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Abstract

Deploying Deep Learning (DL) models on low-power Microcontroller
Unit (MCU) devices presents significant challenges due to limited
computational resources and storage constraints. This thesis explores
novel methods for optimising DL models for edge-based tiny Ma-
chine Learning (tinyML) applications, with a focus on Human Activ-
ity Recognition (HAR) and stress detection. A multi-model system
was implemented on an Arduino Nano 33 BLE Sense, where a HAR
model provided contextual information to improve stress detection.
The HAR model achieved 98% accuracy in distinguishing between ex-
ercise and no exercise, while the stress detection model reached 88%
accuracy. Quantisation techniques were employed to reduce memory

requirements, allowing both models to fit within 1.3MB of storage.

To further optimise deployment, this thesis introduces the tiny Incep-
tion Module (tIM), a DL layer-sharing approach designed for tinyML
systems. The tIM enables pre-existing network layers to be repur-
posed across models, reducing redundancy while maintaining accu-
racy. A case study using a tIM demonstrated a 28.3% storage saving
compared to the initial multi-model system and a 47.8% reduction
when compared to non-layer-sharing approaches, with only a 4% ac-

curacy sacrifice to the stress model.

Additionally, Echo State Networks (ESNs) were investigated as an al-
ternative to traditional DL approaches due to their low training cost.
However, ESNs have historically been unsuitable for applications
due to their high computational complexity. This thesis presents a
novel Multi-Task Learning (MTL)-based ESN approach that shares

a single reservoir across multiple datasets, including chaotic systems,



time-series, and image classification tasks. The shared ESN reser-
voir achieved competitive performance with state-of-the-art literature
while significantly reducing Floating Point Operations (FLOPs) and
storage requirements. In a system classifying ten different tasks, the
MTL-based ESN implementation required fewer FLOPs than a sin-
gle convolutional layer used for MNIST classification, while achieving
superior efficiency compared to MobileNetV2 and MCU-Net.

Overall, this PhD research demonstrates that both tIM and shared
ESN reservoirs offer practical solutions for deploying multiple DL
tasks on low-power resource-constrained devices. The proposed meth-
ods enable more efficient model deployment, reducing storage and
computation costs while maintaining high inference performance, mak-

ing them promising candidates for future and tinyML applications.
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Chapter 1
Introduction

Due to the COVID-19 pandemic, the world was forced to embrace the cloud com-
puting paradigm. The cloud computing paradigm has aided human-computer
interaction by increasing the accessibility of computational resources, user files,
and the breadth of applications. However, cloud data centres powering cloud
computing systems are expensive both in hardware and in power consumption,
with the power consumption of data centres predicted to increase from 200 TWh
in 2016 to 2967 TWh in 2030 [2]. Furthermore, in 2023 the amount of electric-
ity consumed by data centres in Ireland was more than that consumed by all
urban dwellings combined [3]. Such energy consumption has an environmental
and economic impact. For example, Google currently owns and operates data
centres in 26 locations with 7 additional locations in development, totalling 33
locations [4], which in 2021 cost Google billions of dollars in investments alone [5].
Governments are also interested in having state owned data centres with the UK
government classifying data centres as critical national infrastructure [6]. Reduc-
ing reliance on cloud-based systems will lessen the dependence on data centres,
thereby lessening their significant environmental and economic impact. To reduce
reliance on cloud data centres, a paradigm shift is required. The edge computing
paradigm enables the processing of data close to the data source. Thus, the edge
computing paradigm can alleviate the burden of processing on cloud data centres.
However, edge devices tend to be resource-constrained, limiting the execution of
complex Artificial Intelligence (Al) models.

AT algorithms, particularly gradient-based learning and Deep Learning (DL)
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approaches such as Deep Neural Networks (DNNs) and Convolutional Neural Net-
works (CNNs), are typically large and computationally intensive, requiring sub-
stantial resources for both training and inference. As a result, running Al models
traditionally requires powerful cloud-based infrastructure or high-performance
computing clusters. This reliance on centralised processing introduced challenges
related to latency, bandwidth constraints, and data privacy, particularly in appli-
cations that require real-time decision-making or operating in bandwidth-limited
environments.

Historically, edge-based hardware lacked computational capabilities to execute
complex AI models directly on-device. Instead, Al inference at the edge often
relied on edge servers or gateways to offload processing from resource-constrained
devices, thus reducing the computational burden on embedded systems. This
paradigm, known as edge AI [7], enabled certain AI functionalities closer to the
data source, but still involved communication overhead with intermediate devices.

However, recent advances in Microcontroller Unit (MCU) hardware and ef-
ficient AI model compression techniques have made it possible to execute Al
algorithms directly on low-power, resource-constrained embedded systems. This
emerging field, known as tiny Machine Learning (tinyML) [8], represents a sig-
nificant shift towards on-device Al processing, where inference can be performed
locally with minimal energy consumption. tinyML enables Al-driven applications
to function with greater privacy and lower latency, as sensitive data no longer
need to be transmitted to external servers for processing. These advancements
open new possibilities for real-time Al in wearables, Internet of Things (IoT) de-
vices, and autonomous embedded systems, where energy efficiency and privacy
are essential.

Leveraging the advances in edge hardware based on Al, this thesis develops a
clear use case to host multiple DL models on a resource-constrained MCU device.
Subsequently, software optimisations are developed to run several AI models more
effectively than before. The following section highlights the research gap. The
rest of this chapter will outline the main research aim and research questions,

followed by the research contributions, and thesis outline.
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1.1 Research Gap

As hardware capabilities increase, software is able to accommodate more com-
plex algorithms, such as Fourier Transform (FT), and models such as DNNs. By
hosting more models, the device can become multi-purpose; for example, data col-
lected from inertial sensors can be processed directly by a smartphone to detect
if a user has fallen [9] while also performing biometric recognition [10]. Although
these models do not run simultaneously, they contribute to the functionality and
security of the device, respectively. As smartphones gain more computational
resources, the practicality of deploying such models becomes simpler. However,
when confronted with smaller wearable devices or resource-constrained low-power
(5V) MCU devices, there is little practical deployment or specific optimisations.
A smartphone has gigabytes of RAM and a processor capable of processing gi-
gahertz. In contrast, MCU devices have around one megabyte of SRAM and
an MCU capable of processing megahertz. These differences require different
software optimisation strategies, as resources are scarce. Although tinyML opti-
misations exist [8], they often fail to consider multiple models on the same device,
as it can be challenging enough to deploy a single model to a low-power device.

Software optimisations for resource-constrained low-power MCU devices can
lack replicability due to the specific nature of the target device or dataset. Such
devices cannot host an operating system, which can make designing algorithms
or optimisations difficult to generalise for many devices. Nonetheless, advanc-
ing software strategies in this space has the potential to impact a wide range
of domains, including industrial condition monitoring, environmental sensing,
precision agriculture, and, notably, smart health. These sectors share a growing
reliance on intelligent edge devices that operate independently of the cloud, where
latency, bandwidth, and privacy are critical concerns.

Within this landscape, smart health emerges as a particularly compelling
and high-impact domain [11]. Additional research within tinyML and increasing
model capabilities through software optimisations could mean improved health-
care systems. While current systems may exist, most are not intelligent at the
point of data collection, which is a key consideration for private health data [12].

Furthermore, with the improvement and deployment of several ML models, it is



1. Introduction

possible to gain ubiquitous early prevention technologies through wearable de-
vices. The following section will outline the research aim and three research

questions aiming to contribute to the aforementioned research gap.

1.2 Research Aim

Now that the research gap has been identified, a research aim and research ques-
tions can be posed. Therefore, this thesis is structured into a single overarching
research aim and three related research questions. The research questions are
answered by each of the key contribution chapters in this thesis, namely Chap-
ters 3, 4, and 5.

Research Aim
To effectively share information between several Deep Learning models to
minimise the number of parameters required to perform multiple tasks in-

dependently on low-power Microcontroller Unit devices.

Research Questions

RQ 1. How can multiple Deep Learning models be integrated to enhance
on-device inference capabilities for multimodal sensor inputs on a

wearable Microcontroller Unit device?

RQ 2. How can multiple Deep Learning models effectively share information

to enable multi-model tiny Machine Learning applications?

RQ 3. How efficient are sparse shared reservoirs in handling multiple tasks,
particularly compared to Deep Neural Networks and Convolutional
Neural Networks?

To answer these research questions, multiple models are initially deployed to a
single device, before then building on this idea. A new layer sharing architecture
is proposed that alleviates some of the drawbacks of deploying multiple models

to a single resource-constrained MCU device. Finally, a new method based on
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reservoir computing to share information is postulated for deployment to these

same constrained systems.

1.3 Research Contribution

This thesis can be organised into three key contributions that enhance the field of
tinyML optimisation for the deployment of multiple models. These contributions

can be seen in more detail below.

Contribution 1: Enabling Multimodal Multi- Model Context-
Aware tinyML Algorithms for Low-Power Hardware

Two DL models have been constructed for the purpose of deployment onto a
single MCU device. The Human Activity Recognition (HAR) model provides
contextual information on whether the stress model should run inference. The
novel combination of these two models provides contextual information in real
time to improve the accuracy of the second model. The context-aware multimodal
multi-model approach was subsequently deployed to a resource-constrained Ar-
duino Nano 33 BLE Sense!. Deployment is often missing from literature and has
significant practical challenges, such as library and sensor compatibility, which

have been addressed.

Contribution 2: A Novel Layer Sharing Architecture for
Multi- Model tinyML Deployment

The novel tiny Inception Module (tIM) was introduced for the sharing of network
layers between DL models. Using a new transformation adapter layer to enable
the repurposing of layers for additional tasks, while also allowing models of dif-
fering architectures to become entangled. The result yields several models with
a subset of shared layers between them. To demonstrate the effectiveness of the

tIM, a case study on stress recognition and HAR was carried out drawing a direct

! Available online, https://docs.arduino.cc/resources/datasheets/
ABX00031-datasheet.pdf, last accessed 03/03/2025
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comparison with the previous chapter. Results showed that, although the HAR
model size increased, the whole system had a significant reduction in model size

while maintaining accuracies comparable to the literature.

Contribution 3: Evaluating Echo State Network Reservoir

Sharing for tinyML Applications

A novel Multi-Task Learning (MTL)-based Echo State Network (ESN) reservoir
sharing approach was proposed. Under the MTL-based ESN approach, several
tasks reuse the same reservoir but have task-specific input matrices and readout
layers. The proposed MTL-based ESN was evaluated on 10 datasets covering
chaotic systems, time series, and image data. A single hyperparameter configu-
ration was applied across all datasets, varying the number of neurons, spectral
radius, sparsity, and initialisation method. Results showed that when a single
reservoir is shared, most models still learn appropriate representations of the
propagated input, and in several cases, competitive accuracies. Complexity anal-
yses of the MTL-based ESN, a dense layer and a convolutional layer, have been
outlined. These analyses were compared to the results of the tested datasets.
Results showed that fewer parameters are needed for all 10 datasets compared
to popular lightweight DL models for classifying a single task. In addition, fewer
Floating Point Operations (FLOPs) are needed for inference in the entire MTL-
based ESN system compared to comparative CNN and DNN architectures.

1.4 Thesis Outline

This thesis is organised into the following chapters:

Chapter 2 provides a literature review exploring tinyML, its constraints and
applications (particularly using context), as well as model reduction techniques,
MTL and ESNs. Chapter 2 then identifies the research challenges and opportu-
nities associated with the aforementioned research topics.

Chapter 3 used a classification model to provide HAR context to a second
stress recognition model on the edge using an Arduino Nano 33 BLE Sense, a

low-power and low-cost MCU device.
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Chapter 4 introduces the tIM, a DL layer sharing approach specifically de-
signed for tinyML systems. The novel transformation adapter layer allows pre-
existing network components to be stitched into another model for training. The
tIM is then evaluated similarly to the previous chapter by using a case study of
HAR and stress detection.

Chapter 5 proposes a novel MTL-based ESN reservoir sharing approach for
Edge Intelligence (EI) and tinyML systems. The proposed approach is based on a
shared reservoir architecture, which can be used to classify multiple datasets. The
approach has been evaluated using a set of benchmarking datasets and real-world
data.

Chapter 6 concludes the work presented in this thesis by evaluating the re-
search questions and the main research aim, then subsequently providing poten-

tial future research directions.

1.5 List of Publications

During my PhD studies, valuable feedback was gained in the form of peer reviews
that led to the publication of some work presented in this thesis. In particular,
part of Chapter 2 is based on an IEEE EDGE conference paper [13], Chapter 3 is
based on a journal paper published in IEEE Micro [1], and a journal article based

on Chapter 4 is under review. A list of these publications can be seen below.

o Michael Gibbs, Kieran Woodward, and Eiman Kanjo. Combining Multi-
ple tiny Machine Learning Models for Multimodal Context-Aware Stress
Recognition on Constrained Microcontrollers. IEEE Micro, 44(3):67-75, 5
2024. [1]

o Michael Gibbs and Eiman Kanjo. Realising the Power of Edge Intelligence:
Addressing the Challenges in Al and tinyML Applications for Edge Com-
puting. In Proceedings - IEEE International Conference on FEdge Comput-
ing, volume 2023-July, 2023. [13]

o Michael Gibbs, Kieran Woodward, Eiman Kanjo, Pedro Machado and Amir
Pourabdollah. tIM: A tiny Inception Module for Layer Sharing on Con-

strained Devices (under review).



Chapter 2

Literature Review

Chapter Overview

The previous chapter introduced the overall scope and objectives of this thesis.
This chapter provides the necessary background and literature review to contex-
tualise the research. It begins with fundamental concepts such as data, chaotic
systems, Artificial Intelligence (AT), Machine Learning (ML), and Deep Learning
(DL), then introduces tiny Machine Learning (tinyML). Next, the chapter exam-
ines key challenges associated with tinyML, such as computational and memory
constraints, and discusses various model reduction techniques designed to miti-
gate these limitations. It then explores advanced topics, including context-aware
solutions, Multi-Task Learning (MTL), and Multi-Domain Learning (MDL), high-
lighting their relevance to resource-efficient AI. This chapter also discusses real-
world applications of tinyML before introducing Echo State Networks (ESNs),
which play a central role in this thesis. Finally, challenges and opportunities
are discussed, identifying open research areas for advancements to improve Al

deployment on resource-constrained devices.
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2.1 An Introduction to Data

Data is key to analysing and understanding trends. Although data span a vast
cross section of research, it is important to understand the basis of what is to
come within this thesis. Data can come from several modalities, one of which
is time-series. Time-series data can help make informed decisions in a timely
manner and provide support to those who need it. Hence, time-series data is
sought after because of its direct applicability, particularly in smart health and
engineering. However, data can be invariant in time, such as spatial data. Spa-
tial data represents visual information captured by sensors and can be considered
time-invariant when the data points remain the same regardless of when they
are captured. As a result, the characteristics of the data do not change over
time, unless external factors alter them. However, spatial-temporal data process-
ing requires preserving both spatial and temporal components, which can make
it more complex and resource-intensive to collect and process than spatial and
temporal data. The challenges of handling such data are further compounded by
issues of data quality. Poor-quality data, if used for training models, can lead
to the phenomenon colloquially referred to as “garbage in garbage out” [14, 15],
where flawed inputs inevitably produce flawed outputs. To mitigate this, reduc-
ing human influence during data collection can help minimise errors and improve
overall data reliability. Although, this does not completely eliminate the error. In
addition, some modalities cannot be collected without the use of sensors. These
sensors can also vary in performance because higher quality sensors tend to be
more resistant to noise. For example, Human Activity Recognition (HAR) data
should frequently record movement data collected from an Inertial Measurement
Unit (IMU) sensor, at a frequency rate higher than that of human ability, that is,
several samples per second. Recognising different human activities, it is possible
to determine specific recommendations for habit modification over the long term,
or for immediate interventions, there could be the recommendation to stand after
prolonged inactivity is detected. Alternatively, detecting a fall could have mul-
tiple implications, which could potentially provide life-saving intervention faster
than cloud-based solutions. Particularly as falls disproportionately affect the el-

derly, with approximately 28-35% of people 65 years and older falling each year,
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and this number increases as people age [16]. Falls account for approximately
1.6 to 3.0 hospital admissions for people over 60 years of age per year per 10,000
people. These falls can be fatal, with 36.8 deaths per 100,000 falls in the United
States [16].

In addition to falls, stress is an emotion that can have a negative impact
on people’s lives. Although short-term stress (several minutes or hours) can
enhance immune responses by preparing the body for challenges, long-term stress
(several hours per day for weeks or months) is generally harmful, as it suppresses
immune function, can cause chronic inflammation, and increases susceptibility
to illnesses [17]. Therefore, knowing when and how long you have been stressed
could provide insight into treatment or prompt a change of routine.

DL is a powerful tool for leveraging the potential of time-series and im-
age data. With its ability to model complex patterns and relationships, DL
can enhance the accuracy of time-series analyses and image classifications [18].
Using large datasets, DL models are able to learn intricate features that tra-
ditional methods might overlook. In subsequent sections, the specifics of DL
are explored, demonstrating its transformative potential to improve predictions,
decision-making, and ultimately the quality of insights derived from diverse data

sources.

2.2 Chaotic Systems

Data can simulate complex systems of equations in real-world applications. Chaotic
systems, in particular, are among the most difficult to predict. This section will
introduce chaotic systems and the importance of being able to predict the next
step in a chaotic sequence. Chaotic systems themselves are highly sensitive to
initial conditions, where small differences in the starting point can lead to vastly
different outcomes. They are deterministic in nature, but appear random and
unpredictable. By predicting the next step in a chaotic sequence, one can gain
insight into how they may behave in advance. Weather forecasting is a well-
known example of a chaotic system with vast global implications. Although the
deployment of weather forecasting is unlikely on constrained systems, lighter-

weight chaotic systems such as the Mackey-Glass (MG) equation could be more
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easily deployed.
The MG equation is a chaotic system that can model biological processes such

as blood production and is as follows

dzx (t)
dt

x(t—T)
I+z(t—7)"

=0 — vz (t), (2.1)
where z (t) denotes the state variable at time ¢. 8 and v denote the production
and decay rate, respectively, 7 is the time delay and n is a parameter to control
nonlinearity within the denominator [19,20]. In the literature, it is common to
use the constants f = 0.2, v = 0.1, 7 = 23, and n = 10 as outlined in [21].
These parameters are often selected to model an attractor, a set of conditions
that converge towards a stable attractive state.

Alternative attractors, such as the Lorenz and Rossler attractors, represent
dynamical systems that are key benchmarks for evaluating the capacity of models
to capture and predict chaotic behaviours. These systems, characterised by their
non-linear dynamics, provide a foundation for comparative analysis of advanced
modelling techniques [22,23]. A detailed application of chaotic systems and their

role in modelling dynamical behaviour is presented later in Section 2.11.

2.3 Artificial Intelligence and Machine Learning

While chaotic systems and attractors offer insights into the modelling of dynam-
ical behaviours, advances in Al and ML have opened up novel ways of analysing
and leveraging such systems, particularly in areas like smart health [24,25] and
recommendation systems [26]. Although AT broadly refers to systems capable of
tasks that require human intelligence, ML is focused on algorithms that learn
patterns from data [27]. This thesis assumes that the distinction between these
terms is understood and leverages these technologies to address challenges in
modelling complex dynamical systems.

AT encapsulates the entire field of intelligent systems, where ML is an appli-
cation of AI. ML focuses on statistical methods to simulate intelligence based on
experience [27]. ML methods include statistical models such as decision trees,

k-nearest neighbours, and support vector machines. Thus, the term Al will be

11
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[:] Artificial Intelligence

|_| Machine Learning

E] Deep Learning

tiny Machine Learning

Figure 2.1: Diagram showing Al research and its applications as subsets with
tinyML being a subset of both ML and DL.

used more generally than ML but ML may also be used to cover a wide range of

more specific models, including DL, models.

2.4 Deep Learning

DL algorithms often consist of several layers of neurons, performing a series of
functions before filtering to the next layers and repeating [28]. By the last layer,
a decision is made, and/or an output is processed. Some of the first instances of
modern DL algorithms were used to classify the Modified National Institute of
Standards and Technology (MNIST) dataset, a set of handwritten digits [29,30],
where it outperformed the previously superior support vector machines [31]. Now,
DL is a vast area of Al with an expanding range of applications in areas such as
autonomous vehicles [32], speech recognition [33], and more.

A subsection of DL includes Deep Neural Networks (DNNs), which contain
several layers that feedforward to the next, with the final layer producing an
output. Most neural network architectures are derived from or at least similar
to the DNN, therefore, it is important to understand the underlying principles.
Such layers can be mathematically modelled by denoting each layer as some
function f, which the neural network is attempting to approximate, such that
y = f(x;0). Here, y denotes the true value, £ denotes the input value, and 8
denotes the optimal parameters for such a function approximation. In particular,
each layer attempts to mould the neural network to fit a particular pattern in
the data. Consequently, any new data input into the DNN should output the
correct output based on the generalisation of the DNN. For an n layered DNN|

12
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each function is recursive such that

f@)=(fnofu10...0fa0f1)(x), (2.2)

where o indicates the function composition operator, i.e. (fog)(x) = f(g(z)).
Suppose that the output of f; = z; such that the ith layer z;, takes the following
form

where function g denotes an activation function, W, and b; denote the matrix of
trainable weights and its biases for the ith layer. Furthermore, the zeroth layer
of the DNN is the input vector, i.e. 2y = & and the output of the final layer is
the predicted output label, i.e. z,, = g, an approximation of the true label y [34].
The activation function g can take various forms, with common examples
including Rectified Linear Unit (ReLU), leaky ReL.U, sigmoid, softmax, and tanh.
The optimal choice of activation function depends on the specific problem and
the role of the layer within the network. For example, softmax is often used in
the final dense layer for classification tasks, while the Long Short-Term Memory
(LSTM) module typically employs tanh and sigmoid activation functions [35].
These mathematical operations, along with the increasing size of 8, make DL
a computationally intensive task. Despite this, DL methods are among the most
widely deployed to the edge of networks [35-37]. DL methods can adapt well to
reliably classify objects or tasks while remaining flexible when adjusting model
size and parameters with minimal accuracy loss. Furthermore, DL encompasses
a wide variety of network architectures, making it well suited for a variety of edge

applications.

2.5 TinyML, its Aliases and Variations

Recently, tinyML has gained significant attention in the research community. In
this era of cloud innovation, key technologies are found in edge Al and tinyML.
But how did the field gain its name? What research led to tinyML becoming an
emerging field? This section answers these questions, while also providing the

foundational knowledge for the rest of this thesis.
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Cloud Layer

Fog Layer

Figure 2.2: Figure depicting three key computing paradigms, the edge, fog and
cloud computing paradigms. Processing is completed in the edge layer, hence
reducing the burden on the cloud layer. The fog layer can act as an intermediary
layer to aid in the processing from a semi-decentralised but likely static location.

The edge computing paradigm consists of devices processing part (or all) of a
task close to the end user, therefore reducing the reliance on cloud computing (see
Figure 2.2) [11]. Ultimately, the edge computing paradigm aims to decentralise
processing, leading to a more environmentally sustainable ecosystem [38]. Al-
though, processing data at the edge of the network has a few drawbacks, namely
hardware processing power, power consumption and processing latency among
others [13,39,40]. Research has therefore focused on migrating cloud-based pro-
grams onto edge servers through approaches such as fog computing [41,42], near-
edge computing [43,44], or directly onto edge devices. Edge devices are those close
to the data sources and can range from mobile phones [45], sensor systems [46]
or small computers such as a Raspberry Pi [47,48] or Nvidia Jetson Nano [49].

Where edge computing aims to process tasks close to the data sources, re-
searchers have found it beneficial to bring Al-related tasks to the edge [50]. Such
research has therefore coined the name edge Al [51,52]. Sometimes, edge Al can

be categorised into Edge for Al and Al for Edge for hardware and software so-
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lutions, respectively [52-54]. Primarily Edge for AI provides hardware solutions
whereas Al for Fdge focuses on on-board optimisations and making full use of
the edge’s decentralised capabilities [55]. The greatest value is gained in contin-
uous data collection applications, as the amount of processing and probability of
data intercept are reduced [56]. Edge Al, much like edge computing and Al, has
several limitations. These are commonly reported within the literature and are

the following;:
« Latency
« Power Consumption
e Resource Constraints

The above are derived from similar challenges between Al and edge computing.
Section 2.6 will go into detail on these challenges.

While edge Al is a common term for the joint subject area of Al and edge
computing, other terms such as Edge Intelligence (EI) [40,48,57-61] and tinyML
[62-66] are popular among the literature. However, each of these terms encom-
passes different aspects of Al and edge computing. EI is the combination of
hardware and software solutions to deploy Al to the edge. EI can be considered
synonymous to edge Al due to its focus on deployment. However, several names
have been given to this phenomenon. [67] surveys literature on EI and cites papers
entitled with edge Al such as [68]. Furthermore, the literature has also cited this
area as the Intelligent Edge [69] with a particular focus on facilitating edge device
capabilities. Whereas tinyML uses ML techniques to deploy onto “tiny” devices
such as Microcontroller Units (MCUs). Enabling such devices with complex Al
algorithms will mean faster decision-making without relying on other systems to
provide the heavy computations. The form factor of tinyML devices makes them
desirable as they can be deployed to a range of environments. While other names
exist, they tend to deviate from the low-power MCU deployment targets. For
example, [70] use Artificial Intelligence of Things (AloT), which focuses on the
application of Al to the Internet of Things (IoT). It is important to establish the

distinction between all the terms discussed, as the literature can be misleading if
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all these terms are combined as synonymous. Articles focusing on edge Al will
not necessarily focus on the same hardware as a paper on tinyML.

As the capabilities of tinyML hardware increase, software solutions must fol-
low leading to a wide range of applications. With appropriate software optimi-
sation, perhaps several applications could be deployed to a single MCU device,
making such a device multi-purpose. This thesis will provide insight into poten-
tial software optimisations for application of multiple models onto constrained
MCU devices.

2.6 Constraints of tinyML and Edge Intelligence

Smaller devices deployed on the edge yield significant benefits compared to the
use of cloud-based solutions. Edge devices have increased privacy as data is
processed on the device close to the data source. This is particularly relevant
for MCU devices, which typically lack the capacity to store sensitive information
beyond what is required for processing. Furthermore, due to edge systems’ form
factor and low reliance on cloud-based services, scaling up systems can become
simpler. For example, new edge devices can be added to the network without
requiring extensive upgrades to centralised infrastructure. This section focuses

on the commonly mentioned limitations within edge computing research, namely;

o Latency: The time delay (in milliseconds) between receiving input and
delivering the corresponding output, including computation and communi-

cation overhead.

o Power Consumption: The rate of energy usage required to perform tasks
such as data collection, inference, and decision-making, typically measured
in watts (W).

e Resource Constraints: The limitations of the host hardware, including pro-

cessing power, memory, storage, and energy capacity.
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2.6.1 Latency

Edge computing is capable of offering lower latency in most cases, as the compu-
tation is performed close to the data source [39]. Therefore, data do not travel
long distances, which negates the latency accrued through travel time. However,
there is the caveat of limited computational resources, limited storage, and net-
work limitations at the edge, but these can counteract the lack of travel time and
increased privacy that offloading data imposes.

In contrast, suppose that for a system running Al inference, the system latency

is divided into two, inference latency and network latency. Therefore,
System Latency = Inference Latency + Network Latency. (2.4)

For cloud computing, where inference is performed on computationally resource-
rich cloud servers, the inference latency may be very low; however, the network
latency may be relatively high by comparison because of high data volumes.
Compared to edge computing, where inference is on-device, the inference latency
may be much slower than that of cloud computing (seconds instead of millisec-
onds), but the network latency will be nullified as the data does not leave the
device. Therefore, the deployment to the edge could cause an unwanted increase
in computational latency while only negating a minimal initial network latency,
especially in well-connected areas.

Minimising latency is often a priority, but especially when there is a high risk
of harm, such as in the case of self-driving vehicles (internet of vehicles) [71].
Performing tasks consistently in real time often requires high memory usage;
although, memory itself is limited at the edge [40]. This implies that achieving
a system that can process data in real time, i.e. low latency, as well as having a

low memory footprint, can be very difficult.

2.6.2 Power Consumption

By moving the data processing close to the data source, access to the power grid
is unlikely [38]. Several ubiquitous edge technologies require battery power of

varying sizes and voltages, from mobile phones to wearables to self-driving cars.
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These devices thrive by conserving battery power wherever possible and operating
within their means. It is common for mobile phone/wearable manufacturers to
advertise and boast prolonged battery life, but this requires careful planning
and meticulous implementation. As such, battery life is very competitive in this
industry because of the competitive nature of the optimisation problem involved.
An edge device must maintain the balance between operating time and operating
cost (in power). With more computation and several peripherals embedded in
the system, the device will consequently consume more power. This is especially
true when discussing the intelligent edge due to the complexity of AI/ML models.
Therefore, when designing an edge Al system, the design must heavily consider
the hardware involved [72].

Power consumption is relative; that is, an ML model will consume power
per inference cycle, and the device will have an overall operating voltage. A
high voltage during inference will require careful consideration of the interference
frequency, as maintaining sufficient battery life is essential for task execution over

the intended duration.

2.6.3 Resource Constraints

Edge devices consist of small devices, such as MCU devices, to larger devices,
such as the Raspberry Pi 4 and Nvidia Jetson/Orin Nano. However, both are
resource-constrained in very different ways. The Raspberry Pi 4B hosts a Broad-
com BCM2711, Quad core Cortex-A72 which uses the ARM v8 architecture with
a 64-bit System-on-Chip clocking 1.5GHz [73]. However, most boards with micro-
controllers struggle to clock anywhere close to 1GHz, and host RAM typically in
the megabytes or kilobytes. For example, the low-power and resource-constrained
Arduino Nicla Sense ME and Arduino Nano 33 BLE Sense have 64KB and 256KB
of memory, with 512KB and 1MB of flash, respectively, both clocking at 64MHz.
For this reason, the keyword “tiny” is becoming increasingly popular in research
to distinguish these two groups of devices, hence tinyML [64, 74-76].

Edge devices and especially tiny edge devices, such as MCU devices, suffer
from very limited resources. Models that would normally have millions of train-

able parameters would need to be compressed down to the tens or hundreds of
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thousands of parameters. But even with model-optimisation techniques, may not

always be sufficient for deployment on extremely limited hardware.

2.7 Model Reduction Techniques

To maximise the performance of ML models for the purposes of constrained de-
vices, such models will require software optimisations. For edge Al and tinyML
applications, common areas of focus include quantisation and pruning, among
other methods. Ultimately, all of these are based on the success of the lottery
ticket hypothesis, which states that for any network, there exists a sub-network
(the “winning ticket”) that can reach comparable accuracy in a similar number of
iterations [77]. Therefore, effective optimisation techniques must be formulated
to find the “winning ticket”. Hence, this section will provide an introduction into
quantisation, pruning, and knowledge distillation in detail, as these are among

the most popular software optimisation techniques.

2.7.1 Quantisation

Quantisation is a key component in model optimisation. It allows data to occupy
less space, whilst incurring a reduction in accuracy as a caveat. Several methods
of quantisation exist with Post Training Quantisation (PTQ) [78] and Quanti-
sation Aware Training (QAT) [79] among the most popular. These methods are
performed after training and during training, respectively, and both yield different
benefits. PTQ has a direct impact on a model at the foundational level, since the
values are truncated during conversion. Whereas QAT applies the quantisation
step during training, which typically means the burden on model performance
is less. It is important to note that as the level of precision changes, so do the
minimum and maximum possible values as well as floating point accuracy (see
Table 2.1). [80] worked on an adaptation of PT(Q for use on vision transformers
using a bias correction tool to correct inaccuracies gained in the quantisation
process. [81] proposed a new process, AdaRound for intelligently rounding during
the PTQ process to reduce error. [82] developed a quantisation technique that

is capable of being hardware-aware, leveraging reinforcement learning to find the
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Table 2.1: Table demonstrating some of the limits of double precision (float6/),
single precision (float32), half precision (float16) and 8 bit integer (int8) preci-
sion. Decimal precision denotes the number of decimal places the datatype can
accurately place using log 2sinificand _bits+1 rounded down to an integer.

Exponent Slgm,ﬁ cand Maximum Value Dea'rr.lal

Bits Precision
float64 11 52 21023 5 (14 (1 —27°%)) =~ 103%8 15
float32 8 23 21 (14 (1 —27%)) ~ 3.4 x 10% 7
float16 5 10 2% % (14 (1 —2719)) = 65504 3
nt8 N/A N/A 128 0

best quantisation policy. [83] extended this by producing an algorithm capable
of computing optimal quantisation policies based on memory and computational
characteristics. They also use reinforcement learning similar to Neural Architec-
ture Search (NAS).

The impact on quantising to a datatype of less bits detriments model perfor-
mance the smaller the datatype chosen. Therefore, choosing the smallest quan-
tisation policy may not necessarily be the best action. For this reason, the naive
use of binary quantisation, otherwise known as Binary Neural Networks (BNNs),
will lead to imperfect results. When training BNNs, backpropagation is not ef-
fective because the derivative of discrete binary weights is zero, so most known
information would be lost [84]. Not only this, but also the methods of training
BNNs vary in an attempt to reduce the accuracy loss caused by binarisation.
However, authors such as [85] and [86] achieve 87.9% and 75.6% Top-5 accuracy,
respectively, on the ImageNet dataset. [86] draws upon several considerations,
such as an altered regularisation (instead of L2 regularisation), using a small
learning rate and using Parametric Rectified Linear Unit (PReLU) [87] (instead
of ReLU or LeakyReLU). Few Field Programmable Gate Array (FPGA)-based
BNNs exist demonstrating the potential of BNNs in the future [88,89].

2.7.2 Pruning

Pruning involves trimming elements of a DL model such that inference latency

and model size are reduced. The idea is based on the optimal brain damage
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problem [90, 91] (which is now known as weight pruning), but has since been
adapted. Weight pruning looks at trimming the weights of a DL model by set-
ting them to zero based on the least important weights. Determining the least
important weights is a heuristic that can be altered by the developer as it is
likely application-specific. Weight pruning is the earliest and simplest form of
pruning; however, new methods have been constructed to aid more intricate
pruning policies. More sophisticated methods look at the structure of the net-
work itself rather than making naive decisions on which areas to prune. This
is known as structural pruning. [92] focus on pruning filters within Convolu-
tional Neural Networks (CNNs) and gained a 30% reduction in Floating Point
Operations (FLOPs) when using VGGNet on the CIFAR10 dataset. They ac-
complished this by gradually pruning filters that have minimal impact on the
output using the ¢;—norm (||z|[y = > ¢ = 1"|z;|). However, [93] found that the
{3—norm <Hz|]2 = \/W) achieved comparable accuracy but with a 41% re-
duction in FLOPs. Although pruning does not always pertain to CNNs, as
weights can be pruned using more advanced techniques for deeper models [94-96].
In addition, deeper methods can be applied to shallower models. [97] developed a
method for MCU devices, which achieved a 93% parameter reduction compared
to a current tinyML benchmark suite [74,98].

2.7.3 Knowledge Distillation

Beyond quantisation and pruning, other methods such as knowledge distillation,
proposed by [99], have shown positive results. Knowledge distillation is the pro-
cess of using a larger teacher model to aid training a student model using soft
labels. Soft labels provide knowledge-rich representations to the student model,
which is typically a smaller architecture designed to capture the key features of
the teacher model [100]. In some cases, the student model can even outperform
the teacher. In [101], they achieve marginally higher accuracy on the smaller stu-
dent using one-shot and few-shot learning. [102] introduced similarity-preserving
knowledge distillation, which guides the student network to learn patterns of sim-
ilarity and dissimilarity from the teacher network’s activations using similarity

matrices. Instead of mimicking specific values, the student focuses on preserving
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Figure 2.3: Weight pruning of DNN weights.

pairwise relationships, allowing for significant model size reduction with mini-
mal accuracy loss. The authors demonstrate a 5x compression rate with only a
0.3% accuracy reduction when distilling a WideResNet-16-8 network (11M pa-
rameters) into a WideResNet-40-2 network (2.2M parameters) on the CIFAR10
dataset. [103] questioned whether larger models imply a better teacher model.
They found that as the teacher becomes sufficiently large, the student struggles
to fit. Therefore, they propose early-stopping knowledge distillation, as smaller

student models may not have the capacity to learn effectively.

2.8 Context-Aware Solutions for MCUs

Context and contextual recognition are important components of daily life. They
can help users understand intent, emotion, and aid one’s own personal inference
of a situation. Attention mechanisms are similar in concept to context, which has
bred a new wave of DL in transformer networks [104,105]. However, these models
carry a heavy processing burden and are currently not suitable for deployment
to MCU devices.
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Some attempts at contextual-based solutions have been explored in the litera-
ture, for example [106] explores the feasibility of creating a contextual algorithm
to switch between models depending on the season in aircrafts. This would re-
quire several models, which would be interchanged depending on the context
given. Furthermore, Gaballah et al. [107] classify stress in hospital workers using
contextual cues from speech and physiological features. Participant stress data
was collected from a hospital over a 10-week period in which participants self-
labelled stress on a five-point scale. They found that the addition of contextual
information increased the accuracy and the F1 score by a maximum of 11% and
13.5%, respectively. Rashid et al. [108] propose SELF-CARE, an approach ap-
plied to stress detection that uses selective fusion from accelerometer modalities
while also introducing a late fusion process using a Kalman filter. Both of these
fusion techniques accommodate their model, which is composed of several ran-
dom forest classifiers. They use four input streams including 3-axis accelerometer,
blood volume pulse, ElectroDermal Activity (EDA), and skin temperature. Their
research demonstrates that incorporating contextual information can significantly
improve the accuracy of classification models in a variety of applications.

It can be seen that much of the prior work pertains to stress recognition,
which could be due to the obvious tie context holds to stress recognition. A
review of contextual methods for stress detection has been conducted in [109]
that provides a comprehensive look at how contextual information can improve
stress detection performance using ML models. In all of the different studies, the
addition of contextual features consistently improved the accuracy of the model
compared to the baseline models, highlighting the importance of contextual data.
However, it can be difficult to obtain sound contextual information without the
use of another intelligent agent.

When inferring based on a single modality, the accuracy may be lower than
that of multiple modalities. For example, suppose that a classifier is tasked with
identifying mood based on audio information alone. Suppose that the user is
talking very fast and at an elevated noise level. From this description alone, the
mood could imply anger/frustration or excitement, two very different emotions.
To reduce these misconceptions, an additional modality, such as movement infor-

mation, could be introduced. Alternatively, another model could be constructed
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to transcribe audio from audio information as an additional modality. Although
no new information is provided, there is an additional model that will infer new
information, which could influence the final outcome. However, fusing features
for the optimal output is challenging.

Information fusion is challenging due to the heterogeneous nature of sensor
environments [110, 111]. Variations in environmental conditions can lead to un-
reliable inference, often forcing reliance on a single mode of input. In [112],
two older sensor fusion techniques are measured against attention-based fusion.
Attention-based sensor fusion takes a set of n feature vectors F' = [f1, fa, ..., fn]
and apply an attention value a to each feature vector according to its impor-
tance. They train another neural network to generate an estimate for a, which
they denote a, such that, when applied to F', a new attention-based set of feature

vectors, F', is obtained.

A~

F=F®a,  FeRr™, (2.5)

where ® denotes the element-wise multiplication operator, n, the number of fea-
ture vectors and m, the size of the individual feature vectors. Typically, there are
three types of attention mechanisms, soft/global attention [113,114], local/hard
attention [115], and self-attention [104,111,116]. Soft/Global attention takes the
entire system or set of states into account when calculating the attention, hence
the name global. Local/Hard attention looks at the current state the system
is in when estimating the attention parameter. Self-attention uses a collection
of points from a single sequence to calculate the representation of the entire se-
quence [104,116]. All of these attention mechanisms require a large number of
mathematical computations. However, some attention mechanisms seem to often
involve an array of Recurrent Neural Networks (RNNs), which on the edge would
be difficult to implement due to limited computational resources. However, it
may be possible to use two small networks, one for the attention estimation and
the other for inference on the given task. But, this still is a substantial challenge,
which may justify the fact that no such attempts exist within the literature at
this time.

Assigning attention to sensors will highlight which sensors need more focus
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when processing their inputs. To ensure that multimodal sensor fusion is the
correct approach to the problem, the input modalities should be correlated with
all sensor inputs. For example, affect can be more accurately identified using
both EDA and Heart Rate Variability (HRV) sensors, as both the EDA and HRV
sensors are correlated with affect [117].

There are several research articles pertaining to multimodal sensor input,
including some of the applications. For example, in [118], they fuse Electroen-
cephalogram (EEG) and resting state-functional Magnetic Resonance Images (rs-
fMRI) to localise epileptogenicity at the edge. However, the data is offloaded to
an edge server to handle preprocessing, which is necessary due to the amount
of resources required to prepare and fuse the information, such as using FWHM
= 4 and a fourth-order Butterworth bandpass filter; both are computationally
expensive in the context of processing on the resource-constrained edge device.
Often preprocessing is left out of the edge computation, leading to data offloading,
which goes against one of the main benefits of processing at the edge, i.e. pri-
vacy. However, if it were possible to reduce the model size without a statistically
significant impact on the performance metrics, it may be possible to employ more
preprocessing techniques. In general, incorporating contextual information into
a model could require a separate contextual model, but on resource-constrained

devices, hosting multiple models is a significant challenge.

2.9 Multi-Task Learning and Multi-Domain Learn-
ing

Multi-Task Learning (MTL) and Multi-Domain Learning (MDL) aim to develop
a model or a set of models that can effectively map multiple input domains
to multiple corresponding output tasks. MTL specifically targets the multiple
output tasks and MDL the input domains. MTL architectures are split into two
types, hard parameter sharing [119,120], and soft parameter sharing [121, 122].
Hard parameter sharing involves sharing the hidden layers between all tasks while
keeping several task-specific output layers. In contrast, soft parameter sharing

adds a constraint to encourage similarities among related parameters, allowing
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for more flexibility for the tasks.

Previously, Zhang et al. [123] proposed training a single neural network that
shares some layers between all tasks and has some task-specific output layers.
Therefore, they create a large model that encompasses all the different tasks in
one network architecture. Importantly, all tasks are executed simultaneously,
which somewhat limits the practical application. Although, MTL has also been
used for simple and complex HAR using wearable sensors [124], multiple language
translation [125], and multi-camera person re-identification [126]. As the model
is given more tasks, the network expands significantly, making it difficult to train
and use, particularly when considering devices with limited resources such as
MCU devices.

More recently, MTL has become more focused on optimisation and training.
For instance, the total loss function £ has been altered using combinations of
several individual loss functions {£1, Lo, ..., £,} from n tasks. By combining
the loss function, tasks can learn similar representations together while training.
These loss functions could even have an attention scalar value attached to each
individual loss function. Therefore, individual tasks will have a weighted priority
applied to the loss function [127,128]. However, some tasks are too different and
do not generalise well when paired. To overcome significantly different tasks not
learning well together, clustering methods have been used to group tasks [129,130]
such that smaller groups of related tasks are trained together. [129] developed a
Task Affinity Grouping framework to measure related tasks. Tasks with high
affinity are trained together (with a combined loss), and tasks with low affinity
are trained separately.

Research in MDL overlaps with both MTL and domain adaptation [131].
Domain adaptation alters data from one domain to another. Although, domain
adaptation comes before the training process to resolve the dataset imbalance.
MDL looks to learn several domain representations. For instance, filtering spam
works similarly for most users, but, from subject to body, each user will receive a
myriad of incoming emails. Therefore, instead of several models per user, a single
MDL model can be adapted to the needs of users [132].

MDL architectures vary; models can come in two main forms, multi-headed
and adapter-based (see Figure 2.4) [133]. [134] extended work from [135] for video
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Figure 2.4: Three types of MDL architectures where the gold denotes shared
parameters between different input domains. (a) A simple MTL hard parameter
sharing architecture where all input domains flow into domain-agnostic layers. (b)
An opposing architecture to (a) where each input domain extract domain-specific
features to solve a single task. (c¢) Adapter-based MDL where domain-agnostic
fixed parameters act as feature extractors across domains.

motion magnification. They used MDL to train lightweight models using both
frequency and spatial domains (at approximately 0.11M and 0.05M parameters
respectively). MDL has also been used for health monitoring systems [136], se-
curity algorithms [137] and recommendation algorithms [138]. Although MTL is
typically applied to computer vision-based tasks [139], it has also been applied to
healthcare imaging [140, 141]. For example, [142] use MTL to detect anatomical
landmarks within medical imaging data. They analyse three-dimensional brain
magnetic resonance and prostate computed tomography data and find that their
hard parameter sharing approach meant a lower margin of error compared to
other state-of-the-art algorithms.

In [143], they use MTL to simultaneously learn several representations to
classify surface defects. They implement three tasks; classification, segmentation,
and detection, all of which aid in identifying the aforementioned defects. Using
MTL, their model demonstrated improved noise resistance, reduced inference
latency, and increased accuracy compared to individual tasks. M'TL has been used
similarly to extract several features from the same input modality. Therefore,

each task is not completely different in what it is classifying, but is instead a
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separate task relating to the same input space [144].

MTL is limited in the number of tasks because the more tasks added, the
more likely the total loss will increase disproportionately. The increased loss
could be due to the shared information having to be more general between more
tasks, therefore reducing task specificity. Thus, grouping algorithms can be used
to sort several multi-tasking models into specified groups [145]. Overall, MTL
has the ability to reduce the number of parameters in an intelligent system while
maintaining performance. As a result of lower parameters, the memory footprint
could be reduced, resulting in reduced power consumption [146], which is often

very limited in MCU devices.

2.10 Real-World Applications of tinyML

Classification tasks independent of time take into account data at a single time
point, such as any image classification. As the image is taken at a particular
moment and classified, it is invariant to temporal dependency. For tinyML appli-
cations, image classification is popular but limited. Image classification tends to
be intensive, since convolutional layers require significant processing capabilities,
especially when grouped together. However, some methods have been optimised
specifically for use on MCU devices, such as Edge Impulse’s Faster Objects More
Objects (FOMO) [147] and TinyissimoYOLO [148]. FOMO has enabled applica-
tions similar to MobileNet and You Only Look Once (YOLO) while still compact
enough to effectively run inference on a microcontroller at 30 (on an Arduino
Nicla Vision). Inference is possible on an MCU device as centroids are used to
discretise the image into smaller squares. Whereas TinyissimoYOLO is inspired
by YOLOvV1, an earlier iteration of the model. [149] compared the two of these
models with the introduction of tiling, which repeatedly infers smaller subimages
to achieve a 91% F1 score from the 28% prior. With these models, more complex
tasks can be bought to the edge of the network. However, for newer methods
that either improve or challenge those prior, reliable datasets are required for
validation. For image classification datasets, MNIST and CIFAR10 are among
the most common. CIFAR10 requires a more complex model to capture the vast

differences between its ten classification tasks compared to MNIST. Some image-
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based tasks can depend on time, such as person detection algorithms [150]. Tasks
which rely on time, i.e. time-series data, are desirable at the edge of the network,
particularly when handling sensitive data. Such is typically the case in smart
healthcare applications.

As discussed in Section 2.1, falls attribute a significant risk to those over 65
years of age [16]. Providing patients with a small device to carry to detect falls will
mean a faster response from emergency services and, consequently, fewer deaths
as a result. Such a device would need to host an ML model that can perform
inference quickly with high accuracy and recall. [151] makes use of edge-based
technologies to develop a system (named Whoops) capable of calling emergency
services if the user is unresponsive after a detected fall. However, Whoops does
not use the computational resources on-device. [152] utilise the edge devices’
capabilities but still offloads some processing to an edge server, while [35] migrates
all the data collection and processing to on-device using an RNN.

Healthcare resources are often limited and therefore require careful allocation.
Some EI devices will be able to detect illnesses or attacks in patients before
they occur. For example, devices can be given to patients prone to strokes to
provide timely notification of an attack’s onset, thus mitigating damage to the
patient. [42] produced an algorithm capable of detecting falls in stroke patients,
as strokes have a high risk of morbidity. Although, the implementation used
in [42] used the fog computing paradigm. In addition, EI may help prioritise
certain cases over others. In general, the adoption of EI technologies could lead
to fewer hospital visits [153] and greater public physical health.

Beyond smart health, extensive research has shown the proficiency of sensor-
based configurations in classifying HAR. Wearable sensors attached to users are
commonly used for data collection; these sensors include accelerometers, gyro-
scopes, and magnetometers and are often embedded within smartphones and
smartwatches.

Sensor-based HAR is a time-series classification problem. DL enables high-
level feature representations to be automatically learned from raw data. Both
CNNs and LSTM networks have shown promise for HAR [154]. CNNs have been
widely used to learn spectral patterns of sensor signals, whereas LSTMs have

been used to capture temporal dependencies.
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HAR is a common application area when developing ML on low-power devices,
as a CNN-based feature learning approach has been developed for HAR [155]. In
their approach, they used IMU data from 20 healthy subjects to classify walking,
walking upstairs, walking downstairs, sedentary, and sleeping, achieving 96.4%
accuracy. Considerable computational speed-up was achieved using the proposed
approach compared to and Multi-Layer Perceptron (MLP). The model was de-
ployed onto a smartphone for use in the real-world. A one-dimensional CNN-
based method for HAR has also been developed [156]. Activity data was col-
lected using a smartphone IMU, including walking, running, and standing still.
Acceleration data were converted to vector magnitude data and used as input to
the one-dimensional CNN achieving an accuracy of 92.71%.

Approaches have been developed to improve classification on constrained
MCU devices. Optimisation techniques, such as pruning and quantisation, have
enabled the size of the model to be reduced by 10 times without severely impact-
ing model accuracy [157]. However, [158] have shown the possibility of classifying
human activities on the edge using a low-power MCU device using quantisation.
A one-dimensional CNN was used to develop a classification model to infer three
activities (running, falling, and normal state). The model was deployed on an
Arduino Nano 33 BLE Sense and achieved 97% accuracy with quantisation re-
ducing the model size by 53%. Similarly, a CNN has been used to classify five
specific movements in bed (agitation, idle, in bed, out of bed, and bed movement)
for the elderly [76]. The model was deployed to an nRF52 development board
achieving 88.96% accuracy. However, the data used in this study were collected
from only one person, creating bias.

While edge computing includes powerful devices such as smartphones, the
use of low-power MCU devices shows greater potential due to the ability to add
external sensors such as for physiological monitoring. Furthermore, although
HAR research has made extensive use of smartphones for on-device processing,
it is not feasible to use a smartphone for the processing of external sensors, such
as physiological sensors required for stress detection.

Non-invasive physiological sensors such as EDA and Heart Rate (HR) present
a significant opportunity to assess stress in the real-world due to their direct

correlation with the sympathetic nervous system. EDA and HR have been shown
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to detect poor mental wellbeing, such as stress, using a one-dimensional CNN
with 92.3% accuracy, outperforming comparative models such as LSTM [117].
Similarly, EDA and HRV were used in a wearable device to measure stress during
driving [159]. The wearable device took measurements over a 5-minute period
to detect stress levels with an accuracy of 97.4% and found that HRV and EDA
are highly valuable. EDA and HR signals have also been used to infer stressed
and relaxed states using k Nearest Neighbour (k-NN) and Fisher discriminant
analysis, achieving 95% accuracy stating that 5-10 second intervals are suitable
for real-time stress detection [160].

While traditional ML methods like k-NNs and DL achieve accurate stress de-
tection, RNNs can model complex temporal dependencies in physiological signals.
ESNs, a lightweight yet powerful subclass of RNNs, provide an efficient way to

capture these temporal dynamics.

2.11 Echo State Networks: A Cognitive Approach

The Echo State Network (ESN), introduced by [161], is a subset of reservoir
computing, whereby a random reservoir of neurons governs the dynamics of a
system. ESNs are a form of RNN which propagate an input state into a higher
dimensional state to output into a readout layer. The state update equation for
an ESN [161,162] is as follows

2(t+1) = tanh(Wiu(t + 1) + Wz (1)), (2.6)

where z (t) € RY is the N-dimensional reservoir state, Wi, € RY*K denotes
the N x K input matrix, W € RY¥*¥ denotes N x N reservoir and u (t) € RE
denotes the K-dimensional input state. With the reservoir states obtained from
equation 2.6, they can be fed into a regression or classification model to produce
an output. Typically, the output, or readout layer takes the form of a ridge
regressor.

In reservoir computing and ESNs, the reservoir itself, once initialised, does
not require training. Only the final readout layer needs training, making ESNs

desirable in scenarios where training is to be minimised. Therefore, the initial-
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Figure 2.5: A typical ESN with the reservoir input vector Wy, feeding into the
sparsely connected reservoir W, which eventually yields an N-dimensional vector
output Wy. Typically Wy is a readout layer, such as a ridge regressor.

isation process should be carefully considered, especially to maintain the Fcho
State Property (ESP). The ESP is a composite condition that ensures that the
internal states of an ESN, or reservoir activations, are stable, responsive, and
primarily influenced by recent inputs rather than initial conditions or states from
a distant past. The ESP includes: a fading memory effect, which ensures that
the influence of past inputs gradually diminishes; stability in dynamics, typically
controlled through the spectral radius; and a trade-off between non-linear trans-
formation capabilities and memory retention. Reservoirs with higher non-linear
transformations will respond dynamically to recent changes in inputs, but may
struggle to retain long-term dependencies due to their sensitivity. Conversely,
with low non-linear transformations, the reservoir weights will be less sensitive to
changes, improving its ability to recall long-term information. These characteris-
tics allow ESNs to effectively encode temporal patterns, providing the foundation
for robust performance on time-dependent tasks [161, 163]. A reservoir without
the ESP will not generalise well on tasks, leading to poor preservation of input
dynamics.

An ESN is commonly used to predict time-series data through regression
tasks, although that does not mean that it cannot perform well for classification
tasks. In [164], they used several reservoirs of 16K neurons to achieve 0.92% error

rate on MNIST (total 528K parameters, which are mostly reservoir neurons).
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Others, such as [165], have used ESNs for anomaly detection. They proposed an
ESN auto encoder which achieved 91.2% accuracy with a model of only 89.2K
parameters. They make use of 0.9 spectral radius and 90% sparsity (i.e., s = 0.1)
and a single fully connected layer containing fewer neurons than the input as a
readout layer. However, more commonly, ESNs are used to predict behaviour in

dynamical/chaotic systems [166-169].

2.11.1 ESN Hyperparameters

There are several hyperparameters that can affect an ESN, which will be used
throughout this thesis. The following are the parameters that have a high impact

on base ESN performance.

o The way in which the reservoir is initialised can have a large impact on reser-
voir performance. In [170], they used three initialisation methods (Random
Regular, Newman-Watts-Strogatz (NWS) and Barabasi-Albert (BA)) in
their experiment to assess the effectiveness of decentralised incremental
federated learning. Although reservoir initialisation is not a focal point of
their work. [171] incorporate a NWS graph to generate a reservoir and test
speech emotion recognition tasks. They find that this graph style enhances

the range of the ESP by monitoring the spectral radius.

o ESN reservoirs have a spectral radius (p), which is a value that aims to
keep the reservoir at the edge of chaos [172]. It is applied to the reservoir
during initialisation to rescale the current spectral radius to the target such

that
Winit

W=r s W

(2.7)

where P (+) will calculate the spectral radius of the input matrix. Typically,
the spectral radius is set between 0.8 and 1 [173,174].

o The size of the reservoir has a great impact on the performance of the entire
system. In [175], they classify the MNIST handwritten digits achieving a
0.93% error rate using a reservoir of 4,000 neurons. They also experimented

with a few other reservoirs using 1,200 and 1,000 neurons which achieved
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an error rate of 1.68% and 1.25% respectively. In particular, the increase
in neurons increased performance. However, their work does not focus on
the implications of a large reservoir, particularly for a simple benchmarking

task such as the MNIST dataset.

« Reservoir sparsity, s, describes the percentage of non-zero connections within
the reservoir. A sparse reservoir (s < 1) often performs better than a dense
reservoir [161]. Most applications use a sparsity of 1% [167], 5% [176], or
10% [177].

In general, all components of the ESN contribute to the effectiveness of the
system. For certain applications, some parameters may be adjusted accordingly.
For example, for an application that focuses on accuracy, the number of neurons
would be higher, and the spectral radius and initialisation method can be adjusted
as per the application. However, for an application in a constrained system, the
number of neurons in the reservoir should be reduced, and the sparsity should be

as low as possible.

2.11.2 ESNs on a Smaller Scale

ESNs are desirable for devices with low computational power, especially when
training is involved due to the low training cost of an ESN. However, their use on
constrained devices is limited within the literature. So far, ESNs for tinyML have
only been investigated in the context of on-device training/learning [178-181].
The model optimisation methods described in Section 2.7 cannot be naively ap-
plied to ESNs as the model structure is different to a typical DNN model. How-
ever, [182] developed intESN, a quantisation policy to reduce the bit precision of a
reservoir using a Hamming distance clipping algorithm. Their experiment showed
that integer quantisation could be achieved but with a significant reduction in
accuracy, particularly in multivariate tasks. Nevertheless, when additional neu-
rons were added to compensate for the space saved, intESN outperformed other
traditional ESNs for the same tasks. [183] performs time-series prediction on the
MG and Lorenz systems using time-delay reservoirs, a subset of reservoir com-

puting. They outline that reservoir computing could be more suited to reduce
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the number of matrix multiplications compared to CNNs. However, the same

could be appropriate for applications to constrained devices.

2.12 Challenges and Opportunities

Within this section, challenges and opportunities from the reviewed literature

will be explored but limited to the following areas;
o Edge Intelligence and tinyML deployment,
o Multi-Task Optimisation for tinyML,

« Echo State Networks (ESNs).

2.12.1 Edge Intelligence and tinyML Deployment

EI applications are few compared to cloud computing, which is due to the con-
strained nature of the devices on which Al algorithms are deployed [7,184]. Such
devices often do not have access to mains power. Therefore, there is an addi-
tional consideration (beyond the Al algorithm itself) of power consumption when
developing EI systems. Furthermore, Al algorithms and DL algorithms in partic-
ular are known to be resource-intensive and, as a consequence, power-intensive.
Therefore, the lack of power and computational resources yields a delicate op-
timisation problem in which the aim is to maximise model performance, while
minimising the resources required to run inference timely. Typically, larger ML
models gain higher accuracy metrics, but also require more resources to compute
inference. Therefore, research on model optimisation has been conducted through
pruning [185] and quantisation [82,83]. Many research projects target Raspberry
Pis [48,186,187], Nvidia Jetson/Orin Nanos [49,188], or mobile phones [45], which
are all edge devices. However, the comparison between the aforementioned de-
vices and MCU devices is unfair due to the magnitude of the difference in almost
every technical specification, from clock speed to physical footprint. These chal-
lenges that research does not necessarily highlight may contribute to why EI is

not as widely used as it could be.
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One such challenge is the choice of programming language for tinyML de-
velopment. Python is known to be a high-level interpreted language, implying
a slower runtime compared to lower-level languages, such as C / C# / C++.
Arduino is an open-source electronic platform that simplifies the development of
software for specific hardware [189]. As Arduino uses C++, it inherits some of the
benefits of lower-level runtime and therefore will be a better choice of language
for resource-constrained devices.

However, when developing on edge systems and notably MCU devices, the
actual choice of programming languages become very limited. More specifically,
a developer would likely use a C compiled language, such as C/C++ or MicroPy-
thon. Although, some boards do not have support for MicroPython and are
therefore limited to a single language (often C/C++). This makes development
for MCU devices more challenging as developers are required to be proficient in
both Python and C++.

Python is known for the overwhelming online support and Al libraries such as
Google’s TensorFlow [190] and Meta AI’s PyTorch [191]. When using C/C++ on
a development board, a significantly lower level of abstraction is required, espe-
cially with Arduino hardware, as these boards can struggle to use MicroPython.
Arduino boards use a variation of C++ including the Arduino header file (Ar-
duino.h) to aid in development and are simple to understand development at a
beginner level. However, libraries such as TensorFlow are no longer available for
MCU devices as they are too large. To overcome this, Google developed a con-
densed library named Lite Runtime for Microcontrollers (LiteRT ), previously
known as TensorFlowLite for Microcontrollers (TFLiten) [192]. This compact ver-
sion of TensorFlow means that models can be developed using Python and Lite
Runtime (LiteRT) but inference can subsequently be executed using LiteRT .
However, the ease of use of TensorFlow in Python versus LiteRTu in C/C++ is
very different. Much more preamble and understanding of the MCU device is re-
quired for C/C++ development over the few lines of code that it would take using
Python. Furthermore, LiteRTx supports only a limited number of MCU devices.
Within Table 2.2, a selection of current MCU devices for AI/ML applications
were chosen. Of these boards, only 3 have official support for LiteRTp and are

marked with a . In addition, LiteRT supports a limited suite of neural network
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layers. Notably, only a two-dimensional convolutional layer is supported but its
one-dimensional counterpart is not. Furthermore, LiteRTu only added support
for LSTM modules in 2022 [193], limiting the deployment of certain AI/ML mod-
els on some development boards. As a result, hardware compatibility remains a
key consideration when selecting a platform for a project. Beyond performance
and hardware specifications, community support plays a crucial role, as widely
adopted boards benefit from extensive resources, troubleshooting solutions, and
additional libraries. These resources account for a positive ecosystem, as over
time older problems will be well documented and these libraries will be available
to the new users. However, an online community is not easy to build and can
be considered a feature itself. Therefore, to gain this feature, companies need
to build a strong foundation of examples and documentation to allow building a
user base. Maintaining this community engagement can have a significant impact
on the adoption and effectiveness of tinyML.

However, in reality, support for new boards is often limited. Subsequently,
limited support makes development more difficult for new users and, in some
cases, not viable at all. For example, suppose that a developer is using a newer
MCU device such as the Arduino Nicla Vision to collect and process heart rate
data. The Arduino Nicla Vision’s intended programming language is Arduino
C++ and therefore has several libraries available. However, the most common
library to convert an analogue signal to heart rate features (PulseSensorPlay-
ground [194]) is not compatible with the MCU device (as of 05/2023). This
example could force the developer to regress and use a significantly older board
with less computational power.

In contrast, a board with an overwhelming amount of community support
is the Arduino Nano 33 BLE Sense. Because of this, even though the board is
behind in hardware specification, it still maintains modern day use in research
[195]. The range of support means that preprocessing can be performed before
inference can be run. However, preprocessing can be costly, especially when
running computationally expensive feature engineering algorithms.

Feature engineering uses mathematical methods to extract key features from
data. For example, a common way to extract more features from a signal is

to use the Fourier Transform (FT), which transforms temporal data into the
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Table 2.2: Table illustrating the available built-in sensors for a range of de-
velopment boards and highlighting the boards supported by LiteRT (formerly
TFLitepu).
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* Extendable Sony Spresense hardware available
I Supported boards for LiteRT for Microcontrollers (as of 02/2025)

frequency domain. The FT, however, does include complex calculus, which can
be solved numerically when discretised. Edge devices are resource-constrained
and, therefore, do not have the capacity to perform the FT, especially for further
feature engineering before then passing this data into an ML model. Variations
of the F'T have since been devised, sacrificing a level of precision but achieving
low latency. The Fast Fourier Transform and discrete cosine transform rely on

lookup tables for evaluating trigonometric functions. Without careful feature
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Figure 2.6: Figure demonstrating preprocessing blocks can be too much for an
MCU device without careful consideration.

engineering, a developer risks exceeding the memory and processing constraints
of an MCU, making it difficult to fit both the model and its preprocessing onto
the device. In such cases, upgrading to a more powerful board may be necessary,
but this introduces another challenge—sensor compatibility.

Depending on the problem being solved, the sensors required for reliable re-
sults will vary greatly. For example, [196] monitored mental wellbeing using air
pollution data, which required a significant number of sensors compared to HAR,
which can be accomplished with an accelerometer [197]. Lots of new tiny edge
hardware come with sensors built in. A common MCU device used for develop-
ment is the Arduino Nano 33 BLE Sense. It contains a wide range of sensors, all
packaged in a small form factor. A full list of sensors can be found in Table 2.2.

By choosing a board with built-in sensors, compatibility is guaranteed and
footprint is reduced, as there is no need for the sensor to be added externally.
However, most built-in sensors are generalised for a range of applications. Mean-
ing that for specialised applications such as air quality monitoring, it is unlikely
that a board has built-in particulate matter sensors [198]. However, sensors can
be added externally. In fact, one of the highest specification boards in Table 2.2 is
the Sony Spresense main board, which does not have built-in sensors. Therefore,

due to its higher specification, boards such as the Sony Spresense main board may
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be used to include higher-quality sensors or even as an edge gateway connecting
to other boards providing data collection.

However, in some applications, it makes more sense to use a board with built-
in sensors. For example, when processing accelerometer data, a built-in sensor
helps minimise footprint and mitigate compatibility risks, as many development
boards already integrate an accelerometer. Beyond hardware selection, data col-
lection is another key consideration. Before training a supervised ML classifi-
cation model, labelled data is required. Gradient-based learning, such as DL,
relies on this data to evaluate generalisation and adjust the model to better fit
the population distribution. While this is the goal, obtaining cleaned and la-
belled datasets remains a challenge. Benchmarking datasets provide developers
with standardised data for testing models and algorithms, aiding in performance
evaluation [65,98,199].

Furthermore, data labelling remains a laborious task that a human must over-
see in some capacity. There are methods such as semi-supervised learning which
aim to label data using a subset of previously labelled data, but these methods
work best with big data applications. Research on labelling data on an MCU
device is very limited with only [200] attempting it. Although this does not com-
pletely automate the process, it has the ability to simplify data collection on a

target device.

2.12.2 Multi-Task Optimisation for Microcontrollers

MTL exploits pre-existing elements of a model to share components between
several tasks. However, since these tasks run simultaneously, adding more tasks
will quickly lead to a system that is too large for constrained systems. Perhaps,
by restricting which tasks run at a particular time, constrained devices such as
MCU devices could become more functional, as tasks share a common storage
burden. This idea has been partly explored in the form of gated MTL. Gated
MTL dynamically adjusts the contribution of each task to the overall learning
process [201]. Nonetheless, there has been little exploration into how MTL can be
optimised for resource-constrained devices such as MCU devices. Although, [202]

shows that MTL and their AdaShare approach reduces the number of parameters

40



2. Literature Review

by at least 50% across 5 tasks.

MDL can include fixed adapters that are shared between all domains. Adapters
are typically lightweight sets of layers within the model, but can take various
forms such as residual adapters [203,204]. Similarly to ResNet, residual adapters
make use of residual/skip connections while also reducing dimensionality and
maintaining the initial input data. The application of adapters has expanded
with [205] employing NAS to identify the most suitable adapter within a search
space comprising three adapter modules, in addition to determining the optimal
position within a trunk model. Also, adapters can be used to attach sections
of pre-trained models that are domain-agnostic, but often this does require the
incoming input shapes to be identical. Perhaps, the idea of adapters could be
applied to tinyML models to optimise smaller scale models to save parameters.

Context and multi-tasking can compliment each other particularly at the edge
of the network, close to the data source. However, there are several limitations
that until recently have halted the development of both together. Context itself
is difficult to quantify and discretise for the purpose of model training. Con-
text should be gathered in real-time before the contextual information becomes
outdated. Thus, a device close to the data source could be valuable. Recent
hardware advancements in MCU devices have allowed developers to use more
complex software solutions. However, as aforementioned in Section 2.12.1, new
hardware has its own limitations. With more capable devices and better software
solutions, such as the introduction of , low-power devices can support heavier
tasks, or more tasks such as MTL.

Crawshaw et al. [206] construct a survey and find that there is a general
lack of theoretical understanding of MTL with DNNs. However, overall, the
idea of models sharing information between them seems promising as more tasks
migrate to the edge of the network. Due to the limited computation on MCU
devices, MTL / MDL could improve the functionality of low-power devices while
preserving reasonable task accuracy. More specifically, hard parameter sharing

demonstrates opportunity as model size can be greatly reduced across tasks.
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2.12.3 Echo State Network Optimisation

ESNs are able to effectively contribute to tasks if the correct reservoir conditions
are met. However, in some cases, the reservoir can grow large and still struggle
to learn complex representations. Similarly to a DNN, a deep ESN can be con-
structed by stacking several reservoirs [207]. The stacking of several reservoirs
shows positive accuracy and low loss, but to the detriment of significant additional
processing cost [208,209]. Deploying ESNs to the edge of the network is challeng-
ing, but with further optimisation of inference, as partially addressed by [182],
they may become suitable for widespread adoption. In particular, as more tasks
aim to migrate to the edge of the network, perhaps the sharing of reservoirs will
be more efficient than larger neural network layers, especially when processing
intensive layers such as convolutional layers. In addition, the reduced training
cost could pave the way for on-device learning.

While ESNs can enable on-device learning, they can also alleviate processing
for multi-tasking in the same way. The reservoirs themselves are static beyond
initialisation and do not rely on any input data during the initialisation phase.
Perhaps, under the correct conditions, several tasks could use the same or similar
reservoirs. This concept has not been explored and poses an interesting investi-

gation, which is explored more in Chapter 5.

2.13 Discussion

tinyML as a research area is new and is growing rapidly. Most research surround-
ing tinyML has been published post 2019/2020 [8,210]. tinyML can be applied
to most systems and appears to be an important next step following the edge
computing paradigm, although tinyML has some strict limitations as outlined
in 2.6. After reviewing tinyML related literature, research gaps have been ex-
posed, particularly optimisation methods that have not yet been migrated to the
edge of the network. Optimisation methods such as quantisation and pruning are
standard in EI and tinyML applications and will be considered in all experiments
within this thesis.

As described in Section 2.12.1, the evaluation of algorithms for MCU devices
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are often not deployed on-device. However, all of these challenges come before
needing the AI/ML model. As much as AI/ML is the primary challenge due
to model size and limitations on development, these other unexpected challenges
mean that such development becomes much more taxing than one may anticipate.
Therefore, the evaluation of new algorithms on-device is a weakness of previous
work. Thus, deployment should be a high priority when answering RQ 1.

Contextual conditions are complex to understand and implement. Transform-
ers make use of attention and self-attention which is close to contextualising data.
Deploying these large-scale systems to the edge of the network is not feasible. But
this does not mean that context itself cannot have value for low-power devices.
The literature relating to context often refers to information fusion or attention
mechanisms.

Reviewing MTL and MDL outlined clear potential for parameter reduction in
larger models spanning multiple input domains. Low-power devices could benefit
from multiple models interleaved together through hard parameter sharing. This
gap provides the basis for RQ 2. The literature focuses on reducing the size of
larger-scale models for energy efficiency, which also applies to tinyML research.

The ability to use non-invasive sensors to measure HR and EDA allows small
devices to accurately determine stress levels in real-time and should be further
utilised to detect stress. In doing so on-device, it may be possible to react to sud-
den stress increases and recommend specific actions to mitigate the compounding
of additional stress. Although, physiological signals do not account for the con-
text in which devices are used, as context can play a significant role in perceived
stress levels, meaning additional sensors are required. In particular, physical ac-
tivity can significantly alter human physiology, including HR and EDA [211],
showing consideration is needed to not infer stress when exercising to avoid false
positives. The ability to classify sensor data using small MCU devices offers
many opportunities for real-world inference due to their small footprint. How-
ever, edge computing still faces many challenges such as the constrained nature
of the devices and the high memory requirement of AI models. It is a demanding
proposition to overcome many of these challenges; however, advances in software
techniques such as quantisation and the use of context aim to improve the clas-

sification of models on limited hardware. Overall, while there has been much

43



2. Literature Review

research on effective DL models for stress classification, they have rarely been
deployed on MCU devices, and there has been no consideration of how human
activity context could improve the performance of stress modelling.

In general, the fusion of edge computing and Al has the potential to unlock
a wide range of application areas, especially IoT. Although EI and tinyML are
becoming a particularly coveted area of research, the deployment of Al to MCU
devices poses several challenges that have been discussed in Section 2.12.1. The
next chapter will focus on deployment of multiple models onto a single MCU
device. In addition, Chapter 3 will provide a real-world case study using HAR to

contextualise stress detection.
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Chapter 3

Enabling Multimodal
Multi-model Context- Aware
tinyML Algorithms for

Low-Power Hardware

Chapter Overview

Deep Neural Networks (DNNs) have shown their effectiveness in accurately classi-
fying stress, but most existing solutions rely on the cloud or large obtrusive devices
for inference. The emergence of tinyML provides an opportunity to bridge this
gap and enable ubiquitous intelligent systems. In this chapter, a context-aware
stress detection approach is proposed that uses a Microcontroller Unit (MCU)
device to continuously infer physical activity to mitigate motion artifacts when
inferring stress from heart rate and ElectroDermal Activity (EDA). Two DNNs
are deployed onto a single resource-constrained MCU device for real-world stress
recognition, with the resultant stress and Human Activity Recognition (HAR)
models achieving 88% and 98% accuracy, respectively. The proposed context-
aware approach improves the accuracy and privacy of stress detection systems

while eliminating the need to store or transmit sensitive health data.

45



3. Multimodal Multi-model tinyML Deployment

3.1 Introduction

In recent years, stress has become a major health concern affecting individuals
across different age groups and professions. Stress can lead to a wide range of
physical and mental health issues, such as anxiety, depression, and cardiovascular
disease [212]. As a result, there is growing interest in developing effective stress
management systems that can detect and mitigate stress in real-world environ-
ments, with many adopting artificially intelligent methods.

Advances in DL are resulting in ever expanding capabilities and applications
ranging from voice assistants to autonomous driving. However, the successful
deployment of a DNN relies upon two stages: training and inference. Much of the
literature focuses on the development and training of DNNs but not the real-world
inference, which is often due to the fact that DNNs are difficult to employ, as Al-
based solutions commonly require a large amount of computational power. Thus,
these systems often use cloud-based solutions or systems that are impractical for
deployment.

In Chapter 2, DNNs have shown their effectiveness in accurately classifying
stress, but most existing solutions rely on the cloud for inference. Edge com-
puting has the potential to aid real-world stress recognition, as bridging these
capabilities to embedded devices can reduce the amount of data stored and trans-
mitted, hence increasing the privacy of sensitive health data. Photoplethysmog-
raphy (PPG) sensors enable the non-invasive monitoring of Heart Rate (HR).
Automatic analysis of PPG has rendered it valuable in clinical and non-clinical
settings. However, tracking HR with PPG is difficult due to motion artifacts,
which are major causes of signal degradation, as they obscure the location of the
heart rate peak in the spectra [213]. Therefore, context recognition in the form
of detecting physical activity is essential to improve the performance of stress de-
tection. By integrating exercise recognition, stress detection systems can become
more reliable by mitigating any motion artifacts from the signal.

HAR is the task of inferring actions carried out by a person and is a popular
research topic with the potential to improve healthcare [214,215], which can pro-
vide context to allow for more accurate stress detection. However, to implement

such systems on a large scale, efficient and low-power intelligent algorithms that
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can run on low-cost, resource-constrained MCU devices should be developed. The
context can play an important role in the accuracy of systems [216]. Context it-
self is ambiguous and requires clarification in each application in which it is used.
However, context has previously been used to aid in inferring road traffic condi-
tions such as congestion using context such as school breaks and weather [217].
Although the concept of applying context to the edge of the network is relatively
unexplored.

ATl on the edge research is still in its infancy and the trade-off between clas-
sification accuracy and embedded device constraints must be evaluated. Most
edge computing research frequently uses larger devices, such as Raspberry Pis
or smartphones [45,48]; however, many real-world applications, such as wearable
devices for stress recognition, require smaller electronics as they are to be worn
on-body. These tiny MCU devices offer an ideal opportunity for real-world, on-
device inference. This chapter presents the deployment of a novel multimodal,
multi-model approach for context-aware stress detection, where stress inference
occurs only if no physical activity is detected by a separate classification model.
All processing is performed on-device using a low-power, low-cost, and resource-
constrained MCU. The proposed tinyML approach can be applied to both models
and will demonstrate the potential of using multiple models while also leveraging

several input modalities. The contributions of this chapter are twofold.

o The novel combination of two models to provide real-time contextual HAR

information to improve the accuracy of stress inference.

o The deployment of the context-aware multi-model approach on a low-power,

resource-constrained MCU device for real-world on-device inference.

The remainder of this chapter is organised as follows; Section 3.2 explores the
methodology, Section 3.3 outlines the results, and Section 3.4 provides a discus-

sion based on the results.

3.2 Methodology

This work outlines a tinyML multimodal multi-model approach combining a HAR

classifier with stress detection. The multi-model context-aware system consists
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of the following key components:

o Inertial Measurement Unit (IMU) sensors - The built-in IMU of the Arduino

Nano 33 BLE Sense is used to collect three-axis accelerometer data for HAR.

o« HR and EDA sensors - These external sensors connect to the MCU device

to provide physiological signals for stress detection.

o HAR model - A Convolutional Neural Network (CNN) classifies each in-

coming accelerometer sample as either resting or active.

o Stress detection model - A separate CNN acts on physiological data to

classify stress, but only once resting state is inferred.

o MCU device - The Arduino Nano 33 BLE Sense provides computing power,

sensor connectivity and executes both models.
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The IMU continuously collects motion data from the accelerometer input
which is streamed to the HAR model for low-latency classification as resting
or active. Simultaneously, physiological sensors acquire data. Only when the
HAR model predicts the resting state is the stress model triggered to analyse the
physiological data and output a stress prediction to reduce motion artifacts and
increase accuracy. Both models run independently on the MCU device.

Evaluation is performed by simultaneously collecting all sensor data streams
but withholding the physiological data from the stress model until inactive periods
are detected, mirroring real-world operation. The same datasets are used for both

training and evaluation.

3.2.1 Datasets

In order to complete the multi-model context-aware approach, a dataset was
required for both the HAR and stress recognition to train the classifiers.

In this chapter, the Wireless Sensor Data Mining (WISDM) dataset is used
[218]. The dataset contains three-axis accelerometer data sampled at 20Hz for
walking, jogging, climbing upstairs, climbing downstairs, sitting, and standing.
Data were collected from 29 participants using an Android phone in their front
trouser leg pocket.

Preprocessing the data was required as the data was recorded using an An-
droid phone, and the timestamp was recorded using the phone’s up-time. Some
rows of data had a timestamp, but no attached data. These rows were removed
during the cleaning process.

Due to the requirement of only needing to infer when the user is performing
physical activity or resting, the classes were condensed into exercise and rest.
Walking, jogging, climbing upstairs, and climbing downstairs were combined into
the exercise class, while standing and sitting were combined to form the rest class.

For the stress dataset, a lab-based stressor experiment was conducted in which
participants’ stress response was stimulated using the Montreal stress test [219].
This experiment induced stress in 20 healthy participants aged 18-50 between
June and September 2019 as approved by Nottingham Trent University Human

Ethics Board, application number 600. Participants wore hand-held non-invasive
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sensors on their fingers. The sensors recorded HR Beats Per Minute (BPM), raw
HR amplitude, Heart Rate Variability (HRV), and EDA, each sampled at 30Hz to
collect physiological data while experiencing relaxed and stressed states of mental
wellbeing.

To allow the effects of stress and mental arithmetic to be investigated sepa-
rately, the experiment had two test conditions: a relaxed control condition and
a stressed experimental condition. All participants completed both conditions.
Each participant was briefed before completing a 3-minute rest period in which
they looked at a static computer screen where no tasks were displayed. This
ensured participants were relaxed before starting the control condition. They
then completed the control condition for 3 minutes whereby a series of men-
tal arithmetic questions were displayed that the participants answered followed
by another 3-minute rest period. The participants then completed the second
stressed experimental condition in which the difficulty of the questions from the
control condition increased. The task time limit was also adjusted to be 10% less
than the average time taken to answer the questions during the control, taking it
just beyond the individual’s mental capacity. The time pressure along with the
progress bar showing their progress compared with an artificially inflated average
were designed to induce stress during this condition. A similar number of samples
were collected from both relaxed and stressed data, helping to reduce bias in the
classification model. The final experiment dataset resulted in a total of 417,251
sensor data samples when relaxed and 475, 232 data samples when stressed. The
dataset consists of physiological sensor data, including HR (mean: p = 79.4
BPM, standard deviation: ¢ = 11.6 BPM), HRV (p = 773.8 ms, 0 = 152.6 ms),
and EDA (p = 320.4 kQ, o = 158 k). This stress dataset is used in this chapter
and throughout the thesis.

o1



3. Multimodal Multi-model tinyML Deployment

3.2.2 Hardware

The Arduino Nano 33 BLE Sense! is a small form factor, low-power, and cost-
effective MCU device. It is based on the Arm Cortex-M4 32-bit processor?, which
is an energy-efficient MCU device that is well-suited for a wide range of appli-
cations. Although the Cortex-M4 processor is capable of performing advanced
calculations and processing, it has limited processing power. The limited pro-
cessing power means that the AI capabilities of the board are limited by the
complexity and size of the ML models that can be run on the MCU device.

In addition to its processing power limitations, the Arduino Nano 33 BLE
Sense also has limited memory with only 256KB of SRAM, which can make
it difficult to store larger samples and complex models. The inability to store
complex models means that methods such as model compression and quantisation
are required to reduce the size of the models and make them more suitable for
deployment. Therefore, Lite Runtime for Microcontrollers (LiteRTyu) (formerly
TensorFlowLite for Microcontrollers (TFLiteu)) has been used to develop small
models capable of fitting on the MCU device. While there are other MCU devices
that are more powerful, the Arduino Nano 33 BLE Sense is an extremely low-
cost MCU device enabling much wider deployment and also has extensive support
for LiteRTu. Furthermore, the Arduino Nano 33 BLE Sense has many built-in
sensors as shown in Table 2.2.

A non-invasive sensor-based approach presents the most significant opportu-
nity to assess stress, as sensors can be easily connected to MCU devices and used
inconspicuously in the real-world.

HR sensors are commonly used within wearable computing systems, as they
can be embedded in a wide range of devices due to their small footprint and
provide insights into the autonomous nervous system. Therefore, the same PPG
sensor used in the Montreal stressor data collection experiment was connected to
the MCU device to measure HR.

Impaired parasympathic activity including stress often results in reduced HRV

! Available online, https://docs.arduino.cc/resources/datasheets/
ABX00031-datasheet.pdf, last accessed 03/03/2025

2 Available online, https://developer.arm.com/Processors/Cortex-M4, last accessed
03/03/2025
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Figure 3.2: Person wearing the HR and EDA sensors connected to an Arduino
Nano 33 BLE Sense.

- variation in time between heartbeats - which can be measured using non-
invasive, low-cost PPG sensors. Similarly, the same EDA sensor from the data
collection experiment has been connected to the MCU device. EDA is often used
to train affective models to classify stress as it is directly related to the sympa-
thetic nervous system, which controls rapid involuntary responses to dangerous
or stressful situations [220].

Finally, motion data measures movement through accelerometers, gyroscopes,
and magnetometers which can be used to measure physical activity. The Arduino
Nano 33 BLE Sense has an LSM9DS1! IMU which includes a three-dimensional
digital linear acceleration sensor. This built-in accelerometer has been used for
real-world HAR inference [221].

3.2.3 Classification Features

Feature extraction is a crucial process when developing classification models.
However, advances in DL have resulted in the ability to classify raw sensor data.
However, the memory limitations of the Arduino 33 BLE Sense limit the ability
to extract complex features.

Due to the constrained nature of the MCU device, the only feature used from
the PPG sensor was the raw HR amplitude along with the raw EDA values.
Additional features such as BPM and HRV were examined, but when the model

! Available online, https://www.st.com/resource/en/datasheet/1sm9ds1.pdf, last ac-
cessed 03/03/2025
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was trained using these features, it was too large to fit on the MCU device in
addition to the HAR model due to the limited 1MB of flash memory. Similarly,
for the HAR model, the raw three-axis accelerometer values were used from the

Arduino Nano 33 BLE Sense on-board IMU sensor.

3.2.4 Network Architecture

DNNs can provide higher accuracy compared to some classic ML approaches,
and their sample-by-sample streaming capabilities better match real-time edge
processing. Previous research shows the benefits of using CNNs for both HAR
and stress detection [45]. While Long Short-Term Memory (LSTM) networks are
frequently used to classify time-series data, and even HAR [154,222], previous
work shows that CNNs can outperform LSTMs for time-series classification, such
as stress recognition [117]. Furthermore, testing showed that the resultant model
size remains smaller when using one-dimensional CNN, making them ideal for
tinyML applications.

A one-dimensional CNN was selected for the HAR model due to its high
performance and smaller model sizes compared to an LSTM. A CNN is composed
of convolutional layers that employ a filter to slide over the one-dimensional time
series data. Although, due to LiteRTpu compatibility issues, two-dimensional
convolutional layers have been used with a one-dimensional filter and stride, thus
simulating a one-dimensional convolutional layer. The CNN architecture consists
of a single convolutional layer, a dropout layer with a rate of 0.2 to prevent
overfitting followed by three dense layers, and a softmax output layer. The high
accuracy and automated feature learning of CNNs makes it better suited for
generalised mobility detection, despite its higher complexity compared to most
other LiteRTy compatible DL layers.

Similarly, a one-dimensional CNN was selected for the stress detection model.
The original input data is partitioned into fixed length segments. This data
is segmented over an overlapping sliding window with an experimentally chosen
window size of 256 samples and a step size of 24, after testing various window sizes
ranging from 16 to 256. The network architecture consists of two one-dimensional

convolutional layers, followed by max-pooling operations. Batch normalisation
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layers are incorporated, as well as a dropout layer with a rate of 0.2 to avoid
overfitting, prior to the softmax activation function. Asin the HAR model, a two-
dimensional convolutional layer has been practically implemented but simulating
a one-dimensional behaviour to ensure compatibility with the deployment library
LiteRT .

To reduce model size, the stress model was tested using only one convolutional
layer. However, using only a single convolutional layer resulted in a significant
accuracy sacrifice of approximately 27%. Thus, two convolutional layers must be

in the network architecture to achieve significant accuracy.

3.2.5 Model Quantisation

The Arduino Nano 33 BLE Sense is a powerful and versatile MCU device that
is capable of performing a variety of ML tasks on-device. However, due to its
limited memory, it is often necessary to use techniques such as model quantisation
to reduce the size of ML models and make them more suitable for deployment.

Two commonly used policies for Post Training Quantisation (PTQ) are int8
and float16 quantisation, which are both methods to reduce the precision of
floating-point numbers used in ML models. In a standard ML model, floating-
point numbers are typically represented using 32 bits, which can make the model
large and memory intensive. Using float16 quantisation, the number of bits used
to represent each floating-point number is reduced to 16 bits. For the int8 method,
the number of bits is reduced from 32 to 8, thus a maximum model reduction
by a factor of 4. However, using int§ quantisation means representing the model
parameters as full 8-bit integers, truncating them at the decimal place. These
techniques significantly reduced the size of both models, making them more suit-
able for deployment on devices with limited memory, such as the Arduino Nano
33 BLE Sense.

It was necessary to ensure that both models could fit onto the target board,
namely the Arduino Nano 33 BLE Sense. To do so, PTQ of varying policy (ints,
float16 and float32 / unquantised) were tested. By introducing a smaller space
for the data to occupy, the information incurs a rounding error from the original

value. Typically, as a consequence of rounding error, the accuracy of a model is
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reduced. An acceptable accuracy sacrifice varies depending on the application.

3.3 Results

An iterative process was adopted during development, which meant setting some
performance targets. The results should be more significant than a guess, as
this demonstrates that the model performs beyond randomness. Therefore, the
accuracy should be more significant than one standard deviation in a normal
distribution. As both models are binary classifiers, this puts the target accuracy
at 68%.

The stress model was initially tested using float16 quantisation, but this meant
using 92% of the available storage. Therefore, to ensure that both models could
fit on the MCU device, they each required quantisation, with the HAR model
requiring float16 quantisation and the stress model int8 quantisation. Therefore,
the accuracy of the HAR model was only reduced by 0.34% while the latency was
reduced from 102 to 70 ms. Similarly, int§ quantisation had no impact on the
accuracy of the stress model, but decreased latency and reduced memory usage.
Therefore, a minor accuracy sacrifice was deemed appropriate to demonstrate
two models on a single MCU device while still performing at a high level of
significance. Upon the deployment of the models, the stress and HAR models
achieved an accuracy of 88% and 98%), respectively, both using hold-out validation
with a 20% test split. A further breakdown of the performance metrics for each
model can be found in Table 3.1. The resulting models were able to detect
both physical activity and stress with high precision. This enabled the final
context-aware approach to be deployed on the Arduino Nano 33 BLE Sense,
where physical activity is continuously inferred. Thence, once no physical activity
is detected, stress is inferred.

Robust evaluation of the multi-model context-aware system requires validating
both the individual model accuracies and the overall workflow. Hold-out valida-
tion allows one to report performance on unseen data in an unbiased manner.
However, evaluating the models separately does not fully validate the real-world
operation of the system. Thus, end-to-end validation with live sensor streams

was also performed. The HAR model classifies the incoming motion data and

o6



3. Multimodal Multi-model tinyML Deployment

Table 3.1: Performance metrics for the stress (top) and physical activity (bottom)
classification models. For each, the precision, recall, F1 score and accuracy is
collected as well as the latency and header file size.

Stress Model

Class Precision Recall F1
Non-Stress | 0.86 0.95 0.90
Stress 0.94 0.83 0.88
Latency Accuracy 0.88
3642ms Model Size (.h file) 1.1MB

HAR Model

Class Precision Recall F1
Rest 0.97 0.92 0.94
Exercise 0.99 1.00 0.99
Latency Accuracy 0.98
26ms Model Size (.h file) 152KB

only triggers stress classification during periods of inactivity. The end-to-end
approach ensures that models are evaluated with live data capturing noise and
artifacts. The classifiers were run concurrently as designed rather than separately
to validate the activity context modelling and switching logic.

The end-to-end validation of the multi-model system with live sensor data
streams confirmed the expected performance based on the hold-out testing of in-
dividual models. The HAR model operated with high accuracy on motion data,
properly classifying periods of activity versus inactivity. During these classified
inactive states, the stress detection model was selectively triggered as intended
and output predictions within the expected accuracy range reported during hold-
out testing. The overall workflow of selective stress classification based on ac-
tivity context was successfully validated. No problems were encountered with
concurrency, data flows, or model switching logic. The latency remained low and
suitable for real-time operation. This end-to-end validation on live data from mul-
tiple sensors confirmed that the integrated system performs as designed based on

the individual model metrics.
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Figure 3.3: Graph of performance metrics over varying quantisation policies of
the (a) HAR model and (b) the stress model. Latency was unavailable for float32
and float16 quantisation for the stress model due to its large model size.

3.4 Discussion

In this chapter, the feasibility of running a context-aware HAR model that trig-
gers a stress detection model, all independently performed on an Arduino Nano
33 BLE Sense, has been examined. The results confirm the potential to run two
classification models on a resource-constrained, low-cost MCU device. Each of
the models achieved high accuracy (0.98 and 0.88 for activity recognition and
stress detection respectively), demonstrating the potential for real-world infer-
ence. This demonstrates similar results for HAR [76,223], however, the results
demonstrate improved performance for rest compared to [76] that achieved 67.3%

for the respective idle class, demonstrating the benefits of binary classification.
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Furthermore, many studies do not report on key metrics such as latency [158]
or model size [76] which are key considerations when deploying on MCU de-
vices. Most of the research at the edge for HAR relies on smartphones where the
model sizes can be larger, such as 16MB for an activity recognition CNN [155],
which is not comparable to the deployment on resource-constrained MCU devices.
Context plays an important role in stress detection, as the activity in which an
individual is engaged can significantly impact physiology. In particular, physical
activity can drastically alter both HR and EDA, which are common biomarkers
for stress detection. Therefore, this work combining a HAR classification model
with stress detection on an MCU device provides a novel approach for context-
aware stress detection that can help improve the reliability of real-world stress
inference.

However, limitations were encountered; in particular, the limited memory of
the Arduino Nano 33 resulted in the use of simpler models. Initially, a CNN
with four convolutional layers was used for stress detection that achieved 95.6%
accuracy, a 7.6% increase over the two layer CNN; however, this used 97% of the
MCU device’s available dynamic memory when using int8 quantisation. There-
fore, the number of convolutional layers was reduced to two layers, reducing the
model size by 67%. To further reduce the size of the stress model, the model
was trained using only one convolutional layer; however, using one convolutional
layer reduced the accuracy to 61.8%, a 26.7% reduction in accuracy. The model
was tested using float16 quantisation with two convolutional layers but this used
92% of the MCU device’s available storage. Therefore, two convolutional layers
were used to train the model and int§ quantisation was used to ensure a suitable
model size. The use of LSTM networks was explored during model experimenta-
tion, but the models performed worse and were larger than comparative CNNs.
Although unusual, the poor performance of LSTM networks compared to CNNs
exists in related literature [224]. Due to the size of LSTM models and poor
performance, an LSTM-based model was not considered within the results. Ad-
ditionally, only raw HR and EDA data were used to classify stress. Additional
features, such as BPM and HRV, made the model too large to deploy to the
MCU device with the additional HAR model, demonstrating the trade-offs re-

quired for real-world deployment. Wearable sensors are assumed to offer clean,
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unaffected signals and consistent placement among participants. For modelling,
it is assumed that the CNN architectures generalise well to new data based on
the validation results. The model architectures are constrained to relatively sim-
ple one-dimensional CNNs given the hardware limitations. Only a single context
factor of physical activity was used to trigger stress classification rather than
exploring multiple contextual variables.

Figure 3.3 illustrates that the latency and model size of the HAR model are
reduced using float16 and int8 quantisation, while the accuracy remains uniform.
This demonstrates the benefits of quantisation when deploying onto low-power
hardware. However, the HAR model was limited to a minimum of float16 quanti-
sation due to the inconsistent nature of the WISDM dataset [218]. The expected
LSM9DS1 IMU input data would range between [0, 1], however, the training data
were rarely between these values. Most training samples had a high range and in-
terquartile range, implying a need for complex scaling for reliable integer results.
Therefore, if int§ quantisation was used, this could incur a high preprocessing
cost in the final implementation.

These limitations demonstrate the challenging nature of running two classifi-
cation models on a single MCU device. While previous work has demonstrated
the deployment of individual ML models to MCU devices, to the author’s knowl-
edge, this is the first approach to successfully deploy multiple ML models on a
single MCU device, structured in a context-aware inference pipeline. Specifically,
one lightweight model (HAR model) provides real-time context and dynamically
informs the operation of a second, more complex model (stress model).

Therefore, this chapter introduces a novel paradigm in the tinyML domain:
on-device model orchestration, where multiple specialised models operate in coor-
dination within tight memory and compute constraints. The technical challenges
were considerable, including maintaining low latency, ensuring memory-efficient
operation across models, and implementing selective execution based on real-time
context, all within the constrained runtime environment of a MCU device. To
achieve this, optimisations such as quantisation, were employed.

This approach demonstrates the process required to deploy multiple ML mod-
els to many real-world applications and could be applied beyond stress detection.

It highlights the need for modular, context-driven on-device intelligence, which
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can remain functional despite its hardware target. In the future, new MCU de-
vices with increased memory may simplify deployment with increasingly complex
models.

Both models achieved accuracy comparable to previous work for both the
stress and HAR models. Thus, this chapter outlines a key contribution in using
multiple DL models with one informing the other, both of which are deployed
to a low-cost constrained Arduino Nano 33 BLE Sense. However, what if more
models were added? An MCU device lacks the storage requirements to store
such a system. The following chapter provides an answer to this question by

developing a layer-sharing approach inspired by Multi-Task Learning (MTL).
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Chapter 4

A Novel Layer Sharing Approach
for Multi-Task Learning on
tinyML-Enabled Hardware

Chapter Overview

In the previous chapter, multiple Convolutional Neural Networks (CNNs) were
deployed to a single resource-constrained Microcontroller Unit (MCU) device.
Human Activity Recognition (HAR) data was used to contextualise stress data
exemplifying an increasing need to deploy complex models on devices with limited
resources. However, as shown in Chapter 3, multiple complex neural networks of-
ten exceed the limited memory and compute capabilities of MCU devices. Thus,
Multi-Task Learning (MTL), an approach that combines models to share pa-
rameters between several tasks, has inspired a new layer-sharing approach. This
chapter presents the tiny Inception Module (tIM), a novel layer-sharing approach
that combines the idea of MTL and tinyML software optimisations. Therefore,
the tIM allows layers to be shared between tasks of different architectures. This
chapter introduces the tIM and presents a case study that demonstrates the effi-
ciency of the tIM for application to stress detection and HAR. Furthermore, this
chapter demonstrates a single tIM for the sharing of network layers between a

HAR model and a stress detection model of differing architectures. The stor-
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age savings of both models is 28.3% compared to Chapter 3 [1] and 47.8% when
deploying both models without layer-sharing optimisation. The tIM has shown
an impressive ability to reduce redundancy while only acquiring a 4% accuracy

sacrifice on the incepted stress detection model.

4.1 Introduction

In recent years, the interest of processing ML algorithms on-device has become a
focal point in industry as well as research [210,225]. With on-device processing
boasting privacy and latency gains, it is clear that enabling ML on-device is
currently a desired field of research. Software optimisations have increased what
limited hardware is capable of, helping their range of possible applications grow.
Some optimisations, such as quantisation [79,81] and pruning [92,93], are popular
among software model optimisations. However, other methods, such as parameter
sharing, can help reduce the storage of some larger models.

Optimisation methods aid in the deployment of ML algorithms; however, some
devices, such as health-related wearables, may seek to solve several tasks. Per-
haps to recognise a patient who is a fall risk as to when they have fallen [226], or
even identify if and when they experience prolonged periods of stress [227]. The
idea of classifying several tasks simultaneously while sharing parameters among
tasks is known as MTL [228-230]. Although MTL is often not considered for on-
device deployment because tasks run concurrently, increasing the computational
load of the device. Nevertheless, sharing information between tasks ensures a
reduction in redundancy within a system as the storage burden is reduced. The
reduced storage burden is particularly valuable when considering tinyML; how-
ever, sharing the maximum information between tasks typically requires similar
model architectures. Most DL models have their own architecture and input
shapes, thus maintaining their specificity. Although, some tasks may share some
similar feature extraction/abstraction methods.

Thus, combining the idea of MTL and tinyML software optimisations, this
chapter introduces a new layer sharing approach, the tIM. The tIM unlocks multi-
tasking on tiny, low-power (5V) MCU devices with significantly reduced storage

overhead. The tIM makes use of similar tasks and small transformative layers to
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have smaller neural networks work together to classify a larger, yet unique new
task. More specifically, tIM will make use of pre-trained layers to entangle mul-
tiple neural networks to reuse layers. In this chapter, the use of a single tIM is
demonstrated for the application to stress detection combined with HAR, mim-
icking a real-world application. In particular, the contributions in this chapter

are twofold.

o Introducing the novel tiny Inception Module (tIM) for the sharing of neu-
ral network layers between DL models of different architectures. A new
transformation adapter layer is used to enable the repurposing of layers for

additional tasks.

o A case study demonstrating the efficiency of the tiny Inception Module
(tIM) on stress recognition and HAR is presented.

The proposed method has the potential to significantly improve the develop-
ment of machine learning algorithms on embedded hardware, particularly on
low-power MCU devices. By reducing the storage occupancy of DL models
through the deconstruction of similar models into shared and specialised com-
ponents, multiple complex networks can be deployed on MCU devices without
a significant increase in resources usually required per model. The shared lay-
ers reduce redundancy, while the specialised layers retain accuracy on each task.
Reduced redundancy enables sophisticated multi-model intelligence on resource-
constrained MCU devices such as those presented in Chapter 3 [1], resulting in
more accurate and efficient ML algorithms. Increased accuracy and efficiency are
essential for most applications, particularly in fields such as healthcare [231] and
transportation [232].

The remainder of this chapter is organised as follows, Section 4.2 outlines
the motivation behind the tIM in detail, Section 4.3 introduces the proprietary
transformer adapter and Section 4.4 highlights the overall architecture of a tIM.
Section 4.5 onwards demonstrates the use of a single tIM within a real-world

application, with Section 4.6 presenting and discussing the results.
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4.2 Motivation

Much like in human behaviour, during classification tasks people do not consider
everything they have ever seen. There is a process of eliminating as much of the
search space as possible to maximise the chance of correct classification while
minimising computational effort. However, in the context of DL, such a task
would be very computationally intensive.

Drawing inspiration from the human approach, the proposed methodology
breaks down the problem into specialised models that share parameters where
beneficial, instead of training a single large model that covers all possible tasks.
This concept overlaps with those introduced in Chapter 2 in MTL and Multi-
Domain Learning (MDL). In MDL, lower-level visual features, such as edges,
are useful in many vision-based domains. Thus, by sharing these parameters,
redundant computation and storage is avoided. Then, deeper layers can diverge
to capture task-specific representations.

The MTL approach considers the computational burden and attempts to make
use of as many pre-existing weights as possible, like in hard parameter sharing
[228]. Therefore, the memory footprint and storage footprint is reduced compared
to a single large model containing all the classes of the smaller models. As outlined
in Section 2.9, hard parameter sharing is a method of layer sharing that shares
large sets of parameters, mostly in layers. Although, MTL / MDL have not
been optimised for microcontroller deployment. MCU devices typically cannot
handle processing multiple computational tasks simultaneously, especially as the
number of tasks increases. Therefore, the tIM makes use of pre-existing layers to
extract features. Each shared layer will be pre-trained and frozen while the newly
built model is training. The key benefit of using a tIM is that by storing large
chunks of a pre-existing model within another could mean a significant reduction
in parameters in memory leading to a decreased storage burden, while achieving
comparable accuracy. With an increase in depth and feature extraction, a model
could yield competitive performance metrics while containing key information for
another task.

Hard parameter sharing and MDL techniques can share lots of information

between tasks or domains. Although this typically implies that there is a larger
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Figure 4.1: Architecture of the transformation adapter layers mapping a three-
dimensional input to another three-dimensional output. The transformation
block contains only layers compatible with Lite Runtime for Microcontrollers
(LiteRTp). Each of the layers contains its output shape and the number of pa-
rameters said layer incurs (if applicable).

pre-trained model acting as a backbone model. Adapters can then help differen-
tiate from the shared components to the domain/task specific representations. A
drawback to this is that, on MCU devices, one may seek to classify data across
different modalities, meaning that input dimensions are unlikely to be similar.
Therefore, in this chapter, a different take on MTL using a transformation adapter

layer is used to embed a model within another for multimodal applications.

4.3 Layer Transformation

When a model is incepted into another, it is likely that the input/output di-
mensions of the layers will no longer align. Therefore, some transformation is
needed to allow these dimensions to expand or shrink without losing significant
information. Drawing upon MDL adapter modules [203,205], the transformation
adapter is proposed. The transformation adapter is a small sequential architec-
ture, of which can be seen in Figure 4.1.

The architecture in Figure 4.1 incurs further parameters to the model due to
the addition of two dense layers. As CNNs are common in image classification,
and sensor data collected over a window encompass three-dimensions, Figure 4.1 is
modelled for a three-dimensional input to another three-dimensional output. For
said three-dimensional input, (z, y, z), and three-dimensional output, (i, j, k),

the number of parameters incurred by the transformation layer, 6, is as follows

0 = zij + xyk. (4.1)
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The above implies that any higher input or output dimensions will cause the layer
to have a significant number of parameters. The transformation layer facilitates
attaching a new model within an existing model, meaning at most for each tIM
within another model two transformation layers will be required. The transfor-
mation layer could be made up of two-dimensional convolutional layers in place
of the dense layers, but this adds a small number of parameters. Only layers
compatible with LiteRTy are used in constructing the transformation adapter
layer, hence there is no use of a permute layer to transpose the dimensions of
the layer. The usage of transformation layers should therefore be consistent with
dense layers. They incur a parameter cost and should not immediately cascade
from a large layer into a low number of neurons. Transformation layers them-
selves do incur a depth cost as this layer alone consists of six layers. However,
most of these layers are low-cost, with the exception of dense layers depending
on the incoming and outgoing dimensions. Nonetheless, the transformation layer
architecture ensures an effective and efficient transformation between the current

dimension and the target dimension.

4.4 Architecture and Setup

The tIM requires careful construction and entanglement of the target models.
Suppose that you have m models, each with n,, layers, where n,, denotes the
number of layers in model m (which implies varying architectures). First, a suit-
able candidate for sharing must be chosen, and then trained in isolation. Once
trained and fine-tuned, other models can be constructed and the layers shared.
Identifying where layers should share can be task-specific. For maximum storage
savings, the layers with the highest parameters would be shared / replaced. How-
ever, recall that the transformation layer incurs a cost. If not careful, much like
a poorly placed dense layer, you will not only incur a heavy storage burden, but
the model may not learn well due to the majority of parameters being in a single
layer. An in-depth real-world example of choosing layers to share is explained in
Section 4.5.3.

Although unlikely, if there are layers that share the same output shape, then

the initial transformation adapter layer is not required before the incepted layers.
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Figure 4.2: A general overview of the tIM. The layers in blue are model specific,
whereas the gold layers are shared. The transformation adapter layers, although
blue, are part of the tIM as they are required by the specific model for transforma-
tion into the gold layers (or vice versa for the right-hand transformation adapter
layers). The output shapes are listed within layers where they are known in a
generalised form.

Also, the second transformation adapter layer is only required if the returning
shape is not one-dimensional. For example, if some feature extraction layers are
shared and return a three-dimensional output, a transformation adapter layer
will be required to allow the layer dimensions to match.

Each other model can be built up using the pre-trained layers to be shared,
enclosed by the transformation adapter layers (if required), followed by their
final layers. Upon following this methodology, an architecture similar to that in

Figure 4.2 will be achieved for m models.

4.5 Case Study: Stress Detection with Human
Activity Recognition

In this section, the effectiveness of a tIM within a real-world application is pre-
sented in a stress detection and HAR application. These datasets have been used
to achieve an accuracy of 88% and 98%, respectively, on an Arduino Nano 33

BLE Sense in Chapter 3 [1], which will be the basis for comparison. The stress
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detection dataset is the same as used in Chapter 3. Thus, the stress dataset is
two-class, whereas the HAR dataset contains six classes from the publicly avail-
able Wireless Sensor Data Mining (WISDM) HAR dataset [218]. These six classes
are as follows; Walking, Jogging, Upstairs, Downstairs, Sitting, and Standing.

Stress is a complex emotion to classify due to its individuality [117]. Therefore,
stress recognition tasks are important to detect and notify the user when they
may be experiencing stress. Several studies have been conducted with a range
of ML classifiers. [233] use an Long Short-Term Memory (LSTM) module to
classify stress using physiological data, mobile phone usage data and mobility
pattern data, achieving 81.4% accuracy. A CNN was used by [234] with image
encoding to enable stress classification achieving 98.5%. [159] collected data and
developed a system to classify three levels of stress while driving in Boston. They
determine that heart rate variability and skin conductivity are the two most
correlated features when classifying stress, achieving 97.4% accuracy.

The WISDM dataset [218] has been evidenced to achieve good performance
among several research articles. [235] achieved 98.2% using two fine-tuned CNNis,
a and a Wigner-Ville transform. However, these transformations are computa-
tionally expensive without considering the DL component of the system. [236]
achieved 96.20%, 97.21%, and 95.27% on the UCI-HAR, WISDM, and PAMAP2
HAR datasets respectively. They used a CNN and Gated Recurrent Unit (GRU)
in an attempt to compensate for less preprocessing.

Although, since stress recognition is a more complex task compared to HAR,
this model is used as the basis of which to incept the HAR model. The following
two subsections provide information on the setup of the model and the hyper-
parameters of both the HAR model and the stress model. These subsections
will also detail how to incept a portion of a model into another, highlighting key

considerations and justification for parameter choices.

4.5.1 Human Activity Recognition Model

Choosing a window size for a model will affect the performance of the model, as
well as the shape of the input itself. If a window is too small, the model may

not pick out key features. The literature typically supports a window size be-
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Figure 4.3: Both model architectures for the HAR model and stress recognition
model before any tIM optimisations have been applied. Each node has its layer
name, output shape and number of parameters. The total parameters and layers
are recorded in the lower left table.

tween 2 and 3 seconds [237] for HAR. However, in an effort to reduce the number
of parameters, a window size of 1 second (20 samples) was used. In addition,
raw accelerometer data was used to save preprocessing cost and reduce the input
shape of the model. An overlapping window of size 50% (that is, 10 samples)
was used [238], resulting in a large number of train/test sequences. These se-
quences are of size (20, 3, 1), which is therefore the input shape of the HAR
model. The HAR model consists of two two-dimensional convolutional layers
with Rectified Linear Unit (ReLLU) activation, the first with a 3 x 1 kernel and
64 filters, and the second with a 2 x 1 kernel and 32 filters. These are followed by
two-dimensional average pooling with a 3 x 1 pool, a 25% neuron dropout, and
a flatten layer. Next, the network includes two dense layers consisting of 32, 16
neurons with ReLLU activations. Finally, the network concludes with an output
dense layer with 6 neurons with softmax activation. A visual representation can
be seen in Figure 4.3. The architecture only includes layers and operations com-
patible with LiteRTx [239]. It includes two two-dimensional convolutional layers,
enough to gain effective accuracy, while still conscious of limited processing ca-
pabilities. Furthermore, to ensure compatibility with LiteRTx, both convolution

layers contain one-dimensional convolution kernels; therefore, in principle, they
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act as one-dimensional convolution layers.

4.5.2 Stress Model

For the stress model, a window size of 150 samples was used, which is equivalent
to 5 seconds with a sampling rate of 30Hz. [160] determines that 5-10 second
intervals are suitable for real-time stress detection, thus supporting the chosen
window size, while maximising the number of training samples. Four features are
processed, namely; the raw Heart Rate (HR) analogue signal, HR, Heart Rate
Variability (HRV), and ElectroDermal Activity (EDA) analogue signal.

As expected, the stress model architecture is more complex than the HAR
model architecture, as the nature of the classification task is more complex.
Therefore, the initial architecture used three two-dimensional convolutional lay-
ers and two-dimensional max pooling pairs for appropriate feature extraction.
Next, a dropout layer to avoid overfitting, a flatten layer, and four dense fully
connected layers. Similarly to the HAR model, all the layer types used within
the stress model have been chosen because of their compatibility with LiteRT .
However, the construction of the stress model is more complex due to the tiny

inception module. Figure 4.3 depicts the aforementioned stress architecture.

4.5.3 Model Inception

Model Inception will almost certainly require a single transformation adapter
layer as it is unlikely that the layers between the incepted layer and the pre-
existing layer are compatible. Between our two architectures, there are no com-
monalities between the output shapes, and as such at least one transformation
layer needs to be added before the incepted layers. Ideally, the number of ad-
ditional parameters that the transformation adapter layer incurs should be min-
imised for two points, the input shape (z, y, z) and the output (i, j, k). There-
fore, the more similar the shapes are to each other, the better. If not, there would
be an explosive number of parameters for the transformation block, which would
outweigh the storage saving that a tIM would yield.

To identify where to insert a model within the model, first the input shapes of

the base HAR and stress models are studied. These can be seen in Figure 4.3. Tt

71



4. tiny Inception Module

Pretrained on the Human Activity Recognition Data and Layers Frozen

Average

£z Conv2D > pooling2d | 7] Dropout (3 Flatten (> Dense > Dense
5 E Input —» Conv2D - . - g g - . Dense
:‘:“ E; (17, 3, 32) (5. 3, 32) (5,3, 32) (480} (32) (16)
go (20, 3, 1) (18, 3, 64) (6)
g & 4128 0 0 0 15302 528
£ To J 256 102
E Input —» Conv2ZD |—» MaxPool2D —» Conv2D |—»|Max Pool2D || Conv2D _)Trans::‘gaﬁun Dense > Dense
w2
o c
% 2 | (150, 4, 1) (148, 4, 64) (49, 4, 64) (47, 4, 32) (15, 4, 32) (14, 4, 32) (18, 3, 64) (16) 2)
2 . J J v . v
& 0 256 ] G176 0 2080 5312 272 34
Layer Name Key
|:| Layer/Connection used by |:| Layer/Connection used by l:‘ Layer/Connection used by both
Output Shape HAR model stress recognition model models
Params

Figure 4.4: The newly adapted HAR and stress models with a tIM. Both models
use the gold layers reducing storage burden. The incurred parameters for each
layer are included as well as their output shapes.

can be seen that in the first half of the model architectures, both models approach
a similar smaller output shape. The stress model approaches (14, 4, 32) in its
third two-dimensional convolutional layer, which is similar to the input shape of
the HAR model. It can also be seen that the majority of both model parameters
come from a single two-dimensional convolutional layer at the beginning and a
dense layer after the flatten layers. Therefore, if these layers can be effectively
shared through a tIM, a significant number of parameters can be saved.

Subsequently, the tIM was added to the model after the third two-dimensional
convolutional layer. The tIM will link together the HAR model in place of the pre-
existing layers in the centre of the stress model. Upon adding the transformation
layer and inserting the untrainable (frozen) HAR layers, a new architecture is
obtained, which can be seen in Figure 4.4. Some layers have therefore been lost
but instead in place of pre-trained layers. These earlier layers could yield some
effective feature extraction properties on sensor data that can be used without
the need for an entirely new set of values.

Now that the model architecture and the shared layers have been decided, the

models can be constructed and trained in order according to Algorithm 1.
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Algorithm 1 Training Order for the HAR and Stress models with a tIM

Require: Pre-defined layer indices to share from « to 3
Ensure: Data preloaded into separate test/train splits
A < Compile and train HAR model
i < Construct layers before tIM for the stress model
if o' .shape # A\".shape then
> (-, -) = transformation adapter (input_ shape, output_ shape)
~v < get_ transformation_ adapter (u"“t.shape, )\gl.shape)
j.append(7)
end if
for layer in A\,.3 do
layer.trainable <— False
p.append (layer)
end for
p.append(Remaining layers)
Compile and train model p

4.6 Results Analysis

For testing purposes, a version of the HAR model has been trained; however,

there are two variations of the stress model exist; these are labelled as follows.
A The proposed architecture as depicted in Figure 4.4, labelled ‘after’.
B The initial architecture as in Figure 4.3 which has been labelled ‘before’

For each of these stress models and the HAR model, the accuracy, precision,
recall, and F1 score were recorded, as these are standardised metrics for model
evaluation. The Area Under Curve (AUC) and Receiver Operating Characteris-
tic (ROC) were also recorded for both stress models, as these are 2-class/binary
classifiers. Additionally, the model sizes for the header files (.h) and Tensor-
Flow Lite (TFLite)! files (.tflite) have been recorded. These file extensions are
required for deployment to C+-+ and Python systems, respectively, which are
among the two most common for embedded systems and tinyML applications.
Model sizes combined with model accuracy metrics aptly demonstrate storage

savings while ensuring good model performance. All results are from the test

!Name recently changed from TFLite to Lite Runtime (LiteRT)
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Table 4.1: Table presenting the metrics of all the models trained, including vari-
ations of the stress model. Stress Model A uses the tIM from the HAR model,
whereas Stress Model B is the model with no layer sharing optimisation.

Accuracy | Precision | Recall F1 AUC-ROC
HAR | 0.9434 0.9430 | 0.9434 | 0.9430 N/A
Stress A (after) | 0.8364 0.8384 | 0.8364 | 0.8355 0.9118
Stress B (before) 0.8776 0.8782 | 0.8776 | 0.8777 0.9485

set using a TFLite! interpreter with all models undergoing float16 Post Training
Quantisation (PTQ).

For the six-class classification, the HAR model achieved an accuracy of 94.34%.
It was set to train for 300 epochs with an early stopping callback with a patience
of 10 epochs. The callback was triggered stopping the training of the HAR model
at 206 epochs. For Stress Model A (including the tIM), the stress model achieved
83.64% accuracy. It includes a single tIM that consists of six shared layers and
one transformation adapter layer, which can be seen in Figure 4.4. It was set to
train for 500 epochs as, during experimentation, the model seemed resilient to
overfitting. However, the callback was triggered at epoch 492. The initial Stress
Model B prior to the tIM achieved 87.10% accuracy on the test set. It was set
to train for 250 epochs and started to show signs of overfitting and triggered the
early stopping callback at epoch 220.

Overall, there has been a 4.12% loss in accuracy between Stress Model A
and Stress Model B (see Table 4.1). However, the header file size between these
two models has been reduced by 27.3% (or 330KB). Stress Model B is compa-
rable to [1] achieving similar accuracy and model size (see Table 4.2). Com-
pared to Chapter 3 [1], the HAR model has seen an increase in model size of
362KB (+130.3%), while Stress Model A (with the tIM) has decreased by 224KB
(—20.3%). Additionally, the overall system, that is, both models combined in
a single system, has been reduced by 402KB (—28.3%). Table 4.3 demonstrates
this comparison among other evaluation metrics.

The stress recognition model without tIM (Stress Model B) took on an ar-

chitecture similar to the model presented in Chapter 3 [1]. Therefore, key model

I'Name recently changed from TFLite to LiteRT
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Table 4.2: Table comparing the Stress Model A (with tIM) and Stress Model B
(without tIM) with the int8 quantised stress model from Chapter 3 [1]. However,
both of the models in this work are quantised to float16.

Model Size Accuracy
] Model \ tflite \ h \ ~ A Base \ ~ A
| [1]] Stress | — J1IMB| — | 08 | — |

Stress A | 143KB | 876KB | -224KB | 0.8364 | -0.0436

tM Stress B | 196KB | 1.2MB | +106KB | 0.8776 | -0.0024

metrics remained similar (see Table 4.2). However, between using a tIM, Stress
Model A is significantly smaller while only sacrificing approximately 4% accuracy.

The tIM has shown to be effective at sharing relevant information between
models to preserve precious storage space, particularly for deployment onto MCU
devices. The reduction in parameters means more tasks can be deployed onto the
same board or even allow for more complex structures between models. Pre-
vious works have classified stress data with accuracies ranging from 75% to
85% [240-242]. Despite taking an accuracy sacrifice (to 83.64% from 87.76%),
our lightweight stress detection classification is comparable to that of these arti-
cles. Previous work in HAR has consistently achieved accuracy between 96.0%—
98.2% [223,235,243,244]. Our lightweight shareable implementation is compara-
ble, reaching marginally below the 96.0%-98.2% accuracy threshold at 94.34%.
Although the accuracy of the HAR model is slightly less than the literature,
the HAR task is usually the focal point of the system, often employing complex
feature extraction methods that cost precious computational resources. Further-

more, the slightly lower accuracy could be attributed to the smaller window size

Table 4.3: Table presenting the model sizes between the final stress and HAR
models in this article and in Chapter 3 [1] compared to the overall system.

Model Size
thite | h | =A Accuracy | Classes |
Model (1M ] tIM IREARD
Stress | 143KB | 876KB | 1.1MB | -224KB | 0.8364 | 0.88 2 2

HAR | 84KB | 514KB | 152KB | +362KB | 0.9434 | 0.98 6 2

| Overall [ 146KB | 898KB | 1.3MB | -402KB | — [ — [ 8 | 4 |
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4. tiny Inception Module

to reduce the input shape into the HAR model.

The overall system has been reduced by 28.3% from Chapter 3 [1]. However,
importantly in Chapter 3 an int§ quantisation policy was used for the stress
model, whereas float16 was used in this chapter. Reducing the storage burden
by 28.3% at a higher level of bit precision demonstrates the feasibility of the
tIM. Reducing the quantisation policy to int§ could further reduce the model
size by half, but at a potential detriment to accuracy. Furthermore, the storage
burden compared to without parameter/layer sharing techniques (i.e. without
the tIM) is reduced by 47.8%, further demonstrating the effectiveness of the tIM.
Also, between the work presented in Chapter 3 [1], the HAR model has increased
in complexity and size by approximately 362 KB, which is more than double.
However, the number of classes has increased from 2 to 6, thus it is now a more
complex task, requiring a more complex model. Incorporating the tIM module
provided the opportunity to introduce additional complexity to the model.

Related work in model reduction is complex depending on the problem being
solved. [102] use knowledge distillation to demonstrate a 5x compression rate with
only a 0.3% accuracy reduction. They used a large teacher model, WideResNet-
16-8 network (11M parameters), and a smaller WideResNet-40-2 network (2.2M
parameters) student model on the CIFARIO dataset. Although the CIFARI10
dataset could be argued as a more complex problem, their final model had 2.2m
parameters, versus our 35k (/& 62x smaller). Furthermore, the system presented
in this chapter solves two tasks that encompass a total of 8 classes.

As expected, Stress Model A performs marginally worse than Stress Model B,
as some of the specificity in the model is lost due to the sharing process. Where
one could argue that the accuracy loss of 4% is too great, there is 330KB of
leverage to potentially increase the number of parameters / complexity without
meeting the size of the initial Stress Model B.

When comparing the training loss and accuracy in Figure 4.5, with the overall
test set metrics in Table 4.1, it can be seen that Stress Model B has begun to
overfit. However, Stress Model A, regardless of training 492 epochs (versus 206),
achieved similar accuracy between training and testing. Due to the fixed training
parameters, it seems that when using a tIM, the model containing the tIM will be

more resistant to overfitting than without. However, this idea seems appropriate
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Figure 4.5: Graphs of the loss for all the models (top) and the accuracies for all
the models (bottom) for each epoch of training (with a callback patience of 10
epochs).

as the model contains fixed layers, as the tIM layers will not adapt, and thus fewer
parameters will be adjusted during backpropagation, meaning that the model
would need to see more data to overfit. Conversely, this does imply that the
model will learn slower, which is consistent with the number of epochs that both
models trained (before the callback was triggered). In addition, if the incepted
layers contain alternating gradients to the target model, the system could suffer
what is known as “catastrophic forgetting” [245,246]. This phenomena becomes
more likely as the task space increases.

Although the proposed approach has been effective in reducing model size
while maintaining accuracy, there are limitations. The tiny Inception Module
requires knowledge of which model to incept. In the case study presented, it was
known that stress detection is a more complex task and therefore would likely
require a more complex model. Therefore, the stress model became a good can-
didate for the tIM. A similar rationale should be used in future implementations.

However, where there is uncertainty, one could perform a bespoke architecture
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4. tiny Inception Module

search using the construction and training process outlined in Algorithm 1.

The tIM has been shown to be successful due to its adaptability. Layer shar-
ing is not always feasible as without the use of transformation adapter layers,
layer sharing will be extremely rare, as layer dimensions will likely not match.
Typically, this implies that for simple layer sharing, the architectures should be
similar, although similar architectures limit the models’ ability to become task-
specific. Therefore, with the use of a tIM, models can be trained to share impor-
tant information while remaining task-specific. In fact, for even larger systems
(beyond the targeted tinyML), it could be possible to use several tIMs to entan-
gle similar layers within a system. Therefore, tIM is an effective architectural
modification, specifically when targeting storage saving when running multiple
DL tasks.

As processing is migrated to the edge of the network, the number of tasks to be
solved will increase. With methods like the tiny Inception Module, this migration
process could facilitate low-power devices, such as wearables, to execute multiple
tasks. Overall, as ML expands into more embedded and Internet of Things (IoT)
devices, sustainable computing practices become increasingly important. Large
neural networks have provided impressive capabilities, but also require substantial
computing resources [247]. This work shows how careful model architecture and
sharing of parameters can enable sophisticated intelligence whilst adhering to the
tight constraints of MCU devices.

In summary, this chapter demonstrates that the introduction of the tIM en-
ables effective model compression and parameter sharing, allowing multiple tasks
to run on resource-constrained devices without significantly compromising accu-
racy. While Stress Model A, which incorporates the tIM, showed a 4.12% drop
in accuracy compared to Stress Model B, it achieved a substantial 27.3% reduc-
tion in model size, translating to a combined system saving of 402KB (28.3%)
compared to Chapter 3 [1]. In particular, these reductions were achieved using
a float16 quantisation policy, with further compression possible using int8. The
tIM not only helped mitigate overfitting by reducing the number of trainable
parameters but also supported greater model adaptability using transformation
layers, which allow non-matching architectures to share layers. Despite a slight

accuracy reduction in both the HAR and stress models compared to the state-of-
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the-art, the overall system strikes an effective balance between performance and
deployability.

This chapter has introduced the tIM while also compounding the necessity
for multiple models on a single resource-constrained MCU device. As more tasks
are added, a more generalised layer sharing approach is required. Thus, in the
following chapter, reservoir computing will be explored as an alternative to layer
sharing. More specifically, while focusing on complexity analyses, Chapter 5
shares Echo State Network (ESN) reservoirs between unrelated tasks for deploy-
ment to MCU devices.
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Chapter 5

Multi-Task Reservoir Sharing
Using Echo State Networks

Chapter Overview

In the previous chapter, a novel layer sharing approach for DL models was in-
troduced. However DL models can be cumbersome especially as the number of
tasks grows. In this chapter, a novel Multi-Task Learning (MTL)-based Echo
State Network (ESN) reservoir sharing approach is proposed for Edge Intelli-
gence (EI) and tinyML systems. The proposed approach is based on a shared
reservoir architecture, which can be used to classify multiple datasets. The ap-
proach has been evaluated using a set of benchmarking datasets and real-world
data. The model was found to learn better than randomness on most datasets,
and in the majority of cases, showed performance competitive with the state-
of-the-art literature. In addition, the performance of the proposed system is
compared to alternative methods using complexity analyses and Floating Point
Operation (FLOP) comparisons, demonstrating the viability of reservoir sharing,

particularly for resource-constrained devices.
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5. Reservoir Sharing Using ESNs

5.1 Introduction

As Al technologies improve, their expansion to the edge of the network promises
enhanced resource efficiency and real-time processing, allowing tasks to run di-
rectly on-device. In some cases, such as mobile phones, multiple Al tasks are
able to run on-device but are limited by the lack of processing power, and power
consumption. As previously outlined in this thesis, smaller devices such as Mi-
crocontroller Unit (MCU) devices are even more limited in processing power by
orders of magnitude but could still offer benefits. Developing the way edge devices
can store and process multiple tasks will improve the breadth and complexity of
current and new tasks developed. With more tasks at the edge of the network,
industrial applications such as anomaly detection [248] and fault diagnosis [249]
could improve manufacturing industries while healthcare applications such as
atrial fibrillation detection [250] could improve patient care. The idea of mul-
tiple tasks learning together, thus sharing parameters, is known as MTL [230].
Typically, MTL models run their tasks simultaneously because the input domain
is similar but is attempting to solve a different task. Although in doing so, DL
models can be cumbersome, especially for resource-constrained devices such as
MCU devices. Layers such as convolutional layers carry a significant processing
burden, while dense fully connected layers have a more significant storage burden
when compared to other neural network layers. In addition, training these DL
models requires more computational power than inference.

ESNs, introduced by [161], have proven to be effective tools for predicting
chaotic systems. ESNs typically do not require as many resources as DL models
in the training/initialisation process, which is promising for edge Al applications,
especially as data processing is migrated closer to the data source. Although
ESNs are often computationally efficient due to their untrained reservoirs, the
high dimensionality of the reservoir, particularly in large-scale implementations,
can lead to increased computational and memory demands [251]. However, with
sparse matrices, the number of operations can be greatly reduced. With the
random nature of ESNs, perhaps some tasks will generalise well with similar
reservoir dynamics, thus sharing the reservoir would benefit storage overhead.

Several separate reservoirs have been used for separate tasks for MTL [252].
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[253] use multiple reservoirs for image classification using the Modified National
Institute of Standards and Technology (MNIST) and MNIST Fashion datasets.
They find that this multi-reservoir approach yields better results than deep ESNs
and regular ESNs. However, they use 20x 1000 neuron reservoirs for each task.
If the reservoir is shared among tasks, the reservoir would not need to move in
and out of memory, reducing overhead.

Where Chapter 4 reused several neural network layers to perform inference
on a single task sequentially, this chapter aims to extend the layer sharing to
share a reservoir. Thus, ESNs with varying hyperparameters and initialisation
strategies are applied to benchmarking datasets, such as the Mackey-Glass (MG)
equation and Lorenz attractors, demonstrating the viability of sharing reservoirs
between tasks. Beyond these benchmarking datasets, more complex classification
datasets have been tested, such as Wireless Sensor Data Mining (WISDM) and
MNIST to gain an understanding of the versatility of a single shared reservoir.
By exploring these more complex classification datasets, the future of ESNs in
edge intelligent and tinyML systems is postulated. Comparing neural network
architectures can be difficult, particularly when focusing on architectures suitable
for tinyML. Therefore, the evaluation of these datasets is compared with a single
dense layer and a single convolutional layer to gain insight into the scalability
of the MTL-based ESN approach. Thus, the key contribution of this chapter is
the proposal and implementation of a novel MTL-based ESN reservoir sharing
approach. The MTL-based ESN is subsequently validated through the following
methods.

e The proposed MTL-based ESN is evaluated on 10 datasets including chaotic

systems, time-series, and image data for ranging hyperparameters.

o Complexity analyses of the proposed system and the results of the tested
datasets have been carried out and compared to a dense and a convolutional

layer.

The rest of this chapter is organised as follows, Section 5.2 highlights key com-
plexity analyses and FLOPs equations to use within the discussion, Section 5.3
outlines the novel MTL inspired reservoir sharing technique and how it will be

evaluated, and Section 5.4 presents and discusses the results.
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5.2 Complexity Analysis

To understand the impact of ESNs on a system, the number of FLOPs can be cal-
culated. This section will also evaluate the FLOPs, time and spatial complexities
of a single dense layer and a single two-dimensional convolutional layer. These
insights will be used to evaluate and compare the performance of the proposed
MTL-based ESN approach. However, firstly, the state update of an ESN is as
follows

z(t+1) = tanh(Wiu(t + 1) + Wa(t)), (5.1)

where the reservoir of weights W € RV*¥ | the input weight matrix Wy, € RV*K|
the input signal 4 € R and the current state at time ¢, £(t) € RY. Therefore,

the number of FLOPs required for a single time step, ¢ is

Total FLOPs = 2N? - N+2NK — N+ N + zN . (5.2)
—_—r —— =~ =~
Wzx(t) Winu(t+1) Bias tanh

Here, tanh is assumed to be constant in time, costing z FLOPs [254]. However,
the solution assumes that 100% of W is non-zero. Thus, sparsity scalars s;, < 1
and sy, < 1 are introduced to the input weight matrix and reservoir weight

matrix respectively yielding an overall
Total FLOPs = 28,6 N? + 2s; NK + (2 — 1) N. (5.3)

Incorporating the total time T for each state update yields the following average
case time complexity
O (SresTN? + sin TNK) . (5.4)

The theoretical average case storage complexity is
O (SresN? + s NK) | (5.5)

where s,.sN? is the storage of the reservoir weight matrix and s;, N K is the input
weight matrix.
Suppose that each task in P tasks have readout layers R,, where p indicates

the pth readout layer. Each readout layer, R,, takes T' x N input and maps it to
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its required output. Therefore, the storage complexity of the whole system takes
into account all the readout layers but only a single reservoir matrix. Thus, the

storage complexity of a multi-task reservoir sharing architecture is as follows

P
O <sresN2 + s NEKP+) Rp> : (5.6)

p=1

However, the time complexity for running a single task remains the same. Al-
though, as reservoirs are shared between tasks, the reservoir weight matrix itself
will not need to be loaded to and from memory, reducing the memory overhead.

Without the shared reservoir, the storage complexity of P tasks is as follows

P
0 (s N?P + suNKP+ Y R,,) , (5.7)

p=1

assuming that all reservoirs are the same, implying a saving of & (P — 1) 8,6, N>
parameters. Therefore, as the number of tasks increases, the storage savings will
increase, although the dominating term is likely to be N2. In this chapter, the
sparsity of both the input weight matrix and the reservoir weight matrix are equal
and will be denoted s, i.e.,

Sin = Spes = S. (5.8)

An example readout layer is the ridge regressor. The ridge regressor can be

expressed mathematically by the following

L(B) = lly = XBll3 + N8I3, (5.9)

where y € R™ denotes the target vector of m samples, X € R™*™ denotes the
input feature matrix, § € R"™ denotes the learned parameters and A a regularisa-
tion parameter. Solving Equation 5.9 the following solution for the parameters
is found

B=(XTX+N)tXTy. (5.10)

Here, I denotes the identity matrix. Equation 5.10 appears to yield high algorith-

mic time complexity due to a matrix multiplication as well as matrix inversion.
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However, these expensive calculations are found during the training phase. The
inference cost of a ridge regressor and ridge classifier for a single sample is linear

in time, O (n), since only the following is computed:
y=Xp. (5.11)

Thus a ridge regression readout layer is ideal for testing purposes.
For comparable methods such as Deep Neural Networks (DNNs), the attain-
ment of the time and space complexities are complex. Although, for a single

dense layer, the storage complexity is

Dense Parameters = MK + M + K, (5.12)
O (Dense Parameters) = O (MK), (5.13)

where M denotes the number of neurons in the dense layer. The FLOPs required

for a dense fully connected layer is as follows

Total FLOPs = 2MK — M+ M + zM, | (5.14)
—_— <~
Wz Bias Activation
—2MK + M. (5.15)

The time complexity of a dense fully connected layer is as follows
O(MK), (5.16)

since there is a single multiplication in the Wa component. It is common for
models to be composed of several dense fully connected layers with varying input
sizes, and therefore it is difficult to generalise. Moreover, models such as Convolu-
tional Neural Networks (CNNs) typically include layers of different types such as
flatten, dropout, and two-dimensional convolutional layers to name a few. Flat-
ten and dropout layers impose negligible complexities, but the same is not true
for two-dimensional convolutional layers.

Two-dimensional convolutional layers typically take a three-dimensional layer

as an input (Ciy, X Hiy, X Wi,) which denote the input channels, input height,
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and input width, respectively. The convolution kernel, K, consists of Cj, input
channels, a kernel height, K} and a kernel width, K,,. The shape of the output of a
convolutional layer is of size (Cout X Hous X Wout), where Coyy denotes the output
kernels and Hy,y X Woyt denote the height and width of the output, respectively.
The width and height of the output are as follows

H, — K 2P

Hop = N R (5.17)
Wi, — Ky, + 2P

Wout - S + + 17 (518)

where P and S are the padding and stride configurations for the layer.
Therefore, to work out the FLOPs for a convolutional layer, the kernel must

be convolved over H;, x Wi,, thus making Cj, x K x K, multiplications and

Cin X Kj, x K, — 1 additions across Hoy,s X Wy positions and Cy, kernels. Hence,

the total FLOPs for a single convolutional layer is as follows
Total FLOPs = (205 KKy — 1) Hout Wout Cout 2, (5.19)

where z denotes the number of FLOPs required to compute the activation func-

tion. Therefore the time complexity is
0 (CinKthHoutWout out) . (520)

Overall, equation 5.20 implies that an ESN has a higher magnitude of time com-
plexity; however, this does not always mean that they are less efficient. An ESN
highly depends on the reservoir size, which is likely the dominating term. Whereas
a DNN or CNN will contain several layers of both convolutional and dense fully
connected layers. Although the input dimensions and output dimensions are more
likely to be the dominating terms in a DNN or CNN model.

The storage complexity of a two-dimensional convolutional layers rely on the
convolution kernels and the input and output channels Cj, and C,,. The convo-
lution kernels convolve over the input shape, which is most of the time complexity

cost; however, the input shape is not stored directly. Thus, the number of pa-
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rameters can be expressed as follows

Conv Parameters = K3, K,,Ci,Cout + Cout - (5.21)
Filt Bi

Therefore the storage complexity is obtained as follows
O (K KyCinCout) - (5.22)

Understanding the time and space complexities yield a basis for comparison.
DNNs and CNNs have varying architectures, making comparison to an entirely
different structure challenging. However, by comparing a single layer case for the
dense and convolutional layer, one could gain an understanding of the scale of

efficiency presented by the proposed method.

5.3 Methodology

Previously, ESNs have been used to solve problems, be they regression-based
tasks [166] or classification tasks [164]. However, as far as the author is aware,
no literature appears to share a reservoir between several tasks. That is, the
input weight matrix remains as in traditional ESNs, but the reservoir itself is ini-
tialised once and reused across many tasks. The idea of reusing a newly initialised
reservoir draws upon the structure of MTL / Multi-Domain Learning (MDL) by
hosting several input domains to their own independent output domains while
reusing a portion of the model. The shared reservoir MTL-based ESN approach
can be seen in Figure 5.1. The input and output domains are trained using an
identical pre-initialised reservoir. Although the MTL-based ESN method does
not share features or a loss function such as in MTL, the architecture is heavily
influenced from MTL and MDL building from Chapter 4. Therefore, each model
will have a unique input weight matrix Wy,, and a specific readout layer. As with
MTL, the MTL-based ESN approach is expected to reduce the storage burden
across multiple tasks due to the shared nature of the reservoir.

Due to the heterogeneous structure of a DNN versus an ESN, a direct com-

parison analytically is not feasible. To draw a conclusion on the effectiveness of
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Figure 5.1: (a) The inspired MTL / MDL structure with several input domains,
some single shared layers and several output domains. (b) The traditional ESN
structure. (c) The resulting proposed methodology for the MTL-based ESN which
assumes M models, each with an input weight matrix Wy, € RV*Em where m
indexes the mth model in M, N represents the number of reservoir units, and K,
denotes the input dimensionality of the mth model. All blue and gold components
in (a), (b) and (c¢) denote individual and shared components, respectively.

reservoir sharing, several benchmark datasets will test the effectiveness of reser-
voir sharing in terms of both model accuracy/loss and runtime efficiency through
the number of FLOPs. [255] review ESNs and discover that the most common
datasets used to evaluate ESNs are the Non-linear Autoregressive Moving Av-
erage (NARMA) [208], MG equation [256] and Lorenz attractor [169] datasets.
Therefore, in this chapter, these datasets will be used to evaluate the effective-
ness of an ESN for reservoir sharing. In addition, additional datasets will be

tested to gain a greater cross-section of the research landscape as well as limi-
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Table 5.1: All the datasets used within this chapter including their domain, input
shape, and whether it is a classification or regression-based dataset.

Dataset Domain Input Shape Type
NARMA  [258] | Chaotic System 1.1 Regression
Mackey-Glass  [20] | Chaotic System 1,1 Regression
Lorenz  [259] | Chaotic System 3,1 Regression
Réssler  [260] | Chaotic System 3,1 Regression
WISDM  [218] Time-Series 20,3,1 Classification
UCI HAR  [261] Time-Series 20,3,1 Classification
Stress Time-Series 150,4,1 Classification
MNIST  [262] Image 28,28,1 Classification
MNIST Fashion  [263] Image 28,28,1 Classification
CIFARI0  [264] Image 32,32,3 Classification

tations of reservoir sharing. These are listed in Table 5.1. The image datasets,
MNIST, MNIST Fashion and CIFAR10 typically perform well with DNNs and
CNNs [257]. However, by evaluating these image datasets, it may be feasible
to replace resource-intensive neural network models with an appropriately sized
reservoir (depending on the hardware target device).

The datasets listed in Table 5.1 will be used to evaluate the number of FLOPs
for varying hyperparameters across shared reservoirs. The function for the num-

ber of parameters O, is identical to the storage complexity of an ESN, i.e.,
©=s(N*+NK). (5.23)

That is, the number of parameters increases polynomially as N increases, meaning
that the reservoir size will likely have the largest impact on the result. A graphical
representation of the number of parameters as a function can be seen in Figure 5.2.
Thus, the reservoir size parameter has been chosen to vary the most in its input
to gain an understanding of behaviour of its output. Other hyperparameters
such as the spectral radius and sparsity will be set between [0.8-1) [173,174] and
[0.01-0.1] [167,177], respectively, based upon the literature.

The readout layer in the ESN architecture will be a ridge regressor or a ridge
classifier depending on the problem type of the dataset (as shown in Table 5.1).

Thus, the constant, low-cost readout layer for all datasets will simplify the perfor-
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Figure 5.2: Plot of the number of parameters as a function depending on the
reservoir size N and the input vector size K. In this plot, the sparsity has not
been applied to the total parameters. The red lines denote the values of K used

in this chapter, i.e., 1, 3, 60, 600, 784, and 3072.

mance evaluation comparison. The number of parameters for all ESNs depends
on the number of neurons, the sparsity, and the input vector size. Therefore,
Table 5.2 shows the number of parameters for all dataset configurations outlined
in Table 5.1.

The reservoir hyperparameters are important, as they all determine how the
reservoir will be initialised. However, the initialisation of the random weights
and how they may be connected is an open problem in ESN literature [265]. In

this chapter, four different initialisations will be tested. The first is a random

initialisation from a uniform distribution. There is no consideration of other

connections or their weighting in the random initialisation. The second method

uses a Barabasi-Albert (BA) graph for initialisation [266]. The BA graph priori-
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Figure 5.3: Visual representation of all pre-existing graph-based initialisation
techniques containing 50 nodes; namely, Barabasi-Albert (BA) (left), Newman-
Watts-Strogatz (NWS) (centre), and Erdés—Rényi (right) graphs.

tises well-connected nodes using what is known as preferential attachment [267],
which implies a reduced probability of stranded nodes. The third initialisation
method is the small world graph also known as a Newman-Watts-Strogatz (NWS)
graph [268] and the final initialisation method is the Erdés-Rényi graph [269].
These initialisation methods have been used in previous ESN research [171,270].
Using the four initialisation methods, it may be possible to see significantly im-
proved performance for one or more of the datasets. Ultimately, this could inform
further optimisations without affecting the overall complexity of inference, since

all matrices contain the same sparsity.
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Table 5.2: A look-up table for the number of parameters and FLOPs (in thou-
sands) for each ESN model varying with the number of neurons and the sparsity

level.

N denotes the reservoir size and K denotes the one-dimensional input

shape. These calculations exclude the FLOPs required to compute the tanh ac-
tivation function. The corresponding datasets for K are as follows: 1 = MG;
NARMA, 3 = Lorenz, Rossler; 60 = WISDM, UCI HAR; 600 = Stress; 784 =
MNIST, MNIST Fashion; 3072 = CIFARI10.

Parameters (x10%) | FLOPs (x10%)

Sparsity
total 1% 5% 10%

K N Param FLOP | Param FLOP | Param FLOP | Param FLOP
256 65.7 131.3 0.6 1.0 3.2 6.3 6580 12.9
512 | 262.6 524.8 2.6 4.7 13.1 25.7 26.2 52.0

- 1024 | 1049.6  2098.1 104 19.9 52.4 103.9 104.9  208.8
2048 | 4196.3 8390.6 | 41.9 81.8 | 209.8 4175 | 419.6 837.2
256 66.3 132.3 0.6 1.0 3.3 6.3 6.6 13.0
512 263.6 526.8 2.6 4.7 13.1 25.8 26.3 52.2

v 1024 | 1051.6  2102.2 10.5 20.0 92.9 104.1 105.1  209.3
2048 | 4200.4 8398.8 | 42.0 81.9 | 210.0 4179 | 420.0 838.0
256 80.8 161.5 0.8 1.3 4.0 7.8 8.0 15.9

o | 512 | 29238 585.2 2.9 5.3 14.6 28.7 29.2 58.0

= 1024 | 1110.0 2219.0 11.1 21.1 59.9 109.9 111.0  220.9
2048 | 4317.1  8632.3 43.1 84.2 215.8 429.6 | 431.7 861.3
256 219.1 438.0 2.1 4.1 10.9 21.6 21.9 43.5

o | b12 | 569.3  1138.1 5.6 10.8 28.4 56.4 56.9 113.3

= 1024 | 1662.9  3324.9 16.6 32.2 83.1 165.2 | 166.2  331.5
2048 | 5423.1 10844.1 54.2 106.4 | 271.1  540.2 | 542.3 1082.5
256 | 266.2 532.2 2.6 5.0 13.3 26.3 26.6 52.9

<~ | 512 | 663.5  1326.5 6.6 12.7 33.1 65.8 66.3 132.1

= 1024 | 1851.3  3701.7 18.5 36.0 92.5 184.1 185.1  369.2
2048 | 5799.9 11597.8 | 58.0  113.9 | 289.9 5779 | 579.9 11579
256 | 851.9  1703.6 8.5 16.7 42.5 84.9 85.1 170.1

@ | 512 | 1835.0  3669.5 18.3 36.1 91.7 1829 | 1835  366.4

| 1024 | 4194.3 8387.5 | 41.9 82.8 | 209.7 4184 | 419.4 837.8
2048 | 10485.7 20969.4 | 104.8 207.6 | 524.2 1046.5 | 1048.5 2095.1
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5.4 Results Analysis

For the ridge classifier results, accuracy, precision, recall, and F1 score were
selected to evaluate performance. For the ridge regression datasets, the metrics
Mean Squared Error (MSE), Mean Absolute Error (MAE), and R? have been col-
lected. To evaluate the effectiveness of the MTL-based ESN the regression-based
datasets are initially evaluated separately to the classification-based tasks. Eval-
uating the aforementioned performance metrics ensuring the individual models
are learning better than randomness will imply that the MTL-based ESN imple-
mentation is feasible. Subsequently, the storage overhead can be evaluated.
Figure 5.4 shows the average accuracy for the classification-based tasks across
all hyperparameters, including the spectral radius, the sparsity, and the initialisa-

tion method. The plot also includes a single standard deviation error, indicating

Average Accuracy vs. Number of Neurons (Classification Datasets) - Log2 Scale
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Figure 5.4: Graph of the average accuracy for each reservoir separated by the
number of neurons in the reservoir for all classification datasets listed in Ta-
ble 5.1. All datasets have a single standard deviation of error highlighted to the
corresponding dataset.
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Table 5.3: Table highlighting the significance levels of MANOVA tests for the
initialisation strategy, spectral radius and sparsity level. The green indicates
a statistically significant value i.e. P < 0.05, while red indicates insufficient
evidence of significance P > 0.05. MNIST Fashion and CIFAR10 are not available
due to multicollinearity.

Dataset
NARMA
Mackey-Glass
Lorenz
Rossler
WISDM HAR
UCI HAR
Stress

Not Significant Significant
(| (|

Initialisation Spectral Radius Sparsity

variation in accuracies across the datasets. The highest standard deviation is
+4.3% for the WISDM dataset, perhaps implying that the other hyperparame-
ters had a significant impact on the accuracy. This interpretation is supported
by Multivariate Analysis of Variance (MANOVA) tests, which found significance
for all hyperparameters as expected (P < 0.05). However, some datasets did
not present enough evidence to suggest that some of the hyperparameters were
significant. The specific significant hyperparameters and their significance values
can be seen in Table 5.3.

It can be seen that the sparsity is significant across all the datasets, which is
unsurprising, since more information is lost at higher sparsity levels. This could
be particularly impactful for the input weight matrix Wy, as some important
input channels could be blocked. It is possible that further optimisation of these
hyperparameters can yield better results. For some datasets, the spectral radius
was insignificant, which could be due to the ideal spectral radius being within
the tested range, i.e. 0.8-0.9.

For the regression-based datasets, the MSE and the coefficient of determi-
nation (R?) follow positive trends as the number of neurons increases (see Fig-

ure 5.5). That is, the loss tends to zero and the coefficient of determination tends
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Figure 5.5: For each of the regression-based datasets, the average MSE (blue) as
well as the coefficient of determination, or R? (gold) on a log, axis denoting the
number of neurons in the reservoir.

to one as the number of neurons increases with the exception of the NARMA
dataset. The fact that the NARMA dataset does not tend toward an R? of one
may result from the model hyperparameters not being well-matched to the in-
coming data. Figure 5.5 also illustrates a single standard deviation of error. The
standard deviation error converges as the number of neurons increases, but at
different rates. In the literature, these chaotic system datasets do not require
a large number of neurons to achieve good results [270,271]. In [270], a reser-
voir of 50 neurons produced an MSE in the order le-4 and 1le-3 for the Rossler
and Lorenz systems respectively. These results are consistent with the smallest
reservoir of 128 neurons. However, the high standard deviation is likely due to
the reservoir not being able to effectively propagate the input signal, implying a
breakdown in the Echo State Property (ESP).

The sparsity is significant for all datasets, while the initialisation method is
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insignificant for all datasets when evaluated over the key performance metrics
mentioned above. However, the relationship between these variables and over-
all accuracy or loss can be seen through additional plots in Appendix 6.3. In
particular, the 1% sparsity caused a lower performance, particularly for smaller
reservoirs. Although this is likely due to an over-reliance on fewer weight values.
For example, for a 1% sparsity for a 128 neuron reservoir implies 164 non-zero
values, whereas for a 1024 neuron reservoir, there is over 10,000 non-zero values.

All of these datasets can have improved accuracies or reduced losses from
optimising their hyperparameters and/or providing alternative readout layers.
However, for consistency, the implementation the ridge regressor/classifier was
used. Choosing this readout layer type could be at the detriment to the per-
formance of some of the datasets. Regardless, all models from all datasets have
demonstrated learning capacity beyond randomness and in some cases competi-
tive results (MNIST, Fashion MNIST, and Stress datasets). MNIST have been
optimised to reach classification accuracies of 98/99% [272], although for ESN-
based implementations [164,253], such is only possible via large reservoir comput-
ing architectures and vast preprocessing. Although [175] achieve 90.52% accuracy
without optimisations for a reservoir of 1200 neurons, which is comparable to the
89.22% average accuracy achieved for a reservoir of 1024 neurons. Such is similar
for MNIST Fashion, which has achieved 70%-80% for 1024+ neurons. How-
ever, [253] demonstrate accuracies of around 88% but for a reservoir of 20,000
neurons, much larger than in this chapter. In chapter 3, if the stress dataset
achieves an accuracy of over 68%, this implies a single standard deviation of con-
fidence that the model has performed better than randomness. This was true for
some 512 neuron reservoirs but became consistent at reservoirs of size 1024 and
above.

The MTL-based ESN implementation has been shown to provide results be-
yond randomness. Now it is possible to evaluate the storage savings and FLOP
savings using the information from Section 5.2. All dense and convolutional lay-
ers contain an activation function which is commonly either the sigmoid or tanh
function. Both activation functions are similar in complexity; therefore, the pa-
rameter that accounts for the activation function, that is, z will be discounted.

Thus, FLOPs for each of the ESN reservoir configurations can be seen in Ta-
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ble 5.2. In the Results section (Section 5.4), the performances of most datasets
began to, or had already, plateaued with a reservoir of 1024 neurons with a spar-
sity of 5%. According to Table 5.2, the number of FLOPs a 1024 neuron reservoir
with 5% sparsity ranges between approximately 104k to 420k. These results can
be less than that of a single convolutional layer, let alone an entire CNN. For ex-
ample, suppose that a single convolutional layer is constructed that has an input
shape of (28, 28, 1) for the classification of MNIST data. Suppose that a 3 x 3
convolution kernel is used along with a stride of 1, same padding and 32 filters,
most of which are common for image classification in particular [273-275]. Thus

the number of FLOPs for this single convolutional layer would be as follows

FLOPS:Hout'Wout'Cout'(QCin'Kh'Kw_l)a
= (28 x28)x (32) x (2x1x3x%x3—1),
—— =~

(. J

~
HoutXW()ut Cout 2C’in'l{h'[(w—l

= 426496.

Furthermore, as convolutional layers are stacked, it is likely that the FLOPs
will increase exponentially as Cj, will equal the number of filters in the previous
convolutional layer.

A dense layer will not be as computationally expensive with the same ap-
proach. However, by using the same example input as above for a dense layer

with 32 neurons, the FLOPs cost is as follows

Total FLOPs = 2M K,

— 2 x (32) x (28 x 28 x 1),

~ —
M K

= 50176.

Compared to the 184k FLOPs used by the MNIST ESN implementation, the
50k FLOPs required by the dense layer represents a reduction of approximately
72.74%. However, a DNN will likely use several dense layers that could contain
more neurons than the 32 in the previous example. Thus, the FLOPs of the MTL-

based ESN could be considered more efficient because of its sparse representation.
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However, DNNs and CNNs can have additional optimisations such as pruning [92]
to increase the sparsity of the weight matrices and filters.

Although the number of parameters used for more complex datasets, such as
CIFARI10, may be more efficient, less complex datasets, such as MG and MNIST,
could be using a larger reservoir than required. For example, [271] only considers
reservoirs between 50 and 200 neurons for the NARMA dataset. Furthermore,
according to Figure 5.5, most of the regression-based datasets plateau at 512
neurons and their standard deviation is significantly reduced compared to 128
and 256 neuron reservoirs. This trend could imply that these datasets do not
gain a significant benefit as the reservoir neurons increase. Therefore, for these
datasets, perhaps the use of the shared reservoir approach could be detrimental
to these individual tasks. However, several tasks that share the same reservoir
will likely save storage between multiple tasks.

To evaluate the storage burden of the MTL-based ESN, the number of pa-
rameters will be used as a comparative metric. In doing so, the precision of these
parameters will become obsolete. That is, any additional precision optimisations,
such as integer quantisation [182], can be applied to the parameter numbers to
obtain a representation of the total storage size. In addition, the comparisons
made assume that sparse matrix representations are used to store the MTL-based
ESN implementation. Taking the same configuration of the MTL-based ESN as
above, i.e., 1024 neurons at a sparsity of 5%, the total number of parameters is
therefore approximately 338k. These 338k parameters include all 10 input weight
matrices and ridge regressors/classifiers, as well as the shared reservoir weight
matrix shown in depth in Table 5.4. Using the same convolutional layer setup as

above, the number of parameters required for storage is as follows

Conv Parameters =3 x 3x 1 x 32 = 228.
C, C,
Kernel i out

For a dense layer with 32 neurons as used previously, the following is obtained

Dense Parameters = 32 x28 x 28 x 1+ 32 +28 x 28 x 1 = 25904.
ST T T T
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Table 5.4: For all datasets listed on the left, and their input sizes, K, the total
shared parameters when using varying reservoir sizes is demonstrated as well as
the total dataset-specific parameters. These dataset-specific parameters are de-
rived from the input weight matrix Wy, € RV*X and the ridge classifier /regressor
B € RY. All values in the table are assumed to be 5% sparsity, i.e., s = 0.05.
The total dataset-specific parameters to run all 10 classification /regression tasks
is included as well as the total including the sparse shared reservoir.

Reservoir Size (N)
128 256 512 1024 2048 4096
’ Shared Params (sN?) 820 3277 13108 52429 209716 838861

Dataset K sNK + N

R, 1 135 269 538 1076 2151 4301

MG

Lorenz, 3 148 295 589 1178 2356 4711

Rossler

WISDM,

T 60 || 512 1024 2048 4096 8192 16334

Stress 600 | 3968 7936 15872 31744 63488 126976

MNIST,

VINIST Fashion | 8% || 5146 10202 20583 41165 82330 164660

CIFAR10 3072 || 19789 39578 79156 158311 316621 633242

Total | 35639 71274 142544 285085 570167 1140330

Total Inc. sN2 || 36459 74551 155652 337514 779883 1979191

Although for both the convolutional layer and dense layer the number of pa-
rameters are much less than that of the entire MTL-based ESN implementation,
these individual layers make up a smaller portion of a larger model. The same is
true for the FLOPs. Due to the heterogeneous architectures of CNNs and DNNs,
direct comparison is not feasible. However, taking these layer examples for clas-
sification of a single dataset as a base for comparison exemplifies that the shared
reservoir architecture to classify multiple datasets is an efficient use of storage
space.

MobileNetv2 [273], a low-cost pre-trained network, has 3.4m parameters and
takes approximately 600m FLOPs. However, this model configuration expects a
224 x 224 input. Models with MCUs in mind, such as MCU-Net, have managed to

achieve results comparable to MobileNetv2 but with 1.2m parameters and 168m
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FLOPs [276]. Both of these models are much larger than the MTL-based ESN
presented in this chapter. Furthermore, both MobileNetv2 and MCU-Net classify
a single task, while the MTL-based ESN can classify 10 different classification
problems. These results, as well as the low training cost of an ESN, exemplify
the potential for ESNs on MCU devices. Although a single ESN can contribute
to a larger system, by reusing the reservoir, it is possible to significantly reduce
the storage burden while maintaining a low number of FLOPs.

This chapter builds on Chapter 4 using a shared reservoir instead of neural
network layer sharing approaches. In addition, the same datasets from Chap-
ters 3 and 4 have been used to build a comparison basis for varying optimisation
techniques. From Chapter 4, the sharing of information between tasks requires
knowledge of which information is best shared, which can be a time-consuming
process. With shared reservoir optimisation, others may be able to more eas-
ily share information between tasks by using a shared reservoir approach, which
could see more multi-model applications on edge-based systems. The next chap-
ter will conclude the work presented in this PhD thesis, highlight its implications,

and provide potential future works based on the presented work.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

The previous chapter focused on a shared reservoir approach to Echo State Net-
works (ESNs), which was tested on 10 datasets that represent a cross section of
current ESN research. This chapter will draw a conclusion to this thesis begin-
ning with how the research questions and research aim proposed in Chapter 1 of

this thesis have been met.

Research Question 1
How can multiple Deep Learning models be integrated to enhance on-device
inference capabilities for multimodal sensor inputs on a wearable Microcon-

troller Unit device?

In Chapter 3, a classification model was used to provide context to a second
model on the edge using an Arduino Nano 33 BLE Sense, a low-power and low-
cost Microcontroller Unit (MCU) device. Human Activity Recognition (HAR)
has been assessed to help reduce motion artifacts in real-world stress detection.
Previously, it has been challenging to deploy a single DL model to an MCU
device; however, in Chapter 3 two models, HAR and stress detection, have been
deployed. The methodology presents how the HAR model contextualise the other,
while outlining how the HAR and stress detection system is composed. The HAR

model achieved 98% accuracy when detecting exercise or no exercise, while the
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stress detection model achieved 88% accuracy. The HAR and stress detection
models were quantised to float16 and int8, respectively, reducing the complexity
of the model for a minimal accuracy sacrifice. The size of both header files for
each of the models was approximately 1.3MB. To gain two practical DL models
to occupy 1.3MB on a low-power MCU device meant fewer architectures were
able to be deployed. Additionally, as discussed in Chapter 2, the availability of
libraries for sensors on alternate boards are few. The Arduino Nano 33 BLE Sense
was chosen due to its compatibility with a Photoplethysmography (PPG) sensor
library required for stress detection. Although, regardless of these limitations,
the HAR model was able to aptly provide context to the stress detection model.
The deployment of multiple models on a single resource-constrained low-power
MCU device demonstrates the feasibility of a multi-model system to improve the

functionality of the device.

Research Question 2
How can multiple Deep Learning models effectively share information to

enable multi-model tiny Machine Learning applications?

To answer RQ 2, Chapter 4 introduces the tiny Inception Module (tIM), a DL
layer sharing approach specifically designed for tinyML systems. The novel trans-
formation adapter layer allows pre-existing network components to be stitched
into another model for training. The tIM has proven to significantly reduce the
storage burden of a system by reusing pre-existing layers between multiple mod-
els. Tasks of differing complexities can be considered even if their architectures
vary by making use of the presented transformation adapter layer. As shown
early in Chapter 4, the tIM is a generalised approach that can be applied to
any dataset. A case study on real-world data is presented for tIM using stress
detection and HAR. The HAR model achieved 94.34% classifying 6 classes and
the stress recognition model achieved 83.64% classifying between stressed and
not stressed. The tIM demonstrated significant storage savings of 28.3% for the
entire system compared to Chapter 3 [1] with the entire system quantised to
float16 precision. Furthermore, compared to no layer sharing approaches for the

same models, the tIM achieved a storage saving of 47.8%. Ultimately, the tIM
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has shown an impressive ability to reduce redundancy while only acquiring a 4%
accuracy sacrifice on the incepted stress detection model. Therefore, by entan-
gling models using the tIM, much like the HAR model, multiple models can be
shared at a higher complexity than before. Thus, higher specification models can

occupy the same device, improving the functionality of the device.

Research Question 3

How efficient are sparse shared reservoirs in handling multiple tasks, par-
ticularly compared to Deep Neural Networks and Convolutional Neural
Networks?

In Chapter 5, ESN reservoirs have been studied as candidates to replace layer
sharing approaches. Due to an ESNs low training cost, they become a partic-
ularly desirable target for MCU devices. However, due to the high complexity
reservoir, solving tasks using ESNs is not considered for edge Al applications.
Chapter 5 explores potential ESN optimisations to make them more suited to
edge-based applications. Thus, a novel Multi-Task Learning (MTL)-based ap-
proach groups chaotic systems, time-series and image datasets with a common
reservoir. Using chaotic systems popular in ESN literature, as well as real-world
benchmarking datasets, yields a detailed cross-section of the shared reservoir ap-
proach. In addition, unrelated tasks can outline the limits of reservoir sharing.
Overall, most tasks generalise and learn effectively beyond randomness, with the
majority of datasets competing with state-of-the-art literature. By sharing a
reservoir between all tested datasets, the system contains approximately 338k
parameters and between 104k—419k Floating Point Operations (FLOPs) for a
1024 neuron reservoir with 5% sparsity, which has been compared to a single
dense, and two-dimensional convolutional layer. In sharing the reservoir between
ten datasets, the FLOP cost was smaller than that of a single two-dimensional
convolutional layer classifying Modified National Institute of Standards and Tech-
nology (MNIST) handwritten digits with 32 filters. While the number of param-
eters is more for the MTL-based ESN approach, Deep Neural Networks (DNNs)
and Convolutional Neural Networks (CNNs) are comprised of several layers com-

pounding the number of parameters depending on the depth of the network.

103



6. Conclusion and Future Work

Compared to MobileNetV2 and MCU-Net, both of which classify a single task,
the MTL-based ESN implementation, which can classify ten different tasks cost
a fraction of the parameters and FLOPs. Thus, sharing a reservoir between tasks
can offer significant benefits when multiple tasks are deployed to a single device,
particularly compared to DNNs and CNNs. Although most of the savings are
in storage, there is also a significant saving in FLOPs during inference that can

reduce power consumption.

Research Aim
To effectively share information between several Deep Learning models to
minimise the number of parameters required to perform multiple tasks in-

dependently on low-power Microcontroller Unit devices.

Having answered all the research questions, it is possible to evaluate the overall
research aim. This thesis contributes significantly to the research aim by first
deploying multiple models to a low-power MCU device, secondly implementing
a layer sharing approach to complete the same tasks but with reduced model
size and increased model complexity, and finally implementing and evaluating a
novel ESN reservoir sharing approach. In sharing multiple models on-device, the
device becomes multi-purpose and perhaps decreases dependence on additional
hardware. In addition, multiple tasks could yield more information based on the
same input stream. However, all chapters have only used layers compatible with
Lite Runtime for Microcontrollers (LiteRT ), which limits the possible DL model
architectures tested. Furthermore, because no new data was collected within this
thesis, all datasets used were publicly available, with the exception of the stress
dataset. Therefore, it is unclear how some of the tasks developed will generalise
in real-world environments, particularly with practical sensors.

Additionally, the work presented in this thesis has implications for society.
A researcher or developer could use any of the optimisation methods presented
within their own work. Chapters 3 and 4 could contribute to new ideas of health
monitoring, or inspire alternate multi-model context-aware applications. In par-
ticular, Chapter 3 is readily available and deployable, pushing the current bounds
of tiny Machine Learning (tinyML). Although Chapter 4 pushes these boundaries
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further but requires some additional hardware and library adjustments to become
fully functional, preliminary results show that significant storage savings can be
made while maintaining significant accuracy. The technologies shown in both
Chapters 3 and 4 could help medical professionals monitor patients, particularly
when monitoring stress in daily life. Alternatively, with multiple tasks on-device,
industrial pipelines can be maintained by detecting a range of faults based on
different modalities. The work presented in this thesis has the potential to in-
crease the functionality of MCU devices, leading to a lower reliance on cloud data
storage and processing. Furthermore, since all data (including sensitive data) is
only stored for processing and decision-making, such systems will improve data

privacy.

6.2 Research Contributions

There have been several novel contributions presented within this PhD thesis.

These are as follows:

o Two DL models have been constructed for the purpose of deployment onto
a single MCU device. The Human Activity Recognition provides contex-
tual information on whether the stress model should run inference. The
novel combination of these two models provides real-time contextual HAR

information to improve the accuracy of stress inference.

o The context-aware multimodal multi-model approach was subsequently de-
ployed to a resource-constrained Arduino Nano 33 BLE Sense. Deployment
is often missing from literature and has significant practical challenges, such

as library and sensor compatibility, which have been addressed.

o The novel tiny Inception Module was introduced for the sharing of network
layers between DL models. Using a new transformation adapter layer to
enable the repurposing of layers for additional tasks, while also allowing
models of differing architectures to become entangled. The result yields

several models with a subset of shared layers between them.
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« To demonstrate the effectiveness of the tiny Inception Module, a case study
on stress recognition and Human Activity Recognition was carried out draw-
ing a direct comparison with the previous chapter. Results showed that,
although the HAR model size increased, the whole system had a signifi-
cant reduction in model size while maintaining accuracies comparable to

the literature.

o A novel Multi-Task Learning-based Echo State Network reservoir sharing
approach is proposed. Under the MTL-based ESN approach, several tasks
reused the same reservoir but have task-specific input matrices and readout

layers.

o The proposed Multi-Task Learning-based Echo State Network is evaluated
on 10 datasets that cover chaotic systems, time series, and image data. A
single hyperparameter configuration is applied across all datasets, varying
the number of neurons, spectral radius, sparsity, and initialisation method.
The results showed that when a single reservoir is shared, most models still
learn appropriate representations of the propagated input and, in several

cases, competitive accuracies.

« Complexity analyses of the Multi-Task Learning-based Echo State Network,
a dense layer and a convolutional layer have been outlined. These analyses
were compared with the results of the tested datasets. The results showed
that fewer parameters are needed for all 10 datasets compared to popular
lightweight DL models to classify a single task. In addition, fewer FLOPs
are needed for inference in the entire MTL-based ESN system compared to

comparative CNN and DNN architectures.

6.3 Future Work

This thesis presents optimisation methods to execute inference on multiple DL
models on resource-constrained MCU devices. However, these methods can be
extended pushing the boundaries of edge Al and tinyML further. This section

will outline potential future research directions.
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In Chapter 3, one model is used to provide contextual information that affects
the other. Transformer networks are an increasingly popular research topic [277]
which makes use of attention-based information (which could be considered a
form of context). Future work could explore deployment of a transformer network
to an MCU device or even a larger edge device. The deployment of transformer
networks could allow for the inclusion of more complex tasks and the migrating of
natural language processing to the edge of the network, which could significantly
reduce the reliance on data centres.

In Chapters 3 and 4, models are tested on two datasets, HAR and stress
datasets. These datasets proved sufficient to demonstrate the viability and use
case for multiple models on a single MCU device for their respective methods.
However, to truly understand the limits of these methods, a wider range of modal-
ities should be tested.

Furthermore, within this thesis, the Arduino Nano 33 BLE Sense was the
only board used within experiments due to library and sensor restrictions. The
Arduino Nano 33 BLE Sense! has a 64MHz clock speed, 256KB SRAM and
1MB flash. However, newer boards such as the Arduino Portenta H7? or the
Arduino Nicla ? range have around double the technical specification in all areas.
By upgrading the hardware and testing these methods, perhaps more functional
tasks or modalities can be developed. Subsequently, the MTL-based ESN could be
used on larger models as a way to reduce redundancy; thus, choosing a hardware
target of higher specification than an MCU device, such as a smartphone, could
yield significant storage and memory benefits regardless.

In Chapter 5, all tasks were made to follow the same convention. That is,
they all had the same reservoir size and hyperparameters as well as the same
readout layer. However, future work could group tasks based on similar reservoir
configurations, potentially yielding increased accuracy and/or reduced loss per
group. Additionally, to extend the MTL-based ESN implementation further,

! Available online, https://docs.arduino.cc/resources/datasheets/
ABX00031-datasheet.pdf, last accessed 03/03/2025

2 Available online, https://docs.arduino.cc/resources/datasheets/
ABX00042-ABX00045-ABX00046-datasheet . pdf, last accessed 03/03/2025

3 Available online, https://docs.arduino.cc/resources/datasheets/
ABX00050-datasheet .pdf, last accessed 03/03/2025
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6. Conclusion and Future Work

perhaps less complex datasets, such as chaotic systems, do not need such a large
reservoir. Instead, a sub-reservoir could exist within the main reservoir to further
reduce the total FLOP cost. In addition, all datasets used a ridge regressor,
which may not produce adequate accuracy for the dataset. Future work could

tune these parameters and apply the system to a more practical application.
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Figure 2: Plot showing the accuracy against the log-scaled number of neurons
given varying initialisation methods for all classification datasets.
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Figure 3: Plot showing the log-scaled Mean Squared Error (MSE) against the
log-scaled number of neurons given varying sparsity levels for all regression-based

datasets.

152

MSE for ROESSLER

1072 - Sparsity
] 0.01
—e— (.05
—e— 0.1
1073 4
N ]
[%2]
=
1074 4
] .\\
[ .
""‘\-?M_"“‘.
10-5 4 .-'_'—_‘—':_-_-_-_Ha L]
2‘? 2IB 2‘9 2‘10 2‘11 2‘12
Number of Neurons (log2)
MSE for LORENZ
Sparsity
0.01
—e— (.05
—e— 0.1
@ 10-3
s 10 -
T T T T T T
27 28 29 210 511 712

Mumber of Meurons (log2)




Appendix A. Additional Echo State Network Plots

MSE for MG
b Initialisation
L ] —e— Random Uniform
102 —e— barabasi_albert
] - + —®— random
H \ —e— small_world
[ ]
w
[%2]
=
[ ]
1073 7
p .,
L )
3>=§.
T T T T T T
2? 23 29 21[} 211 212
Number of Neurons (log2)
MSE for NARMA
-3 ]
6x10 * Initialisation
e —e— Random Uniform
b —e— barabasi_albert
. —e— random
L ]
—eo— small_world
5% 1073 .
w .
= .,
.
9,
.. [}
o\
4x10731 'Q’““'
*——e
T T T T T T
27 28 22 710 511 712

Mumber of Meurons (log2)

MSE for ROESSLER

: Initialisation
* —e— Random Uniform
. —e— barabasi_albert
, —e— random
107 5 . —e— small_world
w [ ]
[%2]
=
1074 4 3
%%
gz}-!SS-;-_g
1075 T T T T T T
2? 2B 25\ 21[} 211 212
Number of Neurons (log2)
MSE for LORENZ
- Initialisation
—e— Random Uniform
{14 —e— barabasi_albert
—e— random
—e— small_world
[ ]
_ L ]
w 1073 7
= -
[ ]
[ )] [ ]
. \
\2=——-._,=———-__.3——-6
T T T T T T
27 28 29 210 511 712

Mumber of Meurons (log2)

Figure 4: Plot showing the log-scaled Mean Squared Error (MSE) against the log-
scaled number of neurons given varying initialisation methods for all regression-

based datasets.
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