doesn't a�ect the �nal ac-
curacy. The solution, which also works for recurrent layers, is to uncompress the
sequence by interleaving the compressed samples with zeroes to match the time
scale of the spikes' sequence at run-time.
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5.3 Experimental Results

5.3.1 Experimental Setup

The proposed methodology was evaluated using the SHDs dataset [90], which
comprises 10,420 spiking trains of 100 timesteps each. These trains consist of audio
samples obtained through a conversion system inspired by the human cochlea. The
dataset is categorized into 20 classes, corresponding to numbers 0 to 9, pronounced
by 12 speakers in both English and German. A recurrent SNN was employed,
with 700 input neurons and 20 outputs (one for each class), including 4 layers with
decreasing output size (200-100-50-20). As described in chapter 2, the target neuron
model was a Synaptic Conductance-based Second Order LIF neuron model, trained
using BPTT and a fast-sigmoid SG. The proposed training setup incorporated a
learning rate of � = 10� 3 for the Sample Incremental task and� = 2 � 10� 4 for the
Class Incremental task.

5.3.2 Weights initialization

When pre-training an SNNs for a Class-Incremental setup, neurons associated
with unlearned classes were trained to be inactive. Therefore, when adding a new
class to the pre-trained classi�er, the yielded accuracy was poor, reaching a maxi-
mum of 57%. This issue was addressed by re-initializing the neuron weights devoted
to detect the new class. When performing weight re-initialization, the obtained
accuracy was strictly linked to the re-initialization strategy. Notably, random, con-
stant, and Xavier-Glorot initializations [155] proved ine� cient for pro�cient learn-
ing of the new class. Instead, a normal random distribution was adopted, with
mean and variance aligned with those of the classi�er's weights trained on the old
classes. This approach enabled the target model to achieve aremarkable 92.9%
accuracy on the new class. Further details are discussed in subsection 5.3.4. Unlike
the Class-Incremental scenario, the Sample-Incremental scenario did not require
any initialization, as the number of classes did not change between samples.

5.3.3 Sample-Incremental CL

The target model underwent pre-training on 11 out of 12 scenarios (speakers)
to simulate user personalization in keyword spotting tasks. The 12th scenario was
introduced using a Sample-Incremental CL approach. To benchmark the proposed
technique against methodologies like [153], experiments were conducted in three
setups: (i) ana•�ve incremental setup, where the 12th speaker was learned without
rehearsal; (ii) ana•�ve rehearsal setup, mixing the 12th speaker's input activations
with 2,560 samples from the training step; (iii) the proposed LR setup, integrating
2,560 LRs stored at the output of the 2nd-to-last layer. Figure 5.3-a) displays the
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Figure 5.3: Measurement of (a) forgetting and (b) Top-1 accuracy on the new
scenario (Sample-Incremental CL). Latent Replays were applied to the 2nd to last
layer of the considered model using 2,560 past samples for the replay. Reproduced
from Dequino et al. 2024 [154]© 2024 IEEE.

forgetting measurement, represented by the Top-1 accuracyof the SNN after 50
CL epochs, focusing on the old scenarios. Figure 5.3-b) showcases the accuracy of
the new scenario.

As observed in CNNs, SNNs face Catastrophic Forgetting when learning new
samples without rehearsal. In na•�ve incremental, few epochs specialized the model
toward the new speaker (> 90% accuracy), resulting in almost 40% accuracy loss
on the old speakers. In na•�ve rehearsal, rehearsal data enabled the model to retain
nearly the same accuracy before the CL routine, limiting theaccuracy drop on the
old speakers to a 2%. Conversely, the new speaker was learnedwith almost 90%
accuracy. Retraining only the last 2 layers with LRs maximized accuracy retention
on old scenarios. The pre-training accuracy of 11 speakers was enhanced by 1%,
as the new speaker's samples strengthen classi�cation in classes seen during pre-
training. The Top-1 accuracy on the new speaker was increased by 24%, reaching
an overall 88%. This was 2% lower than na•�ve rehearsal, but it was associated with
a 7� reduction in the memory required to store rehearsal data.

5.3.4 Class-Incremental CL

In this scenario, the introduction of a new keyword was simulated by pre-training
the model on 19 out of 20 classes and adding the 20th class subsequently. Simi-
lar to the Sample-Incremental setup, three scenarios were compared: (i) a na•�ve
incremental, (ii) a na•�ve rehearsal, and (iii) the proposed LR setup. Figure 5.4-a)
measures forgetting, while Figure 5.4-b) shows Top-1 accuracy on the new class.
In terms of forgetting, LRs showed no accuracy drop, outperforming both na•�ve
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Figure 5.4: Measurement of (a) forgetting and (b) Top-1 accuracy on the new class
(Class-Incremental CL). Latent Replays were applied to the2nd to the last layer of
the model. Reproduced from Dequino et al. 2024 [154]© 2024 IEEE.

rehearsal (' 3% drop) and na•�ve incremental (complete forgetting). Thenew class
was learned within 50 epochs for all three methods. While na•�ve incremental over-
�tted the new class, completely forgetting the past ones, LRs achieved the highest
accuracy of 83% without notable forgetting. Again, the accuracy reached by na•�ve
rehearsal was a bit higher on the new data, and exceeded LRs by3%. However
this came at the cost of a 3% forgetting of the past classes, with a 7� memory
occupation.

5.3.5 Classi�cation Accuracy vs Number of LRs

Figure 5.5 comprehensively analyzes the impact of various hyperparameters
on accuracy, examining (a) the number of LRs and (b) LR indices across di�erent
epochs. In the Sample-Incremental setup, increasing LRs positively in
uenced Top-
1 accuracy. The primary e�ect was on the maximum accuracy, rather than the
convergence slope, which remained relatively constant across all cases. An initial
forgetting was observed with 640 and 1280 past samples, becoming more and more
accentuated with decreasing numbers of LRs. However, in all the cases the network
was able to retrieve the past information, bringing the accuracy back to its initial
value, or exceeding it. The choice of LRs index impacted maximum accuracy as
well: Figure 5.5 shows the superiority of LRs (indexes 1, 2 and3) with respect to
na•�ve reharsal (index 0). The highest accuracy of 92.5% wasachieved with 5,120
LRs at layer index 1, as layer 0 retains knowledge of old data while extending
towards old and new samples.

Increasing LRs has similar e�ects for the Class-Incremental CL setup. While
varying the layer index, the peak accuracy was obtained at LRsindex 2 , making
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Figure 5.5: Top-1 accuracy on SHD's test set in Sample and Class-Incremental CL,
in case of a variable number of LRs (a) with respect to the epochs, (b) with respect
to the LR index. Reproduced from Dequino et al. 2024 [154]© 2024 IEEE.

Table 5.1: Memory-Accuracy tradeo� for Sample-IncrementalCL, with 2560 LRs
and variableCr and LR index. Pre-training accuracy on the scenario to be learned
was 65%. Reproduced from Dequino et al. 2024 [154]© 2024 IEEE.

Cr

LRs
Na•�ve rehearsal Layer 1 Layer 2 Layer 3

1:1
Acc 90.50% 92.46% 91.79% 90.37%

Mem 22.4 MB 6.4 MB 3.2 MB 1.6 MB

1:5
Acc 67.81% 79.71% 89.91% 90.27%

Mem 4.48 MB 1.28 MB 640 KB 320 KB

1:10
Acc 67.12% 68.12% 84.73% 88.79%

Mem 2.24 MB 640 KB 320 kB 160 kB

Top-1 accuracy reach 93% with 4,864 LRs. This indicates the capability of the
�nal layers to learn the new class, exploiting the higher-level features learned by
previous layers. An interesting e�ect can be noted at index 1,where the curve is
non-monotonic: in this case, a larger number of LRs delayed the convergence of the
model, preventing it from reaching an acceptable accuracy within the 50 epochs.
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Table 5.2: Memory-Accuracy tradeo� for Class-Incremental CL, with 2432 LRs
and variableCr and LR index. Reproduced from Dequino et al. 2024 [154]© 2024
IEEE.

Cr

LRs
Na•�ve rehearsal Layer 1 Layer 2 Layer 3

1:1
Acc 89.55% 91.83% 92.05% 89.26%

Mem 22.4 MB 6.4 MB 3.2 MB 1.6 MB

1:5
Acc 84.93% 57.43% 82.03% 86.78%

Mem 4.48 MB 1.28 MB 640 KB 320 KB

1:10
Acc 77.43% 30.75% 69.42% 85.53%

Mem 2.24 MB 640 KB 320 kB 160 kB

5.3.6 Compressed LRs

At this point, the memory-accuracy trade-o� of the proposedLR compression
algorithm was studied. The choice of the LRs' layer index andthe time compression
factor Cr was based on the trade-o� between accuracy and memory requirements.
Table 5.1 and Table 5.2 present the results obtained on the full SHD test set, for
Sample and Class-Incremental setups respectively. In the case ofna•�ve rehearsal,
the rehearsal data were stored as past input activations, consisting of 100 timesteps
and 700 inputs. The spatial size of LRs aligned with the size of the layer on which
they were stored as input, such as 100 inputs for layer 2. Afterselecting aCr , the
rehearsal data were additionally compressed on the time axis; for example, with
Cr = 5, the data were reduced by 5� , featuring 20 timesteps. Therefore, all the data
were scaled proportionally. The experiments showed a minimal size of the rehearsal
data, with LRs collected on layer 3 usingCr = 10, being 140� smaller than na•�ve
rehearsalwithout compression. For the Sample-Incremental setup (Table 5.1), the
results showed that a Top-1 accuracy of 92.46% for uncompressed LRs with index
1, surpassing the na•�ve rehearsal by 2%. Compressed LRs reduced the maximum
accuracy: in case of a 1:5 ratio, 90.27% was achieved with index 3, while the
accuracy drop on earlier LR indices became prohibitive before layer 2. This drop
was accentuated for 1:10 compression, achieving a Top-1 accuracy of 88.79% on
index 3. However, a memory save of 10� was attested.

Also in case of a Class-Incremental setup (Table 5.2), the Top-1 accuracy of
Latent-Replay, obtained at LR index 2, surpassed the Naive-Incremental by a 2.5%.
Performing a LR at index 3 brought back the accuracy to 89.26%, comparable with
Na•�ve reharsal, but with a memory requirement 14� lower. Finally 1:5 and 1:10
time compressions corresponded to a further drop of 2.5% and3.7%, but with a
memory saving of 5� and 10� . The accuracy loss for previous indexes was still
too high, indicating that a lighter compression is required.
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Figure 5.6: Multi-Class-Incremental CL on SHD. Here, a pre-trained model learned
to classify 10 more classes, starting from a pre-training on10 classes. Reproduced
from Dequino et al. 2024 [154]© 2024 IEEE.

5.3.7 Comparison with other compressions

The technique focuses on preserving most of the temporal content of spike se-
quences, while allowing for an easy decompression at run-time. Alternatively, latent
spikes can be aggregated by storing them as active spike counts.

Two additional compression methods were compared with the proposed sub-
sampling approach (Figure 5.2): �rst, spikes were aggregated over the full sequence
and expanded during rehearsal, placing all spikes in the �rst time-steps. While
this drastically reduces the required memory tolog2(N ) bits/sequence, the time
information was lost, causing a 12% to 14% accuracy drop compared to the proposed
technique, with Cr = 10 and 20. The second was a hybrid approach: sequences
were split into chunks and spikes accumulated within each chunk. This led to a 2%
accuracy improvement with respect to the proposed method, at the cost of a 3� and
4� memory occupation withCr = 20 and Cr = 10, respectively. Therefore, for the
considered keyword spotting setup, the proposed method provides an optimal trade-
o� between accuracy, memory occupation and run-time decompression complexity.
Also, the temporal properties of the spike trains proved to bemore relevant than
the absolute number of spikes.

5.3.8 Multi-Class-Incremental Setup

Finally, a more complex testing scenario was considered, i.e., a keyword spotting
language shift in which the model learned to classify 10 classes of digits in German,
starting from 10 pre-learned English-spoken digits. The pre-trained knowledge was
stored as 2560 LRs, 256 per-class. After each new class was learned, 256 LRs were
added to the memory. The model was trained for 50 epochs per class, withCr = 2.
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Figure 5.6 shows the Top-1 accuracy over the 20-class SHD test set. The pre-
training accuracy was of 48.5%, corresponding to an accuracy of 97% on the �rst
10 classes only. While learning with CL, a monotonic growth was assessed, learning
each successive class with 88.2% average accuracy. For eachnew class learned, an
average forgetting of 2.2% was observed on all the previous classes. In the end, a
�nal accuracy of 78.4% on the full test set was obtained.

5.4 Conclusions and future work

This work represents one of the early attempts to apply rehearsal-based meth-
ods to SNNs. Rehearsal techniques provide several practical advantages over other
continual learning strategies, such as regularization-based approaches [156, 157]
and architectural methods [158, 159]. Unlike regularization methods, which con-
strain weight updates to preserve prior knowledge, rehearsal strategies explicitly
revisit prior data, resulting in more robust retention|esp ecially for complex, high-
dimensional tasks. Compared to architectural solutions, which expand the model
or allocate task-speci�c subnetworks (e.g., Progressive Neural Networks), rehearsal
methods are more memory-e�cient and scalable, particularly when enhanced with
sample selection or compression.

Biological inspiration underpins this strategy, drawing from hippocampal replay
phenomena observed in the brain during sleep or rest. Such replay, which involves
the reactivation of neuronal sequences linked to past experiences, is thought to
support memory consolidation and long-term learning.

Our experiments with compression techniques demonstratedthat the network
could retain knowledge of previous tasks even when presented with an approximated
version of past activations. This is encouraging both computationally|indicating
that the model is not tied to exact activation patterns|and i n terms of memory ef-
�ciency, as compression signi�cantly reduces storage demands, as shown in Section
5.3. However, this study remains preliminary, as it relied onsupervised training
with BPTT, which requires unrolling the network over time and storing all inter-
mediate activations|an approach that dramatically increases memory usage. In
future work, we aim to extend this framework by exploring more e�cient learning
algorithms such as E-prop [160] and STDP [81], with the goal of enabling on-device
training and continual learning directly on edge platformsin real-time scenarios.
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Chapter 6

Neuromorphic Heart Rate
Monitors: Neural State Machines
for Monotonic Change Detection

© 2024 IEEE. Adapted, with permission, from Alessio Carpegna, Chiara De
Luca, Federico Emanuele Pozzi, Alessandro Savino, Stefano Di Carlo, Giacomo In-
diveri, Elisa Donati, "Neuromorphic Heart Rate Monitors: Neural State Machines
for Monotonic Change Detection," 2024 IEEE Biomedical Circuits and Systems
Conference (BioCAS), Xi'an, China, 2024,
doi: 10.1109/BioCAS61083.2024.10798178

As last contribution to this thesis, transitioning from conventional digital archi-
tectures to neuromorphic systems enables energy-e�cient computation by leverag-
ing biologically inspired principles. In this �nal chapter, the application of neuro-
morphic technology to real-world biomedical signal processing is explored, focusing
on Heart Rate (HR) monitoring. Detecting and quantifying HR hasemerged as
a critical tool for identifying potential pathologies and providing valuable insights
into cardiovascular health [161]. Among variable behaviors, monotonic HR changes
indicate unidirectional trends, either increasing or decreasing, in average HR over
time. In non-clinical settings, such as general well-beingand athletic training,
tracking monotonic changes in HR is essential for evaluatingphysical �tness and
recovery rates [162]. In clinical settings, monitoring monotonic changes in HR is
crucial for medical diagnosis and patient monitoring. A consistent monotonic in-
crease or decrease in heart rate can be an early indicator of cardiac conditions such
as arrhythmia, bradycardia, or tachycardia. Early detection of these trends enables
timely medical intervention, preventing more severe complications and improving
patient outcomes [163].

Understanding monotonic increases in HR is also particularlyimportant in pa-
tients with dementia, as it can help detect physiological stress or discomfort that
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could precede or accompany agitation states [109, 164]. By monitoring trends in
dementia care and detecting early signs of agitation, healthcare providers and care-
givers can intervene more promptly and e�ectively. This maypotentially reduce the
severity and frequency of agitation episodes, thereby improving the quality of care
and the quality of life for dementia patients and reducing the burden on caregivers
[165].

Due to the importance and, at the same time, the di�culty of detecting these
changes for human interpreters, an always-on system capable of continuously mon-
itoring and detecting changes in average HRs can be extremelyimpactful. Always-
on devices for health monitoring must meet stringent requirements, including low
power consumption and real-time processing. For patients with dementia, these
devices must operate for extended periods without frequentrecharging, as subjects
might not remember to charge the device regularly. Therefore, a low-power device
that can be used as a \wear and forget" system is essential to ensure e�ective health
management.

To this end, neuromorphic technology o�ers a compelling solution, providing
energy-e�cient and reliable processing capabilities [166]. Sensory-processing sys-
tems built using mixed-signal neuromorphic circuits are well-suited to the demands
of continuous health monitoring [167]. Examples have already been successfully
applied in a wide range of wearable applications, such as ECGanomaly detection
[168, 169], High Frequency Oscillation (HFO) detection [170], and Electromyogra-
phy (EMG) decoding [171, 172].

This chapter presents for the �rst time a neuromorphic implementation of an
on-line signal processing system to speci�cally detect monotonic changes in average
HRs over a long period of time. Computational primitives of analog neuron circuits
are deployed, such as recurrent neural network models of �nite state machines (i.e.,
Neural State Machines (NSMs)) [173, 174] that can switch between states, each
encoding di�erent average HR conditions, independent of thetime elapsed between
state changes. Here, the focus is on a monotonic state switch, tested on ECG, to
detect a progressive HR increase. The model's ability to track HR changes during
activities (i.e., walking, cycling) is evaluated by testing it on a dataset with varying
patterns. This chapter demonstrates how the model accurately follows monotonic
changes (steady increase or decrease) while remaining inactive for non-monotonic
signals. It further shows how the robust computational properties of NSMs allow
the mixed-signal neuromorphic processor to produce accurate and reliable results.
The low power consumption, 90�W , and real-time processing features of these
neuromorphic circuits make them ideal candidates for building continuous, long-
term health monitoring devices in both clinical and non-clinical settings.
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6.1 Background

6.1.1 Neuromorphic Hardware

The approaches presented up to now exploited traditional technologies to em-
ulate biological behaviors. However the original idea of Neuromorphic Computing
[29] was to physically emulate the behavior of neurons usingsilicon technology.

In this context, analog CMOS-based neuromorphic architectures represent a
class of circuits speci�cally designed to mimic the computational properties of bi-
ological neural systems using continuous-time, continuous-valued analog signals
[175]. Unlike digital or voltage-based implementations, these architectures encode
information through currents, leveraging subthreshold CMOS circuits to enable
ultra-low power consumption, real-time operation, and biologically realistic dy-
namics [176]. This makes them particularly well-suited foredge always-on sensing
applications [177]. In current-mode operation, signals are represented by electrical
currents rather than voltages. This paradigm aligns closely with the behavior of
biological neurons and o�ers several practical advantages:

1. Neurons and synapses in biological systems naturally operate using currents,
such as ion channel currents.

2. Current-mode circuits can achieve low impedance, high-speed, and low-voltage
swings|leading to extreme energy e�ciency.

3. Summation and integration of inputs are naturally performed by Kirchho�'s
current law.

Analog neurons in this architecture are typically implemented using transistors
operating in the subthreshold regime, where the drain current depends exponen-
tially on the gate voltage. This enables smooth, biologically plausible dynamics.
The membrane potential is modeled as a capacitor that integrates incoming synap-
tic currents. When the voltage crosses a threshold, the neuron emits a spike and
resets its potential. Analog synapses modulate the amplitude of the current 
ow-
ing into the neuron [178]. These synapses can incorporate programmable weights
through technologies such as 
oating-gate transistors, memristors, or Digital to
Analog Converter (DAC)-controlled current mirrors. Furthermore, they can sup-
port plasticity mechanisms like STDP, which are implemented in continuous time
by exploiting the temporal overlap of pre- and post-synaptic spikes.

While the internal processing is analog, communication between neurons is typ-
ically event-driven using the AER protocol. In this scheme, spike events are en-
coded as asynchronous digital packets containing the source address and the spike
timestamp. This enables sparse, scalable, and energy-e�cient communication be-
tween neurons and synapses. Additionally, local learning circuits can be embedded
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to support on-chip implementation of learning rules such asHebbian learning or
STDP.

Several pioneering systems have demonstrated the viability of analog CMOS-
based neuromorphic computing:

ˆ Stanford's Neurogrid [100] is a large-scale CMOS-based analog neuromorphic
system which uses subthreshold circuits to emulate cortical columns.

ˆ BrainScaleS [54] is a hybrid system with accelerated analogneuron circuits
and digital communication for high-throughput brain simulation.

ˆ DYNAP-SE [33] is a mixed-signal neuromorphic processor based on analog
LIF neurons with con�gurable synapses.

These architectures bene�t from extremely low power consumption, often in the
microwatt or nanowatt range per neuron, real-time dynamics, and high integration
density, enabling the implementation of large-scale networks in compact silicon
footprints.

However, analog architectures also come with notable limitations. Analog com-
ponents are inherently sensitive to process variations, temperature 
uctuations, and
device aging, and analog signals tend to be more susceptibleto noise compared to
their digital counterparts. Rather than viewing these imperfections solely as draw-
backs, neuromorphic designers often embrace them, using these constraints as an
opportunity to develop computational primitives that re
ect the same challenges
faced by biological brains. For instance, instead of relying on the precision of in-
dividual neurons, these systems employ populations of neurons to achieve robust,
fault-tolerant computation. This collective behavior allows neuromorphic circuits
to operate reliably in noisy, variable environments, much like their biological inspi-
ration.

The neuromorphic processor used in this study is the DYNAP-SE chip [33].
It is a custom-designed asynchronous mixed-signal processor that features analog
spiking neurons and synapses that mimic the biophysical properties of their biolog-
ical counterparts in real-time. The chip comprises four cores, each containing 256
AdExIF neurons. Each synapse can be con�gured as one of four types: slow/fast
and inhibitory/excitatory. Each neuron includes a ContentAddressable Memory
(CAM) block with 64 addresses, representing the pre-synaptic neurons to which it
is connected. Digital peripheral asynchronous input/output logic circuits receive
and transmit spikes via the AER communication protocol [179]. In this system,
each neuron is assigned a unique address encoded as a digitalword, which is trans-
mitted using asynchronous digital circuits as soon as an event is generated. The
chip features a fully asynchronous inter-core and inter-chip routing architecture,
allowing 
exible connectivity with microsecond precisioneven under heavy system
loads.
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6.1.2 Neuromorphic primitives

Figure 6.1: Excitatory-Inhibitory balanced computationalprimitive

Subsection 6.1.1 introduced the constraints of analog neuromorphic systems.
To overcome these challenges, design approaches and methodologies are essential
for building e�ective systems from noisy and unstable platforms. Nature, however,
has had millions of years of evolution to develop solutions for performing com-
plex tasks on biological systems that face similar constraints. One computational
primitive observed in nature is the concept of excitatory-inhibitory (E-I) balanced
networks [180]. These are recurrent neural populations that, once activated, can
sustain their activity even when input is suppressed, maintaining network stability
and preventing runaway excitation or inhibition. This balance between excitatory
and inhibitory neurons is thought to be crucial for a wide range of brain functions,
including sensory processing, motor control, and cognition. The E-I balance en-
sures stable network dynamics, supporting complex computations without leading
to chaotic or oscillatory behavior [174]. By regulating network activity within a
functional range, this balance prevents both hyperactivity, which can cause seizures,
and hypoactivity, which can result in cognitive de�cits. This principle of E-I bal-
ance is fundamental to the normal functioning of various brain regions, including
the cortex, basal ganglia, hippocampus, cerebellum, and thalamocortical networks.

Figure 6.1 shows an example of an Excitatory-Inhibitory (E-I)-balanced net-
work, along with the average �ring activity of the excitatory and inhibitory popu-
lations. It can be observed that, even after the external input is removed, the two
populations are able to maintain sustained activity. This enables the network to
operate with time constants signi�cantly longer than thoseachievable by individual
neurons alone.

Such E-I-balanced primitives can be composed to construct more complex ar-
chitectures, including Winner Takes All (WTA) [181] networks and NSMs [182].
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These higher-order structures implement forms of computation inspired by biologi-
cal circuits and are particularly suited for modeling sequential and state-dependent
behaviors.

6.2 Materials and Methods

6.2.1 Dataset and signal processing

To test the model, an available dataset that includes left wrist Photoplethysmo-
gramss (PPGs) and chest ECG recordings taken while participants used an indoor
treadmill and exercise bike is used, accompanied by simultaneous motion data from
accelerometers and gyroscopes [183]. Participants performed various exercises, such
as walking, light jogging/running on a treadmill, and pedaling at low and high resis-
tance, each for up to 10 minutes. The dataset includes records from 8 participants,
with most participants spending 4 to 6 minutes per activity.The signals were sam-
pled at 256 Hz, and the ECG records were processed with a 50 Hz notch �lter to
remove mains interference.

An energy-based approach was devised for signal-to-spike conversion [184]. The
proposed method comprises two stages: bandpass �ltering and LIF neurons [185,
186, 187]. Each input channel was processed through a seriesof bandpass �lters.
Four bands were used: 60-82 (#0), 82-105 (#1), 105-128 (#2),and 128-150 (#3)
Beats Per Minute (BPM), employing fourth-order Butterworth �lters. This covers
a reasonable range of HR variation, spanning from a relaxed state to a tachycardiac
one. Afterward, the signal was full-wave recti�ed and injected as a time-varying
current into a simple LIF neuron.

6.2.2 Network on chip

Figure 6.2 shows the designed NSM. The architecture is based onE-I-balanced
populations of AdExIF neurons [66], introduced in section 2.6. As mentioned in
subsection 6.1.2, these populations can maintain sustained activity for extended
periods, much larger than the time constants of the neurons themselves. This
allows the network to implement a working memory capable of processing signals
that change slowly compared to the time scales used within the chip.

The core of the network is a set of four E-I-balanced populations, organized in
a WTA architecture. The shared inhibition population (red) encodes the state of
the network by sustaining the activity of a speci�c population while silencing all
the others. This guarantees that when receiving the input signal, such as an ECG
recording, only the population corresponding to the most active frequency range is
activated.

A second set of E-I-balanced populations, named Gating E-I-balanced popu-
lations, is used to control the transition between di�erentstates. The goal is to
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Figure 6.2: Monotonic NSM. The input signal is �ltered through four 4th order
Butterworth bandpass �lters. Each �ltered component is converted into spikes
through a AdExIF neuron (blue). The input spikes are fed into populations of
AdExIF neurons (blue), encoding di�erent states of the network, interconnected
in a WTA con�guration via a common inhibitory population (red). States are
connected to gating populations (yellow) to implement the monotonic computation.
These are organized in a E-I-balanced con�guration with an inhibitory population
(red) limiting the overall activity. Reproduced from Carpegna et al. 2024 [188]
2024 IEEE.

target a progressive increase in HR, making the system robustto short 
uctuations
or temporary BPMs decreases, following only the average trend of the input. The
mechanism of dis-inhibition [174] is exploited to ensure the network switches only
to increasing states. The gating populations continuouslyinhibit the inactive ele-
ments of the WTA network, making them insensitive to any inputstimulus. When
a state is activated, it turns o� (inhibits) the gating popul ation of the subsequent
state. This leads to the dis-inhibition of the next state, which makes it sensitive
to the input. At the same time, it activates all the gating populations of previous
states and the states following the next. This guarantees that the network follows
only monotonic transitions between states and does not require precise tuning of
the populations and connection synapses to make the system work. What mat-
ters is (i) that populations are su�ciently stable to mainta in a sustained activity
and (ii) that the inhibition between the gating populationsand the WTA states is
strong enough to silence any spiking activity completely. Finally, state 0 has no
gating populations connected to it. This allows it to be usedas a reset state: if
the monotonic increase is only partial, and the HR returns to the relaxation range
before reaching the alarming threshold, the network restarts, waiting for a new
ramp-up in the input.
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6.3 Experimental Results

To obtain reliable computation in the NSM while minimizing the overall net-
work size, 16 neurons per population were used, with a total requirement of 176
neurons. Table 6.1 shows the average connection probabilities for di�erent popu-
lations. The resulting network is compact, �tting well within a single core of the
target chip [33]. Each population exhibits an average �ringrate of approximately
50Hz. The total power consumption can be estimated by integrating the various
contributions required for spike generation and communication [189, 190]. The ob-
tained average power consumption is around 90�W , indicating that our network
successfully balances stable, sustained activity with lowpower consumption.

Table 6.1: Connection types and average probabilities. Reproduced from Carpegna
et al. 2024 [188]© 2024 IEEE.

Connection Synapse type Probability

WTA

state -> inh NMDA 60%
inh -> state GABA B 60%

state -> state NMDA 83%
inh -> inh GABA B 20%

GATING

gate -> inh NMDA 30%
inh -> gate GABA B 30%
gate -> gate NMDA 50%
inh -> inh GABA B 50%

MONOTONIC
gate -> state GABA B 100%
state -> gate GABA B 100%
state -> gate AMPA 100%

INPUT lif -> state AMPA 100%

The behavior of the hardware system was �rst tested using control stimuli pro-
duced as 50Hz Poisson input spike trains. Figure 6.3 shows the sustained activity
of one E-I-balanced population stimulated for one second. Asshown, the network
can keep a stable activity even when the input is removed.

6.3.1 WTA network: non-monotonic state transitions

As a second test, the dynamics of the WTA network were tested. Figure 6.4(a)
shows the response of the network when stimulated with Poisson spike trains
through a protocol covering all the possible transitions. In this case, each state
is activated when receiving the corresponding input, regardless of the order of ar-
rival. Once stimulated, the population becomes active, it suppresses the activity of
all other populations, and stays active until a new input is provided to a di�erent
population.
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Figure 6.3: Stable sustained activity of one of the E-I-balanced primitives included
in the networks. Reproduced from Carpegna et al. 2024 [188]© 2024 IEEE.
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Figure 6.4: Network behavior when stimulated with 50Hz Poissonian sequences
testing all the possible transitions: (a) non-monotonic WTAdynamics; (b) mono-
tonic NSM response. Reproduced from Carpegna et al. 2024 [188] © 2024 IEEE.

6.3.2 NSM network: monotonic state transitions

When adding the gating connections, the response of the network becomes the
one shown in Figure 6.4(b). The stimulation protocol is the same as in subsec-
tion 6.3.1. In this case, however, the network switches state only (i) towards a
higher state, following the expected monotonic behavior, or (ii) towards state 0,
which behaves as a reset state for the network, as mentioned in subsection 6.2.2
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6.3.3 Network dynamics on real ECG signal

Finally, the network performance is evaluates using real ECGsignals. Here, its
robust and coherent ability to monitor and detect monotonicincreases in HRs is
demonstrated. To achieve this, the network was fed with pre-processed ECG record-
ings from the dataset described in subsection 6.2.1. Speci�cally, the network was
tested under two di�erent conditions: during an intense physical activity, namely
cycling, lasting approximately 10 minutes (Figure 6.5(a)),and during a walking
session of around 6 minutes (Figure 6.5(b)). The �rst scenario correctly detects a
complete ramp-up of the HR, leading to the activation of the alarming state. These
results show how the network is robust to spurious transitions: at time zero, the
stimulation on input 3, caused by noise in the recording upper band, is ignored
since state 3 is completely inhibited by its gating population. The same e�ect can
be observed between 300 and 400 seconds with the network ignoring noisy stimuli
from input 1. Note that also the weak stimuli coming from input0 are ignored both
in state 1 and 2, despite the absence of a gating population inthis case. This shows
that the WTA dynamics by themselves are robust to spurious transitions and a
complete relaxation is required to reset the network, thus restarting the monotonic
increase. This is even more evident in the walking session: in this case, the ramp-
up is only partial, given the lower e�ort required. The network remains stable in
state 1, waiting for a further increase in the HR and ignoring the noise on input 0.

6.3.4 Power consumption

To estimate the average power consumed by the system the di�erent contributes
necessary for spike generation and communication were integrated, following [189]
and [190]. Since the network �ts on a single core of the DYNAP-SE chip [33], the
total power can be estimated as:

Pn = r inp (Espike + Epulse) + rout (Een + Ebr) (6.1)

Where r inp , rout = mean input and output �ring rate; Espike = 883 pJ, energy
to generate one spike;Epulse = 324 pJ, energy of the pulse extender circuit;Een

= 883 pJ, energy to encode one spike and append destination; and Ebr = 6.84
nJ, energy to broadcast event to same core. Given the average spiking activity
r inp ' rout ' 50Hz, each neuron consumes around 500nW . With the considered
network, composed of 176 neurons the overall average power consumption is around
90�W .

6.4 Conclusions

Our results show that a small and simple network, implemented with mixed-
signal analog/digital neuromorphic circuits, can reliably monitor a monotonic HR
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Figure 6.5: Response of the network when stimulated with a real ECG signal: (a)
intense 10 minutes bike session; (b) 6 minutes and 40 secondsof walk. Reproduced
from Carpegna et al. 2024 [188]© 2024 IEEE.

trends over extended periods, paving the way for always-on health monitoring sys-
tems that are both e�cient and long-lasting. The low power consumption of the
neuromorphic circuits enables continuous operation for extended amounts of time,
making it ideal for wearable devices for health monitoring.Future research will fo-
cus on replacing ECG with PPG signals measured at the wrist and addressing the
challenges of noise and movement artifacts. Additionally, the study will transition
from healthy subjects to patients a�ected by neuropathologies, such as dementia,
which impact HR over long periods, despite the absence of cardiac pathology.

This technology promises signi�cant improvements in patient care and health
management, especially in scenarios requiring constant monitoring and rapid re-
sponse, thus enhancing overall quality of life.
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Chapter 7

Conclusions

During this Ph.D. journey, I had the opportunity to explore the �eld of neuro-
morphic engineering from multiple perspectives. This interdisciplinary experience
allowed me to engage with diverse domains, including high-level software mod-
eling, the mathematical foundations of AI methodologies, biological mechanisms,
and hardware design. Neuromorphic engineering is a rapidly growing and highly
promising research �eld, with the potential to address the urgent issue of energy
consumption in large-scale AI models. Its relevance is particularly pronounced in
edge computing, where it can enable pervasive low-power AI systems.

The human brain stands as one of the greatest unsolved challenges in sci-
ence. Its staggering complexity|arising from billions of neurons and trillions of
dynamic synaptic connections|gives rise to intelligence,perception, memory, and
consciousness, yet remains only partially understood despite decades of research.
This complexity is not only structural but also functional: the brain operates with
remarkable energy e�ciency, adaptability, and robustnessin the face of noise and
incomplete information. Neuromorphic engineering emergesfrom the recognition
that traditional computing paradigms are fundamentally ill-suited to replicate these
capabilities. By taking inspiration directly from the brain's architecture and op-
erating principles, neuromorphic systems aim to create hardware and algorithms
that are not only more e�cient but also capable of real-time,context-aware, and
adaptive processing. In doing so, neuromorphic engineering does more than mimic
biology|it becomes a scienti�c tool to probe and model the brain itself. As such,
the �eld occupies a unique position at the intersection of neuroscience, engineering,
and arti�cial intelligence: striving to unravel the brain's secrets by building systems
in its image, while simultaneously using those same systemsto better understand
the very organ they emulate.

Despite its promise, neuromorphic engineering is still in an early stage of de-
velopment and faces several important challenges. One of the main hurdles is
the lack of mature, standardized tools and methodologies across hardware, soft-
ware, and algorithmic layers. Unlike conventional AI systems, which bene�t from
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well-established architectures, frameworks, and training techniques, neuromorphic
systems are still fragmented, with limited interoperability and few widely adopted
platforms. On the hardware side, existing neuromorphic chips are often specialized
and di�cult to scale, with constraints on memory, programmability, and integration
with mainstream computing infrastructure.

Over the past few years, I have tried to contribute to addressing these limita-
tions by designing con�gurable systems and making neuromorphic research more
accessible and practical. If, through my work, I have helpedadvance the research
frontier|even if only by a small step|I consider my goal as a r esearcher ful�lled.
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Chapter 9

Code availability

In line with the open-source philosophy, this Ph.D. thesis prioritizes trans-
parency and collaboration by making the developed code publicly available. The
decision to release the code under an open-source license re
ects a commitment to
reproducibility, ensuring that the methods and results canbe independently veri�ed
by other researchers. By embracing the FAIR, this work not only fosters innovation
by allowing others to build upon and extend the research but also contributes to
the broader scienti�c community's collective knowledge base.

1. Spiker+: https://github.com/smilies-polito/Spiker .

2. SpikExplorer : https://github.com/smilies-polito/SpikExplorer.g
it

3. Continual Learning: https://github.com/Dequino/Spiking-Compres
sed-Continual-Learning.git
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Space Exploration of Hardware Spiking Neurons for Embedded Arti�cial
Intelligence� . In: Neural Networks121 (Jan. 2020), pp. 366{386.issn: 0893-
6080. doi : 10 . 1016 / j . neunet . 2019 . 09 . 024 . url : https : / / www .
sciencedirect.com/science/article/pii/S089360801930 3041 (visited
on 12/06/2023).

[120] Daniel Gerlingho� et al. � E3NE: An End-to-End Framework for Accelerat-
ing Spiking Neural Networks With Emerging Neural Encoding on FPGAs� .
English. In: IEEE Transactions on Parallel and Distributed Systems33.11
(Nov. 2022). Publisher: IEEE Computer Society, pp. 3207{3219. issn: 1045-
9219.doi : 10.1109/TPDS.2021.3128945. url : https://www.computer.
org / csdl / journal / td / 2022 / 11 / 09619972 / 1yDfD2jSkBW (visited on
12/06/2023).

[121] Peter Diehl and Matthew Cook.� Unsupervised learning of digit recognition
using spike-timing-dependent plasticity� . In: Frontiers in Computational
Neuroscience9 (2015). issn: 1662-5188.url : https://www.frontiersin.
org/articles/10.3389/fncom.2015.00099 (visited on 09/13/2023).

[122] Devansh Chawda and Benaoumeur Senouci.� Fast prototyping of Quan-
tized neural networks on an FPGA edge computing device with Brevitas
and FINN� . In: 2024 Fifteenth International Conference on Ubiquitous and
Future Networks (ICUFN). ISSN: 2165-8536. July 2024, pp. 238{240.doi :
10.1109/ICUFN61752.2024.10625618. url : https://ieeexplore.ieee.
org/document/10625618 (visited on 04/06/2025).

[123] Wei Fang et al.� SpikingJelly: An open-source machine learning infrastruc-
ture platform for spike-based intelligence� . In: Science Advances9.40 (Oct.
2023). Publisher: American Association for the Advancement ofScience,
eadi1480.doi : 10.1126/sciadv.adi1480 . url : https://www.science.
org/doi/10.1126/sciadv.adi1480 (visited on 09/05/2024).

[124] Jens E. Pedersen et al.� Neuromorphic Intermediate Representation: A Uni-
�ed Instruction Set for Interoperable Brain-Inspired Computing � . In: (2023).
Publisher: arXiv Version Number: 1.doi : 10.48550/ARXIV.2311.14641.
url : https://arxiv.org/abs/2311.14641 (visited on 09/05/2024).

[125] Ting-Ting Wang et al. � E�cient Network Architecture Search Using Hy-
brid Optimizer � . en. In: Entropy 24.5 (May 2022). Number: 5 Publisher:
Multidisciplinary Digital Publishing Institute, p. 656. issn: 1099-4300.doi :
10.3390/e24050656. url : https://www.mdpi.com/1099-4300/24/5/656
(visited on 01/31/2024).

120



BIBLIOGRAPHY

[126] Alireza Gha�ari and Yvon Savaria.� CNN2Gate: An Implementation of Con-
volutional Neural Networks Inference on FPGAs with Automated Design
Space Exploration� . en. In: Electronics 9.12 (Dec. 2020). Number: 12 Pub-
lisher: Multidisciplinary Digital Publishing Institute, p. 2200. issn: 2079-
9292.doi : 10.3390/electronics9122200 . url : https://www.mdpi.com/
2079-9292/9/12/2200 (visited on 01/31/2024).

[127] Zoltan Czako, Gheorghe Sebestyen, and Anca Hangan.� AutomaticAI { A
hybrid approach for automatic arti�cial intelligence algorithm selection and
hyperparameter tuning� . In: Expert Systems with Applications182 (Nov.
2021), p. 115225.issn: 0957-4174.doi : 10.1016/ j .eswa.2021.115225 .
url : https://www.sciencedirect.com/science/article/pii/S 0957417421006576
(visited on 03/13/2024).

[128] Adarsha Balaji et al.� NeuroXplorer 1.0: An Extensible Framework for Ar-
chitectural Exploration with Spiking Neural Networks� . In: International
Conference on Neuromorphic Systems 2021. ICONS 2021. New York, NY,
USA: Association for Computing Machinery, Oct. 2021, pp. 1{9.isbn: 978-
1-4503-8691-3.doi : 10.1145/3477145.3477156. url : https://dl.acm.
org/doi/10.1145/3477145.3477156 (visited on 01/29/2024).

[129] Kurt Marti. Optimization Under Stochastic Uncertainty: Methods, Control
and Random Search Methods. en. Vol. 296. International Series in Operations
Research & Management Science. Cham: Springer International Publishing,
2020.doi : 10.1007/978-3-030-55662-4 . url : http://link.springer.
com/10.1007/978-3-030-55662-4 (visited on 03/15/2024).

[130] Fabrizio Ferrandi et al. � A Multi-objective Genetic Algorithm for Design
Space Exploration in High-Level Synthesis� . In: 2008 IEEE Computer Soci-
ety Annual Symposium on VLSI. ISSN: 2159-3477. Apr. 2008, pp. 417{422.
doi : 10.1109/ISVLSI.2008.73 . url : https://ieeexplore.ieee.org/
document/4556831(visited on 04/03/2024).

[131] Alessandro Savino, Alessandro Vallero, and Stefano Di Carlo. � ReDO: Cross-
Layer Multi-Objective Design-Exploration Framework for E�cient Soft Er-
ror Resilient Systems� . In: IEEE Transactions on Computers67.10 (Oct.
2018). Conference Name: IEEE Transactions on Computers, pp.1462{1477.
issn: 1557-9956.doi : 10.1109/TC.2018.2818735. url : https://ieeexplore.
ieee.org/document/8323226 (visited on 04/03/2024).

[132] Sepide Saeedi, Alessandro Savino, and Stefano Di Carlo. � Design Space
Exploration of Approximate Computing Techniques with a Reinforcement
Learning Approach� . In: 2023 53rd Annual IEEE/IFIP International Con-
ference on Dependable Systems and Networks Workshops (DSN-W). ISSN:
2325-6664. June 2023, pp. 167{170.doi : 10.1109/DSN-W58399.2023.00047.

121



BIBLIOGRAPHY

url : https://ieeexplore.ieee.org/abstract/document/10207 095 (vis-
ited on 01/31/2024).

[133] Brandon Reagen et al.� A case for e�cient accelerator design space explo-
ration via Bayesian optimization� . In: 2017 IEEE/ACM International Sym-
posium on Low Power Electronics and Design (ISLPED). July 2017, pp. 1{
6. doi : 10.1109/ISLPED.2017.8009208. url : https://ieeexplore.ieee.
org/document/8009208 (visited on 01/31/2024).

[134] James G. March.� Exploration and Exploitation in Organizational Learn-
ing� . In: Organization Science2.1 (Feb. 1991). Publisher: INFORMS, pp. 71{
87.issn: 1047-7039.doi : 10.1287/orsc.2.1.71 . url : https://pubsonline.
informs.org/doi/10.1287/orsc.2.1.71 (visited on 03/15/2024).

[135] Antonio Candelieri.� A Gentle Introduction to Bayesian Optimization� . In:
2021 Winter Simulation Conference (WSC). ISSN: 1558-4305. Dec. 2021,
pp. 1{16.doi : 10.1109/WSC52266.2021.9715413. url : https://ieeexplore.
ieee.org/document/9715413 (visited on 12/13/2024).

[136] Youngeun Kim et al.� Neural Architecture Search for Spiking Neural Net-
works� . en. In: Computer Vision { ECCV 2022. Ed. by Shai Avidan et
al. Lecture Notes in Computer Science. Cham: Springer Nature Switzer-
land, 2022, pp. 36{56.isbn: 978-3-031-20053-3.doi : 10.1007/978-3-031-
20053-3_3.

[137] Rachmad Vidya Wicaksana Putra and Muhammad Sha�que.� Q-SpiNN: A
Framework for Quantizing Spiking Neural Networks� . In: 2021 International
Joint Conference on Neural Networks (IJCNN)(July 2021). Conference
Name: 2021 International Joint Conference on Neural Networks (IJCNN)
ISBN: 9781665439008 Place: Shenzhen, China Publisher: IEEE, pp. 1{8.
doi : 10.1109/IJCNN52387.2021.9534087. url : https:// ieeexplore.
ieee.org/document/9534087/ (visited on 04/03/2024).

[138] Chen Li, Lei Ma, and Steve Furber.� Quantization Framework for Fast
Spiking Neural Networks� . English. In: Frontiers in Neuroscience16 (July
2022). Publisher: Frontiers.issn: 1662-453X.doi : 10.3389/fnins.2022.
918793. url : https://www.frontiersin.org/journals/neuroscience/
articles/10.3389/fnins.2022.918793/full (visited on 04/03/2024).

[139] Andrea Castagnetti, Alain Pegatoquet, and Benô�t Miramond. � Trainable
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