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Abstract

The work presented in this thesis falls within the field of neuromorphic computing, an
emerging paradigm that offers an alternative to the traditional von Neumann model.
Inspired by the functioning of the human brain, this approach aims to combine
energy efficiency, massive parallelism and distributed robustness, opening up new
perspectives for intelligent processing in real-world scenarios. The research was
conducted on several complementary levels. At the low-level analysis, the research
introduce the Neuronal Phase Map method for representing the dynamics of spiking
models, facilitating their interpretation and design. On the higher level, neuromorphic
applications were developed for combinatorial optimisation problems, such as MAX-
CUT and the Latin Square Problem, demonstrating how spiking neural networks
can implement dynamics inspired by simulated annealing and constraint satisfaction.
In parallel, neuromorphic pipelines were designed and analysed for classification
tasks, particularly in Human Activity Recognition and audio signal processing,
evaluating different spike coding strategies and demonstrating the potential of SNNs
as a compromise between accuracy and energy sustainability on edge devices. In
addition, micro-benchmarking was initiated on the Lava framework and Loihi 2
hardware, aimed at systematically measuring performance at different architectural
levels. Overall, the results obtained show that neuromorphic computing can offer
concrete and efficient solutions in heterogeneous domains, confirming its relevance
as an alternative and competitive paradigm. Future prospects are to be extended
to more complex application scenarios, the development of more general design
methodologies, and experimentation on multi-chip platforms, helping to bring these
technologies from the laboratory to the real world.
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Chapter 1

Introduction

Over the last few decades, the evolution of computational systems has been strongly
guided by the possibilities offered by the traditional architectural paradigm, known
as the von Neumann paradigm. Proposed by John von Neumann in the 40s, this
model is based on a linear and compartmentalised architecture, in which the memory
and the processing unit are physically and functionally distinct components [1]. This
model, characterised by a clear structural separation, has formed the theoretical
and practical basis on which modern computers and processing systems have been
developed [2].

The linear structure of the architecture is reflected in a sequential processing
of data flow, using the imperative programming paradigm [3, 4]. The programmer
defines step by step the instructions on "what to do" and "how to do it", using a
programming language [5]. These instructions are executed sequentially, modifying
the state of the system through operations on variables and control structures. The
imperative programming paradigm lays the foundations for the theory of computabil-
ity and the study of algorithm complexity [6]. An emblematic example is the Turing
machine [7], which is fundamental for identifying the capabilities and limitations of
real computing systems.

The von Neumann architectural paradigm and the imperative programming
paradigm represented a milestone in the development of computer science, serving
as the theoretical and engineering foundation for the design of general-purpose
computing units namely CPUs [8]. Although these processors form the basis of
modern hardware structures, their capabilities encounter structural limitations when
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addressing large-scale computational problems with low latency and high parallelism
requirements [9]. The general-purpose nature of these processors imposes constraints
on scalability, reducing their energy efficiency and preventing their use in more
complex contexts.

To address these limitations, the paradigm of parallel [10–12] and distributed
computing has gradually been adopted alongside that of object-oriented program-
ming [13], made possible by multi-core hardware and Graphics Processing Units
(GPUs) [14–16], as well as distributed computing infrastructures such as clusters [17–
19], clouds [20, 21] and edge computing [22–25]. In this scenario, processing is
divided among multiple computational units, which operate in parallel on sub-
components of the task or on different data. The goal is to increase performance
in terms of throughput, latency and improve energy efficiency [26–28], especially
in computationally intensive areas such as deep learning, scientific simulation, and
real-time analysis of large amounts of data.

However, despite its widespread adoption, parallel and distributed computing
remains in most cases an extension of the von Neumann paradigm rather than a
successor to it. The basic logic - data transfer between memory and processor, exe-
cution controlled by a central clock and the deterministic algorithmic programming
- continues to represent a bottleneck in terms of scalability, energy efficiency and
adoption in asynchronous application contexts [9].

These critical factors have motivated the exploration of new architectural and
computational models that are better suited to address the challenges of modern data
processing. It is precisely these needs that have led to the emergence of new compu-
tational paradigms, either alternative or complementary to the classical one [29–31].
These include quantum computing, which exploits quantum properties [32–34], and
neuromorphic computing, which is directly inspired by non-sequential, non-symbolic
and bio-inspired models [29–31]. These paradigms offer a discontinuity with respect
to the classical von Neumann paradigm.

1.1 Paradigm of neuromorphic computing

In contrast to traditional computational paradigms, based on a separation between
memory and processing units and a rigidly orchestrated sequential or parallel com-
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puting logic, the neuromorphic computing paradigm draws inspiration from the
organisation and functioning of biological nervous systems, offering advantages
such as: integration of memory and computation, energy efficiency, massive and
asynchronous parallelism [35]. These advantages are not limited to incremental im-
provements in efficiency, but represent a real discontinuity from classical paradigms,
which justify why the scientific community is increasingly interested in developing
neuromorphic systems [36–39]. Figure 1.1 shows the main differences and strengths
of the neuromorphic paradigm compared to the von Neumann paradigm.

Fig. 1.1 In neuromorphic architectures, memory is distributed within the synapses, elim-
inating the access overhead and drastically reducing energy consumption. Computation
is massively parallel and distributed, with each neuron acting as an autonomous unit. In-
formation is encoded temporally, through the relative distribution of spikes, allowing the
representation of sensory sequences and patterns in a bio-inspired and efficient manner.

In this case, memory is distributed within the synapses, which represent the
strength of the connections between neurons. This eliminates the overhead of
accessing memory and allows for a drastic reduction in energy consumption. This is
in strong contrast to the classical architecture, in which memory is separate and must
be continuously consulted by the processor to transfer data and instructions.

By contrast traditional architectures, which achieve parallelism through multi-
ple cores synchronised by a central clock, the neuromorphic paradigm implements
massive, distributed parallelism, in which each neuron acts as an autonomous compu-
tational unit. Each elementary unit locally combines inputs from other neurons and
produces an output only when its activity exceeds a threshold, producing single-bit
information, 1 in the presence of information 0 otherwise. In the most modern neu-
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romorphic applications and platforms, the concept of spike is extended to a broader
meaning than the biological one, associating more complex information such as a
real value or an array, while maintaining its asynchronous and event-driven nature.

Compared to conventional digital models, which represent information using
static values such as bits and numerical vectors, neuromorphic systems use temporal
encoding, in which information is coded in the relative temporal distribution of
spikes. This allows temporal sequences and sensory patterns to be represented and
processed in a bio-inspired and efficient manner. Furthermore, the use of mechanisms
based on the membrane potentials dynamics allows complex relationships between
stimuli to be expressed without the need for explicit memory structures.

In addition, these systems are inherently robust, thanks to their distributed and
redundant architecture. The loss of a neuron or synapse in a sufficiently large system
does not compromise the overall functioning of the network. This feature makes
neuromorphic platforms particularly well suited to operating in non-deterministic
environments, where classical systems would require complex fault-tolerance and
error correction strategies.

These strengths collectively highlight how neuromorphic computing is not simply
an optimisation of existing approaches, but a new computational paradigm capable
of tackling problems for which classical models would be inefficient or conceptually
inadequate.

1.2 Approaches to the design Spiking Neural Network

Within the neuromorphic paradigm, there are two distinct approaches to designing
computational models: one approach involves manually designing specific neural
circuits [40, 41]; and the other based on machine learning techniques, through the
use of Spiking Neural Networks (SNNs) [42–44]. These two approaches represent
not only different strategies for addressing the design of neuromorphic systems,
but also define two distinct perspectives: on the one hand, there is an engineering,
deductive and modelling approach; on the other, a data-driven, adaptive method
based on machine learning.

Although the two share the same constituent elements - spiking neurons, synapses,
temporal dynamics - the two approaches differ profoundly in terms of applicability,
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methodology, generalisation capabilities and computational requirements. In the first
case, the focus is on the construction and interpretability of neural circuits capable
of performing specific tasks, through the explicit design of populations of neurons,
synaptic connections, and temporal dynamics. In the second, the system is designed
as a plastic structure capable of learning from the data provided, internally modelling
the representations necessary to solve a given task through biologically inspired
optimisation algorithms or those adapted from traditional machine learning. The
choice between one approach or the other depends on multiple factors such as: level
of control, task complexity, data availability, hardware and energy constraints.

The coexistence of these two approaches reflects the exploratory nature of the
neuromorphic paradigm, which is still in its infancy in terms of architectural stan-
dards research and development.

1.2.1 Manual design of neural circuits approach

The first approach, closer to computational logic and classical neuromorphic electron-
ics, involves the manual design of ad hoc neural circuits, geared towards performing
specific functions. In this context, neurons and synapses are modelled and inter-
connected to reproduce logical-mathematical or dynamic behaviours. This type
of development is particularly suitable for simple and well-specified tasks, such
as counters, oscillators and integrators; or for embedded/edge computing systems,
with stringent constraints on energy consumption or memory capacity [45]. In other
words, for all those applications where interpretability and predictability of behaviour
are essential.

An emerging and exploratory field in manual design concerns the implementation
of neural circuits capable of solving optimisation problems [46–49]. In this scenario,
populations of neurons are configured to represent state variables or a domain, while
synaptic connections and network dynamics can be designed to model the constraints
that must be satisfied to reach a valid solution state. The interaction between neurons,
through excitatory and inhibitory synapses, leads the system towards a status of
exploration of the states in the candidate space, converging towards stationary or
cyclic states that represent the solution configurations of the problem.

Manual design represents a powerful and controllable approach to neuromorphic
computing, especially for systems that require logical operations and low complexity.
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Its strength lies in the possibility of directly creating circuits dedicated to logical and
symbolic computation.

While this approach allows for a high degree of control, it suffers from poor
scalability. As the complexity of the problem increases, manual circuit design quickly
becomes prohibitive, preventing its large-scale use for complex or high-dimensional
tasks. Furthermore, adapting to changes in constraints or problem parameters often
requires a complete redesign of the network.

1.2.2 Machine learning and data-driven approach

The second approach to building neuromorphic systems is inspired by machine
learning principles, in which SNNs are trained to learn the tasks to be performed
autonomously. The use of machine learning techniques within the neuromorphic
paradigm has opened up new application frontiers in various fields, particularly in
contexts that require efficient processing of event-driven temporal data or multi-
channel sensory data.

The potential of integrating machine learning and neuromorphic hardware is
highlighted by several use cases, such as audio classification [50, 36], Human
Activity Recognition (HAR) [43], and embedded systems [51, 52].

Studies on audio signals have shown that appropriately trained SNN architec-
tures can achieve accuracies comparable to those of traditional neural networks,
while demonstrating dramatic energy savings when implemented on neuromorphic
hardware such as Loihi 2 [53, 54] or DYNAP-SE [55, 56]. The adoption of neuro-
morphic models for HAR is particularly advantageous in wearable environments,
where energy and computational constraints require efficient use of resources. Fur-
thermore, the temporal dynamics of SNNs make them naturally suited to handling
non-stationary data sequences with minimal latency.

A distinctive advantage of SNNs over traditional Artificial Neural Networks
(ANNs) is their operational efficiency on specialised neuromorphic hardware, which
is perfectly suited for use in edge computing. Hardware such as Intel Loihi [37], IBM
TrueNorth [57], BrainScaleS [58], and open-source projects with SpiNNaker 2 [38]
demonstrate that it is possible to build complex SNNs on chips that operate at lower
orders of magnitude in terms of power consumption than traditional CPUs or GPUs.
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1.3 Spike encoding: The Interface between data and
spiking neural networks

One of the most important aspects of using SNNs lies in the way information
is represented, i.e. how raw data is transformed into spike trains for processing.
Unlike traditional neural models, neuromorphic systems base the elaboration process
on discrete events known as spikes, which encode information in the temporal
distribution of events using quantities such as frequency, Inter-Spike Interval (ISI) or
activation pattern [35].

This need has led to the development of various encoding methods, which can be
classified into two broad categories: algorithmic encoding and neural encoding.

1.3.1 Algorithmic spike encoding

In the following approach, information is encoded in a temporal spike sequence,
using algorithms that attempt to reproduce - through a series of instructions and signal
transformations - the response pattern of a neuron undergoing various stimuli derived
from signal analysis obtained from in vivo experiments. The main algorithmic coding
schemes include categories belonging to: rate coding, where the rate of spikes is
proportional to the intensity of the stimulus; or categories of temporal coding, where
the coding characteristics extend those of rate coding using relative spike timing and
ISI [42].

These encoding methods allow for a high degree of algorithm customisation, but
at the same time introduce a significant limitation on the variety of encoding patterns
that the algorithm can provide.

1.3.2 Model-based spike encoding

The alternative approach to the algorithmic encoding is the model-based encoding.
With these methodologies the spike coding is entrusted directly to the neuron model,
to which the data to be coded is supplied directly or by synaptic models.

In this context, the neuron is not only a computing unit, but also a signal trans-
ducer. Model-based encoding is more biologically plausible not only because it



8 Introduction

mimics the mechanisms by which real sensory neurons transform physical stimuli
into spikes, but also because real neuron models are used for this purpose. Further-
more, this type of encoding allows for a more fluid integration between the encoding
and processing phases, especially when the model is simulated or implemented di-
rectly on neuromorphic hardware, minimising the latency and bottlenecks introduced
by preprocessing steps [59].

Although closer to biological world, this type of coding is not without implemen-
tation challenges. Possible design difficulties include calibrating neural parameters
such as: threshold; membrane time constant; refractory period; adaptation of the
data domains.

1.4 Objective and motivation

In light of the new possibilities introduced by the neuromorphic computing paradigm,
this research aims to explore new computational models and approaches capable
of extending the possibilities of tools that can operate on systems and approaches
belonging to the neuromorphic world. In this context, the study objective is divided
into four main areas, each aimed at exploring the opportunities that have emerged in
the applications of neuromorphic architectures:

1. Low level analysis strategy: low-level analyses of neuron models were con-
ducted with the aim of understanding and measuring their computational
properties. In particular, I studied the behaviour of spiking neuron models
using mathematical tools of nonlinear dynamics and phase space representa-
tions, developing methodologies to make the complexity of neuron models
more interpretable by introducing the concept of Neuronal Phase Map [60].
A graphical representation that makes it possible to visualise how the neuro-
computational features of neuron models vary as parameters change. This
technique proved useful not only for deepening the understanding of neural
dynamics, but also as a practical tool to support the design and prototyping of
neuromorphic solutions, especially in the spike train input encoding phases.

2. Design of functional neural circuits: through a manual design approach of a
spiking networks, we addressed the problem of combinatorial optimisation in
the neuromorphic field, with the aim of explicitly mapping the dynamics of
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the problem onto the behaviour of neurons and synapses. First, we explored
architectures inspired by annealing models, such as NeuroSA [40], in which
pairs of ON-OFF neurons integrate adaptive threshold mechanisms based
on quantum tunnelling to faithfully reproduce the dynamics of simulated
annealing and ensure convergence towards the ground state of Ising problems.
This has made it possible to solve classic benchmarks such as MAX-CUT
and Max Independent Set with performance comparable to or superior to the
state-of-the-art, without the need for specific hyperparameters for each graph.
Secondly, I designed spiking pipelines dedicated to constraint satisfaction
problems, such as Sudoku, introducing additional neural layers capable of
implementing logical control functions, solution validation and network state
storage [41]. This strategy, validated first in simulation with GeNN and
then on neuromorphic platforms SpiNNaker, showed three main advantages:
increased success rates on particularly complex instances, significant reduction
in communication traffic thanks to the transmission of the final state of the
network rather than the entire spike flow, and a drastic reduction in the time
required for spike extraction. Overall, the manual design approach adopted
has highlighted how accurate engineering of spiking dynamics can translate
into more robust, efficient and energy-sustainable solutions for optimisation in
neuromorphic computing.

3. Training spiking neural networks using machine learning: we addressed
classification problems based on temporal signals through a data-driven ap-
proach on neuromorphic networks. In particular, we focused on signal clas-
sification from digital sensors and application of HAR, both highly relevant
to edge computing and the Internet of Things [42]. The comparative analy-
sis between different encoding techniques and different datasets (audio and
inertial sensors) has made it possible to build a generalisable methodology
for selecting the best trade-off between accuracy, efficiency, and energy con-
sumption, thus expanding the range of applications that can be achieved with
neuromorphic artificial intelligence in embedded and IoT contexts. Further
studies led to the development of neuromorphic pipelines that utilise SNNs to
efficiently process time-dependent signals, demonstrating how these networks
can achieve competitive performance with respect to traditional deep models,
but with significantly reduced energy consumption. The approach included
application-specific optimisation of hyperparameters, the definition of encod-
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ing strategies for spike train signals, and the use of specialised architectures,
such as spiking CNNs and hybrid models with memory units (e.g. LMUs),
capable of capturing complex temporal relationships [43].

4. Micro-benchmarking suite: finally we implemented benchmarking activities,
contributing to the development of a micro-benchmarking suite for the Lava
framework and Loihi 2 neuromorphic hardware, inspired by MPI tests but
adapted to the peculiarities of neuromorphic architectures. This suite allows
for the separate evaluation of both the framework messaging infrastructure
and the efficiency of the Loihi 2 architecture, including tests for host CPUs,
embedded processors, and neuron cores [44]. This tool provides detailed met-
rics on execution times, resource utilisation, and communication performance,
offering a useful benchmark for both framework developers and end users.



Chapter 2

Neuro-computational features of
spiking neuron

Neuron modelling is a central aspect of the study and development of neural net-
works [35]. Over the decades, numerous models have been developed with the aim
of capturing the electrophysiological dynamics of neurons more or less accurately.
Depending on the level of abstraction, models range from biologically accurate but
computationally expensive ones to more abstract and efficient ones designed for use
in large networks or neuromorphic hardware [61].

The historical starting point in neuron modelling is represented by the Hodgkin-
Huxley (H-H) model [62]. This model provides a detailed description of the currents
that pass through the neuron membrane and the mechanisms underlying the gen-
eration and propagation of the action potential. Its accuracy is such that it can
reproduce a wide range of behaviours observed in biological neurons, capturing up
to approximately 17 different dynamic characteristics [63].

This level of fidelity has made it a milestone in modelling and a benchmark for
research in computational neuroscience. However, this descriptive richness comes
with high mathematical complexity and significant computational cost. Consequently,
although the H-H model is the ideal tool for in-depth studies of individual neurons,
it is impractical for large-scale simulations or applications that require efficiency and
low latency [63].

Over the decades, this limitation has led to the development of simplified models,
obtained through H-H approximations. These models represent a compromise
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between biological fidelity and computational simplicity, offering researchers more
versatile tools with which to work [63].

An important aspect is the choice of a model based on the intended use. When
the focus is on studying electrophysiological mechanisms, biologically detailed
models such as FitzHugh-Nagumo [64], Hindmarsh-Rose [65], Morris-Lecar [63] or
Wilson polynomial models [66] are used. These models allow complex phenomena
such as adaptation, bursting, chaotic oscillations and resonance phenomena to be
observed and analysed [63]. However, their descriptive richness translates into a very
high computational cost, which makes it difficult to simulate networks composed
of thousands or millions of neurons. On the other hand, in large-scale network
simulations, it becomes essential to use simpler and computationally lighter models,
such as the LIF model and its variants, or the Izhikevich model [67], which represents
a good compromise between efficiency and reproducible behaviour. Although these
models do not capture all biological phenomena, they allow essential dynamics such
as temporal integration, threshold-dependent firing, adaptation and bursting to be
reproduced, while keeping simulation times low. Although these two categories of
models differ in complexity and realism, they share the goal of making the study of
neuron behaviour more accessible, balancing biological accuracy and computational
costs [61].

However, the neuron model represents only part of the description; the parameters
that compose it are equally important, since the dynamic properties depend on them.
The parameters that characterise the model - which may include time constants,
activation thresholds, synaptic conductances or adaptation factors - are not simple
numerical values, but directly regulate the dynamics of the neuron by defining the
type of response to external stimuli. Even the slightest variation in these parameters
can cause the same model to exhibit profoundly different activity patterns, ranging
from tonic spiking to phasic bursting, from adaptation to frequency resonance [61, 68–
71].

In this sense, parameters play a dual role. On the one hand, they are an indis-
pensable analytical tool for understanding and classifying observable behaviours.
On the other hand, they become a strategic design element during the development
of SNNs. In fact, while the model defines the structure and the basic equations that
describe the behaviour of the neuron, it is the parameters that determine the actual
dynamics during simulations. Minimal, seemingly negligible variations can produce
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macroscopic effects on the activity of the network [67]. In fact, correct functioning
depends not only on the choice of an appropriate model, but above all on the precise
calibration of its parameters, which act as fine control elements that distinguish a
functional network from an unusable one. It is through this synergy between model
and parameters that it becomes possible to conduct a comparative study of neural
dynamics and orient the design of SNNs towards solutions optimised for real-world
scenarios [61, 68–71].

The work analysed addresses the topic of low-level investigation of neuromorphic
systems with the aim of understanding the behaviour of neuron models. The problem
of classifying the behaviour of neuron models is addressed through an analysis of
the parameter space, with the aim of producing maps in which the dynamics of the
membrane potential are classified for each combination of parameters. In this way,
it becomes possible to visualise immediately and intuitively how small variations
in parameters lead to radically different neuronal behaviours, ranging from regular
regimes to bursting or silencing phenomena. This approach has been applied to
different models, including the Izhikevich model, the LIF model and its variant LIF
Loihi 2, a model specifically adopted by Intel Loihi 2 neuromorphic hardware [60].

2.1 Analyzing the behavior of spiking neuron models
through parameter space

2.1.1 Neuron models

The advancement of neuromorphic technologies depends heavily on the development
of hardware platforms capable of faithfully emulating the behaviour of neurons and
synapses. However, these platforms, together with their simulation frameworks,
evolve at different rates and often incorporate heterogeneous design choices. Con-
sequently, unless an intermediate representation is introduced to act as a level of
abstraction [72], it becomes essential - for effective hardware implementation - to ac-
curately identify neural models and parameters that define their operating point. This
operation, in addition to ensuring simulation consistency across different platforms,
can at the same time facilitate network learning and optimisation processes [73, 74].
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Among the wide range of neuron models found in the literature, the H-H model
represents a fundamental reference point in the neuromorphic field [62], but its
mathematical complexity and high computational cost make it difficult to apply in
hardware. For this reason, simplified models are generally adopted in neuromorphic
applications, capable of capturing the two essential dynamics of a neuron: stim-
ulus integration and spike generation. Among these, the LIF model is the most
widely used and is implemented in various neuromorphic platforms such as SpiN-
Naker 2 [75], Dynap-SE [76], Xylo [77], and Loihi 2 [78]. However, LIF is unable
to reproduce most of the biological behaviours described by the H-H model. To
overcome this limitation, alternative formulations have been developed that aim to
preserve a wider range of neuronal dynamics. Among these, Izhikevich model [67]
is a particularly interesting solution, having demonstrated reduced computational
cost on platforms such as SpiNNaker [79], Loihi 2 [80] and Odin [81].

When we talk about information processing by neurons, we are referring to
the generation of action potentials - commonly known as spikes - following an
external stimulus. Spikes are produced as a result of rapid depolarisation of the
membrane potential, which causes an increase in the flow of ionic charges transmitted
to connected neurons. The study of the depolarisation process allows to identify the
two modes of neuron excitation: the alternation between resting and spiking states,
and the presence of sub-threshold oscillations [61]. The dominant characteristic
determined by the model parameters defines the operating point of the neuron. The
evolution of the temporal dynamics described by an operating point of a physical
system can be described by studying the nonlinear dynamics in phase space, thus
allowing the identification of behaviours also known as neuro-computational features
as a function of the modes of excitation [61]. As shown in [63], through the analysis
of these modes, it is possible to identify up to twenty neuro-computational features,
which describe the variety of dynamic regimes observable in neuronal models.

Although the H-H model is capable of reproducing most of these behaviours, the
presence of four coupled differential equations and a large number of parameters
makes the direct application of the nonlinear dynamics approach difficult, since
the phase space is four-dimensional. To facilitate the study of these phenomena,
several research groups have proposed simplified models obtained through appro-
priate approximations. Among the main examples are the FitzHugh-Nagumo [64],
Hindmarsh-Rose [65], Morris-Lecar [63] or Wilson polynomial models [66] models,
each of which represents a compromise between biological fidelity and analytical-
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computational tractability. These simplified models represent a significant step
forward in the study and classification of different neuronal behaviours.

To overcome these limitations, Izhikevich proposed an innovative approach based
on the concept of topological equivalence [61], with the aim of constructing a reduced
model that is dynamically equivalent to the H-H model. Through bifurcation method-
ologies, he demonstrated that it is possible to reduce the latter to a two-dimensional
system of ODEs [61, 67]. This reduction allows for a more mathematically tractable
model, while preserving a high degree of biological plausibility and maintaining the
ability to reproduce a wide range of neuro-computational features.

Several studies have analysed the dynamics of neuron models by studying non-
linear dynamics using phase space, in which the evolution of the system is described
as a function of the model parameters [82, 69–71, 61]. Here, we propose an al-
ternative approach by introducing the Neuronal Phase Map (NePhaM). Through
two-dimensional maps constructed within the parameter space, NePhaM provides a
compact representation of the behaviours that a neuron model can exhibit in relation
to the operating point.

The NePhaM can be used as a tool to identify the parameter configurations
necessary to achieve the different behaviours of a neuron model, enabling both
task-aware and hardware-aware design of spiking neurons. This approach represents
a potential advance in the design of SNN-based encoding phase, which is one of
the main challenges in effectively interfacing SNNs with real-valued signals from
conventional sensors and hardware.

The most common methods for spike encoding are based on algorithmic tech-
niques that can be divided into six main categories: Rate Coding, Temporal Con-
trast, Deconvolution-based, Global Referenced, Latency/ISI, and Correlation &
Synchrony [83, 84]. As an alternative to these approaches, neuron models can be
adopted directly as an encoding mechanism, with the aim of increasing the biological
plausibility of the process. It is clear, however, that such a strategy is closely linked
to - and intrinsically dependent on - the parameters of the neuron model. This
implies the need for careful design and appropriate choice of operating point. The
impact that each individual parameter has on the behaviour of the neuron can be
visualised directly through NePhaM, thus making it possible to identify the most
suitable configurations for encoding based on neural models.
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The NePhaM analysis was conducted using three different neuron models: the
Izhikevich model, the LIF model, and the bit-accurate implementation of LIF that
replicates the behaviour performed on the Loihi 2 platform. During the simulations,
a common input term, denoted by I, was applied to ensure a uniform stimulation
structure across the different models.

Izhikevich model

The model proposed by Izhikevich [63] is described by Equation 2.1:

dV
dt
= 0.04V 2+5V +140−U + I

dU
dt
= a(bV −U)

; if V ≥ 30 mV, then

⎧⎪⎪⎪⎨⎪⎪⎪⎩

V ← c

U ←U +d
(2.1)

in this formulation, V defines the membrane potential of the neuron, U represents
the auxiliary variable for the resonator dynamics. Four quantities a, b, c, and d
determine the operating point and the type of response to a stimulus. a represents
the time scale of the recovery variable U ; b characterizes how sensitive U is to the
sub-threshold fluctuations of the membrane potential V ; c denotes the post-spike
reset value of V ; d specifies the post-spike reset of U .

Leaky integrate-and-fire model

The LIF model in its simplest representation includes only the membrane potential
and the reset rule, as illustrated in Equation 2.2

C
dV
dt
= I−V −Vl

R
; if V ≥Vth, then V ←Vl (2.2)

where V is the membrane potential, Vl is the leaky component, C is the membrane
capacitance, while R is the membrane resistance.
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LIF model on Loihi 2

The Loihi 2 platform utilizes a LIF model that incorporates not only the neuron but
also a synaptic contribution, with a slight change in the reset condition in contrast to
the Equation 2.2. The resulting model is described in Equation 2.3:

C
dV
dt
= u−V −Vl

R
; τd

du
dt
= −u+ I; if V >Vth, then V ← 0 (2.3)

the parameters have the same meaning as for the LIF, except for two additional
contributions: the synaptic current u and its temporal decay constant τd .

The Lava neuromorphic framework offers a bit-accurate implementation of
the model that runs on the Loihi 2 chip in its hard-coded version, described by
Equation 2.3, through the Euler approximation method in Equation 2.4:

V [t] =V [t −1](1−dV)+u[t]+bias

u[t] = u[t −1](1−du)+ I
(2.4)

the scaling parameters dv, du and bias are used to represent the parameters C, R,
τd and Vl , while the reset condition formulation remains unchanged.

2.1.2 Neuronal phase map

NePhaM represents a graphical methodology for visualising the neuro-computational
features that a neuron model can exhibit as a function of the parameters that define
its operating point. Each point on the map corresponds to a specific behaviour of the
neuron model, determined by the parametric coordinates associated with that point.

nD to 2D graphical representation

The dimensionality of the space represented in a phase map is equal to the number of
parameters selected as variables, which may vary depending on the model considered.
For example, in the case of the LIF model, the parametric space is 4D, defined by
the quantities C, R, Vl and the input I, as shown in Equation 2.2. In theory, a four-
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dimensional representation would not be an obstacle, as one of the variables could
be interpreted as the time axis, allowing the dynamic evolution of the representation
to be observed [69]. However, this approach becomes impractical in the presence
of more complex models, such as Izhikevich model, in which the dimensionality
of the space rises to 5D, determined by the parameters a, b, c, d and the input I, as
described in Equation 2.1.

In addition to issues related to the dimensionality of space, it is important
to emphasise that characterising the behaviour of a model based solely on the
configuration of its parameters is a difficult task. In fact, in order to describe the
entire parametric space exhaustively, it would be necessary to characterise each
point individually, with a total of O(pn) points, where p represents the number
of values sampled for each parameter and n represents the number of parameters
considered as variables. This implies that the total number of points to be analysed
grows exponentially as the dimensionality increases, quickly making the problem
intractable.

For this reason, it is essential to identify an alternative strategy that allows the
parametric space to be accurately represented while maintaining computational
tractability. The approach adopted for the construction of a three-dimensional
NePhaM is illustrated in Figure 2.1.

Fig. 2.1 NePhaM generation for a three-dimensional space. The maps are obtained by using
the bifurcation parameter as input and treating one model parameter as variable, while all
others remain fixed. Setting the ranges of both input and parameters defines the hyperplanes,
whose intersection corresponds to the straight line passing through the reference operating
point.

First, a bifurcation parameter is identified, i.e. a parameter whose value, when
changed, causes a transition in the model dynamics and which can be controlled
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by the user. In the specific case analysed here, this parameter coincides with the
input signal I. Next, the reference operating point is defined, consisting of the set of
fixed values for the model parameters. This reference operating point is useful for
defining a control line in the parameter space obtained by varying the bifurcation
parameter while keeping the other parameters fixed at the reference operating point.
This reference axis allows to identify a series of mutually orthogonal hyperplanes
in the parameter space, within which it is possible to vary two parameters at a time
while keeping the others unchanged at the value of the reference operating point.

In these configurations, two-dimensional maps are obtained in which the input
parameter is shown on the abscissa axis and the variation of one of the other parame-
ters is shown on the ordinate axis, while the remaining parameters remain fixed. In
this way, it is possible to construct a coherent set of maps that describes the behaviour
of the model as a function of the main parametric combinations, while preserving
readability and computational tractability.

The final graphical representation of NePhaM for a model characterised by n
parameters consists of a total of n−1 maps. In each of these, the abscissa shows
the values of the bifurcation parameter, while the ordinate represents the range of
variation of the parameter analysed. The remaining n−2 parameters are kept fixed at
the values defined by the reference operating point.

This approach allows for a functional representation of the model under exam-
ination, reducing the complexity of characterisation from O(pn) to O((n−1)p2).
While not offering an exhaustive description of the entire parametric space, this
graphical representation enables intuitive yet meaningful visualisation, providing
valuable insights into the model neuro-computational features.

Map production

The NePhaM generation process follows the scheme shown in Figure 2.2a. The
first step consists in selecting the neuron model and the parameter variation range.
The resolution of the map is determined by the number of values sampled for each
parameter: a higher density of points allows for more detailed observations, which is
essential for the clear identification of different behavioural regions.

Once the model and its parameters have been defined, the input signal is selected.
Different types of stimuli allow different information to be highlighted, such as the
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Fig. 2.2 Building blocks of the pipeline for generating a single-parameter NePhaM (a) and
an example of the final result (b). In (a), the neuron model is simulated over a fixed time with
specific input and parameter ranges, producing the NePhaM through complete exploration of
the defined region. In (b), a discretized representation highlighting rest state, tonic bursting,
tonic spiking, and indeterminacy conditions.

types of behaviours, the presence of latency or bistability for a given set of parameters.
In the specific case of this analysis, a step function with variable intensity was used
in order to highlight integrator and resonator behaviours.

Figure 2.2b shows the structure of a single-parameter NePhaM and how each
pixel is interpreted. Each behavioural pattern is associated with a distinct colour.
The example shows four main cases: absence of spikes, periodic spiking, burst-type
behaviour, and a condition in which it is not possible to identify a single dominant
behaviour. Each elementary block of the map corresponds to a pixel, obtained
following a finite-time simulation of the selected model, performed with the specific
set of parameters and stimuli.

The most commonly used finite time numerical simulation methods for integrat-
ing differential equations are the Euler method and the Runge-Kutta method. In this
analysis, the fourth-order Runge-Kutta method was adopted in order to minimise the
numerical error introduced by integration, in accordance with the recommendations
reported by Guo et al. [68].
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Neuro-computational feature classification

As reported in [63], neuron models can exhibit up to 20 different neuro-computational
features, which can be divided into subgroups based on the nature of the stimulus
and the resulting activity pattern. In this project, we focus exclusively on the four
primary characteristics observable in response to a step signal, together with the
resting state:

• rest state: condition in which the neuron does not generate spikes and the
membrane potential remains at equilibrium in the absence of disturbances;

• tonic spiking: response characterised by continuous and regular spike genera-
tion throughout the duration of the stimulus;

• phasic spiking: emission of a single spike at the beginning of the stimulus,
followed by inactivity even in the presence of the stimulus itself;

• tonic bursting: periodic production of groups of closely spaced spikes, organ-
ised into distinct packets, which constitute a burst;

• phasic bursting: intermediate condition between phasic spiking and tonic
bursting, characterised by the emission of a single initial burst followed by
inactivity.

The classification of these five characteristics, together with the additional case
of indeterminacy due to the overlap of different behaviours, was carried out through
a statistical analysis based on the distribution of ISIs and the number of spike trains
generated in response to the applied stimulus.

2.1.3 Experimental results

To ensure uniform generation of NePhaM maps between the Izhikevich, LIF, and
Loihi 2 LIF models, common simulation criteria were defined. Specifically, each
parameter was discretised into 1024 intervals to allow for high resolution in the
parameter space.

The stimulus used is also discretised with the same level of granularity and
consists of a step function with variable amplitude in the interval [0,10], kept
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identical for all simulations. The step function is applied for the entire duration of
the simulation, equal to 20 s, with zero intensity 0 in the time interval [0 s,1 s] and
with the selected value in the time range defined by the interval [1 s,20 s].

Izhikevich model

In the context of the NePhaM representation, the parameters selected for Izhikevich
model are a, b, c and d, according to Equation 2.1. The values of these parameters are
chosen in accordance with Izhikevich [67] specifications for the relevant parameter
ranges:

• a ∈ [0.02,0.1];

• b ∈ [0.2,0.26];

• c ∈ [−65.0,−50.0];

• d ∈ [0.05,8.0].

For the reference operating point, the following values were adopted: a = 0.06,
b = 0.23, c = −57.5, d = 3.975. The numerical integration process was implemented
using the fourth-order Runge-Kutta algorithm, with a time step of 0.05.

Figure 2.3 shows the resulting NePhaM. The four maps produced represent the
six behaviours identified above: rest state, tonic spiking, tonic bursting, phasic
bursting, phasic spiking, as well as behavioural transitions.

Fig. 2.3 NePhaM generated for the Izhikevich model. In panel (c), the chosen input and
parameter values make it possible to observe all the behavioral regimes under consideration.

Each map summarises the set of behaviours that the neuron model can exhibit
as the input I and a selected parameter vary, keeping the other parameters constant
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at the values set in the reference operating point. For example, Figure 2.3a shows
the behaviours of the Izhikevich model as I and a vary, with b, c and d kept fixed.
A case of particular interest is illustrated in Figure 2.3c, where, as the bifurcation
parameter value increases, the neuron can exhibit the entire range of behaviours
when the parameter c is around the value −52.

Furthermore, all four maps highlight transition zones from tonic spiking to tonic
bursting behaviour. These areas are characterised by irregular margins and large
undefined regions, which indicate the presence of ambiguous behaviour.

Consequently, in the practical application of neuromorphic technologies based
on complex models, such as Izhikevich, it becomes crucial to precisely define the
neuron operating point. This definition must take into account both the values of
the model internal parameters and the type and range of inputs applied, in order to
ensure a stable and effective spiking response capable of consistently encoding the
information coming from the source.

Leaky integrate-and-fire model

For the construction of the NePhaMs related to the LIF model, described by Equa-
tion 2.2, the following parameter variation ranges were considered, in accordance
with Dominguez-Morales et al. [50]:

• C ∈ [0.025,2.5];

• R ∈ [8.0,800.0];

• Vl ∈ [−75.0,−55.0].

The values C = 1.26, R = 404.0, Vl = −65.0 were set as the reference operating
point. The numerical integration was performed using the fourth-order Runge-Kutta
algorithm, with a time step of 0.05.

Figure 2.4 illustrate the NePhaMs obtained for the LIF model. It highlights
the presence of only two distinct behaviours: the rest state and tonic spiking. This
result is consistent with the mathematical approximations underlying the model,
which was designed to describe only the process of integrating the input stimulus
and the subsequent generation of spikes when the threshold of membrane potential
is exceeded.
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Fig. 2.4 NePhaM generated for the LIF model. Only two behaviors - rest state and tonic
spiking - are observed, which aligns with the approximations used in the model. The LIF
model captures just the essential features: integration of the input signal and spike generation
above a threshold.

LIF model on Loihi 2

In the bit-accurate LIF model provided by the Lava library for the Loihi 2 chip [85],
described by Equation 2.4, the configurable parameters are dv and du, both with val-
ues between 0.0 and 1.0, and the parameter bias, variable in the interval [0.0,50.0].
The values dv = 0.5, du = 0.5, and bias = 25.0 were assumed as the reference operat-
ing point.

Figure 2.5 shows the behavioural maps for the LIF model on Loihi 2. The results
show that the behaviours faithfully reproduce what was observed in the case of the
standard LIF model, showing only the rest state and tonic spiking.

Although the Loihi 2 chip shares similarities in neuro-computational features
with the standard LIF model, there are also significant differences. In particular,
only Figures 2.5a and Figures 2.5b represent the membrane potential trend, while
Figure 2.5c highlights the synaptic contribution associated with the transmission of
the stimulus to the neuron.

The first two maps in Figure 2.5a and Figure 2.5b show a separation of be-
havioural conditions according to a non-linear trend, an effect attributable to the
reorganisation of parameters C, R and Vl of Equation 2.2 into the parameters dv
and bias of Equation 2.4. Furthermore, the transition from the rest state to the
tonic spiking state is characterised by a step-like structure. This phenomenon is
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Fig. 2.5 NePhaM obtained for the LIF model of Loihi 2. As in the standard LIF case, only
rest state and tonic spiking are observed. A distinctive step-like structure emerges, resulting
from the quantization of parameters during simulation.

attributable to the parameter quantisation process, which introduces a discrete set of
values represented with a depth of 12 bits.

2.1.4 Discussion

As highlighted by the three previous examples, NePhaM’s potential lies in its ability
to represent different neuro-computational features based on neuron model pa-
rameters through two-dimensional visualisations. The identification of neuronal
behaviours plays an important role in the practical applications of SNNs, both in the
spike encoding phase and in the operational phase. The former is crucial from the
sensory integration, while the latter concerns the overall activity of the network and
the resulting energy consumption.

In order to facilitate the identification of the desired operating range, the added
value offered by NePhaM consists in being a graphical tool capable of highlighting
information useful for defining the reference operating point. The graphical interface,
illustrated in Figure 2.6 and Figure 2.9, has the following components: the upper
part shows the different map configurations depending on the input signal and the
reference operating point, the latter being adjustable using the sliders located in the
lower right section. The lower left part shows the input signal used as a stimulus
to generate the neuron response, together with the membrane potential trend. This
interactive application allows to observe in real time how the neuron response varies
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depending on both the type of stimulus and the values of the characteristic parameters
adjusted using the corresponding sliders.

The dense production of NePhaM maps, which is characterised by high compu-
tational costs - as previously shown for the various models analysed - can be carried
out following a multi-stage procedure in order to simplify exploration and selection
operations. In an initial phase, it is possible to adopt a reduced resolution, based on
a coarser subdivision of the intervals of the parameters considered. Subsequently, in
order to improve and refine the identification of the operating region of interest and
the relative reference operating point, the resolution can be increased by narrowing
the analysis intervals to allow for a more detailed and accurate study. The graphical
tool was applied to Izhikevich model considering the reference operating point in
the following configurations: phasic spiking, tonic spiking, tonic bursting, and the
undefined case. For demonstration purposes, the parameter intervals were divided
into 30 sub-intervals, using the same fourth-order Runge-Kutta integration method
with a time step of 0.05.

Figure 2.6 shows the phasic spiking with configuration parameters a = 0.06,
b = 0.205, c = −57.5, d = 3.975, and I = 3.0, characterized by a membrane potential
that produces a single spike.

Fig. 2.6 NePhaM for the reference operating point in the phasic spiking configuration are
reported in (a), (b), (c), and (d). The type of stimulus to which the neuron is subjected is
shown in (e), while its membrane potential in output is plotted in (f).

We report an example of tonic spiking in Figure 2.7, with parameters set as
a = 0.082, b = 0.253, c = −61.667, d = 3.583, and I = 6.667, where closely spaced
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spikes can be identified in the first part of the stimulus, followed by an increase in
the time interval for subsequent spikes until a stationary condition is reached.

Fig. 2.7 NePhaM for reference operating point in the tonic spiking configuration.

Figure 2.8 shows a case of tonic bursting with configuration parameters a = 0.082,
b = 0.253, c = −50.0, d = 4.467, and I = 4.444. Groups, or bursts, of spikes are
produced, separated by a time interval larger than the intra-burst one. Both the ISI
and the inter-burst interval show a structure that repeats regularly over time.

Fig. 2.8 NePhaM for reference operating point in the tonic bursting configuration.

Lastly, Figure 2.9 shows a condition where defining the observed behaviour
unambiguously is not possible, with configuration parameters a = 0.100, b = 0.227,
c = −51.667, d = 4.467, and I = 10.0. The presence of spike production in bursts
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of non-homogeneous length and intervals suggests a possible transition from tonic
spiking to tonic bursting.

Fig. 2.9 NePhaM for reference operating point in the undefined configuration.

The images shown here highlight the four main configurations: phasic spiking,
tonic spiking, tonic bursting, and an undefined condition. This analysis emphasises
the crucial role of the reference operating point in determining the behaviour of
the neuron, which ensures a unique response to stimuli. This point must be set in a
region sufficiently distant from regions characterised by undefined configurations in
the parameter space.

2.2 Summary

This chapter approached the neuromorphic paradigm from its most fundamental
level, focusing on the analysis of spiking neuron models as the basic computational
units underlying neuromorphic systems. By studying the dynamic and computational
characteristics of individual neurons, the theoretical and methodological foundations
upon which more complex neuromorphic architectures and applications can be built
have been established. The central focus of this study was to ascertain the influence
of variations in model parameters on neuronal behaviours such as spiking, bursting
and other dynamic regimes.

In this context, the introduction of the NePhaM provides an intuitive and in-
terpretable tool for visualising and analysing the neurocomputational properties
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of spiking neuron models across a large parameter space. By offering a compact
graphical representation of complex, high-dimensional dynamics, NePhaM bridges
the gap between formal mathematical analysis and practical design considerations,
supporting both the interpretation of neuronal behaviour and the informed selection
of models and parameters for neuromorphic applications. This is particularly relevant
in phases such as spike encoding, where the interplay between external, real-valued
signals and spiking dynamics assumes a pivotal role.

The knowledge gained at this level constitutes a bottom-up exploration of neuro-
morphic computation. A solid understanding of single-neuron dynamics is essential
to motivate and justify the design of network-level computational mechanisms and
strategies. Consequently, the concepts and tools introduced in this chapter provide a
solid foundation for the subsequent study of spiking neural networks and their utili-
sation in solving concrete computational tasks. In such applications, the emergent
behaviour of interconnected neurons can be exploited for optimisation, learning, and
real-world applications.



Chapter 3

Optimization problem in
neuromorphic computing

Optimisation problems have always occupied a prominent place in the field of re-
search due to their importance in many areas, from logistics [86–88] to development
of new drugs [89, 90], from warehouse management [91–94] to scheduling [95],
from structural optimization [96–98] to resource allocation [99–101]. Optimisation
problems are central to both information theory [102] and the creation of intelli-
gent systems in the real world, such as automatic planning in robotics [103–105],
the configuration of distributed systems [106, 107], and the training of neural net-
works [108–110].

An even more fundamental aspect is the distinction of problems based on com-
putational complexity, which allows the most suitable solution methodology to be
identified. This classification allows problems to be divided into two broad categories:
easy problems defined as Polynomial (P) because they can be solved in polynomial
time, and difficult problems known as Nondeterministic Polynomial-time problems
(NP-hard) which do not admit efficient deterministic methods of resolution [111].

Thanks to the above classification, two approaches to solving these problems
can be identified in the field of optimisation: deterministic methods and heuristic or
meta-heuristic methods [112–114]. Each of these families meets different needs in
terms of scalability, solution quality and computational cost.

Deterministic methods suitable for class P aim to find the optimal solution to a
problem, or to prove its non-existence, through rigorous and deterministic procedures.
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Examples of such approaches are linear programming [115], branch and bound [116],
cutting planes [117], grid search [118] and Lagrange multipliers [119].

However, these methods prove to be inefficient for high-dimensional problems
with a large number of variables, constraints, or complex objective function, as in
the case of NP-hard problems. In such contexts, the search for exact solutions can
be prohibitive in terms of both time and computational resources. For this class of
problems, heuristic or metaheuristic techniques are used [112–114]. These do not
guarantee the achievement of the optimal solution, but allow approximate solutions
to be obtained in computationally sustainable times. Unlike exact methods, heuristics
are based on search strategies in the solution space, inspired by physical, evolutionary
or social mechanisms, such as Simulated Annealing (SA) [120], Quantum Simulated
Annealing (QSA) [121], genetic algorithms [122], particle swarm optimisation [123],
ant colony optimisation [124] and machine learning methods [125].

Alongside classic techniques - deterministic or heuristic - for solving optimisation
problems, a new line of research is emerging in the field of neuromorphic computing,
which aims to exploit the temporal evolution dynamics of SNNs [41, 40, 49, 126–
129].

A distinctive feature of neuromorphic approaches to solving optimisation prob-
lems lies in the way the problem is encoded directly into the network structure.
This encoding is not just an input, as in traditional ANN models, but constitutes the
topology and dynamics of the network itself. In a context where the neural network
is called to reflect the structure of the problem, the manual design approach of SNNs
proves particularly effective, especially for classes of problems with a well-defined
mathematical structure [126].

In this representation, the nodes of the SNN correspond to the variables or
elements of the system to be optimised. Each neuron, or population of neurons,
represents a possible value, configuration, or attribute of the solution. The synaptic
connections between neurons are designed to model constraints, mutual relation-
ships, or violation costs between variables. The excitatory or inhibitory synaptic
weight and synaptic delay can be used to define incompatibilities between choices or
relationships between states [49].

The network is not just a learning or classification mechanism, but becomes a
computational structure that directly incorporates the logic of the problem to be
solved. From this, the solution emerges spontaneously as a stable state or limit cycle
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in a phase space, following processes of self-organisation or temporal evolution
guided by local connections that describe an attractor model. This differs from
classical approaches, where the solution is obtained by executing a sequence of
instructions [45].

This chapter presents two case studies that aim to explore the application of the
neuromorphic paradigm to solving discrete optimisation problems through the use of
manually designed SNNs. Although these studies address different issues and refer
to distinct theoretical models, they share a common goal: to demonstrate the compat-
ibility and effectiveness of neuromorphic computing in the field of optimisation.

The first case study addresses the active search for a solution to an optimisation
problem inspired by the Ising model, widely used in statistical physics to model
interacting systems. In this scenario, an SNN is designed to simulate the energy
minimisation dynamics of the system. To this purpose, the optimiser was tested
in a simulated environment using Python, in order to validate its behaviour in a
controlled context. Subsequently, the implementation was transferred to SpiNNaker
2, the new neuromorphic platform. This step made it possible not only to evaluate
the performance of the approach in a realistic hardware scenario, but also to explore
its potential in terms of scalability and parallelism, paving the way for possible
applications in real domains of complex combinatorial optimisation [40].

The second case study, on the other hand, focuses on the dynamic validation of
solutions to Constraint Satisfaction Problems (CSPs). In this context, the behaviour
of an SNN network is designed to reflect the logical structure of the problem,
verifying whether a candidate configuration satisfies the imposed constraints. The
approach is explored both through the GPU-enhanced Neuronal Network (GeNN)
simulation framework and through execution on SpiNNaker neuromorphic hardware,
evaluating the robustness, scalability and interpretability of the network [41].

Overall, the two approaches analysed illustrate two complementary ways of
addressing optimisation problems with neuromorphic networks: on the one hand, dy-
namic search for optimal states, and on the other, topological verification of discrete
solutions. Both works contribute to highlighting the potential of the neuromorphic
paradigm as a plausible alternative for addressing the optimisation problem from
different perspectives.



3.1 Neuromorphic Ising machines 33

3.1 Neuromorphic Ising machines

3.1.1 Quadratic unconstrained binary optimization

Quadratic Unconstrained Binary Optimization (QUBO) [130–133] models are very
powerful tools for solving a wide range of Combinatorial Optimization Problems
(COPs). Their definition is given in Equation 3.1:

fQ(x) = xT Qx

=
n
∑
i=1

n
∑
j=1

Qi jxix j
(3.1)

where:

• fQ(x) defines the function to be optimised;

• x={x1, ...,xn} represents the set of binary variables for which xi ∈ {0,1} defines
the state of the system;

• Q ∈Rn×n is an upper triangular matrix whose elements Qi j define the weight
associated with the pair of variables xi, x j with indices i, j ∈ {1, ...,n}.

QUBO solvers are used in both software simulators and hardware accelerators
inspired by classical [134] and quantum phenomena [135]. These accelerators use
different forms of annealing to guide the collective dynamics of the optimisation
variables towards the global minimum of the COP, where in the case of the phys-
ical system corresponds to the fundamental energy states. Relevant examples of
such platforms include: quantum annealers based on superconducting qubits [136],
optical [137] and digital coherent Ising machines [138], CMOS-based oscillator
networks [139, 140], Hopfield networks implemented using memristors [141–143],
and SA through digital circuits [144–147].

Analog Ising machines such as quantum ones based on tunnelling processes in
theory can guarantee the identification of the optimal solution for problems formu-
lated through QUBO models. However, their scalability is still limited, preventing
direct application to large-scale problems [148–151]. In contrast, classical QUBO
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solvers such as those based on analogue Ising machine technologies exploit the in-
trinsic non-linear dynamics of the problem to investigate the solution space and avoid
confinement in local minima. Among the various implementations are simulated
bifurcation machines [152], stochastic solvers based on magnetic tunnel junctions
that use the thermal noise of the hardware to conduct state exploration [153, 154].
Similarly, memristor-based Hopfield networks [141] exploit the intrinsic noise of the
device, enabling low energy consumption and reduced solution times, making them
particularly suitable for energy-efficient optimisation scenarios. However, when the
goal is to generate solutions that systematically approach State-Of-The-Art (SOTA)
metrics, or even exceed them by identifying better optimal configurations, the per-
formance of analogue Ising machines is limited by the computational accuracy and
dynamic range of the peripheral readout circuits [40].

As shown in Figure 3.1, which reports the three classes of COP problems -
low complexity (L), medium complexity (M) and high complexity (H) - for low-
complexity problems, most solvers are able to achieve SOTA or the ground state in
each run, generating a distribution of solutions that is highly concentrated around
SOTA. Conversely, in high-complexity COPs, the distribution of solutions sampled
by the various models tends to show high variance. The reasons for this behaviour
can be identified in two main causes: the ground state may be significantly distant
from SOTA; even the calculation of an approximate solution can be an NP-hard
problem, thus requiring exponential times or high calculation precision.

Fig. 3.1 Visualisation of solution distributions produced by optimal and non-optimal Ising
machines across different COP complexities: Low (L), Medium (M), and High (H). An ideal
QUBO solver yields solutions clustered near the SOTA, with the potential to discover novel
configurations closer to the true Ising ground state. The figure is taken from [40].
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Compared to analogue architectures, digital Ising machines do not have the same
problems related to numerical precision and scalability. Recent advances in neuro-
morphic hardware have led to the development of platforms capable of simulating
SNNs with billions of neurons and trillions of synapses. The implementations of
these neuromorphic supercomputers range from solutions based on commercial
CPUs and GPUs [51, 155] to customised platforms based on FPGAs, multicore
architectures and ASICs [156, 157, 37]. A notable example is the SpiNNaker 2 mi-
crochip [38], used in the experiments presented below, which is capable of integrating
over 152,000 programmable neurons and more than 152 million synapses.

Although the main motivation behind the development of such platforms has
been the emulation and study of neurobiological functions [158, 159], as well as the
implementation of energy-efficient artificial intelligence tasks [160, 161, 75, 162], it
has been observed that neuromorphic advantages can also emerge in activities that
exploit the nonlinear dynamics and intrinsic noise of neuromorphic systems. These
approaches exploit the emerging properties associated with energy minimisation [163,
164], phase transition and criticality phenomena [165], as well as chaos [166] and
stochastic dynamics [167–169], both at the single neuron unit and at the global
network [152, 170, 171].

In recent years, the advantages of neuromorphic platforms in terms of energy
efficiency in addressing optimisation problems and simulating stochastic systems
have been demonstrated [161, 172]. These specific implementations exploit the
high degree of intrinsic parallelism of neuromorphic architectures both to efficiently
perform state sampling and to implement Markov processes, both of which are
fundamental for solving Ising-type problems [173].

Another promising approach involves the use of neuromorphic architectures for
solving Semi-Definite Programming (SDP), a widely used approximation technique
for tackling numerous COPs [174]. SDPs have been used to obtain optimal solutions
compared to all algorithms in polynomial time [174, 175]. A notable example is the
mapping of the Goemans-Williamson (GW) SDP on Intel Loihi for solving MAX-
CUT instances [176, 177]. However, the GW algorithm and other SDP variants
only provide lower bounds on the quality of the solution, without providing any
indication of the distribution of the solutions obtained. Furthermore, the numerical
precision required to solve the SDP can be high if the aim is to reach or exceed the
SOTA. Consequently, even when the SDP approximation bound is exactly achieved
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or exceeded in specific cases and for particular graph instances, this still requires an
exhaustive search - exponential or sub-exponential - in the vicinity of the SOTA. It is
important to note that, for COPs such as MAX-CUT, even a single cut improvement
represents significant progress, as it can only be achieved through the discovery of a
new solution.

However, a neuromorphic architecture that is operationally isomorphic to the SA
algorithm, equipped with an optimal schedule, should be able to produce high-quality
solutions [120, 178, 179]. This behaviour is illustrated in the Figure 3.1, where the
ideal or optimal, distribution of solutions is concentrated in the proximity of the
SOTA. As highlighted in the same figure, the guarantee of asymptotic optimality also
implies that, with extended execution times, the algorithm can generate a solution
better than the current SOTA, if the latter does not already coincide with the ground
state. However, the inherently slow dynamics of SA are a significant motivation for
its implementation and acceleration on dedicated neuromorphic architectures [142,
143].

3.1.2 NeuroSA on Ising model

In its general formulation, the Ising problem [132, 180] consists in minimising the
Hamiltonian function H(s) (Equation 3.2) through the identification of the spin state
vector s = {s1, ...,sn} subjected to an external field or bias vector b ∈RD, the latter
can also be used to introduce additional constraints within the formulation of the
problem.

min
s∈{−1,+1}

H(s) = 1
2

sT Qs+bT s (3.2)

In this case, for simplification purposes, attention is focused on a particular
case of the Ising model in which the vector b = 0. Under this condition, this model
becomes equivalent to the MAX-CUT problem, which is particularly intuitive to
visualise and analyse.

In this formulation the graph G = (V,E) constitutes the MAX-CUT problem. The
aim is to partition the vertices V = {v1, ...,vn} into two sets in order to maximise the
total number of edges E connecting vertices belonging to different sets. In the case
of the Ising formulation applied to MAX-CUT, each vertex vi is associated with the
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spin variable si ∈ {−1,+1} , while the arcs of the set E are associated with a weight
matrix Q ∈RV×V , such that Qi j indicates the weight of the arc connecting vertices i
and j. A simple MAX-CUT problem is illustrated in Figure 3.2.

Fig. 3.2 Illustrative example of a graph with edge weights defined by Qi j and spin state
determined by si. The figure is taken from [40].

Assuming ideal asynchronous operation provided by the neuromorphic platform,
at each time instant t only one spin - indicated as pth - can change its state by an
amount s′p,t = −sp,t . In this scenario, the energy variation of the Hamiltonian function
H(s) is equal to:

∆H(s)p,t = s′p,t
⎡⎢⎢⎢⎢⎣

V
∑
j=1

Qp js j,n−1

⎤⎥⎥⎥⎥⎦
(3.3)

The condition of Equation 3.3, combined with the SA probabilistic accep-
tance/rejection criterion [120], allows for neuromorphic mapping based on pairs of
integrated-and-fire neurons in a coupled ON-OFF configuration, put into mutual
competition to ensure that the pair assumes only one possible state, as illustrated in
the Figure 3.3.

The pair of ON-OFF neurons pth are differentially connected to the pair related
to spin jth, through synaptic weights Qp j and −Qp j. The spikes produced by the
post-synaptic pair pth differentially encode the variation in the state of spin jth.

To ensure that the spike activity of the SNN is functionally isomorphic to the
acceptance/rejection dynamics typical of an SA algorithm, the activation threshold
µp,t of the pth neuron is modified over time using the tunnelling-based annealing
model described by the Fowler-Nordheim (FN) phenomena. To determine the correct
cooling schedule, we use the results obtained from the SA algorithm, which define
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Fig. 3.3 A graph with weights Qi j, decomposed by NeuroSA into pairs of ON-OFF neurons.
The figure is taken from [40].

that the Ising model will reach asymptotic convergence to the ground state if the
temperature at step t is proportional to Tt ∝ 1

log(1+t) [178, 179]. The FN dynamics can
produce a variable thresholds by exploiting the model illustrated in the Figure 3.4.

Fig. 3.4 The FN annealer consists of an integrator, and an exponentially distributed noise
random variable N E , and a Bernoulli noise source N B. The figure is taken from [40].

Based on a current density variable Jt [181] this model is capable to generate the
cooling schedule that can modify the threshold µp,t by controlling the temperature
schedule according to Zhou et al. [182] Equation 3.4:

Tt =
T0

log(1+ t/c)
(3.4)

where the parameter t represents the step of the annealing process, while T0 and
c are hyperparameters to be optimised derived from the FN model.

To generate the activation threshold of neurons, the FN dynamic variable is
combined with two additional stochastically independent variables. The firing
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threshold of the neurons is defined by an exponential distribution N E
p,t ∼ Exp(λ),

and a Bernoulli distribution N B
p,t ∼ B(q). This choice ensures that each neuron has a

finite probability of activating or deactivating. A condition equivalent to satisfying
the irreducibility and aperiodicity requirements specified in the SA.

The ON-OFF neuron pair, integrated with the FN annealer, constitutes the ele-
mentary computational unit of the NeuroSA solver, which can be exploited to solve
Ising instances on different neuromorphic computing platforms. Thanks to the func-
tional isomorphism of our implementation, neuromorphic hardware can accelerate
execution and asymptotically approach the ground state. The results show that, even
in finite-duration executions, the implementation produces solution distributions
around the SOTA, without requiring intensive Hyperparameter Optimisation (HPO).

3.1.3 Experimental results

To thoroughly explore the solving capabilities of NeuroSA, we first analyse the solver
performance on small-scale MAX-CUT instances for which the exact solution can be
easily determined using brute-force search, and then evaluate larger-scale problems
on instances for which SOTA is widely documented in the literature [183, 184].

Benchmarking on small-scale graphs

The NeuroSA architecture is initially applied to a MAX-CUT graph consisting of
10 nodes, defined by a random adjacency matrix Q. In this case, the problem has
two fundamental degenerate states, as a consequence of the gauge symmetry s↔−s.
The two degenerate states, identifiable by brute-force search, are defined as Global
optimum 1 and Global optimum 2. As shown in Figure 3.5, similarly to what was
observed in the dynamics of SA, two main phases can also be identified for NeuroSA:
a high-temperature regime and a low-temperature regime, identifiable by the value
assumed by the activation threshold µt .

To analyse and visualise the different temperature regimes, the aggregate spiking
rate of each ON-OFF neuron is calculated using a moving window, as shown in
Figure 3.6. The firing dynamics of the entire neuronal population were then pro-
jected into a reduced three-dimensional space using Principal Component Analysis
(PCA) [185] (Figure 3.6).
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Fig. 3.5 Temporal evolution of the Manhattan distance between NeuroSA-generated solutions
and the two known ground states. The dynamic reveals two distinct escape mechanisms in
both high-temperature and low-temperature regimes. The figure is taken from [40].

Fig. 3.6 Visualization of NeuroSA trapping and escape dynamics through a PCA-based
projection of network spiking activity within a moving time window. The figure is taken
from [40].

In the high-temperature regime, the dynamics of the network follow a stochastic
evolution behaviour in the form of a random walk, which allows for ergodic explo-
ration of the candidate space. With the progressive reduction in temperature, the
exploration of NeuroSA tends to decrease, describing trajectories that orbit near
the two global optima. As the temperature decreases further, there is a conver-
gence towards one of the two states corresponding to the optimum, thus ending the
exploratory phase [186]. The full dynamics is shown in Figure 3.6.

It is important to emphasise that in the low-temperature regime, the exploration
of the state space represents a significant critical issue for SA algorithms. To mitigate
this limitation, advanced heuristics have been proposed, including hybrid quantum-
classical methods, with the aim of accelerating the escaping process from the local
minima. In NeuroSA, FN dynamics intrinsically introduce a finite escape probability
even under low-temperature conditions, preserving the ability to explore new regions
of the solution space.
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Benchmarking on medium-scale graphs

As a second case study, NeuroSA was used to solve a MAX-CUT instance on a
graph from the dataset produced by Ye et al. [187]. The analysed instance is the G15,
a graph formed by a weighted binary planar structure consisting of 800 nodes [187],
for which the fundamental state is unknown, but the reported SOTA value is 3050
cuts [152].

For this benchmark, the NeuroSA solver was simulated on a CPU platform. The
dynamics of the activation threshold µt appear to be limited by the temperature
scheduling trend described in Equation 3.4, as shown in Figure 3.7.

Fig. 3.7 Dynamics of the activation threshold µt . The figure is taken from [40].

With the progressive decrease in the threshold envelope, the probability of neuron
activation is reduced, as shown by the histogram in Figure 3.8. In the initial stages
of convergence, the envelope between the number of active neurons has a wide
margin with respect to the upper bound #neuron∝ 1

log(t) . However, this discrepancy
progressively decreases as the simulation steps increase, highlighting the influence
of the FN-based tunnelling mechanism.

Similar to the results obtained for the small-scale graph shown in the Figure 3.5,
here the trajectory described by the state of the cuts as a function of the simulation
steps reveals two exploration regimes: the one at high temperature and the second
at low temperature. During the high-temperature regime, the exploration follows
a path of progressive increase in cuts, indicative of dynamics driven by the Ising
energy gradient. Near convergence, with decreasing temperature, the dynamics are
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Fig. 3.8 Number of active neurons, showing decay proportional to 1
logt when the contribution

of the Bernoulli random variable N B is excluded. The figure is taken from [40].

dominated by Brownian motion and sporadic escape mechanisms with no preferred
direction, as demonstrate in Figure 3.9.

Fig. 3.9 Convergence of the solution quality. The highlights show the fluctuations near 3050
cuts, which represents the current SOTA for this graph. The figure is taken from [40].

Extensive benchmark on a set of graphs

Additional experiments were conducted by subjecting the NeuroSA solver to MAX-
CUT instances belonging to the Gset graph family. These experiments were con-
ducted using both a traditional CPU-based architecture and the SpiNNaker 2 neuro-
morphic platform. The former consists of an Intel® Core Ultra 9 185H processor
with a maximum clock frequency of 2.5 GHz, whereas the latter operates at 300 MHz.
To make the resolution performance of the different graphs comparable, the number
of iterations of NeuroSA running on both platforms is fixed. This methodological
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choice demonstrates the robustness and independence of NeuroSA’s performance
with respect to the topological complexity of the MAX-CUT graphs considered.

To obtain an analysis of the solution capacity of the NeuroSA optimiser, the
MAX-CUT instances were divided into classes L, M, and H using the following
metrics: graph size; average fan-out per node; graph entropy [188]; network transi-
tivity [189].

The size of the graph, expressed by the number of vertices, allows graphs to be
divided according the size of the variable domain. The average fan-out per node
quantifies the average number of direct connections as outgoing arcs associated
with each node, providing a basic indication of the overall connectivity of the graph
and the potential for information diffusion. The entropy of the graph expresses the
degree of disorder or randomness by analysing the distribution of connections across
all nodes. A high entropy value indicates a more complex or disordered structure,
characterised by a less uniform distribution of connections. Transitivity - also known
as the global clustering coefficient - measures the tendency of nodes to form cohesive
groups, assessing the overall propensity of nodes to create dense interconnected local
structures.

Although the average fan-out per node provides a plain measure of connectivity, it
does not capture the details related to the specific configuration of these connections,
which are instead analysed using graph entropy and transitivity. Graph entropy
complements average fan-out by assessing variability in node connectivity, thereby
highlighting inequalities or irregularities in connection distribution. In contrast,
the global clustering coefficient targeting on the propensity to form local clusters,
providing a measure of the structural compactness of the graph and the likelihood
of closely interconnected subnetworks being created. Overall, these indicators offer
a multidimensional view of the complexity of the graph, describing not only the
quantity of connections present, but also their spatial organisation and how they
contribute to the formation of aggregate structures and the overall resilience of the
network.

The results obtained, depicted in Figure 3.10, describe the normalised distribu-
tions with respect to the SOTA of the solutions obtained by NeuroSA on the Gset
family. It is important to note that, for the MAX-CUT problems considered, the
SOTA solution derives from results previously reported in the literature [152, 183].
However, as can be seen, the solutions produced by NeuroSA consistently reach 99%
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of SOTA quality, regardless of the complexity of the graph. Although, as expected,
the variance of the distribution increases with increasing complexity, implicitly
suggesting a correlation with the intrinsic complexity of the COP problem itself.

Fig. 3.10 Empirical probability density functions of solutions on Gset benchmarks. The
solutions are obtained after 108 iterations and fall within the interval 98.9%÷100% of the
current SOTA., highlighted by red and blue dotted lines. Results are organized in ascending
complexity: Low (L); Medium-Low (M-L); Medium (M); Medium-High (M-H); High (H).
The figure is taken from [40].

Figure 3.11 also demonstrates the significant algorithmic advantage in imple-
menting NeuroSA on a parallel architecture, such as the SpiNNaker 2 platform. The
comparison is made between five instances of NeuroSA running in parallel, each
with 108 iterations, and a single instance running 5×108 iterations in sequence. The
results of the five parallel instances are aggregated by calculating their average and
plotting the probability distribution of the quality of the solutions obtained for both
cases. As evidenced, parallel search produces a distribution that is more concentrated
around the SOTA solution than the long-running sequential approach. In essence, the
parallel instances of NeuroSA explore different trajectories in the solution space, and
the combination of multiple results significantly increases the probability of reaching,
within a finite time limit, the region close to the SOTA/ground state optimum.

It is important to note that optimal annealing scheduling guarantees global
convergence only in the asymptotic limit of exponential time. Consequently, any
improvements over the current solution for reaching the ground state, even using a
parallel approach, still depend on a prolonged execution time of a single NeuroSA in-
stance. We therefore extended the execution time to 1011 iterations to verify whether
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Fig. 3.11 A parallel search comprising five NeuroSA instances generates more consistent
results compared to a single search executed for five times the duration of the parallel run.
The figure is taken from [40].

NeuroSA could find new solutions for some sets of MAX-CUT problems. However,
within a finite execution time - both on CPU and SpiNNaker 2 - NeuroSA failed to
discover solutions that exceeded the SOTA on the Gset/MAX-CUT benchmarks.

To appreciate the challenge in finding new solutions, Figure 3.12 offers an
analysis of the time required per unit of improvement in the solution on three
different Gset benchmarks. The graphs show an increase in the computational cost
required to achieve marginal improvements in the quality of the solution. The metric
reported is defined as the ratio between the time required to achieve a unit increase
and the total execution time. As the difficulty in finding better solutions increases, the
execution time grows exponentially or sub-exponentially. This dynamic is illustrated
by the extrapolation curve and transition point A, which could represent the limit
beyond which diminishing returns are encountered. This point could be interpreted
as a hardware-agnostic stopping criterion for combinatorial optimisation problems.

The performance advantage of NeuroSA mapping on SpiNNaker 2 compared to
a traditional platform using CPU architecture is shown in Figure 3.13, which reports
the time-to-solution, energy consumption, and finally the energy required for the
solution. The comparison covers three different 800-node MAX-CUT problems
belonging to the Gset.

As demonstrated in Figure 3.13 in the right side, the time taken to reach the
solution is dependent on the platform. In order to ensure a fair comparison in the case
of the CPU platform, a linear extrapolation of the time taken to reach the solution
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Fig. 3.12 The instantaneous time per unit gain in solution for three Gset benchmarks,
approaches an exponential or sub-exponential run-time scaling. The figure is taken from [40].

was performed in order to account for the difference in clock frequencies when
compared to the SpiNNaker 2 platform. The linear extrapolation, which is employed
as an optimistic lower bound for the execution time of the CPU with a lower clock
frequency, disregards the delay caused by communication between the CPU and
memory. It is evident from the findings of this study that, even when the absolute
execution time is disregarded due to the CPU bottleneck, the current implementation
on SpiNNaker2 exhibits superior performance in terms of comparable clock times
when compared with the CPU implementation.

As illustrated in Figure 3.13, the central part of the figure presents the energy
consumption of NeuroSA on both the CPU and SpiNNaker 2. For the CPU system,
the consumption was measured using the following profilers: the HWiNFO®, Intel
SOC Watch and Intel Vtune Profiler. It has been mesured that when the NeuroSA
algorithm is executed, the CPU system consumes 15.93 W. Of this, 11.63 W is
attributable to the CPU core at a normal clock frequency. Performing a linear extrap-
olation analogous to the preceding one on the energy consumption per CPU core
with respect to the SpiNNaker 2 clock frequency, the energy consumption per core
would be 1.39 W. Conversely, the SpiNNaker 2 implementation of NeuroSA con-
sumes 561.9 mW. The integrated hardware sensors measure the power consumption
breakdown as follows: the PEs (Processing Elements) and the Network on Chip
(NoC) consume 455.95 mW, the I/O 85.7 mW, and the remaining 20.26 mW account
for unused DRAM leakage and clock generation. The power consumption analysis
demonstrates a marked power advantage in utilising the SpiNNaker 2 platform in
comparison to the CPU platform.
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Fig. 3.13 Shows the timing and energy performance of CPU and SpiNNaker2 systems when
running identical NeuroSA MAX-CUT workloads with 800 nodes. (left) Real time-to-
solution (in seconds) for both platforms, together with extrapolated CPU execution time as a
function of the SpiNNaker2 clock frequency. (center) Instantaneous power consumption and
its breakdown for the SpiNNaker2 and CPU systems. (right) Energy-to-solution for both
platforms; error bars indicate the minimum and maximum energy consumption observed
across multiple runs. The figure is taken from [40].

Finally, the energy-to-solution which compares the energy consumption of CPU-
based and SpiNNaker 2 systems, with no extrapolations made. As demonstrated
in the right side of the Figure 3.13, SpiNNaker 2 exhibits superior performance
in terms of energy efficiency when executing the same NeuroSA workloads as the
CPU. Notwithstanding certain suboptimalities in the present implementation of Neu-
roSA in SpiNNaker2, low-power neuromorphic hardware has already demonstrated
substantial energy advantages in executing the optimisation algorithm.

Benchmarking on MIS problems

In subsequent experiments, NeuroSA performance in solving Maximum Independent
Set (MIS) problems was evaluated. This problem consists of finding the largest
subset of vertices in a graph such that no pair of vertices within the same set is
connected by an arc. The solutions to the MIS problem are subject to restrictive
constraints, making it intrinsically more complex than the MAX-CUT problem,
where every configuration is a valid solution.
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The distributions of the solutions, is depicted in Figure 3.14, were obtained
through simulations on graphs of varying complexity from the NeuroBench bench-
mark suite [184].

Fig. 3.14 Distribution of results for MIS problems according to complexity metrics: (left)
the number of graph vertices Low (L) = 10, 25, 50, Medium (M) = 100, 250, 500, High (H)
= 1000, 2500, 5000; (right) graph density L = 0.01, M-L = 0.05, M-H = 0.1, H = 0.25. The
figure is taken from [40].

In this case, the classification metrics used to classify the various graphs are the
size and density of the graph. As defined above, the size of the graph indicates the
number of vertices that make up the graph. The density of the graph represents the
number of connections between the vertices, directly influencing the dimensionality
of the system state space and, consequently, the effective dimensionality of the
energy landscape described by the hamiltonian. An increase in density also modifies
the spectrum of the eigenvalues of the Hamiltonian, broadening it and generating a
richer set of critical points in the energy landscape of the states.

Similar to the results obtained for MAX-CUT problems, the results for MIS
problems also show distributions of solutions concentrated around the SOTA value,
obtained without the need for optimisation of hyperbolic parameters. However,
unlike the MAX-CUT benchmarks, NeuroSA consistently manages to find solutions
that improve the current SOTA in MIS problems. It is also noted that the distributions
shown are bounded below by 95% of the SOTA value. Although the variance of the
distributions increases with the complexity of the problem, a significant portion of
the solutions obtained exceed the current SOTA, thus confirming the effectiveness of
the NeuroSA approach.
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3.1.4 Discussion

This section proposes a methodology called NeuroSA, which defines the mapping of
dynamics derived from optimisers inspired by the physical principles of annealing
on SNNs. The isomorphism resulting from the mapping process allows all properties
related to annealing processes to be inherited, ensuring asymptotic convergence to
the ground state of the hamiltonian.

The computational unit of NeuroSA consists of a pair of LIF ON-OFF neurons,
which can be implemented on any standard neuromorphic platform. As a result,
NeuroSA can exploit the computational capacity of both current and next-generation
neuromorphic platforms.

Within each pair of ON-OFF neurons there is an annealer whose stochastic
dynamics are regulated by the FN dynamic transition method. The combination of
the LIF neural model with the FN annealer produces overall population activity that
faithfully reproduces the accept/reject dynamics typical of the SA algorithm [120].
This dynamic is encoded directly by the spike neurons, which transmit their activity
to all connected neurons via the synaptic connections described by the adjacency
matrix Q.

Most large-scale neuromorphic platforms use event routing mechanisms, such
as Address Event Routing, to transmit spikes across the network, which introduces
some latency. As a result, when the spike frequency is high, event packets may
not be routed correctly or may be lost. However, given the stochastic nature of the
NeuroSA algorithm, such artefacts or errors are tolerable in the both two phases of
the convergence process. In the initial phase, the optimisation process follows the
steepest gradient descent and updates the neural states in parallel in a manner similar
to SDP. The expected value of the solution obtained in this phase can be described by
limits similar to those of GW [180]. Subsequently, in the second phase, the search
proceeds with an asymptotic approximation method to the fundamental state while
exploring new and potentially better solutions than SOTA [178, 179].

One of the most interesting features of NeuroSA mapping on SNN models
lies in the possibility of easily implementing and scaling the network on existing
neuromorphic platforms such as SpiNNaker 2, thanks to the large-scale systems such
as the 5 million core supercomputer in Dresden [38]. The algorithmic advantage
of mapping NeuroSA onto a parallel architecture, such as a neuromorphic one,
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means that multiple instances can be launched simultaneously on SpiNNaker 2 with
minimal, provided that local memory overload is avoided.

In addition to the algorithmic advantage derived from the use of neuromorphic
hardware, a significant improvement in terms of energy per solution and time per
solution has been observed compared to CPU implementations, as shown in Fig-
ure 3.13. This is made possible by the presence of local memory close to the PE and
on-chip random number generators that facilitate the acceleration of NeuroSA.

Although this improvement has been observed, the main bottleneck, both for
NeuroSA and for other neuromorphic architectures that execute random-walk al-
gorithms, is represented by the process of generating independent and identically
distributed random variables within each neuron. As reported in the literature, the
generation of high-quality random noise involves significant energy consumption,
which is why many neuromorphic architectures adopt the intrinsic physical noise of
devices as an efficient source of randomness [190]. However, in this work, digital
emulation was chosen to ensure better scalability.

In this work, two families of COP problems, namely MAX-CUT and MIS, were
selected as reference benchmarks. These are widely studied classes with SOTA re-
sults that are well documented in the literature [191]. During the various experiments
conducted, NeuroSA was able to consistently find solutions that approached 99%
of the SOTA metrics for several MAX-CUT benchmarks, while an improvement in
SOTA was observed for the most recent MIS benchmark suite.

The main objective of this work is to present an algorithmic advancement in the
development of an asynchronous neuromorphic architecture capable of exploiting
FN annealing dynamics. Since the SA algorithm is inherently slow, the advantages
of NeuroSA over other COP solvers with polynomial complexity, such as the GW al-
gorithm, are particularly evident in the regime where minimum gradient information
is available to guide the optimisation process.
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3.2 Efficient solution validation for constraint satis-
faction problems

3.2.1 Constraint satisfaction problems

CSPs represent a broad class of discrete optimisation problems, widely used in numer-
ous application areas including: logistics optimisation [86–88], drug design [89, 90],
warehouse management [91–94], task scheduling [95], structural optimisation [96–
98], and resource allocation [99–101].

Formally a CSP can be defined as a triplet of elements ⟨X,D,C⟩, where:

• X = {X1,X2, ...,Xn} is the set of variables of the problem;

• D = {D1,D2, ...,Dn} represents the domains of admissible values for each
variable;

• C = {C1,C2, ...,Cn} is the set of constraints that specify the admissible relation-
ships between the variables.

The resolution process consists of determining the configuration of the elements
X within the domain D, such that the constraints C are satisfied.

The complexity of a CSP depends directly on the number of variables and
the nature of the constraints: as the degrees of freedom of the system increase,
the solution space grows exponentially, making a brute force approach to finding
the optimal solution impractical. For this reason, numerous methods have been
developed over time to solve them, ranging from analytical techniques, such as those
based on Lagrange multipliers or linear programming, to more modern strategies
based on statistical approaches or machine learning algorithms.

An emerging area of research is the use of SNNs to address CSP problems [126,
49]. These computational models allow the solution space to be explored dynamically
through a dynamics of attractors that guides the network towards stable configurations
known as fixed points, which correspond to the admissible solutions of the problem.
This approach has the potential to significantly reduce computational and energy
costs, particularly when performed on neuromorphic hardware.
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Jonke et al. [126] proposed a methodology for mapping CSPs on SNNs, mod-
elling the energy landscape of the problem through the topological structure of the
neural network. In this configuration, the temporal evolution of the network follows
the dynamics of an attractor system, in which the stable states of the network - fixed
or cyclic - represent the possible solutions to the problem. This approach has proven
effective in addressing classic CSPs such as the travelling salesman problem, the
3-SAT problem, graph colouring, Latin squares and Ising spin models.

In the work of Fonseca et al. [49], a strategy is presented in which the CSP
is translated directly into the structure of the SNN, using neurons and synaptic
connections to represent variables and constraints. The network thus designed
performs a stochastic search in the configuration space. This method can be applied
to address several problems, including graph colouring, the Latin square problem
and the Ising model, demonstrating the feasibility of the neuromorphic approach in
the field of optimisation problems [47, 46, 48].

One of the main advantages of SNNs in the context of CSPs lies in the possibility
of running these models directly on specialised neuromorphic hardware such as
SpiNNaker or Intel Loihi. However, early attempts at implementation on neuromor-
phic hardware have shown some practical limitations. More specifically, three main
issues can be highlighted:

• the impossibility of interrupting the simulation once the solution to the problem
has been found;

• extraction and validation on external platforms requires data preparation and
transfer, slowing down the process;

• reliability issues may arise in the mapping process if appropriate design choices
are not made when defining constraints.

This not only increases computational and energy costs, but also introduces
delays and complexity into the pipeline.

In response to these limitations, our work proposes a fully spiking pipeline, de-
picted in Figure 3.15, which integrates solution validation within the SNN, performed
directly on neuromorphic hardware, without the need for external components. To
this end, we have designed a series of functional blocks that implement logical
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control operations on the constraints, namely the Polisher block: filters network
activity to stabilise its dynamics; NetChecker and If blocks: verify the correctness of
the solution and activate shutdown mechanisms; Memory block: stores the final state
of the network corresponding to the solution.

Fig. 3.15 The original (a) and enhanced (b) pipelines are composed of the following building
blocks. In the original pipeline (a), the solution proposed in [49] is computed by the CSP
solver, with Poisson source and Spike array blocks representing spiking input and output.
Output must be transmitted off the neuromorphic platform for validation. The enhanced
pipeline (b) integrates a stop condition and on-chip solution validation, allowing fully spike-
based computation for both problem solving and validation. This reduces data transfer
requirements and eliminates the computational cost of off-chip solution verification.

To demonstrate the effectiveness of this approach, we focused on a variant of the
Latin square problem, the Sudoku puzzle, tested on a set of nine Sudoku puzzles
belonging to three different difficulty classes: easy, medium, and hard [49, 192].

In addition to its educational and theoretical value, this problem has numerous
practical applications, such as in cryptography (Hill algorithm), scheduling, error
correction codes, and agricultural research.

3.2.2 Implementation of the fully spike pipeline

Among the examples of CSPs mentioned above, the Latin Square problem involves
an n×n matrix, partially filled with n distinct elements such that, once solved, each
symbol appears only once per row and per column.
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In the version of Sudoku puzzle, the problem matrix consists of 81 cells arranged
in a 9×9 square grid, divided into 9 blocks of 3×3 sub-squares. Each Sudoku cell
must be filled with a number between 1 and 9. Each cell represents the fundamental
unit of the puzzle, i.e. its basic constituent. The relationships between cells, defined
along rows, columns and within sub-squares, together with the initial clues provided
by the puzzle, determine the structure and nature of the constraints that characterise
this specific case of CSP.

Neuron populations as elemental units

Each Sudoku cell is modelled using 9 distinct populations of Leaky Integrate-and-
Fire (LIF) neurons, each corresponding to one of the possible numerical values from
1 to 9. These populations are connected to each other through an internal inhibition
mechanism, which creates a winner-take-all configuration [45]. Only one population
can be active at a time suppressing the activity of the others, in order to ensure that
each cell takes on only one value at a time.

Between different cells, populations representing the same numerical value are
interconnected to implement a lateral inhibition mechanism. This scheme pre-
vents the same value from appearing more than once in the same row, column or
sub-squares, thus respecting the constraints of Sudoku. In addition, each neural pop-
ulation receives additional synaptic connections from specific stimulus populations,
whose purpose is to keep the values potentially assignable to each cell available. A
schematic representation of the connections between populations is illustrated in
Figure 3.16.

The specific neural model adopted is the Current-Based (CuBa) LIF, whose
dynamics are described by Equation 3.5 for the membrane potential and Equation 3.6
for the synaptic current:

dVm(t)
dt

=
Isyn(t)+ Io f f set

Cm
−Vm(t)−Vrest

τm
(3.5)

τd
dIsyn(t)

dt
= −Isyn(t)+ Ispike(t − ts) (3.6)

where:
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Fig. 3.16 Illustration of a Sudoku puzzle (a) with its corresponding SNN-based CSP solver
(b). Internal inhibition connections are depicted in orange, lateral inhibition in red, and
stimulus populations with their connections in blue. Initial clues are encoded via single
stimulus populations per specified cell. Lateral inhibition is shown for the top-left cell only
for clarity. In (c), the nine possible values of each Sudoku cell are represented by nine
neuron populations (green), with a winner-take-all configuration, (orange inter-population
connections) ensuring a single active population per cell. Stimulus populations and their
connections are shown in blue. The right-hand side depicts an example of clue encoding for
a single cell with value four. Reworking based on [41].

• Vm(t) is the membrane potential;

• Vrest represents the leaky component;

• Cm models the membrane capacitance;

• τm is the time decay constant of the membrane potential;

• Io f f set is the bias current that regulates the internal dynamics of the neuron,

• Ispike =wδ(t − ts) represents the incoming synaptic activity with weight w at
time ts,

• τd is the time decay constant of the synaptic component.

Each time the membrane potential reaches the threshold voltage Vth, a spike is
generated and the potential is reset to a value Vreset for an inactivity time τreset . The
specific values of the neural parameters used are shown in Table 3.1.

The SNN system representing Sudoku evolves stochastically in terms of spike
activity. Neural dynamics are maintained slightly above the activation threshold in
order to allow exploration of possible configurations. This system is referred to as a
CSP solver, as it is responsible for actively searching for the solution.
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Neuronal
parameter Value

Cm 0.25 nF
Io f f set 0.1 (*) nA
Vrest -65.0 mV
Vth -50.0 mV

Vreset -70.0 mV
τm 25.0 ms

τre f rac 2.0 ms
τd 5.0 ms

(*) For the CSP solver, 0.3 is used to ensure
neural activity in the absence of input stimuli.

Table 3.1 Summary of the neuronal parameters utilized for the implementation of the CUBA-
LIF model. The table is taken from [41].

The initial state of the network is defined, as in [49], by a random initialisation of
synaptic weights, distributed uniformly within a defined range, both for connections
to stimulus neurons and for those related to internal and lateral inhibition, as shown
in Table 3.2.

Neurons
per population

Synaptic connection weight
Stimulus Internal Lateral to CSP solver to Memory

CSP solver 27 (*) [1.4, 1.6] [-0.08, 0.00] [-0.08, 0.00] / /
Polisher 1 1.0 -1.0 / / /

NetChecker 10
1.00

0.15 (check pop.) / -1.2 / /

If 10
11.00

0.02 (val. pop.)
0.5 (True)

0.0 (False) -1.0 -2.0 -0.6
Memory 3 1.0 0.4 -0.3 / /
(*) The solution for two of the three puzzles belonging to the easy class (#2 and #3
specifically) has been simulated by using 28 neurons per populations in the CSP solver
due to an observed gain in performance.

Table 3.2 Summary of parameters used for the different components of the full model in
GeNN. The table is taken from [41].

Starting from this initial configuration, the network evolves over time. At each
simulation step, the most active population is determined for each cell, corresponding
to the assigned value, thanks to the winner-take-all dynamic. Figure 3.16a illustrates
the generic case of an empty cell, in which all populations are connected to the stimuli,
thus representing the initial state of uncertainty. In the case of cells belonging to the
initial clues of Sudoku, it is necessary to preserve their value throughout the evolution
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of the network. In this scenario, as shown in Figure 3.16c, only the population
corresponding to the assigned value (e.g., the number 4) remains connected to the
stimulus, while the others are excluded. This forces the cell to maintain its state
unchanged, preventing changes during execution.

Attractor dynamics

The architecture described above allows a Sudoku puzzle to be mapped into a
sparsely connected graph, as illustrated in Figure 3.16b, in which the variables and
constraints of the problem are encoded through synaptic connections between neural
populations.

Due to the complexity of synaptic interactions, this network does not allow for a
direct prediction of overall behaviour based on the analysis of individual components.
Instead, the evolution of the system must be interpreted as an attractor dynamic,
where the attractive fixed points of the network represent stable configurations of the
system, and in particular the solution to the puzzle. However, although the puzzle has
a single valid solution, the mapping procedure can introduce secondary attractors that
are interpretable as locally minima, which do not represent correct configurations
but can nevertheless temporarily stabilise the activity of the network, trapping it in
invalid states.

This phenomenon reflects the stochastic and high-dimensional nature of the
dynamic system implemented by the SNN. The quality of this dynamic is strongly
influenced by the size of the neural populations. If the populations are too small,
the network tends to exhibit noisy and chaotic behaviour, with a low capacity to
converge towards valid solutions. Conversely, excessively large populations lead to
general hyperactivation, with an indiscriminate increase in the neuron activity, which
can compromise the inhibitory relationships between cells and distort the evolution
towards a correct solution.

Constraint stabilisation

One of the observable effects of using large neural populations is the modification of
cells defined by initial clues during the dynamic evolution of the network. However,
the main cause of this phenomenon does not lie solely in the size of the populations,
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but rather in excessive spiking activity. It has been verified that such alterations can
be induced by acting on the parameters of the neuron model, such as the activation
threshold, the bias current, or by increasing the weight of synaptic connections, all
factors that increase the probability of generating spontaneous or undesired spikes.

A particularly interesting behaviour is that, even after the initial constraints have
been altered, the network can still converge towards a correct solution, but one that
refers to a modified problem, not the one originally defined. In this sense, the network
demonstrates a certain adaptive and generative capacity, reinterpreting the problem
based on the new initial configuration. However, rather than being considered an
advantage, this capacity constitutes a critical issue: the solution obtained does not
solve the desired problem, but an alternative, uncontrolled instance.

Among the possible causes of the violation of the initial constraints - namely
threshold voltage, bias current, and the weight of synaptic connections - action on
synaptic connections has proven to be the most effective method for mitigating the
problem.

As shown in Figure 3.16, the lateral inhibition connections represented in red are
designed to transmit information relating to initial constraints through bidirectional
connections between cells subject to the same constraints, i.e. belonging to the same
row, column or sub-squares. However, to prevent that bound cells are altered by
inhibitory feedback from unbound cells, a unidirectional inhibition mechanism has
been introduced. Populations associated with initial constraints can inhibit empty
cells, but do not receive inhibition input. This preserves the integrity of the initial
conditions and ensures consistency with the original problem.

Neuron idling and built-in validation

To address the limitations encountered in the CSP solver and improve the solution
validation process [49], an auxiliary network consisting of four functional blocks
was introduced alongside the main solver, as illustrated in Figure 3.17. This network
is tasked with reducing unnecessary neural activity and verifying the correctness of
the solution reached by the CSP solver.

The Polisher block filters the activity of the main network, keeping only the
spikes coming from the most active populations in each cell. It is structured similarly
to the CSP solver, but with two fundamental differences: a reduced number of
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Fig. 3.17 The fully spiking pipeline incorporates four blocks the Polisher, NetChecker, If, and
Memory to implement neuron idling and built-in validation. Dashed lines highlight the inter-
block interaction scheme by showing connections of individual sub-units. The connection
between the CSP solver and Memory is depicted in green, as one of the two components
of the If block, indicating that it is active only under specific conditions. Reworking based
on [41].

neurons per population, and direct synaptic connections from the corresponding
populations of the CSP solver, which act as stimuli.

The NetChecker block is responsible for verifying compliance with the con-
straints between the rows, columns and sub-squares of each population. It consists
of 27 units (3×9) : 3 for the types of constraints per rows, columns and sub-blocks;
9 for the units of constraints across row, column and sub-square. Each unit contains
10 populations of neurons, 9 control populations and 1 check population. The 9
control populations are connected to the corresponding populations in the Polisher,
one for each digit from 1 to 9. The check population is activated only if all 9 digits
are represented correctly and without repetition in the monitored constraint. For
example, in Figure 3.17, the unit in position (1,4) monitors the fourth row of the
Sudoku: its 9 control populations receive input from the respective populations of
the Polisher, while the check population receives input from all the populations in
the row and is activated only if the constraint is fully respected.

The If block is responsible for: the global constraint validation of the solution;
for monitoring the evolution of the system. It consists of two populations: True,
which is activated only if all the check population of the NetChecker are active,
indicating that all constraints are met; False, is activated if at least one of the check
population is inactive. The two populations compete with each other through a
winner-take-all configuration, to ensure that only one of the two is active. In the
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event of a positive outcome, namely the True population being active, the If block
interrupts the activity of the CSP solver by inhibiting its populations and activates
the Memory block. If, on the other hand, False is activated, the system continues its
evolution in search of a valid solution.

The Memory block has a structure similar to that of the CSP solver, but with
populations reduced to 3 neurons each. The Memory block preserves the final state
of the main network, i.e. the solution validated by direct synaptic stimulation from
the CSP solver populations.

The entire pipeline supports two key features: the reduction of residual neural
activity, stabilising the evolution of the main network once a solution has been
found; and the built-in validation of the problem constraints, ensuring that the final
configuration is consistent with the initial conditions of the Sudoku puzzle. The
topological organisation of the validator is generated from the structure of the CSP
problem, mapped directly into an SNN network. Although the implementation of
the Neuron idling and built-in validation blocks are designed for Latin Square class
problems, it is independent of the specific puzzle and can be scaled to include new
types of constraints by adjusting the configuration of the NetChecker.

3.2.3 Experimental results

Software simulation on GeNN framework

Our fully spiking architecture was tested on a set of nine Sudoku puzzles belonging
to three different difficulty classes: easy, medium, and hard. Specifically, part of
the puzzles for the easy and hard classes proposed by Fonseca et al. [49] were used,
along with an additional selection of puzzles from the collection by Mantere et
al. [192].

Through software simulation, experiments were conducted using the GeNN
environment, running on a hardware platform made up of an Intel 11th Gen i7-
11700KF (16) @ 5 GHz processor, 32GB of RAM, NVIDIA RTX A4000 graphics
card with 16GB of VRAM and Ubuntu 20.04.5 LTS x86_64 operating system.

To perform a comprehensive comparative analysis, each puzzle was solved using
four different configurations, all based on the same CSP solver:
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a) basic configuration, as presented by Fonseca et al. [49], used as a reference
for comparison with our fully spiking approach;

b) version with constraint stabilisation only;

c) version with only neuron idling and built-in validation;

d) complete version, which integrates both (b) and (c).

For each configuration, 300 simulations were performed for each puzzle, for a
total of 10,800 experiments.

The introduction of the constraint stabilisation mechanism made it possible
to completely correct the problem encountered in the original implementation. It
was verified that, with the inclusion of this additional component in the solution
process, the initial clues were never altered, unlike what was observed in the solver
by Fonseca et al. [49], where 171 changes to the constraints were detected. The
effectiveness of this strategy, identified as strategy b, is documented in detail in
both Table 3.3 and Figure 3.18, which clearly show its positive impact on system
performance.

Class Easy Medium Hard
Constraint stabilization ✗ ✓ ✗ ✓ ✗ ✓

Neuron idling and built-in validation ✗ ✓ ✗ ✓ ✗ ✓ ✗ ✓ ✗ ✓ ✗ ✓

Puzzle:
#1 293 289 292 297 5 5 210 202 0 0 121 147
#2 188 203 216 233 0 1 126 136 0 0 0 0
#3 248 245 273 282 0 0 7 7 0 0 91 89

Table 3.3 Summary of the solutions obtained from 300 simulations in GeNN for three distinct
puzzles within each class. The table is taken from [41].

Specifically for medium-level puzzles, the success rate increased from 0.56% to
38.11%, with an increase of more than an order of magnitude in the number of correct
solutions found. For difficult puzzles, a similar improvement was observed, rising
from 0.00% to 23.56%. Even for easy puzzles, which already had high performance,
the success rate improved, rising from 81.00% to 86.78%. These results show that
the constraint stabilisation not only prevents the alteration of initial clues, but also
contributes significantly to the success of the solution process, especially in more
complex cases.

The adoption of strategy c demonstrated the effectiveness of the neuron idling
mechanism in a fully spiking pipeline that includes both the puzzle-solving phase
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Fig. 3.18 Comparison of the various strategies evaluated through GeNN simulations. The
reported values correspond to the success rate, defined as the percentage of solutions obtained
for three distinct puzzles per class, each simulated 300 times. Reworking based on [41].

and the solution validation phase. In particular, this mechanism is effective in
significantly reducing energy consumption when a solution is found in the early
stages of the simulation.

For easy puzzles, a median reduction in the number of spikes of 59.87% was ob-
served compared to strategy a, as shown in Figure 3.19. However, this improvement
was not observed for medium and difficult puzzles. The main reason for this is the
low number of valid solutions found in these two cases, which implies a significantly
longer network evolution time. The neuron idling mechanism is only activated after
a valid solution has been identified. If no solution is found, the network’s spiking
activity continues without limitation. Consequently, the increase in the number
of spikes observed for the medium and difficult classes in strategy c as shown in
Figure 3.19 is not due to the idling mechanism itself, but is rather a side effect of the
CSP solver’s inability to reach solution states, which results in prolonged simulations
and greater computational effort.

In terms of effectiveness, strategy c led to a modest increase in the number of valid
solutions found: the success rate increased by 0.89% for easy puzzles and 0.11% for
medium puzzles, as shown in Table 3.3 and Figure 3.18. This improvement, although
limited, is attributable exclusively to the integrated validation system, which replaces
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Fig. 3.19 The introduction of neuron idling and built-in validation significantly lowers the
median number of spikes produced by the full pipeline for easy-class puzzles. For medium
and hard classes, the limited performance of the CSP solver, which frequently utilizes the
entire simulation time, conceals this effect. Reworking based on [41].

the bin-based approach adopted in strategy a, while maintaining the architecture of
the CSP solver unchanged.

The integration of strategies b and c led to the definition of the complete pipeline,
referred to as strategy d, in which constraint stabilisation, neuron idling and built-
in validation mechanisms are jointly adopted. As illustrated in Figure 3.18, this
synergy between the two approaches translates into significant improvements in
system performance compared to the original strategy a, for all difficulty classes
considered. In particular: for easy puzzles, the success rate increases from 81.00%
to 90.22%; for medium difficulty puzzles, the increase is from 0.56% to 38.33%;
for difficult puzzles, there is an improvement from 0.00% to 26.22%. These results
confirm the effectiveness of the combined use of the two mechanisms as an overall
strategy for efficient and reliable exploration of the solution space in a fully neural
spiking context.

Hardware simulation on SpiNNaker platform

Following the simulations conducted in the GeNN environment, we evaluated the
actual performance of the pipeline on the SpiNNaker neuromorphic system. In
particular, strategies a and d were compared, performing 100 simulations for each
puzzle belonging to each difficulty class in both cases, for a total of 1800 experiments.

As is well known, the fundamental and distinctive feature of neuromorphic plat-
forms such as SpiNNaker compared to GPU-based platforms lies in the spike-based
computing paradigm. Consequently, while simulations on GeNN allow for detailed
analysis through direct observation of the activity of various neural populations,
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executions on SpiNNaker require explicit collection and transmission of spikes in
order to perform any type of subsequent inspection.

To avoid introducing computational overhead and keep the execution as close
as possible to the native behaviour of the system, a minimal approach was adopted:
spikes were collected and transmitted only at the end of each simulation. This was
the most effective compromise to ensure reliable validation without altering the
computational dynamics of the network during evolution.

The performance of the fully spiking pipeline on neuromorphic hardware is
reported in Table 3.4 and Figure 3.20, which show the number of correct solutions
and the associated success rate, respectively.

Class Easy Medium Hard
Constraint stabilization ✗ ✓ ✗ ✓ ✗ ✓

Neuron idling and built-in validation ✗ ✓ ✗ ✓ ✗ ✓

Puzzle:
#1 97 85 0 12 0 14
#2 69 64 0 0 0 0
#3 81 87 0 0 0 5

Table 3.4 Summary of the solutions obtained from 100 SpiNNaker experiments for three
distinct puzzles within each class. The table is taken from [41].

Fig. 3.20 Comparison of the original pipeline by strategy a with the enhanced, fully spiking
pipeline for strategy d. The reported values correspond to success rates obtained from 100
SpiNNaker experiments for three distinct puzzles per class. Reworking based on [41].

In line with the results obtained on GeNN, strategy d introduces an improvement
in the success rate for the medium and hard classes, although to a lesser extent than
observed on GPUs: from 0.00% to 4.00% for the medium class, and from 0.00%
to 6.33% for the hard class. On the contrary, for the easy class, there was a slight
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reduction in resolution capacity, with a drop in the success rate from 82.33% to
78.67%.

These differences compared to the behaviour observed on GPUs, although un-
desirable, are consistent with expectations. They can be attributed to the limited
numerical precision used by the SpiNNaker platform during the synaptic weight
quantization process compared to the floating-point precision of GeNN. A similar
phenomenon was documented by Ostrau et al. [46], who analysed the performance of
three neuromorphic platforms - SpiNNaker, Spikey and BrainScaleS - in comparison
with the NEST software framework, highlighting discrepancies in Sudoku solving
capabilities due to the different numerical precisions used between the software and
hardware environments.

To verify whether this hypothesis could also be extended to our work, we con-
ducted additional simulations on GeNN, adopting two different numerical represen-
tations as alternatives to the default 32-bit floating-point format the float16 and
float64. For each class, each puzzle was simulated using strategy d, performing
300 simulations per puzzle, for a total of 5400 new experiments.

The results, summarised in Figure 3.21, confirm that the success rate is indeed
sensitive to the numerical precision used, showing an almost linear decrease as
quantisation increases. In particular, the transition from float64 to float32 results
in an overall reduction of 1.11% (from 52.70% to 51.59%), while the subsequent
transition from float32 to float16 results in a further decrease of 1.59% (from
51.59% to 50.00%).

Fig. 3.21 The success rate is shown as a function of the numeric precision employed in
GeNN simulations. Across all puzzle classes, reducing the floating-point precision from
float64 to float16 leads to a decline in the percentage of successfully solved Sudoku
puzzles. Reworking based on [41].
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A further advantage offered by our fully spiking pipeline in the implementation of
strategy d on SpiNNaker is highlighted in Figure 3.22, which shows both the number
of spikes to be extracted and the associated extraction time, compared to strategy a.
The reductions observed - ranging from 54.63% to 99.98% for the number of spikes
and from 88.56% to 96.41% for the extraction time - clearly show how strategy d
allows for a significant increase in the overall efficiency of the system. At the end of
the simulation, the amount of data to be transmitted from the SpiNNaker platform
is drastically reduced, resulting in a decrease in the time and energy consumption
associated with this operation.

Fig. 3.22 The comparison of strategies a and d in terms of spike extraction from SpiNNaker,
over 100 experiments for three different puzzles per class, the combined implementation of
built-in validation and neuron idling markedly reduces both the number of spikes to extract
and the associated extraction time. This leads to significant efficiency improvements by
lowering the computational cost for processing on external, non-neuromorphic platforms.
Reworking based on [41].

3.2.4 Discussion

The attractor network analysed in this study derives from the work of Fonseca et
al. [49] and stems from the intention to further exploit the computational efficiency
offered by the spike-based paradigm. Compared to the original implementation, two
substantial changes have been introduced: the integration of a constraint stabilisation
mechanism and the use of four functional modules - Polisher, NetChecker, If e
Memory - in order to create a fully spiking pipeline for solving and validating
Sudoku puzzles entirely on neuromorphic hardware. Simulations conducted in the
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GeNN environment are used to independently evaluate the impact of each of these
changes.

The constraint stabilisation mechanism, introduced through a modification to
the lateral inhibition, and analysed through experiments associated with strategy b,
shows a significant impact on the success rate, as reported in Figure 3.18. The main
function of this mechanism is to ensure the integrity of the problem formulation
throughout the dynamic evolution of the network.

In the original implementation by Fonseca et al. [49], a change in the initial clues
was observed during the evolution of the system. This phenomenon was attributed to
the inhibition of cells containing the initial values, which should remain unchanged.
In particular, due to the inhibitory nature of synaptic connectivity, the state of these
cells can be altered if other neuronal populations generate sufficiently high activity.
To prevent the modification of the initial clues, it is therefore necessary to prevent the
inhibitory action on these cells. This aim is achieved by eliminating the inhibitory
synaptic connections directed towards the neuronal populations corresponding to
the clues, thus safeguarding the original constraints during the entire evolution of
the system. The introduction of the constraint stabilisation mechanism prevents
the original formulation of the problem from being altered during the stochastic
evolution of the system, thus increasing the ability of the CSP solver to find the
correct solution for the proposed Sudoku. As shown in Figure 3.18, this mechanism
plays a decisive role in all difficulty classes, and is particularly crucial in solving hard
Sudoku puzzles, for which it is an essential element in achieving a valid solution.

The neuron idling and built-in validation mechanisms are implemented through
the four blocks Polisher, NetChecker, If and Memory. These modules are the
distinctive elements, compared to the architecture proposed by Fonseca et al. [49], in
the definition of our fully spiking pipeline, and their impact is analysed by adopting
strategy c. As summarised in Figure 3.18 and Figure 3.19, the effect of these
mechanisms is closely related to the efficiency of a CSP solver in producing correct
solutions. In particular, the analyses clearly show that their contribution is significant
for easy puzzles, i.e. those with the highest success rate.

The explanation for this result lies in the specific operating modes and activation
conditions of the If block. Considering a CSP solver tasked with solving a given
Sudoku puzzle, the Polisher block operates by continuously receiving the activity
generated by the network during its evolution, with the aim of identifying the
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populations with the highest activity. This operation can be interpreted as a noise
suppression mechanism applied to the spike dynamics of the CSP solver. The clean
activity status of all populations is then forwarded to the NetChecker block, which
verifies that all Sudoku constraints are satisfied, i.e. those relating to rows, columns
and sub-squares. This phase constitutes the newly introduced built-in validation
mechanism.

When all conditions are met, the If block comes into play, namely the True
population, which enables the current state of the CSP solver to be written to the
Memory block and the subsequent idling of the solver itself. The writing phase
corresponds to copying the last activity state of the CSP solver populations into
Memory, an operation made possible by an intentional increase in the synaptic delay
in the connections between the If block and the latter. Figure 3.23 provides a visual
representation of the crucial role played by this synaptic delay.

Fig. 3.23 To correctly store the final activity state of the CSP solver upon validation (activation
of the True population in the If block), a temporal overlap is needed between the If block
operation and the Memory block activation. This delay, representing the interval between
successful built-in validation and neuron idling, is implemented through synaptic connections
linking the If block and the CSP solver. Reworking based on [41].

When the True population of the If block is activated, the False population is
deactivated, the Memory block is activated, and the CSP solver is stopped. The last
two operations must be appropriately delayed to ensure the correct acquisition of
the final activity status of the CSP solver and its writing within the Memory block.
Writing can only be successful if both blocks are active simultaneously. It is therefore
essential to define a time overlap interval between the solver shutdown phase and the
activation of the Memory. This overlap is achieved by introducing a synaptic delay
in the connections between the True population of the If block and the CSP solver,
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thus ensuring the temporal coexistence necessary for the correct completion of the
write operation.

A crucial aspect in the development of our fully spiking pipeline and its imple-
mentation on SpiNNaker closely concerns the management of synaptic delay, for
which a solution specifically adapted to the hardware characteristics of the platform
was necessary. To this end, the required delay was achieved by emulating an axonal
structure using a population called Delay, consisting of a sequence of smaller, con-
catenated neural populations, whose properties are summarised in Table 3.5. Similar
to what happens in a biological axon, the Delay population introduces a delay in the
propagation of spikes, in this case between the If block and the CSP solver. The
axonal length, i.e. the number of concatenated populations, was designed to exceed
the maximum limit of 144 time steps imposed on individual synapses by SpiNNaker,
a value that proved insufficient to faithfully reproduce the behaviour observed in the
simulations conducted in GeNN. In order to effectively integrate these changes with
respect to GPU-based simulations in GeNN - where the implementation of synaptic
delay could be easily achieved as a single variable - it was necessary to perform a
specific optimisation of the size of the Delay population and the synaptic weights
related to the If and Memory blocks.

Neurons
per population

Synaptic connection weight
Stimulus Internal Lateral to CSP solver to Memory

CSP solver 27 (*) [1.4, 1.6] [-0.08, 0.00] [-0.08, 0.00] / /
Polisher 10 1.0 -1.0 / / /

NetChecker 10
1.00

0.15 (check pop.) / -1.2 / /

If 10
1.00

0.11 (val. pop.)
1.1 (True)

0.0 (False) -1.0 / -0.6
Delay 10 (×18) 2.5 / -1.0 -2.0 /
Memory 3 1.0 0.8 -0.3 / /

(*) The solution for two of the three puzzles belonging to the easy class (#2 and #3
specifically) has been simulated by using 28 neurons per populations in the CSP solver
due to an observed gain in performance.

Table 3.5 Summary of the parameters utilized for the various components of the entire
model implemented on SpiNNaker. Where ranges instead of values are reported, uniform
distribution of values within such ranges must be considered. The optimal values changed
with respect to Table 3.2 are highlighted in bold. For the Delay population, both the number
of inner populations (18) and their dimension (10) are reported. The table is taken from [41].

This optimisation phase was conducted using the Neural Network Intelligence
(NNI) toolkit, which allowed us to systematically explore the parameter space in
order to identify the best performing configuration. The optimal values obtained are
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shown in bold in Table 3.5, highlighting the changes introduced with respect to the
configuration previously illustrated in Table 3.2.

The importance of the neuron idling mechanism emerges particularly clearly
from the comparison between strategy a and strategy d on the SpiNNaker platform.
As shown in Figure 3.22, the adoption of the entirely spiking pipeline results in
significant gains - particularly for the medium and hard classes - both in terms of
the number of spikes extracted and the extraction time. Both of these quantities
are closely related to the activity of the CSP solver through the state stored in the
Memory block. The number of spikes extracted corresponds to the total number of
spikes generated by Memory, while the extraction time represents the duration of the
internal operations performed by SpiNNaker to collect and package these spikes.

The built-in validation introduced in our fully spiking pipeline eliminates the
need for the binning procedure adopted by Fonseca et al. [49] for solution validation.
Substituting this approach with the NetChecker module allows us to completely
avoid the computational load associated with analysing spikes extracted to external
hardware.

This change produces an increase in overall efficiency in two main ways: a
significant reduction in data transmission from the SpiNNaker platform, as it is
no longer necessary to export the entire spiking activity of the solver; and zero
computational cost for validating solutions on external hardware, as this operation is
performed internally, directly during execution on the neuromorphic platform.

The construction of the CSP solver depends strictly on both the specific configu-
ration of the puzzle in question and the synaptic connections defined by probability
distributions. In this approach, each puzzle instance requires a customised mapping
of the solver populations. In contrast, our advanced pipeline adopts a process of
topological mapping of constraints and their validation, allowing the modules re-
sponsible for neuron idling and built-in validation to have a unique definition of both
synaptic connections and their weights. This enables a validation process that is
independent of the specific puzzle.
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3.3 Summary

This section explores the use of neuromorphic computing as a computational sub-
strate for solving optimization and constraint satisfaction problems, moving from
analysing the dynamics of individual neurons to designing structured spiking neural
networks capable of exhibiting global computational behaviour. In the subsequent
chapter, the study of spiking neuron models was expanded upon, with the emphasis
being transferred to the utilisation of emergent network dynamics for the purpose of
addressing complex, NP-hard problems in a distributed and energy-efficient manner.

The proposed approaches demonstrate how classic optimization paradigms, such
as simulated annealing and constraint satisfaction, can be reinterpreted and imple-
mented within fully spiking architectures. Specifically, the NeuroSA framework
demonstrates the feasibility of mapping stochastic escape mechanisms and anneal-
ing processes onto integrate-and-fire neural networks through adaptive threshold
dynamics. This enables asymptotic convergence to near-optimal or optimal solu-
tions without the necessity of problem-specific hyperparameter tuning. In a similar
manner, the constraint satisfaction pipeline developed for the purpose of solving
Sudoku problems demonstrates how control logic, validation, and state storage can
be directly integrated into spiking networks. This integration leverages temporal dy-
namics and event-driven computation, as opposed to relying on external supervision
mechanisms.

Beyond algorithmic performance, the practical implications of neuromorphic
optimization systems when implemented on real hardware platforms are also high-
lighted. The implementation and validation of such models on SpiNNaker-based
architectures demonstrates not only the feasibility of mapping these models to neu-
romorphic accelerators, but also the benefits in terms of reduced communication
overhead, efficient spike management, and scalability. These aspects underscore a
salient benefit of neuromorphic computing: the capacity to co-design algorithms and
architectures in which computation, control, and validation are inherently integrated.



Chapter 4

Machine learning approach in
neuromorphic computing

The development of ANN-based machine learning approaches stems from the need
to overcome the intrinsic limitations of classical programming paradigm represented
by deterministic or heuristic algorithms in tackling complex tasks [193]. Traditional
methods, while highly effective in contexts with well-defined rules and reduced
solution spaces, tend to fail or become impractical in scenarios characterised by:

• high-dimensional data: when the number of variables and relationships grows
exponentially, finding an optimal solution becomes computationally pro-
hibitive.

• complex and non-linear structures: many real-world applications involve
interactions and constraints that cannot be modelled using simple analytical
functions.

• incomplete or noisy data: deterministic methods often require clean and com-
plete data, while practical applications operate under conditions of uncertainty
or in the presence of noise;

• absence of an explicit formulation: in several cases, there is no direct mathe-
matical description of the problem, making an explicit algorithmic approach
impossible.
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ANNs allow these limitations to be overcome through a data-driven learning
approach. In recent years, this approach has found particularly fertile ground thanks
to the ever-increasing global availability of large and high-quality datasets [194–196].
Access to rich and diverse datasets has drastically reduced the need to manually
model every aspect of the problem, allowing learning algorithms to infer hidden
relationships and patterns autonomously. This transition from classical methods to
ANNs, enhanced by the availability of data, has made it possible to tackle previously
inaccessible problems such as visual recognition [197–199], natural language under-
standing [200, 201], predictive analysis in complex systems [202–204], and robot
control in dynamic [205–208].

Although ANNs have provided and continue to provide solutions to increasingly
complex tasks, their use in edge computing systems [209–211], the Internet of
Things (IoT) [212–214] and autonomous battery-powered devices can be prohibitive
in terms of energy costs and memory requirements. The introduction of SNNs offers
a more resource-efficient solution [35], capable of maintaining high performance
even in the most demanding contexts, where traditional ANNs encounter practical
limitations such as:

• energy efficiency: event-driven processing of SNNs allows calculations to be
performed only when necessary, reducing energy consumption compared to
synchronous and dense ANN calculations;

• adaptability to hardware constraints: SNNs are the ideal choice for embedded
devices, where memory resources and computing power are limited;

• scalability in distributed environments: thanks to asynchronous communica-
tion, SNNs can operate efficiently on architectures with variable latencies or
on sensor networks.

The introduction of SNNs and the asynchronous computing paradigm redefines
the adoption of SNNs over ANNs as not just a simple change in architecture but a
new paradigm [35]. It allows us to move from dense to sparse data representation
through the use of spike trains. This difference requires that data be encoded in a
spike stream consistent with the dynamics of the neural network used. The quality
and efficiency of this translation directly influence the performance of the SNN, as
much as the architecture and the learning algorithm used.
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The following sections will present two case studies that highlight the crucial
role of data encoding and the ability of SNN architectures to tackle complex tasks in
real-world contexts.

The first study analyses in detail the impact of different spike coding techniques
on two types of signals from heterogeneous domains: Free Spoken Digit (FSD),
consisting of a set of audio data containing voice recordings of spoken digits, and
Smartwatch Activity and Biometrics Dataset from the Wireless Sensor Data Mining
(WISDM) Lab, a sensor-type dataset that collects measurements from accelerometers
and gyroscopes for HAR applications. Through the use of spiking Convolutional
Neural Networks (sCNN), the study compares the performance obtained with differ-
ent encoding techniques, evaluating how the nature of the temporal signal, spectral
components, and available channels influence the choice of the most suitable encod-
ing strategy [42].

The second study focuses on the direct application of an SNN model - based
on the Legendre Memory Unit (LMU) - to the HAR problem using the WISDM
dataset. In particular, it compares the capacity of the spiking LMU (sLMU) with
other architectures from both traditional machine learning field and the neuromorphic
field. The comparison is conducted in terms of classification accuracy and energy
consumption, with the aim of identifying solutions that maximise efficiency without
sacrificing performance [43].

These two case studies provide a comprehensive experimental framework linking
coding choices, network architecture, and performance metrics, outlining guidelines
for implementing SNNs in real-world applications.

4.1 Spike encoding techniques for IoT time-varying
signals

4.1.1 Spike encoding

In recent years, there has been growing interest in the development of neuromorphic
models as candidates for the analysis of temporal data related to human activities.
Although deep learning techniques have achieved significant results in the classi-
fication of time-dependent data, their implementation on hardware platforms with
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limited resources encounters critical issues related to the signal pre-processing and
the management of short/long-term temporal dependencies, factors that influence
the efficiency of the model [215].

In order to be processed by an SNN, input data - whether analogue or digital -
must be transformed into a spike stream. Biological research shows that, even in
nature, sensory information can be converted into spike signals in multiple ways.
Inspired by these mechanisms, various coding schemes have been developed [83].
Among these, rate-based coding [216] is one of the most widely used strategies in
SNNs, proving particularly effective in converting ANNs trained in SNNs for classi-
fication applications [73, 217, 218]. In contrast, temporal-based coding techniques
have attracted renewed interest, with the emergence in recent years of a wide range
of applications that natively exploit time-based coding [219–221]. These include bio-
inspired olfactory sensors [222], visual sensors such as event-based cameras [223],
fully spiking architectures for image classification [224–227], voice authentication
systems [228, 229], time series prediction [230], and anomaly detection [231, 232].

Despite the constant growth in the availability of event-based neuromorphic
sensors - as demonstrated by the commercialisation of silicon retina cameras by
Sony and Prophesee [233] - SNNs are still frequently used to process data from
conventional sensors. In such cases, a spike encoding process is therefore necessary
to convert the input signals into sparse event-based signals. However, in the context
of IoT applications that exploit neuro-inspired methodologies, the absence of ded-
icated neuromorphic hardware can be compensated for by the use of algorithmic
encoding methods. These methods enable the signal to be adapted for processing by
SNNs [234].

The coding algorithms for generating spikes can be divided into two broad
categories: Rate Coding and Temporal Coding, which differ in the amount of degrees
of freedom allowed in the coding process. In Rate Coding, the information of a
signal is represented by the number of spikes generated per unit of time; in contrast,
Temporal Coding comprises a heterogeneous set of approaches in which information
is conveyed mainly by the timing of the spikes [83]. An example of conversion to a
spike train is illustrated in Figure 4.1.
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Fig. 4.1 Example of spike trains produced by the various encoding techniques, given an
arbitrary input signal. The figure is taken from [42].

Rate Coding

Poisson Rate Among the various algorithms belonging to the Rate Coding cate-
gory [235, 83], this study adopted an approach based on Poisson distribution for the
generation of spike trains. In this scheme, the probability of generating n ∈N spikes
within a time interval ∆t is defined as [236]:

Pn(∆t) = (r∆t)n
n!

e−r∆t (4.1)

where r ∈R represents the value to be encoded. Spike production is based on the
definition of ISI:

ISIi =
− log(1−xi)

r
(4.2)
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where the interval between the ith peaks is described as the ith time interval in
which the probability of having n = 0 peaks is proportional to the uniform random
value xi.

Temporal Coding

As mentioned above, temporal coding includes coding mechanisms in which the
information representation strategy is based on multiple characteristics simultane-
ously [237]. A distinctive feature of this approach is the ability to transmit infor-
mation through the exact moment of generation, in addition to the possibility of
considering the number of peaks per unit of time. Additional exploitable properties
include relative spike timing and the time interval between consecutive spikes with
ISI. Depending on the temporal feature considered, it is possible to distinguish five
main categories of Temporal Coding algorithms: Temporal Contrast, Deconvolution-
based, Global Referenced, Latency/ISI, and Correlation & Synchrony [83].

Temporal Contrast Algorithms belonging to this category focus mainly on signal
variations over time, producing positive or negative spikes. Since temporal variation
is the predominant characteristic encoded, this approach is less suitable for purely
spatial data, such as static images. On the contrary, it finds application in domains
where information is in the temporal domain, such as audio signals [36], electromyo-
graphy data [238], speech recognition [235], fault prediction based on mechanical
vibrations [239], and robotic Braille reading systems [240].

Threshold-Based Representation (TBR) The TBR can be considered the
constitutive model of the Temporal Contrast category [241]. The algorithm encodes
information by generating spikes based on the absolute variation of the signal with
respect to a pre-set threshold. Operational implementation involves defining a
reference value:

T hreshold =mean(Variation)+γ ⋅ std(Variation) (4.3)

where γ is a tunable parameter that directly affects the amplitude of the noise-
reduction band, which in turn affects the Variation values between −T hreshold and
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+T hreshold. The timesteps for spike trains are defined by dividing the interval ∆t
over which the spikes are generated by the length (L) of the input signal. At each
timestep, if the absolute value of the Variation exceeds the T hreshold, a spike is
emitted with a polarity defined by the signs of both the Variation and the T hreshold.

Moving Window (MW) The principle behind MW is similar to that of TBR,
i.e. the use of a threshold as a criterion for spike emission. However, unlike the
previous strategy, the threshold is used in conjunction with a value called Base,
defined as the average of the signal within a fixed-length moving window.

T hreshold =mean(Variation)
Base =mean(Signal[1 ∶Window])

(4.4)

In contrast to TBR, the spike generation condition is based directly on the
instantaneous value of the signal and not on its variation. Specifically, when the
signal exceeds a value equal to Base+T hreshold, a positive spike is emitted, while
for values lower than Base−T hreshold, a negative spike is generated. The use of
a moving window for calculating the average introduces greater noise robustness
compared to TBR [242].

Step-Forward (SF) The SF, proposed by Kasabov et al. [242] as an evolution
of the encoding scheme used in the artificial silicon retina [241]. Also in this case as
well this method is based on an iteratively updated reference value, with Base and
T hreshold as fundamental parameters:

T hreshold =mean(Jump)/γ
Base = Signal[1]

(4.5)

where Jump represents the maximum-to-minimum difference of the signal and γ

is a calibration parameter. As with TBR and MW, SF produces both positive and
negative spikes: the former when the signal exceeds Base+T hreshold, the latter
when it falls below Base−T hreshold.
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Zero-Crossing Step-Forward (ZCSF) A variant of SF is ZCSF, which intro-
duces half-wave rectification behaviour through the condition Signal > 0 [243, 244].
In this formulation, the calculation of Base is not required: the encoding preserves
the definition of T hreshold, but the spike is emitted only for positive signal values
above the threshold. In this way, the ZCSF produces only positive spikes, differing
from previous coding schemes.

Deconvolution-based This category of techniques includes the Hough Spiker
Algorithm (HSA) [245] and its variants, the Modified-HSA (MHSA) and Bens
Spiker Algorithm (BSA) [246]. These encoding methods originate from the inverse
problem of reconstructing an analogue signal from a spike train using a Finite Impulse
Response (FIR) filter. In this context, by reversing the reconstruction process, it is
possible to obtain an analogue-to-spike conversion using the convolution operator in
a subtractive procedure [245]. Similar to the ZCSF scheme, these techniques also
generate only unipolar spikes.

Hough Spiker Algorithm (HSA) The HSA implements an iterative procedure
of progressive subtraction based on the comparison between the value of the analogue
signal to be encoded and the result of a predefined convolution. If the signal exceeds
this convolved value, the convolution term is subtracted from the signal itself. The
operation performed by the algorithm at time step ith is expressed as:

Signal[i+ j−1] = Signal[i+ j−1]− f ilter[ j] (4.6)

where f ilter represents the result of the convolution, and j indicates its sampling
indices. In the analysis presented here, the convolution function adopted corresponds
to a rectangular window.

Modified Hough Spiker Algorithm (MHSA) The modified version of HSA
retains the subtractive approach based on deconvolution, but introduces a threshold
value T hreshold to regulate spike emission. In this case, the subtraction operation
only takes place when the accumulated variable error is less than or equal to the
set threshold. The value error is incremented in the time steps in which the input
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signal does not exceed the value resulting from the convolution, according to the
relationship:

error = error+( f ilter[ j]−Signal[i+ j−1]) (4.7)

Bens Spiker Algorithm (BSA) Compared to previous techniques, the Bens
Spiker Algorithm introduces two cumulative error metrics in addition to the value
T hreshold. These parameters, called error1 and error2, allow for a more detailed
evaluation of the signal deviation from the reference value generated by the convolu-
tion.

error1 = error1+abs(Signal[i+ j−1]− f ilter[ j]) (4.8)

error2 = error2+abs(Signal[i+ j−1]) (4.9)

In the original formulation of the BSA [246], the condition for applying the
subtraction operation defined in Equation 4.6 requires that error1 does not exceed
the value error2−T hreshold. In this work, however, we adopt the variant proposed
by Pedro et al. [247], in which the condition is reformulated as:

error1 ≤ error2 ⋅T hreshold (4.10)

This modification improves the stability of the encoding process, reducing the
likelihood of generating unwanted spikes in the presence of short-lived local varia-
tions in the signal.

Global Referenced The third category of temporal coding algorithms includes
techniques in which the spike generation mechanism is based on a global temporal
characteristic of the signal provided as input. One case is Phase Encoding (PHASE),
in which information is coded as a function of the temporal difference with referred
to an oscillatory reference [248]; another is Time-to-First-Spike (TTFS), which uses
the time elapsed since the onset of the stimulus as the main parameter [249, 250].
Similar to deconvolution-based techniques, both PHASE and TTFS produce unipolar
spikes.
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Phase Encoding (PHASE) The possibility of implementing a coding method
based on phase evaluation with respect to an oscillatory reference was introduced
by Montemurro et al. [251]. In this work, reference is made to the implementation
proposed by Kim et al. [219], in which the binary representation of the input using
fractional β bits is used as the oscillatory reference. Preliminarily, the signal is
rectified and normalised in the interval [0,1] before applying phase coding.

Time-to-First-Spike (TTFS) Rueckauer et al. [218] analysed various strate-
gies for implementing Time-to-First-Spike coding, mainly differentiated based on the
definition of the threshold for membrane potential. Here the threshold is modelled as
an exponentially decreasing function, in accordance with the approach proposed by
Park et al. [252]:

Pm(t) = θ0e−t/τm (4.11)

where θ0 is a constant and τm represents the time decay constant of the membrane
potential. In our experiments, we used the values θ0 = 1 and τm = 0.1. Compared
to other implementations, we also adopted a bitwise strategy similar to that used
in Phase Encoding, which allows to obtain a representation of the signal values in
binary form based on bin-based interval subdivision [253].

Latency/ISI Neural communication via bursts of spikes - i.e., the transition from
emitting a single spike to sending a variable number N of spikes to represent the data
- is known to increase the reliability of information transmission. In addition to the
number of spikes, the latency between them can also be exploited for encoding [254].
On this basis, the Latency/ISI class of algorithms is defined, of which Burst Encoding
is a significant example.

Burst Encoding (BURST) As highlighted by Guo et al. [255], Burst Encoding
is an effective technique for conveying information by simultaneously exploiting
two temporal characteristics of a spike train, i.e. the number of spikes and their
ISI. The algorithm uses three main parameters: Nmax, which indicates the maximum
number of spikes per burst; tmin, which represents the minimum time interval between
consecutive spikes; and tmax, which defines the maximum ISI value. The parameter
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ratio, determined by a signal normalisation procedure, defines the value to be
encoded. These parameters define both the number of spikes per burst and their
temporal spacing:

SpikeNumber = ⌈ratio ⋅Nmax⌉ (4.12)

ISI =
⎧⎪⎪⎪⎨⎪⎪⎪⎩

⌈tmax− ratio(tmax− tmin)⌉ if SpikeNumber > 1

tmax otherwise
(4.13)

Similar to the two previous classes of algorithms, Burst Encoding also produces
unipolar spike trains.

4.1.2 Classification of FSD and WISDM

Figure 4.2 illustrates the steps of the pipeline implemented to conduct the analysis of
the encoding capacity of encoding techniques. First, the block called filter bank aims
to separate the raw data into frequency channels using a set of filters, allowing for an
increase in the number of features available for analysis. Next, the data is converted
into the spike domain using encoding algorithms belonging to the rate coding and
temporal coding families.

The feature extraction process allows to obtain the sonogram, an image repre-
sentation created using a time-binning procedure of the signal encoded in the spike
domain. This sonogram constitutes the data used for the training phase through trans-
fer learning, which enables us to indirectly train an SNN network using techniques
typically employed in ANNs. To evaluate performance in terms of accuracy, the
sonogram is then converted back to the spike domain and subjected to sCNN. As
a final step to test the resilience of the network, a process of compressing the SNN
model was applied by progressively eliminating low-weight synaptic connections in
order to reduce its complexity and size.

The adoption of a convolutional architecture is a well-established choice for
processing time-varying signals, as it avoids the use of recurrent neural networks,
which are characterised by greater structural complexity and computational overhead.
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Fig. 4.2 Block diagram of the pipeline for benchmarking encoding strategies. The workflow
includes frequency decomposition via a filter bank, spike encoding, feature extraction through
sonogram generation, transfer learning with a non-spiking network, and subsequent model
compression. The figure is taken from [42].

Dataset

The datasets selected to conduct this analysis are: the FSD dataset consisting of a col-
lection of audio signals and the WISDM commonly used for HAR applications [43].

The FSD Dataset [195] consists of a set of audio signals sampled at a frequency
of 8 kHz. In the latest version available, each number pronounced is recorded 50
times by six speakers with English pronunciation but different accents. All samples
have been pre-processed by trimming to ensure uniform silence intervals at both
the beginning and end of the track. This dataset has been widely used in previous
studies focusing on the analysis of spike coding techniques in the neuromorphic
context [256].

The WISDM dataset [194, 257], published in 2019 by the Wireless Sensor Data
Mining Lab, collects signals acquired via accelerometer and gyroscope, coming
from smartphones and smartwatches. The dataset covers 18 different activities of
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daily living, ranging from eating to folding clothes, performed by 51 subjects, with
a sampling frequency of 20 Hz and a duration of 3 minutes per activity. Unlike
previous versions [258], this release ensures high class balance, with a percentage
distribution for each activity ranging from 5.3% to 5.8% of the total 15,630,426
samples.

As can be easily seen, the first distinction between the two types of data mainly
refers to the content and application context of the data, while the second distinction
is related to the neuro-inspired processing phases applied to the signals, and the
third distinction is linked to the frequency content of the data. According to this last
category, the analysed datasets can be divided based on the frequency of the signal
with respect to the human audible spectrum:

• very low frequencies: below 20 Hz;

• low frequencies: between 20 Hz and 500 Hz;

• medium frequencies: between 500 Hz and 2 kHz;

• high frequencies: from 2 kHz to 20 kHz.

Based on these definitions the signals in the FSD dataset fall into the medium fre-
quency category, while those in the WISDM dataset belong to the very low frequency
category. This initial categorisation provides an initial criterion for identifying
the most suitable encoding technique based on the data analysed. As depicted in
Figure 4.3, the spectral density of the datasets is shown, highlighting how the two
datasets occupy distinct and non-overlapping portions of the frequency spectrum.

Pre-processing

It is well known that biology and nature are an extremely rich source of inspiration
for the development of technologies. In this context, the implementation of pre-
processing techniques dedicated to the analysis of time-varying signals as FSD is
inspired by the human auditory system.

In particular, a procedure has been developed that replicates the operating prin-
ciple of the cochlea, located at the end of the auditory system, is characterised by
a spiral structure in which nerve cells are distributed along the basilar membrane.
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Fig. 4.3 Spectral densities of sample from the FSD dataset and WISDM. The accelerometer-
based WISDM signal is concentrated in the very-low frequency range, whereas the FSD
sample lies in the mid-frequency range, referred to the typical human-audible range. The
figure is taken from [42].

This arrangement gives the cochlea a behaviour similar to that of a filter bank, al-
lowing the acoustic stimulus to be divided into frequency channels. Each channel
is linked to the excitation of specific regions of the basilar membrane, each with
its own characteristic frequency, generating electrical impulses that are processed
by the brain [259–263]. In the literature, it has been indicated that gammatone and
Butterworth filters are effective solutions for reproducing this biological mecha-
nism [264–268].

Furthermore, by appropriately adjusting the frequency range, these filter banks
are also suitable for extracting features from other types of time-varying signals, such
as vibrations acquired by an accelerometer present in the WISDM dataset [239].

In this work, these filters were used as a pre-processing stage, allowing the
analysed signals to be divided into distinct frequency channels.

Transfer Learning

Currently, there are numerous algorithms available for training SNNs, which can
be classified according to the approach adopted in global or local methods. In
global methods, network parameters are updated collectively across all layers at
each training step, similar to what happens in conventional ANN architectures,
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examples of such techniques include Backpropagation Through Time (BPTT) [269].
In contrast in local methods only a subset of parameters is modified at each iteration,
this approach includes Spike-Time-Dependent Plasticity (STDP) [225], Hebbian
learning [270] and E-prop [271].

In the context of neuromorphic SOTA for audio signal classification, the most
widely adopted approach for training a SNN is through the transfer learning method [272,
273, 50, 274]. This methodology involves the initial training of an ANN and the
subsequent transfer of the weights obtained to a structurally identical SNN [275].
To ensure correct transferability from CNN, used in this work, to the correspond-
ing sCNN precautions must be taken when choosing the architecture of the layers
and the neuron model, thus ensuring equivalent behaviour between the two net-
works. The method followed is the one proposed by Liu et al. [276] and applied by
Dominguez-Morales et al. [50].

The neural model used in the convolutional layers and fully connected layers
is a modified version of the ReLU activation function [276]. The operation for
dimensional reduction in pooling layer is the average pooling instead of a max
pooling. The classification layer uses a Softmax activation function. All biases of
neurons across the network are fixed to 0 value.

The training methods uses the classical approach such as Backpropagation or
Stochastic Gradient Descent (SGD). At the end of CNN training, a structurally
identical SNN network is constructed in which the neural model used is LIF and
the synaptic weights are initialised with the values obtained from the CNN. The
input of SNN consists of the encoded form of the sonogram [273] using Poisson rate
encoding, which allows pixel intensities to be represented in terms of spike rates.

This procedure ensures a uniform and impartial evaluation method for the various
coding techniques, as all coded data is processed through an identical processing
flow.

Model Compression

As reported in Figure 4.2, at the final stage of the process a model compression is
applied. The use of compression techniques has many advantages, both in terms of
quality and quantity, such as the generation of more compact models that are suitable
for embedded systems. Compression reduces memory usage and computational
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costs, resulting in faster simulations on non-neuromorphic hardware. Furthermore,
through fine-tuning, in some cases this phase can also lead to an increase in classifi-
cation accuracy, attributable to the reduction of the stimulus transmitted through the
synapses, a potential source of noise in the network decision-making process.

The synaptic reduction process adopted consists of selectively removing connec-
tions between neurons in the convolutional and fully-connected layers of the CNN,
based on the absolute value of the synaptic weight. The elimination is performed
by calculating the distribution of synaptic weight and progressively removing con-
nections with increasingly heavier weights. This strategy allows the elimination of
synapses that make a marginal contribution to spike generation.

Following synaptic reduction, classification accuracy generally tends to decrease.
To recover initial performance, a fine-tuning phase is performed whereby the resulting
CNN with the remaining connections is retrained for 5 epochs and, finally, the
updated weights are transferred back to the corresponding SNN version.

4.1.3 Experimental results

In order to evaluate the capacity of different encoding techniques in the classification
of time-varying data, various configurations of the pipeline illustrated in Figure 4.2
were tested. The aim of these comparisons is not to identify a universally optimal
solution, but rather to provide a detailed analysis to guide developers and researchers
in selecting the most appropriate encoding methods for specific applications.

Frequency decomposition

The division of the input signal into frequency channels is an important step for
encoding performance, as it can increase the number of extractable features and
generate sonograms with richer information content. To assess the impact of this
operation, extensive tests were conducted on the effect of frequency filtering in
relation to the accuracy of the sCNNs tested.

The generic structure of the CNN architecture used includes: a first convolutional
layer with a number of feature maps equal to I, followed by an average pooling
layer; a second convolutional layer with J feature maps, followed by further aver-
age pooling; finally, K fully-connected layers. Each configuration is identified by
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the acronym CI-CJ-FK. An example, relating to the C6-C12-F2 configuration, is
illustrated in Figure 4.4.

Fig. 4.4 Architecture of the convolutional neural network consisting of layers C6, C12, and
F2. The figure is taken from [42].

From a global perspective experiments conducted using the gammatone filter
showed overall superior performance compared to the Butterworth filter. When the
classification of data is performed on FSD dataset, 32- and 64-channel decomposition
configurations were tested, using the C6-C12-F2 architecture for all tests. This latter
result can be attributed to the presence of redundant components in the frequency
response for gammaton filter bank, which cause a greater number of spikes, thus
allowing a greater amount of information to be represented. The average results
obtained on the different channel configurations indicate a median accuracy of
77.50% for the Butterworth filter and 84.00% for the gammatone. In particular, the
highest accuracy values were observed with Phase Encoding, equal to 83.00% with
Butterworth and up to 93.00% with gammatone.

As regards the WISDM dataset, the limited sampling frequency allowed only 4,
8 and 16-channel separation configurations to be tested. In this case, for all types of
encoding, average accuracy values were lower than those of the FSD: 66.67% with a
Butterworth filter and 46.67% with a gammatone filter, using a C12-C24-F2 network
architecture.

Comparisons between classes of encoding algorithms

Although the encoding phase is an essential step in the use of SNNs, choosing the
encoding technique best suited to the characteristics of the signal to be analysed
can significantly affect performance in terms of accuracy. Figure 4.5 shows a com-
parison between the median accuracies obtained by the different families of coding
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algorithms, combined with all the channel separation variants, feature extraction and
network architectures considered.

Fig. 4.5 Median accuracy values for each coding class in different combinations of network
architecture, filter type, number of channels, and feature extraction bins, for the FSD dataset
(A) and the WISDM dataset (B). The figure is taken from [42].

For the FSD dataset, the Temporal Contrast class performed best, with a median
accuracy of 91% (Figure 4.5a). At the opposite extreme, the Global Referenced
family showed the lowest median result, with a value of around 53% accompanied
by high variance. This behaviour can be attributed to the marked difference in
performance between the two algorithms belonging to this class: Phase Encoding
produced satisfactory results with a median of 77%, with a maximum peak of 93%,
while TTFS showed very low accuracy values of around 35%, with a minimum of
around 8%. This gap is probably due to the reduced number of spikes generated by
TTFS, which results in insufficient stimulation of the network.

In the case of the WISDM dataset classification, the different algorithms show
rather heterogeneous performance; however, the median accuracy, aggregated by
algorithm class, remains around 48% for all families, with the exception of Rate
Coding, which records the worst median performance at 21.67% and the overall
minimum value at 5%. The best median accuracy is achieved by Burst Encoding,
with a value of 55%. The absolute maximum result is achieved, instead, by the ZCSF
algorithm, in combination with a 16-channel Butterworth filter for a C6-C12-F2
network architecture, with an accuracy of 93%.

Spike density

The spike density value can be used to estimate energy consumption, as a low spike
density leads to a decrease in communications between the various layers of the
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network, resulting in low energy consumption. However, an excessively low density
may be insufficient to encode information effectively, causing loss of information
content. Our analyses show that this quantity is strongly influenced by the encoding
algorithm and by the refractory period, causing significant variations in the density
of spikes generated.

To evaluate the impact of using the refractory period τre f , preliminary experi-
ments were conducted using different values equal to 3 ms, 2 ms, and 1 ms. In all
cases, the usage of this parameter in the encoding phase resulted in an excessive
reduction in spike density, compromising the correct stimulation of the SNN layers.
This phenomenon led to a drastic drop in classification performance. The median
FSD accuracy for the test - considering all architectures, channel decomposition
configurations, and encoding techniques - was 22.00%. In the case of the WISDM
dataset, the value of τre f is constrained by the low sampling frequency fs = 20 Hz of
the signals, imposing a lower limit of 50 ms. Given the performance degradation
observed even for low values of τre f , all results presented in this document were
obtained by setting τre f = 0.

The graphs shown in Figure 4.6 and Figure 4.7 illustrate the distribution of the
number of spikes produced by each coding technique, after separation into channels
using a Butterworth and gammatone filter bank, respectively in the right and left
columns. In all scenarios considered, the family of Deconvolution-based encoding -
HSA, MHSA, BSA - is the one with the highest spike count.

Feature Extraction

The feature extraction phase is an essential step in applying the transfer learning
method, as it makes it possible to process data encoded in the spike domain by
convolutional layers.

The term sonogram, borrowed from Dominguez-Morales et al. [50], was orig-
inally used to describe the binned representation of an audio signal; in this work,
the same definition is adopted for both the corresponding representation of the FSD
dataset and that of the WISDM dataset.

The number of bins - i.e., the number of intervals into which the spike-encoded
signal is divided - is the parameter that defines the resolution of the sonogram
and, consequently, the quality of feature extraction. Excessively large or small
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Fig. 4.6 Median spike counts per sample generated for the FSD dataset using different
encoding techniques, numbers of channels, and filter types. Results are shown for: (A)
Butterworth filter with 32 channels, (B) Gammatone filter with 32 channels, (C) Butterworth
filter with 64 channels, and (D) Gammatone filter with 64 channels. The figure is taken
from [42].

values for this parameter tend to generate an almost uniform pattern with limited
information content, as the difference in intensity among the pixels of the sonogram
is significantly reduced, as shown in Figure 4.8, which compares different types of
binning sizes.

In the case of the FSD dataset, binning intervals of 50 and 250 were tested for
the 32-channel filter bank, and 50 and 125 for the 64-channel filter bank. For the
WISDM dataset, the values used are 24, 18, and 18 bins for 4, 8, and 16 frequency
channel respectively. These values were selected as the most suitable because other
binning options showed unsatisfactory accuracy performance. The results of the
comparison of this process are shown in Figure 4.9.

In this case too, the WISDM dataset generally presents lower accuracy than the
FSD. Furthermore, regardless of the number of channels used in the pre-processing
phase, worse performance is recorded for high bin counts.
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Fig. 4.7 Median spike counts per sample generated for the WISDM dataset using different
combinations of encoding techniques, filter types, and channel numbers. Results are shown
for: (A) Butterworth filter with 4 channels, (B) Gammatone filter with 4 channels, (C)
Butterworth filter with 8 channels, (D) Gammatone filter with 8 channels, (E) Butterworth
filter with 16 channels, and (F) Gammatone filter with 16 channels. The figure is taken
from [42].

CNN and sCNN architecture

The type and the architecture of the network are a determining factor for performance
in terms of accuracy. A CNN architecture was adopted for the training and weight
transfer phase. The use of this type of network in the classification of audio signals
is motivated by the SOTA results achieved through the silicon cochlea [50]. Further
studies conducted by Fra et al. [43] have confirmed the computational and energy
efficiency of CNNs in the analysis of time-varying signals.

In this study, several configurations of the CNN structure were developed, start-
ing from the model proposed in Dominguez-Morales et al. [50] and proceeding to
optimise the structural parameters. All the networks tested share the basic structure
illustrated in Figure 4.4, differing in the number of filters used in the convolutional
layers and the number of fully-connected layers. The networks with the best perfor-
mance are configurations C12-C24-F1, C6-C12-F2 and C12-C24-F2.
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Fig. 4.8 Visual representation of a 32-channel sonogram subdivided into 100 (A), 50 (B), and
14 (C) time bins. The 50-bin case offers the best trade-off between resolution and information
density. The figure is taken from [42].

Fig. 4.9 Median accuracy for the feature extraction class in different configuration of network
architecture and encoding strategies for the FSD dataset (A) and the WISDM dataset (B).
The figure is taken from [42].

As regards the classification of the FSD dataset, the C12-C24-F1 configuration
achieves a median accuracy of 53.00%, while the other two architectures show sig-
nificantly higher performance, with values of 82.50% for C6-C12-F2 and 84.00% for
C12-C24-F2. For the WISDM dataset, the C6-C12-F2 and C12-C24-F2 architectures
are also confirmed as the best, achieving median accuracies of 45.00% and 52.50%,
respectively. These relatively low values are not attributable to the structure of the
networks, but are due to the lower efficiency of the coding algorithms analysed when
applied to data characterised by lower frequencies.

Model Compression

Once the CNN structure with the best performance was identified, model compres-
sion techniques were applied to reduce connectivity within the network, thereby
decreasing memory, computing and energy requirements.
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To evaluate the effectiveness of these techniques, the synapse reduction process
was applied to the best-performing network configurations that emerged from previ-
ous tests, with the C6-C12-F2 and C12-C24-F2 structures as the best candidates. The
procedure involves the progressive elimination of connections based on the weight of
the synapses, calculated on the distribution of absolute values. Initially, connections
with a weight less than or equal to the first quartile are removed, followed by those
up to the median and, finally, those up to the third quartile.

Fig. 4.10 Median test accuracy for all combinations of encoding class, filter type, number
of channels, and feature extraction bins, using architectures C6-C12-F2 and C12-C24-F2
on FSD and WISDM datasets. Panels show results after synapse reduction (A,C) and after
fine-tuning (B,D). The figure is taken from [42].

Figure 4.10a illustrates the effect of synapse reduction on the classification of
the FSD dataset. As the amount of connections reduced, classification performance
worsens. This behavior is due to the reduced number of spikes in the network, which
makes it more challenging to stimulate neurons through the layers correctly. To
optimize the model based on residual synapses, a fine-tuning process is applied to the
smaller C6-C12-F2 network, which is retrained for approximately 5 epoch. Subse-
quently, the new weights are transferred to the final version of the sCNN, achieving
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accuracy comparable to that of the complete network. Some configurations are able
to slightly exceed the classification capabilities of the original model, achieving
an increase of 1.75% in accuracy. The compressed networks achieve a median
test accuracy of 81.00% while maintaining only 25% of the original network size,
through pruning to the third quartile Figure 4.10b. This median value is calculated
considering all filter bank configurations, feature extraction and encoding algorithms
for the given architecture.

In the case of the WISDM dataset, the reduction in synapses also leads to a
decrease in accuracy (Figure 4.10c). Also in this case, after applying fine-tuning to
the C12-C24-F2 network, some configurations show an increase in the maximum
achievable accuracy, leading to superior performance of the compressed network
compared to the complete one. For example, the ZCSF algorithm with 16 channels
and 18 bins, pruned to the third quartile, shows a 1.7% increase in classification
capacity, reaching 91.7%; Similarly, the SF algorithm with 16 channels and 18 bins,
reducing synapses to the median, achieves an increase of 8.3%, reaching an accuracy
of 95.0%.

This improvement can be attributed to the synergy of synapse reduction and fine-
tuning. This has the effect of decreasing the number of synapses between the layers
reducing the noise through the network with positive effects on the classification
process, while maintaining a high classification capability.

The configurations that show improved performance after model compression
are illustrated in Figure 4.11.

4.1.4 Discussion

Through these experiments, we conducted an in-depth analysis evaluating different
combinations of filters, encoding algorithms, feature extraction parameters, and
network architectures. The goal of this work is to create a comprehensive guide
designed to provide neuromorphic system designers with useful information on the
comparative performance of various encoding techniques.

The results show that the performance of the coding techniques considered is
strongly influenced by the signal frequency. In the case of FSD - characterised by
intermediate frequencies and a wide band - it is possible to extract a greater number
of features from the signal, making the effectiveness of the coding classes that



96 Machine learning approach in neuromorphic computing

Fig. 4.11 Overview of network configurations that achieved higher performance following
model compression, in the case of the WISDM dataset. The figure is taken from [42].

allow for more accurate classification more evident. On the contrary, for very low
frequency signals such as those in the WISDM dataset, there is no clear advantage
of one class of algorithms over the others. However, some configurations based on
temporal coding, such as the ZCSF algorithm have clearly outperformed rate coding,
demonstrating that, although the choice of algorithm must be carefully calibrated,
temporal coding techniques have a greater ability to extract characteristics suitable
for neuromorphic processing from very low frequency signals.

Finally, it has been observed that the number of spikes generated by each encod-
ing method must be sufficiently high to adequately stimulate all downstream layers
of the SNN. Consequently, any strategies to reduce the spike count for energy saving
purposes must be carefully balanced with the need to preserve an adequate amount
of information.

Figure 4.12 shows a quantitative and comparative representation of all the coding
techniques examined. Each method is described using five fundamental metrics:
S Shannon entropy [277] of the encoded signal, MIS mutual information [278]
between the encoded signal and the original input normalised with respect to entropy,
HS Hoyer sparsity of the encoded signal [279], ε spiking efficiency [237], and O( f )
computational complexity.
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Fig. 4.12 Each encoding technique is represented along specific rings of a circular graph.
The bottom central section shows computational complexity, defined by signal length (l),
number of channels (c), bitwise representation length (n), and convolution width (w). Values
on the left correspond to FSD data, while those on the right correspond to WISDM. Four
signal-related metrics (S ,MIS ,HS , ε ) are arranged symmetrically across the vertical axis,
with results for both Butterworth (B) and Gammatone (G) filters reported according to the
number of channels used. The figure is taken from [42].

Table 4.1 presents a summary of the recommendations, correlating each encoding
technique with the frequency of the time-varying input signal. This table is the
central result of this study and represents a first step towards a systematic, large-scale
analysis of the tools available for representing signals in the neuromorphic domain.
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Encoding class and technique
Temporal data

Spatial data1
Very-Low frequency Middle frequency

Rate coding Poisson Rate ✗ ✓ ✓

Temporal Coding

Temporal Contrast

TBR ✓ ✓ ✗

SF ✓ ✓ ✗

MW ✓ ✓ ✗

ZCSF ✓ ✓ ✗

Filter & Optimizer
HSA − − ✗

MHSA − − ✗

BSA ✓ − ✗

Global Referenced
PHASE ✗ ✓ ✓

TTFS ✗ ✓ ✓

Latency/ISI BURST ✗ ✓ ✓

Table 4.1 Summary of the various encoding techniques, with an evaluation of their perfor-
mance according to input data type. The table is taken from [42].

4.2 A neuromorphic approach for on-edge AIoT ap-
plication

4.2.1 On-edge computing advantage

The constant process of technological miniaturisation and greater integration of a
large number of sensors in wearable devices has significantly expanded the integra-
tion of Body Sensor Networks (BSNs) in the non-invasive monitoring of activities
and physiological signals [280–282]. The growing availability and spread of BSNs,
combined with the possibility of applying machine learning techniques, has enabled
the creation of applications based on wearable sensors for technologies in the fields of
IoT, edge computing and Human-Centred Computing, for digital healthcare, elderly
care, fitness monitoring and gesture recognition [283–286].

The ability to implement machine learning models directly on the remote device
brings a number of significant advantages. Edge devices enable real-time infer-
ences, reducing system latency in time-sensitive applications such as autonomous
driving [287–291]. Locally stored data increases system reliability by avoiding
the consequences of network outages, while also improving user privacy, as there
is no need to transmit information externally. Removing dependence on external
infrastructure reduces both the energy consumption associated with communication
and overall maintenance costs.
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As a result, numerous studies have adopted approaches based on deep learning
techniques, proposing solutions that exploit CNNs, Recurrent Neural Networks
(RNNs) or a combination of both [292–298], specifically geared towards recognising
human activities in scenarios designed for wearable platforms [299–302]. The
development of these applications is supported by dedicated end-to-end solutions that
cover the entire design flow: from data collection and annotation, model definition
and training, to optimisation and deployment. These solutions are provided both by
hardware manufacturers - for example, Qeexo AutoML [303] - and in open-source
form, such as the Embedded Learning Library.

However, despite significant advances in machine learning for ANN-based tech-
nologies, crucial challenges remain, as the adoption of devices designed to be ex-
tremely compact and portable introduces new constraints that cannot be overlooked.
Most ANN models have excessive computational requirements to run directly on
embedded devices, as they require large amounts of memory, dedicated hardware,
and high energy consumption.

As Covi et al. [304] have thoroughly pointed out, achieving the ultimate goals of
edge computing for wearable devices requires a real paradigm shift, which translates
into a reduction in the computational effort required for data processing. The sensors
typically integrated into wearable devices are burdened by severe energy limitations;
at the same time, the conventional approach, based on transmitting data to remote
servers for off-chip processing, introduces an additional constraint in terms of time
latency. Overcoming these challenges would mean enabling real-time data processing
directly on the device, paving the way for a wider range of personalised services that
can be implemented efficiently and widely on smart edge devices [84].

In the field of edge computing, the body monitoring sector has undoubtedly
attracted the attention of the scientific and industrial communities, with HAR playing
a key role. This application stands out for its intrinsic reachness of information
and consequent adaptability to multiple usage scenarios. A reliable and responsive
classification system for ongoing activities is useful not only for monitoring Activities
of Daily Living (ADL), but also for other purposes. [305], but can also play a decisive
role in critical safety situations where response time is essential.

In the race for the best classification results, the vast majority of proposed solu-
tions focused almost exclusively on accuracy performance, neglecting the possibility
of adopting models closer to biological inspiration and leaving the alternative per-
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spective offered by a neuromorphic approach in the background. In this context,
the adoption of brain-inspired neural paradigms, such as SNNs [306], represents a
candidate of great interest for the creation of low-energy solutions [307, 308].

By relying on spike-based encoding, SNNs have a natural predisposition for
processing temporal information [309–313]. Complementary to neural computing,
whose main objective is the implementation of ANNs for solving practical tasks,
neuromorphic computing shifts the focus towards emulating neural processes through
new and alternative computing architectures [314–317, 37, 318, 319, 319–321]. This
approach has the direct consequence of orienting research and development towards
the creation of dedicated, compact, low-power neuromorphic hardware solutions,
such as SpiNNaker [38], Intel Loihi [37], and Dynap-SE [76].

Alongside these platforms, considerable interest has also been shown in neuro-
morphic simulators, which are powerful tools capable of supporting the growth of
neuromorphic computing even in scenarios where specific hardware is not immedi-
ately available. Among the various tools available, Nengo is a particularly interesting
example [322, 234, 323].

In this work, we propose a comparative analysis of different recurrent and convo-
lutional architectures, in their spiking and non-spiking variants for the HAR task,
using the WISDM dataset [257, 194], with the aim of investigating a classification
approach based solely on raw data. In particular, through the use of Nengo, we
evaluate the positive effect of adopting a neuromorphic paradigm as an alternative to
classical deep learning solutions, presenting bio-inspired models for the recognition
of human activities directly from raw data.

4.2.2 Human activity recognition

In recent years, the dominance of HAR has generated a vast amount of scientific
output, in which machine learning techniques have been widely applied and tested
on different datasets. Numerous studies have adopted approaches based on deep
learning techniques, proposing solutions that exploit CNNs, RNNs or combinations
thereof [292–298], specifically geared towards the recognition of human activities in
scenarios designed for wearable platforms. Through a data acquisition approach us-
ing personal and non-invasive devices, there has been a gradual convergence towards
the use of wearable sensors, often integrated into smart devices, which have progres-
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sively taken on a central role in the field of HAR. At the same time, neuromorphic
computing has attracted growing interest, encouraging increasing attention towards
the use of bio-inspired networks and the development of applications in HAR [324].

The comparison is conducted at the end of the optimisation pipeline, schemati-
cally summarised in Figure 4.13. In it, the vertical arrows represent the preliminary
phases, which include the selection of the dataset (a) and the design of the optimi-
sation experiment (c, d). The horizontal arrows, on the other hand, describe the
subsequent phases that constitute the backbone of the study: the selection of neural
network architectures (b), the optimisation of hyperparameters (e) and, finally, the
creation of classifiers specifically adapted to the HAR task (f).

Fig. 4.13 The adopted procedure can be divided into two complementary phases. The vertical
arrows highlight preliminary steps: (a) dataset selection, (c) definition of the hyperparameter
search space, and (d) configuration of the optimization experiment. The horizontal arrows
summarize the backbone of the pipeline: (b) neural network architecture selection, (e)
hyperparameter optimization, and (f) classifier evaluation. The figure is taken from [43].

Dataset WISDM

In an increasing number of cases, datasets are collected using Inertial Measurement
Units (IMUs) integrated in smartphones and smartwatches, as is the case with the
WISDM [257, 194] and UCI-HAR datasets [325]. Alongside these well-established
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datasets, a more recent version of the WISDM dataset is gaining increasing interest
thanks to better class balancing and the inclusion of signals from smartwatches.

The WISDM dataset is composed of records from 51 subjects engaged in 18
activities. The dataset collects signals from the accelerometer and gyroscope of a
smartphone and smartwatch. Each activity was recorded for a duration of 3 minutes,
with an acquisition frequency of 20 Hz. Furthermore, the data can be divided into
three subsets depending on the type of activity: non-hand-oriented activities, hand-
oriented activities (general), and hand-oriented activities (eating). As an example,
the kernel density estimation of the three-dimensional data from the smartwatch
accelerometer and gyroscope, relating to the general hand-oriented subset, is shown
in Figure 4.14, where a clear overlap between the raw signal values can be observed,
clearly showing that the classification of raw signals is not trivial when analysed in
real time, without any form of data processing, filtering or aggregation.

Fig. 4.14 Kernel density estimates of smartwatch data collected along the six IMU sensor
axes for the seven classes within the general hand-oriented subset of the WISDM dataset.
The figure is taken from [43].

For the experiments carried out a subset of hand-oriented activities (general) was
selected from the complete dataset, including: dribbling in basketball, playing catch
with a tennis ball, typing, writing, clapping, brushing teeth and folding clothes. An
example of the raw three-axis signals from the accelerometer and gyroscope present
in the WISDM dataset is illustrated in Figure 4.15.
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Fig. 4.15 Comparison of representative 10 s smartwatch samples from six IMU sensors for
the seven classes in the general hand-oriented WISDM subset. The figure is taken from [43].

Impact of data segmentation

The actual demonstration of improved energy efficiency introduced by the use of
neuro-inspired and neuromorphic approaches has been the subject of a growing
number of experiments. Blouw et al. [326] performed benchmarking on different
hardware platforms for the task of keyword spotting, highlighting a significant
reduction in energy consumption through the use of the Intel Loihi chip, while Yan et
al. [327] conducted a direct comparison with a SpiNNaker 2 prototype.

In the work of Buettner et al. [328], the effectiveness of the conversion from ANN
to SNN for the heartbeat classification task is evaluated, subsequently implemented
on Loihi. A more extensive benchmarking analysis was proposed by Azghadi et
al. [329], who tested different neuromorphic platforms in biomedical applications.
Finally, Blouw et al. [324] highlighted the advantages of the neuromorphic approach,
demonstrating the reduction in computational cost offered by SNNs developed in
Nengo, compared to structurally identical Deep Neural Networks (DNNs).

The IoT is considered one of the areas set to benefit most from the development
of neuromorphic models and technologies. In this regard, Kim et al. [330] proposed
a survey of IoT platforms that enable artificial intelligence applications, while An et
al. [331] investigated the impact of neuromorphic systems in the context of Industry
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4.0. The role of edge computing in Artificial IoT (AIoT), as well as in healthcare
applications and smart environments, was explored in depth by Chang et al. [332]
Finally, promising results for event-driven on-edge AI applications in IoT scenarios
were presented by Stuijt et al. [321], using the µBrain neuromorphic integrated
circuit.

An example of benchmarking network architectures on different datasets is
presented in the work of Mekruksavanich et al. [333–335], in which an in-depth
analysis is conducted based on the use of different techniques and types of data. A
particularly relevant contribution of this study concerns observations on the impact of
data segmentation in relation to classification accuracy. Identifying the optimal time
window size for time-varying signals, such as those typical of HAR, is crucial from
two perspectives: on the one hand, it can significantly increase the accuracy of the
classifier, making it more reliable; on the other hand, in terms of classification time,
it is a fundamental parameter for evaluating the suitability of the model in real-time
applications. The work of Peppas et al. [336] provides a summary of the most
commonly used window sizes in HAR tasks, highlighting that the most common
choices are between 1 s and 10 s. The exceptions are the works of Ordoñez et
al. [337], Wan et al. [338] and Xia et al. [339], in which time windows of up to 0.25 s
were used, depending on the dataset considered. In contrast, Mekruksavanich et
al. [333–335], as well as Oluwalade et al. [340] and Ihianle et al. [341], adopted
signal segmentation based on 10 s windows.

For the segmentation implemented for the development of our experiments, the
signals were divided into non-overlapping time windows of 2 s. This choice is the
result of a preliminary exploration that considered longer windows, equal to 5 s and
10 s. Compared to the latter, the 2 s window proved to offer an optimal compromise
between the need for a sufficiently high number of time data per sample and the goal
of ensuring fast-response classifiers.

The process led to the generation of 36,201 samples based exclusively on raw
data, without any feature extraction or pre-processing, which were then divided into
three sets for training, validation and testing in a ratio of 60:20:20 respectively.
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Nengo

Nengo was developed as a simulator based on the Neural Engineering Framework
(NEF) [342] guiding principle for building complex neural models capable of gen-
erating sophisticated networks with cognitive abilities, starting from models of
individual neurons, providing access to low-level neural archetypes for performing
high-level functional tasks.

The three principles of NEF - representation, transformation and dynamics - are
embodied in Nengo into the fundamental units for network construction, defined
through three main objects: ensemble, node and connection. Their combination leads
to the definition of two further objects, network and model. The Probe represents
the element dedicated to data collection during simulations. This set of six objects
constitutes the toolkit necessary for designing the neural model, which is required to
run the network simulation.

A distinctive feature of Nengo is the flexibility of its simulator, made possible
by its ability to adapt to specific and, if necessary, highly specialised hardware.
An example of this is NengoLoihi, a back-end developed specifically for running
Nengo models on the Intel Loihi neuromorphic chip. Furthermore, thanks to this
adaptability, it is possible to directly integrate models from other frameworks: the
NengoDL Converter module allows the translation of deep learning models by
change standard activation functions with Nengo spiking neurons [343].

Legendre Memory Unit

The mechanisms of neural communication based on the complex processes of trans-
mitting and filtering spikes through synapses can be modelled using Ordinary Dif-
ferential Equations (ODEs) integrated over time, which enable the behaviour of the
cells to be approximated [344, 345].

The LMU is a recurrent cell that can perform this approximation for continuous-
time delay [346]. The fundamental property of the LMU network consists in the
ability to decode a delayed signal u(t−θ ′), contained within a time window of length
θ , through a high-dimensional projection of the input u(t), suitably orthogonalised
using translated Legendre polynomials [347]. The ith translated Legendre polynomial
is defined in Equation 4.14:
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and is used to delay the input signal as shown in Equation 4.15:
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The maximum degree d−1 of the expansion series is linked to the dimension of
the state vector m(t), defined from the input u(t) according to Equation 4.16:

θṁ(t) =Am(t)+Bu(t) (4.16)

where A and B represent the state matrices derived using Padé approximants, as
reported in Eq.4.17 and Eq. 4.18.

A = [a]i j ∈Rd×d, ai j = (2i+1)
⎧⎪⎪⎨⎪⎪⎩

−1 i < j
(−1)i− j+1 i ≥ j

(4.17)

B = [b]i ∈Rd×1, bi = (2i+1)(−1)i, i, j ∈ [0,d−1] (4.18)

Although the literature available on LMU applications is still limited, the results
are very promising in the field of keyword spotting [326]. This architecture has
demonstrated SOTA performance in terms of accuracy, accompanied by a surpris-
ingly small number of parameters.

Network architecture

The HAR task can be successfully addressed by using convolutional or recurrent ar-
chitectures. In phase b of Figure 4.13, we examined both types in order to benchmark
the possible options offered by neuro-inspired solutions.

As regards convolutional networks, the structure adopted includes two convo-
lutional layers, one max pooling layer, and two fully connected layers, as shown
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Fig. 4.16 Summary of the networks under investigation. The convolutional architecture
used in the non-spiking domain (a) was translated to a spiking domain version (b) using
NengoDL. Recurrent architectures differ between domains: LSTM units with a dropout layer
were used for the non-spiking implementation (c), while the spiking recurrent network was
built using the LMU (f), which was also adopted in the non-spiking domain (d). Additional
variations with frequency-filtered inputs were tested for both non-spiking (e) and spiking (g)
LMU-based architectures. The figure is taken from [43].

in Figure 4.16a. This configuration has been implemented both in the traditional
version (non-spiking CNN) and in the corresponding version with spike neurons
sCNN Figure 4.16b. For the recurrent architecture, we implemented a network
based on two cells of Long Short-Term Memory (LSTM) layers, each followed by a
dropout layer and a final dense layer, as shown in Figure 4.16c. Unlike the convolu-
tional case, the spiking implementation of recurrent networks does not reproduce
the same architecture as its non-spiking counterpart. As displayed in Figure 4.16f,
the LMU was used to replace the LSTM, with a single LMU layer instead of the
LSTM-dropout pair. To further enrich the comparison and benchmarking activity,
the LMU was also adopted in a non-spiking version, Figure 4.16e.

The sCNN, LMU and its spiking variant sLMU networks were implemented using
the Nengo neural simulator, exploiting the NengoDL Converter to automatically
build the spiking version of the CNN from the corresponding non-spiking model.

On LMU-based networks, we also used Nengo to analyse the impact of intro-
ducing a filter bank inspired by the functioning of the human auditory system. By
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analogy with the cochlea, a frequency filter (ff) was introduced and applied to the
input, as shown in Figure 4.16e and Figure 4.16g, with the aim of breaking down the
original signal into five distinct channels.

In all the spiking networks studied, the Rectified Integrate-and-Fire (RIF) neu-
ron model was used, which is available in Nengo and compatible with the Loihi
neuromorphic chip.

Hyperparameter optimisation

ANNs can be described from two opposite perspectives. On the one hand, there is the
architecture, which is defined by the number, type and connection mode of the layers.
On the other hand, there are the hyper-parameters, which uniquely characterise each
network, determining its intrinsic behaviour. Consequently, as also highlighted by
the work of Suto et al. [348], HPO is an essential step when analysing and comparing
different network topologies, with the aim of maximising their modelling capabilities
while minimising unnecessary complexity.

The steps from (c) to (e) in Figures 4.13 illustrate the hyperparameter tuning pro-
cedure we adopted, conducted using the NNI toolkit [349], exploiting the integrated
Annealing algorithm. For each architecture, an NNI optimisation experiment was de-
signed, defined within a specific search space identified by step (c). Each experiment
comprises 1.000 trials, interspersed with four equidistant random reinitialisations
of the tuner, in order to partially mitigate the risk of convergence to local minima
typical of annealing algorithms.

Each test consists of 100 training epochs; at the end of which, the weights that
provided the highest accuracy in training are selected and used to evaluate test
accuracy, chosen as the optimisation objective. In all cases, training was conducted
with the Adam optimiser at a constant learning rate, which was also included among
the parameters optimised during the experiments. The overall configuration of the
NNI experiments is summarised in step in Figure 4.13d, while an overview of the
hyperparameters included in the search spaces is shown in Table 4.2.
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Network Hyperparameter Description

LSTM

units_1
Number of units in the LSTM layers

units_2

dropout_1
Dropout rate between the LSTM layers

dropout_2

l2_2
L2 regularization applied to the recurrent weights matrix

in the second LSTM layer

CNN

filters_1
Number of filters in the convolutional layers

filters_2

kernel_size_1
Dimension of the kernel in the convolutional layers

kernel_size_2

dense_1 Number of units in the first Dense layer

Spiking CNN

target_rate_1 Target value for neurons firing rates regularization
in the convolutional layerstarget_rate_2

reg_conv_1 L2-like regularization applied to the neurons firing rates
in the convolutional layersreg_conv_2

scale_firing_rates Scale factor for the neurons firing rates

synapse
Time constant of the synaptic low-pass filter

on the output of all the neurons

n_steps
How long (in simulation time steps (*)) the input

is presented to the network

LMU

units Size of the LMU kernels

order Number of Legendre polynomials

theta Length of the sliding window

synapse_in
Time constant of the synaptic low-pass filter

on the input connection of the LMU

synapse_out
Time constant of the synaptic low-pass filter

on the output connection of the LMU

tau
Time constant of the discretized synaptic low-pass

filter on the internal connections to memory

Spiking LMU (**)

n_neurons
In place of units, size of the neuron ensembles (whose

number is defined by order)

synapse_all
Time constant of the synaptic low-pass filter on

the connections between neuron ensembles

max_rate Firing rate for neuron input equal to 1

All
batch size Number of training examples in each learning iteration

learning rate Step size for weights update in each learning iteration

(*) The default value in Nengo of 1 ms is used
(**) All the hyperparameters for the non-spiking LMU are specifically re-optimized for

the spiking implementation

Table 4.2 Summary and description of the optimized hyperparameters. For spiking networks,
the hyperparameters of the corresponding non-spiking implementations are included as well.
The table is taken from [43].
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4.2.3 Experimental results

To ensure a comprehensive comparison between networks, multiple metrics were
adopted in addition to classification accuracy among the verified network architec-
tures. An initial differentiation was made as follows: for all non-spiking networks,
the number of Floating Point Operations (FLOPs) and the respective estimated
energy consumption on the Intel Movidius Neural Compute Stick 2 board were
evaluated; for spiking networks, the number of neurons, the number of Synaptic
Operations (SOPs) and the estimated energy consumption on the Intel Loihi platform
were analysed; while for all the network categories, the number of parameters and
the memory footprint were taken into account. The energy estimates reported here
are based on the results reported in the work carried out by Blouw et al. [350].

LSTM CNN sCNN LMU
LMU
(ff) sLMU

sLMU
(ff)

Test
accuracy

(%)

96.42
±

0.03

93.81
±

0.10

92.47
±

0.08

91.71
±

0.13

88.16
±

0.13

94.51
±

0.15

94.39
±

0.13

Number of
parameters

2,125,222 144,899 167,973 76,130 89,014 91,200 132,540

Memory
footprint

(MB)

8.50 0.58 0.67 0.30 0.36 0.36 0.53

FLOPs
(x103)

4,249.65 2,828.89 / 158.66 197.00 / /

SOPs
(x103)

/ / 10.82 / / 99.91 127.95

Energy on
Movidius

(µJ)

3,199.99 2,130.15 / 119.47 148.34 / /

Energy on
Loihi

(µJ)

/ / 5.49 / / 50.66 64.87

Table 4.3 Summary of the evaluated metrics. All reported values were obtained using the
optimal hyperparameter configuration for each network. The table is taken from [43].

Table 4.3 summarises the metrics considered together with the corresponding
values obtained for each network. Classification accuracy is the first parameter to be
examined. From this point of view, the best result is provided by the LSTM-based
network, which achieves a test accuracy of 96.42±0.03%. Of particular interest
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is the fact that the second best performance is obtained by the recurrent network
based on the spiking version of LMU implemented with RIF neurons, achieving a
test accuracy of 94.51±0.15%, thus surpassing the performance of convolutional
architectures, regardless of whether they are borrowed in the spiking or non-spiking
domain. The same is observed in the sLMU enriched with a frequency filter inspired
by the auditory system also ranks above both sCNNs and CNNs, with a test accuracy
of 94.39±0.13%.

In Table 4.3 the second metric considered is the total number of parameters,
which is directly connected to memory footprint. From this viewpoint, what might
have seemed to confirm the superiority of the LSTM-based network - suggested by
the classification accuracy results - is completely reversed. With over two million
parameters, this architecture is by far the most memory-intensive, with a footprint of
8.50 MB.

At the opposite extreme is the network built on the non-sLMU, characterised by
a memory footprint that is more than an order of magnitude lower than the LSTM,
at only 0.30 MB. Comparable values are also found for the LMU with frequency
filtering and its spiking counterpart sLMU. While the spiking version with frequency
filtering shows a slight increase, approaching the values recorded for convolutional
architectures.

The relative difference in the sizes of the various networks can be further appre-
ciated by observing the diameter of the circles shown in Figures 4.17, which visually
represent the scale of the memory footprints.

The last two rows of Table 4.3 highlight the energy consumption evaluated with
reference to two specialised hardware platforms: Intel Movidius Neural Compute
Stick 2 for non-spiking networks, and Intel Loihi for spiking networks. In both cases,
the quantitative estimate provides the energy cost associated with a single operation.
The same table shows both the number of operations and the energy consumption per
inference for each of the architecture considered. The equivalent results are shown
in Figure 4.17, where the y-axis represents energy consumption, while the number
of operations is encoded by the colour of the circles. As clearly visible - consistent
with expectations - all spiking networks are less computationally expensive, with a
minimum energy consumption value of 5.49µJ for the sCNN network.

It is also important to note that the estimated energy consumption for all LMU-
based architectures is at least one order of magnitude lower than that of CNNs and



112 Machine learning approach in neuromorphic computing

Fig. 4.17 An energy versus accuracy analysis highlights the advantages of neuromorphic
approaches for temporal signal classification. The results show that all studied SNNs and
LMU-based networks achieve at least an order of magnitude lower energy consumption than
conventional DNNs. Similarly, memory requirements are reduced, with CNNs and LSTMs
exhibiting the largest footprints. Accuracy-wise, spiking LMUs demonstrate performance
comparable to, or exceeding, that of CNNs and LSTMs. The figure is taken from [43].

LSTMs. Once again, the maximum value is provided by LSTM, which exceeds
3000µJ: a consumption that makes it almost three orders of magnitude more energy-
intensive than sCNN.

Within the range defined by these two extremes, sLMU emerges as the solution
offering the best compromise, with consumption of just 50.66µJ and the second-best
overall accuracy, making it approximately two orders of magnitude more energy
efficient while maintaining performance comparable to that of the LSTM network.

4.2.4 Discussion

At the end of the proposed pipeline, corresponding to step (f) in Figure 4.13, a
classifier trained with optimised hyperparameters for each architecture was obtained.
Subsequently, these classifiers were compared with the aim of evaluating the benefits
introduced by neuro-inspired approaches, while avoiding a reductive perspective
based solely on performance in terms of accuracy.
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Benchmarking neural networks, and more generally comparing classifiers, is
inherently subject to the risk of oversimplification, which often results in accuracy
being evaluated as the only significant metric. In the neuromorphic context, this
reductive approach is even more misleading. Although classification accuracy
undoubtedly plays a central role, it cannot be considered independently of other
comparison metrics, such as energy consumption and memory footprint. Both of
these metrics provide crucial information for a more in-depth and informed evaluation
of neuromorphic solutions to classification problems.

In particular, when SNN achieve classification performance comparable to that of
other non-spiking DNNs, accuracy alone is not sufficient to ensure a fair comparison.

By combining the information that emerged from the results discussed above, it
is easy to identify the network with the best accuracy and the one with the smallest
memory footprint. Nevertheless, these two solutions do not coincide; in fact, they
are very far apart in terms of both metrics. It follows that, in the absence of an
assessment of energy consumption, the conclusions that can be drawn remain partial.

By taking this further step, i.e. quantifying the advantage of adopting a neuro-
morphic approach in the task under consideration, a trio of fundamental quantities is
extracted from each network. In this way, the proposed benchmarking is not reduced
to a simple numerical comparison, but also becomes a useful tool for guiding possible
future application scenarios for neuro-inspired solutions.

The compromise between high classification accuracy and low energy con-
sumption offered by sLMU, combined with its small memory footprint, makes this
structure a particularly promising competitor for potential on-edge applications of
neuromorphic classifiers in real-time processing scenarios.

With a view to comparing the different architectures in terms of specific tasks
and applications, the results obtained are also summarised in Figure 4.18, where the
use of a radar chart further highlights the strengths and limitations of the networks
analysed.

4.3 Summary

The present analysis examines neuromorphic computing from the perspective of ma-
chine learning, with a particular focus on data-driven methodologies for processing
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Fig. 4.18 Radar chart comparing the investigated networks across evaluated metrics. LMU-
based architectures outperform traditional DNNs (LSTM, CNN) in energy and memory,
while spiking CNN also shows significant improvements over LSTM and non-spiking CNN.
The figure is taken from [43].

real-world, time-dependent signals. As a progression from the manually designed
spiking architectures that were explored in the preceding chapter for the purposes
of optimisation and constraint compliance, the focus here shifts to learning-based
approaches. In these approaches, spiking neural networks are trained to extract
meaningful representations directly from sensory data. This transition signifies a pro-
gression towards scalable, general-purpose neuromorphic systems that are capable
of operating autonomously in realistic application scenarios.

The central theme of this chapter is the role of spike coding as a key interface
between conventional digital sensors and neuromorphic processing. By means of
a systematic comparison of multiple coding strategies applied to audio and iner-
tial datasets, this work highlights how the choice of coding method significantly
influences both classification accuracy and computational efficiency. The proposed
end-to-end pipeline, which includes biologically inspired preprocessing, spike-based
feature extraction, transfer learning from equivalent ANN models, and model com-
pression, provides a structured framework for evaluating and implementing SNNs in
embedded and edge-oriented contexts.

The application of these concepts to human activity recognition further demon-
strates the suitability of neuromorphic machine learning for energy-constrained
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edge devices. A comparison of SNN-based classifiers with SOTA deep learning
models and alternative temporal architectures, such as LMUs, was conducted. The
results demonstrate that spiking networks can achieve competitive performance
while significantly reducing energy consumption. Furthermore, the adoption of an
application-based hyperparameter optimisation strategy demonstrates the capacity
for neuromorphic classifiers to be systematically tailored to specific domains, thereby
enhancing their potential for personalised, on-device intelligence in AIoT scenarios.

The contributions presented in this chapter demonstrate that neuromorphic com-
puting is not confined to manual network designs, but can also support contemporary
machine learning workflows for the analysis of temporal data.



Chapter 5

Exploring neuromorphic hardware

The approaches presented so far focus on analysing SNNs as a whole, examining the
neuron models, the applications, architectures and comparison metrics [351, 306].
However, to fully understand the opportunities and potential offered by neuromorphic
systems, it is essential to extend this study to how software frameworks and hardware
systems process information [35].

In this context, benchmarking is an essential tool for the systematic and compara-
tive evaluation of the performance for a software framework [352, 353] or hardware
architecture [354, 355]. From a methodological point of view, benchmarking consti-
tutes a reference practice for the validation of emerging technologies, as it allows
heterogeneous solutions to be compared using objective and reproducible criteria.
In particular, the definition of targeted benchmarks makes it possible to verify the
correctness of system behaviour with respect to theoretical specifications, to assess
the impact of different hardware or software configurations, and to identify bottle-
necks that limit overall performance. Such information is fundamental both in the
development and optimisation phase of architectures, and in the subsequent adoption
phase in real application contexts [356, 357].

In computer science and engineering [358], benchmarking consists of the de-
velopment and execution of a structured and repeatable set of tests, designed to
objectively and comparably evaluate the performance of a system. The tests are
defined to measure quantitative and qualitative parameters related to different aspects
of system behaviour, such as computational efficiency, energy efficiency, execution
speed, scalability, resource utilisation - memory, processing cores, communication
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bandwidth - and overall reliability. The results obtained are then statistically analysed
in order to quantify the system performance and compare it with that of alternative
solutions or baseline values. This procedure makes it possible not only to provide a
set of numerical indicators, but also to systematically describe the dynamic behaviour
of the system under different operating conditions, highlighting structural limitations
and potential margins for improvement [359].

The aim of benchmarking is therefore not limited to the production of perfor-
mance measures, but extends to the global characterisation of the architecture or
framework analysed, providing useful indications for its optimisation. In this sense,
benchmarking is configured as a methodology of engineering analysis capable of
combining experimental rigour and applicative relevance, acting as a pivotal element
in the process of development, validation and technological maturation of complex
systems. In addition to simple quantitative measurement, benchmarking also per-
forms a methodological and diagnostic function: it makes it possible to identify
performance bottlenecks [360], inefficiencies in resource management and structural
limits of architectures or frameworks. Through the comparative analysis of the
results, it is possible to direct design choices towards better performing solutions,
optimise the balance between energy consumption, latency and throughput, and
verify the functional correctness and scalability of the system in realistic operating
scenarios.

A crucial aspect of benchmarking is the appropriate choice of metrics and test
cases, which must be sufficiently representative of the type of applications for
which the system is designed. Within this landscape, a particularly relevant role is
played by micro-benchmarking [361–363], a specialised category of tests that aims
to measure elementary and low-level system performance by isolating individual
components or internal mechanisms that contribute to the overall behaviour. Unlike
application benchmarks, which assess overall efficiency in an end-use context, micro-
benchmarks focus on specific functional units - such as memory management,
transfer latency between cores or synchronisation between processes - thus providing
a detailed, analytical view of the system. This approach makes it possible to precisely
identify the causes of any inefficiencies and to analyse how different hardware,
software or network configurations affect overall performance [364].

Particularly in neuromorphic systems, micro-benchmarking is essential for un-
derstanding the behaviour of asynchronous communication mechanisms, distributed
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scheduling and spike management, and mapping of neurons to cores, elements that
differ profoundly from classical computing paradigms. Thanks to this granularity of
analysis, micro-benchmarking not only provides quantitative data on basic perfor-
mance, but also contributes to predictive modelling of system behaviour, allowing
the impact of architectural changes or new mapping strategies of neural networks to
be estimated. In this sense, it represents an indispensable tool for the experimental
validation and progressive optimisation of neuromorphic platforms, acting as a link
between hardware experimentation and algorithmic design.

The study presented here focuses on evaluating the capabilities of the Lava
simulation framework. It focuses on aspects of communication between neuron
processes through a series of experiments based on MPI and micro-benchmarks.
Unlike ANNs, where operations can be distributed evenly across GPUs or clusters, in
SNNs spike communication is an asynchronous process that is highly dependent on
network connectivity. This means that inadequate mapping of neurons to cores can
introduce significant bottlenecks, increasing latency times and energy consumption
due to frequent exchanges. [365, 366]. Spike traffic management therefore becomes
a design factor that directly affects accuracy and energy efficiency. From this
perspective, the framework is not just a software tool, but a critical link between the
computational model and the hardware architecture, capable of transforming theory
into practice with efficiency and reliability. The tests were conducted on different
data exchange scenarios. This laid the foundations for the creation of a test suite
capable of providing a systematic measurement of performance, highlighting the
strengths and limitations of the framework [44].

5.1 Micro-benchmarking on Lava-Loihi neuromor-
phic ecosystem

5.1.1 Benchmarking on neuromorphic hardware

Neuromorphic computing requires architectures and design criteria inspired by
the functioning of the brain [351]. In recent decades, various efforts have been
made to create hardware devices and software frameworks inspired by these prin-
ciples [315, 367, 155]. Among these devices, a notable example is the Loihi chip,
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developed by Intel and first unveiled in 2018 [37], which is now in its second
generation [78]. Alongside the Loihi 2 hardware system, Intel has introduced the
open-source programming and simulation framework Lava [368, 85], which al-
lows users to develop neuro-inspired applications and run them on both traditional
hardware and dedicated platforms.

With the increasing availability and development of neuromorphic technologies,
benchmarking plays a fundamental role as a tool for defining common objectives
and rigorous methodologies for measuring progress. Consequently, expanding the
range of benchmarking tools in the field of neuromorphic computing is of primary
importance.

Since both the algorithmic and physical components are still under development,
there is an opportunity to advance cross-cutting benchmarking activities through
a two-stage approach [369]. Specifically, in the first case, by setting the task and
dataset, the algorithm is optimised; in the second case, by setting the dataset and algo-
rithm, the neuromorphic system is optimised. In line with this vision, neuromorphic
system benchmarking activities have been discussed by Davies et al. [370], who have
developed tests on keyword spotting applications, MNIST classification, graph path
optimisation, spatio-temporal tactile pattern recognition, CSP optimisation problems
such as the Latin square problem and map colouring [371], as well as a comparison
between Loihi, SpiNNaker 2 hardware and traditional architectures [324, 327].

However, these benchmarks are adequate for providing an overview of the
platform operation through high-level heterogeneous applications. Nevertheless,
we believe it is necessary to develop a benchmarking approach that provides a low-
level view of the operation of neuromorphic processes simulated or implemented
through hardware. This level of detail can be achieved through micro-benchmarking
implementations, already widely used to evaluate the performance of the Message
Passing Interface (MPI) standard [372, 373] and to measure the efficiency of different
architectures, including GPUs [374], clusters [375], memories [362] and applications
in cloud environments [376]. Micro-benchmarking has also been adopted for the
performance analysis of the SpiNNaker neuromorphic architecture [377, 378].

In this study, we present an activity currently under development: the Lava
Micro-Benchmarking Suite (MBS), consisting of a set of tests designed to evaluate
the performance of Lava and the Loihi 2 chip. The proposed suite is provided as an
extension of the Lava framework and offers a configurable set of tests.
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The experiments conducted can be divided into two main types:

• tests aimed at measuring the communication performance of Lava processes
running on traditional hardware such as host CPU and embedded CPU on
Loihi 2;

• tests aimed at evaluating communication performance and hardware utilisation
in the distribution of neural networks within Loihi 2 Neuron Cores (NCs).

It is expected that the results and information obtained from running the suite
will contribute significantly to improving both the algorithmic and systemic levels in
the field of neuromorphic computing.

Through the Lava MBS, we offer a set of elementary micro-operations that form
the building blocks for more complex tasks. The adoption of these micro-operations
allows Intel neuromorphic ecosystem to be characterised at different levels, providing
information on:

• Lava as a message passing framework;

• Lava compilation process for mapping networks on Loihi 2 chips;

• Loihi 2 hardware architecture, with particular attention to communication
mechanisms between NCs;

• hardware backends used during the execution of Lava processes;

• network interconnection between different hardware backends.

Micro-benchmarking activity is an ideal complement to the high-level benchmark-
ing suggested in [240, 370, 379, 371, 324, 327]. This is because, while high-level
benchmarking allows to identify situations in which a task or algorithm does not
achieve the expected performance on a given system, it does not always provide
precise indications on the specific aspect of the architecture that needs optimisation.
The results obtained from running micro-benchmarks have the capacity to fill this
gap by providing detailed metrics on the behaviour of individual system elements.
For instance, the latency in spike transmission as a function of the amount neurons.



5.1 Micro-benchmarking on Lava-Loihi neuromorphic ecosystem 121

Neuromorphic computing inherently involves sparse, asynchronous communi-
cation between elementary units designed to implement neurobiologically inspired
functionalities. The resulting improvement in energy-delay product achieved through
the use of dedicated hardware highlights the importance of evaluating communication
performance within the system [240]. In particular, in real-time on-edge application
scenarios, it is essential to analyse the exchange of information between nodes in
order to estimate - and where possible reduce - latency in local communications. An
effective approach to achieving this goal is to exploit elementary micro-operations
in order to measure the fundamental contributions that contribute to higher-level
activities related to data transmission.

Although Lava is not directly based on MPI and integrates specific features
for neuromorphic execution that adopts message passing mechanisms via channels
between asynchronous processes based on the communicating sequential processes
model, the concepts derived from MPI benchmarking are still useful for evaluating
the communication performance between processes that share data via message
exchange and micro-benchmarking implementations [85]. In particular, the Intel
MPI Benchmarks (IMB) [372] and the Ohio State University Micro-Benchmarks
(OSU-MB) [373] are taken as references.

To characterise the Loihi 2 hardware, we use the profiling tools available within
the Lava framework, which allow to obtain various execution metrics, including the
duration of each synchronisation phase at each timestep. In this analysis, we focus
in particular on the hardware utilisation ratio during the deployment of SNNs and
the duration of the spiking phase by testing different sizes and topologies.

Lava neuromorphic ecosystem

Lava is an open-source framework developed in Python by Intel, designed for the cre-
ation and deployment of neuromorphic applications on heterogeneous architectures.
The main features of Lava that are relevant to the MBS are presented below.

Processes and models In Lava, Processes represent abstract entities that define
their interface exclusively in terms of communication Ports and internal variables.
The concrete implementation of a process is provided through Process Models. A
single process can therefore be associated with multiple models, each characterised
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by specific properties and intended for different hardware backends. The framework
selects the most appropriate Model for each Process, based on the available hard-
ware configuration and the preferences set by the user. Processes can in turn be
interconnected to compose complex applications.

Types of models Since Lava supports different hardware backends, different types
of models are required. Currently, there are three main types: PyLoihiProcessModel,
for Python models running on host CPUs; CLoihiProcessModel, for models in the
C language running on the Lakemont (LMT) embedded processor integrated into
Loihi 2; NcModel, for models running directly on Loihi 2 NCs. Depending on the
type of scenario, the user must define the corresponding models for each hardware
backend they intend to support.

Compiler Since different backends require specific compilation procedures, in
order to execute Process Models, Lava is able to delegate this operation to external
libraries, so that they can be executed on the corresponding hardware backend. For
example, for Models written in the C language, compilation is performed using gcc,
while for models intended for execution on NCs, the NxCore library is used.

Processes interconnection The interconnection between Processes occurs through
Ports connections by means of Channels. An operational connection is guaranteed
even if the Processes are executed on different backends, provided that this type
of connection is supported. Currently, Lava allows the following connection types:
CPU-CPU, CPU-LMT, LMT-NC and NC-NC.

Types of communication Ports can be divided into two main categories, corre-
sponding to two different modes of communication:

• Point-to-Point using InPorts and OutPorts: the communication channel is
establish by connecting the output port of a process with the input port of the
receiver process. With this binding using the send() and recv() APIs the two
processes can exchange information via message-passing in a point-to-point
fashion;
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• One-sided using RefPorts and VarPorts: reference port is connected to the
variable port, this allow a process to directly access the internal variable of
another process, using the APIs read() and write(). However this commu-
nication is known as One-sided because only the accessor process is explicitly
involved.

Data representation The two modes of data transmission between Process can
be dense or sparse. In the dense case, the entire array is sent in its complete form,
thus including null elements. In the sparse representation, on the other hand, only
certain elements of the array that are not null are transmitted, thus reducing the
volume of data to be transferred. This second mode requires the management of
two separate arrays: the first containing the actual values; the second containing the
indices that specify their position within the original array.

Synchronization protocol In the Lava system, the communication between Pro-
cesses operating in parallel and communicating asynchronously via the exchange
of message tokens enables the identification of distinct Phases. The progression of
these phases is contingent upon the completion of all Processes operations within
each timestep, prior to the progression to the subsequent Phases. In particular, Lava
implements the LoihiProtocol, which adheres to the execution phases defined
by the Loihi 2 architecture. The main phase is called Spiking, in which the NCs
perform the calculation and verify the activation conditions for generating a spike.
This phase is mandatory, unlike the other optional phases of the protocol, namely:
Pre-management, Learning, Post-management and Host. For processes running
on a host CPUs, Lava also supports the AsyncProtocol protocol, which does not
require synchronisation phases. In this case, processes can operate at different speeds,
exchanging messages at any time, without time alignment constraints.

Loihi 2 architecture

The Loihi 2 chip consists of 128 fully asynchronous NCs and 6 embedded LTM x86
microprocessors, supporting up to 1 million neurons and 120 million synapses [368].
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NCs enable the implementation of spiking neuron groups and associated synaptic
connections, communicating with each other via a network-on-chip that uses data
exchange exclusively in the form of spike messages.

The microprocessor cores also enable spike-based communication and execute
standard C code, performing I/O interfacing, network configuration, management
and monitoring tasks. Compared to the first generation, Loihi 2 introduces new
features, including: the ability to implement custom neuron models using assembly
microcode instructions; support for the generation and transmission of graded spikes;
compatibility with three-factor learning rules.

Experimental setup

The Intel vLab server was used to run the tests. It acts as a host CPU and provides
access to neuromorphic boards, including the Oheo Gulch board, which is used
for experiments requiring a Loihi 2 backend. This board is equipped with a single
Loihi 2 chip, enabling characterisation and debugging operations. The software
infrastructure is based on Python (version 3.10.4) as the main language and the
open-source Lava library (version 0.6.0), available in the GitHub repository.

5.1.2 Micro-benchmarking suite architecture

The benchmarking suite was developed in Python, which offers established libraries
for data management, analysis and visualisation, examples of which include NumPy,
Pandas and Matplotlib. The development of micro-operations was conducted follow-
ing the official guidelines of the Lava framework, with the aim of making the suite
potentially integrable into the official repository of the framework. These guidelines
include: adoption of the PEP8 style, use of linting tools, systematic use of type hints,
use of docstrings in NumPy format, and creation of unit tests [85].

From a structural point of view, the MBS consists of two main modules: the
first is responsible for executing the tests selected by the user; the second is the
data analysis tool, which processes the results obtained and allows the generation of
graphs and visualisations according to the user needs.

Python natively supports object-oriented programming, a feature that is par-
ticularly advantageous for ensuring code modularity and extensibility. These are
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fundamental aspects in a benchmarking suite that must be easily expandable and
maintainable over time. The basic components are implemented as classes, which
can be extended to adapt to the specifics of each test using inheritance mechanisms.
Where possible, the same basic modules are reused in multiple tests, thus reducing
redundancy in the code.

To ensure statistically significant results, each test can be performed multiple
times, with the number of repetitions configurable by the user. For each test category,
a class called test maker has been defined, responsible for the automated execution
of the test according to the different combinations of parameters and iterations
required. This class collects all the measurements produced and organises them
using basic Python data structures such as lists and dictionaries, which can also
be saved to disk for further processing. The collected data is then passed to the
analysis and visualisation module, which converts it into a Pandas DataFrame for
easy manipulation.

Through the application of statistical methods, the measurements are processed
to extract summary information relevant to the production of interactive graphs,
which are used to generate an HTML report on the test results.

MPI-inspired tests

Table 5.1 summarizes the parameter configurations of the MPI-inspired tests. These
type of tests cover specific features of the Lava framework. Example of that are:

• data representation in Ports that can either be dense or sparse;

• synchronization protocol can be LoihiProtocol or AsyncProtocol. This
second is not supported by LMT processes, but it is only applicable for the
CPU-CPU connection;

• communication type point-to-point or one-sided.

Single transfer tests Single transfer tests are inspired by the IMB benchmarks [372]
single transfer and the OSU-MB benchmarks [373] point-to-point tests. They in-
volve the interaction of two active processes, called Player A and Player B, which
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Category Tests Parameters Connection Variants

Single
transfer

- PingPong
Message size

CPU-CPU(*)

CPU-LMT

Dense or
Sparse

Loihi or
Async(**)

P2P or
One-sided

- PingPing
Multiple
transfer

- Unidirectional Message size
No. of message- Bidirectional

Parallel
single

transfer

- Par. PingPong
Message size

No. of processes
- Par. PingPing
- Periodic chain
- Bidirectional
periodic chain

Parallel
multiple
transfer

- Parallel
unidirectional

Message size
No. of messages
No. of processes

Collective
transfer

- One to many Message size
No. of processes- Many to one

(*) Only one process can be configured to run on the LMT processor.
(**) The Asynchronous protocol is only supported for CPU-CPU communication.

Table 5.1 MPI implemented tests. The table is taken from [44].

communicate exclusively with each other through the exchange of elementary mes-
sages. In Process Lava messages are defined by the user, who has the option of
configuring the size of the array by specifying the number of 32-bit integers to be
sent, or supplying a list of sizes, in which case the test is executed iteratively for
each value indicated.

PingPong test In the PingPong test, the process Player A sends a single mes-
sage Ping to the process Player B. The latter, upon receiving the message, responds
by sending a return message Pong of the same size. The time measurement is per-
formed by Player A, calculating the interval between sending the Ping and receiving
the corresponding message Pong.

PingPing test In the PingPing test, the process Player A sends a single message
(Ping 1) to the process Player B, while the latter simultaneously sends a message
(Ping 2) to Player A. The time measurement is performed by Player A, considering
the interval between the sending of Ping 1 and the receiving of the message Ping 2
(Figure 5.1).
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Fig. 5.1 PingPing structure test. Reworking based on [44].

Multiple transfer tests The multiple transfer tests are inspired by the point-to-
point multiple transfer benchmarks of the OSU-MB suite [373]. In this scenario, two
active processes participate in the exchange of multiple information in which one or
both processes send multiple messages in sequence. In this type of test, the user can
define the size of the individual messages, and the message stack to be transmitted,
i.e. the number of consecutive messages sent in a single test run. To enable the test
to be executed with different configurations, the user may provide a list of integer
pairs, each specifying the size of the messages and the total number of messages to
be sent.

Unidirectional In the unidirectional test, the process Player A sends a sequence
of consecutive messages, all of the same size. The process Player B receives the
messages one after the other, sequentially. Once reception is complete, Player B
responds with a single return message, having the same size as the messages sent
by Player A. Time is measured by considering the interval between the sending of
the first message of the stack from Player A, and the reception of the reply message
Player B. This test makes it possible to estimate the sustained transmission rate
obtainable between two isolated processes (Figure 5.2).

Fig. 5.2 Unidirectional structure test. Reworking based on [44].
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Bidirectional In the bidirectional test, both Player A and Player B send a
sequence of consecutive messages, all of the same size. Each process receives the
messages sent by its counterpart and, once reception is complete, responds with a
single return message. The time is measured by Player A, considering the interval
between sending the first message in the stack and receiving the reply. This test
makes it possible to estimate the maximum aggregate bandwidth sustainable in the
exchange of data between two processes.

Parallel transfer tests The parallel transfer tests take inspiration from the parallel
transfer benchmarks of the IMB suite [372], combined with the multi-pair tests of the
OSU-MB suite [373]. In this case, more than two processes are active simultaneously,
performing data transfer operations in parallel.

Parallel PingPong, PingPing and Unidirectional tests Processes are divided
into two groups rank A and rank B. Each process belonging to rank A communicates
exclusively with its counterpart in rank B. The pairs of processes independently and
simultaneously perform the required test (PingPong, PingPing or Unidirectional).
Time is measured separately for each pair, allowing performance to be analysed both
individually and in global terms.

Periodic chain Processes are organised in a way to form a periodic commu-
nication chain. Each process sends a message exclusively to the first consecutive
neighbour and receives a message from the first preceding neighbour, realising a
clockwise circular transmission. Time is measured locally in each process, consider-
ing the interval between the instant of sending and the next reception (Figure 5.3).

Fig. 5.3 Periodic chain with three processes. Reworking based on [44].
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Bidirectional periodic chain In this case, the processes are arranged according
to the same circular structure as described for the periodic chain tests, but each
process simultaneously sends a message to both previous and consecutive first
neighbours, waiting to receive a response from both. Also in this scenario, time
measurement is conducted within each process, calculating the interval between
sending the first message and receiving the second.

Colletive transfer tests This category of tests exploits Lava ability to split or merge
communication channels to support one-to-many and many-to-one configurations.
The approach is inspired by the collective benchmarks defined in the IMB [372] and
OSU-MB suites [373].

One-to-many A single process, referred as Player A, sends a message to a
set of n recipient processes {Player B1, ..., PlayerBn}, Lava allows a single output
port to be connected to multiple input ports, thus ensuring automatic distribution.
Each receiving process responds in turn with a single message to Player A. Time is
quantified by Player A, considering the interval between sending the message and
receiving the last reply.

Many-to-one In this configuration, a set of n transmitting processes {Player A1,
..., Player An} send their messages to a single receiving process, named Player B.
The latter receives data via a single input port through which incoming messages are
combined by Lava using an element-by-element summing operation. Once the data
has been received and aggregated, Player B sends a reply to Player A1, which takes
care of the time measurement, calculating the interval between sending its message
and receiving the reply.

Loihi 2 tests

To estimate the performance of the Loihi 2 hardware, a series of specific tests were
designed, summarised in Table 5.2, using SNNs characterised by different topologies,
sizes and neuronal patterns as analysis tools, covering the use of both NCs and LMT
processors.
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Category Tests Parameters Connection Variants

NC SNNs
- Fully connected NC-NC

No. of layers
No. of neurons
Active neurons Hcoded LIF

Ucoded LIF
Ucoded SDN- Convolutional

NC-NC

No. of layers
No. of neurons

- One-to-one Kernel size

SNNs with LMT
LMT as spiker LMT-NC-NC No. of layers

No. of neurons Hcoded LIFLMT as receiver NC-NC-LMT
LMT as adapter CPU-LMT-NC

Table 5.2 Loihi 2 specific tests. The table is taken from [44].

The Lava framework provides a set of tools called Profilers, which allow the
collection of metrics related to the execution of a network configured and executed by
a supported backend, such as the Loihi 2 chip. Data collected includes execution time,
resource utilisation, memory utilisation, spiking activity and power consumption.
Measurements are performed directly by the Loihi 2 hardware, with negligible or no
overhead. Results are transmitted to the host PC via Lava, from which they can be
acquired and analysed by the MBS.

During the analysis, the focus was brought to the execution time metric. The
objective is to analyse how the calculation performed by processes and the spik-
ing activity influence the duration of a timestep via the synchronisation protocol
LoihiProtocol. By means of this protocol, execution is divided into sequential
phases and advancement to the next instant only occurs when all processes in the
network have completed the current phase. The duration of a timestep depends on
the time of the executed phases. In the case of SNNs, the most important phase is
the spiking phase, in which both neural processing and spike transmission take place.
The tests have been designed in a way that for each timestep it is easy to identify
which neurons have generated spikes.

The tests are conducted by defining SNNs such that the parameters associated
with them allow the generation of an equal number of timesteps containing spikes
and timesteps without spikes. From these measurements, the timesteps without
spikes are then evaluated using the average of the timesteps to assess the impact of
the computation performed by each node on the overall duration, while the timesteps
with spikes allow the communication performance between nodes to be analysed.
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SNNs running on Loihi 2 neuron cores In this first set of micro-benchmarking
on SNNs, configurations of networks exploiting only the Loihi 2 NCs were realised,
with the aim of probing the number of neurons per NC, the amount of memory
allocated to each NC, evaluating how the networks are mapped by the compiler
onto the hardware, and the execution time and resource consumption. The Loihi 2
platform provides a maximum number of neurons together with a maximum amount
of memory that can be allocated to each NC. To probe this limit in the benchmarks,
various network configurations were created by acting on the number of layers and
the number of neurons, testing networks with increasing size up to the limits imposed
by the architecture and observing which resource is saturated first. On the other
hand, resource consumption is tested by means of neurone models that modify the
execution time in each NC. Currently, Lava provides two implementations of the
LIF neuron: the first in hardware, called hard-coded; and the second via software
simulation, called micro-coded. A further model supported is the Sigma-Delta
Neuron (SDN) model via a micro-coded implementation. Running the same tests
with different models allows a direct comparison of performance in terms of time
efficiency and resource utilisation. The input with which the network is stimulated
is generated by a Lava process of type Spiker, configured to emit spikes at regular
intervals and executed on a single NC. The time interval between consecutive spikes
is chosen so that each pulse has time to propagate to the last layer before the next
one is generated. Synaptic weights and neuronal parameters are configured so that
a neuron produces only one spike in response to the received stimuli. This ensures
that the spikes generated by the Spiker process propagate neatly from one layer to
the next until they reach the last layer of the network.

Fully connected SNN In this topology, all layers that compose the network
contain the same number of neurons, both parameters being user-definable during
the configuration phase. Each neuron of a layer is connected to all neurons of the
next layer using a Lava Dense process. An example with LIF neurons is shown
in Figure 5.4. This configuration is designed to evaluate the performance of the
Loihi 2 hardware in scenarios characterised by a high density of connections between
neurons, in which the available synaptic memory tends to be exhausted before the
maximum capacity of allocable neurons in each NC. The suite also makes it possible
to reduce the percentage of active neurons in each layer, making it possible to analyse
the extent to which the level of spiking activity affects communication performance.
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Fig. 5.4 Fully connected network with 3 layers and 3 neurons per layer. Reworking based
on [44].

Convolutional SNN In this topology, the connection between layers is realised
by means of the Convolutional process, which allows connections to be defined by
means of a multidimensional matrix, called filter, which contains the weights used
during the convolutional operation. This configuration allows the user to analyse the
performance of convolutional connections as the network and filter sizes vary.

SNN One-to-One This test represents a special case of the convolutional
configuration, in which the filter adopted is a 1×1 matrix. The resulting topology,
illustrated in Figure 5.5, provides that the ith neuron of one layer is exclusively
connected to the ith neuron of the next layer. This significantly reduces the overall
number of connections, and consequently the amount of synaptic memory required
by each neuron. This configuration is useful for verifying the behaviour of the
platform in the event that the maximum allowed number of neurons is mapped onto
the individual NC.

Fig. 5.5 One-to-one network with 3 layers and 3 neurons per layer. Reworking based on [44].

SNN with LMT This category of tests is only aimed at evaluating the LMT
processor when integrated within an SNN, testing only the fully connected topology
consisting of only LIF neurons. Here, code execution on the LMT, communication
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between the LMT and NCs, and communication between the LMT and the host CPU
are analysed.

LMT as Spiker In this scenario, the LMT processor is configured via C
code to execute a Process that generates spikes at regular intervals, which are then
propagated to the rest of the network. The obtained performance is compared with
network executions performed exclusively on NCs, in order to verify whether the
communication between the first layer of neurons and the communication between
the LMT processor introduce potential bottlenecks.

LMT as Receiver In this configuration, the LMT is connected to the network
output and receives the spikes produced by the last layer. Since the processor does
not perform any processing on the received data, this test allows the impact of the
communication between the NCs and the LMT processor on the duration of the
spiking phase to be evaluated in isolation.

LMT as Bridge This test is designed to evaluate the spike transfer between
Python models running on the host CPU and NCs, using the LMT as an interface
element. The Lava processes PyToNxAdapter and NxToPyAdapter are used for this
purpose. The network is divided into two sections in which one part is executed
on the CPU by means of Python templates and the remainder on the core NCs of
Loihi 2, while LMT takes care of the translation and transfer of messages between
the two parts.

Time measurements

CPU-CPU For communication between CPU processes, Lava uses SharedMemory
objects provided by Python multiprocessing module. The measurement of trans-
mission times is carried out by means of the perf_counter_ns() function of the
time module of Python, which provides a high-resolution measurement in nanosec-
onds.

CPU-LMT Communication between the Python process running on the host CPU
and the C process running on the LMT processor is fully managed by Lava, provided
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the declared interfaces are compatible. Timing is measured using the same approach
as for the CPU-CPU tests, i.e. by the process or processes running on the host PC.

NC-NC and NC-LMT These two types of connections take place entirely within
the Loihi 2 hardware, so metrics are captured using the profiling tools provided by
Lava.

LMT-LMT Lava supports the execution of only one process running on the LMT
embedded processor. Consequently, it is not possible to perform single or multiple
transfer tests with both processes running on the LMT. This limitation of Lava
also affects MPI-inspired parallel and collective tests, as only one of the processes
involved can be executed on the LMT.

CPU-NC Lava does not allow direct communication between the host CPU and
the NCs of Loihi 2.

5.1.3 Experimental results

This represents the first micro-benchmarking effort designed specifically for the
Lava framework and Loihi 2 hardware, to the best of our knowledge. Although
the realisation is still in its infancy, progress has already been made in architectural
design and the realisation of a pivotal set of tools. The first implemented tests cover
the three available hardware backends: host CPU, embedded LMT processor and
NCs.

Execution examples

The MPI tests belonging to the PingPong PingPing and Unidirectional, conducted
using the host CPU and the LMT embedded processor of Loihi 2, are reported below.
No detailed analysis of the results is carried out, as this is beyond the scope of this
work: the interpretation of the data is left to the end user, depending on the specific
objectives and characteristics of the tests performed.
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Single transfer tests Figure 5.6 and Figure 5.7 show, respectively, the transmission
time as a function of message size for connections of type CPU-CPU and CPU-LMT.
The tests were performed with data sizes ranging from 1 to 2048 elements, repeating
each configuration 25 times. The results show no clear correlation between transmis-
sion time and message size. Instead, a clear difference between the two connection
types can be observed: the CPU-LMT communication is approximately three orders
of magnitude slower than its CPU-CPU counterpart.

Fig. 5.6 Transmission time for CPU-CPU single transfer tests as a function of the message
size. Reworking based on [44].

Fig. 5.7 Transmission time for CPU-LMT single transfer tests as a function of the message
size. Reworking based on [44].
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Unidirectional tests Figure 5.8 and Figure 5.9 illustrate the transmission time as
a function of the message size and the number of messages sent, respectively, for
the connections CPU-CPU and CPU-LMT. In both cases, the data size varies between
1 and 512 elements. For the CPU-CPU connection, the number of messages was
configured between 1 and 512, while for the CPU-LMT connection, this range was
limited by the Lava constraints that supports a maximum of 32 messages for this
type of communication. Each combination of size and number of messages was
executed 25 times. The results show a correlation between transmission time and
number of messages, with an exception in the case of the CPU-LMT connection
when 32 messages are used. Similarly to what was observed in the single-transfer
tests, the CPU-LMT communication in this scenario is also approximately three
orders of magnitude slower than the CPU-CPU communication.

Fig. 5.8 Transmission time for CPU-CPU unidirectional multiple transfer test as a function
of the message size, for several number of messages. Reworking based on [44].

5.1.4 Discussion

The suite is modular and extensible, allowing the addition of new tests or support
for additional hardware backends. Interaction with the suite is via high-level Python
APIs, which allow users to select the tests to be run and generate HTML reports
containing the collected data. Although the suite, in its current state, is fully func-
tional and executable for a set of already defined tests, as it is still a project in the
development phase, there is room for improvement.
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Fig. 5.9 Transmission time for CPU-LMT unidirectional multiple transfer test as a function
of the message size, for several number of messages. Reworking based on [44].

Further tests will have to be designed to extend the coverage of the functionalities
offered by Lava and the Loihi 2 hardware, including the use of hierarchical processes
in Lava, the use of virtual gates and transformations on the data, on-chip learning
with particular reference to Dense and LIF processes, and the adoption of customised
neurons described in microcode and multi-chip connectivity.

The report generation system can also be further improved, relating to the con-
figuration parameters of the tests performed. A planned extension consists of the
integration of more expressive types of graphs and additional statistical informa-
tion. Finally, we intend to increase the flexibility available to the user by allowing
customisation of the graphs to be generated via a dedicated configuration file.

We briefly present below two possible scenarios that show how the results
obtained from running the suite can be used.

Lava/NxCore developer

A developer in Lava or NxCore may be interested in study the behaviour of the
Lava framework and the NxCore compiler as the number of neurons and layers to
be mapped on the Loihi 2 hardware changes. By running SNN tests with different
parameter configurations, the developer can identify potential compiler criticalities,
e.g. in terms of sub-optimal memory or core utilisation.
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Lava user

A user of the Lava framework engaged in the development of an application requir-
ing real-time data processing may need to understand how the spike propagation
time varies according to the size of the network and the neuron model employed.
Performing SNN tests allows to determine, for each neuron model, the maximum
network size that still allows the time constraints required by the application to be
met.

5.2 Summary

The aim of this chapter is to explore neuromorphic hardware platforms and software
frameworks, addressing a key aspect of practical neuromorphic computing: system-
atic performance evaluation through benchmarking. Whilst preceding analyses have
examined neuromorphic systems from the perspectives of neural dynamics, manual
network design and data-driven machine learning applications, the present part will
focus on the underlying computational infrastructure that enables such approaches
to be implemented and evaluated under real-world conditions.

The present work addressed the paucity of specific micro-benchmarking tools
for neuromorphic systems by proposing a dedicated benchmarking suite for the Lava
framework and the Loihi 2 neuromorphic architecture. In contrast to application-level
benchmarks, which focus on end-to-end performance for specific tasks, the proposed
micro-benchmarks are designed to isolate and characterise individual system compo-
nents, such as message-passing mechanisms, compilation processes, and execution
backends. This detailed approach facilitates a more profound comprehension of the
manner in which architectural and software design decisions influence performance,
scalability, and efficiency.

By targeting multiple execution backends, including the host CPU, the embed-
ded CPU, and the Loihi 2 neuromorphic cores, the benchmarking effort provides a
comprehensive view of system behaviour across heterogeneous computational layers.
The results of the study highlight the strengths and limitations of the current neuro-
morphic ecosystem, offering concrete insights for developers and users of Lava and
Loihi 2. Moreover, the proposed benchmarking suite modular and extensible nature
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establishes a framework for future expansion, thereby facilitating the evaluation of
additional functionalities and emerging neuromorphic features.

The capacity to interpret neuronal dynamics, design effective spiking networks,
and implement learning-based neuromorphic pipelines is contingent on a comprehen-
sive understanding of the hardware and software platforms on which these systems
operate. In this sense, benchmarking serves not only as a measurement tool but
also as a methodological bridge between theory, algorithm design, and practical
implementation. The insights gained through this exploration contribute to a more
informed and systematic approach to neuromorphic systems design, supporting the
maturation of neuromorphic computing from experimental prototypes to robust and
scalable computational platforms.



Chapter 6

Conclusions

The research presented is part of an analysis of the neuromorphic computing
paradigm, which represents a discontinuity with respect to the traditional computing
model proposed by von Neumann, that has guided the development of processing
systems for over seventy years. Unlike the classical approach, characterised by a
clear separation between memory and processing and a sequential execution model,
neuromorphic computing is inspired by the functioning of the human brain, propos-
ing a distributed, asynchronous and event-driven architecture capable of combining
energy efficiency, massive parallelism and intrinsic robustness.

The primary goal of the research activity has been to investigate the potential of
this emerging paradigm through the design and development of applications capable
of highlighting the strengths and challenges of neuromorphic computing. The study
was conducted on several complementary levels, ranging from the theoretical analysis
of neural models and their dynamical properties to experimental validation on latest-
generation neuromorphic hardware platforms. The research activity included: low-
level study of the behaviour of individual spiking neurons and network dynamics,
addressed through mathematical and simulation tools; the design of applications
aimed at solving optimisation problems; classification and benchmarking.

This multi-level approach has not only allowed us to deepen our understand-
ing of the theoretical foundations of neuromorphic computing, but also to test its
effectiveness in practice, comparing it with traditional models in terms of both per-
formance and energy efficiency. In particular, the objective was twofold: on the one
hand, to demonstrate the validity and effectiveness of neuromorphic architectures
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in addressing complex problems in different application domains and, on the other,
to contribute to the definition of design methodologies that can make such systems
more accessible and transferable to real-world scenarios.

This cross-cutting perspective has made it possible to explore a wide range
of application fields, ranging from embedded machine learning for edge and IoT
devices to solving combinatorial and complex optimisation problems. The focus has
been on identifying contexts where neuromorphic computing not only represents a
computational alternative, but can also be a truly competitive and sustainable solution
compared to conventional architectures, both in terms of efficiency and scalability.

The areas analysed cover different levels of the neuromorphic paradigm, demon-
strating not only the versatility but also the concrete potential of these technologies
in addressing problems of a heterogeneous nature. In the domain of combinatorial
optimisation, approaches based on manual SNN design have been developed and
tested, capable of effectively addressing complex problems such as MAX-CUT
and the validation of instances of the Latin Square Problem. These solutions have
highlighted how mechanisms inspired by SA, attractor dynamics and constraint
satisfaction principles can be translated into forms of distributed neural dynamics,
maintaining the robustness and efficiency typical of neuromorphic systems. This
result highlights the possibility of using SNNs not only as biologically plausible
models, but also as actual computational tools for solving NP-hard problems, open-
ing up interesting prospects from both a methodological and an applicative point of
view.

In the field of classification, addressed through machine learning approaches
oriented towards the neuromorphic paradigm, attention has focused on applications
such as HAR and audio signal processing. In this context, neuromorphic pipelines
have been designed and analysed, including pre-processing stages inspired by bio-
logical models such as cochlear filter banks, the transformation of signals into spike
trains through different encoding strategies, and the use of sCNNs for classification.
The systematic comparison of different spike encoding techniques and network con-
figurations has highlighted their respective strengths and limitations, thus providing
a useful methodological framework to guide the choice of the most suitable pipeline
depending on the application domain and the nature of the input data. The results
obtained demonstrate how SNNs can provide an advantageous compromise between
prediction accuracy, energy efficiency, and scalability on edge devices, showing the
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concrete possibility of using neuromorphic computing in real-world scenarios of
distributed artificial intelligence and IoT.

Finally, in terms of low-level analysis, an in-depth investigation was conducted on
spiking neuron models and their dynamics, with particular attention to the methods
of representation and interpretation of neuro-computational features. To this end, the
NePhaM tool was introduced and applied, offering an intuitive yet rigorous visualisa-
tion of the dynamic transitions of neural models as parameters vary. This approach
not only improves understanding of the internal mechanisms of spiking models, but
also more effectively supports the design and prototyping of neuromorphic networks
for specific applications, acting as a bridge between theoretical analysis and practical
implementation. At the same time, extensive micro-benchmarking was carried out
on next-generation hardware platforms and software frameworks, such as Loihi 2
and Lava, aimed at systematically measuring performance at different computational
levels (host CPU, embedded CPU and neural cores). This dual approach has made
it possible to highlight both architectural and software strengths and weaknesses,
contributing on the one hand to a more solid understanding of the real capabilities of
neuromorphic technology, and on the other to outlining more clearly the challenges
still facing its large-scale deployment.

Although the results obtained represent only a first step in a field of research that
is still young and rapidly evolving, they constitute a set of concrete contributions of
functioning applications, capable of demonstrating not only the technical feasibility
but also the potential practical effectiveness of the neuromorphic paradigm. The
experiments conducted have made it possible to validate both manual and data-driven
design methodologies, explore real application scenarios, and analyse behaviour
at the architectural and model level in depth. These results testify to the growing
maturity of these technologies and confirm their relevance as an alternative to tradi-
tional architectures, paving the way for their use in contexts where energy efficiency,
massive parallelism, and distributed robustness are fundamental requirements.

The activities carried out have made it possible to explore the neuromorphic
paradigm in various forms, demonstrating how this approach can provide efficient
and versatile solutions to heterogeneous problems, such as in the field of optimisation,
classification and low-level analysis. The developments presented certainly do not
exhaust the possibilities offered by neuromorphics, but they provide a clear picture
of the progress made and the potential still to be explored. Looking ahead, a
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natural extension is to strengthen the link between theoretical models and practical
applications, with the aim of translating the tools and frameworks available today
into operational solutions in real contexts, with a particular focus on scenarios
characterised by time and resource constraints, typical of edge computing. The
extension of benchmarks to industrial use cases, the exploration of more sophisticated
coding techniques and the scalability of architectures to multi-chip systems are just
some of the promising directions. In this perspective, the research presented here can
be seen as part of a broader process that aimed at bringing neuromorphic computing
from the laboratory to the world of applications, thus helping to consolidate its role
as a new-generation computational paradigm.
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