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Abstract

The Wearable Human Activity Recognition (WHAR) research field focuses on
the automated analysis of human motion and behavior in signals from body-worn
sensors like accelerometers or gyroscopes. With modern wearable devices, rang-
ing from smartwatches and fitness trackers to earbuds, it now becomes possible
to collect such signals continuously in a variety of everyday situations. Users
typically want to monitor and get insights on how to improve their daily activities,
performance in sports, or health-related metrics.

Machine Learning (ML) models are commonly used to model and classify WHAR
data, as they excel in adapting to the many types of individuals and their varia-
tions in performing activities. Recently, neural networks have become prominent
because they offer better generalizability and adaptability than other approaches.
However, deploying such models on mobile devices poses significant challenges.
Limited computing power, short battery life, and high variability in activity data
caused by different users, sensor placements, and movement patterns can all hin-
der model performance. As aresult, a key objective of WHAR is to develop robust
and efficient models that are capable of not only recognizing basic actions like
walking or sitting but also complex motion patterns such as compound exercises.

Developing ML for WHAR comes with a major tradeoff: Either one can focus
on making models as small as possible at the expense of generalizability in ap-
plication, or vice versa. This dissertation explores methods at both extremes,
building on flexible graph representations with Graph Neural Networks (GNNs)
when it comes to small, specialized applications, and on Foundation Model (FM)
techniques for scenarios that require greater generalization across diverse sensing
setups. Its key contributions include (i) resource-efficient and reusable graph
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transformations that capture temporal dependencies in WHAR signals and com-
plex activity sequences, (ii) GNNs that facilitate lightweight activity recognition
and sequential activity prediction, (iii) a framework for harmonizing heteroge-
neous signals from various sensors that allows general-purpose WHAR models
to learn from large-scale data, and (iv) FMs that enable precise signal forecasting
and classification through novel dual-view and multi-resolution signal analysis.

In its first part, this work presents techniques for converting signal and activity
representations into graph representations, which are necessary for the classifica-
tion and reasoning of interrelated activity patterns at different levels of abstraction
using GNNs. The first approach matches the classification performance of state-
of-the-art (SOTA) classifiers on four benchmark datasets while requiring up to
three orders of magnitude fewer parameters. Short inference times on a smart-
watch demonstrate the model’s ability to operate close to real time. The second
approach proves effective for sequential activity recognition on two benchmark
datasets, underscoring the versatility of GNNs within the WHAR domain.

The second part presents two FMs that extract versatile signal representations from
eight aligned datasets. These models help address the diversity of sensor signals
and activities. The first WHAR-FM outperforms SOTA in signal forecasting by
up to 12% in mean absolute error. Results also show that its generalizability
improves steadily with the amount of training data. The second WHAR-FM
integrates with neural network-based classifiers, enhancing their F1 scores by up
to 0.286 points while only slightly increasing inference times on a smartwatch.

In sum, this dissertation demonstrates how innovative signal representations and
ML models can improve real-world WHAR applications. By representing signals
as graphs, GNNs capture complex relationships within the data, while WHAR-
FMs learn generalizable signal representations from large datasets. Extensive
experiments show that GNNs and FMs help overcome key challenges such as
device limitations, signal variability, and the broad range of users and activities.
Together, these findings support the development of more efficient and accurate
WHAR solutions and provide researchers and engineers with a new toolbox of
methods that they can employ to handle a variety of use cases.

iv



Kurzfassung

Das Forschungsgebiet der Wearable Human Activity Recognition (WHAR) be-
fasst sich mit der automatisierten Analyse menschlicher Bewegungen anhand
von Sensorsignalen wie Beschleunigungs- oder Gyroskopdaten. Mit modernen
tragbaren Geriten, die von Smartwatches und Fitness-Trackern bis hin zu Kopf-
horern reichen, ist es nun méglich, solche Signale kontinuierlich in einer Vielzahl
von Alltagssituationen zu erfassen. Nutzer mochten typischerweise ihre tdglichen
Aktivititen, sportlichen Leistungen oder gesundheitsbezogenen Metriken iiber-
wachen und Erkenntnisse dariiber gewinnen, wie sie diese verbessern konnen.

Zur Modellierung und Klassifikation von WHAR-Daten kommen tiberwiegend
Methoden des Maschinellen Lernens (ML) zum Einsatz, da sie sich hervorragend
an verschiedene Nutzertypen und Aktivititen adaptieren lassen. In jiingerer Zeit
werden verstiarkt neuronale Netze verwendet, da sie anderen Verfahren in Genera-
lisierungs- und Anpassungsfihigkeit iiberlegen sind. Der Einsatz solcher Modelle
auf mobilen Endgeriten ist jedoch herausfordernd. Begrenzte Rechenleistung,
kurze Akkulaufzeiten sowie die grofle Variabilitit der Aktivitdtsdaten, bedingt
durch unterschiedliche Nutzer, Sensorplatzierungen und Bewegungsmuster, kon-
nen die Modellleistung einschrinken. Eine zentrale Aufgabe der WHAR ist daher
die Entwicklung robuster und effizienter Modelle, die nicht nur elementare Ak-
tivitdten wie Gehen oder Sitzen, sondern auch komplexe Handlungsabfolgen wie
zusammengesetzte Sportiibungen zuverlissig erkennen konnen.

Die Entwicklung solcher ML-Modelle erfordert einen Kompromiss zwischen Mo-
dellgrofe und Generalisierungsfihigkeit. Fiir kleine, spezialisierte Anwendungen
setzt diese Arbeit daher auf flexible Graph Neural Networks (GNNs) und fiir Sze-
narien, die eine bessere Generalisierung iiber verschiedene Sensormodalitéiten
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hinweg erfordern, auf Foundation Model (FM)-Techniken. Ihre Kernbeitrige sind
(i) effiziente und wiederverwendbare Graphtransformationen, die zeitliche Ab-
laufe in Sensorsignalen und komplexen Aktivititssequenzen abbilden, (ii)) GNNs
zur leichtgewichtigen Aktivitdtserkennung und Vorhersage komplexer Aktivitits-
sequenzen, (iii) ein Konzept zur Harmonisierung heterogener Sensorsignale fiir
das Training universeller WHAR-Modelle, sowie (iv) FMs, die prizise Signalvor-
hersagen und -klassifikationen durch neuartige Signalanalysen ermoglichen.

Der erste Teil dieser Arbeit prisentiert Graphtransformationen, die fiir die Er-
kennung von Aktivitidten auf verschiedenen Abstraktionsebenen mittels GNNs
notwendig sind. Der erste Ansatz erreicht auf vier Referenzdatensitzen dhnliche
Erkennungsraten wie topaktuelle Klassifikatoren, benétigt dafiir jedoch bis zu
drei Groflenordnungen weniger Parameter. Kurze Inferenzzeiten auf einer Smart-
watch demonstrieren die Echtzeitfahigkeit des Modells. Der zweite Ansatz zeigt
die Wirksamkeit von GNNs fiir die sequenzielle Aktivititserkennung auf zwei
Datensitzen und unterstreicht damit deren Vielseitigkeit im WHAR-Bereich.

Der zweite Teil stellt zwei FMs vor, die vielfdltig einsetzbare Signaldarstellungen
aus acht vereinheitlichten Datensitzen extrahieren und so die Diversitit von Sen-
sorsignalen und Aktivititen kompensieren. Das erste WHAR-FM erzielt eine um
bis zu 12 % geringere absolute Abweichung bei der Signalvorhersage als aktuelle
Referenzmodelle. Die Evaluation zeigt zudem eine mit wachsender Datenmen-
ge stetig steigende Generalisierungsfihigkeit. Das zweite WHAR-FM lisst sich
mit nachgeschalteten Klassifikatoren kombinieren, was deren F1-Mafle um bis zu
0,286 Punkte verbessert, wihrend sich die Inferenzzeiten nur geringfiigig erhthen.

Diese Dissertation demonstriert somit das Potenzial innovativer Signaldarstellun-
gen und ML-Modelle zur Verbesserung realer WHAR-Anwendungen. Umfang-
reiche Experimente zeigen, dass GNNs und FMs zentrale Herausforderungen wie
Geritebeschriankungen, Signalvariabilitit und Aktivitéitsvielfalt erfolgreich adres-
sieren und so den Weg fiir effizientere und prizisere Anwendungen ebnen. Die
vorgestellten Methoden bilden einen Werkzeugkasten, den Forscher und Inge-
nieure zur Bewiltigung einer Vielzahl von Anwendungsfillen einsetzen kénnen.
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1 Introduction

Wearable Human Activity Recognition (WHAR) focuses on the detection and
analysis of human motion and behavior through sensor signals obtained from
wearable devices, such as smartwatches and earables [56, 89]. These wearables
utilize inertial sensors, including accelerometers and gyroscopes, to capture mo-
tion data from various body parts but suffer from limited computational resources,
which restrict the complexity of deployable WHAR applications [56]. Neverthe-
less, the inherent flexibility of body-worn sensors, which typically exhibit only a
few degrees of freedom [19], facilitates the collection and analysis of personalized
data [89]. This capability enables real-time and ubiquitous monitoring of human
behavior [89], thereby enhancing the understanding of physical activity patterns
and presenting new opportunities for supporting users in their everyday lives.

1.1  Motivation

Due to the increasing prevalence of smartphones [21] and wearables [74], WHAR
has the potential to enrich the lives of billions of users. In sports, for example,
WHAR applications can detect and assess the quality of movements [158], en-
abling users to improve their techniques based on learned insights. Beyond
sports, WHAR is also used for detecting falls [167], daily activities [92], and
more [75]. Detectable activities range from complex high-level activities (e.g.,
compound sports exercises or preparing meals) [9], over basic low-level activities
(e.g., walking or running) [117], to individual limb movements (e.g., arm or leg
movements) [101].
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Machine Learning (ML) plays a pivotal role in the analysis of these diverse ac-
tivities, providing flexible methodologies for the automatic processing of vast
amounts of data. The adaptability of ML algorithms is particularly important
for WHAR, where sensor signals can vary significantly between users, activities,
and the sensor placements on the human body [7, 89]. Earlier methods rely on
Decision Trees (DT) [14] or Support Vector Machines (SVM) [66]. In contrast,
contemporary approaches leverage or combine different neural network archi-
tectures, including Convolutional Neural Networks (CNNs) or Recurrent Neural
Networks (RNNs), with recent advancements exploring Transformer models and
attention mechanisms [17, 41, 177]. Training sophisticated ML models requires
large amounts of data. However, due to the costly and time-consuming acquisition
of human inertial signals, current WHAR datasets are often restricted to data from
a few users and activities [10, 87] and consequently, limit the generalizability of
trained models.

Three key challenges emerge from the previous paragraphs (cf. [7]): (i) the di-
versity of signals from different users, sensors, and sensor placements, (ii) the
computational limitations of wearable devices, and (iii) the complexity of activi-
ties. However, addressing all three challenges simultaneously presents significant
difficulties. The detection of complex activities with resource-efficient ML mod-
els, for example, restricts the signal diversity to small scopes. Thus, Figure 1.1
illustrates the challenges as a tradeoff triangle, where improving any two aspects
typically comes at the expense of the third challenge.

Resource
Consumption

Activity Signal
Complexity Diversity

Figure 1.1: Tradeoff triangle of key challenges in WHAR, where improving two aspects typically
comes at the cost of the third.



1.2 Aim and Objectives

To address different combinations of tradeoffs in the shown triangle, this dis-
sertation explores the integration of advanced neural networks into the WHAR
landscape, specifically Graph Neural Networks (GNNs) and Foundation Mod-
els (FMs).

GNNs are a unique class of neural networks with typically shallow architectures
that analyze vertex features and edge relationships in input graphs [150, 175].
Due to their shallow depth and the flexible structure of their input graphs, GNNs
support the efficient recognition of both basic and complex activities. However,
since raw sensor signals are not inherently structured as graphs, the practical
integration of GNNs into the WHAR domain necessitates the careful design
of sophisticated signal-to-graph transformations. This limits GNNs to small-
scale applications with a well-defined scope, as the design of effective graph
transformations for sensor data presents a substantial effort.

FMs, on the other hand, are pre-trained neural networks capable of deriving
generalized representations from large amounts of unlabeled data [18]. This
generalization ability positions FMs as a promising framework for improving
WHAR by uncovering important signal properties while reducing costly labeling
efforts. However, FMs typically comprise millions, billions, or even trillions of
parameters [18]. Consequently, the integration of FMs into the WHAR domain
requires key research steps, including the homogenization of signals from different
sources to support streamlined learning on large data volumes and the development
of FM architectures that can operate within the computational limitations of small-
scale wearable devices.

1.2 Aim and Objectives

This dissertation aims to advance WHAR by exploring novel signal represen-
tations and neural network architectures that enable a comprehensive, versatile,
and resource-efficient analysis of human activities in diverse real-world scenarios.
Specifically, this work pursues the following objectives:
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(O)

(02)

(03)

(04)

Explore advanced signal and activity representations that efficiently capture
intricate patterns in WHAR signals.

Harmonize wearable sensor signals from various sources using comprehen-
sive signal generalization techniques.

Develop and implement innovative neural networks that integrate objec-
tives O1 and O2 to enhance recognition accuracy and robustness.

Empirically validate the performance and wearable applicability of the de-
veloped signal representations and models through extensive experiments.

Figure 1.2 maps the objectives onto the tradeoff triangle for WHAR. O1 aims
at balancing resource consumption with activity complexity and signal diversity

by enhancing input features. O2 focuses on ensuring consistent data integration

across diverse sensing setups, addressing the challenge of signal diversity. O3
contributes ML models capable of recognizing both low-level activities from

various sensing setups and complex high-level activities while maintaining low

resource consumption. O4 validates different aspects of the developed models,

positioning it at the center of the triangle.

Resource
Consumption

Activity Signal
Complexity Diversity

(02)

Figure 1.2: Tradeoff triangle of key challenges in WHAR labeled with this work’s objectives.



1.3 Research Questions

1.3 Research Questions

Achieving accurate, efficient, and generalizable WHAR remains challenging due
to the tradeoffs between signal diversity, activity complexity, and the computa-
tional constraints of wearable devices. This dissertation addresses these tradeoffs
by employing GNNs to model structured relationships in sensor signals and FMs
to improve generalization and scalability, ultimately enhancing the versatility of
WHAR. However, the integration of these advanced techniques raises several re-
search questions that are closely tied to this work’s objectives. Figure 1.3 maps
these questions onto the tradeoff triangle.

Resource
Consumption

(RQ2)

(RQ4)
Activity Signal
Complexity Diversity (RQ3)

Figure 1.3: Tradeoff triangle of key challenges in WHAR labeled with this work’s research questions.

(RQ1) How can WHAR signals and human activities be transformed into mean-
ingful graph representations that GNNs can effectively process?

(RQ2) How suitable are GNNs for recognizing human activities in WHAR sig-
nals?

RQ1 focuses on the preparatory steps needed to leverage GNNs in the WHAR
domain. Here, the key task is to design lightweight, resource-efficient transfor-
mations of sensor signals and activities into signal and activity graphs. RQ?2 is
a fundamental question that investigates whether GNNs can serve as viable al-
ternatives to CNN- and RNN-based approaches for recognizing both basic and
complex activities while maintaining computational efficiency.
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A growing trend in the machine learning community is shifting from highly
specialized models like the GNNs toward more generalized FMs, which learn
from large datasets and adapt to various downstream tasks. Due to the diversity
of sensor signals and the resource constraints of wearable devices, however, FMs
are less thoroughly explored in the WHAR domain. Therefore, this work raises
the following fundamental questions about the development of FMs for WHAR:

(RQ3) How can heterogeneous sensor signals be aligned for the effective devel-
opment of comprehensive WHAR foundation models?

(RQ4) Can FMs improve the robustness and overall performance of real-world
WHAR applications?

RQ3 addresses the challenge of aligning diverse wearable sensor signals as a
necessary prerequisite for developing generalizable FMs. RQ4 examines the
feasibility of on-device FMs for WHAR, considering both signal diversity and
computational complexity.

1.4 Contributions

In sum, this dissertation advances the WHAR field by presenting

(C1) resource-efficient and reusable graph transformations that capture temporal
dependencies in WHAR signals and complex activity sequences,

(C2) graph neural networks that facilitate lightweight activity recognition and
sequential activity prediction,

(C3) a framework for harmonizing heterogeneous signals from various sensors
that allows general-purpose WHAR models to learn from large-scale data,
and

(C4) foundation models that enable precise signal forecasting and classification
through novel dual-view and multi-resolution signal analysis.



1.5 Thesis Structure

Figure 1.4 maps this work’s contributions onto the tradeoff triangle. As demon-
strated through empirical validation against state-of-the-art approaches on publicly
available benchmark datasets, these contributions push the boundaries of WHAR
by enabling the efficient handling of diverse sensor signals and the recognition of
both basic and complex activities in resource-constrained environments. Signifi-
cant parts of this work have already been published in peer-reviewed journals or
presented at academic conferences [1, 2, 3, 4].

Resource
Consumption

(ChH
(C2)
(C4)

(ChH
(&%)

Activity Signal
Complexity Diversity

(C3)

Figure 1.4: Tradeoff triangle of key challenges in WHAR labeled with this work’s contributions.

1.5 Thesis Structure

This dissertation is divided into four parts. Part I motivates the work, defines
its goals and important terms, and describes state-of-the-art; Part II explores the
integration of GNNs into WHAR; Part III examines the feasibility of FMs in
the WHAR domain; and Part IV concludes this thesis with an overview of its
findings and potential future directions. Figure 1.5 presents a detailed view of the
relationships between the parts and their corresponding chapters. Solid arrows
indicate informational dependencies, where the source chapter provides impor-
tant context or inspiration for the target chapters, while dashed arrows represent
necessary dependencies, where the source chapter provides essential foundations
for the target chapters. The following paragraphs outline the individual chapters.
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Part I: The Landscape of Human Activity Recognition

7 Chapter 1: Introduction

Innovative Signal Repre-
sentations with Graph
Neural Networks
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fication on the Graph-Level

= 1

Chapter 6:
Sequential Activity Pre-
diction on the Edge-Level

Part

Chapter 7:
. Preparation Steps for F
| Effective Pre-Training |
| |

Chapter 10: Conclusion

Figure 1.5: Thesis outline and interplay between chapters.
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1.5 Thesis Structure

Chapter 1 motivates the research by highlighting key challenges of WHAR and the
relevance of innovative signal representations and machine learning for solving
these challenges.

Chapter 2 introduces terms like signals, micro-activities, and macro-activities,
along with common WHAR tasks like activity classification and signal forecasting.
Moreover, it describes the Discrete Wavelet Transform (DWT) as a sophisticated
pre-processing technique for sensor signals, presents popular benchmark datasets,
and discusses the key challenges of WHAR in more detail. Thus, this chapter lays
the foundation for all subsequent chapters.

Chapter 3 explains the theory behind GNNs, covering important concepts such
as graph representations, GNN layer types, graph-level classification, and graph
link prediction. It closes with an in-depth literature review of GNN applications
in the WHAR domain. This chapter is the basis for Chapters 5 and 6.

Chapter 4 presents a general definition of the term Foundation Model and its
adaptation to the WHAR domain. It also discusses related concepts like self-
supervised pre-training and task-specific fine-tuning. This chapter concludes with
an overview on previous research efforts regarding self-supervised pre-training and
cross-dataset generalization in WHAR. This chapter is the basis for Chapters 7, 8,
and 9.

Chapters 5 and 6 explore signal- and activity-graph transformations that enable the
use of GNNss in a variety of WHAR scenarios. They further present GNN models
tailored to lightweight activity classification and sequential activity prediction and
evaluate their prediction quality on several benchmark datasets.

Chapter 7 presents signal alignment steps that enable the effective pre-training
of FMs for WHAR. Chapters 8 and 9 present novel, WHAR-tailored FM archi-
tectures, train them on the aligned signals from eight publicly available datasets,
and evaluate their generalizability and adaptability to the downstream tasks signal
forecasting and activity classification.

Finally, Chapter 10 reflects on the main contributions of this work and explores
their implications for future research.
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2 Basics of Wearable Human
Activity Recognition

WHAR is the process of identifying and classifying human activities through the
analysis of signals from wearable sensors (e.g., accelerometers, gyroscopes) [56,
89]. This process involves pre-processing techniques such as segmentation and fil-
tering, alongside ML and deep learning methods [56, 89]. Consequently, WHAR
is a multi-facetted research field that aims at delivering personalized user feedback
and skill assessments across various application domains, including sports and
fitness, daily living, and healthcare [56, 89]. This chapter explains key concepts,
including definitions of the terms signal, activity classification, and signal fore-
casting. Additionally, it outlines common pre-processing techniques and datasets,
as well as current challenges in WHAR.

2.1 Signals, Users, and Activities

Wearable sensors continuously measure f-dimensional signals over time. ML
approaches typically process these time-series data in short, fixed-length windows
s = (51,82,...,84) € R¥*/ that are shifted through the signal. Each signal
window contains w multi-dimensional sensor readings, where each data point
st € srepresents the f-dimensional sensor measurement at time ¢ € {1,...,w}.
Figure 2.1 illustrates a sliding window on a three-axis accelerometer signal. From
this point onward, this thesis uses the terms signal and window interchangeably.

During each time window, a user performs an activity, which can be either dynamic
(e.g., walking or jumping) or static (e.g., sitting or standing still). Each activity

13



2 Basics of Wearable Human Activity Recognition

§
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Figure 2.1: Sliding window that is shifted through a three-axis accelerometer signal recorded at the
ankle during walking (signal from [13]).

is associated with a label y € Y (e.g., walking), where Y is the set of detectable
activities.

Detectable activities can vary in granularity. Ramirez et al. [117] define high-
level activities (e.g., shopping) as longer-lasting actions that are composed of
several low-level activities (e.g., walking). Alia et al. [9] describe macro-activities
(e.g., preparing a sandwich) as complex tasks comprising several micro-activities
(e.g., taking or cutting). Xie et al. [163] characterize complex activities (e.g.,
dumbbell curls or rope skipping) as sequences of meta-activities (e.g., certain arm
movements). Liu et al. [101] introduce motion units as fine-grained phases of
movement (e.g., stance or swing in walking). Similarly, Gehrig [51] decomposes
concurrent or sequential actions (e.g., slicing an apple) into motion primitives
(e.g., taking, cutting).

Given the variety of terms and their overlapping meanings, this work proposes the
following activity hierarchy:

motion unit C micro-activity C macro-activity, 2.1

where motion units represent fine-grained limb movements (e.g., fine hand rota-
tions or certain arm movements), micro-activities describe basic low-level activi-
ties (e.g., walking, running, taking, cutting), and macro-activities capture complex
high-level tasks (e.g., compound sports exercises or cooking recipes) that involve

14



2.1 Signals, Users, and Activities

multiple concurrent or sequential steps. Table 2.1 organizes the terms from the
literature according to this hierarchy.

Table 2.1: Activity hierarchy with related terms from literature.

motion unit C micro-activity C macro-activity

motion units [101] micro-activities [9] macro-activities [9]
meta-activities [163]  motion primitives [51] high-level activities [117]
low-level activities [117] complex activities [163]

While the majority of this thesis deals with the recognition of independent ac-
tivities in signal windows, Chapter 6 focuses on the detection of micro-activ-
ities m; and sequential macro-activities (or micro-activity sequences) Mr =
(my, ma,...,my) with sequence index ¢t € {1,...,7T}. The micro-activities
my label signal windows s € R%*f. Figure 2.2 illustrates the table tennis exer-
cise “Wide Falkenberg” (cf. [118]) as an example macro-activity. This exercise
consists of three subsequent micro-activities, i.e., certain table tennis strokes.

(3)

———————

Figure 2.2: Table tennis exercise “Wide Falkenberg” (macro-activity) with three subsequent strokes
(micro-activities): (1) backhand (black) from the backhand side of the table, (2) forehand
(red) from the backhand side, and (3) forehand (red) from the forehand side. Solid arrows
illustrate trajectories of incoming balls, dashed arrows indicate trajectories of the returns.
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2 Basics of Wearable Human Activity Recognition

2.2 Signal Pre-Processing with Wavelets

WHAR applications utilize either raw or pre-processed signals. Common pre-
processing techniques include, for example, filtering with high-pass, low-pass, or
band-pass filters [111], the Fast Fourier Transform (FFT) to extract frequency-
domain features [111], or the Wavelet Transform (WT) to capture time-frequency
components in signals [107, 144]. Due to the time-localized nature of human
activity signals, the WT excels in extracting meaningful features that are crucial for
precise WHAR [102, 136]. Therefore, this section introduces the core concepts
of the Discrete Wavelet Transform (DWT), which also forms the basis for the
learnable DWT implemented in Chapter 9.

2.2.1 Discrete Wavelet Transform

The single-level DWT (Figure 2.3) decomposes an input signal s into time-fre-
quency features by convolving s separately with a decomposition low-pass filter g
and a decomposition high-pass filter h [107, 144]. Subsequently, the DWT down-
samples the filtered signals with a stride of 2 () [144]. This process produces two
sets of coefficients: approximation coefficients cA represent the low-pass filtered
signal and capture the overall trend of s; detail coefficients cD represent the high-
pass filtered signal and capture finer details and variations in s [90]. The inverse
DWT reconstructs a signal s’ from cA and ¢D by inserting a zero after each entry
in cA and ¢D (up-sampling, 1), applying a reconstruction low-pass filter g to the
upsampled cA and a reconstruction high-pass filter h to the upsampled cD, and
summing the results [144]. Modifying the coefficients prior to the reconstruction
step alters the reconstructed signal [144].

The multi-level DWT, on the other hand, offers a more fine-grained analysis of an
input signal s. The maximum decomposition level .J is defined as

7= e (555) ) e
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2.2 Signal Pre-Processing with Wavelets

e

Decompose

>

Figure 2.3: Illustration of a single-level DWT (adapted from [4, 144]).

where |.| denotes the length of the input signal or the filter, respectively [90]. For
each level j € {1,...,J}, the multi-level DWT applies the decomposition step
of the single-level DWT iteratively to the approximation coefficients cA;_; of
its previous level [144]. The multi-level Wavelet decomposition produces J + 1
Wavelet coefficients (c¢D1,cDs, ... ,cDy,cAy) [90]. The detail coefficients cD;
capture frequency components in [f, /27, fs/27~], where f, is the sampling rate.
The approximation coefficients cA y represent the low-frequency content of s with
frequencies below f,/2”.

Orthogonal Wavelets, such as the Haar Wavelet [57] or Daubechies [34], ensure
perfect reconstruction (s’ = s) as long as cA and ¢D are not altered before
reconstruction [144]. A possible method for constructing orthogonal Wavelet

filter banks (g, h, g, h) is given as follows [144]:

1. Initialize a low-pass filter g that satisfies the orthogonality constraint [144]:

K—-1
> g(k)g(k —2n) = 6(n), 23)
k=0

where K is the filter size, n > 0 is a shifting parameter, and

() 1 ifn=0 o
n)= .
0 ifn#0

is the Kronecker delta function.
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2 Basics of Wearable Human Activity Recognition

2. Derive an orthogonal high-pass filter i as the alternating flip of g [144]:

h(k) = (=1)*g(K — k). (2.5)

3. Derive orthogonal reconstruction low-pass and high-pass filters g and h by
reversing g and h [144]:

9(K — k), (2.6)
(k) = h(K — k). 2.7)

2.2.2 Related Work

Researchers leverage the DWT to reduce noise in sensor signals by modifying
or suppressing Wavelet coefficients [158, 159]. Moreover, decomposed Wavelet
coefficients are also feasible as ML inputs as they closely resemble input signals [1,
102]. Similarly, scalograms, which are the intermediate representations from
Continuous Wavelet Transforms (CWT), can improve WHAR tasks by providing a
different view on the time-frequency variations within signals [105, 126, 136, 153].

Researchers also integrate the DWT directly into the processing pipeline of ML
methods, rather than just applying it to the input as a pre-processing step. The
proposed solutions either leverage literature-defined Wavelets or learn custom
Wavelet filter banks from data.

Li et al. [94] introduce a DWT-based pooling operation that reduces the hidden
dimensions of CNNs by decomposing their hidden representations with pre-
defined Wavelets and keeping only the low-frequency approximation coefficients.
Mei et al. [110] apply this pooling operation to WiFi-based HAR. Similarly,
Dahou et al. [32] decompose the hidden representations of a CNN with a custom
DWT block that leverages Daubechies Wavelet at different scales. Zhao etal. [174]
propose a neural network layer that convolves input signals with a subset of discrete
Wavelets from [90] that is selected with K-Means clustering. The resulting Wavelet
coefficients are then weighted with a learned weight vector.
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2.3 Activity Classification

Wolter et al. [160] replace the gating operations in RNNs with custom layers that
learn Wavelet filter banks with six coefficients to reduce the size of RNNs. The
authors introduce loss functions that implement the perfect reconstruction and
alias cancellation properties of Wavelets as product filters (cf. [144]). Gao et
al. [47] propose a learnable Wavelet convolution that conditions its kernels with
similar perfect reconstruction and alias cancellation losses. Recoskie [132] and
Michau et al. [114] present CNN-based autoencoders that reflect the structure of
the DWT. The decoders implement the decomposition step, while the encoders
implement reconstruction. [132] learns a single filter bank for all decomposition
levels, while [114] learns separate filter banks per decomposition level.

2.3 Activity Classification

Activity classification involves the identification and categorization of human
activities using wearable sensor signals [56, 89]. It supports applications in
different areas, such as daily living, fitness tracking, or health monitoring [56, 89].
Detectable activities range from motion units over low-level micro-activities to
high-level macro-activities (cf. Section 2.1).

2.3.1 Task and Goal

The goal of activity classification is to successfully assign the correct activity class
y € Y to asignal s € R¥*/ using a learned classification function [53]

2R Ly, (2.8)

where w denotes the length of the signal in time steps (i.e., a time window),
f represents the number of features per time step, and Y is the set of possible
activity classes. The predicted activity class g is therefore given by

7= 2(s). (2.9)
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2 Basics of Wearable Human Activity Recognition

z is typically represented by a ML classifier, which learns its classification capabil-
ity from labeled training data. Traditional ML models, such as SVMs or DTs, uti-
lize handcrafted features extracted from sensor signals to classify activities based
on statistical patterns [14, 66, 81]. These features include, for example, statistical
measures, such as mean or variance, and frequency domain features. In contrast,
modern approaches leverage neural networks, such as CNNs or Long Short-Term
Memories (LSTMs, [67]), which automatically learn complex features from raw
sensor data without the need for manual feature engineering [122, 159, 177].

Figure 2.4 illustrates the classification of a three-axis accelerometer signal with a
classification function z into one of five activities.

2(s) [ %‘

Figure 2.4: Classification of a three-axis accelerometer signal recorded at the ankle during walking
with a learned classification function z (signal from [13]).

2.3.2 Evaluation Metrics

Evaluation metrics measure the quality of z’s classifications. This work leverages

the accuracy score [127]

TP
Acc = — 2.10
ce == (2.10)
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2.3 Activity Classification

and the macro F1-score [127], which is also called the averaged F1-score [121]

1 oTP,
Macro F1 = — v .
acto v 2 9TP, + FP, + FN,
yeY 1 e

@2.11)

The accuracy measures the proportion of correctly predicted samples (true posi-
tives, 1" P) out of the total number of samples (/V) in a test set. The macro F1-score
evaluates the performance for each class individually by considering true positives
(T'P,), false positives (I'P,), and false negatives (F'N,) for each class y € Y. It
then averages these scores across all classes, giving equal importance to each class
regardless of their frequencies in the dataset. Both metrics range from 0 (worst)
to 1 (best), with accuracy focusing on overall correctness and macro F1-score
balancing performance across all classes.

2.3.3 Related Work

State-of-the-art classifiers typically apply neural networks to detect activity pat-
terns within sensor signals and to label them with a corresponding activity class.
For instance, Orddfiez et al. [122] achieve great classification performance on two
benchmark datasets by stacking four convolution layers and two LSTM layers.
However, with more than one million parameters, this model surpasses the rec-
ommended size of 100k parameters of neural networks for wearable devices [166]
by at least one order of magnitude. By dropping one LSTM layer, the parame-
ter count decreases by approximately 62 % while the performance scores remain
similar [17]. Zhou et al. [177] present a lightweight neural network that com-
bines convolutional layers and LSTMs with advanced network components, such
as Transformer Encoders and attention. This model outperforms [17] on three
benchmark datasets while requiring less than 100k network weights.

As demonstrated by these publications, neural networks are universally applicable
to both single- and multi-modal sensor signals from various sensor configurations.
However, research has shown that activity classification benefits significantly
from multi-modal signals gathered from multiple wearable sensors and sensor
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2 Basics of Wearable Human Activity Recognition

placements [122, 158]. Building on activity classification, some researchers also
explore applications that analyze and assess the skills of users in performing
certain activities [81].

2.4 Signal Forecasting

Signal forecasting involves predicting future signal patterns based on past sensor
readings, which enables the detection of anomalies within signals [173]. Ad-
ditionally, forecast signals can be used to augment training datasets for activity
classification tasks [79]. Other approaches predict future activities instead of
signal curves [95, 124]. However, this work does not cover activity forecasting.

2.4.1 Task and Goal

Signal forecasting is a regression task with the goal of predicting future signal
values s’ € R */ based on previous observations s € R*”*7 using a forecasting
function [53, 73]

2 RS 5 RS (2.12)

where w denotes the length of the previous signal in time steps, w’ is the number
of predicted time steps, and f represents the number of features per time step.
The forecast signal §’ is therefore given by

§=2(s). (2.13)

In this setup, 2’ is typically fit on historical signal data. Traditional forecasting ap-
proaches, such as ETS (Error, Trend, Seasonality) or AutoRegressive Integrated
Moving Average (ARIMA), rely on historical signal patterns to make predic-
tions based on linear relationships within the data [73]. In contrast, modern
approaches leverage neural networks, such as LSTMs or Generative Adversarial
Networks (GANSs) [54], to capture more complex, non-linear relationships in mul-
tivariate sensor signals [63, 79]. Beyond the WHAR domain, Transformer-based
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2.4 Signal Forecasting

Foundation Models [48] and fully-connected neural networks [26] have shown
great success in general time-series forecasting.

Figure 2.5 illustrates the forecast of a three-axis accelerometer signal with a
learned forecasting function z’.

@WM :

Figure 2.5: Forecast of a three-axis accelerometer signal recorded at the ankle during walking with a
learned forecasting function 2’ (signal from [13]).

2.4.2 Evaluation Metrics

This work evaluates the quality of z'’s forecasts with the mean absolute error [29]

N

1 .
MAE = — > s — 8 € Ry (2.14)

i=1

and the root mean squared error [29]

N
RMSE = Z (s, — 5)2 € Rxg (2.15)

between N sensor readings and their forecasts. The MAE measures the average
absolute difference between the true future values s’ and the forecast values §’. The
RMSE squares these differences to penalize larger deviations more heavily and
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2 Basics of Wearable Human Activity Recognition

then takes the square root to normalize the units. For both metrics, smaller values
indicate better forecasting performance. Furthermore, the cosine similarity [29]

N

CS = (lIsill - Il € [~1,1] (2.16)

i=1

measures the similarity of s’ and §’ based on their shapes (higher values indicate
greater similarity).

2.4.3 Related Work

Signal forecasting approaches focus on learning patterns from historical sequences
to generate accurate future predictions. For instance, Kim et al. [82] forecast
gyroscope signals using a neural network that incorporates Fourier Neural Oper-
ators [98], which combine the Fourier Transform with convolutional operations.
The authors train user-specific models for the forecasting of walking and running
signals from five users; one model per user. The forecasters achieve good MSEs on
the test data of their respective users, but fail on the test data of other users. Thus,
individuality between users is a limiting factor for the prediction quality. Jaramillo
et al. [79] combine LSTMs with multi-head attention to forecast accelerometer
signals from a subset of users and activities in the PAMAP2 dataset [133]. This
model achieves favorable RMSEs for activities like walking, running, and stair
navigation. Additionally, the authors train a downstream classifier on the forecast
signals that performs comparably to a classifier that has been trained on the ac-
tual signals. Thus, forecast signals can effectively replace ground-truth signals in
activity classification tasks.

GAN:S offer an alternative approach for signal generation. GANs consist of two
components: a generator that creates synthetic data and a discriminator that
evaluates its authenticity [54]. Hazra et al. [63] introduce a GAN that integrates
LSTM and CNN layers to generate biomedical signals. By applying a DWT to
smooth the signals before processing them through the GAN, the authors achieve
significantly lower MAEs and RMSEs compared to state-of-the-art models. Li et
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al. [96] develop a Transformer-based GAN for generating ECG and accelerometer
signals. The evaluation demonstrates that this GAN generates signals that closely
resemble the shape and distribution of the true signals, highlighting the potential
of GANS for generating realistic signals.

2.5 Public Benchmark Datasets

Public benchmark datasets are essential for developing effective WHAR appli-
cations. They provide researchers with valuable insights into the application
domain, enabling them to design solutions tailored to specific downstream tasks.
Additionally, since most WHAR applications rely on ML models, representative
datasets are crucial for training accurate models that generalize well to real-world
scenarios.

To facilitate the implementation and comparability between approaches, many
research groups have collected and published WHAR datasets over the past years
(cf. [24]). This work utilizes the 13 established benchmark datasets listed in
Table 2.2. These datasets provide raw, unprocessed sensor signals that are either
available as continuous time-series or segmented into short signal windows. Some
of the studies collect signals in controlled environments [87], simplifying the
collection and labeling process, while others focus on real-world scenarios [146],
where environmental effects can influence the signals. Moreover, the datasets
differ in their available sensors (types, quantities, manufacturers, accuracies,
placements), their scopes (e.g., daily living activities, sports activities, health-
related activities), and the demographics and number of users involved in the
, the
number of users, the sampling rates, and the available inertial sensors for each

studies. Therefore, the table presents the number of distinct activities |Y

dataset.

Some of the datasets also provide additional information, such as ambient tem-
perature [92], air pressure [159], or the electrocardiogram of the users [13].
While these features are not relevant for this work on human activity recognition
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Table 2.2: The WHAR datasets used by this work. |Y'|: number of distinct activities, A: accelerom-
eter, G: gyroscope, M: magnetometer. PAMAP2 provides signals of 12 protocol activities
performed by most users and 6 optional activities with less participation.

Dataset |Y'| Users Sampling Rate Sensors
Complex HAD [138, 139] 13 10 50 Hz A G
Cooking [9, 88] 3 4 50-100 Hz A
Daphnet [12] 2 10 64 Hz A
DLA [92] 17 8 100-256 Hz A, G, M
DSADS [15] 19 8 25 Hz A, G M
FLAAP [87] 10 8 100 Hz A G
KU-HAR [141] 18 90 100 Hz A, G
mHealth [13] 12 10 50 Hz A, G, M
PAMAP2 [133] 12+6 9 100 Hz A, G M
RealWorld (HAR) [146] 8 15 50 Hz A, G M
TT-Strokes [159] 8 2 25-50Hz A,G,M
UCI-HAR [10] 6 30 50 Hz A, G
USC-HAD [172] 12 14 100 Hz A G

from wearable inertial sensors, they could potentially enhance the performance
of WHAR applications by providing richer contextual information.

2.6 Key Challenges

To enhance the effectiveness of WHAR applications in real-world environments,
it is essential to address several key challenges. These challenges include the
development of lightweight and resource-efficient models, the exploration and
identification of complex activities in sensor signals, and a thorough considera-
tion of signal diversity resulting from different sensors, sensor placements, and
demographic variations among users [7].
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Resource Consumption.

The key enablers of ubiquitous WHAR are wearable sensing devices, such as
smartphones, smartwatches, earables, fitness trackers, or future devices equipped
with sensors [7, 56]. Although the performance of these devices improves with
each new generation, their available computational resources, such as CPU power,
memory, storage, and battery life, remain limiting factors for the development of
novel, real-time capable solutions [7, 56]. As devices become smaller, these
resource constraints become increasingly significant. For example, recent reports
indicate that current smartwatches can handle neural networks with up to 100k
parameters [166], which are sufficient for detecting basic activities or gestures
in sensor signals. To enable comprehensive real-time applications, this work
seeks for innovative model designs that reduce the number of required model
parameters while maintaining high classification rates and short inference times
on smartwatches.

Complex Activities.

As stated in Section 2.1, human activities encompass a spectrum from fine-grained
motion units, such as limb or wrist movements, to low-level, self-contained mi-
cro-activities like walking, running, or postural transitions, which are composed
of several motion units. At the most complex level, macro-activities combine
sequential or concurrent micro-activities into cohesive tasks, such as practic-
ing a compound sports exercise or preparing a meal. The recognition of these
macro-activities is further complicated by interactions with objects (e.g., cook-
ing utensils) or other individuals (e.g., cooperative sports exercises) [7]. As the
complexity of activities and their interrelationships grows, recognizing them in a
resource-efficient manner becomes increasingly challenging.

Given the vast diversity of complex activities, this work focuses specifically on the
processing and recognition of sequential activities. These activities can be effec-
tively recognized from the perspective of a single individual, thereby eliminating
the need for intricate modeling of interactions between users and objects.
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Data Diversity.

Wearable sensor signals vary depending on the sensor placement, sensor types,
signal resolutions, and the performed activities (cf. Table 2.2). Moreover, demo-
graphic factors also influence the signals. For instance, people at various ages
exhibit distinct movement patterns and men may execute activities differently
than women. These variations, along with interruptions, waiting times, or label-
ing errors, can lead to notable discrepancies even in signals representing the same
activity. For example, Figure 2.6 compares two acceleration signals recorded at
the ankle during running. The signal patterns differ significantly, despite both
being labeled with the same activity.
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Figure 2.6: Three-axis accelerations recorded at the ankle during running (signals from [133]). The
right plot contains a typical running pattern with distinct peaks corresponding to steps,
while the left plot shows low-variance signals that are nearly constant, indicating minimal
movement.

Comprehensive datasets that account for signal diversity are essential for devel-
oping powerful and general WHAR models [7]. However, large-scale collection
and precise labeling of unbiased datasets that cover a wide variety of users and
activities at different granularity is time-consuming and expensive. Consequently,
many datasets only consider basic activities (e.g., walking, running) performed
by a limited number of users (cf. Section 2.5). To overcome the limitations of
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current datasets, this work explores methods for fusing sensor signals from di-
verse application scenarios and sensing configurations, thereby enabling a broader
understanding of human activity patterns in sensor signals.

2.7 Summary

WHAR is a multifaceted field of research that aims to understand and interpret
human activities in wearable sensor signals. These activities range from atomic
limb movements, over self-contained micro-activities like walking or running, to
complex macro-activities, such as playing cooperative sports exercises or prepar-
ing meals, that combine several micro-activities and even include interactions
between people and objects. ML-based activity classifiers and signal forecast-
ing models play a crucial role in managing this diverse spectrum of activities.
Despite their potential, these tools face significant challenges due to the limited
processing power of wearable devices and the lack of large-scale, versatile training
datasets. The individuality of users further complicates the automatic recognition
of activities in real-world scenarios.

Building upon these fundamental insights, this work explores innovative signal
representations and fusion techniques, and develops advanced ML models that
enhance wearable human activity recognition. In particular, this dissertation
presents novel GNNs and FMs that enable versatile WHAR applications while
addressing computational constraints and improving adaptability across users
and activities. The subsequent Chapters 3 and 4 lay the foundation for the
development of WHAR-tailored GNNs and FMs by introducing their key concepts
and summarizing previous research efforts regarding the application of these
architectures to the modeling of sensor signals and activity patterns.
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3 Basics of Graph Neural Networks
for Human Activity Recognition

With the increasing prevalence of wearable technology, efficient activity clas-
sification has emerged as a crucial research focus within the field of WHAR.
Traditional classifiers often rely on CNNs [53] or RNNs [67], which excel at
processing temporal information within wearable sensor signals [17, 177]. In
contrast, Graph Neural Networks (GNNs) offer a flexible approach to modeling
complex relationships within data by processing graphs with arbitrary vertex rela-
tionships [109, 150]. This chapter bridges the gap between GNNs and WHAR by
explaining fundamental GNN concepts and exploring their latest advancements
within the WHAR domain.

3.1 Graphs

According to [109], a graph G = (V, E) consists of a set of vertices V' and a set
of edges E C V x V. Each edge (v;,v;) € E defines a directed connection from
a source vertex v; € V' to a target vertex v; € V. In undirected graphs, all edges
are bidirectional, i.e., V(v;,v;) € E : (vj,v;) € E. Edges are called self-loops if
v; and v; are identical (¢ = j). Furthermore, edges can have weights a;; € R that
define the strength of the relationships.

The neighborhood N (v;) of a vertex v; is the set of vertices v; that are connected
to v; via an edge [40]:

N(Ui) = {Uj | (’UZ',U]‘) € E} 3.1
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Figure 3.1a illustrates an unweighted, directed graph with self-loops; Figure 3.1b
shows a weighted, undirected graph without self-loops.

a3 az3
(r)——(2) (o ()
(a) An unweighted, directed graph with self-loops. (b) A weighted, undirected graph without self-loops.

Figure 3.1: Example graphs with three vertices.

An adjacency matrix A € RIVI*IVl is a square matrix that defines the edge
relationships within a graph [31]. The rows and columns represent the graph
vertices. An edge exists between two vertices v;,v; € V if a;; # 0. In case of
unweighted graphs, the adjacency matrix is binary with each cell a;; € {0,1}.
Tables 3.1a and 3.1b present the adjacency matrices of the example graphs from

Figure 3.1.
Table 3.1: Adjacency matrices of the graphs from Figure 3.1.
(a) Unweighted adjacency matrix of graph 3.1a. (b) Weighted adjacency matrix of graph 3.1b.
V1 Vg U3 V1 V2 Us
U1 1 1 1 V1 0 a 12 Q13
Vg 0 1 1 V2 Q12 0 a3
(%] 0 0 O V3 a13 Q23 0

This work uses sparse adjacency matrices with many cells being zero. A storage
efficient method for handling sparse matrices is the coordinate list format (COO),
which represents sparse matrices with three lists that hold the row indices, the
column indices, and the values of the filled matrix cells [152].
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3.2 Graph Neural Networks

GNNs represent a powerful class of neural networks that leverage the inherent
structure of graphs to solve three distinct prediction tasks [150]:

1. For graph-level tasks, GNNs predict a label or property of the whole graph
(Figure 3.2a).

2. For vertex-level tasks, GNNs predict a label or property of a single vertex
(Figure 3.2b).

3. For edge-level tasks, GNNs predict the existence or attributes of edges
between two vertices (Figure 3.2c¢).
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(a) Graph-level (b) Vertex-level (c) Edge-level

Figure 3.2: Graph-level, vertex-level, and edge-level prediction tasks. The predicted graph compo-
nents are highlighted in teal color.

According to [20, 150], GNNs operate on graphs G = (V, E) where each vertex
v; € V has an f-dimensional feature vector x; € R/ that describes its internal
state. Consequently, X € RIVI*/ represents the vertex feature matrix. The edges

E are usually represented as adjacency matrices AIV1*IVI. Thus, the input to a
GNN is a graph G = (X, A).
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GNN:ss iteratively update the graph representations by aggregating features from
neighboring vertices using stacked GNN layers. The message passing frame-
work [52] provides the mathematical foundation for these layers. Following the
definitions in [20, 52, 150], message passing can be expressed as follows:

i = G(i, Do, e (o) (i, 25, aij)), (3.2)

where the learnable message passing function ) computes messages between a
vertex v; and its neighbor v; € N(v;), which may incorporate edge weights
a;j. @ is a permutation-invariant aggregation function (e.g., sum or mean),
applied element-wise across the feature dimensions of the neighboring vertices
v; € N(v;) (cf. Equation 3.1). ¢ is a learnable update function that transforms
the aggregated messages and sets the updated vertex feature vectors .

The receptive field of a vertex v; is given by its direct neighbors N (v;) [20].
Stacking multiple GNN layers expands this field as each layer successively up-
dates vertex features by aggregating information from an increasingly large set of
neighbors. Consequently, in a GNN with £ layers, each vertex can incorporate
information from vertices up to k hops away. However, stacking too many layers
increases the risk of over-smoothing vertex features [93]. Thus, common GNN
architectures use less than four layers [175]. Figure 3.3 illustrates the receptive
field expansion for a vertex after applying up to three GNN layers to a graph.

(a) Receptive field after one layer. (b) Receptive field after two layers.  (c) Receptive field after three layers.

Figure 3.3: Receptive fields (black) of the left-most vertex (teal) after applying one (Figure 3.3a), two
(Figure 3.3b), and three (Figure 3.3c) GNN layers to a graph.

Common GNN layers include the graph convolutional layer (GCN) [86], the gated
graph convolutional layer (GGC) [97], or the graph attention layer (GAT) [151].
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3.2 Graph Neural Networks

The following paragraphs explain the GNN layers that are relevant for this disser-
tation. This work implements GNNs with the Spektral API [55] in TensorFlow [5]
and Keras [29].

Gated Graph Convolutional layer (GGC).

The GGC layer updates graph representations by integrating message passing (cf.
Equation 3.2) with a Gated Recurrent Unit (GRU) [27] as follows [55, 97]:

1. Given a desired number of hidden channels ¢ > f, where f is the dimen-
sionality of the input vertex feature vectors z; € R, pad each feature vector
to match the number of hidden channels:

b =20, (33)

where 0 € R¢~7 is a zero vector of size ¢ — f.

2. Update the hidden states hgl) € R€ by iteratively applying the following
operations L times:

m = 3 aTwo, (34)
v; €N (vy)
b =GRU(m", h("™), (35)

where ml(-l) represents the aggregated messages from neighboring vertices

and hl(l) are the updated hidden states after the [-th iteration. W) € Rex¢
is a trainable weight matrix. GRU updates the hidden states based on the

0} 1-1)

current messages 1, ~ and the previous hidden states hz(»

3. After L iterations, update the vertex feature vectors with the final hidden
states hz(-L):
P (3.6)
By combining message passing with GRUs, the GGC layer effectively captures
both local graph structure and temporal dependencies between vertices.

35



3 Basics of Graph Neural Networks for Human Activity Recognition

Graph Attention layer (GAT).

The GAT layer updates vertex features by incorporating masked self-attention into
the message passing framework [55, 151]:

X'=aXW +0b, (3.7

where W € Rf*¢ is a trainable weight matrix with ¢ > 0 channels, b € R¢ is
a bias term, and « is the attention matrix that weights the importance of each

vertex:
E(LeakyReLU(aT [(XW); || (XW)J]))

(3.8)

e (o) LRI TXW) TXW)T)

where a € R2C is a trainable weight vector. In contrast to the standard softmax,
the sum in the denominator does not iterate over all vertices of the input graph
but considers only the vertices in the neighborhood of the source vertex v;. This
modification enables the attention mechanism to incorporate the structure of the
input graph in the calculation of the attention scores.

Pooling layers.

Pooling layers change the graph structure or determine global graph features by
extracting certain vertices or edge relationships. Top-k pooling [22, 46], for ex-
ample, multiplies the vertex feature vectors x; with an f-dimensional vector p
and extracts the £ > 0 vertices with the largest values y; = z;p and their edge
relationships. Global pooling layers, on the other hand, aggregate the entire set
of vertex feature vectors and output a single f-dimensional vector g that repre-
sents the whole graph. This work leverages average (AVG) [55] and maximum
(MAX) [55] pooling, as well as custom minimum (MIN) [1], standard devia-
tion (STD) [1], and last vertex pooling (LVP) [2] operations as global feature
aggregation functions:

VI

1
Q?VG = m Z Tij, 3.9)
i=1
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Max _ V]

g; = MaXTij, (3.10)
wn _ Y
gj = minzg, 3-11)
i=1
1 Vi
9" =\ 77 2w — 9P 312
i=1
g]LVP = zpv;s (3.13)

where x;; represents the j-th feature of the i-th vertex and |V| denotes the number
of vertices in a graph.

3.3 Applications in Wearable Human Activity
Recognition

Although wearable sensor signals are typically represented as time-series, con-
verting them into graphs enables the application of GNNs, which can capture
complex structural dependencies in the data. To ensure competitive recognition
rates, such graphs must accurately reflect essential signal properties. As demon-
strated in [113], GNNs can outperform state-of-the-art classifiers like DeepConv-
LSTM [122]. Table 3.2 categorizes previous GNN research with applications in
WHAR based on the GNN task (cf. Figure 3.2), the graph representations, the
edge relationships, and the vertex representations.

The vast majority of researchers present GNNs that operate on the graph-level.
These approaches typically employ signal-graph transformations, where graphs
represent either (1) a signal window (window graphs) or (2) an individual time
step (time step graphs). Additionally, some methods construct (3) activity graphs,
where vertices correspond to activities or key objects involved in executing a
specific activity. Figure 3.4 illustrates examples of these three graph structures.
However, other edge relationships and vertex representations are also possible,
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3 Basics of Graph Neural Networks for Human Activity Recognition

Table 3.2: State-of-the-art GNNs for WHAR. Italic references mark this work’s publications. MHAP [169]: multivariate highly activated

period.
Task Graph Representations Edge Relationships Vertex Representations References
graph-level window fully-connected channels [71]
locations [113]
Sensors [157]
similarity channels [100, 155, 168]
skeleton locations [103]
skeleton, sensor type, similarity sensors [25]
skeleton, temporal locations, time steps [167]
temporal MHAPs [169]
time steps [1]
time step fully-connected sensors [23]
skeleton locations [58, 154, 176]
activities temporal windows [65, 116]
activities, objects external knowledge word embeddings [72, 123]
vertex-level activities fully-connected windows [115,119]
similarity windows [135]
edge-level activities, users, context hyper-edges activities, users, context [49, 50]
activities temporal windows [2]
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3.3 Applications in Wearable Human Activity Recognition

especially when switching between graph-level, vertex-level, and edge-level recog-
nition tasks (cf. Table 3.2).

(a) Window graph (b) Time step graph. (¢) Activity graph.

Figure 3.4: Example window, time step, and activity graphs. For instance, [71] presents a fully-
connected window graph (a), where each vertex represents a sensor channel (e.g., X-axis
acceleration) or an output channel of a CNN; [23] presents a fully-connected time step
graph (b), where each vertex represents the reading of a specific sensor at a given time step
within a window of length w; and [116] presents a linear activity graph (c) that represents
a basic activity, where each vertex contains the average sensor readings during a sliding
window of that activity.

Typically, graphs represent fixed-length signal windows or sensor readings at par-
ticular time steps and are either fully-connected (Figure 3.5a), partially connected
(Figure 3.5b) based on a similarity metric (e.g., Pearson correlation, Mahalanobis
distance, cosine similarity), structured like the human skeleton (Figure 3.5c¢), or
connected according to the temporal order of their vertices (Figure 3.5d). Instead
of representing sensor signals as graphs, some researchers model interactions
between activities using graphs with partially-connected edges, temporally con-
nected edges, hyper-edges that connect activity, user, and context vertices, or
edges derived from external knowledge bases.

In skeletal graphs, vertices represent either the sensor locations on the human body
or derived body joints; edges connect vertices according to the spatial structure of
the human skeleton. Researchers that leverage skeletal graphs follow the premise
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@ D W =

(a) Fully-connected (b) Partially connected (c¢) Skeleton (d) Temporal

Figure 3.5: Illustrations of graph structures that have been used in WHAR literature. Fully-connected
graphs (3.5a) connect all vertices with each other. Partially connected graphs (3.5b)
connect vertices based on similarity metrics or external knowledge. Skeletal graphs
(3.5¢) connect vertices according to the spatial structure of the human skeleton. Temporal
graphs (3.5d) connect vertices through time. Self-loops can improve the graph structures.

that the human skeleton restricts the movement radius of physically connected
body parts [103]. Connected body parts cannot move independently and thus,
sensor signals from such body parts exhibit correlating properties [ 103]. However,
some movements or activities also exhibit parallels between unconnected body
parts that can be explored based on the similarities of their signals [167].

Vertices either represent individual sensor channels (i.e., the x-, y-, and z-axis
of a three-axis accelerometer are three different vertices), all channels of one
or more sensors, the sensor locations on the human body, or body joints. The
vertex features vary between signal windows, signals at time steps, or aggregated
signal representations. Signal aggregations can be simple statistical functions,
such as the mean or the standard deviation, complex signal representations, such
as spectrograms, or features derived from inherent neural networks, e.g., CNN
channels, hidden states of neural networks, or multivariate highly activated periods
(MHAPs). Some researchers also investigate the coupling of WHAR with word
embeddings from external knowledge bases.

The following sections briefly describe the publications from Table 3.2, focusing
on signal-graph transformations and graph processing.
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3.3 Applications in Wearable Human Activity Recognition

3.3.1 Graph-Level Recognition

Graph-level approaches leverage signal-graph and activity-graph transformations
to construct window graphs, time step graphs, or activity graphs (cf. Figure 3.1).

Window Graphs.

Huang et al. [71], Miao et al. [113], and Wang et al. [157] construct weighted fully-
connected graphs from signal windows. The vertices represent sensor channels
(e.g., x-axis acceleration) or output channels of an upstream CNN [71], combine
all axes of a single sensor (e.g., three-axis acceleration) [157], or all axes from
all sensors at a given sensor location [113]. The researchers leverage different
similarity metrics to weight the interaction between vertices. [71] sets the edge
weights to the softmax of the negative square distances between two vertex feature
vectors, [113] learns edge weights via a two-layered CNN with softmax output,
and [157] takes the softmax of the dot product similarity between two vertex
feature vectors. [71] and [113] update the vertex representations by summing
the weighted features vectors in their neighborhoods, while [157] presents a
hierarchical graph pooling layer to compute vertex representations.

Another application for similarity metrics is the construction of partially con-
nected graphs. Liao et al. [100], Wang et al. [155], and Yang et al. [168] combine
Pearson correlation with thresholds to build partially connected graphs. The
vertices represent individual sensor channels during short signal windows. Two
vertices are connected if the Pearson correlation between their feature vectors
exceeds a predefined threshold. [100] and [168] construct unweighted graphs,
while [155] uses the correlation coefficients as edge weights. [100] leverages
Chebyshev graph filtering with residual connections to update the graph; [168]
uses ChebNet layers from [36]. [155] implements a custom graph attention layer
that can handle weighted graphs.

Liu et al. [103], Chen et al. [25], and Yan et al. [167] leverage skeletal information
to transform signal windows into partially connected graphs. In [103], vertices
represent the sensor signals at different body positions during fixed-length win-
dows and unweighted, undirected edges link vertices of connected body parts.
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[103] leverages message passing with a customized gating function to update the
vertex features. In [25], vertices represent individual sensors. In addition to the
skeleton graph, [25] builds two additional graphs with the same vertex representa-
tions to gain more detailed insights from signal windows. The first graph connects
vertices that represent the same sensor type; the second graph is a fully-connected
graph that weights its edges based on the cosine similarity between the features
of adjacent vertices. [25] updates the vertex feature vectors using separate GCNs
per graph. [167] builds graphs that fuse spatial and temporal information. The
vertices represent the sensor locations on the human body. The vertex features
are the sensor readings at a given point in time during a window. Spatial edges
connect vertices from the same time step based on the human skeleton, while tem-
poral edges link vertices that represent the same body location in their temporal
sequence. [167] processes the graphs with alternating GCN and CNN layers.

Younis et al. [169] take a unique approach to derive partially connected graphs
from signal windows. Vertices represent multivariate highly activated periods
(MHAPs) in CNN layers. Directed edges connect MHAP vertices within the
same layer and between subsequent layers. The authors apply DeepWalk [128] to
generate fixed-size graph embeddings from the resulting structures.

Time Step Graphs.

Cao et al. [23] construct three weighted fully-connected graphs per time step
within a sliding window, where each vertex represents the reading of a specific
sensor at a given point in time. The first graph is a similarity graph. It updates the
vertex features using a multi-layer perceptron. The edge weights are the pairwise
cosine similarities between the updated vertex feature vectors. The second graph
is a discrete graph. It updates the vertex features and the edge weights based on
the Gumbel reparameterization [78, 106, 137]. The third graph is a dilated graph.
The edge weights of the dilated graph represent the cosine similarities between
the hidden representations of two vertices after applying a dilated 1D convolution
to the vertex feature vectors. [23] processes these time step graphs separately
using GAT layers and aggregates them using a Graph LSTM [99].
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Han et al. [58], Wang et al. [154], and Zhao et al. [176] build unweighted time
step graphs that leverage the spatial structure of the human skeleton. In [58] and
[176], vertices contain sensor signals at a given point in time. [176] introduces
additional vertices that represent the coordinates of body joints in videos. [154]
derives body joints from the sensor placements, the length of the users’ limbs,
accelerometer signals, and gyroscope signals. The coordinates of these body
joints are the vertex feature vectors. In all three publications, the edges represent
natural skeletal relationships. [58] uses ChebNet layers to update the graphs,
[176] uses graph convolutions, and [154] uses GCNs. The researchers use either
CNNs [176], LSTMs [154], or both [58] to aggregate subsequent time step graphs.

Activity Graphs.

Mondal et al. [116] and He et al. [65] model graphs per user and activity, where
each graph represents a basic activity. Each vertex contains the average signal
features during a sliding window of that activity. Undirected, unweighted edges
connect the vertices based on their temporal order, forming linear graphs. [116]
processes activity graphs with GCN and Top-£ pooling layers; [65] uses GAT.

Huang et al. [72] combine WHAR graphs with external knowledge graphs. The
resulting heterogeneous graphs contain vertices that either represent an activity
or an object. The authors detect activities in sensor signals and video clips
using LSTMs and recognize relevant objects in the video streams using Inception-
V3 [145]. They further use the English subgraph of ConceptNet [143] to initialize
the vertex feature vectors with their corresponding word embeddings and to derive
edges between activity and object vertices. The authors implement three separate
GNNs to model activity-object relationships with the external knowledge graph.
In [123], Pan et al. introduce a knowledge-aware human activity classifier for few-
shot learning that also leverages external knowledge from the English subgraph
of ConceptNet to build graphs with activity and objects vertices.
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3.3.2 Vertex-Level Recognition

Mohamed et al. [115] and Nian et al. [119] exploit the idea that human activities
follow a natural order (e.g., showering after exercising [115] or stretching before
exercising [119]) to classify unlabeled activities based on surrounding activities.
The researchers construct fully-connected, unweighted graphs, where vertices
represent signal windows. The vertex representations are split into two parts: the
sensor signals during the window and the label of the performed activity. If a label
is unknown, the label part of the feature vector is zero. [115] leverages GCN and
CNN layers to infer missing labels; [119] uses GCN and fully-connected layers.

Sarkar et al. [135] follow a similar approach as [115, 119]. However, they model
partially connected activity graphs per user instead of fully-connected graphs.
Each vertex represents a fixed-size window of a certain activity. The vertex
feature vectors are the aggregated features of a window, e.g., mean, skewness, or
standard deviation, and their activity labels. Edges connect two vertices if the
Mahalanobis distance of their features is less than a given threshold. The proposed
model contains up to three GCN layers and two subsequent fully-connected layers.

3.3.3 Edge-Level Recognition

Ge et al. [49] model user-activity-context relationships as heterogeneous hyper-
graphs with weighted, undirected hyper-edges. A vertex represents either a user, a
context, or an activity. The vertex features are the average values of all signals that
belong to the corresponding activity, user, or context. Since a user can perform
various activities within the same context (e.g., the same phone placement), each
weighted hyper-edge connects a user vertex with a context vertex and at least one
activity vertex. The edge weights are the average values of signals that belong
to the corresponding user-activity-context triples. The authors present a custom
GNN that classifies the activities and context of heterogeneous hyper-edges. This
is an edge-level recognition tasks, since each new input signal represents a hyper-
edge that connects heterogeneous vertices of unknown classes. In [50], the
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same authors improve their context-aware GNN by adding support for incomplete
hyper-edges, i.e., edges that have no information regarding the activity or context.
Furthermore, they improve the distinguishability between the features of different
vertex types by adding a contrastive loss function.

3.4 Summary

GNN:ss facilitate the seamless integration of domain knowledge into WHAR ap-
plications through flexible graph structures, enhancing their effectiveness and
versatility in real-world scenarios. Additionally, shallow architectures and mini-
mal layer counts make GNNs particularly well-suited for wearable applications,
where resource constraints demand efficient and compact network designs. For
these reasons, GNNs represent a valuable alternative to traditional neural net-
work architectures for WHAR. However, many existing solutions rely on sig-
nals from multiple body locations to create comprehensive skeletal graphs (e.g.,
[25, 103, 167]), construct graphs that overlook temporal information in sensor
signals (e.g., [100, 155, 168]), or involve large models with one million or more
trainable parameters (e.g., [25, 71, 113]). Hence, there is significant room for
improving signal-graph transformations and for developing WHAR-tailored GNN
architectures. Chapter 5 introduces an efficient signal-graph transformation and a
lightweight GNN architecture for wearable activity classification. Chapter 6 takes
GNN-based WHAR a step further by transforming the complex task of sequential
activity prediction into a graph link prediction problem.
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Human Activity Recognition

WHAR models are typically trained in an end-to-end manner, where the learning
process involves updating their trainable parameters based on predefined input-
output pairs (cf. Sections 2.3 and 2.4). This approach requires a sufficient
amount of labeled training data to ensure the models generalize well. The more
complex the model architectures get, the more data is needed to prevent overfitting.
In WHAR, however, labeled datasets are often limited in size, covering only a
small number of activities and users due to the time-intensive processes of data
collection, preparation, and annotation (cf. Section 2.5).

Foundation Models (FMs) [18] offer an alternative training approach that reduces
the need for vast amounts of labeled training data. Instead of traditional end-to-end
training, FMs employ a two-phase learning process, enabling the development of
larger, more complex, and more adaptable architectures. During the pre-training
phase, self-supervised learning updates the model weights to capture underlying
structures and patterns in unlabeled data [18]. This process allows the model
to develop general representations that can later be refined for specific tasks.
The second phase, supervised fine-tuning, customizes the model for downstream
applications by either refining the pre-trained weights or appending and training
additional layers tailored to the target task [18].

While self-supervised pre-training and supervised fine-tuning are familiar tech-
niques in the WHAR community [104], FMs and their large-scale pre-training are
less thoroughly explored for WHAR tasks. Therefore, this chapter defines FMs in
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the WHAR domain and explores fundamental concepts such as self-supervised
pre-training, cross-dataset evaluation, and task-specific fine-tuning.

4.1 Foundation Models

Bommasani et al. define the term Foundation Model (FM) as “any model that is
trained on broad data [...] that can be adapted [...] to a wide range of downstream
tasks” [18]. However, this definition is very broad. Lawmakers of several coun-
tries have clarified the term by emphasizing the extreme size and risk potential [16]
or the generality [43] of FMs. Nonetheless, the fundamental characteristics of
FMs remain consistent across all definitions: self-supervised pre-training on large,
diverse data, and adaptability through task-specific fine-tuning. FMs are either
restricted to a single data modality (e.g., text [130] or images [42]) or offer ex-
tended generalizability as multi-modal models [18] that fuse data from multiple
modalities (e.g., text and images [84]) to gain a deeper understanding of their
application domains.

In the WHAR domain, however, data is not available in large volumes, signals
differ between users, sensors, and sensor placements, and models are limited
to a few tens of thousands of parameters to ensure wearable deployability (cf.
Sections 2.5 and 2.6). To address these unique challenges, this work adapts
Bommasani’s definition to WHAR:

Inertial WHAR-FMs are neural networks pre-trained on inertial
sensor signals from diverse sensor configurations and activity con-
texts, designed to be adaptable to WHAR tasks such as activity
classification or signal forecasting.

Figure 4.1 illustrates the workflow of WHAR-FMs. Given the variability in sens-
ing devices, sensors, and activity domains, the homogenization of input signals
is crucial for ensuring the generalizability of these models. Moreover, WHAR-
FMs must accommodate the resource constraints of wearable devices to enable
practical everyday applications.
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Downstream Tasks

Inertial Sensor Signals
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Figure 4.1: Workflow of WHAR-FMs - from sensor data acquisition through pre-training to fine-
tuning for downstream activity classification or signal forecasting.

4.2 Self-Supervised Pre-Training

Self-Supervised Learning (SSL) and pre-training enable FMs to autonomously
discover characteristic properties of unlabeled data [18]. Self-supervised pre-
training objectives guide the learning process, but do not necessarily resemble the
ultimate downstream goal of the models. Therefore, the design and selection of
meaningful pre-training objectives is of great importance for pre-trained FMs to
achieve generality.

Table 4.1 categorizes previous SSL approaches in WHAR according to their pre-
training objectives, model architectures, downstream evaluation tasks, and the
existence of cross-dataset validations. These SSL approaches aim to extract char-
acteristic signal abstractions with CNNs, RNNs, or Transformers that facilitate
their use in downstream tasks like classification, clustering, or signal forecasting.

A simple pre-training objective is signal reconstruction, where the goal of a model
z is to accurately reconstruct the input signal s [60]. Therefore, the output z(s) of
the model should match its input, i.e., z(s) = s. For instance, autoencoders use
this reconstruction objective to project input signals into a representative latent
space while aiming for perfect reconstruction [60].

Masking approaches learn to reconstruct signals with masked values. They in-
volve nullifying specific sensor readings in s to create a masked signal 3, which
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Table 4.1: Pre-training objectives, network architectures, validated downstream tasks, and the existence of cross-dataset validation in self-
supervised WHAR models. Italic references mark this work’s publications.

Pre-Training Objective(s) Architecture Downstream Task Cross-Dataset References
Contrastive Learning CNN Classification No [38, 77]
CNN, RNN Classification No [161]
Masking CNN Classification No [37]
Transformer Classification No [112]
Transformer Classification Yes [61, 164, 165]
Masking + Contrastive Learning Transformer Classification Yes [69]
Causal CNN Classification No [131]
CNN, RNN Classification No [142]
Causal + Contrastive Learning  CNN, RNN Classification No [62]
Causal + Reconstruction RNN Clustering No [6]
Transformation Detection CNN Classification No [76]
CNN Classification Yes [134]
Transformation Detection Transformer, CNN Classification Yes [80]
+ Contrastive Learning CNN Clustering No [8]
Masking or Causal Dual-View Mixing Signal Forecasting Yes [3]
Reconstruction Multi-Resolution Classification Yes [4]

Wavelet-Attention
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is then fed into a model z that infers the masked values based on the surrounding
signal context [165], i.e., 2(§) = s. Masked Signal Modeling (MSM [3], Fig-
ure 4.2a) derives from Masked Language Modeling [39]; it nullifies the sensor
readings at npy,« randomly selected time steps. During pre-training, the random
selection varies from mini-batch to mini-batch. This way, MSM teaches the model
to reconstruct missing values from the broad signal context. Other masking ap-
proaches include nullifying the sensor readings of ny, consecutive time steps
(span masking) [164, 165] (Figure 4.2¢) or (partially) masking single sensor axes
(spatial masking) [112, 131] (Figure 4.2d) and have been applied to input signals
(e.g., [61]) or latent representations (e.g., [37]).

(¢) Span masking (cf. [165]). (d) Partial axis masking (cf. [131]).

Figure 4.2: Overview of different masking approaches.

A special form of masking is Causal Signal Modeling (CSM, Figure 4.2b), which
is derived from Causal Language Modeling [130]. CSM learns to forecast future
signal values based on previous signals from the same or different sensors by
reconstructing the nullified sensor readings at the last npy,s time steps. For
instance, Haresamudram et al. [62] forecast multi-modal sensor signals from their
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pasts. Rahimi et al. [131] forecast only the z-axis of acceleration based on the
past acceleration in z-direction and the whole acceleration signals in x- and y-
directions. Spathis et al. [142] use signals from one sensor (e.g., accelerometer)
to predict signals from another modality (e.g., heart rate).

Contrastive learning approaches learn embeddings that maximize the similarity
between similar (positive) pairs of input signals while minimizing the similarity
between dissimilar (negative) pairs. For instance, Jain et al. [77] consider tempo-
rally aligned signals from sensors at different body locations as positive samples
and temporally misaligned signals from different locations as negative samples.
Deldari et al. [38] present a similar approach that identifies temporally aligned
signals from different sensor modalities (e.g., sensor types) as positive samples,
while temporally distant signals from the same modalities and random batch sam-
ples are negative. Wu et al. [161], on the other hand, compare input signals with
automatically generated signal representations in a contrastive setup.

Transformation detection approaches apply random augmentations to input sig-
nals and learn to recognize the applied transformations in a multi-class learning
environment. For instance, Saeed et al. [134] pre-train their model to detect eight
signal transformations, including the addition of random noise to input signals, the
scaling, rotation, vertical and horizontal flipping, permutation, the time-warping
of signals, and the shuffling of the signal channels. Islam et al. [76] apply the
same transformations to inertial sensor signals.

Some researchers even combine different pre-training objectives to derive more
extensive embeddings [6, 8, 62, 69]. Apart from the pre-training objectives men-
tioned in Table 4.1, there are also other pre-training approaches in the WHAR area.
For instance, some researchers leverage supervised transfer learning (e.g., [68]),
others extract signal features with unsupervised autoencoders (e.g., [60]), or apply
semi-supervised training objectives (e.g., [44, 45, 129, 147, 170]).

Inspired by transfer learning, cross-dataset validation evaluates the generalizability
and transferability of pre-trained models to unseen domains. This method involves
pre-training a model on one dataset and assessing the learned embeddings on
one or more other datasets from different sources (e.g., [80]). Xu et al. [165]
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even merge the unlabeled data from four datasets and evaluate the classification
accuracy of the derived representations on each dataset individually. Similarly,
Hong et al. [69] pre-train their model on three unlabeled datasets and present the
classification accuracy on a fourth dataset. However, with only six publications
that employ cross-dataset validation listed in Table 4.1 (plus two from this work),
this evaluation strategy is rather uncommon in self-supervised WHAR research.

4.3 Task-Specific Fine-Tuning

Task-specific fine-tuning adapts a pre-trained FM to real-world downstream tasks,
leveraging its general knowledge while tailoring it to specific applications (cf.
Figure 4.1). A common fine-tuning workflow has the following steps [28, 156]:

1. Append additional, yet untrained layers that are specific to the downstream
task to the pre-trained model (Figure 4.3).

2. Freeze the weights of the pre-trained layers to preserve their learned repre-
sentations during fine-tuning.

3. Re-train the model on labeled data using supervised learning. During fine-
tuning, only the newly added layers are trainable, allowing the pre-trained
knowledge to remain intact while the model adapts to the new task.

After this initial adaptation, an optional refinement step involves (partially)
unfreezing and retraining pre-trained layers to further align the model with the new
task [28]. This step requires a small learning rate (e.g., 1e-5) to avoid catastrophic
forgetting of pre-trained knowledge and to prevent overfitting [28].

An alternative strategy is surgical fine-tuning, which updates only subset of
weights in the pre-trained model while others remain fixed [91]. This method
is particularly useful for adapting models to changes in input or output distribu-
tions [91].
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Jilikilili

Base Head

Figure 4.3: Task-specific fine-tuning by appending new layers to a pre-trained model. The base
contains the frozen pre-trained layers, while the head consists of additional layers tailored
to the downstream task.

4.4 Summary

Foundation models have the potential to revolutionize the development of novel
WHAR approaches by leveraging unlabeled sensor data for pre-training and task-
specific labeled data for fine-tuning. However, self-supervised pre-training re-
quires vast amounts of training data and sophisticated pre-training strategies that
capture the intrinsic characteristics of human inertial signals and activities. Due
to the heterogeneity of WHAR datasets and the lack of standardized pre-train-
ing frameworks, large-scale pre-training remains challenging. To address these
challenges, Chapter 7 presents a framework for harmonizing WHAR datasets and
enabling large-scale, location-invariant pre-training of WHAR-FMs. Chapters 8§
and 9 implement WHAR-FMs for signal forecasting and activity classification,
respectively. Moreover, these chapters evaluate the significance of data volumes
and their impact on recognizing and forecasting signals of different activities.
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5 Lightweight Activity
Classification on the
Graph-Level

GNNs for WHAR encode domain knowledge by modeling temporal relation-
ships between sensor readings or spatial relationships between sensors and sensor
channels as graphs (cf. Section 3.3). These graph representations enable the
structured analysis of complex relationships within sensor signals beyond linear
connections in time, up to the detection of compound activities. To ensure effec-
tive activity classification, the graphs must remain distinguishable across different
activities while respecting the strict resource constraints of wearable devices.
Based on TinyGraphHAR: Enhancing Human Activity Recognition With Graph
Neural Networks [1], this chapter presents a signal-graph transformation that cap-
tures the temporal context in sensor signals, coupled with a lightweight GNN
architecture for efficient graph-level activity recognition. This approach, which
provides a novel perspective on interpreting sensor signals as graphs, achieves
state-of-the-art classification performance while using fewer network parameters
than comparable models.

5.1 Signal-Graph Transformation

WHAR applications typically process fixed-length signals windows s (cf. Sec-
tion 2.1). Building on this processing paradigm, this work converts signal windows
into graphs using the following signal-graph transformation:
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1. Apply a I-level DWT with the Haar Wavelet to a signal s € R?“*/, but
extract only the low-frequency approximation coefficients cA € R¥*/.

2. Construct a graph from cA that captures temporal relationships between
the coefficients.

Step 1 smoothes s by extracting its low-frequency approximation coefficients
and omitting high-frequency components. Provided that the input signals were
recorded at a sufficiently high sampling rate, extracting cA is fine for WHAR
tasks since human activities predominantly occur at a maximum frequency of
15 Hz [33]. Furthermore, the approximation coefficients have only half as many
time steps as s, which helps keeping the graphs small.

Step 2 converts the approximation coefficients into graph vertices v; € V. Each
v; contains a feature vector x; € X that holds the f-dimensional cA; at time ¢;

withi € {1,...,w}. Additionally, step 2 links the vertices v; to all vertices v; in
their neighborhoods
Ni(vi) = {v; | max(1,i — k) < j < min(i + k,w)}, k € NT. (5.1

Self-loops v; € N (v;) ensure that GNNs include the features of the source vertices
in the computation of their updated representations (cf. Equation 3.2). In edge
cases where i — k < 1 or i + k& > w, the neighborhoods get truncated and thus,
are smaller than those of the inner vertices. The resulting signal graph G reflects
the time course of the input signal as Nj, defines the symmetric neighborhood
around v; and includes all intermediate vertices between v;_ and v, .

Figure 5.1 illustrates the signal-graph transformation with N, for a short signal
window with w = 5 time steps and f = 3 distinct features.

To ensure high expressiveness and capacity of the graphs while keeping the number
of edges small and not overloading the graphs with complex edge relationships
that are difficult to interpret, this work compares neighborhoods up to & = 3:
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Figure 5.1: Signal-graph transformation for lightweight WHAR with GNNs (adapted from [1]). This
example transforms the approximation coefficients cA of a three-dimensional signal into
a graph G with w = 5 vertices. Each vertex v; € V represents the features x; at time ¢;

withi € {1,...

,w}. The edges connect the vertices according to Equation 5.1.
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Ni(vi) = {vi, vi—1, i1}, (5.2)
Na(vi) = {vi, Vim1, Vig1, Vie2, Vig2}, (5.3)
Ni(v;) = {vi, Vi1, Vi1, Vim2, Vit2, Vi3, Vit3 }. 5.4

For k = 1, only the main diagonal (self-loops) of the square adjacency matrix
A"*® and its first upper and lower secondary diagonals (direct temporal neighbors
of v;) are filled with ones; the other cells contain zeros. £ = 2 additionally fills the
second-order upper and lower secondary diagonals (indirect neighbors of v;) with
ones; k = 3 the third-order diagonals. After applying Step 1, the cA windows are
usually small with 32 < w < 256 time steps. In turn, the resulting graphs are also
small with |V| = w vertices and highly sparse adjacency matrices. Furthermore,
Equation 5.1 ensures that A remains identical for all signal graphs as long as k and
w do not change. Hence, this signal-graph transformation ensures the reusability
of A with low resource requirements through the one-time generation and storage
of the adjacency matrix.

5.2 Model Design

Figure 5.2 presents a lightweight, graph-level GNN architecture for classifying
signal graphs G = (X, A). This model analyzes signal graphs in three steps:

1. Graph Processing,
2. Feature Extraction,

3. Downstream Classification.

The Graph Processing part analyzes a signal graph with a GGC and a GAT layer
(cf. Section 3.2). The GGC expands the feature dimension f of the vertex features
X € R¥*/ to ¢ channels and captures temporal relationships between the vertices
through a GRU operation. It outputs an updated feature matrix X € R**¢. The
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Figure 5.2: The lightweight GNN architecture for signal graph classification (adapted from [1]). The
Graph Processing block leverages structural information of the input graphs G = (X, A)
to update the vertex features. The Feature Extraction block breaks the graph structure and
incorporates global statistics to learn representative vectors from the vertex features only.
The Downstream Classification block detects the performed activity y € Y.

GAT layer refines these features by dynamically attending to neighboring vertices
using ny, attention heads. Each head learns unique attention weights that focus on
different aspects of the graph’s structure. As a result, the GAT layer transforms
the vertex features X from shape (w, ¢) to (w, nyc).

During Feature Extraction, the model extracts patterns from X that are most rel-
evant for downstream activity classification. This step breaks the graph structure
by aggregating the updated vertex features using n,, = 4 global pooling operations
AVG, STD, MIN, and MAX (cf. Equations 3.9 to 3.12). This results in four nj,c-
sized vectors that emphasize key properties of the updated vertices. The reshape
operation transforms the pooled features from (n,, nyc) to (n,, ¢, ny) to be com-
patible with the subsequent 2D convolution. This convolution applies a kernel
of size (n,, 1) to aggregate information along the n, dimension of the reshaped
features. This operation effectively reduces the output shape to (1, ¢, ny) while
preserving the channel and attention head dimension. Flattening prepares the
output for downstream classification; dropout prevents overfitting and improves
generalization by randomly deactivating d % of the neurons during training. In
the end, the Feature Extraction block outputs (nc, )-shaped vectors.
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5 Lightweight Activity Classification on the Graph-Level

The Downstream Classification block predicts the most probable activity y € Y
with three subsequent fully-connected layers (FC1 to FC3). These layers gradually
reduce the hidden dimensions from (n¢, ) to the number of classifiable activities
|Y'|. FC1 and FC2 output (| (|previous layer| + |Y|)/2], )-shaped vectors, while
FC3 has |Y'| output neurons. Here,

previous layer| is the number of neurons in
the preceding layer. For FC1, the previous layer is the dropout layer which outputs
(nne, )-shaped representations; for FC2, the previous layer is FC1.

5.3 Implementation and Evaluation Details

The proposed signal-graph transformation and GNN architecture are highly con-
figurable. Selecting appropriate hyperparameters is essential for achieving optimal
model performance and ensuring wearable applicability. To assess the reliability
and effectiveness of the lightweight GNN for human activity classification, this
work trains it on four benchmark datasets. This section provides a comprehensive
overview of the implementation and evaluation process by detailing the hyperpa-
rameters (Section 5.3.1), outlining the data preparation steps (Section 5.3.2), and
describing the training setup (Section 5.3.3).

5.3.1 Hyperparameters

The GNN contains several customizable hyperparameters, such as the number of
hidden channels or attention heads, that impact classification performance and
model size. This work uses the values from Table 5.1 to ensure high classification
performance while keeping the classifiers small with 2,470 to 8,080 trainable
parameters only.

Moreover, the layers apply specific activation functions that enhance the extraction
of meaningful signal patterns. The output layer FC3 uses the sigmoid activation for
binary classification tasks and the softmax activation for multi-class classification.
FC2 uses tanh activations. All other layers use LeakyReLLU with oo = 0.3.
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Table 5.1: Model configuration.

Parameter Value(s)

Channels ¢ {12,20}
Attention Heads ny, 3
Pooling Operations 7, 4

Dropout Factor d 20 %

The graphs also have configurable hyperparameters that define their structure (cf.
Table 5.2). The window size and the number of features depend on the signals
and sensors provided by the training datasets. The ideal neighborhood size must
be determined experimentally. This work compares small neighborhoods up to
k=3.

Table 5.2: Graph configuration.

Parameter Value(s)
Window Size w N+t
Features f N+

Neighborhood N, {Ny, N3, N3}

5.3.2 Data Preparation

This work evaluates the GNN on four benchmark datasets: KU-HAR [141],
PAMAP2 [133], UCI-HAR [10], and Daphnet [12]. These datasets represent a
wide variety of daily living activities, sensing setups, and demographic structures
(cf. Table 2.2). KU-HAR provides non-overlapping 3 s signal windows. The
other datasets provide continuous sensor signals. This work splits those signals
into windows of 5.12s for PAMAP2, 2.56 s for UCI-HAR, and 1s for Daphnet
with a 50 % overlap. These durations are given by the respective publications.
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5 Lightweight Activity Classification on the Graph-Level

Only for Daphnet, this work sticks with the window duration from [177] to keep
the GNN comparable with state-of-the-art classifiers.

The signal-graph transformation (cf. Section 5.1) constructs graphs from signal
windows. Since window lengths and sampling rates differ between datasets, the
resulting graphs have different numbers of vertices, ranging from |V | = w = 32
for Daphnet to 256 for PAMAP2. Additionally, the datasets provide different
types and quantities of sensors (cf. Section 2.5). Hence, the number of features
f per vertex also varies. Table 5.3 summarizes the graph dimensions per dataset
along with the durations of the respective signal windows in seconds.

Table 5.3: Vertex feature dimensions X € R**/ and window durations per dataset.

Dataset w f Duration

Daphnet 32 9 1s
UCI-HAR 64 6 2.56s
KU-HAR 150 6 3s
PAMAP2 256 18 5.12s

Table 5.4 lists the space requirements in kB for storing the GNNs as TensorFlow
Lite models with 32 bit weights per dataset and channel count c. The datasets
differ in their feature counts f (cf. Table 5.3) and the number of activities
|Y| (cf. Table 2.2). The storage requirements increase with increasing c, f,
and |Y|. The 12-channel models are approximately 30 % smaller than their 20-
channel counterparts. Nevertheless, the 20-channels models still require less than
60 kB of storage space, which is acceptable for modern wearables. These sizes
confirm the lightness of the proposed GNN. Weight pruning can reduce the space
requirements even further while keeping the recognition rates high [59].

Table 5.5 compares the space requirements in kB for storing the graph’s adjacency
matrices from the four datasets. The table distinguishes between sparse matrix
representations in the COO format (cf. Section 3.1) and binary dense matrices.
The sparse sizes include an overhead of 0.928 kB that defines the COO format.
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Table 5.4: Model sizes per dataset and channel count c in kB.

Dataset c¢=12 ¢=20

Daphnet 352  51.0
UCI-HAR 37.0 534
KU-HAR 424 60.3
PAMAP2 - 59.1

Since COO matrices store the positions and values of the occupied matrix cells,
the storage requirements increase with increasing neighborhood sizes. In contrast,
the storage requirements for the dense matrices remain constant regardless of the
neighborhood configuration as each cell is saved individually. Despite the COO
overhead, the sparse format requires only up to 2.095kB to store the largest
adjacency matrix with the most complex neighborhood N3. The largest COO
matrix requires similar storage space as the smallest dense matrix. However, since
the storage requirements of the dense matrices increase quadratically, the sparse
representation is clearly the preferred choice for mobile applications. Compared
to the model sizes, the memory requirements for the one-time storage of the
sparse adjacency matrices is negligible. Thus, the sparse adjacency matrices do
not hinder the wearable applicability of the GNN.

The KU-HAR dataset contains labeled sensor signals, while Daphnet, UCI-HAR,
and PAMAP?2 also provide mappings between sensor signals and users. To evalu-
ate the GNN, this work randomly splits KU-HAR ten times into training (70 %),
validation (15 %), and test (15 %) data and reports the average classification
performance on the test sets. For the other datasets, which include user-related
information, this work employs Leave-One-Subject-Out (LOSO) cross-validation.
In LOSO, signals from one subject (i.e., a user) serve as the test set, while signals
from the remaining users are randomly split into training and validation sets. Ad-
hering KU-HAR’s 70/15/15 rule, this work uses 70/85 of the remaining signals
for training and 15/85 for validation. LOSO repeats this splitting operation so
that each user is tested once and returns the average classification performance
across all test users.
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Table 5.5: Comparison of space requirements in kB for storing sparse adjacency matrices in COO
format with different neighborhoods versus dense matrices. Dense matrices require the
same space regardless of neighborhood size, as they store the entire matrix.

Sparse Dense
Dataset N; No N3 {Nj,No, N3}

Daphnet 1.095 1.117 1.125 2.080
UCI-HAR 1.216 1.249 1.263 8.256
KU-HAR 1.498 1.571 1.603 45.150
PAMAP2 1912 2.045 2.095 131.328

Overhead 0.928 0

5.3.3 Training Setup

The cross-entropy loss guides the learning process [29, 53]. The weights are
updated with the Adam optimizer [85], learning rate 0.001, and gradient norm
clipping to prevent exploding gradients during training [125]. Furthermore, this
work applies early stopping with patience 35 to terminate the training when the
validation loss stagnates, thereby reducing the risk of overfitting.

During training, the GNN processes small batches of 32 graphs. To account
for statistical instabilities, this work trains the models five times per split using
different random seeds € {0, 1,2, 3,4}.

5.4 Performance Analysis

This work analyzes the classification accuracies and macro F1-scores (cf. Equa-
tions 2.10 and 2.11) of the lightweight GNN on four benchmark datasets: KU-
HAR, PAMAP2, UCI-HAR, and Daphnet. Section 5.4.1 analyzes the GNN’s
average macro-F1 scores and accuracies for ¢ € {12,20} channels and N, €
{N1, N3, N3} per dataset. Section 5.4.2 compares the best performing con-
figurations to the published results of state-of-the-art classifiers that also aim
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to reduce resource consumption by keeping the number of network parameters
small. However, since KU-HAR is a relatively new dataset, the number of papers
presenting resource-efficient solutions for it is still small. Despite that, this eval-
uation includes KU-HAR due to its comprehensive coverage of 18 daily activities
performed by 90 individuals (cf. Table 2.2). To further assess the lightness
of the proposed GNN, Section 5.4.3 analyzes its computational complexity and
inference time on a smartwatch.

5.4.1 Comparison of Model and Graph Configurations

KU-HAR.

For KU-HAR, the GNN achieves accuracies of up to 0.955 and macro F1-scores
of up to 0.953 (cf. Table 5.6). These high recognition rates, coupled with
small standard deviations, demonstrate the effectiveness and consistency of the
proposed approach. Both channel configurations perform best with the N, neigh-
borhood, though the differences across neighborhood sizes are relatively small.
The larger 20-channel models outperform the smaller 12-channel models by up to
0.017 points, suggesting that increased model capacity leads to better predictions.
Additionally, the similarity between accuracies and macro Fl-scores indicates a
well-balanced performance across activities.

Figure 5.3 presents the confusion matrix for the best GNN configuration (20
channels, N5). The numbers are averaged across all seeds and test splits. The
confusion matrix confirms the high scores from Table 5.6 as only its diagonal
entries have high values while the other cells are close to 0. The GNN distinguishes
dynamic movements such as walk, run, and jump almost perfectly and even
masters the distinction between similar movements with different nuances, such
as walk, walk-backward, and walk-circle. In contrast, the distinction between
static activities, such as stand, sit or lay, is more difficult. However, the frequency
of misclassifications of static activities is only in the single-digit range, with a
maximum number of twelve false classifications when distinguishing between
stand and sit.
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Table 5.6: The average accuracies and macro Fl-scores for different channels ¢ and neighborhoods
N}, on KU-HAR (adapted from [1]). w: average scores (best), o: standard deviations.

Accuracy Macro F1
c¢c N w o I o

12 N; 0.939 0.012 0.935 0.022
12 N2 0.941 0.016 0.936 0.010
12 N3 0.937 0.020 0.935 0.024

20 N; 0.952 0.014 0.950 0.024
20 Nz 0.955 0.022 0.953 0.016
20 N3 0.953 0.013 0.952 0.012
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Figure 5.3: The average confusion matrix of the best performing GNN configuration on KU-HAR
(20 channels, N2).
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PAMAP2.

Table 5.7 presents the GNN’s average performance on PAMAP2. Since this
dataset provides f = 18 features per time step (cf. Table 5.3) and the GGC layer
requires the number of channels c to be greater than f (cf. Section 3.2), this work
only considers ¢ = 20 for PAMAP2 and omits the smaller ¢ = 12 configuration.
The GNN achieves its best performance for graphs with the N; neighborhood.
The performance across different neighborhood sizes varies slightly, with the
macro Fl-scores differing by up to 0.028 and accuracies by up to 0.014 points.
The standard deviations range from 0.103 to 0.368, indicating less consistency
compared to KU-HAR. This variability can be attributed to inter-user differences:
users perform activities differently, not all users completed every activity (e.g.,
the ninth user only performed rope jumping), and the duration of the activities
also varies.

Table 5.7: The average accuracies and macro Fl-scores for different channels ¢ and neighborhoods
Ny on PAMAP2 (adapted from [1]). p: average scores (best), o: standard deviations.

Accuracy Macro F1
c Ny p o 0 o

20 N; 0.800 0.103 0.756 0.331
20 N 0.790 0.318 0.728 0.368
20 N3 0.786 0.182 0.732 0.366

Figure 5.4 presents the confusion matrix for the best GNN configuration (20
channels, N7). The numbers are averaged across all seeds and all LOSO splits.
The confusion matrix confirms the imbalance in PAMAP2’s activity distribution,
as the average number of graphs per activity in the test sets ranges from 19 for
rope jumping to 100 for ironing. In general, the matrix aligns well with the
scores from Table 5.7, with the largest values appearing along its main diagonal,
while most other cells remain close to 0. However, the GNN confuses some
static movements, such as sit and stand, and also struggles to distinguish similar
dynamic movements, such as downstairs, walk, and nordic walking.
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Figure 5.4: The average confusion matrix of the best performing GNN configuration on PAMAP2
(20 channels, N1).

UCI-HAR.

For UCI-HAR, the GNN achieves accuracies of up to 0.9 and macro F1-scores
of up to 0.902 (cf. Table 5.8). Across both channel configurations, N1 produces
the best results. With improvements of 0.007 points in macro F1-score and 0.008
points in accuracy, ¢ = 20 performs only marginally better than ¢ = 12. The
differences between the best and worst Ny, for each channel configuration are
below 0.006 points; the standard deviation is also quite low at a maximum of
0.061. This demonstrates the GNN’s consistent classification performance across
different graph configurations and random seeds.

Figure 5.5 presents the confusion matrix for the best GNN configuration (20
channels, N;). The numbers are averaged across all seeds and all LOSO splits.
The high values along the main diagonal combined with the small numbers in the
off-diagonal cells confirm the high accuracy and macro F1-score from Table 5.8.
The GNN rarely confuses dynamic activities (walk, upstairs, downstairs), whereas
the differentiation of static activities (sit, stand, lay) is more challenging. Notably,
the GNN never confuses dynamic activities with static activities. This observation
underscores its strong feature extraction capabilities.
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Table 5.8: The average accuracies and macro F1-scores for different channels ¢ and neighborhoods
Ny on UCI-HAR (adapted from [1]). u: average scores (best), o: standard deviations.

Accuracy Macro F1
c Ny p o 0 o
12 N; 0.893 0.040 0.894 0.049

12 Ny 0.891 0.053 0.893 0.054
12 N3 0.887 0.028 0.890 0.030

20 N; 0.900 0.039 0.902 0.041
20 Nz 0.896 0.043 0.898 0.048
20 N3z 0.895 0.055 0.897 0.061
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Figure 5.5: The average confusion matrix of the best performing GNN configuration on UCI-HAR
(20 channels, N7).

Daphnet.

For Daphnet, the GNN consistently achieves high accuracies close to 0.89 across
all configurations (cf. Table 5.9). However, the average accuracy exceeds the
average macro Fl-score by 0.311 points, indicating that the GNN struggles to
recognize one of the two classes in Daphnet’s imbalanced class distribution.

The GNN with 12 channels performs similarly to the GNN with 20 channels.
In both cases, N; achieves a notably higher macro F1-score than Ny and Ng;
particularly for the 20-channel configuration. In contrast, [V yields slightly higher
accuracies than the other neighborhood configurations. Nevertheless, this work
considers V7 as the best configuration for Daphnet, as the accuracy differences
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across different neighborhoods are minimal and the macro F1-scores provide a
more balanced evaluation of class-specific performance.

Table 5.9: The average accuracies and macro F1-scores for different channels ¢ and neighborhoods
N}, on Daphnet (adapted from [1]). p: average scores (best), o: standard deviations.

Accuracy Macro F1
¢ N u o I o

12 N; 0.885 0.034 0.583 0.234
12 N 0.887 0.058 0.577 0.490
12 N3 0.886 0.064 0.570 0.175

20 N; 0.887 0.052 0.598 0.232
20 N 0.888 0.024 0.572 0.202
20 N3 0.888 0.025 0.554 0.183

Figure 5.6 presents the confusion matrix for the best GNN configuration (20
channels, N7). The numbers are averaged across all seeds and all LOSO splits.
Daphnet includes two classes freeze and no freeze, which reflect the presence
or absence of freezing of gait in Parkinson’s patients during walking [12]. On
average, the GNN correctly classifies 83 of the 345 graphs that represent freezing
of gait and 3,076 of the 3,217 graphs from healthy activities. These results
reinforce the findings from Table 5.9, as they highlight the GNN’s difficulty in
identifying the underrepresented freeze class, which has roughly nine times fewer
test samples than the no freeze class.

no freeze (1) 13076 puEAN
freeze (2) JPAVIR:E]

1) (@)
Predicted Activity

True Activity

Figure 5.6: The average confusion matrix of the best performing GNN configuration on Daphnet (20
channels, N1).
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5.4.2 Comparison with State-of-the-Art Classifiers

KU-HAR.

Figure 5.7 compares the parameter counts, the Fl-scores, and the accuracies of
the best GNNs per channel configuration with literature. The CNN approaches
with arithmetic optimization [33] or circulant matrices [140] present their best
results for a certain test set; the Transformer approach [41] includes extensive data
augmentation that boosts the model performance.

Parameters F1 Accuracy
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Figure 5.7: Comparison of network parameters, F1-scores, and accuracies between the best graph
and GNN configurations and state-of-the-art classifiers on KU-HAR (adapted from [1]).

The GNNs are two to three orders of magnitude smaller than the comparison
models. Despite that, the 20-channel GNN achieves an F1-score that can keep
up with both CNN approaches. The CNN with arithmetic optimization outper-
forms this GNN by only 0.015 points, while the gap between the GNN and the
CNN with circulant matrices is even smaller. In terms of accuracy, the 20-channel
GNN surpasses the CNN with arithmetic optimization by 0.01 points and even the
12-channel GNN scratches the score of the arithmetic-optimized CNN. However,
the large Transformer model, with its 1.4 million parameters and data augmen-
tation, exceeds the GNNs in accuracy. Nonetheless, these results highlight the
effectiveness of GNNs for WHAR tasks.
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PAMAP2.

Figure 5.8 compares the parameter counts, the Fl-scores, and the accuracies of
the 20-channel GNN with DeepConvLSTM [17, 122] and TinyHAR [177]; two
state-of-the-art activity classifiers. The scores of the comparison approaches are
taken from [177], which also presents a smaller version of DeepConvLSTM called
DeepConvLSTM_0.25 that matches TinyHAR’s parameter count. Unfortunately,
[177] does not report accuracy scores. Hence, this work only compares the macro
F1-scores of the classifiers.

Parameters F1 Accuracy
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Figure 5.8: Comparison of network parameters, Fl-scores, and accuracies between the best graph
and GNN configurations and state-of-the-art classifiers on PAMAP2 (adapted from [1]).

With a modest improvement of 0.003 points, the GNN slightly outperforms Tiny-
HAR on PAMAP2, but demonstrates greater improvements of up to 0.021 points
over the DeepConvLSTM models. Furthermore, the GNN uses only 20.6 % of
TinyHAR’s parameters, which is the smallest comparison model. These results
further confirm the applicability of GNNs to wearable activity classification.

UCI-HAR.

Figure 5.9 compares the parameter counts, the Fl-scores, and the accuracies
of the best GNNs per channel configuration with literature. In contrast to this
work, which employs a fine-grained LOSO cross-validation across all test users,
the literature approaches predsim [148], LSTM-CNN [162], and CNN (Model
B) [162] evaluate their models on a fixed selection of test users. Consequently,

74



5.4 Performance Analysis

the comparison models do not fully capture the variability in individual movement
styles, which can significantly influence performance metrics. For instance, the
average macro Fl-score of the 20-channel GNN is 0.192 points higher than its
score for the 9th UCI-HAR user, whereas the score for the 24th user exceeds the
GNN’s average by 0.092 points.

Parameters F1 Accuracy
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0.92
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o c=12, Ny CNN (Model B) s predsim
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Figure 5.9: Comparison of network parameters, F1-scores, and accuracies between the best graph
and GNN configurations and state-of-the-art classifiers on UCI-HAR (adapted from [1]).

Overall, the GNNs are up to two orders of magnitude smaller than the comparison
models. Despite being four to ten times smaller, the GNNs perform similarly to
CNN (Model B), which is the smallest comparison model. LSTM-CNN and
predsim outperform the GNNs by 0.056 to 0.068 points, but require at least seven
times more parameters to achieve these gains. This comparison underscores the
potential of GNNs for resource-constrained WHAR.

Daphnet.

Figure 5.10 compares the parameter counts, the Fl-scores, and the accuracies of
the best GNNs per channel configuration with TinyHAR, DeepConvLSTM_0.25,
and DeepConvLSTM. Again, this work compares the macro Fl-scores of the
GNNss with the results from [177], which does not report accuracy scores.

The GNNs outperform DeepConvLSTM by 0.083 points for ¢ = 20 and by
0.068 points for ¢ = 12, despite requiring less than 1.5 % of DeepConvLSTM’s
trainable parameters. The 20-channel GNN surpasses DeepConvLSTM_0.25 by

75



5 Lightweight Activity Classification on the Graph-Level

Parameters Accuracy
10 0.90
0.88
0.86
0.84
B c=12, N, TinyHAR I DeepConvLSTM
mm c=20, N, DeepConvLSTM_0.25

Figure 5.10: Comparison of network parameters, F1-scores, and accuracies between the best graph
and GNN configurations and state-of-the-art classifiers on Daphnet (adapted from [1]).

0.042 points while being four times smaller. The 12-channel model, although
even smaller, still outperforms DeepConvL.STM_0.25 by 0.027 points. TinyHAR
outperforms both GNNs by 0.015 points for ¢ = 20 and 0.03 points for ¢ = 12
but is approximately three times larger than the 20-channel GNN. These results
highlight the potential of GNNs for further advancements in lightweight gait freeze
detection.

5.4.3 Efficiency Analysis

To evaluate the lightness and real-world applicability of the proposed GNNs, this
work measures their inference times on a Fossil Gen 5 Carlyle HR smartwatch.
This smartwatch features the Qualcomm Snapdragon Wear 3100 platform with
four 1.2 GHz ARM Cortex-A7 cores and 1 GB of LPDDR3 RAM clocked at
400 MHz. Figure 5.11 shows the average inference times of the best GNNs per
channel configuration and dataset in milliseconds over 1000 runs. To further
analyze the computational complexity of the models, this figure also presents the
estimated MMACs (Millions of Multiply-Accumulate Operations) of the models
after TensorFlow Lite conversion.

The average inference times and MMACs vary based on the graph configurations
and the number of output neurons, which correspond to the classifiable activities.
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Figure 5.11: The average inference times in ms over 1000 runs and MMACs of the best GNN
configurations with 12 and 20 channels on UCI-HAR, PAMAP2, KU-HAR, and Daphnet
after TensorFlow Lite conversion.

Datasets with larger input graphs, such as KU-HAR and PAMAP?2 (cf. Table 5.3),
have longer inference times and require more MMACs than datasets with smaller
feature matrices and fewer labels. As expected, the larger 20-channel models
require more time to process graphs than the 12-channel models. This effect
increases with the size of the input graphs and is most noticeable for KU-HAR.
For Daphnet with its small 32 x 9 feature matrices, the differences between
the model configurations are negligible. Overall, the inference times per graph
represent only a small fraction of the durations of their respective signal windows
(cf. Table 5.3), demonstrating the lightness and real-world applicability of the
GNNs, even on a smartwatch with limited memory and processing power.

5.5 Summary

This chapter presented a novel signal-graph transformation that constructs struc-
tured graphs from multivariate sensor signals. This transformation converts each
time step in a signal window into a graph vertex and connects them using tempo-
ral edges that capture relationships between adjacent and distant sensor readings.
By specifying vertex neighborhood sizes, the graphs can be tailored to different
sensing and activity domains. For fixed window and neighborhood sizes, the
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transformation yields graphs with constant, reusable adjacency matrices that are
highly sparse, as each vertex typically has a small neighborhood relative to the
overall graph size. This sparsity and reusability enable efficient storage of the
matrices, making the approach well-suited for deployment on wearable devices.

Additionally, this chapter introduced a shallow GNN architecture for WHAR that
is designed to run efficiently on devices with limited computational resources.
Unlike traditional activity classifiers that treat sensor data as flat time-series, this
GNN analyzes the interactions between sensor readings and sensor placements in
a more structured way. It achieves high classification rates across four benchmark
datasets with varying activity types, users, and sensor setups, while maintaining
fast inference times on a smartwatch with limited processing power. These
results demonstrate the potential of graph-based activity classifiers as lightweight,
efficient alternatives to state-of-the-art approaches.
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the Edge-Level

Beyond the classification of short signal windows, recognizing long-running ac-
tivity sequences composed of consecutive micro-activities poses a key challenge
in ubiquitous and pervasive WHAR (cf. Section 2.6). To determine whether
consecutive signal windows belong to a common macro-activity (cf. Section 2.1),
this work frames sequential activity prediction as a graph link prediction problem
(cf. Section 3.2). The proposed solution is based on the activity-graph trans-
formation and the GNN architecture introduced in Detection and Validation of
Macro-Activities in Human Inertial Signals Using Graph Link Prediction [2].
This approach analyzes two aspects of micro-activity sequences: whether the
latest micro-activity logically follows the preceding micro-activity sequence (link
prediction) and whether the current sequence constitutes a complete macro-activ-
ity (graph validation). Results on two benchmark datasets show that the proposed
graph link prediction approach is both effective and well-suited for recognizing
sequential activities in wearable sensor signals.

6.1 Activity-Graph Transformation

According to Section 2.1, sequences of human micro-activities m; with ¢ €
{1,...,T} form macro-activities Mp. The analysis of such micro-activity se-
quences with GNNs requires a meaningful activity-graph transformation that
reflects the relationships and the core properties of each micro-activity in the
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sequence. This work builds a micro-activity graph G from a micro-activity se-
quence by converting each m; € My into a graph vertex v; € Vr and connecting
each v, to the last vertex vy in time. The resulting graph G'r has a highly sparse
adjacency matrix Ap which contains ones only in the 7-th column, while all
other cells remain zero. Figure 6.1 illustrates the proposed activity-graph trans-
formation for a short macro-activity My with T' = 5 micro-activities and f' = 3
distinct features per micro-activity.

macro-activity | "1, M2 . m3 , M4 M5

M5 [ [ [ [ [
@ transform

SO ROZONOE O
Gs

vertex T11 T21 T3 T41 T51
foatures T12 T22 32 T42 T52
T13 T23 x33 X43 T53
X5

1 X9 €3 Ty T5

As |v1 w2 w3 vy s

. vy |0 0 0 0 |1

adjacency w0 0 0 o |1

mif“X v |0 0 0 0 |1

g vy | O 0 0 0 |1

vs | O 0 O 0 [

Figure 6.1: Activity-graph transformation for the prediction of sequential activities with GNNs
(adapted from [2]). This example converts a macro-activity M composed of T = 5
sequential micro-activities into a graph G with five vertices. Each vertex vy € Vp
encodes the f/ = 3-dimensional feature vector T+ € RS ' of a micro-activity m¢ with
t € {1,...,T}. The edges connect each vertex to the last vertex in time, i.e., the T-th
vertex.

Since each m, represents a signal window s, € R“*/, the unprocessed flattened
feature vector of each micro-activity contains w f elements, which can potentially

80



6.1 Activity-Graph Transformation

be a large number (cf. Table 5.3). To reduce the dimensions of the vertex feature
vectors x; to a smaller f’, this work applies a UMAP [108] to s;, resulting in the
vertex feature matrix X7 € RT*/f . However, other feature reduction techniques,
such as learned autoencoders or Principal Component Analysis (PCA) are also
feasible [53].

Attaching a freshly observed micro-activity mp41 to an existing graph G re-
quires adjustments to the graph’s vertex list, its feature matrix, and its adjacency
matrix:

1. Append vr41 to the vertex list Vp: Vi = Vpllurgs.
2. Append z741 to the feature matrix Xp: Xpy1 = Xop||zri:

3. Expand the dimensions of the adjacency matrix A7 by one row and one
column; set all values in the new T" + 1-th column to one and replace the
values in the T-th column with zeros.

These steps result in the updated graph G'r1, along with the updated represen-
tations Vg1, X111, and Ap, 1. Figure 6.2 illustrates the attachment step for the
adjacency matrix from Figure 6.1.

A6 V1 V2 V3 V4 Vs Ve
As | v1 v w3 vy s
slo v v vs v vy |0 0 0 0 0 [
vy |0 0 0 0 |1
vo | 0O O O O 0 [
vo | 0O 0 0O 0 |1
v | 0O 0 0O O 0 [1
vs | 0O 0 0 0 |1
v o o o0 0 I append vg wu |0 0 0 0 0 |1
4
v O 0o o o h vs | O 0 O O 0 |1
5 w |0 0 0 0 0 1

Figure 6.2: Appending a newly observed micro-activity mp 1 to the graph G'r increases the dimen-
sions of its adjacency matrix by one. The updated adjacency matrix A7 contains ones
in the T' 4 1-th column and zeros in the T'-th column.

This activity-graph transformation constructs micro-activity graphs that do not ex-
plicitly preserve the chronological order of activities as each vertex is connected
only to the final vertex in time, vy. However, temporal order is essential for

81



6 Sequential Activity Prediction on the Edge-Level

accurate sequential activity prediction. To address the absence of inherent tem-
poral structure in the micro-activity graphs, the GNN introduced in the following
section incorporates positional encodings and an attention mechanism.

6.2 Model Design

Figure 6.3 presents a GNN architecture for the detection and validation of se-
quential activities using graph link prediction. This model processes activity
graphs G = (X7, Ar) in three steps, with the second and third steps executed
in parallel:

1. Graph Embedding,
2. Link Prediction,

3. Graph Validation.

The Graph Embedding block updates the feature matrix X 7>/ " with Positional
Encodings (PE, [149]) and a GAT layer (cf. Section 3.2). PE enriches the
vertex feature vectors with positional information that enable the model to capture
temporal relationships within a micro-activity sequence. The GAT layer changes
the vertex feature dimension from f’ features to ¢ channels and weights the
updated vertex features by dynamically attending to the features of neighboring
vertices using ny attention heads. As a result, the GAT layer transforms the
vertex features X from shape (7, f') to (T, nyc). The attention mechanism only
affects the features x7 of the last vertex in time v, as this is the only vertex with
incoming edges (cf. Figure 6.1). Thus, the updated x 1 represents the whole graph
Gr, i.e., the whole micro-activity sequence. Finally, Last Vertex Pooling (LVP, cf.
Equation 3.13) extracts and outputs the graph embedding E(Gr) = xzp € R™»¢,

The Link Prediction block checks whether a newly observed micro-activity mr4
with feature vector 7, € RS " and the T preceding micro-activities span a
common micro-activity sequence (yr, = 1) or not (y;, = 0). To do this, the link
predictor concatenates E(Gr) with the feature vector x4, of the new activity
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Figure 6.3: The GNN architecture for sequential activity prediction (adapted from [2]). The Graph
Embedding block leverages Positional Encodings (PE) and structural information of the
input graph G = (X7, A7) to update and to extract the features of the last vertex
xr € Xp. Link Prediction concatenates the graph embedding with the feature vector
741 of the next micro-activity mqp 1 to check whether mp 1 is part of the preceding
micro-activity sequence M or not. Graph Validation uses the graph embedding to check
whether G'1 represents a complete macro-activity or not.

and processes the concatenated vector with four subsequent fully-connected layers
(FC1y to FC4y). The first three layers output c-sized vectors. Since link prediction
is a binary classification task, FC4y outputs a single decimal number with values
greater than 0.5 referring to y, = 1 and values less than 0.5 referring to y;, = 0.

The Graph Validation block checks whether a micro-activity graph G represents
a complete macro-activity Mp (yy = 1) or not (yy = 0). To do this, the graph
validator processes E (G ) with four subsequent fully-connected layers (FCly to
FC4y). The first three layers keep F(Gr)’s dimensions unchanged; the last layer
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6 Sequential Activity Prediction on the Edge-Level

outputs a single decimal number with values greater than 0.5 corresponding to
yy = 1 and values less than 0.5 corresponding to yy = 0.

6.3 Implementation and Evaluation Details

Efficient training of the proposed GNN for sequential activity prediction requires
suitable training data. However, WHAR datasets typically provide only signal-
activity pairs without information about micro-activity sequences and macro-ac-
tivities (e.g., [133, 141]). Therefore, several data preparation steps are necessary
to enable sequential activity prediction with neural networks, including the gen-
eration of micro-activity embeddings and sequences. This section provides a
comprehensive overview of the implementation and evaluation process by de-
tailing graph and model hyperparameters (Section 6.3.1), describing the data
preparation steps (Section 6.3.2), and outlining the training setup (Section 6.3.3).

6.3.1 Hyperparameters

The GNN and its input graphs contain several customizable hyperparameters
that directly affect the recognition rates of sequential activities (cf. Table 6.1).
/' determines the feature dimensionality of the micro-activities after applying a
UMAP (cf. Section 6.1). The GAT layer expands f’ to ¢ channels and learns ny,
attention matrices to develop a broad understanding of the micro-activities.

Table 6.1: Graph and model configuration.

Parameter Value(s)

Features f’ {5,15,25}
Channels ¢ 21
Attention Heads ny, 5
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Moreover, the layers apply specific activation functions that help learning mean-
ingful activity patterns. Since Graph Validation and Link Prediction are binary
classification tasks (cf. Section 6.2), their output layers FC4y and FC4 leverage
the sigmoid activation function. All other layers use ReLL.U.

6.3.2 Data Preparation

This work evaluates the GNN for sequential activity prediction on two community
benchmark datasets: Cooking [9, 88] and TT-Strokes [159].

The Cooking Dataset.

The Cooking dataset [9, 88] provides three-axis accelerometer signals from the
left hip, the right arm, and both wrists during the preparation of three cooking
recipes (macro-activities). Each time-series represents a segment of a recipe and
includes up to six distinct cooking steps (micro-activities), though the temporal
boundaries of these steps are not annotated. The dataset defines eight cooking
actions cut (0), mix (1), open (2), peel (3), pour (4), put (5), take (6), and
wash (7), but the sequence of these micro-activities within each recipe is not
explicitly provided. To address this limitation, this work derives seven micro-
activity sequences from these with micro-activities: 60567056705, 67056056705,
67056705605, 630565624, 656246305, 656305624, and 63056305630561. The
first three micro-activity sequences represent the preparation of a sandwich, the
next three sequences correspond to the preparation of cereals, and the last one
refers to the preparation of a fruit salad.

The TT-Strokes Dataset.

The TT-Strokes dataset [159] contains three-axis accelerometer, gyroscope, and
magnetometer signals measured at the racket-holding wrist during table tennis.
Each time-series contains up to 15 repetitions of a single table tennis stroke type.
This dataset contains signals of eight important table tennis strokes (micro-activi-
ties); however, it does not provide macro-activity labels. Thus, the handbook [118]
serves as an external source of information that presents an extensive list of table
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tennis exercises of which 55 exercises (macro-activities) are playable with the
provided strokes backhand (BH) block (0), BH drive (1), BH loop (2), BH push
(3), forehand (FH) block (4), FH drive (5), FH loop (6), and FH push (7): 0, 1,
2,3,4,5,6,7,02, 11, 12, 22, 24, 32, 33, 36, 37, 55, 56, 66, 73, 76, 77, 032,
111, 116, 213, 300, 302, 315, 330, 355, 373, 512, 555, 600, 662, 700, 0044,
1230, 1256, 2226, 2266, 3377, 3460, 5674, 6662, 7632, 72626, 76767, 662551,
3266666, 51624073, 222666156, and 7373202646.

Deriving Micro-Activity Embeddings with UMAPs.

The activity-graph transformation converts micro-activity sequences into activ-
ity-graphs Gt = (Vr, Ar), where each vertex corresponds to a micro-activity
window (cf. Section 6.1). However, these graphs lack vertex features X, which
are essential for graph-based learning. To generate meaningful vertex represen-
tations, this work employs UMAPs; a dimensionality reduction technique that
yields more discriminative embeddings than alternatives like PCA [108].

This work splits the time-series from the TT-Strokes and Cooking datasets into
non-overlapping 100 ms-windows with w = 10 time steps and f features (f = 9
for TT-Strokes, f = 12 for Cooking). It then embeds each micro-activity window
into a lower-dimensional space using UMAPs with f’ € {5, 15,25} components.

The Cooking dataset introduces an additional challenge due to the presence
of multiple micro-activity labels per window. To resolve this ambiguity, this
work samples the final micro-activity embeddings from Gaussian distributions
N(u(m), o), where p(m) denotes the average UMAP embedding of all windows
associated with micro-activity class m and o is a fixed standard deviation, as
follows:

1. Fit a seeded UMAP [108] with f’ components on the windows. This step
reduces the feature dimensions per window from w f values to f’ features.

2. Label the UMAP embeddings of each window with their respective micro-
activity labels. If a window has multiple micro-activity labels, duplicate its
embedding and assign the individual micro-activity labels to each duplicated
embedding.
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3. Calculate the average UMAP embeddings p(m) per micro-activity label m.

4. Fit Gaussian distributions N (u(m), o) with a fixed standard deviation o
per micro-activity m.

5. Generate 30 feature matrices X7 per macro-activity M by iterating over
their micro-activities m; € My and drawing unique micro-activity embed-
dings from the corresponding Gaussian distributions N (pu(my), o).

For consistency, this work applies this data generation procedure to both datasets.
Table 6.2 lists the average similarities between the mean UMAP embeddings
(Step 3) of n distinct micro-activity classes according to the following equation:

12 1
similarity = — Z Z ——, (6.1)
(2> i=1 j=i+1 d[i, j]

Here, d[, j] is the Euclidean distance between the mean UMAP embeddings of
two micro-activities £1(m;) and p(m;). Higher similarity scores indicate greater
overlap between features of different micro-activity classes. The larger the feature
dimension f’, the better the distinguishability between classes. However, larger
feature vectors also increase the computational effort of the GNN.

Table 6.2: Average micro-activity similarity per dataset (adapted from [2]). Higher values indicate
greater similarity and thus, worse distinguishability between micro-activities.

UMAP ts f/
Dataset components f

5 15 25

Cooking 1.7235 1.0429 0.8657
TT-Strokes 0.5071 0.3024 0.2322

Figure 6.4 plots the two-dimensional PCA of the mean UMAP embeddings from
Step 3 for both datasets and varying values of f’. The PCA is used solely
for visualization. The circles around the dots indicate the standard deviations
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o € {0.05,0.15,0.25}. These plots confirm that larger f’ improve the distin-
guishability between micro-activity classes. However, even with ' = 25, some
micro-activities still have overlapping distributions.

f=5 f=15 f'=25
2
. i
1 i 4
_ %
01 : T &
-1 T T T T T T T T T T L T T T T T
-2 -1 0 1 2 3 4-2-1 0 1 2 3 4-2-1 0 1 2 3 4
« Cut « Open « Pour » Take
Mix Peel « Put = Wash

(a) Cooking dataset (adapted from [2]).
f=5 f=15

-3-2-10 1 2 3 4-3-2-10 1 2 3 4 -3-2-10
« BH Block BH Loop « FH Block « FH Loop
- BH Drive - BH Push FH Drive « FH Push

(b) TT-Strokes dataset (adapted from [2]).

Figure 6.4: PCAs of the mean UMAP embeddings (seed 1) for two Cooking datasets. Dots: centroids,
solid/dashed/dotted circles: standard deviations o € {0.05,0.15,0.25}.

Generating Positive and Negative Samples.

Training a machine learning model for graph validation and link prediction re-
quires positive and negative samples. Therefore, the pure existence of macro-
activities is not sufficient to validate micro-activity sequences or to predict their
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subsequent micro-activities. This work derives positive and negative samples
from macro-activities as follows:

1. For each complete macro-activity M7 = (my, ..., mr), extract all prefix
sequences P(Mr) = {Mp | T' € {1,...,T}}. Prefix sequences My €
P(Mr) form prefix graphs G = (X7, V).

2. For each prefix sequence M7 € P(Mr), extract all possible successive
micro-activities my11 with My ||mp 41 € P(Mry) and all impossible
sequences with M ||mp11 ¢ P(Mr).

Prefix sequences M with T” # T represent incomplete micro-activity sequences
and carry the graph validation label 3y, = 0. In contrast, sequences with 7’ = T'
represent complete macro-activities with the validation label yy = 1.

A link mp; is possible if the concatenated sequence Mr 1 = My ||mgi 41
forms a prefix of the macro-activity My, i.e., My 41 € P(Mr). Possible links
have the link prediction label y;, = 1. If the concatenated sequence is not a prefix
of M, i.e., My/41 ¢ P(Mr), the link is impossible and has the label y;, = 0.

As an example, Table 6.3 lists the prefix sequences M7 of the table tennis exercise
1230 along with its possible and impossible links m7/4;. Since 11, 1256, and
the single-activity sequences are also valid macro-activities in the table tennis
dataset, multiple m7 1 are possible for 77 € {0, 1, 2}.

Table 6.3: The prefix sequences My, € P(My) of the table tennis exercise M7 = 1230 along
with its possible and impossible links mz ;.

T’ M Possible myv 41 Impossible my 41
0 O {0,1,2,3,4,5,6,7} 0

1 (1) {1,2} {0,3,4,5,6,7}

2 (1,2 (3,5} {0,1,2,4,6,7}
3 (1,2,3) {0} {1,2,3,4,5,6,7}
4 (1,2,3,0) 0 {0,1,2,3,4,5,6,7}
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Data Splits for Model Training.

This work randomly splits the graphs G of complete macro-activities M into
60 % train, 20 % validation, and 20 % test sets. To avoid data leakage, prefix
graphs G+ belong to the same sets as their complete graphs Gr. Since macro-
activities vary in length, the number of prefix graphs per complete graph varies.
Consequently, the actual split sizes differ from the 60/20/20 split on the complete
graphs. This data preparation strategy results in 284,916 graphs for Cooking and
853,062 graphs for TT-Strokes. Table 6.4 lists the number of valid (yy = 1) and
invalid (yy = 0) graphs as well as the number of samples with possible (y;, = 1)
and impossible (y;, = 0) links.

Table 6.4: Class distributions of Cooking and TT-Strokes datasets (adapted from [2]).

Dataset yy =1 yy =0 yr=1 yr =0

Cooking 19,614 265,302 51,084 233,832
TT-Strokes 688,326 164,736 213,840 639,222

6.3.3 Training Setup

The GNN for sequential activity prediction is a multi-output model that computes
graph validation and link prediction scores with two separate network branches.
To account for the large imbalance in the graph labels (cf. Table 6.4), weighted
binary cross-entropy losses [29, 53] with balanced class weights

n

=5, (6.2)
[Y[ny

Wy
guide the learning process of both modalities. Here, n is the total number of
samples in the training set and n, is the number of samples with class y € Y.
The weights are updated with the Adam optimizer [85], learning rate 0.001, and
gradient norm clipping [125]. Furthermore, this work applies early stopping with
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patience 10 to terminate the training when the validation loss stagnates, thereby
reducing the risk of overfitting.

During training, the GNN processes graphs in batches of 128. To account for
statistical instabilities, this work repeats data generation and training three times
with different random seeds € {1, 2, 3}.

6.4 Performance Analysis

This work evaluates the GNN’s link prediction and graph validation capabilities
in terms of accuracies and macro Fl-scores (cf. Equations 2.10 and 2.11) on
two benchmark datasets. It compares different vertex feature configurations and
analyzes the impact of positional encodings in the graph embedding block of the
GNN (cf. Figure 6.3) on the performance metrics. The presented scores are
averaged over three runs.

Cooking.

Figure 6.5 illustrates the performance metrics for graph validation and link predic-
tion on the Cooking dataset with different standard deviations o € {0.05, 0.15,
0.25} and UMAP embedding sizes f’ € {5,15,25}. Furthermore, the charts
present the effects of adding and omitting the positional encoding. The following
two paragraphs analyze the performance of the GNN with positional encodings,
while the final paragraph discusses performance without them.

In general, the accuracies and F1-scores improve with increasing f/ and decreasing
o. For graph validation, the accuracies range from 0.968 for f/ = 5 and o = 0.25
to 1.0 for f/ = 25 and ¢ = 0.05. The differences in the macro Fl-scores are
slightly larger with values ranging from 0.882 to 1.0 for the same configurations.
With accuracies ranging from 0.854 to 0.998 and macro F1-scores lying between
0.648 and 0.997, these observations are also valid for link prediction. However,
the gaps between the best and worst configurations are much greater for link
prediction than for graph validation. Possible reasons for these trends are the large
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Figure 6.5: Graph validation and link prediction results for different standard deviations o and varying
UMAP embedding sizes f’ on the Cooking dataset (adapted from [2]). The plots compare
accuracies and macro F1-scores with and without positional encodings.

similarities between UM AP embeddings (cf. Table 6.2), the high class imbalance
(cf. Table 6.4), and the similarities of macro-activities (cf. Section 6.3.2), which
complicate the prediction of possible links and the validation of micro-activity
sequences in the cooking domain.

Remarkably, the GNN consistently achieves the same or even better scores with
f' = 25 as with f’ = 5 and the next smaller o. For instance, the macro F1-
score for f' = 25 and o = 0.25 is 0.035 points higher than the macro F1-score
for f/ = 5 and 0 = 0.15 in link prediction. The same effects are observable
with graph validation, but the differences are smaller due to the already higher
recognition rates. Thus, the positive impact of larger embedding dimensions [’
on the classification performance surpasses the negative impact of larger standard
deviations o for both classifiers.
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Positional encodings significantly boost the performance of the GNN. For graph
validation, macro F1-score improvements reach up to 0.325 (f' = 15, 0 = 0.25),
while link prediction sees gains of up to 0.182 (f/ = 15, 0 = 0.15). Accuracy also
increases substantially, with improvements of up to 0.139 for graph validation and
0.066 for link prediction under the same configurations. These results highlight the
importance of incorporating sequential information into the GNN architecture for
the accurate detection and validation of micro-activity sequences; especially since
the underlying graph structure does not inherently capture temporal dependencies
between consecutive micro-activities.

TT-Strokes.

Figure 6.6 illustrates the performance metrics for graph validation and link predic-
tion for TT-Strokes with different standard deviations o and UMAP embedding
sizes f’. Once again, the charts compare the impact of positional encodings.

The graph validation and link prediction results on the TT-Strokes dataset follow
the same trends observed in the Cooking dataset. The metrics improve with
increasing f’ and decreasing o, with f’ having a stronger impact on performance.
Again, positional encodings lead to massive performance gains. However, overall
scores on TT-Strokes are significantly higher, resulting in smaller performance
differences between the best and worst GNN and data configurations.

With positional encodings, the graph validation F1-scores range from 0.905 (f’ =
5,0 = 0.25) to 1.0 (f' = 25, 0 = 0.05); the accuracies range from 0.942 to
1.0. With macro F1-scores ranging from 0.875 to 1.0 and accuracies ranging from
0.913 to 1.0, the differences are again more pronounced for link prediction. These
results indicate that the link prediction task is more challenging and complex than
graph validation.

Notably, even the GNNs that operate on graphs with f/ = 15 vertex features
outperform their f/ = 5 counterparts with the next smaller ¢ in link prediction
and graph validation across the board. This observation aligns well with the
numbers from Table 6.2, which state that the micro-activities in the TT-Strokes
dataset are easier to distinguish than the micro-activities in the Cooking dataset.
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Figure 6.6: Graph validation and link prediction results for different standard deviations o and varying
UMAP embedding sizes f’ on the TT-Strokes dataset (adapted from [2]). The plots
compare accuracies and macro F1-scores with and without positional encodings.

Without positional encodings, the GNN shows performance degradations of up to
0.287 in the macro Fl1-scores and 0.227 in the accuracies during graph validation
with f/ = 25 and o = 0.05. The link prediction scores decrease by up to 0.266 for
the Fl-score and 0.163 for the accuracy with f' = 15 and o = 0.05. Once again,
these results demonstrate the importance of temporal information for sequential
activity prediction.
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6.5 Summary

This chapter redefined sequential activity recognition as a graph link prediction
problem. It introduced a novel activity-graph transformation that constructs ex-
pandable micro-activity graphs from sequences of signal windows, where each
vertex represents one micro-activity and connects to the most recent vertex. There-
fore, the latest vertex gathers information from all previous micro-activities during
GNN processing, enabling tasks such as sequence validation (graph validation)
and future activity prediction (link prediction). Although the resulting adjacency
matrices are sparse, they are only reusable for graphs of the same size, meaning
activity sequences must have equal length. To support efficient sequence analysis,
the transformation applies UMAP to reduce the dimensionality of signal win-
dows before assigning them as vertex features. However, practical deployment
in wearable applications demands a lighter feature extraction method that retains
key signal characteristics.

Additionally, this chapter presented a GNN architecture that determines whether
a micro-activity graph forms a complete sequence (graph validation) or requires
additional steps to complete the associated macro-activity (link prediction). To ad-
dress the lack of labeled micro- and macro-activity sequences in existing WHAR
datasets, this chapter also presented a method for generating such labels. Ex-
periments showed that the GNN accurately detects and validates long-running
sequential activities. Link prediction remains more challenging than graph vali-
dation, since many macro-activities share similar prefix sequences. Future work
could explore classifiers that recognize both micro- and macro-activities or detect
nested and combined activity patterns, enabling broader applications with greater
impact on users’ daily lives. Such advancements, however, rely on well-labeled
training datasets that capture a diverse range of real-world scenarios.

95






Part Ill

Advanced Signal
Generalization with
Foundation Models

97






7 Preparation Steps for Effective
Pre-Training

State-of-the-art WHAR models are typically trained on small benchmark datasets
that contain signals from only a few users performing a limited set of activities
(e.g., [1, 177]). As a result, these models are highly specialized and constrained
by the narrow scope of their training data and objectives. Examples include
the GNN-based models from Part II, which focus on resource-efficient activity
classification from single datasets (cf. Chapter 5) and the detection of composite
activities (cf. Chapter 6). In contrast, Foundation Models (FMs) aim to develop
a general understanding of their application domain that enables a wide range
of downstream applications. However, FMs require large and diverse datasets
to identify broadly applicable data patterns (cf. Chapter 4). In the WHAR
domain, such datasets are rare due to the variability of activities, users, and
sensing devices (cf. Section 2.5). Based on the approaches proposed in Inertial
Signal Forecasting With Foundation Model Techniques [3] and Enhancing Sensor-
Based Human Activity Recognition With Multiresolution Wavelet-Attention [4],
this chapter introduces a universal data preparation strategy. This strategy enables
efficient pre-training of WHAR-FMs, laying the groundwork for more versatile
and scalable activity recognition models.

7.1 Harmonizing Heterogeneous Signals

WHAR-FMs derive general signal understanding from (unlabeled) training data in
a self-supervised fashion (cf. Section 4.1). However, publicly available WHAR
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datasets typically lack depth, covering only a few users, activities, or samples
(cf. Section 2.5). To facilitate pre-training of WHAR-FMs, signal fusion from
diverse sources is essential. Unfortunately, benchmark datasets vary significantly
in sensor types, placements, and activities. Therefore, selecting (Section 7.1.1)
and aligning (Section 7.1.2) comprehensive datasets is crucial to ensure signal
compatibility between different data sources for effective pre-training.

7.1.1 Dataset Selection

To achieve general signal understanding, WHAR-FMs require comprehensive pre-
training datasets that encompass a wide range of activities, users, and sensors.
However, common benchmark datasets typically include only a limited set of
sensor signals from a few users and activities (cf. Table 2.2). Hence, this
work presents the following three dataset selection criteria that streamline the
development of foundation models for WHAR:

1. “Each sensor location should contain signals from at least one accelerometer
and one gyroscope.” [3]

2. “Each location should be present in at least two datasets.” [3]

3. “The datasets should provide raw sensor signals.” [3]

Accelerometers and gyroscopes are among the most common sensors in WHAR
(cf. Table 2.2). These sensors provide a detailed view on human motions by
detecting the acceleration and angular velocity of selected body parts. Additional
sensors, such as magnetometers or pressure sensors, can further improve WHAR
applications [158]. However, using more sensors also leads to increased resource
consumption during signal collection and processing. Hence, Criterion 1 focuses
solely on accelerometers and gyroscopes.

The location of sensors on the human body significantly influences the distri-
butions of the collected signals. For instance, wrist signals from activities that
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mainly involve arm movements differ considerably from those captured at the an-
kle (cf. Figure 7.1). Since proper validation of machine learning models requires
test data with a distribution similar to the training data [53], Criterion 2 ensures
that each sensor location is present in multiple datasets.
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Figure 7.1: Three-axis accelerometer signals recorded at the ankle (left) and wrist (right) during
ironing (signals from [133]). The ankle plot shows low-variance signals that are nearly
constant, indicating minimal movement, while the wrist plot features significant changes
in acceleration over time.

Pre-processing can alter the distribution of the collected signals, with different
pre-processing methods impacting the data in various ways. For instance, nor-
malization modifies the range and statistical properties of sensor readings [70],
while filtering suppresses certain frequency ranges [111]. To ensure compatibility
across datasets, Criterion 3 mandates the availability of raw sensor signals.

This work identifies eight datasets that fulfill these requirements (cf. Figure 7.2).
mHealth’s chest data and DLA’s wrist data are excluded as they only provide
acceleration signals, while RealWorld’s head and upper arm signals are ignored
since these locations are not present in any other dataset. Due to the lack of
standardized sensor location names in literature, this work categorizes them into
six common positions: ankle, chest, hip, pocket, waist, and wrist. In this grouping,
ankle includes signals from the ankle or shin, pocket represents signals from the
pocket, upper leg, or thigh, and wrist encompasses signals from the left or right
wrist, as well as the forearm.
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Dataset Ankle Chest Hip Pocket Waist

O Complex HAD [138, 139] - - - 1 - 1

DLA [92] 1 - 1 - - -
DSADS [15] - 1 - 2 - 2
FLAAP [87] - - - - 1 -
mHealth [13] 1 1

PAMAP?2 [133] 1 1 - - - 1
RealWorld (HAR) [146] 1 1
USC-HAD [172] - - 1 - - -

S 4 3 2 4 2 6

Figure 7.2: The standardized sensor placements on the human body (left) and the number of six-axis
sensors at these locations (right) (adapted from [3]).

Moreover, the datasets differ in the number of activities (cf. Table 2.2), their types
(e.g., daily living vs. sports), and their granularity (e.g., walk vs. walk circle).
Like the sensor location names, the activity labels are not standardized either.
Thus, this work generalizes the activity labels across dataset boundaries. The
datasets share 40 common activities, making the combined dataset significantly
more comprehensive than the individual datasets. The general activity labels are:
basketball, cleaning, cross trainer, crouching, cycling, downstairs, drink, driv-
ing, dusting, eating, elevator, face washing, frontal arm elevation, hand washing,
handwriting, ironing, jump, laptop, laundry, lay, nordic walking, relax, rowing,
rubbing, run, sit, situp, sleep, smoke, soccer, stand, stepper, sweeping, talk, teeth
brush, tv, upstairs, vacuuming, waist bends, and walk.

7.1.2 Signal Alignment

Research groups collect WHAR datasets with different sensing devices from
different manufacturers in real-world or laboratory environments. Therefore,
each dataset has different properties (Table 7.1). To address these discrepancies
and to facilitate the development of WHAR-FMs, this work applies several signal
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alignment strategies. In addition to the generalization of the location and activity
labels (cf. Section 7.1.1), these strategies involve the standardization of units,
sampling rates, and window sizes.

Table 7.1: Properties of the eight selected datasets (adapted from [3]). |L|: number of individual
sensor locations, SI: original units of acceleration (A) and angular velocity (G), SR: original
sampling rate in Hz, [W|: number of windows after alignment (per sensor location [W(L)|).
For additional information, see Table 2.2.

Dataset SI(A) SI(G) SR [W| |L| [WD)
Complex HAD [138, 139] m/SQ rad/s 50 22298 2 11.149
DLA [92] g deg/s 100 36.530 2 18.265
DSADS [15] m/s2 rad/s 25 177.080 5 35.416
FLAAP [87] m/S2 rad/s 100 10.142 1 10.142
mHealth [13] m/S2 deg/s 50 10458 2 5229
PAMAP?2 [133] m/s? rad/s 100 61.209 3 20.403
RealWorld (HAR) [146] m/s? rad/s 50 258.580 5 51.716
USC-HAD [172] g deg/s 100 20.768 1 20.768

Units.

The selected datasets capture signals using various measurement units. Ac-
celerometers (A) record signals in m/s? or g, while gyroscopes (G) measure
in rad/s or deg/s. To harmonize the input distribution, this work converts all
accelerometer readings to m/s? and all gyroscope readings to rad /s as follows:

A [m/s’] = Alg] * gn, (7.1)
G [rad/s] = G [deg/s] * 7/360, (7.2)

where g, = 9.806 65 m /s? represents the standard acceleration of gravity [30].
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Sampling Rate.

The sampling rate affects the temporal resolution of a signal, with higher sampling
rates capturing more details about the signal’s variations. The selected datasets
collect signals at varying sampling rates, with most of them using frequencies
of 50 Hz or higher. To maintain consistent temporal resolution in the input
distribution of the consolidated dataset, this work resamples all signals to 50 Hz
with a cubic spline interpolation [35], requiring only the signals from DSADS to be
upsampled, while four datasets are downsampled. This rate effectively captures
human motion, as most of the activities fall within the 0 to 15 Hz range [33].
Additionally, resampling to 50 Hz enables ubiquitous applications of WHAR-
FMs, as this lower sampling rate requires less processing resources and storage
compared to higher frequencies.

Windowing.

Following the considerations outlined in [10], this work divides the signals into
2.56 s windows with a 50 % overlap. With the sampling rate of 50 Hz and dataset
selection criterion 1, each location-specific window (w, f) contains w = 2.56 s
50 Hz = 128 data points with f = 6 features from a three-axis accelerometer and
a three-axis gyroscope. The [W(L)| column in Table 7.1 lists the total number
of windows per dataset and location. For each dataset, the windows are evenly
distributed across its available sensor locations. Table 7.2 summarizes the total
number of windows collected across all eight datasets, highlighting the varying
amounts of data per sensor location.

Table 7.2: Total number of windows per sensor location.

Ankle Chest Hip Pocket Waist

95.613 107.535 39.033 133.697 61.858 159.329
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7.2 Location-Invariant Pre-Training

Training FMs typically requires large volumes of data (cf. Chapter 4). However,
WHAR datasets are often limited in size, featuring only a few available sensor
locations (cf. Figure 7.2) and less than 35k windows per sensor location (cf.
Table 7.2). To address this challenge, this work introduces location-invariant pre-
training as an efficient approach for neural networks to develop general knowledge
about WHAR signals. Table 7.3 compares important properties of location-
invariant processing with multi-location processing.

Table 7.3: Differences between location-invariant and multi-location processing of WHAR signals.

Aspect Location-Invariant Multi-Location Processing
Processing
Input Dimensions  (w, f) per location [ € L (w, |L|f)
Training Corpus |L| samples per window 1 sample per window
(one per [) (stacked features from all )
Sensor Dynamic: support varying Static: require fixed,
Arrangement sensor placements pre-defined sensor
placements
Learned Location-independent ~ Learn correlations between
Representations fixed locations
Adaptability to High Limited due to fixed sensor
New Locations placements
Flexibility for High Limited due to fixed sensor
Downstream Tasks placements

Location-invariant pre-training enhances the training of WHAR-FMs by treating
(w, f)-shaped signals from various body locations I € L as separate input streams,
even when a dataset encompasses multiple locations. This technique effectively
addresses the limited availability of WHAR signals by increasing the number
of individual training samples by a factor of |L| (number of available locations)
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without relying on artificial data augmentation. The pre-training objectives remain
identical to multi-location WHAR-FMs (cf. Section 4.2).

As a result, location-invariant pre-training learns highly flexible and universally
applicable signal representations that are independent of the sensor arrangement
on the human body. This adaptability allows models to seamlessly integrate
new sensor locations without requiring modifications to the model architecture
or additional data collection for already existing training samples. Moreover,
location-invariant processing simplifies the merging of datasets with different
available sensor locations, as only the number and types of sensors at each location
are predetermined, while the sensor locations can be adjusted dynamically.

In contrast to multi-location models with pre-defined and fixed sensor arrange-
ments that stack signals from all available locations into (w, |L|f)-shaped sam-
ples (e.g., [1, 177]), location-invariant pre-training cannot identify correlations
between sensor locations. Nevertheless, downstream tasks benefit from the loca-
tion-invariant processing of pre-trained WHAR-FMs, as each task can define its
own subset of required sensor placements and flexibly merge the single-location
signal representations without relying on a predefined sensor arrangement.

Moreover, location-invariant pre-training enables Leave-One-Dataset-Out cross-
validation (LODO), where samples from n — 1 datasets are randomly split into
training and validation sets, while the n-th dataset serves as the unseen test set (cf.
Figure 7.3). Dataset selection criterion 2 ensures that this test set always contains
a subset of the locations that are present during training.

Train Validation Test

7 Datasets 1 Holdout Dataset

Figure 7.3: Leave-One-Dataset-Out (LODO) pre-training split for eight available datasets (adapted
from [3]).
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7.3 Summary

This chapter addressed the heterogeneity of publicly available WHAR datasets
by proposing a reusable signal alignment strategy. This approach involves select-
ing compatible datasets, aligning signal representations across different sensing
setups, and standardizing activity and sensor location labels. Using this method,
this work consolidated eight datasets that include accelerometer and gyroscope
signals from six sensor locations across 40 daily living, sports, and household
activities into a unified corpus for training WHAR-FMs. Researchers can apply
the same strategy to additional datasets to further expand the training corpus in
the future.

Additionally, this chapter introduced a location-invariant approach for the self-su-
pervised pre-training of WHAR-FMs. This method allows the models to process
input signals regardless of the sensor placement on the human body, enabling
them to develop a general understanding of human activity signals with diverse
characteristics. By eliminating the need to define sensor locations in advance,
location-invariant pre-training enhances the flexibility of both the pre-trained
models and the pre-training process itself. To support a wide range of down-
stream applications, the chapter also introduced multi-location fine-tuning, which
adapts the learned representations to task-specific multi-location sensing setups.
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8 Signal Forecasting with
Foundation Models

Accurate signal forecasting can enhance activity classification tasks while reducing
the need for additional data collection efforts [79]. It also facilitates the detection
of signal anomalies [173]. However, sensor signals can vary significantly across
individuals, sensor locations, and activities (cf. Figures 2.6 and 7.1). To address
this variability, this chapter introduces a WHAR-FM for signal forecasting that
develops a comprehensive understanding of human activity signals from diverse
data collection environments through local and global signal analysis. This Dual-
View FM, initially presented in Inertial Signal Forecasting With Foundation
Model Techniques [3], treats signals from various sensor locations on the human
body equally, establishing it as a location-invariant model for signal forecasting.
A comprehensive analysis of its pre-training and fine-tuning performances against
state-of-the-art architectures demonstrates the model’s effectiveness in delivering
accurate signal forecasts. Additionally, this chapter explores the impact of sensor
placement meta-information and pre-train data volumes on the forecasts.

8.1 Model Design

Signal forecasting models aim to predict future signal curves based on previous
time steps (cf. Section 2.4). A recent model for time-series forecasting is TSMixer
(Time-Series Mixer) [26]. The core of TSMixer is the Mixer Layer (cf. Figure 8.1),
which processes input time-series (w, f) with w time steps and f features per
time step in two steps. During time-mixing, the Mixer Layer transforms the
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time-series with a Multi-Layer Perceptron (MLP) along the time axis w. During
feature-mixing, the Mixer Layer applies a second MLP along the feature axis f
of the intermediate representation. Appendix A.1 provides a high-level overview
of the complete TSMixer architecture.

Time Mixing

——————————————————————————————————————

: w w i
: oAt oAttty :
I I
I I
g | b bbb |
: f 9 PV MLPime A AN f !
\ e e e ‘
: ~ T ~ TN :
.. _ - - - - - -~"-~"-"- - - - “““¥“¥“eeee___T-—--OJ--—-__
rotate
7777777 b
T R
( 3 { I
: é j, “\\ E % )» y‘ ‘5/ !
P Wy } LS MLPrFeature (s 1 S |w :
| = 4L S ) T {L S |
\ | SR ST OIS |
| { [ VoA | { Vo |
! |
! |
! |

Feature Mixing

Figure 8.1: Simplified view of the Mixer Layer (adapted from [26]). The signal from [13]is a (w, f)-
shaped time-series with w time steps and f = 6 features (blue, orange, green: three-axis
acceleration; red, purple, brown: three-axis angular velocity).

Unlike complex architectures such as Transformers, TSMixer’s MLPs rely solely
on fully-connected, dropout, and normalization layers, making this mixing ap-
proach lightweight and attractive for wearable signal forecasting. However, the
fully-connected layers fuse inputs globally across the entire time or feature axis,
which can be problematic for human activity signals with fast, abrupt changes (cf.
signals in Figure 8.1). In such cases, global time mixing may overlook important
spikes, while global feature mixing may suppress distinct characteristics from
different sensors.
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To overcome these limitations, this work presents Dual-View FM, a neural network
for the forecasting of wearable sensor signals. In addition to TSMixer’s global
view on the signals (Global Time and Feature Mixing), Dual-View FM introduces
Local Time and Feature Mixing operations, which divide input signals into smaller
chunks to capture more focused context and finer-grained structures within them.
Figure 8.2 illustrates these Dual-View Mixing operations. Local Time Mixing (cf.
Figure 8.2a) splits the time axis into s; equally-sized, non-overlapping chunks with
w mod s; = 0 and processes them separately with an MLP. Hence, Local Time
Mixing inherently models the chronological order of the time chunks, whereas
Global Time Mixing does not consider such temporal information. Local Feature
Mixing (cf. Figure 8.2b) splits the feature axis into sy chunks with f mod sy =
0. In contrast to Global Feature Mixing, which fuses information across all
sensors, Local Feature Mixing partitions signals by feature modality, e.g., into
three-axis accelerometer and gyroscope signals, thereby enhancing the model’s
ability to capture sensor-specific characteristics.

Dual-View Mixing leverages four MLPs. MLPripe1ocal processes the local time
chunks, MLPreature Local Processes the local feature chunks, MLPrime Giobal Operates
on the entire time axis of the input signal, and MLPrgeyure Global Operates on the
entire feature axis. Each MLP contains three sequential layers: a fully-connected
layer (FC1), a dropout layer, and a second fully-connected layer (FC2). During
feature mixing, FC1 expands the feature dimension from f to h and FC2 projects
it back to f. During time mixing, FC1 expands the time dimension from w to
h; FC2 either projects it back to w (for signal reconstruction) or to w’ (for signal
forecasting). To reduce memory requirements and treat each chunk equally, the
local MLPs share their weights across all chunks along their respective signal
dimensions.

Residual connections (or skip connections) mitigate the risk of information loss
during network propagation and enable the training of deeper models [53, 64].
To prevent shape mismatches when summing the input signal with the locally and
globally mixed time-series, the residual connection in Dual-View Time Mixing is
applied only during signal reconstruction tasks.
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Dual-View Time Mixing
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Global Time Mixing

(a) Local Time Mixing splits the time axis w in s; = 4 chronological chunks; Global Time Mixing mixes the
entire time axis.

Dual-View Feature Mixing

(b) Local Feature Mixing splits the feature axis f in s = 2 sensor-specific chunks (three-axis acceleration and
three-axis angular velocity); Global Feature Mixing mixes the entire feature axis.

Figure 8.2: Dual-View FM’s Local and Global Time and Feature Mixing (adapted from [3]).
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From a high-level perspective, Dual-View FM takes an input signal s € R**f
along with meta-information about the sensor location [ € L and passes them
through a large base and an interchangeable head that outputs the forecast signal
s e RY'*S (cf. Figure 8.3). Both components are surrounded by Reversible
Instance Normalization (RevIN, [83]), a technique for normalizing and denor-
malizing input signals per sample. RevIN ensures that the base and head layers
treat signals from different sensor locations, manufacturers, and users equally
and independently of their input distributions. Additionally, layer normalizations
(Norm, [11]) stabilize intermediate signal representations.

s l s
(w, f) Dual-View Mixing (w', f)
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Figure 8.3: High-level architecture of Dual-View FM (adapted from [3]). The Dual-View Time
Mixing and Dual-View Feature Mixing operations are detailed in Figure 8.2.

The base processes the input signal s with Np Dual-View Mixing blocks. In
parallel, it projects the sensor location [ into an embedding of matching shape
(w, f). The base then enriches the mixed signal by adding the location embedding
(+) and further processes the result with N4 additional Dual-View Mixing blocks
that preserve signal shape.

The head applies Ny Dual-View Mixing blocks to further refine the enriched
signal. It either outputs a signal s’ with unchanged shape (w, f) for signal
reconstruction or alters the dimensions to (w’, f) for signal forecasting.
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8.2 Location-Invariant Pre-Training

This work pre-trains Dual-View FM with location-invariant pre-training (cf. Sec-
tion 7.2). Therefore, the model does not fuse the signals of several positions.
Instead, each training sample represents the acceleration and angular velocity at a
single body location [ € L. This flexible approach enables Dual-View FM to ob-
tain broad knowledge about WHAR signals from a large signal corpus, regardless
of the sensor placement on the human body.

Masked Signal Modeling (MSM) and Causal Signal Modeling (CSM) serve as
independent pre-training objectives (cf. Section4.2). Both objectives nullify 72y,
time steps in the training samples and train the FM to predict the masked sensor
readings. MSM aims for accurate signal reconstruction (s = s’), while CSM
teaches the model to forecast the next npy,g time steps, producing output signals
s’ € R®'*/ where w' = nmag. This change in the time dimension happens in
the head (cf. Figure 8.3); the base always keeps the dimensions unchanged.

This work uses a Leave-One-Dataset-Out approach (LODO, cf. Figure 7.3) to
pre-train Dual-View FM on the harmonized signals from eight WHAR datasets
(cf. Section 7.1). These datasets cover a wide range of activities, users, sensors,
and sensor placements. To ensure the generality of the pre-trained FMs, LODO
selects one dataset for testing and splits the seven remaining datasets into 80 %
training and 20 % validation data, where both sets contain signals from all datasets,
activities, and sensor locations.

8.3 Location-Invariant Fine-Tuning

The downstream goal of Dual-View FM is signal forecasting. By design, CSM
teaches the model to predict ny,s future values. Therefore, CSM models do
not require changes to their architecture to fulfill the downstream task. The
MSM objective, on the other hand, deviates from the downstream task. To enable
signal forecasting with pre-trained MSM models, this work replaces MSM’s signal
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reconstruction head with a randomly initialized forecasting head that contains Nx
Dual-View Mixing blocks that ultimately change the input dimension from (w, f)
to (w', f), where w' = Npask.

To fine-tune the models, this work follows the two-step scheme from Section 4.3.
Fine-tuning first freezes the weights of the layers in the base and the RevIN layers
and retrains only the head weights with a learning rate of 1e-3. Then, it unfreezes
all weights and adjusts the whole models using the tiny learning rate le-5.

Fine-tuning happens on the eighth dataset which has not been part of the pre-
training (cf. Section 8.2). This work splits this dataset into 60 % training, 20 %
validation, and 20 % test data. Figure 8.4 illustrates the relationship between the
pre-training and fine-tuning data splits. Like pre-training, fine-tuning is location-
invariant. As a result, the fine-tuned models analyze signals from different body
positions independently.

7 Consolidated Pre-Training Datasets 1 Holdout Dataset

Pre- Train (80 %) Validation (20 %)
Training L
Fine- [ .
. Train (60 %) Validation (20 %) Test (20 %)
Tuning

Figure 8.4: Relationship between pre-training (top) and fine-tuning (bottom) data splits (adapted
from [4]). Pre-training uses seven consolidated datasets for model fitting, while fine-
tuning is conducted on the eighth holdout dataset.

8.4 Implementation and Evaluation Details

The proposed Dual-View FM architecture is highly configurable, supporting
various hyperparameters and pre-training objectives. To assess its accuracy in
signal forecasting tasks, this work pre-trains several model configurations on
seven benchmark datasets and fine-tunes them on an additional eighth dataset.
This section explains the steps for evaluating the role of location embeddings
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(Section 8.4.1) and provides details about hyperparameter configurations (Sec-
tion 8.4.2) as well as the setups for pre-training and fine-tuning with different
objectives (Section 8.4.3).

8.4.1 Relevance of Location Embeddings

To evaluate the importance of location information for signal forecasting with
location-invariant FMs, this work compares location-aware (LA) models, which
incorporate location embeddings (cf. Figure 8.3), with location-unaware models
(LU) that omit the location input /. Accordingly, both the MSM and CSM models
are trained in two configurations: with and without location information. The
respective setup applies to both pre-training and fine-tuning.

8.4.2 Hyperparameters

Dual-View FM contains several customizable hyperparameters, including the
number of Dual-View Mixing blocks in base (Np, N4) and head (Ng), the
number of splits for local time and feature mixing (s, sy), the hidden dimension
h, and the dropout factor d, which is only applied to the base layers. The number
of time steps to be masked (nm,sk) is also customizable. This work uses the
hyperparameter configuration from Table 8.1. These hyperparameters ensure that
CSM and MSM models contain roughly the same number of trainable parameters
during pre-training (454,615 parameters for CSM, 451,673 parameters for MSM).

The MSM and CSM configurations only differ in the number of Dual-View Mixing
blocks in their respective heads. CSM’s signal forecasting head uses Ny = 3
blocks, while MSM’s signal reconstruction head uses Ny = 1 block.

Each Dual-View Mixing block in the forecasting head halves the width of the time
axis. Given a signal window with shape (w, f) = (128, 6) (cf. Section 7.1.2), the
first block outputs w’ = w/2 = 64 time steps, the second block outputs w” =
w’ /2 = 32 time steps, and the third block outputs w”’ = w” /2 = 16 = N
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Table 8.1: Model configuration (adapted from [3]).

Parameter CSM MSM

Np 2 2
Ny 2 2
Ny 3 1
St 4 4
Sf 2 2

h cf. Equation 8.1
d 20%  20%
Tmask 16 16

time steps. The Dual-View Mixing blocks in the reconstruction head and the
base, on the other hand, output signal representations whose shapes match their
input shapes.

The hidden dimension h defines the projection dimension of the FC1’s in the
MLPs. This work uses the following rule to select the hidden dimension h; of
the current Dual-View Mixing block ¢ based on the output length w;_1 of its
predecessor:

hi = 2w;_1, 8.1

where wg = w = 128.

8.4.3 Training Setup

The training parameters differ between pre-training and fine-tuning (Table 8.2).
Both training steps repeat the training and data splitting three times with varying
random seeds and leverage early stopping with a patience of 10 to reduce overfit-
ting. To account for different training set sizes and training objectives, the batch
sizes and learning rates differ between pre-training and fine-tuning.
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Table 8.2: Pre-training and fine-tuning parameters of Dual-View FM.

Parameter  Pre-Training Fine-Tuning

Batch Size 256 {32,128}
Patience 10 10
Learning Rate le-3 {1e-3,1e-5}
Seeds {1,2,3} {1,2,3}

Pre-training uses a batch size of 256 to facilitate training on the large pre-training
corpus (cf. Section 8.2). Fine-tuning uses batch size 32 if the fine-tuning dataset
contains less than 100k windows (cf. Table 7.1) or 128 if it is larger.

During pre-training and during fine-tuning with fixed base and RevIN weights (cf.
Section 8.3), the learning rate is 1e-3. Moreover, this work uses learning rate le-5
to further refine the fine-tuned models without fixed weights. Both training steps
leverage the Adam optimizer [85].

Dual-View FM leverages a custom loss function that prioritizes key signal char-
acteristics like magnitude and shape [3]:

MAE/CD-Loss = 0.5 MAE + 0.5CD, (8.2)

where MAE is defined in Equation 2.14 and the Cosine Distance (CD) € [0, 2] is
a reformulation of the cosine similarity (Equation 2.16) as a loss function:

CDh =1-CS. (8.3)

Smaller CD values indicate greater similarity.
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8.5 Performance Analysis

This work compares the pre-training (Section 8.5.1) and fine-tuning (Section 8.5.2)
performance of Dual-View FM with TSMixer [26], a Transformer architec-
ture [149], and TimeGPT-1 [48]. TSMixer analyzes time-series separately in
their time and feature dimensions but adopts a single-view approach that only
considers global relationships within signals (cf. Figure 8.1). Therefore, compar-
ing Dual-View FM with TSMixer offers valuable insights into the effectiveness
of the proposed dual-view approach (cf. Figure 8.2). Transformers, on the other
hand, excel at capturing complex relationships within time-series and are the core
of many recent FMs, such as GPT [130], BERT [39], or TimeGPT-1 [48]. Thus,
Transformers provide a strong baseline for evaluating WHAR-FMs. TimeGPT-1
is a closed-source, production-ready FM for general time-series forecasting that
leverages a Transformer architecture [48, 120]. TimeGPT-1 has been pre-trained
on time-series from several domains, including finance, health care, sensor data
from the internet of things, and more [48].

To ensure consistency between the models, TSMixer and the Transformer model
use the same high-level architecture as Dual-View FM (cf. Figure 8.3) but replace
the Dual-View Mixing blocks with Mixer Layers (cf. Figure 8.1) or Transformer
Encoders [149], respectively. Appendix A.l1 provides details on the architec-
tures and specifications of the comparison models. With 98,212 (MSM) and
83,764 (CSM) weights, the pre-trained TSMixer is roughly five times smaller
than Dual-View FM. With 447,950 (CSM) and 508,318 (MSM) trainable pa-
rameters, the pre-trained Transformer models have a similar size as the proposed
Dual-View FM. The comparison models also use the pre-training and fine-tuning
policies from Sections 8.2 and 8.3.

8.5.1 Pre-Training

This work evaluates the pre-training performance of location-aware (LA) and lo-
cation-unaware (LU) Dual-View FMs (cf. Section 8.4.1), LU TSMixer, and LA
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Transformer using a Leave-One-Dataset-Out approach (cf. Section 7.3). The
models are repeatedly pre-trained on seven pre-training datasets with varying ran-
dom seeds (cf. Table 8.1). Sections 8.5.1.1 and 8.5.1.2 analyze the performance
of the pre-trained CSM and MSM models separately. The presented scores are
the Mean Absolute Errors (MAEs, Equation 2.14) and Root Mean Squared Er-
rors (RMSEs, Equation 2.15) on an eighth holdout dataset, averaged across three
random seeds. Additionally, Section 8.5.1.3 investigates the impact of different
amounts of pre-training data on Dual-View FM’s generalizability.

8.5.1.1 Causal Signal Modeling (CSM)

Table 8.3 presents the average MAEs and RMSEs of the Dual-View FMs, LU
TSMixer, and LA Transformer for the CSM pre-training task and compares them
with TimeGPT-1 on an eighth holdout dataset.

The location-unaware Dual-View FMs achieve the best overall performance on
the CSM task, outperforming their location-aware counterparts in 7 out of 8
holdout datasets. Although the performance differences are relatively small, they
are consistent across these datasets. These results suggest that incorporating
location information into the model architecture has only a minor effect on the
CSM performance of pre-trained Dual-View FMs.

TSMixer ranks third on the CSM task, with MAEs and RMSEs 7.21 % and 5.76 %
higher than those of the LU Dual-View FMs. These results demonstrate the clear
benefit of incorporating local views alongside TSMixer’s global mixing strategy
in fully-connected forecasting models.

The Transformer performs considerably worse than both Dual-View FMs and
TSMixer. Nevertheless, its improvements in MAE over TimeGPT-1, which has
been pre-trained on a much broader and more versatile dataset, underscore the
value of domain-specific pre-training data in time-series forecasting tasks.

Both Dual-View FMs consistently outperform TimeGPT-1 in MAE across all
holdout datasets. On average, the LU Dual-View FMs achieve improvements of
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Table 8.3: Average pre-training performance of the location-unaware (LU) Dual-View FMs, their
location-aware (LA) counterparts, TSMixer, Transformer, and TimeGPT-1 [48] on the CSM
pre-training task; best, 2nd best, 3rd best scores per holdout dataset (adapted from [3]).
The last two rows contain the average scores over all datasets and the deltas between the
best models and the other models.

(a) Mean Absolute Error (MAE).

Dataset LU LA TSMixer Transformer TimeGPT-1
Complex HAD 0.451 0466 0.488 0.521 0.783
DLA 0.458 0.455 0.505 0.544 0.788
DSADS 0.590 0.592 0.632 0.670 0.958
FLAAP 0.578 0.581 0.576 0.649 0.700
PAMAP2 0.666 0.668 0.718 0.865 1.031
RealWorld (HAR) 0.654 0.659 0.698 0.939 1.069
USC-HAD 0.592 0.595 0.656 0.632 1.015
mHealth 0.749 0.750 0.830 0.927 1.082
Average 0.592 0.596 0.638 0.718 0.928
Delta - 0.004 0.046 0.126 0.336

(b) Root Mean Squared Error (RMSE).

Dataset LU LA TSMixer Transformer TimeGPT-1
Complex HAD 1.094 1.126 1.176 1.212 1.283
DLA 2.110 2.097 2.239 2.323 1.815
DSADS 1.588 1.594 1.676 1.708 1.674
FLAAP 1414 1415 1.399 1.552 1.514
PAMAP2 2,121 2.123 2.244 2.505 2.173
RealWorld (HAR) 1.609 1.618 1.692 2.085 1.939
USC-HAD 1.508 1.514 1.664 1.572 2.351
mHealth 2.152 2.156 2.343 2.683 2.917
Average 1.700 1.705 1.804 1.955 1.958
Delta - 0.005 0.104 0.255 0.258
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0.336 in MAE (36.21 %) and 0.258 in RMSE (13.18 %). The largest performance
gains are observed on the USC-HAD dataset, where the LU Dual-View FMs out-
perform TimeGPT-1 by 0.423 and 0.843 in MAE and RMSE, respectively. These
results highlight the critical role of domain-specific FMs for signal forecasting.

Overall, the CSM results show that fully-connected models with both global and
local time and feature mixing operations outperform models with global views
only, as well as Transformer-based architectures, including the state-of-the-art
TimeGPT-1, on signal forecasting tasks.

8.5.1.2 Masked Signal Modeling (MSM)

Table 8.4 compares the average MAEs and RMSEs of both Dual-View FMs, the
LU TSMixer, and the LA Transformer for the MSM objective. MSM pre-trains
the models for signal reconstruction and data imputation. Therefore, the closed-
source TimeGPT-1, which is specifically designed for signal forecasting, cannot
serve as a comparison model for the MSM task.

All models accurately reconstruct sensor signals with relatively small errors. In
general, the MAEs and RMSEs observed in the MSM task are lower than those in
the CSM task (cf. Table 8.3), indicating that reconstructing signals with missing
features is less challenging than forecasting based on historical data.

The Transformer achieves the best overall performance, with the Dual-View FMs
trailing by 0.1 points in MAE and 0.531 points in RMSE. Nevertheless, the Dual-
View FMs still outperform TSMixer by up to 0.086 points in MAE and 0.224
points in RMSE, which underscores the benefit of incorporating both local and
global time and feature perspectives in the processing.

Consistent with the findings from the CSM task, the location-unaware Dual-View
FMs slightly surpass their location-aware counterparts on average. These results
further demonstrate that meta-information about sensor placement on the human
body has negligible impact on the pre-training performance of Dual-View FMs.
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Table 8.4: Average pre-training performance of the location-unaware (LU) Dual-View FMs, their
location-aware (LA) counterparts, TSMixer, and Transformer on the MSM pre-training
task; best, 2nd best, 3rd best scores per holdout dataset (adapted from [3]). The last two
rows contain the average scores over all datasets and the deltas between the best models
and the other models.

(a) Mean Absolute Error (MAE).

Dataset LU LA TSMixer Transformer

Complex HAD  0.153 0.147 0.265 0.040
DLA 0.177 0.200 0.263 0.050
DSADS 0.159 0.137 0.247 0.069
FLAAP 0.128 0.122 0.178 0.033
PAMAP2 0.192 0.209 0.276 0.080
RealWorld (HAR) 0.182 0.190 0.272 0.074
USC-HAD 0.180 0.186 0.240 0.052
mHealth 0.244 0.245 0.366 0.216

Average 0.177 0.180 0.263 0.077
Delta 0.100 0.103 0.186 -

(b) Root Mean Squared Error (RMSE).

Dataset LU LA TSMixer Transformer

Complex HAD 0.867 0.821 1.174 0.297
DLA 1.472 1.517 1.711 0.709
DSADS 0.975 0918 1.247 0.349
FLAAP 0.756 0.718 0.861 0.283
PAMAP2 1.484 1461 1.671 0.755
RealWorld (HAR) 0.998 1.050 1.171 0.430
USC-HAD 1.043 1.054 1.195 0.425
mHealth 1.481 1.457 1.759 1.507

Average 1.134 1.125 1.349 0.594
Delta 0.540 0.531 0.755 -

123



8 Signal Forecasting with Foundation Models

8.5.1.3 Dataset Size

To assess the impact of training data volume on the generalizability of Dual-View
FM, this work sorts the pre-training datasets by their number of windows [W]|
in ascending order (cf. Table 7.1), successively pre-trains the location-unaware
model with increasing numbers of datasets, and analyzes the resulting changes in
MAE on the holdout datasets. Figure 8.5 plots the MAEs (solid lines) of the Dual-
View FMs for both pre-training objectives per holdout dataset against the number
of pre-training datasets (horizontal axis) and the corresponding total number of
training samples (dashed lines). Stars mark the lowest MAE per holdout dataset,
representing the best performing data configurations.

Despite differences in sensing setups between the training and test datasets, the
generalizability of the models on unseen holdout datasets consistently improves
with increasing amounts of pre-training data. The best performing models are
those trained on all seven pre-training datasets (cf. Tables 8.3 and 8.4). The CSM
models achieve an average MAE improvement of 0.257 when comparing full pre-
training on all seven pre-training datasets to training on the smallest datasets only,
with RealWorld (HAR) showing the largest absolute gain of 0.31. For the MSM
objective, the average MAE improvement is 0.154. Here, the FLAAP datasets
achieves the most pronounced gain of 0.35.

Some performance drops appear as the number of pre-training datasets increases.
The most notable example for CSM is mHealth, where the addition of the sixth
pre-training dataset (here: DSADS) worsens the MAE by 0.019 points. For MSM,
the holdout datasets that observe the largest drops are USC-HAD and FLAAP,
where adding the third pre-training dataset (here: Complex HAD) worsens the
MAE by 0.053 and 0.049, respectively. FLAAP’s performance recovers from this
misery after adding the fourth and fifth dataset. USC-HAD, however, requires all
seven pre-training datasets to finally achieve improvements over pre-training on
the smallest dataset only.

These results confirm that additional pre-training data improves the generalizabil-
ity of Dual-View FM on unseen holdout datasets even when the signals originate
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Figure 8.5: MAEs of Dual-View FMs on unseen holdout datasets plotted against the number of

pre-training datasets (1 to 7) sorted by size. The forecasting performance improves as
the number of pre-training datasets increases. Solid lines represent MAEs for CSM and
MSM objectives, while dashed lines indicate the total training samples. Stars denote the
optimal data configurations with the lowest MAEs.
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from different sensing setups. However, such cross-domain differences can signif-
icantly impact model generalization when training data is limited. This limitation
can be effectively mitigated by scaling up the volume and diversity of pre-training
data.

8.5.2 Fine-Tuning

Fine-tuning adapts the pre-trained models to the forecasting of the next nmask
time steps using their respective holdout datasets. Section 8.5.2.1 compares
the performance of fine-tuned Dual-View FMs against fine-tuned TSMixers and
Transformers with different pre-training objectives. To resolve the mismatch
between the MSM objective and the forecasting task, the reconstruction heads of
the MSM models are replaced with freshly initialized forecasting heads identical
to those used by the CSM models. Additionally, Section 8.5.2.2 analyzes the
forecasting performance at the activity level, offering insights into the unique
challenges associated with signals from different activity types. TimeGPT-1 is
excluded from this evaluation as this closed-source model cannot be fine-tuned
locally with this work’s custom loss function (cf. Equation 8.2).

8.5.2.1 Comparison with State-of-the-Art Forecasters

Table 8.5 compares the average MAEs and RMSEs of the fine-tuned models
across all holdout datasets per pre-training objective. With average MAEs of
0.54 and average RMSEs of 1.598, the Dual-View FMs with CSM objective
generate signal forecasts with the highest quality. Both variants outperform the
best TSMixer by approximately 7.06 % (MAE) and 6 % (RMSE) and the best
Transformer by 12.34 % (MAE) and 7.31 % (RMSE).

In general, the CSM models outperform their MSM counterparts, which is ex-
pected as the CSM pre-training objective already matches the fine-tuning goal.
Despite the gap between MSM and the fine-tuning task, both Dual-View FMs with
MSM objective achieve similar scores as TSMixer with CSM objective and even
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Table 8.5: Average fine-tuning performances across all holdout dataset; best, 2nd best, 3rd best scores
(adapted from [3]).

Dual-View FM TSMixer Transformer

Pre-Training
Objective Metric LU LA LU LA

CSM MAE 0.540 0.540 0.581 0.616
RMSE 1.598 1.598  1.700 1.724

MSM MAE 0.601 0.602  0.703 0.781
RMSE 1.716 1.718 1.957 2.178

surpass the Transformers in MAE and RMSE. These results underscore the great
signal forecasting capabilities of Dual-View FM and emphasize the importance
of pre-training objectives that suit the downstream use case.

A comparison between the fine-tuning results and the CSM pre-training scores
from Table 8.3 reveals that fine-tuning improves the MAEs and RMSEs of the
location-unaware Dual-View FMs by an average of 0.052 and 0.102 points, cor-
responding to relative gains of 8.78 % and 6 %, respectively. These improvements
highlight the importance of context-specific fine-tuning to optimally handle the
diversity of sensor signals across different sensing setups.

Figure 8.6 compares the MAEs and RMSEs of the fine-tuned models with CSM
pre-training objective per dataset as bar charts. These charts confirm the find-
ings from Table 8.5: Dual-View FM forecasts signals with higher accuracy than
TSMixer or Transformer across all datasets.

8.5.2.2 Activity-Level Performance

As discussed in Section 7.1.1, the eight datasets share 40 common activity labels.
Figure 8.7 illustrates the average MAEs and RMSE:s of the fine-tuned, location-
unaware Dual-View FMs with CSM objective for each activity. These metrics are
averaged across all test datasets.
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Figure 8.6: Comparison of the fine-tuned CSM models per dataset and metric.

The performance metrics per activity correlate with the variability in their signals.
Static activities with small standard deviations in their signals are generally easier
to forecast than dynamic activities with large or spontaneous changes. Basketball,
downstairs, jump, nordic walking, run, soccer, and upstairs are the activities with
the largest MAEs and RMSEs. With standard deviations between 1.7 and 4.7,
their signals are also among those with the highest variabilities. Thus, activities

with larger signal variances are harder to forecast.

Figure 8.8 compares true walking and running signals with the forecasts of a fine-
tuned, location-unaware Dual-View FM with CSM pre-training objective. These
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Figure 8.7: Average MAEs and RMSEs of the fine-tuned, location-unaware Dual-View FMs with
CSM objective per general activity g (adapted from [3]). The labels on the horizontal
axis are “g (number of datasets that contain g, standard deviation of g’s signals)”.

examples represent unseen test samples with median forecast loss within their
respective activity classes. The plots confirm that the forecasts closely align with
the true signal curves.

8.6 Summary

This chapter introduced Dual-View FM, a location-invariant foundation model
that forecasts sensor signals by capturing both short- and long-term dependencies
within signal windows through local and global mixing operations. The model
leverages pre-training on a diverse corpus of seven consolidated datasets with
varying characteristics and applies fine-tuning on an independent eighth holdout
dataset. Dual-View FM consistently outperforms state-of-the-art models in time-
series forecasting tasks. Increasing the size of the pre-training corpus improves its
generalizability and robustness on unseen data. Fine-tuning enhances the model’s
accuracy even further. However, forecasting signals with abrupt changes or large
deviations remains more challenging than predicting static activities. Although
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signal patterns differ across body locations, incorporating metadata about sensor
placement into the training process does not improve forecasting performance.
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Figure 8.8: Example forecasts of unseen walking and running signals from the fine-tuned, location-
unaware Dual-View FMs with CSM objective. The left plots show true three-dimensional
accelerations (acc, semi-transparent) and their forecasts (dashed), while the right plots
show true three-dimensional angular velocities (gyr, semi-transparent) and their forecasts
(dashed). The selected signals represent test samples with median forecast loss within
their respective activity classes.
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Foundation Models

Activity classification is arguably the most important task in WHAR. Beyond
achieving high recognition rates across a broad range of activities, WHAR classi-
fiers must also meet strict device constraints to be viable for wearable deployment.
FMs, however, often rely on large numbers of trainable parameters [18]. Even
Dual-View FM, which has demonstrated the great potential of WHAR-FMs for
signal forecasting, uses approximately 450k parameters (cf. Chapter 8). This
raises the question of how WHAR-FMs can be further reduced in size to support
practical use in wearable systems.

To address this challenge, this chapter introduces MRWA-FM, the Multi-Res-
olution Wavelet-Attention Foundation Model for human activity classification
from Enhancing Sensor-Based Human Activity Recognition With Multiresolu-
tion Wavelet-Attention [4]. This second FM architecture combines deep learning
principles with the Discrete Wavelet Transform (DWT, cf. Section 2.2), a signal
processing technique which is well-suited for capturing abrupt changes in human
activity signals via time-localized signal analysis. However, instead of using
literature-defined Wavelets, MRWA-FM learns task-specific Wavelet filters that
enable the extraction of characteristic features of human motion.

To enhance the flexibility of the learned Wavelets and to compensate for limited
training data, MRWA-FM uses the same location-invariant pre-training strategy as
Dual-View FM (cf. Sections 7.2 and 8.2). Building on evidence that multi-sensor
fusion improves classification performance [122, 158], this chapter also presents
a lightweight fine-tuning approach for multi-location downstream classification.
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9 Activity Classification with Foundation Models

A comprehensive evaluation demonstrates the effectiveness of MRWA-FM as a
lightweight feature extractor for human activity classification that improves the
performance of three state-of-the-art downstream classifiers.

9.1 Model Design

Figure 9.1 presents MRWA-FM’s architecture, which enhances input signals s via
Multi-Resolution Wavelet-Attention. MRWA-FM incorporates learnable Wavelet
filters with multi-head cross-attention between s and their Wavelet coefficients to
automatically detect and amplify important signal components. This architecture
provides two processing paths with shared layer weights: the location-invariant
pre-training path and the multi-location fine-tuning path.

Pre-Training Path.

Location-invariant pre-training (Figure 9.1a) learns to reconstruct single-location
signals s € R“>/ by correlating s with their Wavelet coefficients as follows.

The projection layer Proj' is a fully-connected layer that adjusts the f-dimension
of s to ¢ hidden channels according to the equation

S/ _ Sw],Proj 4 b]'PrOj, (91)

where WP ¢ Rf*¢ g a learnable weight matrix, bl P R is a learnable
bias vector, and s’ € R**¢ is the modified hidden representation. This simplified
equation omits the activation function of the layer and the input batch size.

Positional Encodings (PE, [149]) capture the sequential order of the hidden rep-
resentation (w, ¢) in the w-dimension; RevIN [83] normalizes the hidden repre-
sentations per sample.

Decompose applies a J-level Wavelet decomposition (cf. Section 2.2) to (w, c)
that produces J + 1 Wavelet coefficients C = (¢D1,cDa, . ..,cDy,cAy) (cf. Fig-
ure 9.2). The detail coefficients cD; with j € {1,...,.J} have shapes (w/27, ¢);
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(a) Location-invariant pre-training path (adapted from [4]).
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(b) Multi-location fine-tuning path with a downstream model (adapted from [4]).

Figure 9.1: Architecture of MRWA-FM (adapted from [4]). The data propagation differs between
location-invariant pre-training and multi-location fine-tuning.

the approximation coefficients cA; have shape (w/2”,c). Concat concatenates
the coefficients along their first axes into a single tensor (w, ¢), which serves as
both the key and the value for the subsequent multi-head attention layer (MHA).

MHA applies cross-attention between these key-value pairs and the normalized
input signals, enabling the model to identify patterns and relationships between
the hidden representations of the input signals and their time-frequency bands.
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Figure 9.2: Decomposition of a normalized signal from [138] into Wavelet coefficients (cD1, cD2,
cD3, cD4, and cA4) using a learned, four-level Wavelet transform, followed by concate-
nation of the coefficients (cf. Decompose and first Concat layer in Figure 9.1).

MHA has two outputs: the actual output tensor O € R"“*¢ and the attention
scores A € R"*¥WX% where ny is the number of attention heads. During
pre-training, the model passes O to the denormalization layer.

The inverse projection layer InvProj' is another fully-connected layer that changes
the hidden feature dimension ¢ back to f according to the equation

s — SIWI,InvPrOJ + bl,InvProj’ 9.2)

where W1 IvProi ¢ Rexf ig a learnable weight matrix and b">™P ¢ Rf is a
learnable bias vector.
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9.1 Model Design

Fine-Tuning Path.

Multi-location fine-tuning (Figure 9.1b) leverages the pre-learned correlations to
emphasize important signal components in multi-location signals § € R“*ILI/,
Both the switch from location-invariant to multi-location processing and the signal
enrichment require certain modifications to the processing path.

The Proj"! layer enables the processing of multi-location signals 5. This layer
replaces W' P in Equation 9.1 with a multi-location weight matrix

|L|, Proj 1, Proj ..
Wiy =W et 1L e RIEW>e 4 s e {1,...,|LIf},{1,...,¢} (9.3)

that repeats W' P |L| times along its f-dimension. With this modification,
Proj"! fuses signals from |L| locations into the same (w, ¢)-shaped hidden space
as Proj', while re-using the pre-trained weights at each location. Since fully-
connected layers sum weighted inputs from all neurons in the previous layer,
the multi-location setup changes the magnitude of the hidden space. However,
the RevIN layers counteract this magnitude change as they normalize the hidden
representations per sample.

The Enrich layer weights the decomposed Wavelet coefficients C' according to the
attention scores A as illustrated in Figure 9.3 and passes the enriched coefficients
to the Wavelet reconstruction layer. The enrichment steps are as follows:

(E1) Compute the average A € RW*% of A € R™X%X¥ gver ny,:

_ 1 &
= Z A;. 9.4)
Th =1

A’s first w-axis represents the time steps of the MHA query (the normalized
input signals), while its second w-axis represents specific positions in the
MHA keys (the Wavelet coefficients).

(E2) Partition the second w-axis of A into J + 1 segments. The first .J seg-
ments A; € R“*27 with j € {1,...,J} represent the detail coefficients
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9 Activity Classification with Foundation Models

cD;. The final segment A ;1 € R*™ 37 corresponds to the approximation
coefficients cA ;.

(E3) Aggregate each A; with an aggregation function agg € {max, mean, sum}
to obtain scalars a; € R:

a; = agg(Ay), ie{l,...,J+1}. 9.5)

(E4) Weight the Wavelet coefficients ¢; € C' by normalized a;:

J+1 ;
C;:CiaiT, 26{1,7J+1} (96)
k=1 0k

This normalization ensures that the weighted coefficients ¢; maintain their
relative importance across different Wavelet levels.

During fine-tuning, the denormalization layer processes the enriched and recon-
structed signal representations instead of the MHA output O.

The InvProj" converts the (w, ¢)-shaped hidden representations into multi-lo-
cation outputs. This layer replaces W' "Proi and p'- InvProi iy Equation 9.2 with
modified W "VPrei and b~/ To this end, this layer repeats the pre-trained weight
matrix WPl of [nvProj' |L| times along its f-dimension:

Wiy — gy e RO G e (1, e {1 LU
9.7
Since InvProj'’s bias term has the length of the output feature dimension f,
b!- InvProj 4150 requires adjustments to fit the multi-location setting:

b = b e 9 € (L IEIFY, ©8)

Additionally, fine-tuning introduces a residual connection that concatenates the
enriched output of InvProj" with the multi-location input signal § and forwards
the concatenated signal to a downstream model. This concatenation preserves the
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Figure 9.3: Internal processing of the attention matrix within the Enrich layer, resulting in the weighted
Wavelet coefficients ¢. Here, enrichment step (E3) uses the max aggregation function.

full information from 8§, positioning the enriched signal as an additional source of
information for the downstream model.

Figure 9.4 illustrates the steps between Wavelet decomposition and reconstruction
for a three-level Wavelet transform. The multi-channel Wavelet filters H, G, H s
and G contain c filters h,g, h, and g (cf. Section 2.2). The decomposition and
reconstruction layers implement Wavelet filters as depthwise convolutions [29].
Unlike standard convolutions in neural networks, which combine information
across all input channels, depthwise convolutions operate independently on each
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Figure 9.4: Illustration of the interactions between MRWA’s decomposition, attention, enrichment,
and reconstruction layers for a three-level Wavelet transform (adapted from [4]).
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9.2 Location-Invariant Pre-Training

channel. This behavior mirrors the DWT, which also processes each channel sep-
arately without fusing information between them, making depthwise convolutions
a natural fit for simulating Wavelet operations in neural networks.

Figure 9.5 compares the effects of different aggregation functions agg in the
enrichment step (E3) on MRWA'’s outputs for different Wavelet levels J and
Wavelet filter sizes K. The matrices on the right visualize the strength of the
aggregated and normalized attention coefficients a; for each Wavelet coefficient.
For J = 4 with max aggregation, the colors of a; match those shown in Figure 9.3.
Since the sum function adds up all values in A;, this aggregation function favors
longer Wavelet coefficients from lower levels (e.g., cD1, c¢Ds) which represent
higher frequency bands. Max aggregation favors higher-level coefficients (e.g.,
cD j, cA ) which represent lower frequency bands. Mean aggregation has similar
tendencies as max, but does not suppress the high-frequency signal components
quite as strong. The plots on the left compare the original input signal with signals
enriched using different aggregation functions. Since the sum aggregation favors
high-frequency components, its enriched signals fluctuate significantly more than
the signals that leverage mean or max aggregation during enrichment. Moreover,
due to the similarity of the normalized a; from mean and max aggregations, their
enriched signals are also very similar.

9.2 Location-Invariant Pre-Training

This work pre-trains MRWA-FM using LODO cross-validation with the same
location-invariant 80/20-split of seven pre-training datasets as Dual-View FM
(cf. Sections 7.2 and 8.2). The pre-training objective, however, differs from Dual-
View FM. MRWA-FM applies the signal reconstruction objective (cf. Section 4.2)
to learn WHAR-tailored Wavelet filters and attention weights that allow for the
perfect reconstruction of input signals.
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Figure 9.5: The effects of different aggregation functions agg € {max, mean, sum} in the Enrich
layer on MRWA-FM’s outputs (left) and the corresponding attention coefficients a; (en-
richment step (E3), right) for different Wavelet levels J and filter sizes K (adapted
from [4]; signal from [138]). The sum aggregation prefers low-level Wavelet coefficients
(e.g., cD1, ¢D2) and thus, emphasizes high-frequency components in the enriched sig-
nals; max and mean aggregations favor high-level coefficients (e.g., cD s, cA y).

9.3 Multi-Location Fine-Tuning

The downstream goal of MRWA-FM is activity classification. Hence, the down-
stream model in Figure 9.1b is an activity classifier. Since neural networks can
be seamlessly combined with other neural networks and optimized together as
long as their input and output shapes match, this work examines how a preced-
ing MRWA-FM impacts the performance of three state-of-the-art human activity
classifiers: TinyHAR [177], DeepConvLSTM [17, 122], and GRU [165].
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9.4 Implementation and Evaluation Details

To this end, this work attaches the downstream classifiers to pre-trained MRWA-
FMs and fine-tunes the joint models on the eighth WHAR dataset which has
not been part of the pre-training. Fine-tuning uses the same 60/20/20-split on
this eighth dataset as Dual-View FM (cf. Section 8.3). However, since human
activity classification benefits significantly from incorporating sensor signals from
multiple on-body locations [122, 158], MRWA-FM performs multi-location fine-
tuning. This process integrates signals from all sensor locations available in the
eighth dataset to enable comprehensive activity classification (cf. fine-tuning path
in Section 9.1).

During fine-tuning, this work freezes all pre-trained MRWA-FM layers and only
trains the downstream classifiers with a learning rate of le-3. For comparison,
this work also retrains the InvProj and MHA layers to analyze their impact on
overall classification performance.

9.4 Implementation and Evaluation Details

The proposed MRWA-FM architecture learns WHAR-tailored Wavelet filter
banks with individual filter sizes. The filter size defines the number of Wavelet de-
composition levels, i.e., the granularity of the Wavelet analysis, and thus, directly
affects the parameter count of MRWA-FM. Furthermore, pre-training MRWA-
FM requires a sophisticated pre-training objective that regularizes the Wavelet
filter banks to reproduce proper Wavelets. Section 9.4.1 presents possible model
configurations. Section 9.4.2 explains the pre-training and fine-tuning objectives.

9.4.1 Hyperparameters

MRWA-FM contains several customizable hyperparameters, including the max-
imum Wavelet decomposition level J, the Wavelet filter size K (J), the number
of hidden channels c, the key dimension kd and the number of attention heads
ny, of the MHA layer, and the aggregation function agg of the Enrich layer which
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is only relevant during fine-tuning. Table 9.1 lists the values of these hyperpa-
rameters. During location-invariant pre-training, MRWA-FM processes signals
(w, f) = (128, 6) from single sensor locations (cf. Section 7.1.2). During multi-
location fine-tuning, the model uses all |L| locations available in a dataset as
inputs (w, f) = (128,6|L|) (cf. Table 7.1). The number of locations, however,
has no effect on the model’s hyperparameters.

Table 9.1: Model configuration.

Parameter Value
J {3,4,5}
K(J) |w/27] € {16,8,4}
c 64
kd (16,32, 64}
np 2
agg {max, mean, sum}

Since MRWA-FM precedes a downstream classifier, the combined model must
meet the resource constraints of wearable devices. In its largest configuration
with J = 3, K(J) = 16, and kd = 64, MRWA-FM learns 35,206 weights during
pre-training (cf. Table 9.2a). During multi-location fine-tuning, the number of
MRWA-FM weights increases to up to 38.302 for the largest configuration with
|L| = 5 sensor locations (cf. Table 9.2d). Given that current wearable devices
can easily handle models with up to 100k parameters [166], MRWA-FM leaves
sufficient capacity for flexible downstream classifiers.

9.4.2 Training Setup
The training parameters during pre-training und fine-tuning are almost identical

(cf. Table 9.3). Only the batch sizes differ to account for varying train set sizes
(cf. Sections 9.2 and 9.3). Both training paths leverage the Adam optimizer [85].

142



9.4 Implementation and Evaluation Details

Table 9.2: The number of MRWA-FM’s weights per hyperparameter configuration and number of

sensor locations | L|.

(a) |L| = 1 (required for multi-location fine-tuning
of FLAAP and USC-HAD and for location-
invariant pre-training; adapted from [4]).

(b) |L| = 2 (required for multi-location fine-
tuning of Complex HAD, DLA, and mHealth).

K(J) kd=16 kd =32 kd =64

K(J) kd=16 kd =32 kd =64

4(5) 9.574 17.862 34.438 4(5) 10.348 18.636 35.212
8(4) 9.830 18.118 34.694 8(4) 10.604 18.892 35.468
16(3) 10.342 18.630 35.206 16(3) 11.116 19.404 35.980
(¢) |L| = 3 (required for multi-location fine-tuning (d) |L| = 5 (required for multi-location fine-tuning
of PAMAP2). of DSADS and RealWorld (HAR)).

K(J) kd=16 kd=32 kd =064

K(J) kd =16 kd =32 kd = 64

45) 11.122 19410 35.986 45) 12.670 20.958 37.534
8(4) 11378 19.666 36.242 8(4) 12.926 21214 37.790
16(3) 11.890 20.178 36.754 16(3) 13.438 21.726 38.302

Table 9.3: Pre-training and fine-tuning parameters of MRWA-FM.

Parameter  Pre-Training Fine-Tuning
Batch Size 256 64
Patience 10 10
Learning Rate le-3 le-3
Seeds {1,2,3} {1,2,3}

During pre-training, the goal of MRWA-FM is to learn Wavelets that perfectly
reconstruct input signals s. Therefore, s and the reconstructed output signals s’
must match and the learned filter banks must form proper Wavelets. The following
pre-training loss function ensures both properties:

loss = MSE(s, s") + rfftyep + Oreg + Summyeg, 9.9)
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where the regularization terms

rfftey = »  MAE(|rfft(G)], [rfft(B)| * V2), (9.10)
Org = » MAE(G * G, 4), 9.11)
SUMeg :ZMAE(Z G,V2) + ZMAE(Z H,0) 9.12)

force G, H, G , and H to form an orthogonal Wavelet filter bank when H, é, and
H are derived from an orthogonal G according to Equations 2.5, 2.6, and 2.7.
Equation 9.10 ensures the low-pass property of the learned decomposition low-
pass filter G by comparing its absolute real-valued Fourier coefficients |rfft| with
the Fourier coefficients of a third-order low-pass Butterworth filter B with cutoff
frequency at half the sampling rate. Equation 9.11 ensures the orthogonality of
G, where G * GG denotes the convolution of GG with itself and § is the Kronecker
delta function (cf. Equation 2.3). Equation 9.12 ensures that G preserves the
signal energy and that H isolates high-frequency details effectively.

Figure 9.6 shows examples of learned Wavelet filter banks with varying filter
sizes K and decomposition levels .J, along with their corresponding frequency
responses. The plots demonstrate that MRWA-FM learns valid filter banks that
retain key properties of orthogonal Wavelets, including the expected relationships
between decomposition and reconstruction filters as well as their high- and low-
pass characteristics (cf. Equations 2.3 to 2.7). Although the learned Wavelets are
more irregular and asymmetric than literature-defined Wavelets such as Haar [57]
or Daubechies [34], they are particularly well-suited for WHAR tasks due to their
data-driven optimization.

During fine-tuning, this work optimizes MRWA-FM jointly with the downstream
classifiers TinyHAR [177], DeepConvLSTM [17, 122], and GRU [165] using the
categorical cross-entropy loss [29, 53].
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Figure 9.6: Learned Wavelet filter banks (left) and their frequency responses (right) for different
Wavelet levels J and Wavelet filter sizes K (adapted from [4]).

9.5 Performance Analysis

To evaluate the impact of MRWA-FM on downstream classification, Section 9.5.1
compares the macro Fl-scores and accuracies (cf. Equations 2.10 and 2.11)
of three state-of-the-art classifiers (TinyHAR, DeepConvLSTM, GRU) with and
without prepended MRWA-FM. Additionally, Section 9.5.2 analyzes the number
of true classifications, Section 9.5.3 evaluates inference times and the number of

multiply-accumulate operations, and Section 9.5.4 compares MRWA-FM to other
Wavelet-integrated classifiers.
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To this end, this work pre-trains MRWA-FM using LODO cross-validation with
seven pre-training datasets and multiple random seeds (cf. Table 9.3). Fine-tuning
and the training of the baseline classifiers is performed on an eighth holdout dataset
using varying random seeds.

Given the configurability of MRWA-FM (cf. Table 9.1), this section also explores
variations in the key dimension kd of the MHA layer, the number of Wavelet
decomposition levels .J, and the aggregation function agg. Additionally, this
work investigates the effect of adapting the weights of pre-trained layers during
fine-tuning. In the None configuration, all MRWA-FM layers are frozen and only
the downstream classifiers are trained. In the InvProj configuration, the InvProj
layer is trainable, while all other pre-trained layers remain frozen. In the MHA
configuration, both the InvProj layer and the MHA layer are fine-tuned.

9.5.1 Comparison with State-of-the-Art Classifiers

Figures 9.7 and 9.8 present the average macro F1-scores and accuracies of the
plain classifiers (grey bars) and downstream classifiers with prepended MRWA-
FM (orange and green bars). The orange bars represent the best MRWA-FM
configurations per dataset and classifier (bar labels: kd, .J, agg, trainable MRWA-
FM layers), while the green bars present the scores of the best configurations per
dataset. Thus, the orange bars are always higher than or as high as the green
bars. To keep the configurations consistent between Figures 9.7 and 9.8, this
work selects the best performing configurations according to their average macro
F1-scores.

In general, the macro F1-scores of all classifiers closely align with their accuracies,
indicating consistent predictions across all activities. Only for USC-HAD, the
accuracies are up to 0.04 points higher than the macro F1-scores. This discrepancy
suggests a slight bias of the models toward the majority class in this dataset.
Although the following paragraphs primarily focus on macro Fl-scores, their
general findings are also applicable to the accuracy metrics due to their strong
similarity.

146



9.5 Performance Analysis

Complex HAD DLA
1.00 1.00 =
(] (9] 15 (] < (] [}
0.95{5 e £8 IDeE Sz sg S
. s = s = 5| 0.809 - N N
c - N ~. C - C C C C N c
0.904 5 5 E 55 5| 07048 g 3 g E g
1S = g € € 0.60 1 € g € E 7 €
0.85 < < ™ < < < ' i) nom n ™M 1
© © o O o ©o| 0.501< © <« © o ©
— — M -~ M — o —~ O — M —
0.80 - 0.40 -
DeepConvLSTM  GRU TinyHAR DeepConvLSTM  GRU TinyHAR
DSADS FLAAP
1.00 = 0.85 =
~ = v Q v o [}
3 Iz Iz T| 08072 S § g & 5
0.95{< == == =l 0754~ == =z =
c c C c C C c c C = - C
g g8 g8 §| 070483 58 g € g
0.904° £ = £ £ £l 065" £ = En £
m n n n n n m < < < <
o © <« © © o[ 0.601c o o N N
m ~ O — — — m ™M m O m
0.85 - 0.55 -
DeepConvLSTM  GRU TinyHAR DeepConvLSTM  GRU TinyHAR
0.95 PAMAP2 100 RealWorld (HAR)

» 5 5 5
£ f£5 fipigs| ol SIS RN
0.90{% :Z z 3 z 2 g2 g2 g
- = © = X - 1c - © = X -
TR HEESHETE B
0 85 J [0} [0} E (4] E ] (9] (9] E (9] E w
) ey I o< nl 0.9440 < 0 < 0 <
< N N o N < o < © <
o m O m O m m o m O O
0.80 - 0.92 -
DeepConvLSTM  GRU TinyHAR DeepConvLSTM  GRU TinyHAR
USC-HAD mHealth
0.95 = 1.00
) & 2 <
0.901~ @ @ [} c
S 5 ¢ 5 I 5| 0984 I3 Is g
1= =z =z = = = = - = - =
0.851 . c ~ N N . . C R
€ E 3 E E £ 0.96-¢% E 3 E 3 €
0.8013 2 € a 2 2 a a £ a £ 2
o Y [T M| 0.944n [ToTe) o) n
0.7515 o 8 o O o < S < S 8 S
— m m m (o] -~ O — —
0.70 - 0.92 -
DeepConvLSTM GRU TinyHAR DeepConvLSTM GRU TinyHAR
I MRWA-FM (best configuration per dataset and classifier)
B Plain

I MRWA-FM (best configuration per dataset)

Figure 9.7: Average macro Fl-scores of state-of-the-art classifiers with and without prepended
MRWA-FM over three runs, including standard deviations. Grey bars represent plain
classifiers without MRWA-FM. Green bars represent the best MRWA-FM configurations
per dataset, while orange bars represent the best configurations per dataset and classifier,
selected based on macro Fl-scores. Bar labels specify the corresponding MRWA-FM
configurations (kd, J, agg, trainable layers).
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Figure 9.8: Average accuracies of state-of-the-art classifiers with and without prepended MRWA-FM
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over three runs, including standard deviations. Grey bars represent plain classifiers without
MRWA-FM. Green bars represent the best MRWA-FM configurations per dataset, while
orange bars represent the best configurations per dataset and classifier, selected based on
macro Fl-scores. Bar labels specify the corresponding MRWA-FM configurations (kd,
J, agg, trainable layers).



9.5 Performance Analysis

MRWA-FM significantly enhances the classification performance of the down-
stream classifiers over their plain counterparts across all datasets. With an im-
provement of 0.286 points in the macro F1-score, the performance gains of the
orange configurations are most pronounced for DeepConvLSTM on DLA. GRU
and TinyHAR also achieve the largest gains on DLA with F1 improvements of
0.078 and 0.033 points, respectively. Remarkably, the orange configurations im-
prove DeepConvLSTM and GRU on Complex HAD, DSADS, USC-HAD, and
mHealth close to the performance of plain TinyHAR, which is the most advanced
of the three classifiers. The only dataset where a plain classifier outperforms
MRWA-FM is PAMAP2. Here, TinyHAR slightly surpasses MRWA-FM’s F1-
score by a mere 0.006 points. On average, prepending MRWA-FM with orange
configurations to the classifiers improves their F1-scores by 0.039 points. These
results demonstrate the expressiveness of the learned multi-resolution features.

The smallest performance gains are noticeable on datasets where the plain classi-
fiers already achieve high scores. For instance, MRWA-FM improves the macro
F1-score of DeepConvLSTM on RealWorld (HAR) by 0.016, GRU achieves an
improvement of 0.003 points on mHealth, and TinyHAR gains 0.002 points on
DSADS. While these numbers seem small, the performance gains are still signif-
icant as improving classifiers that are close to the optimal performance of 1.0 is
extremely challenging.

In 21 of 24 cases, MRWA-FM with orange configurations also reduces the stan-
dard deviations of Fl-scores, with an average decrease of 0.015. On Complex
HAD, for example, the standard deviations drop by 0.030, 0.009, and 0.002
points for DeepConvLSTM, GRU, and TinyHAR, respectively. These reductions
demonstrate MRWA-FM’s robustness and stability, as the model exhibits lower
sensitivity to variations in weight initialization and data splits compared to the
plain classifiers. Consequently, MRWA-FM not only achieves higher classifi-
cation rates but also delivers more consistent results, making it well-suited for
real-world applications.
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The general findings observed for the orange configurations also apply to the green
configurations. However, the average performance gains of the green configura-
tions over the plain classifiers are slightly smaller (0.032 points). These results
are expected as, unlike the orange configurations, the green configurations are not
explicitly optimized for a specific classifier. In 5 of 24 cases, the plain classifiers
even surpass the green configurations in macro Fl-scores (GRU on PAMAP2,
RealWorld (HAR), and mHealth; TinyHAR on PAMAP2 and RealWorld (HAR)),
though these degradations are typically minor (less than 0.01 points).

Overall, MRWA-FM enhances state-of-the-art classifiers in almost all dataset-
classifier combinations. The consistently high classification rates highlight the
advantage of incorporating advanced feature extraction mechanisms. While the
optimal MRWA-FM configuration depends on the specific dataset and classifier,
the trends observed in Figures 9.7 and 9.8 provide practical guidance for future
developments.

In terms of hyperparameter choice, the orange and green configurations perform
best with J = 5 (13 of 24 orange configurations, 4 of 8 green configurations),
suggesting that deeper Wavelet decompositions and finer frequency analyses con-
tribute to improved classification performance. During the Wavelet enrichment
step (E3), mean aggregation is preferred (14 orange configurations, 3 green con-
figurations), followed by sum aggregation (8 orange configurations, 4 green con-
figurations). The dominance of mean and sum over max aggregation is expected,
as those two functions consider the full set of attention coefficients rather than
relying on a single maximum value.

Fine-tuning only the InvProj layer yields limited improvements (6 of 24 orange
cases, 1 of 8 green cases). Adjusting both MHA and InvProj or freezing all layers
is generally more effective. Regarding the key dimension kd of the MHA layer,
no clear trend is evident; therefore, its selection should be primarily based on the
resource constraints of the target platform.
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9.5.2 Activity-Level Performance

Figure 9.9 compares the total number of true classifications of the orange and green
MRWA-FM configurations per classifier and general activity (cf. Section 7.1.1)
relative to the plain classifiers (baseline) using divergent bar charts. In these
charts, bars above the baseline highlight activities where MRWA-FM outperforms
the plain classifiers, while bars below the baseline indicate where MRWA-FM
underperforms.

Both configurations improve DeepConvLSTM in the detection of 35 of 40 general
activities. The most significant improvements are visible for more static activities
such as handwriting, sit, laptop, and lay. The orange configuration matches the
plain classifier in two general activities (crosstrainer, sleep), while the green
configuration matches the plain classifier in a single general activity.

MRWA-FM improves GRU in the detection of 31 (orange) or 22 (green) gen-
eral activities. Activities with the largest improvements include walk, sit, and
downstairs. The orange configuration matches the plain classifier in four general
activities, while the green configuration matches the plain classifier in five general
activities.

MRWA-FM improves TinyHAR in the detection of 23 (orange) or 19 (green)
general activities. Sit, elevator, and teeth brush show the largest improvements.
Both configurations match their plain counterparts in four general activities.

Overall, the charts confirm the general findings from Figures 9.7 and 9.8: Deep-
ConvLSTM benefits the most from MRWA-FM, while TinyHAR benefits the least
but the improvements are still significant. Additionally, the charts suggest a trend
where MRWA-FM specifically enhances the detection of more static activities
that involve minimal body movement.
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Figure 9.9: Comparison of the total number of true classifications for the orange and green MRWA-
FM configurations relative to the plain classifiers per general activity g. The labels on the
horizontal axis are g (number of test samples per g in 1000).
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9.5.3 Efficiency Analysis

To evaluate the lightness and real-world applicability of MRWA-FM, this work
deploys the models and the plain classifiers as TensorFlow Lite models with
32 bit weights on a Fossil Gen 5 Carlyle HR smartwatch and measures their
inference times. This wearable features a four core ARM Cortex-A7 at 1.2 GHz
and 1 GB of LPDDR3 RAM at 400 MHz. Figure 9.10 compares the average
inference times (in milliseconds) of the plain classifiers and the best MRWA-FM
configurations (orange configurations in Figure 9.7) over 100 runs per dataset.
To further analyze the computational complexity of the models, Figure 9.10 also
presents the estimated MM ACs (Millions of Multiply-Accumulate Operations) of
the models after TensorFlow Lite conversion.

As expected, MRWA-FM increases the inference times and MMACs over the
plain classifiers for all dataset-classifier combinations due to the additional MRWA
operations. The inference times increase by up to 25.630 ms for DeepConvLSTM
on DSADS, up to 44.396 ms for GRU on Complex HAD, and up to 68.396 ms for
TinyHAR on RealWorld (HAR). However, the inference times never rise above
430 ms which is still well below the duration of the 2.56s-long input signal
windows (cf. Section 7.1.2).

The MMAC:s increase by up to 7.350 for DeepConvLSTM on PAMAP2, up to
6.248 for GRU on DLA, and up to 18.655 for TinyHAR on mHealth and DSADS.
These increases arise from the additional MRWA operations and the doubling of
feature dimensions in the inputs to the downstream classifiers. The growth in input
dimensions results from concatenating the MRWA outputs with the original inputs
along the feature axis prior to classification (cf. Figure 9.1b). Consequently, the
MMACs of MRWA-FM vary across downstream classifiers, even under identical
configurations.

Despite the GRU models consistently having the lowest MM AC:s, their inference
times are always the largest. The reason for that is the repeated application of
recurrent layers on full-length inputs in the early stages of the GRU classifier.
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Appendix A.2 contains further comparisons of inference times (Figure A.3) and
MMAC:s (Figure A.4) for different MRWA-FM configurations. The Wavelet de-
composition level .J, the key dimension kd of the MHA layer, and the aggregation
function agg have only a minor impact on the inference times with no particular
trends being visible. The MMACs consistently increase with kd but reduce with
increasing J since each added Wavelet level shrinks the Wavelet kernel size K (J)
by a factor of 2 (cf. Table 9.1).

Overall, the efficiency analysis, the impressive classification performance, and
the small parameter counts (cf. Table 9.2) confirm the practical applicability of
MRWA-FM to real-world scenarios where processing resources are limited.

9.5.4 Comparison with other Wavelet-Integrated Models

Table 9.4 compares MRWA-FM with two WHAR classifiers that incorporate
Wavelets directly into their architectures: MLCNNwav [32] and Wavelet-based
Learnable Filters (WLF) [174]. MLCNNwav is an end-to-end classifier that
utilizes Daubechies Wavelets of various orders (db1, db2, db3, db4, db5, or db6)
to decompose the hidden representations of a CNN. In contrast, WLF convolves
input signals with a selection of discrete Wavelets, applies a learnable weight
vector to the resulting coefficients, and then forwards the learned representations
to a downstream classifier. To ensure a fair comparison between MRWA-FM and
WLEF, this study appends the same three downstream classifiers to both models.
Furthermore, it trains and evaluates MLCNNwav and WLF using the same data
splits and training parameters established during the fine-tuning of MRWA-FM
(cf. Sections 9.3 and 9.4.2).

Even with the green configurations, MRWA-FM consistently outperforms ML-
CNNwav across all datasets. Overall, MRWA-FM’s best configurations exceed
the macro F1-scores of the best MLCNNwav (db4) by 0.268 points (40.0 %) and
outperform the weakest MLCNNwav (db5) by 0.338 points (56.3 %).
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Table 9.4: Average macro Fl-scores of MRWA, MLCNNwav [32], and WLF [174] per dataset, along with the overall averages across all
datasets (adapted from [4]).

Model om%w@x DLA DSADS FLAAP PAMAP2 wmmw,\mwa USC-HAD mHealth Average

dbl 0.745 0343 0.630 0439 0493  0.820 0.691 0846 0.626

z db2 0.696 0429 0810 0396 0383  0.885 0.609 0789  0.625
Z db3 0.802 0297 0.884 0377 0315  0.739 0592 0948  0.619
m db4 0850 0351 0.829 0382 0513 0819 0742 0.874 0670
= dbs 0.788 0306 0.808 0403 0200  0.741 0.665  0.885  0.600
db6 0577 0374 0912 038 0324  0.866 0.622 0945  0.626

. DeepConvLSTM 0785 0.578 0957 0.672 0800  0.969 0856 0991  0.826
o GRU 0984 0.654 0979 0.653 0857  0.962 0797 0996  0.860
TinyHAR 0992 0874 0992 0751 0911 0984 0.895 0994 0924
DeepConvLSTM ~ 0.969 0.838 0971 0.688  0.868  0.958 0874 0996  0.895
= 0975 0851 0972 0715 0875  0.959 0876 0997  0.903
P GRU 0983 0716 0975 0.666 0848  0.968 0.848 0992  0.875
2 0984 0743 0980 0.666 0863 0971 0.853 0996  0.882
=  TinyHAR 0993 0.890 0996 0.789 0913  0.986 0.895 0999  0.933

0.995 0.906 0.996 0.802 0.919 0.989 0.897 1.000  0.938
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9.6 Summary

While WLF demonstrates significantly better performance than MLCNNwav,
MRWA-FM still surpasses WLF in nearly all scenarios. Only in a few cases,
such as DeepConvLSTM on RealWorld (HAR) and GRU on ComplexHAD and
mHealth, WLF either matches or slightly surpasses the performance of MRWA-
FM with orange configurations. For TinyHAR on USC-HAD and GRU on DSADS
and PAMAP2, WLF marginally outperforms the green configurations. On av-
erage, MRWA-FM with its optimal configuration (orange) improves over WLF
by 0.077 points (9.3 %), 0.022 points (2.5 %), and 0.014 points (1.5 %) with
DeepConvLSTM, GRU, and TinyHAR, respectively.

These observations highlight the superior generalizability and consistency of
MRWA-FM over other state-of-the-art Wavelet-based approaches across a variety
of sensing setups and activity contexts.

9.6 Summary

This chapter presented MRWA-FM, a lightweight FM architecture that analyzes
sensor signals at multiple frequency resolutions to extract detailed and discrim-
inative signal features. The model uses location-invariant pre-training on seven
consolidated datasets to learn Wavelet filter banks that emphasize relevant fre-
quency bands across diverse sensor signals. It then performs multi-location
fine-tuning on an independent eighth dataset to adapt the pre-trained weights for
sensing setups with multiple sensor locations. This adaptation enables down-
stream classifiers to exploit inter-location correlations to improve their accuracy.
Prepending MRWA-FM to state-of-the-art classifiers consistently boosts their per-
formance while only marginally increasing model sizes and inference times on a
smartwatch with limited processing resources. Thus, combining modern machine
learning with advanced signal processing supports the development of efficient
WHAR-FMs that are suitable for wearable deployment.
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10 Conclusion

The primary objective of this work was to advance the field of wearable human
activity recognition through advanced signal representations, the development
of universal machine learning models, and their rigorous evaluation in wearable
scenarios. This chapter concludes the dissertation by summarizing its core contri-
butions C1 to C4 (cf. Section 1.4), reflecting on their implications, and outlining
promising directions for future research.

C1 — Graph Transformations.

This work introduced two graph transformations tailored for WHAR. One trans-
formation is designed for basic activity classification, while the other addresses
sequential activity recognition. By design, both transformations are lightweight
and construct sparse graph structures suitable for deployment on resource-con-
strained wearable devices. Given their versatility, graph representations present a
promising path for advancing WHAR applications, especially in scenarios involv-
ing compound activities. Future research should therefore focus on developing
graph transformations that capture dynamic interactions between activities, users,
and even objects over extended signal periods, further enhancing the recognition
of complex human behavior. Such improvements could significantly benefit ap-
plications in virtual and extended reality, where real-time recognition of activities
and interactions is crucial for delivering immersive user experiences.

C2 — Graph Neural Networks.

Building on C1, this work developed two lightweight GNN architectures for di-
verse activity classification tasks. The first architecture achieved performance

161



10 Conclusion

on par with more complex, state-of-the-art models in classifying basic activi-
ties. The second demonstrated the potential of GNNs in predicting relationships
between interrelated activities. However, the scarcity of large-scale, real-world
datasets presents a significant barrier to training models capable of recognizing
complex, compound activities. To support emerging applications in domains
where real-time understanding of user intent and context is essential (e.g., as-
sistive technologies, smart environments, and extended reality), future research
must prioritize the collection of comprehensive datasets. These datasets should
capture both basic and compound activities, as well as interactions between users
and their environment. Such detailed information will be key to enabling more
advanced GNN architectures that can learn from rich, structured behavioral data
and power the next generation of intelligent activity recognition systems.

C3 - Harmonizing Heterogeneous Signals.

A major obstacle in WHAR is the diversity of publicly available training datasets in
terms of user-specific behavior, sensor placements, signal properties, and activity
labels. To address this challenge, this work proposed a harmonization framework
that standardizes heterogeneous data sources by aligning sensor signals, metadata,
and activity annotations. This framework enables more robust, large-scale cross-
dataset training of machine learning models and lays the foundation for developing
advanced applications that operate reliably across domains, devices, and user
populations, while supporting novel use cases that require adaptability to diverse
sensing contexts. To realize its full potential, future datasets should include raw
sensor signals, detailed metadata, such as sensor specifications and environmental
conditions, as well as standardized annotation schemas for activities and sensor
placements.

C4 - Foundation Models.

Finally, this work investigated the applicability of foundation model concepts to
the WHAR domain and introduced the term WHAR-FM, referring to foundation
models specifically tailored to wearable sensor data, human activity recognition
tasks, and deployment on resource-constrained devices. This work introduced
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two distinct architectures that analyze wearable signals from multiple perspec-
tives and demonstrate superior capabilities in both signal forecasting and activity
classification compared to state-of-the-art methods. These results highlight the
strong potential of WHAR-FMs for improving generalization across datasets,
sensor configurations, and application domains. To fully leverage this potential,
future research could focus on exploring innovative pre-training strategies that
emphasize the unique properties of wearable sensor signals. Additionally, devel-
oping scalable architectures could facilitate the automatic detection of nuanced
human behavior and interactions, while integrating alternative data modalities
could broaden the spectrum of applications beyond WHAR. Such advancements
pave the way for more adaptive, personalized, and intelligent applications that
enhance user experience in real-world environments.

Closing Remarks.

In conclusion, this dissertation marks a significant step toward advanced wearable
human activity recognition. By combining structured signal representations and
sophisticated signal processing with scalable machine learning models, the pre-
sented method portfolio equips researchers and engineers with practical tools for
advancing both WHAR research and real-world application of future WHAR use
cases. Beyond its technical innovations, this work contributes to the growing role
of wearable activity recognition in society as it lays the groundwork for develop-
ing reliable and versatile applications across various domains, including daily life,
sports, health monitoring, and interactive systems.
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A Appendix

A.1 Signal Forecasting with Foundation
Models — Comparison Models

TSMixer and the Transformer model implement the same high-level architecture
as Dual-View FM (cf. Figure 8.3) but replace the Dual-View Mixing blocks with
Mixer Layers (cf. Figure 8.1) or Transformer Encoders [149], respectively. For
consistency, both models leverage similar hyperparameters as Dual-View FM (cf.
Section 8.4.2).

TSMixer Architecture (Figure A.1).

TSMixer reuses the hyperparameters Ng, N4, d, and np,«. In line with its
publication [26], TSMixer leverages hidden size 1 = 64 and omits the location
input, making it location-unaware. The Temporal Projection layer [26, 171]
transforms the w-dimension of an input signal s € R“*f to w’.

Transformer Architecture (Figure A.2).

The location-aware Transformer reuses the hyperparameters Nz, N4, Ny, d,
and np,e. Its base and head consist of convolutional layers (CNN), positional
encoding (PE, [149]), Transformer Encoders [149] with n;, = 4 attention heads,
and fully-connected layers (FC). This configuration has a similar number of
parameters as Dual-View FM.

The CNN layers in the base increase the feature dimension f of an intermediate
representation (w, f) to w; the FC layers reduce the dimensions back to (w, f).
The encoders in the base use hidden size h = w = 128.
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Figure A.1: High-level architecture of the location-unaware TSMixer [26].
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Figure A.2: High-level architecture of the location-aware Transformer model.

With the MSM objective, the Ny = 1 CNN layer and the Transformer encoder in
the head use the same configuration as the CNN layers and encoders in the base.

With the CSM objective, the Ny = 3 CNN layers and the Transformer encoders
in the head reduce the w-dimension to the target length w’ = ny.. Each CNN
layer uses a stride of 2, halving the width at each step. Simultaneously, the
output width at each stage is used as both the number of CNN output channels
and the hidden size of the corresponding Transformer encoder. Thus, starting
from an input of shape (w, f), the first CNN-Encoder pair produces an output
of shape (w/2,w/2), the second pair reduces it to (w/4,w/4), and the third
to (w/8,w/8). For w = 128, this yields a final width of w/8 = 16 = npas.
Finally, FCy reduces the feature dimension to the desired output shape (w’, f).
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A.2 Activity Classification with Foundation

Models — Model Efficiency

Complex HAD DLA
500 500
400 400 -
300 A 300 A
200 A 200 A
100 A 100 A
0- 0-
3 45 3 45 3 45 3 45 3 45 3 45
DeepConvLSTM  GRU TinyHAR DeepConvLSTM  GRU TinyHAR
DSADS FLAAP
500 500
400 - 400 -
300 A 300 A
200 A 200 A
100 A 100 A
0- 0-
3 45 3 45 3 45 3 45 3 45 3 45
DeepConvLSTM  GRU TinyHAR DeepConvLSTM  GRU TinyHAR
PAMAP2 RealWorld (HAR)
500 500
400 400 -
300 A 300 A
200 A 200 A
100 A 100 A
0- 0-
3 45 3 45 3 45 3 45 3 45 3 45
DeepConvLSTM  GRU TinyHAR DeepConvLSTM  GRU TinyHAR
USC-HAD mHealth
500 500
400 400 -
300 A 300 A
200 A 200 A
100 A 100 A
0- 0-
3 45 3 45 3 45 3 45 3 45 3 45
DeepConvLSTM  GRU TinyHAR DeepConvLSTM  GRU TinyHAR
B Plain WM kd=16 W kd=32 B kd =64
(a) Max Aggregation.

Figure A.3: Inference times of MRWA-FM in ms averaged over 100 runs on a Fossil Gen 5 Carlyle
HR for different Wavelet levels J € {3, 4,5} and key dimensions kd.
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Figure A.3: Continued.
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