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ABSTRACT

Human emotions play a vital role in our everyday lives and influence our communication, perception
and experience in the real world. However, detecting, modeling, and predicting human emotional
states remains challenging. Emotions are subjective, ambiguous, volatile, and current sensing modal-
ities lack robustness in realistic environments and are potentially intrusive. The central question of
this thesis is: How can we design emotion-aware systems under these constraints that utilize recent
advances in machine learning?

We present novel input for human emotions based on multimodal and contextual data. We further-
more propose machine learning frameworks that provide more explanatory, generalizable, privacy-
preserving, and multi-sensory emotion state predictions.

We introduce two ubiquitous mobile sensing applications for human emotional states [P1, PS]. The
applications are designed to be minimally intrusive and do not require body contact by acquiring
contextual data only to infer emotions. We show that the re-formalization of the classification prob-
lem to an indirect estimation context-emotion pattern recognition works better than existing (facial
expressions) baseline approaches. Our findings have major implications for future emotional state
recognition systems because ubiquitous devices can easily acquire contextual data and transform
them into smart emotion-estimation sensors. In the second pillar of this thesis, we focus on machine
learning architectures for human emotional states. We present three different deep learning architec-
tures for learning emotion representations from multivariate time-series data [P4, P3, P2]. We show
how the representations can be designed to be emotion predictive but also participant-invariant [P2].
We furthermore propose an architecture that can learn a shared emotional representation from multi-
ple noisy datasets with different inherent sensing characteristics [P3, P4]. In summary, the proposed
approaches are tailored to capture detailed semantics in noisy input data and also propose measures
for making the prediction more interpretable, domain-invariant and scalable. Furthermore, we present
a novel transformer-based deep learning architecture for emotion prediction that is able to derive ex-
planations alongside its predictions [P6]. Thereby, a better understanding of the link between emotion
sensor input and the model decision can be derived that ultimately helps designing appropriate user
interfaces powered by emotion prediction methods. Ultimately, we show a machine learning applica-
tion of contextual emotion prediction that enables an emotion-aware experience in a dynamic driving
environment [P7]. We present the first navigation application that is able to route after emotions.
We thereby leverage the concept of context-emotion linking to predict emotional-states on future
road-segments and optimize after travel-time and predicted emotional states. We show in a blind-user
study, that emotional navigation has a positive effect on valence after riding the predicted happy route.

Although our work is concentrated on human emotional states, we argue that this enables other
human-states (e.g., fatigue, cognitive load) prediction systems to be designed to be more robust,
scalable, privacy-aware. These systems also allow the user to understand and investigate the deci-
sion process and offer explanations. Furthermore, our work provides a foundation for emotion-aware
systems in unconstrained, dynamic environments.






ZUSAMMENFASSUNG

Menschliche Emotionen spielen in unserem tédglichen Leben eine wichtige Rolle und beeinflussen
unsere Kommunikation, Wahrnehmung und Erfahrung in der realen Welt. Die Erkennung, Modellie-
rung und Vorhersage menschlicher Gefiihlszustinde bleibt jedoch eine Herausforderung. Emotionen
sind subjektiv, mehrdeutig und fliichtig. Den derzeitigen Erfassungsmodalititen mangelt es an Ro-
bustheit in realistischen Umgebungen und sie sind potenziell aufdringlich. Die zentrale Frage dieser
Arbeit ist: Wie konnen wir unter diesen eingeschrinkten Bedingungen emotionsbewusste Systeme
entwerfen, die die jiingsten Fortschritte im Bereich Machine Learning nutzen?

Das Ziel dieser Arbeit ist es, emotionsbewusste Systeme in solchen eingeschrinkten Szenarien zu
entwickeln, die fortschrittliche Machine Learning Techniken zur Erkennung und Adaption des emo-
tionalen Zustands des Benutzers einsetzen. Wir stellen intelligente Eingabe- und Machine Learning
Frameworks fiir menschliche Emotionen vor, die multimodal und kontextabhéngig sind und die er-
kldrende, verallgemeinerbare, datenschutzfreundliche und multisensorische Zustandsvorhersagen er-
moglichen. SchlieBlich zeigen wir eine Machine Learning Anwendung der kontextuellen Emotions-
vorhersage, die ein emotionsbewusstes Erlebnis in einer dynamischen Fahrumgebung ermoglicht.
Obwohl sich unsere Arbeit auf menschliche Gefiihlszustinde konzentriert, argumentieren wir, dass
dies die Entwicklung von Systemen zur Vorhersage anderer menschlicher Zustdnde (z. B. Miidigkeit,
kognitive Belastung) ermoglicht, die robuster, skalierbarer und datenschutzfreundlicher sind. Diese
Systeme ermoglichen es dem Benutzer auch, den Entscheidungsprozess zu verstehen und zu untersu-
chen und Erklidrungen anzubieten. Dariiber hinaus bietet unsere Arbeit eine Grundlage fiir das Design
von emotionsbewussten Systemen in eingeschrankten, dynamischen Umgebungen.






ACKNOWLEDGMENTS

My dissertation would not have been possible without the amazing people I had the pleasure to meet
and work with every day. Some of you have influenced me through encounters or transient projects,
others have been there for years on end. I want to say thank you to everybody who accompanied me
along the way and impacted me and the work I do. Thank you to all the great people who collaborated
with me, who I had coffee with at conferences, or met elsewhere. Thank you to everyone I forgot to
name. | am incredibly grateful for the professional and personal guidance I have received during this
time.

Thank you, Albrecht Schmidt, for the special PhD and life advice and outstanding support through-
out my PhD, your enthusiasm towards new ideas and sharing your endless expertise in Al and HCIL.
Meeting you and your group was a fortunate event I will never forget.

Thank you, Christian Holz and Bastian Pfleging, who took their time to serve as external supervisors
for this thesis.

Thank you, Tobias Grosse-Puppendahl, for the opportunity to do my PhD at Porsche, for introduc-
ing me to the Emerging Technologies team and the exciting research in the field of Machine Learning
and HCI, and for being a role model in determination and creativity.

Thank you, Thomas Kosch for your great advice, teaching me how to draft a good HCI storyline,
relentless efforts to organize a thriving HCI community, building cool interactive systems and your
research calendar.

Thank you, Lewis Chuang for your feedback from a neuroscience’s point of view, for asking bigger
questions and giving great feedback.

Thank you, Mohamed Kari for being a great friend, a supporter on all the crazy ideas we had during
coffee and beers and for supporting to find my way for the future.

In my daily work, I received plenty of help from my colleagues at Porsche: Thank you, Philipp
Hallgarten for your amazing PyTorch support, novel paper ideas, and implementation efforts in
representation learning. Thank you, Constantin Patsch for your in-depth transformer expertise.
Thank you, Luis Coelho for your great dev support night and day. Thank you, Marco Wiedner for
the endless and amazing discussions how to perform good research in a company and what needs to
be changed. Thank you, Satiyabooshan Murugaboopathy for the great startup discussions. Thank
you, Jochen Gross for being a great manager and friend. You made the PhD experience in a company
worthwile. Thank you, Aikaterina Kourti for the Mischwoch coffee get-togethers to talk about
research and the life beyond.

I further want to take a bow in front of my friends and fellow researchers at LMU, TU Graz, and other
institutions, for the tremendous collaboration throughout the years. Thank you, Ozan Ozdenizci for
your great machine learning wisdom and asking the right questions for disentangling representation
learning problems. Thank you, Daniel Bulanda and Adam Kozlowski for your amazing coding
knowledge, research- and bring-to-market-mentality. Thank you, Francesco Chiossi for letting me
borrow your EEG, expertise in neuroscience, and introducing me to the italian way of life.

Thank you, Artur Dubrawski for hosting me at CMU and sparking my interest of doing a PhD in
ML. Thank you, Ting Zhang, Naveen Sendhilnathan, Tanya Jonker, Michael Nebeling, Hrvoje

Vil



Benko, andTovi Grossmannfor providing an exciting visiting research stay at Meta Reality Labs in
Redmond atthe nal stages of my PhD. Thank ymlarco Wetter for teaching me the beauty of math

at the age of 6 using your binary watch. Thank yNicklas Lauinger, Karin Lauinger , Matthias
Kuhlemann, Robert Steiner, Moritz Fasan andNina Fasanfor supporting me as caring friends

to keep my sanity throughout my PhD. Thank ydanas Rothfuss Fabio Ferreira, Tim Haubeil

and Marius Causemannfor the endless machine learning discussions and climbing adventures at
3000m. Thank you,Truc Ho andTu Trinh for the great working environment on the weekends with
all-you-can-eat rice and spaghetti and for letting me exploit your coffee machine.

Finally, | want to thank my family. Thank you for supporting me since before | can remember, for the
backup | could always rely on. Thank ydtsther, for your endless openness, love, encouragement
and for your unlimited generosity and affection. Thank yDaniel, for putting such an importance

on education and lifelong learning and for teaching me to be kind and think in-depth about the world
around us. Thank yolRaphael for being my great big brother and for the joy you bring to people
and your "construction" attitude. Thank you for showing me and taking the express tunnels during
my PhD. Thank youThalia, for being the best sister one could imagine and for bringing your open
attitude and thinking to my life. Thank yotan, for being by my side through thick and thin. For
supporting me, challenge me and making me a better version David v2.0. Thank you for grabbing
my hand, showing me the world, teaching me sur ng, viethamese food vocabulary and striving and
failing daily for going to bed early. Without you, this would have not been possible.

viii



COLLABORATION STATEMENT

None of the work comprised in this thesis would have been possible without the support of many great
people: my supervisors, colleagues, students and collaborating partners. | gratefully acknowledge
their efforts towards my research by using the sciertive” throughout the text of this dissertation.

In this statement | illustrate my personal contribution and the help | received along the way.

All publications are results of a close collaboration with my supervisor Albrecht Schmidt, who was
involved at the very start to de ne the vision guiding my research. He was involved in every project
from idea to presentation. My thesis supervisor at Porsche, Tobias Grosse-Puppendahl, helped me
to identify open research questions and to de ne the vision guiding my research. Tobias Grosse-
Puppendahl further facilitated my research work through the creative and strategic guidance. Lewis
Chuang contributed feedback to study designs and manuscripts. Thomas Kosch contributed feedback
to experimental designs and provide guidance for paper manuscripts. These attributions apply to the
publications on which co-authorship is stated.

The publications featured in this thesis are based on projects with diverse organizational backgrounds.
The students involved either wrote their bachelor's or master's theses or interned with me at Porsche.
| determined their research topics, supervised the progress through regular feedback, enabled their
work with ample assistance, and implemented and coded the systems side-to-side. Other contributors
were colleagues from several institutions whom | collaborated with in shared responsibility. If not
stated otherwise, included publications are based on original concepts and prototypes of myself, with
feedback from the respective co-authors. | veri ed all analyses, created the visualizations and wrote
and revised the manuscripts.

Machine learning systemst supervised several student theses on methodological machine learning
system questions. Philipp Hallgarten programmed a machine learning system for his master thesis,
to which he contributed the implementation and prediction evaluation.

Methodical exploration3 he intern Alexander Jagaciak implemented a prior version of a smartphone
application. My bachelor student Luis Coelho built up on the prototyping work and implemented the
experimental design application for iOS smartphones, which was later used as an emotion sampling
tool for experimental studies.

Table 1 clari es the contributions of others to individual projects and publications.



Project & Publications

Contributions of Others

Emotion Sampling [P1, P5]

Emotion-Aware Application [P7]

My bachelor student Luis Coelho and intern Alexander Ja-
gaciak implemented the Swift smartphone application and
visual processing pipeline. Luis Coelho conducted part of
the user study. Thomas Kosch, Tobias Grosse-Puppendahl,
Ulrich von Zadow, Satiyabooshan Murugaboopathy, and Al-
brecht Schmidt reviewed the paper.

My collaborators at GrapeUp, Daniel Bulanda, and Adam
Kozlowski, implemented the visualization, java optimiza-
tion, and routing application. Tobias Grosse-Puppendahl, Al-
brecht Schmidt and Thomas Kosch reviewed the paper.

Representation Learning Models [P2, P3, P4My master student Philipp Hallgarten programed the neural

Emotion Explainability Models [P6]

network design for [P3, P4] and conducted the evaluation
analysis. Ozan Ozdenizci, Lewis Chuang, Ralf Mikut and
Tobias Grosse-Puppendahl revised the paper.

My intern Constantin Patsch implemented and evaluated the
neural network architecture. My master student Philipp Hall-
garten and collaborator Thomas Kosch reviewed the paper.

Table 1: Clari cation of the author's personal contribution in each incorporated publication. If not men-
tioned otherwise, | conceived and executed the work, provided the visual materials, composed the written
manuscript, and edited the nal version. The co-authors which are not named individually contributed
with supervision, feedback on concepts and manuscripts, and/or organizational help. A more in-depth
author contribution description is provided in the publication section 3 of this thesis.



TABLE OF CONTENTS

1 Introduction 1
1.1 Thesis Statement . . . . . . . . . . . e
1.2 Problem Statement . . . . . ..
1.3 Contributing Publications . . . . . . . . . ... ... .. 2
1.4 Guiding Research Questions . . . . . . . . . . . . . . ...
1.5 Research Approach . . . . . . . . . . . . . .
1.6 ResearchContext . . . . . . . . . . . . . . . e
2 Background 7
2.1 Conceptsof HumanEmotions . . . . ... ... ... ... .. ... .. ... ...
2.2 Emotion Detection and Emotion Prediction . . . .. .. ... ............
2.21 General Approach . . . . . . . . . ... 8
2.22 Difculties . . . . . . e 9
2.23 Milestones . . . . .. 10
3 Publications 13
3.1 Intelligent Input Modalities . . . . . . . . . . .. . 13
3.2 Explanatory Emotion PredictionsModels . . . . ... ... ... .. ... ..... 17
3.3 Privacy-Preserving Human-EmotionModels . . . . . . . ... ... ... ...... 18
3.4 Human-Emotion Application in Dynamic Environments . . . . . .. ... ... ... 21
4 Results 23
5 Conclusion 27
5.1 Reection . . . . . . . . e 27
5.2 Future Work . . . . . . . e 28
5.2.1 Immediate Future Work . . . . . . . .. ... 29
5.2.2 GoingBeyond Thelab. ... .. ... ... ... .. .. .. ... .... 29
5.2.3 LongTermHorizon. . . . . . . . . . . .. .. 30
5.3 ConcludingRemarks . . . . . . . . . 31
List of Tables and Figures 33
References 35
Original Contributing Publications 39

Xi






1

Introduction

“An 1Q test?”
“No. Empathy.”
“I'll have to put on my glasses.”

Philip K. Dick, Do Androids Dream of Electric Sheep?

1.1 Thesis Statement

Digital user interfaces are more and more accessible in everyday situations. They are designed to
perform tasks explicitly given by the user. Atthe same time, user interfaces are increasingly conceived
to promote the user's well-being. Recent research in the eld of affective computing investigates the
possibilities for the technical interface to interact with humans by recognizing and considering their
emotions. This offers computers to not only provide better performance in assisting humans but
also might enhance computers' abilities to make decisions. Recognizing human emotions helps the
computer to be more effective in human-computer interaction by, e.g., promoting a workout when the
user feels angry. Furthermore, the computer can also employ a happy navigation route for a user when
he is detecting angry emotion, thereby increasing mental well-being and reducing traf ¢ accident
probability. However, the long-term implications of deploying such emotion detection algorithms
and emotion-aware user interfaces are manifold and often hard to predict.

This thesis investigates the eld of affective computing from a machine learning (ML) standpoint.
The technology of interfaces offers the possibility to access a vast stream of multimodal sensor data.
Therefore, we investigate sensing input modalities [P1] and their technical design space for in-the-
wild use [P5]. Next, we discuss how contextual affect recognition can be designed to be more ex-
plainable and help to understand better the link between context and emotion [P6]. Thereafter, we
provide machine learning models to incorporate multi-domain affective data [P2, P3, P4]. At last,
we provide an in-the-wild, emotion-aware navigation application using scalable contextual emotion
prediction [P7].

1.2 Problem Statement

Human emotions are complex: they are volatile, highly person-dependent, and hard to express, among
other factors. Due to this, computers with the ability to sense, process, detect and react to human

emotional states are hard to build. How can we design interfaces that sense emotions, process them,
and provide insights and interface adaptations?

In computer science, the problem of detecting emotion is to process changes in physiological, be-
havioral, or contextual ongoings to deduct the current emotion of a human. Many attempts to deduct
human emotions in speci c settings have been employed, e.g., detecting emotions while playing
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video games. However, due to the nature of human emotions, a general-purpose method to detect
human emotions has yet to be developed.

This thesis takes another angle at detecting and building emotion-aware computing systems by 1)
integrating intelligent ubiquitous input, 2) proposing general-purpose encoder models for domain-

privacy-aware machine learning methods, 3) providing machine learning architectures for emotion

model decisions, and 4) proposing human-emotion applications in uncontrolled, dynamic environ-

ments.

1.3 Contributing Publications

This dissertation accumulates the ndings of our research on affective automotive user interfaces
based on ve peer-reviewed publications (four conference papers, one journal paper) and two pub-
lications currently under review. We illustrate the bigger picture in which our work is located and
discuss its implications from a further distance than possible within the single papers. Contributing
publications are marked with a pre xed [P] throughout the document and are available by following
the DOlIs provided below.

[P1] David Bethge, Thomas Kosch, Tobias Grosse-Puppendahl, Lewis L. Chuang, Mohamed Kari,
Alexander Jagaciak, and Albrecht SchmidEmotion: Using Driving Context for Indirect
Emotion Prediction in Real-Timén: The 34th Annual ACM Symposium on User Interface
Software and TechnologWIST '21. Association for Computing Machinery, 2021, pp. 638—
651.D01: 10.1145/3472749.3474775. URL: https://doi.org/10.1145/3472749.

3474775

[P2] David Bethge, Philipp Hallgarten, Tobias Grosse-Puppendahl, Mohamed Kari, Lewis L.
Chuang, Ozan Ozdenizci, and Albrecht SchmEEG2Vec: Learning Affective EEG Rep-
resentations via Variational Autoencodefsa: 2022 IEEE International Conference on Sys-
tems, Man, and Cybernetics (SM@P22, pp. 3150-315Do01I: 10.1109/SMC53654.2022.
9945517

[P3] David Bethge, Philipp Hallgarten, Tobias Grosse-Puppendahl, Mohamed Kari, Ralf Mikut,
Albrecht Schmidt, and Ozan Ozdeniz&omain-Invariant Representation Learning from
EEG with Private Encodersin: ICASSP 2022 - 2022 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICAS&F22, pp. 1236-124@o1: 10.1109/
ICASSP43922.2022.9747398

[P4] David Bethge, Philipp Hallgarten, Ozan Ozdenizci, Ralf Mikut, Albrecht Schmidt, and Tobias
Grosse-Puppendatixploiting Multiple EEG Data Domains with Adversarial Learnirg:
2022 44th Annual International Conference of the IEEE Engineering in Medicine & Biology
Society (EMBC)2022, pp. 3154-315&01: 10.1109/EMBC48229.2022.9871743

[P5] David Bethge, Luis Falconeri Coelho, Thomas Kosch, Satiyabooshan Murugaboopathy, Ul-
rich von Zadow, Albrecht Schmidt, and Tobias Grosse-Puppendabhnical Design Space
Analysis for Unobtrusive Driver Emotion Assessment Using Multi-Domain Comtexroc.

ACM Interact. Mob. Wearable Ubiquitous Techr@i (2023)Do1: 10.1145/3569466. URL:
https://doi.org/10.1145/3569466
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[P6] David Bethge, Constantin Patsch, Philipp Hallgarten, and Thomas Kaosetpretable Time-
Dependent Convolutional Emotion Recognition with Contextual Data StrdamiBSxtended
Abstracts of the 2023 CHI Conference on Human Factors in Computing Systeth&A
'23. Association for Computing Machinery, 202301: 10.1145/3544549.3585672. URL:
https://doi.org/10.1145/3544549.3585672

[P7] David Bethge, Daniel Bulanda, Adam Kozlowski, Thomas Kosch, Albrecht Schmidt, and
Tobias Grosse-PuppendahlappyRouting: Learning Emotion-Aware Route Trajectories for
Scalable In-The-Wild Navigatiomn: submit to ACM Conference on Human Factors in Com-
puting System&024). submitted.

1.4 Guiding Research Questions

This thesis consists of contributions of empirical, conceptual and technical nature, structured into
research guestions:

RQ1: How can we design machine learning systems for human state detection based on multimodal
context sensing?

RQ2: How can machine learning systems be designed to provide meaningful explanations of their
classi cation of human states?

RQ3: How can the required information for machine learning systems for human state classi cation
be enabled to increase privacy?

RQ4: How can machine learning systems be applied to robustly predict human emotions in dynamic
and constrained environments?

RQ5: How can emotion-aware and emotion-sensitive systems be designed to improve a user's expe-
rience?

1.5 Research Approach

This section presents the operating approach for designing, implementing, and evaluating machine
learning systems for human emotional states.

Research Settings ~ We perform multiple research settings depending on the objective of the emo-
tion study. At the start of each research setting, we reviewed relevant literature to obtain an under-
standing of open research questions.

In two projects [P1, P5], we used an in-the-wild setting to acquire in-car emotions. We target ob-
taining real-world environment data to deduct in-situ context and emotion understanding. These
experiments required us to review our experimental design as the drivers were required to drive on
public roads. Initially, we reviewed our experiment design for safety and privacy concerns and ob-
tained approval from a university institutional review board. We designed the data-gathering device
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with a minimum graphical user interface so that drivers could concentrate on rst-level driving tasks,
and safety concerns were reduced. The participants were recruited by an institutional mailing list or
co-workers who were frequently willing to participate in a study.

For the emotion-aware application research project [P7], we performed an in-the-wild driving as-
sessment of our developed application and performed a driver survey after the ride. Furthermore,
we evaluated the general user needs for this emotion-aware application using an online survey. This
procedure enabled us to recruit participants from diverse backgrounds and communities. We used
the results of this online survey to re ne our emotion-aware application user interface and model.
Furthermore, it provided us with critical input for the discussion.

Three of our studies [P4, P3, P2] investigate machine learning models for scalable and domain-
aware emotion recognition systems. In these studies, we used already available open-source datasets
commonly used in the communities. The evaluation of these studies was done by quantitatively
comparing our model results to other models' prediction capabilities.

Machine Learning Modeling Many of our research settings included some data analysis and mod-
eling phases. The data analysis included techniques from the eld of exploratory data science. We
used the python programming language and deep learning frameworks such as Tensor ow and Py-
Torch to develop novel machine learning systems. We trained the models mostly in a private cloud
setting where massive data amounts can be stored and training time can be reduced. The majority of
our machine learning models are made available open-source.

Prototyping  We developed several prototypes in the sphere of data acquisition [P1, P5], real-time
emotion prediction [P1], and emotion-aware interfaces [P7]. All prototypes were implemented as
mobile apps to be easily deployed in an in-the-wild environment. Since the prototypes contained a
complex stack of software, we made most parts available open-source to facilitate research in this
research area.

Two prototypes for collecting in-the-wild driver emotions while acquiring context data were devel-
oped for iPhones using the Swift framework. We gathered multiple contextual properties in-the-wild
using a mix of already-available geocoding APIs (such as Microsoft Maps and OpenStreetMaps) and
internally developed reverse-geocoding software. For some features, such as real-time prediction, we
used software packages with additional mobile connectivity features to connect to a cloud backend to
retrieve predictions.

Data Collection =~ We used questionnaires to gather information about the personality, user experi-
ence, and general demographics. We used these questionnaires to evaluate the effectiveness of our
system performance [P7]. We also developed a simulation study to research the effect of hyperpa-
rameters on our developed machine learning systems [P7]. Therein, we simulated different parameter
settings and analyzed the dependence of the parameter setting on the system's behavior and model
output. Additionally, we relied on information gathered through subjectively felt emotional data on

the user's behavior when driving in-the-wild. We included the analysis of facial expressions [P1, P5].

Participants ~ We recruited participants mainly from company sources for the in-the-wild research
projects [P1, P5, P7]. We used an internal company email to invite participants from Porsche. Work-
ing with employees made it easier to show new prototypes and provided us with the easy accessibility
of a car and related insurance.



Research Context

1.6 Research Context

I had the immense pleasure of conducting my doctoral research in residence at the Porsche IT De-
partment for Emerging Technologies in close cooperation with the LMU Munich Chair of Human
Ubiquitous Media.

All experimental studies were conducted at Porsche. Porsche funded all project expenses and my
salary. Many projects at this time were realized in cooperation with researchers from other institu-
tions. | collaborated with my peers at TU Darmstadt, Utrecht University, CODE University Berlin,
Humboldt University, Karlsruhe Institute of Technology, Technical University of Munich, and TU
Graz. | received incredible support from these excellent people, for which | am very grateful. | also
collaborated with the excellent GrapeUp automotive startup team to implement the emotion-aware
application project.
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Background

“A computer that can express itself emotionally will some day act
emotionally, and the consequences will be tragic.”

Rosalind W. Picard, Affective Computing, 1997

This chapter conveys background information on the fundamental concepts of machine learning sys-
tems for human emotional states. First, we introduce the concept of emotion to describe emotions
adequately. Second, we present a short overview of emotion state informative signals and detec-
tion models. Third, we describe proposed machine learning models for emotions and emotion-aware
interfaces. We keep this background section brief to maintain clarity.

2.1 Concepts of Human Emotions

Emotions are complex psycho-physiological ongoings that affect humans' behavior, perception, and
interaction. Human emotions are hard to describe, and there exist multiple representatiort.models

Several attempts to describe emotional states have been proposed, while we propose the two most
popular ones: (1) emotions can be described as discrete categories e.g., by the basic emotions “anger,
“disgust’, "happiness', "sadness', “surprise’, and “fear' proposed by Ekman [9] or (2) emotions can be
represented by dimensional ratings using Russel's [29] circumplex model of affect including the two
dimensions valence (positiveness) and arousal (intensity). Figure 2.1 shows the dimensional emotion
representation model being including the discrete emotion states. As with any theory, extensions [4]
and limitations of the emotion description models have been noted [26].

2.2 Emotion Detection and Emotion Prediction

A critical pillar of emotional intelligence is the ability to detect, react, and manage emotions. Some
researchers argue that detecting emotions is even more important than mathematical and verbal intel-
ligence as this is part of daily human interactions [24].

1 The terms emotion and affect has been used interchangeably in literature and is explained in detail in the paper “The
human Affectome’ [30]. In general, affect is the superordinate category - an umbrella term that covers emotions and
moods. Emotions and moods are primarily differentiated by duration and whether they are directed at a speci ¢ cause.
Emotions are short-lived and intense experiences elicited in response to speci c external stimuli (i.e., objects or events)
and may arise relatively automatically or following a concrete stimulus [25]. For the sake of brevity, we will mainly use
the term emotions.
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Figure 2.1: Dimensional emotion representation model by [9] showing a 2D space of emotional states
characterized by valence and arousal. In the circumplex model, emotional states can be represented at
any level of valence and arousal. The discrete emotion categories of [9] are mapped into the continuous
space (own elaboration based on [28]).

2.2.1 General Approach

In general, emotions are assessed by nding patterns in human behavior that correlate with emotional
expression. In effect, this reduces the task of studying emotion detection models to a supervised
learning problem, by which a set of input signal values from, e.g., human physiological signals are
transformed to predict an observed emotional state, i.e., the label. This mapping opdrafiox)(=

y) from the input signalX) to the emotional stafgy) can be described with arbitrary complexity:

!f()

X y (2.1)

machine learnin .
9 emotion label (2.2)

sensor observation

Input Modalities A wide variety of input modalities has been used to assess the emotional states of
humans, including physiological signals, facial expressions, self-reports, voice analysis, or contextual
signals [40]. We will present the most prominent input modalities. Analyzing the person's facial ex-
pression using a camera pointed at the human's face has been researched intensely [16]. Furthermore,
analyzing the human's speech signals (e.g., the semantics of spoken text and pitch of voice) from a
microphone has been used to classify emotions [2]. Other signals aim at accessing body vital signs
such as heart rate variability or galvanic skin responses to deduct emotion-relevant information [31].
In recent times, researchers have focused on getting more introspective signals from the emotional
ongoings of the brain via fNIRS or EEG technologies [12, 38]. Recent research also derives context,
e.g., via accessing the smartphone to infer emotions [P1, 37]. In many settings, multi-modal sensor
input (e.g., face and voice analysis) to detect emotion is used [11].

2 This thesis allows the label spagdo be continuous or discrete and therefore makes no assumption wliéthes
de ned as a regression or classi cation problem.
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Emotion Labels  Methods for obtaining the emotional label can be classi ed into two main groups:

1) self-report techniques based on emotions self-assessment via, e.g., a questionnaire or 2) machine
assessment techniques based on measurements of various parameters of the human body, e.g., heart
rate variability. While the self-reporting techniques give deep insights into the subjective, introspec-

tive emotional states, machine-assessment techniques offer a more objective view of the person [7,
36].

Machine Learning Models A multitude of heuristics and machine learning models have been pro-
posed to learn a mapping functidrf ) of input signalsX to infer emotionsy. Depending on the

input signals used for emotion classi cation, different preprocessing steps and architectures of ma-
chine learning models are used to classify the emotional label (see [41] for an overview). As the
mappingf( ) can be arbitrarily complex, machine learning methods of diverse exibility have been
applied to classify emotions. Most commonly, a variant of deep neural networks extracts meaningful
representations from the input signals, which are then used for classi cation. Many researchers use
convolutional neural networks for analyzing image inputs (such as facial camera streams) or fast-
Fourier-transformed heatmaps of time-series signals. Other common machine learning architectures
for emotion classi cation include recurrent neural networks such as LSTMs, graph-neural networks,
SVMs, or "weak learners" such as Random Forest or Gradient-Boosting classi ers.

2.2.2 Diculties

De ning machine learning models for emotion detection is inherently dif cult. Multiple challenges
occur due to input sensor qualities, robustness of emotional labels, and general learning settings.
This section will describe the most frequently encountered dif culties in learning machine learning
systems for human emotions.

Availability of Datasets One major obstacle in developing machine learning systems for human
emotional states is the lack of high-quality datasets. Currently, several limitations exist, such as the
lack of open-source sharing willingness and low-quality and modality-limited input data in real-life
environments. In effect, the need for datasets hinders the creation of real-world complexity human
emotional state detection systems and emotion-aware applications.

Missing Ground-Truth Labels One major limitation is the lack of ground-truth labels. The emo-
tional label is often assigned by third-person labelers rating the emotional expression, facial expres-
sion classifying systems, or by instructing the person to act speci c emotions. In these speci c cases,
the true subjectively felt emotion, i.e., ground truth, cannot be inspected. However, the ground truth
can be assessed when asking the participants about their subjectively felt emotions.

Real-Life Data Another drawback of many datasets corresponds to their real-world applicability.
Many datasets, especially those that track physiological signals to estimate emotional states, are
acquired in a lab environment. Though lab environment offers a more-controlled setting, the data and
model's transferability to in-the-wild settings is often substantial. Therefore, the gathering of real-
life in-the-wild data is often necessary. Measuring and adapting to emotions during natural settings
remains dif cult due to many challenges (e.g., uncomfortable sensors, unreliable ground truth data,



Background

uncontrolled environment). This thesis will present a machine learning architecture, and input signal
sets to predict human emotions robustly in dynamic and unconstrained environRédls (

Extensive Samples  For machine learning systems to successfully extract emotion-relevant input
signal patterns, the dataset should consist of enough samples which cover a variety of input and label
space. More extensive training data usually results in a better modeling approximation and hence
possesses lower estimation variance and, consequently, better predictive performance. Furthermore,
suf cient subject samples are required to adapt to a speci ¢ person’s characteristics and learn person-
dependent models. Many times, obtaining a large number of emotional samples for an individual
participant is time-consuming and requires high effort. This hinders the learning of personalized and
thus possibly more privacy-preserving emotion model@38).

Context One of the biggest obstacles has been the need for context: the fact that emotions cannot
be understood in isolation. To improve understanding of why a speci ¢ emotional state is observed
and to further improve detection performance, machine learning systems could heavily improve in
incorporating the environmental context. Recent breakthroughs in ubiquitous sensing allow in-the-
wild data, including real-world context, to inform emotion detection models. This thesis presents a
mobile and personal computing software that predicts emotions based on contextual daRadnly (

Interpretability  Although there are approaches to link input data to emotional states, understanding
the relationship between emotion-relevant data to detected emotion is dif cult. Traditional machine
learning methods aim to provide an accurate prediction but offer little interpretation of its output.
Therefore providing meaningful explanations of an emotion prediction output remains a dif culty.
This thesis tackles the problem of proposing a system for providing explanations for emotion predic-
tion using deep neural network architectur@g).

Privacy User privacy is a major concern when developing emotion detection systems and applica-
tions. First, emotions are very personal such that users may prefer to share their data, and person-
dependent modeling may be required. Second, machine learning models for human emotional states
in emotion-aware applications should be treated cautiously because emotions can be considered pri-
vate. Third, this thesis proposes research on machine learning systems that enable the learning of
more privacy-preserving machine learning mod&©®g).

2.2.3 Milestones

Signi cant milestones in the area of human emotional state detection and application will be pre-
sented in the following section.

Measuring the user's emotions is a compelling topic that has been addressed by previous research.
Picard coined the term "Affective Computing', envisioning computers to express or sense emotions
to provide a computerized interface that mimics human-like capabilities [21, 23].

One prominent breakthrough was the automatic extraction of facial features to predict emotional
states [8]. Although the robustness of facial expression emotion detection is highly controversial, this
method enabled many emotion-aware applications to use a cheap camera to infer emotional states.

10
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Another milestone in the emotion detection domain was the successful extraction of emotion pat-
terns from neurological brain-computer interface data [44]. Analyzing signals such as EEG offers
an "inner" recording via a non-intrusive electrical recording of variations, locations, and functional

interactions of brain activity. Here, one substantial challenge in the robustness of the label and input
space variability across persons persists.

11
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Publications

“Any suf ciently advanced technology is indistinguishable from magic.”

Arthur C. Clarke, A Space Odyssey.

This chapter presents our contributions to the eld of machine learning for human emotional states.
We summarize an overview of the publications by research questions, method, and contribution type
in Table 3.1. The contribution types follow Laudan's taxonomy [15] adapted for HCI by Ouslavirta
et al. [19] listed in order of presentation in this dissertation. The publications at the top of the ta-
ble focus on understanding user emotions and their link to in-the-wild context. The publications
towards the bottom of the table shift their focus increasingly towards building machine learning sys-
tems, building and testing applications for human emotions. The publications are grouped into four
sub-domains: “Intelligent Input Modalities', "Explanatory Emotion Prediction Models', "Privacy-
Preserving Human-Emotion Models', and "Human-Emotion Application in Dynamic Environments'.
We present the publications in the order of the research questions.

3.1 Intelligent Input Modalities

Recent developments in ubiquitous sensing and the emergence of Al enable the use of machine learn-
ing for human state detection systems. The objective of [P1] is to research how a machine learning
system for human emotional states can be built based on contextual features only. The subsequent
paper [P5] aim is to deduct a technical design space for unobtrusive human emotional state detection
systems.

RQ1: How can we design machine systems for human state detection based on multimodal context
sensing?

VEmotion: Using Driving Context for Indirect Emotion Pre-

diction in Real-Time [P1]  This paper presents a novel input
modality to estimate driver emotions in an in-the-wild driving
setting. We de ne a novel virtual emotion sensor (VEmotion)
and de ne processing steps to predict driver emotions in an un-
obtrusive way using contextual smartphone data. We constyuct
intelligent human state input by analyzing traf ¢ dynamics, en-
vironmental factors, in-vehicle context, and road characteris-
tics to classify driver emotions implicitly. We demonstrate the
applicability in a real-world driving studyN = 12) to evaluate
emotion prediction performance. Facial expression classi ¢a-
tion only often yields a "neutral' emotion class due to the inex-
pressiveness of the driver, ignoring and misclassifying heavily
other felt emotions of the driver. Our machine learning model

13
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Table 3.1: Overview of publications organized by research question, methods, and contribution type.

Paper Type Research Question Method(s) Empirical Conceptual Constructive

Contribution

Key Outcome

RQ1: How to design machine learning systems for human state detection based on physiological sensing and context?

[P1] UIST21 How can we predict prototyping, evaluation of learning architec- implementation  novel virtual
full con- emotions using con- implementa-  system ture, evaluation of unobstrusive emotion sen-
ference text? tion (N = 13) systems, partici- mobile machine sor
paper pant ne-tuning  learning system

[P5] IMWUT'23 What is the techni- implementationanalysis synthesis of technical design dataset for
journal cal design space for in-the- of context important and space for devel- emotions
paper human-state recogni- wild ~ study emotion rela- privacy-relevant opment of human and context

tion systems? (N = 26) tionship features for emo- state machine in-the-wild
tion classi cation learning systems

RQ2: How can machine learning systems be designed to provide meaningful explanations of their classi cation of human-states?

[P6] CHI23 How can machine implementation comparative interpretable CNN Trans- novel inter-
workshop learning systems pro- analysis on time-dependent former archi- pretable neu-
paper vide time-granular multi-context  feature explana- tecture with ral  network

emotion state expla- emotion tions attention mecha- architecture

nations? database nisms for explain-
able emotion
prediction

RQ3: How can the required information for machine learning systems for human state classi cation be enabled to increase privacy?

[P3] ICASSP'22 How can we learn implementationanalysis  of private encoding novel encoder relevant in-
full con- common  emotion quantitative  shared latent mechanisms for architecture for formation
ference representations being evaluation space across shared emotion high  signal-to- extraction
paper data-source indepen- emotional latent space gen- noise  emotion method from

dent? input eration data input multiple EEG
data domains

[P4] EMBC'22 How can we exploit implementationanalysis  of adversarial multi- weight updating relevant in-
full con- multiple emotion quantitative  shared latent source learning mechanisms formation
ference sources to learn a evaluation space across for emotions for emotional extraction
paper common embed- emotional machine learning method from

ding? input systems with multiple EEG
contrarian objec- data domains
tives

[P2] SMC'22 How can we learn implementationanalysis  of trade-off of par- understanding of relevant in-
full con- a general purpose quantitative shared latent ticipant variabil- emotional latent formation
ference emotion representa- evaluation space for data ity and prediction space for gener- extraction
paper tion? generation performance of ation and predic- method from

and state emotion machine tion emotional
prediction learning systems EEG data
tasks

RQ4: How can machine learning systems be applied to robustly predict emotions in dynamic and unconstrained environments?

RQ5: How can emotion-aware and emotion-sensitive systems be designed to improve a user's experience

[P7] to be pub- How can use emotion implementationgffect of emo- trade-off between scalable, mo- novel
lished prediction to navi- quantitative  tional naviga- happiness ma- bile emotion- emotion-

gate users in real- evaluation tion on per- chine learning navigation aware appli-
world environments? (N = 12) ception prediction and system cation
traveltime
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using only contextual data could predict emotions con dently

with an accuracy of 72% anB; score of 071. Our results

show that VEmotion outperforms facial expressions by 29% in

a person-dependent classi cation an8% in a person-independent classi cation. Our results show
that contextual information can signi cantly improve the classi cation of emotional states, especially

in detecting “surprise’ situations and discriminating between “neutral' and "happiness' states. We
show that we can learn a global system for recognizing emotions “on the go' with contextual and
facial expressions. However, this comes at higher computational costs of accessing all participants'
data and learning a participant-independent classi er. We also learn an uncalibrated model that can
predict emotions for a new driver's emotions. The emotions predicted by our machine learning clas-
si erimprove if more person-dependent information is available. Analyzing the feature importances,
we found that “vehicle dynamics'’, "weather’, and “traf c ow' were highly predictive of emotions.
This implies that the designer of empathic car interfaces should focus on the reliable measurement
of these features when assessing emotions is a critical task. We discuss how VEmotion enables em-
pathic car interfaces to sense the driver's emotions and will provide in-situ interface adaptations on
the go.

Authors contribution: | came up with the original research idea of using context for predicting
driver emotions and was the lead-author. | developed the machine learning pipeline and supervised
Alexander Jagaciak, who implemented the experimental iOS app for gathering in-the-wild context
and emotion data. Thomas Kosch came up with the experimental study design and provided a paper
review. Lewis Chuang reviewed the paper and outlined ethical limitations of the emotion detection
approach. Tobias Grosse-Puppendahl provided research guidance throughout the paper writing and
reviewed the paper. Mohamed Kari implemented the beta-testing framework for our study-application
and provided a paper review. Albrecht Schmidt provided feedback on the paper and the publication.

Technical Design Space Analysis for Unobtrusive Driver
Emotion Assessment Using Multi-Domain Context [P5]
This paper describes a technical-design space analysis for re-
mote sensing human states in a dynamic driving environment.
In a user study, we investigate how emotions can be unobtru-
sively predicted by analyzing a rich set of contextual features
captured by a smartphone, including road and traf ¢ condi-
tions, visual scene analysis (i.e., the outside and inside view),
audio, weather information, and car speed. We derive a techni-
cal design space to inform practitioners and researchers about
the most indicative sensing modalities, the corresponding jm-
pact on users' privacy, and the computational cost associated
with processing this data. Our analysis shows that contextual
emotion recognition is signi cantly more robust than facia
recognition, leading to an overall improvement of 41% using
a participant-dependent cross-validation.Finally, we present a
technical framework showing how contextual and audio-visual
sensing modalities in uence the accuracy of emotion classi cation.

Our work discusses how designers can select sensing strategies to prototype empathic interfaces con-
sidering trade-offs related to computational cost and privacy concerns. For example, users can opt-in
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for contextual data only and leave out the environmental data in case of privacy concerns. In the set-
ting of a production car, the manufacturer should focus on an easy-to-compute and privacy-preserving
set of features. Hence we recommend a feature set without sensitive data and where all features are
preferred to be locally computable and third-party APl independent. For research purposes and apart
from GPS-features, we propose to use computer vision extracted features, i.e., object detection and
visual scene segmentation features. They show high feature importance while also offering possi-
ble local computability through on-device computer vision inference. Third, research on driver-view
context affecting driver's well-being is underexplored [3]. Overall, we do not recommend empathic
application designers to acquire emotions through facial expression analysis due to their non-robust
detection and privacy-related concerns [34]. Still, many car companies employ facial monitoring
software as driver-facing cameras are already equipped in-car, and facial expression software is easy
to integrate [18]. Although our work intelligent input work for emotion detection is demonstrated

in a car setting, the ndings can be translated to other user interface systems where these inputs are
available. Since the results of our study are obtained using a smartphone only, we envision that devel-
opers and designers can inexpensively prototype novel empathic interfaces using the evaluated data
streams.

Authors contribution: | came up with the original research idea. Together with Luis Coelho,

we extended the input modalities of the VEmotion system [P1] to include audio-visual features.
Luis Coelho implemented the data acquisition smartphone app. Luis Coelho and | evaluated the
framework. Satiyabooshan Murugaboopathy designed the privacy-awareness table and performed
acquisition sessions. Thomas Kosch and Tobias Grosse-Puppendahl provided feedback throughout
the paper writing and evaluation stages. Ulrich von Zadow guided the wording of the paper by
ensuring conciseness. Albrecht Schmidt reviewed the paper.
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3.2 Explanatory Emotion Predictions Models

While better machine learning modeling accuracy is of great bene t, the interpretability of a model

is crucial for HCI researchers to gain new knowledge and to advance the eld. The objed®@2of

is to analyze and de ne ways for human-emotional state detection systems to provide meaningful ex-
planations. In particular, [P6] demonstrates a novel interpretability mechanism to analyze the model's
reasoning "when, where and why" a decision has been made. The proposed methodology in [P6] for
generating interpretable feature maps applies to a wide range of HCI scenarios. Using the proposed
mechanism, we could analyze which contextual feature changes induced an emotional change and
thus infer speci ¢ (contextual) emotional triggers.

RQ2: How can machine learning systems be designed to provide meaningful explanations of their
classi cation of human states?

Interpretable Time-Dependent Convolutional Emotion
Recognition with Contextual Data Streams [P6] This
paper proposes a method to extract the temporal explainability
of human-emotional state detection models. Especially
when dealing with the challenge of emotion recognition
in noisy environments, state-of-the-art approaches utilize
mainly physiological and facial data. However, emotions are
complex, dif cult to assess, understand, and hard to classify.
Current emotion classi cation strategies do not reveal why
a speci c emotion was predicted, making it dif cult for the
user to understand the interface behavior. Advances in deep
learning showed that transformer networks can learn poweyful
time-series patterns while showing classi cation decisions
and feature importances. We present a transformer-based
deep learning model that classi es emotions robustly. Qur
model not only offers high emotion-prediction performance
but also enables transparency on the model decisions. Our

model thereby provides a time-aware feature interpretation of classi cation decisions using saliency
maps. We focus on visual interpretability in the form of saliency maps as they display feature time
dependencies and propose a new method to derive activation aggregation. They are de ned as
the weighted combination of the model's feature maps which provide insights into the network's
attention toward feature-time instances within a specic sample. We evaluate the system on a
contextual, real-world driving dataset involving twelve participants. Our model achieves a mean
accuracy of 70% in 5-class emotion classi cation on unknown roads and outperforms in-car facial
expression recognition by 14%. Finally, we conclude how the proposed post-hoc visualizations
help to improve opening the “black-box” emotion prediction model and propose applications of our
model in interactive computing environments.

Author contribution: | came up with the concept idea to make temporal in uences of input on the
road for the emotion prediction explanatory. | developed use-cases for the application of interpretable
time-dependent emotion recognition and was the lead author for the paper. Together with Constantin
Patsch we developed the neural network architecture, which Constantin Patsch evaluated. Philipp
Hallgarten and Thomas Kosch contributed to the overall conciseness by reviewing the paper.
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3.3 Privacy-Preserving Human-Emotion Models

While it is promising to use deep learning methods in human behavior modeling, there are several
challenges. Foremost, deep learning methods are often data hungry, while interaction data is scarce
compared to classic machine learning problems such as computer vision or natural language process-
ing. RQ3 aims to research the question of how to build privacy-constrained human-state systems that
are still able to predict human states con dently. We concentrate on a particular aspect of privacy
by researching machine learning methods for making emotion prediction domain-independent. By
learning domain-invariant representations for emotion classi cation, we preserve emotion-relevant
information but constrain the privacy-related information speci c to a particular data domain.

In [P3] and [P4], the aim is to provide novel machine learning architectures to learn from multiple
HCI data sources to learn common latent emotion representations which can predict emotions and be
data source invariant. The objective of [P2] is to learn an emotion embedding that does not include
participant-dependent information but is predictive for emotion and can generate synthetic data. The
presented papers outline a novel way to create deep learning for human-state detection by exploiting
multiple databases with increased privacy requirements.

RQ3: How can the required information for machine learning systems for human state classi cation
be enabled to increase privacy?

Domain-Invariant Representation Learning from EEG with

Private Encoders [P3]  This paper presents a multi-sourge
learning architecture where we extract domain-invariant repre-
sentations from dataset-speci c private encoders for human-
emotion modeling. Our model utilizes a maximum-mean-
discrepancy (MMD) based domain alignment approach to im-

though our method is evaluated on emotion-related EEG data,
the machine learning framework can be applied to any multi-
variate time series input. Thus, our model could also be used for estimating other human states, e.q.,
driver fatigue estimation using heart-rate time series data.

Authors contribution: | came up with the original research idea and reserarch contribution. To-
gether with Philipp Hallgarten, we developed the machine learning architecture for domain alignment
of the data source invariance for emotional representation learning. Ozan Ozdenizci contributed ideas
to improve the convergence of the learning architecture and supervised the paper writing. Mohamed
Kari contributed feedback throughout the paper writing process. Tobias Grosse-Puppendahl, Ralf
Mikut and Albrecht Schmidt reviewed the paper.
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Exploiting Multiple EEG Data Domains with Adversarial
Learning [P4]  This paper proposes the idea of privacy-aware
multi-source learning via learning domain-invariant represen-
tations. We argue that learning emotion representations from
multiple data sources is a viable alternative, as the available
data from different EEG data-source domains (e.g., subjects,
sessions, experimental setups) will grow massively. We pro-
pose an adversarial inference approach to learn data-sourge in-
variant representations in this context, enabling multi-source
learning for EEG-based brain-computer interfaces. We un)ify
EEG recordings from different source domains (i.e., emotion
recognition datasets SEED [43], SEED-IV [42], DEAP [14]
DREAMER [13]). We demonstrate the feasibility of our in
variant representation learning approach in suppressing data-
source-relevant information leakage by 35% while still achiev-
ing stable EEG-based emotion classi cation performance.

Our work can be extended by adapting the encoder framework

to be able to use different EEG input shapes according to the

speci ed data source, and as a result, a different number of channels and sampling frequencies can
be learned. We envision an adversarial shared-private model, where some channels are shared among
data sources (as in our approach) but private (data-source-speci c) input can be incorporated. Our
approach can also easily be adapted to learn representations invariant to other EEG variation factors,
e.g., participant ID, by adding an additional adversarial classi er.

Authors contribution: | came up with the original research idea. | was the lead author of the paper
and implemented the preprocessing of the domain data sources. Philipp Hallgarten implemented
the adversarial learning framework. Ozan Ozdenizci contributed to the resulting publication by co-
supervising the development of the architecture. He revised the method and discussion section of the
paper. Tobias Grosse-Puppendahl, Mohamed Kari, Ralf Mikut, and Albrecht Schmidt reviewed the
paper and provided feedback to the concicesness of the paper's contribution.

EEG2Vec: Learning A ective EEG Representations via
Variational Autoencoders [P2] In this paper, we explore
whether representing neural data, in response to emotional
stimuli, in a latent vector space can predict emotional states and
generate synthetic EEG data that are participant- and emotion-
specic. We propose a conditional variational-autoencoder-
based framework called EEG2Vec to learn generative and
emotion-discriminative representations. Experimental results
on emotional EEG recording datasets demonstrate that|our
model is suitable for emotional time series modeling using a
general-purpose latent representation. Our model achieves a
robust performance of 689% in the emotion classi cation
task with three distinct emotion categories (positive, neutral,
negative). Furthermore, our model generates synthetic BEG
sequences resembling actual EEG data inputs. Especially low-
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frequency signal components can be reconstructed with high
robustness.

Our work advances areas where affective EEG representations can be helpful to generate arti cial
(labeled) training data or alleviate manual feature extraction and provide ef ciency for memory-
constrained edge computing applications.

Authors contribution: | developed the concept idea and came up with the original research ques-
tions. | implemented the conditional variational autoencoder architecture and evaluated the frame-
work. Ozan Ozdenizci reviewed the paper, supervised the original contribution conciseness, and
provided ideas for the convergence of the machine learning framework. Philipp Hallgarten visualized
latent space results and reviewed the paper for conciseness. Lewis L. Chuang provided a neuroscience
interpretation on the latent space ndings. Tobias Grosse-Puppendahl, Mohamed Kari, and Albrecht
Schmidt reviewed the paper.
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3.4 Human-Emotion Application in Dynamic Environments

While designing robust human-state detection systems with high accuracy, privacy awareness, and ex-
planations capabilities is favorable, their use in applications provides further HCI challenges. In [P7],
we aim to deploy robust state detection systems in dynamic and unconstrained environments by de-
veloping the rst scalable emotional-routing application. We begin by discovering the degrees of
freedom to design a scalable affective navigation system applicable to unknown users, environments,
and roads. Next, we demonstrate that theoretical psychological assumptions hold for the experience-
able system, showing for the rst time a navigation system that regulates emotions positively.

RQ4: How can machine learning systems be applied to robustly predict human emotions in dynamic
and constrained environments?

RQ5: How can emotion-aware and emotion-sensitive systems be designed to improve a user's expe-
rience?

HappyRouting: Learning Emotion-Aware Route Trajecto-

ries for Scalable In-The-Wild Navigation [P7] This paper
proposes a novel emotion-aware application that uses pr
ously discussed remote sensing inputs [P1, P5] to prop
route recommendations. Many navigation systems allow ug
to choose a navigation strategy, such as the fastest or sk
est route, but they do not take the emotional well-being
the driver into account. We present HappyRouting, a no
navigation-based empathic car interface that guides driy
through real-world traf ¢ while evoking positive emotions.
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While the vision, preferences, and design of empathic navi
tion have been presented in prior work [20], its technical cqg
cept, implementation, and concrete evaluation have yet tg
the subject of research. We propose a set of design cons
ations, derive a technical architecture, and implement an

ga-
n_
be

der-

op-

Q

timization framework. The central part of our contribution
a custom emotion map layer generated by a machine learning

classi er that predicts emotions along a route based on static and dynamic contextual data. Based
on this, we developed a real-time mobile navigation app to interactively predict routes that evoke

feelings of happiness. We evaluated this system in a real-world driving shudy13) and found

that happy routes. increase subjectively perceived valence by pE4{07). Our results show a

signi cant effect in perceived valence between the fast and happy routes, showing that the happy
route selected leads to an improvement in valence. Furthermore, our participants were willing to use
our system, although positive routes consumed more time. Moreover, we conducted a simulation
study in a whole region to compare the differences between the optimization objectives. Finally, we

show how emotion-based routing can be integrated into common navigation apps to promote drivers'
emotional well-being.

Author contribution: | was the leading author of this publication. Together with Tobias Grosse-
Puppendahl, | came up with the idea of affective navigation through context. | developed the naviga-
tion prediction and did the quantitative and qualitative study. Daniel Bulanda designed the gure on
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