Integrating Domain Knowledge
for Robust and Interpretable Deep Neural Networks
in Facial Affect Recognition

Ines Sophia Rieger

2026






Integrating Domain Knowledge
for Robust and Interpretable Deep Neural Networks
in Facial Affect Recognition

Ines Sophia Rieger

Otto-Friedrich-Universitat Bamberg
Fakultat Wirtschaftsinformatik und Angewandte Informatik
CUMULATIVE DISSERTATION THESIS

Submitted in partial fulfillment of the requirements for the degree of Doctor
of Natural Sciences (Dr. rer. nat.) of the University of Bamberg

Supervisorand ~ Prof. Dr. Ute Schmid
Reviewer Chair of Cognitive Sytems

Second Reviewer ~ Prof. Dr. Christian Ledig
Chair of Explainable Machine Learning

Head of Doctoral Prof. Dr. Maximilian E. Schile
Committee

Submitted 12.03.2026
Defended 20.07.2026



Dieses Werk ist als freie Onlineversion iiber das Forschungsinformationssystem (FIS; https://
fis.uni-bamberg.de) der Universitit Bamberg erreichbar.
Das Werk steht unter der CC-Lizenz CC BY.

Lizenzvertrag: Creative Commons Namensnennung 4.0
BY

https://creativecommons.org/licenses/by/4.0/

URN: urn:nbn:de:bvb:473-irb-116940x
DOI: https://doi.org/10.20378/irb—1 16940

Ines Sophia Rieger

Integrating Domain Knowledge

for Robust and Interpretable Deep Neural Networks
in Facial Affect Recognition

Cumulative Dissertation Thesis, 2026

Supervisor: Prof. Dr. Ute Schmid

Otto-Friedrich-Universitidt Bamberg
Fakultédt Wirtschaftsinformatik und Angewandte Informatik
Bamberg, Germany


https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.20378/irb-116940
https://creativecommons.org/licenses/by/4.0
https://fis.uni-bamberg.de

Abstract

Facial affect recognition is a key component of human-centered Al, enabling systems
to respond appropriately to human nonverbal signals. The deployment of deep learn-
ing for facial affect recognition is critically hindered by vulnerability to data-driven
biases and a lack of transparency. This thesis addresses these challenges through
a multi-faceted framework, structured along the CRISP-ML(Q) machine learning
lifecycle, integrating domain knowledge to build more robust and interpretable
systems.

First, it quantifies demographic bias through extensive subject-level metadata anno-
tation, uncovering performance gaps across demographic groups in leading facial
expression recognition (FER) classifiers. To mitigate demographic and multi-label
class imbalance, an optimization-based data balancing technique, MLOPT, is intro-
duced to improve performance, fairness, and generalization. Second, the training
of deep learning models is guided by injecting anatomical knowledge about facial
Action Units (AUs), that is, localized facial muscle activations defined by the Facial
Action Coding System (FACS). This is achieved through the CorrLoss regulariza-
tion term and a Facial Movement Constraint Network (FMC-Net), which together
improve model robustness and predictive performance. Third, interpretability is
enhanced through a fuzzy-logic ensemble that combines expert rules with model
predictions. This dual approach enables self-validation of the models by flagging
uncertain outputs while providing inherently interpretable behavior through logical
rules. Finally, a new evaluation framework, RelEx, is proposed to assess the physio-
logical plausibility of trained models by quantifying the alignment between feature
attributions and expert-defined facial regions.

By addressing these challenges with targeted solutions, this research demonstrates
that systematically integrating domain knowledge moves FER beyond performance
optimization. The resulting framework provides a foundation for developing Al
systems that are not only high-performing but also robust and interpretable.






Zusammenfassung

Titel: Integration von Doménenwissen fiir robuste und interpretierbare tiefe
neuronale Netze in der Erkennung von Gesichtsausdriicken

Affekterkennung in Gesichtern ist ein zentraler Baustein menschenzentrierter KI
und ermoglicht es Systemen, angemessen auf menschliche nonverbale Signale zu
reagieren. Der Einsatz von Deep Learning zur Gesichtsaffekterkennung wird durch
die Anfalligkeit fiir datengetriebene Verzerrungen (Bias) und mangelnde Transparenz
erheblich behindert. Diese Dissertation begegnet diesen Herausforderungen, indem
sie ein vielschichtiges Framework vorstellt, das sich am CRISP-ML(Q)-Lebenszyklus
fiir maschinelles Lernen orientiert und Doménenwissen integriert, um robustere und
interpretierbarere Systeme zu entwickeln.

Erstens quantifiziert die Arbeit demografische Verzerrungen durch umfangreiche
Metadaten Annotationen auf Probandenebene und deckt dabei Leistungsunter-
schiede zwischen demografischen Gruppen in fithrenden Klassifikatoren zur Erken-
nung von Gesichtsausdriicken (Facial Expression Recognition, FER) auf. Um sowohl
demografische Ungleichgewichte wie auch multilabel Klassenungleichgewichte zu
mindern, wird ein optimierungsbasiertes Verfahren (MLOPT) zur Datenbalancierung
eingefiihrt, welches Leistung, Fairness und Generalisierungsfahigkeit verbessern
kann. Zweitens wird der Lernprozess von Deep Learning Modellen durch die
Einbindung anatomischen Wissens iiber Facial Action Units (AUs)-lokale Muske-
laktivierungen im Gesicht, wie sie im Facial Action Coding System (FACS) definiert
sind—gesteuert. Dies wird durch den Regularisierungsterm CorrLoss und ein Facial
Movement Constraint Network (FMC-Net) erreicht, die zusammen die Robustheit
und Leistung der Modelle erhohen konnen. Drittens wird zur Steigerung von Inter-
pretierbarkeit ein Fuzzy-Logik-Ensemble entwickelt, das Expertenregeln mit Mod-
ellvorhersagen kombiniert. Dieser duale Ansatz ermoglicht eine Selbstvalidierung
der Modelle, indem unsichere Vorhersagen sichtbar werden, und bietet durch die
Verwendung logischer Regeln ein inhéarent interpretierbares Verhalten. SchlieRlich
wird mit RelEx ein neues Evaluationsframework vorgeschlagen, welches die physiolo-
gische Plausibilitdt von Modellerklirungen bewertet, indem es die Ubereinstimmung
zwischen Merkmalsrelevanzen und expertenbasiert definierten Gesichtsregionen
quantifiziert.

Indem diese unterschiedlichen Herausforderungen mit gezielten Losungen adressiert
werden, zeigt die Arbeit, dass die systematische Integration von Domé&nenwissen
die FER {iber die reine Leistungsoptimierung hinausfiihrt. Das resultierende Rah-
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menwerk bildet eine Grundlage fiir die Entwicklung von KI-Systemen, die nicht nur
leistungsstark, sondern auch robust und interpretierbar sind.
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1.1

1.1.1

Introduction

Deep learning has become a dominant force in computer vision (LeCun et al., ;
Zhang et al., ), particularly in the domain of facial affect recognition, the task
of identifying human emotional states from facial images (Picard, ; Leong et al.,

). This thesis addresses the development of robust and interpretable models
for two fundamental affective tasks: Facial Expression Recognition (FER), which
focuses on visible expressions of emotions or feelings through facial movements,
and Action Unit (AU) detection. AUs, defined by the Facial Action Coding System
(FACS) (Ekman and Friesen, ), are the modular, anatomical movements of
facial muscles (e.g., raising an eyebrow) that compose complex facial expressions
(FEs). Together, AU detection and FER provide complementary perspectives on
facial affect: FER captures high-level categorical expressions, whereas AUs offer
an anatomy-grounded, decomposable representation. This combination enables
domain-knowledge integration and interpretability by linking predictions to plausi-
ble facial muscle activations and by leveraging AU-FE task relationships. While deep
neural networks (DNNs) have achieved remarkable performance on FER tasks (Li

et al., ; Yu et al., ; Yang et al., ; Dehshibi and Masip, ), their ap-
plication in real-world, high-stakes scenarios is hindered by fundamental challenges
related to model robustness and interpretability (Leong et al., ; Nourivandi
et al., ; Li and Deng, ).

Research Challenges

Despite their strong performance, the deployment of deep learning models for FER
faces two fundamental research challenges: ensuring robustness against variations
in real-world data and providing interpretability to demystify their black box nature.
These challenges are not merely technical; they are essential to developing trustwor-
thy Al, a concern emphasized by emerging regulatory frameworks such as the EU Al
Act (Panigutti et al., ).

Model Robustness

A primary challenge is robustness, that is, a models ability to generalize and maintain
performance when faced with real-world data variations that were not present or



fully represented in the training data (Li and Deng, ). This is particularly acute
in FER: models often fail to generalize across different demographics (e.g., age, gen-
der, ethnicity) or under challenging imaging conditions such as occlusions, head pose,
or varying illumination ([P3] (Pahl et al., ); (Nourivandi et al., )). These
failures are frequently rooted in selection biases in datasets, leading to poor fairness,
i.e., inequitable performance across subgroups (Chapter 4). This thesis addresses
these issues by developing data-centric methods to mitigate data imbalance (Chap-
ter 5) and model-centric methods to enforce domain-specific constraints (Chapter 6).

Robustness in this thesis: Robustness refers to a models ability to generalize
by maintaining high performance on unseen images from known classes, even
when those images exhibit variations in style, acquisition conditions, or subject
characteristics. In addition, robustness is considered with respect to demographic
subpopulations: a robust model should avoid large performance drops for specific
groups. In this sense, robustness and fairness are closely linked, and fairness is
operationalized as reduced performance disparities across demographic subgroups.

Model Interpretability

The second fundamental challenge is the opaque, black-box nature of DNNs (Guidotti
et al., ; Schmid, ). In high-stakes domains like healthcare, this lack of
transparency inhibits user trust and prevents meaningful human oversight. To ad-
dress this, the field of explainable AI (XAI) provides methods to illuminate a models
decision-making process (Watson, ; Van Lent et al., ). This thesis con-
tributes novel XAI techniques that are not domain-agnostic, but are instead grounded
in specific domain knowledge. The goal is to move beyond generic explanations by
enabling domain-specific ensembles (Chapter 7) and quantifying the alignment of
model reasoning with anatomical expertise (Chapter 8).

Interpretability in this thesis: Interpretability refers to the degree to which a
models predictions and internal reasoning can be understood by a human in terms
of meaningful domain concepts. Consequently, interpretability is sought by making
the decision process more transparent and by providing explanations that go beyond
performance metrics, linking model behavior to facial anatomy (AUs, regions) and
psychologically motivated rules.
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1.3

Research Approach: Integrating Domain
Knowledge

To address the challenges of robustness and interpretability, this dissertation moves
beyond purely data-driven methods toward human-guided systems in which domain-
specific insights constrain and shape the model lifecycle (Dash et al., ; Bayer
et al., ; Shneiderman, ). In this thesis, the systematic integration of such
knowledge is structured according to the CRISP-ML(Q) framework (Studer et al.,
), an industry-standard process model for developing machine learning applica-
tions from data understanding to final evaluation.
In FER, relevant domain knowledge stems from psychological and physiological
research (see Section 2.2). Frameworks such as FACS provide a structured account
of anatomical muscle movements and their co-occurrence patterns. By explicitly
embedding this information—from AU localization and co-occurrences to hierarchical
AU-emotion relationships and demographic distributions—the goal is to create mod-
els that are not only more accurate but also better aligned with established human

expertise.

Domain knowledge integration in this thesis: Domain knowledge integration
denotes the structured incorporation of field-specific knowledge (e.g., anatomical
constraints, statistical regularities, and expert heuristics) into the machine learning
lifecycle. This includes using such knowledge to guide data design and curation,
the choice of learning objectives and regularization terms, training procedures, and
evaluation protocols.

Research Questions

Building on the research approach of integrating domain knowledge, this thesis is

driven by the central research question:

How can domain knowledge be integrated into deep neural networks to improve
robustness and interpretability in facial expression recognition?

Anchored in CRISP-ML(Q), the thesis targets the phases of data understanding,

model development, and evaluation (deliberately excluding deployment and moni-
toring) and addresses five sub-questions mapped to this scope.

1.2 Research Approach: Integrating Domain Knowledge
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1.3.1

1.3.2

Phase 1: Data Understanding - Measuring Bias

A prerequisite for building robust and fair models is understanding the biases within
the data. While class imbalances are readily analyzed, the lack of demographic
metadata in FER datasets makes it difficult to assess fairness across groups (Zhang
et al., ; Girard et al., ; Nourivandi et al., ). This motivates the first
research question:

RQ1: How can fairness across demographic groups be measured in facial expres-
sion recognition datasets and trained models?

This question is addressed through the systematic annotation of demographic at-
tributes (e.g., age, gender, ethnicity) and a subsequent bias analysis across bench-
mark datasets and models, as detailed in Chapter 4 ([P3] Pahl et al. ( ).
The demographic annotation itself constitutes domain knowledge that enables this
analysis.

Phase 2: Data Preparation - Mitigating Bias

Identifying dataset and model bias is insufficient; it must be mitigated. A key
challenge is that FER datasets often have multi-label class imbalances (multiple
AUs co-occurring) and demographic imbalances. Class imbalance is amplified from
the natural variability in the frequency of FEs or AUs (Karkkainen and Joo, ).
Demographic imbalances in FER datasets often stem from their limited number
of subjects, as collecting and annotating high-quality affective data is resource-
intensive (Seuss et al., ). Existing balancing methods typically fail to address
these multiple, often conflicting, objectives in a way that is suitable for deep learning
(see Section 5.1). This motivates the second research question:

RQ2: How can multi-label datasets be balanced across multiple objectives in a way that
remains suitable for training deep neural networks?

This question is addressed by the multi-label balancing optimizer (MLOPT) and its
extension MLOPT-Ext for multiple objectives (e.g., class frequency and demographic
representation). MLOPT-(Ext) is a non-synthetic, optimization-based balancing
framework. This data-level mitigation is model-agnostic and can improves the train-
ing data before any architectural or loss-level changes. The approach is described in
Chapter 5 ([P6] Rieger et al. ( )).
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1.3.8 Phase 3: Machine Learning Modeling - Knowledge-Informed
Training and Inference

Beyond data preparation, the model itself can be improved by integrating domain
knowledge. The third and fourth research questions concern (1) constraints during
training and (2) structured reasoning at inference-time.

(1) Training Stage: To improve models beyond data pre-processing, this thesis
investigates model-centric constraints during training. The co-occurrence of AUs and
interrelationships between different AUs and emotion represents powerful domain
knowledge. While prior methods have modeled these relationships using indirect
approaches like graph networks or hypothesis spaces (see Section 6.1), this thesis
argues that a direct constraint is an effective mechanism for improving model gener-
alization, motivating the third research question:

RQ3: How can relationships between classes and tasks be enforced during training?

This question is addressed by the CorrLoss method and the facial movement con-
straint network (FMC-Net), which introduce correlation-based regularization terms
that encode inter-class and inter-task relationships directly in the loss function.
These correlations use domain knowledge as statistically stable structure that is ex-
pected to persist beyond a single dataset. These methods are presented in Chapter 6
([P4] Rieger et al. ( ), [P7] Rieger et al. ( )).

(2) Inference Stage: While RQ3 injects knowledge into training, RQ4 integrates
domain knowledge at inference-time to increase transparency and provide action-
able risk signals. A promising strategy for improving robustness is the use of
ensemble models (see Section 7.1). However, existing ensembles in FER are typically
data-driven, combining multiple neural networks. This overlooks the potential of
integrating structured, expert-driven logic directly into the inference process. This
thesis investigates a hybrid approach, motivating the fourth research question:

RQ4: How can an expert-informed ensemble be designed for facial expression recogni-
tion?

This question is addressed by a fuzzy logic-based ensemble that fuses probabilistic
model outputs with rule-based emotion inference derived from AUs, enabling trans-
parent reasoning and a disagreement-based risk assessment for emotion recognition.
This method is described in Chapter 7 ([P7] Rieger et al. ( ).

1.3 Research Questions



1.3.4 Phase 4: Model Evaluation - Validating Model Reasoning

Finally, a trustworthy model must be right for the right reasons (Schmid, ;
Watson, ). It is not enough for a model to be accurate; its internal reasoning
must be understood, especially for sensitive applications (see Section 8.1). This
requires moving beyond standard performance metrics to quantitatively evaluate a
models explanations with XAI techniques. This motivates the fifth research question:

RQ5: How can the alignment between model predictions and physiologically plau-
sible Action Unit locations be quantified for model validation?

This question is addressed by the relevance-guided local explanations (RelEx) frame-
work. This framework quantitatively compares saliency maps against known AU
localization derived from facial physiology ([P2] Finzel et al. ( ), [P5] Rieger
etal. ( )). RelEx is also applied to the CorrLoss regularization to analyze the
training effects ([P1] Rieger ( )). The method is described in Chapter 8.

Overall, the thesis follows an evaluation-driven loop: demographic bias is first
identified, then mitigated via balancing, physiologically/statistically grounded struc-
ture is enforced during training, and model attention is finally validated with respect
to plausible facial regions.

1.4 Scientific Contributions

This thesis answers the research questions through the following key scientific con-
tributions:

Bias Analysis (RQ1):

» This work presents a systematic analysis of demographic bias in AU and FER
benchmark datasets. This was enabled by annotating previously missing meta-
data (age, gender, ethnicity, occlusion), providing a foundational contribution
for evaluating and improving model fairness in the field ([P3] Pahl et al.

( )).
Mitigating Dataset Imbalances (RQ2):

* To mitigate the biases identified in RQ1, this work introduces the MLOPT
framework, a non-synthetic, optimization-based approach for data balancing
([P6] Rieger et al. ( )). Initially designed for multi-label data, MLOPT
was extended to MLOPT-Ext, the first algorithm to simultaneously balance
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both class labels and demographic attributes, directly incorporating domain
knowledge to train fairer and more robust models. The core MLOPT approach
was validated by winning third place in the international the Affective Behavior
Analysis in-the-wild (ABAW) challenge at the IEEE Conference on Face and
Gesture Recognition 2020 Kollias et al. ( ).

Knowledge-Informed Model Training (RQ3):

* This thesis introduces CorrLoss, a correlation-based regularization method that
directly integrates class co-occurrence patterns into the DNN loss function, im-
proving generalization in multi-label FER ([P4] Rieger et al. ( )). Building
on this idea, the multi-task FMC-Net extends CorrLoss to jointly model hierar-
chical target relationships between AUs and emotions, yielding an adaptable
training approach that improves performance while reducing task interference
([P7] Rieger et al. ( )).

Rule-Based Ensemble with Fuzzy Logic (RQ4):

* This work develops an expert ensemble approach for emotion recognition that
combines model-based predictions with rule-based predictions derived from
fuzzy logic ([P7] Rieger et al. ( )). By encoding established psychological
knowledge in interpretable rules and contrasting them with model outputs,
the ensemble enhances interpretability, is easily adapted to new domains via
its rule base, and provides a disagreement-based risk signal for identifying
unreliable predictions.

Quantifying Saliency Maps for Model Evaluation (RQ5):

* To validate model reasoning, this work introduces RelEx, a relevance-guided
framework that quantitatively evaluates AU saliency maps by measuring their
alignment with anatomical domain knowledge ([P2] Finzel et al. ( ),
[P5] Rieger et al. ( )). RelEx complements and goes beyond conven-
tional performance metrics by assessing whether models base their decisions
on physiologically plausible facial regions, and is used to provide the first
quantitative analysis of how co-occurrence regularization (CorrLoss) shapes a
model’s learned features ([P1] Rieger ( ).

A detailed account of the scientific and written contributions for each publication is
provided in Appendix B.

Methodological Considerations

Beyond the individual scientific contributions, this cumulative thesis also follows
shared methodological principles to ensure coherence, comparability, and trustwor-
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thiness across all included publications. The following subsections summarize key
aspects of methodological consistency and discuss constraints and choices related to
reproducibility and open-sourcing.

Methodological Consistency

To ensure coherence and enable systematic comparison across the cumulative contri-
butions of this thesis, consistency was maintained in the reuse of benchmark datasets,
DNN architectures, incorporated domain knowledge, and evaluation metrics across
multiple publications.

Overviews relevant to this consistency are provided in several tables: Table 2.1
outlines the affective classes (tasks) referenced or used across the publications,
Table 2.3 provides an overview of the domain knowledge types and their application
in the methodological contributions, Table 2.5 summarizes the learning setups and
network architectures used, Table 2.6 presents the various evaluation frameworks
applied, Table 2.7 offers a comprehensive summary of the performance metrics used
in each publication, and Table 3.1 summarizes the datasets used per publication.
While task-specific requirements and venue constraints led to some variation in the
reported metrics, key indicators such as the F1-score are used throughout as primary
measures of predictive performance. Where possible, newly proposed methods (e.g.,
CorrLoss, MLOPT-Ext) were evaluated on shared datasets with overlapping metric
sets to support comparability. These steps ensure methodological traceability across
different experimental contexts.

Reproducibility and Constraints on Open-Sourcing

Transparency and reproducibility are essential pillars of trustworthy research, espe-
cially in the context of trustworthy Al. Wherever possible, this thesis therefore builds
on publicly available benchmark datasets and standard deep learning architectures,
and reports evaluation protocols and hyperparameters in detail.

This work was conducted in collaboration with the Fraunhofer Institute for Inte-
grated Circuits IIS under a formal agreement that imposes strict confidentiality and
intellectual property policies. These policies currently restrict the public release
of the full source code and of the annotated demographic metadata for internally
processed datasets. To mitigate this limitation, the methods, loss formulations, and
evaluation procedures are documented in detail in the associated publications and
in this synopsis, so that the experiments can be reproduced in principle using the
described configurations and publicly available datasets. Where feasible and com-
patible with contractual obligations, I am happy to share additional technical details
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and to support interested researchers in reproducing or extending the presented

work.

Structure of Synopsis

The synopsis is structured as follows: Chapter 2 provides background and related
work on AUs, FEs, domain-specific knowledge, evaluation settings, applied metrics,
DNN architectures, and classifiers using DNNs. Chapter 3 presents the datasets and
preprocessing techniques.

This is followed by the contribution chapters, an overview is visualized in Figure 1.1.

1. Data Understanding
Bias Analysis in Datasets and Models (Ch. 4)

Annotate demographic . Identify sampling bias in

N annotations . .
attributes for affect facial expression
recognition datasets classifiers

annotations

2. Data Preparation 3. Machine Learning Modeling 4. Model Evaluation
Multi-Label Data Balancing (Ch. 5) Knowledge-Informed Training (Ch.6)  Relevance-Guided Explanations (Ch. 8)

Balance multi-label Constrain class co- Relevance-guided local
multi-class data RQ2 ZB occurrence for model explanation method
(MLOPT), 'g training (CorrLoss) (RelEx)
~
MLOPT = CorrLoss RelEx

task models (FMC-Net) features

Balance multiple Constrain task co- Effect of class constraint
objectives (MLOPT-Ext) RQ2 occurrence for multi- CorrLoss on CNN

FMC-Net
Rule-Model Ensemble (Ch. 7)

Expert ensemble with
rule-based and model-
based FE predictions

Fig. 1.1.: Thesis overview along CRISP-ML(Q) process steps. The figure summarizes how
the research questions (RQ) are connected to the scientific publications (P)
and in which chapters the contributions are presented and discussed. Labeled
unidirectional arrows indicate how the contributions build on each other.

Each of the contribution chapters follows a structured format: a motivation and
related work section, a section describing the proposed method, followed by a
section of the summarized results and a discussion section. Chapter 4 presents the
annotation of demographic attributes and a subsequent bias analysis in models and
datasets. Chapter 5 presents the developed balancing algorithm for dealing with
class and demographic imbalances, Chapter 6 presents methods for correlation-
informed model training, Chapter 7 describes the ensemble approach, and Chapter 8
introduces the model evaluation framework. Finally, the conclusion and outlook in
Chapter 9 discusses the implications of the research and potential future directions.

1.6 Structure of Synopsis



Appendix B provides a detailed account of my scientific and written contributions,
together with the full texts.
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2.1

Background and Related
Work

Facial Affects: From Action Units to Expressions

This section provides an overview of facial affects, starting with the low-level
anatomical components defined as Action Units (AUs) and extending to higher-level
facial expressions such as basic emotions and pain. These affective classes serve as
the primary labels used for training, evaluating, and interpreting models throughout
this thesis.

Table 2.1 summarizes which types of affective classes were used in each of the
included publications.

Tab. 2.1.: Overview of affective label types used across the included publications.

Paper Main method(s) Affective label type(s)

P1 Regularized model training (Cor- Emotion-related AUs
rLoss); saliency map quantification
(RelEx)

P2 Saliency map quantification (RelEx)  Pain-related AUs

P3 Bias analysis of benchmark datasets Emotion-related AUs; discrete emo-
and models tions

P4 Regularized model training (Cor- Emotion-related AUs
rLoss)

P5 Saliency map quantification (RelEx)  Pain-related AUs

P6 Multi-label class balancing (MLOPT)  AUs

P7 Regularized multi-task model train- Emotion-related AUs; discrete emo-
ing (FMC-Net); expert ensemble with tions
fuzzy logic

2.1.1 Facial Action Units

The anatomical constraints of the facial muscles and tissues dictate the range and
variability of possible facial movements. Key muscle groups, such as the zygomaticus
major (responsible for lifting the corners of the mouth during smiling), orbicularis
oculi (involved in movements around the eyes), and frontalis (raising the eyebrows
and wrinkling the forehead), along with the elasticity and texture of the skin, shape
distinct facial expressions. These anatomical insights were derived from extensive
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psychological studies of human facial expressions, and formalized as Action Units
(AUs) in the Facial Action Coding System (FACS) by Ekman and Friesen ( ), which
was later substantially updated by Ekman et al. ( ).

A total of 44 AUs have been defined in FACS, 30 of which are directly related to one
or more facial muscles, while the remaining AUs capture head and eye movements.
Of the anatomically related AUs, 12 correspond to upper facial movements, and 18
correspond to lower facial movements. Accurate annotation of these AUs requires
the expertise of certified FACS coders due to the complexity and subtlety of facial
muscle activations and their combinations. This process is time consuming and
costly, resulting in a limited number of annotated datasets with only a subset of AUs
annotated, which may vary from dataset to dataset (see Section 3).

Table 2.2 provides an overview of the AU classes used for AU detection models
in this thesis, including AU codes, names, and the associated facial muscles. The
AUs were selected based on their relevance to basic emotions and pain-related
expressions. Note that the AU codes in FACS are not numbered consecutively due to
their evolution over time. In addition, the AU codes are grouped by facial region,
such as upper or lower facial muscles, and there is no strict numerical order between
the groupings. Throughout the thesis, AU codes are used as identifiers for the sake
of conciseness.

Chapter 2 Background and Related Work



Tab. 2.2.: Overview of the 20 AUs used in this thesis, as defined in FACS (Ekman and

Friesen, ; Ekman et al., ).
AU Code AU Name Facial muscle(s) and description

01 Inner Brow Raiser Frontalis (pars medialis): raises the inner part of the
eyebrows.

02 Outer Brow Raiser Frontalis (pars lateralis): raises the outer part of the
eyebrows.

04 Brow Lowerer Depressor supercilii, corrugator supercilii: pulls the
eyebrows down and inward.

05 Upper Lid Raiser Levator palpebrae superioris: lifts the upper eyelid.

06 Cheek Raiser Orbicularis oculi (pars orbitalis): lifts the cheeks and
creates crow’s feet around the eyes.

07 Lid Tightener Orbicularis oculi (pars palpebralis): tightens the skin
around the eyes.

09 Nose Wrinkler Levator labii superioris alaeque nasi: wrinkles the
nose.

10 Upper Lip Raiser Levator labii superioris: raises the upper lip.

11 Nasolabial Deepener  Zygomaticus minor: pulls the skin around the nose
and upper lip, deepening the nasolabial fold.

12 Lip Corner Puller Zygomaticus major: pulls the corners of the mouth
upwards, as in smiling.

14 Dimpler Buccinator: pulls the lip corners laterally, sometimes
producing dimples in the cheeks.

15 Lip Corner Depressor Depressor anguli oris (triangularis): pulls the corners
of the mouth downward.

16 Lower Lip Depressor  Depressor labii inferioris: pulls the lower lip down-
ward.

17 Chin Raiser Mentalis: pushes the chin upwards and wrinkles the
chin.

20 Lip Stretcher Risorius with platysma: stretches the lips horizon-
tally.

23 Lip Tightener Orbicularis oris: tightens the lips.

24 Lip Pressor Orbicularis oris: presses the lips together.

25 Lips Part Often due to activity of depressor labii inferioris
and/or relaxation of mentalis and orbicularis oris:
separates the lips.

26 Jaw Drop Relaxation of masseter, temporalis and internal ptery-
goid: lowers the jaw.

27 Mouth Stretch Pterygoids and digastric: stretches the mouth open.

2.1 Facial Affects: From Action Units to Expressions
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Facial Expressions: Basic Emotions and Pain

Facial expressions (FEs) refer to the visible expressions of emotions or feelings
through facial movements and are a fundamental part of nonverbal communication
and a primary method for conveying social information between humans (Darwin,
). Facial affects refers to the underlying emotional or affective states that
are expressed through FEs. This thesis concentrates on the recognition of visible
expressions.
Various annotation systems exist to decode and classify FEs, capturing both discrete
and continuous aspects of emotion. In particular, this thesis emphasizes the recog-
nition of basic emotions and pain, which are universally understood and widely
used in research and clinical contexts (Leong et al., ; Ekman and Friesen, ;
Kunz and Lautenbacher, ).
The recognition of basic emotions—anger, disgust, fear, happiness, sadness and
surprise—is central to facial expression recognition (FER). These emotions, first
introduced by Paul Ekman, are considered biologically innate and recognizable
across cultures (Ekman, ; Ekman and Friesen, ). The term basic not only
highlights their biological foundation, but also refers to their discrete-emotional
perspective (Ekman and Cordaro, ). In contrast, more complex emotional states
can be captured by continuous annotation systems. Such systems include compound
emotions like angrily disgusted (Li et al., ) and dimensional models that con-
sider variables such as valence (positive vs. negative emotions), arousal (intensity),
and novelty (Posner et al., ). Despite these more nuanced approaches, basic
emotions remain the most prevalent annotation in FER due to their clarity and ease
of implementation in computational systems (Leong et al., ).
In addition to basic emotions, expressions of pain are another focus of this thesis,
especially in clinical contexts where facial cues provide critical nonverbal indicators
of a patient’s discomfort. Specific AUs, such as eyebrow lowering and eye tightening,
are closely associated with pain and provide a reliable method for nonverbal pain
assessment (Craig et al., ; Kunz and Lautenbacher, ).

Domain Knowledge

This section provides an overview of the domain knowledge related to AUs, FEs, and
pain, which are incorporated into methodological contributions described in the
Chapters 4, 5, 6, 7, and 8.

Table 2.3 summarizes how the different types of domain knowledge introduced
in Section 2.2 are integrated into the methods and experiments of the included
publications.
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Tab. 2.3.: Overview of domain knowledge types and their application in the methodological

contributions of this thesis.

Domain knowledge type

Application in methods and publications

AU localization
(Section 2.2.1)

AU co-occurrence
(Section 2.2.2)

Hierarchical AU-FE relation-
ships
(Section 2.2.3)

Intensity scale and temporal
modality
(Section 2.2.4)

Demographic metadata
(Section 2.2.5)

Region-level AU knowledge used in RelEx to quantify
whether models focus on physiologically plausible fa-
cial regions in their saliency maps [P1, P2, P5].

Co-occurrence statistics between AUs used as target
correlations in correlation-based regularization (Cor-
rLoss) for model training [P1, P4, P7].

Structured relationships between AUs and discrete
emotions used to design and regularize the multi-task
FMC-Net and to define the fuzzy rule base for the ex-
pert ensemble [P7].

Temporal modality used in model evaluation [P3] and
the intensity scale to parameterize the fuzzy-logic inte-
gration in the expert ensemble [P7].

Demographic annotations (e.g., age, gender, ethnicity,
occlusion) used for bias analysis of datasets and mod-
els [P3] and as attributes in multi-objective dataset
balancing with MLOPT-Ext [P6].

2.2 Domain Knowledge
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Localization of Facial Action Units

A subset of 30 AUs can be localized in the facial region, because they are related to
the activation of specific facial muscles and tissues (Ekman and Friesen, ; Ekman
et al., ). These AUs correspond to specific facial movements, such as raising
the eyebrows or tightening the lips, which are the result of muscle contractions in
well-defined regions of the face. A description of the facial muscles involved in the
AUs is presented in Table 2.2. For example, AU 12 (lip corner puller) is associated to
the zygomaticus major muscle, while AU 4 (brow lowerer) involves the corrugator
supercilii muscle. This localization information is integrated into the domain-specific
evaluation method RelEx for interpreting model predictions, presented in Chapter 8.
The remaining AUs describe gross head and eye movements and are not considered
in this localization-based analysis.

Co-Occurrence of Facial Action Units

The co-occurrence of AUs is driven by the anatomical structure of the face, as well
as their relationship to FEs. Facial muscles often share tissue or are interconnected,
resulting in the simultaneous activation of multiple AUs (Ekman and Friesen, ).
Furthermore, specific combinations of AUs are indicative of FEs such as basic emo-
tions and pain (Friesen, Ekman, et al., ; Craig et al., ). The role of AUs in
the representation of FEs will be discussed further in the following section.

AUs can occur either in isolation or in combinations. The appearance of the AU
combinations can be either additive or non-additive due to the anatomical structure
of the face and the nature of muscle interactions (Ekman et al., ). In an additive
combination, each AU retains its independent effect on facial appearance, meaning
that the activation of one muscle group does not interfere with the activation of
another. For example, AU6 (cheek raiser) and AU12 (lip corner puller) often appear
together in a smile, but their individual effects remain visually distinct. In contrast,
non-additive combinations occur when the activation of one AU changes or limits
the appearance of another AU. For instance, in the combination by AU1 and AU4,
the lifting of the inner brow of AU1 partially counteracts the lowering effect of AU4,
limiting its movement to the outer brow area. These subtle variations require the
expertise of certified FACS coders for accurate AU annotation.

The strength of the relationship between AUs depends on their anatomical proximity
and how often they co-occur in FEs. From an affective computing perspective, the
presence of multiple AUs in a single facial image introduces a multi-label classifica-
tion problem. This domain knowledge about AU co-occurrences is integrated into
the correlation-informed model training method, CorrLoss, discussed in Chapter 6.
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Tab. 2.4.: Logical rules for mapping AUs to basic emotions (Friesen, Ekman, et al., )

and pain (Kunz and Lautenbacher, ). Adapted from [P7] (Rieger et al.,
).

Facial expres- AU rule Description of rule

sion

Anger (AANT)V(AAB)V(4ABAT)V Lowered brows with tightened eyelids

(17 A 24) and, in some variants, additional ten-
sion in the lower face due to compressed
lips and a wrinkled chin.

Fear 1A2AM4 Raised inner and outer brows combined
with brow tension and a furrowed brow.

Disgust 9N15AN 16 Wrinkled nose with downturned mouth
corners and a lowered lower lip.

Happiness (6A12)V (7TA12) Raised cheeks and pulled lip corners,
corresponding to a Duchenne or non-
Duchenne smile.

Sadness (IA4)V(6A15)V (11A15)V Combinations of raised inner brows,

(11 A17) lowered brows, and drooping mouth
corners, sometimes with tension around
the nose and chin.

Surprise (IA2A5)V(1A2A26) Raised eyebrows with widened eyes and
either raised upper eyelids or a dropped
jaw.

Pain (4N6ATAIAN10)V (6 ATA Combinations corresponding to the four

25A26 A27T)V (1 A2A14) v prototypical faces of pain: (1) narrowed
(AN6ATALL) eyes with furrowed brows and a wrin-

kled nose, (2) opened mouth with nar-
rowed eyes, (3) raised brows with ten-
sion around the eyes, and (4) furrowed
brows with narrowed eyes.

2.2.3 Hierarchical Relationship Between Facial Expressions and
Facial Action Units

The hierarchical relationship between AUs and FEs provides insight into how expres-
sions are formed from distinct and combined muscle movements (Tian et al., ).
AUs serve as the building blocks, with specific combinations of AUs corresponding to
FEs (Friesen, Ekman, et al., ; Kunz and Lautenbacher, ).

Table 2.4 outlines the rules used in this thesis for mapping AUs to basic emotions and
pain expressions. The rules for basic emotions are grounded in the psychological
studies by Friesen, Ekman, et al. ( ), who formalized these relationships through
the Emotion Facial Action Coding System (EMFACS). For pain expressions, the rules
are derived from psychological studies by Kunz and Lautenbacher ( ), who
identified four distinct facial activity patterns based on AUs during pain expressions
using cluster analysis. They also identified a stoic cluster with no facial patterns,
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which is not considered in this thesis. The mapping of AUs to basic emotions and
pain can be expressed using Boolean algebra, where the activation states of AUs are
represented as Boolean variables (True or False). The logical connectives AND (A)
and OR (V) represent conjunction and disjunction, respectively. For the proposition
to be true, the AND operator requires all AUs in the condition to be active (True),
and the OR operator requires that at least one of the possible conditions (FEs) of
combined AUs is active (True). Table 2.4 also provides a brief non-formal description
of the rules to facilitate understanding of the facial movements involved.

This understanding of the hierarchical relationship between AUs and FEs is utilized
in Chapter 6 for training multi-task FMC-Nets, and in Chapter 7 for the ensemble
approach. Furthermore, pain-related AUs are evaluated using RelEx in Chapter 8.
Finally, the frequency of AU occurrences varies across FEs, leading to class im-
balances in the datasets. To deal with class imbalances, the MLOPT algorithm is
introduced in Chapter 5.

Intensity Scale and Temporal Modality of Facial Expressions

FEs show considerable variation in intensity, which is determined by the degree of
contraction of the facial muscles. Stronger contractions result in more pronounced
expressions, while weaker contractions result in more subtle displays.

In FACS (Ekman et al., ), the intensity of AUs is measured on a scale from
A to E, where A is the lowest visible intensity and E is the most extreme muscle
contraction. This grading system can provide a fine-grained understanding of FEs,
distinguishing, for instance, between a slight frown and an intense scowl. Similarly,
pain-related expressions also show variations in intensity, reflecting the level of
discomfort experienced by an individual (Kunz et al., ). However, annotating
AU intensity requires certified FACS coders and is time consuming and costly. As a
result, few datasets are annotated with intensity information, limiting the detailed
analysis of FE and pain intensity in current research.

In addition to intensity, FEs unfold over time, following a temporal trajectory that is
often modeled by three distinct phases (Han et al., ). The onset phase marks
the initial contraction of the facial muscles as the expression begins to form. The
apex phase represents the peak intensity of the expression, providing the clearest
signal. The offset phase occurs when the muscles relax and the expression fades. In
the real-world, however, these phases cannot account for all the temporal dynamics
of FEs (Dhall et al., ).

In this thesis, Chapter 4 investigates how sequential models that process across
multiple time steps might be influenced by demographic biases. In addition, the
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varying intensity of AUs and their effect on FEs are incorporated into the decision-
making process through the use of fuzzy logic in the ensemble method in Chapter 7.

Subject Demographic Metadata

Subject demographic metadata refers to individual characteristics, such as age,
gender, and ethnicity that help ensure data diversity and improve model perfor-
mance, especially for underrepresented subpopulations (Nourivandi et al., ).
Many face image datasets have an unbalanced representation of demographic
groups (Karkkainen and Joo, ). Addressing these biases during model training
and evaluation (Mehrabi et al., ) is particularly critical for high-stakes appli-
cations, such as healthcare and security, where demographic biases could lead to
inequitable outcomes and reduce trust in Al systems.

In this thesis, Chapter 4 describes in detail the annotation of several FER benchmark
datasets with demographic metadata. MLOPT-Ext, an extension of MLOPT designed
to incorporate additional objectives such as demographic metadata into dataset
balancing, is presented in Chapter 5.

Deep Neural Networks

Deep neural networks (DNNs) have become essential tools in computer vision (LeCun
et al., ; Zhang et al., ), excelling in tasks such as FER (Leong et al., ).
The following sections provide a short overview of the central computer vision task
of image classification and the DNN architectures applied in this thesis.

Table 2.5 summarizes the classification setups, target tasks, and neural network
architectures used in each publication.

Tab. 2.5.: Overview of learning setups, target tasks, and network architectures used across
the included publications. Abbrev.: Train = model training performed, ML =
multi-label; MC = multi-class; MT = multi-task.

Paper Train ML MC MT AU Emotion Architecture(s)

P1 v v v ResNet-50 + custom head

P2 v v v ResNet18-112; VGG-16

P3 v v v v v OpenFace (AU toolkit); ResNet-
50-based FER model

P4 v v v VGG-16

P5 v v v ResNet18-112; VGG-16

P6 v v v ResNet18-112

P7 v v v v v v ResNet-50 + custom head
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Learning Setup

The central machine learning task in this thesis is image classification. Both FER and
AU detection are framed as supervised learning problems, where the goal is to learn
a mapping from an input facial image to a set of predefined class labels (Goodfellow
et al., ).

Two main paradigms are employed. FER, which involves assigning a single emotion
from a set of mutually exclusive categories (e.g., happiness, sadness), is treated
as a multi-class classification problem. In contrast, AU detection, where a single
face can exhibit multiple simultaneous muscle movements, is formulated as a multi-
label classification problem. Across all contributions, model training is guided by
minimizing a binary or categorical cross-entropy loss function, optimized using
standard gradient-based methods such as Adam (Kingma, ) with mini-batch
learning. However, a straightforward application of this framework to FER is non-
trivial: severe class imbalance and complex statistical co-occurrence patterns of
AUs motivate the data balancing and regularization techniques that form the core
methodological contributions of this thesis.

Network Architectures

The deep learning models developed in this thesis are built upon two well-established
CNN architectures: Residual Networks (ResNets) (He et al., ) and VGG (Si-
monyan and Zisserman, ). These were chosen for their proven effectiveness in
image classification and their suitability for transfer learning.

As summarized in Table 2.5, the general approach across the publications involves
using standard backbones (e.g., ResNet-50, VGG-16) pre-trained on the ImageNet
dataset (Deng et al., ) and fine-tuning them for the specific AU detection and
FER tasks. In addition to these standard models, several contributions [P2, P5, P6]
employ a parameter-reduced ResNet-18 variant (ResNet18-112), developed in prior
work to optimize efficiency without sacrificing performance (Rieger et al., ).

Evaluation Framework

The contributions of this thesis are validated through a multi-faceted evaluation
framework designed to assess both model robustness and interpretability. The over-
arching strategy involves comparing model performance under controlled conditions,
with specific metrics and protocols chosen to reflect the unique challenges of each
research question.

Table 2.6 provides an overview of the evaluation frameworks applied in each pub-
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lication, distinguishing between robustness-focused and interpretability-focused
evaluations. To ensure traceability and provide a comprehensive overview, Table 2.7
summarizes the key performance metrics employed in each publication. Table 3.1
in Chapter 3 provides a detailed overview of the datasets used in the respective
publications.

Tab. 2.6.: Overview of evaluation frameworks used across the included publications. Ab-
brev.: W = within-dataset; X = cross-dataset; SD-CV = subject-dependent
cross-validation; RelEx = quantified saliency maps.

Paper Evaluation focus Robustness evaluation Interpretability
evaluation

P1 AU detection + CorrLoss W (SD-CV) RelEx

P2 AU detection W (SD-CV) RelEx

P3 Bias analysis (AU & emotion) X (stratified by demo- -

graphic group)

P4 AU detection + CorrLoss W+X (SD-CV) -

P5 AU detection W+X (SD-CV) RelEx

P6 AU detection + MLOPT w/ vs. w/o balancing -

balancing (underrep. AUs)

P7 Multi-task + expert ensemble W+X (SD-CV) Ensemble dis-
agreement /
calibration

2.4.1 Evaluating Model Robustness

To provide a stringent test of generalization, the primary evaluation protocol is
subject-dependent k-fold cross-validation. This ensures that models are always
tested on data from subjects unseen during training, providing a realistic measure of
performance on new individuals. This protocol is applied in two key scenarios:

* Within-Dataset Evaluation: Assesses a model’s ability to generalize to new
subjects from the same data distribution.

* Cross-Dataset Evaluation: Provides a more challenging test of robustness by
training on one dataset (e.g., lab-controlled) and testing on another (e.g.,
in-the-wild), measuring resilience to domain shift, in other words, model
generalization.

Model performance is quantified using a suite of standard metrics appropriate for the
task. The F1-score is prioritized for most classification tasks due to its effectiveness
in handling the class imbalance prevalent in affect recognition datasets. Other key
metrics include AUROC for threshold-independent evaluation, alongside diagnostics
like training/validation loss to monitor for overfitting.
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Tab. 2.7.: Quantitative evaluation overview across the included publications: evaluated
entity, quantitative aspect (one aspect per row), and corresponding metric(s).
Abbrev.: PP = predictive performance; RelEx = quantified saliency maps.

Paper Evaluated entity Quantitative aspect Metric(s)
p1 AU model PP (CorrLoss) F1-score
RelEx ji-score
P2 AU model PP Fl-score
RelEx [-score
P3 AU and emotion models Bias analysis F1-score
Dataset metadata Annotation quality Krippendorff’s a
P4 AU model PP (CorrLoss) Fl-score; training/validation
loss
P5 AU model PP Fl-score
RelEx ji-score
P6 MLOPT outcome Optimization behav- Objective function conver-
ior and outcome gence; resulting distribution
(MeanlIR)
AU model PP (balanced classes) F1-score
P6 AU model PP (balanced classes, Fl-score; objective function
MLOPT) convergence
p7 Multi-task model PP Accuracy; AUROC; F1-score;
precision; recall; confusion ma-
trix
Expert ensemble Calibration Calibration plot + ensemble

disagreement
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For data balancing contributions (Chapter 5), effectiveness is also measured using
the Mean Imbalance Ratio (MeanIR) (Charte et al., ). This metric quantifies
overall class imbalance by averaging the imbalance ratios of each class, where a
lower value indicates a more balanced dataset. It is defined as:

1 n
MeanIR = — » IRLbl(z;), 2.1
ean - ; (x;) (2.1)
where n is the number of classes, and I RLbl(x;) is the imbalance ratio for class 4,
computed as:
max(x)

IRLbI(z;) = : (2.2)

T

where z; is the count of the i-th class, and max(x) represents the maximum value
across all classes in the distribution x.
Finally, to ensure the quality of the novel demographic annotations, inter-rater
reliability was measured using Krippendorff’s alpha (Krippendorff, ). Thisis a
robust statistical measure that quantifies the level of agreement between multiple
coders, correcting for the possibility of agreement occurring by chance. A value
of a = 1 indicates perfect agreement, while v = 0 represents agreement no better
than random chance. Values above 0.80 are generally considered to indicate high
reliability and values above 0.67 sufficient for preliminary conclusions (Krippendorff,
). This metric was used for validating that the annotated metadata is reliable
for the bias analyzes presented in this thesis (Chapter 4).

Evaluating Model Interpretability

The evaluation of interpretability in this thesis is performed through a computational
and comparative framework, which intentionally omits subjective user studies to
first establish an objective baseline. The quality of the two primary interpretability
contributions, the fuzzy logic ensemble and the quantified saliency maps (RelEx), is
assessed with distinct approaches tailored to each method.

For the fuzzy logic ensemble, interpretability is inherent in its human-understandable,
rule-based design. Therefore, its evaluation focuses on two key aspects: its contribu-
tion to overall model performance and its ability to generate reliable disagreement-
based risk signals. The quality of these estimates is validated using calibration plots,
which measure how well a model’s stated confidence aligns with its actual predictive
accuracy.

For saliency-map-based explanations, this work uses standard methods like Gradient-
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weighted Class Activation Mapping (Grad-CAM) (Selvaraju et al., ) and Layer-
wise Relevance Propagation (LRP)(Bach et al., ):

* Gradient-weighted Class Activation Mapping (Grad-CAM): Uses the gra-
dients of a target class flowing into the final convolutional layer to produce
a coarse localization map highlighting the important regions in the input for
predicting that class (Selvaraju et al., ). This method is primarily designed
for CNNs.

* Layer-wise Relevance Propagation (LRP): Explains a model’s prediction
by distributing the prediction score backward through the network layers,
attributing relevance scores to each input feature (Bach et al., ). Unlike
gradient-based methods, LRP aims to provide explanations of how each input
pixel contributes to the final output, often resulting in crisper and more
detailed relevance maps. This method can be applied to any feedforward
neural network.

While these saliency map techniques provide valuable visual insights, they have
been criticized. A significant body of research has raised valid concerns about their
faithfulness and reliability (Adebayo et al., ). To address the limitations of
subjective visual inspection and provide a more rigorous assessment, interpretabil-
ity is assessed using the developed RelEx framework. RelEx offers a systematic,
quantitative evaluation by measuring the alignment of these saliency maps with
expert-defined anatomical regions, which provides a domain-specific measure of
whether a model’s reasoning is plausible.

Correlation Coefficients for Model Regularization

A core methodological contribution of this thesis is a regularization term based on
statistical correlation (Chapter 6). This approach utilizes two key metrics to measure
the relationship between model predictions and target labels:

* The Pearson Correlation Coefficient (PCC) quantifies the strength and direction
of a linear relationship between two variables. It is used to ensure that the
model learns the general associative patterns between classes.

* The Concordance Correlation Coefficient (CCC) evaluates the agreement be-
tween two variables by measuring how much they deviate from a 45° line
of perfect agreement. Unlike PCC, CCC penalizes both low correlation and
differences in mean and variance. It is used to enforce a stricter, more precise
alignment between the predicted and target co-occurrence patterns.
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By applying both PCC and CCC, the proposed regularization method can be tuned to
enforce either general statistical relationships or strict predictive agreement (AU-AU,
AU-FE), providing a flexible mechanism for integrating domain knowledge.
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Datasets and Data
Preprocessing

In the context of this thesis, a variety of benchmark datasets were collected and
preprocessed. The selected datasets were chosen due to their prominence in bench-
marking FE and AU recognition tasks. The following sections provide an overview
of the data acquisition process, dataset characteristics (see Table 3.1), and the
preprocessing steps taken to prepare the data for deep learning model development.

Dataset Acquisition and Management

The datasets used in this work have been carefully acquired from multiple sources,
taking advantage of the collaborations and resources made available through the
affiliation with Fraunhofer IIS. For instance, the Actor Study Database (Seuss et al.,

) was collected internally by Fraunhofer IIS, the Aff-Wild2 Database (Zafeiriou et
al., ) was obtained through participation in the ABAW challenge (Kollias et al.,

), and the ERIK dataset was provided by the ERIK research project. All datasets
were obtained under research licenses. The handling of the data ensured compliance
with the licensing terms and data protection regulations, including GDPR. Handling
of sensitive subject data was carefully managed to maintain confidentiality and
privacy, with access and backup restricted by secure storage protocols. Additionally,
the publication of images from these datasets is restricted, reflecting the sensitivity
of the data. This approach ensured a responsible and structured method of dataset
aggregation and management throughout the research process.

Dataset Characteristics

The datasets used in this thesis span a variety of recording setups and coding
schemes. Table 3.1 summarizes the key characteristics of the datasets that may affect
the research results. Additionally, the publication IDs of my publications where these
datasets have been used are listed. The number of subjects (subj.) determines the
variety and generalizability of models and analyzes. The total number of frames
(frames) reflects the size of the dataset, where small datasets may limit the gen-
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Tab. 3.1.: Overview of datasets used in this thesis and corresponding publications in which
they were employed. Adapted from Pahl et al. ( ), Table 1.

Dataset Papers Subj. Frames Setup / Affect  Affect AUs FEs / other labels
type

Actor P1, P2, 21 146663 lab, acted / spont. emotion- 1, 2, 4-7, 9-18, amusement, anger,

Study P4-P7 related 20, 22-27, 38, 43, boredom, contempt,

45, 46 (frame) disgust, enjoy, fear,
happiness, interest,
pride, relief, sad-
ness, surprise (se-

quence)
Affwild2 P3, P4, N/A 2395718 wild, spont. emotion- 1, 2, 4, 6, 12, 15, anger, disgust, fear,
P6, P7 related, 20, 25 (frame) happiness, neutral,
dimen- sadness, surprise;
sional valence, arousal
(frame)
BP4D P1, P3, 41 366954 lab, spont. emotion- 1, 2, 4-7, 9- anger, disgust, em-
P4, P7 related, 20, 22-24, 27-39 barrassment, fear,
pain (frame) happiness,  pain,
sadness, surprise
(sequence)
CK+ P2, P3, 123 10733 lab, acted emotion- 1, 2, 4-7, 9-18, anger, contempt,
P4, P5, related 20-31, 34, 38,39, disgust, fear, hap-
P6, P7 41-46 (sequence)  piness, sadness,
surprise (sequence)
DISFA P3 27 130815 lab, spont. emotion- 1, 2, 4-6, 9, 12, -
related 15,17, 20, 25, 26
(frame)
EmotioNetP3, P4, N/A 24598 wild, spont. emotion- 1, 2, 4-6, 9, 10, -
(Man.) P6 related 12, 15, 17, 18,
20, 24-26, 28, 43
(frame)
ERIK P3 13 2700 lab, acted emotion- 1, 2, 4-7, 9-18, anger, anxiety, neu-

related 20, 22, 24-38, 43, tral, joy, sadness,
45, 51-58, 61-64 surprise (frame)

(frame)
GFT P3, P4 96 172800 lab, spont. emotion- 1, 2, 4-7, 9-12, -
related 14, 15,17-19, 22—
24, 28 (frame)
UNBC P2, P3, 25 48 398 lab, spont. pain- 4, 6, 7, 9, 10, pain (frame)
P5 related 12, 20, 25-27, 43
(frame)

eralizability of models and analyzes. The environment (lab vs. wild) affects the
variability and realism of the data, with lab settings providing controlled conditions
and in-the-wild data capturing more natural and diverse scenarios. The affect type
(spont. vs. acted) emphasizes the authenticity of the expressions, which is critical
for ensuring real-world relevance. Finally, the annotation level (seq. vs. frame)
defines the granularity of the labels, whether at the frame level or broader trends
across sequences. Note that information about demographic metadata information is
summarized in Chapter 4. The different datasets serve as training and test datasets
for methods and models in the experiments performed in this thesis. The following
dataset summaries, including dataset statistics, highlight key details relevant to this
research; additional information can be found in the referenced papers.
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Actor Study Database

This dataset contains recordings of 21 actors performing both spontaneous and acted
FEs under controlled laboratory conditions. High-resolution cameras captured the
images in RGB format at a resolution of 1624 x 1236 pixels, ensuring uniform illumi-
nation and minimal noise. After preprocessing (described in Section 3.3), cropped
face regions have an average size of 351 x 258 pixels with a standard deviation of
23 x 15 pixels, providing relatively uniform input. Actors participated in tasks that
elicited both single and combined AUs and responses to emotional scenarios. It
contains 777 video sequences (68 minutes in total) with frame-based AU intensity
annotations (three levels) and sequence-based FE annotations for 13 expressions.
This dataset has been partially released. A detailed description can be found at Seuss
etal. ( ).

Aff-Wild2 Database

This dataset is an in-the-wild dataset sourced from YouTube, with a wide range of
video qualities, head poses, lighting conditions and resolutions, making it suitable for
real-world affect recognition. The dataset contains 303,250 frames from 47 subjects,
annotated frame by frame for AUs and FEs. The resolution varies, with an average
of 1030 x 630 pixels, while cropped face regions have an average size of 266 x 196
pixels with a standard deviation of 173 x 131 pixels, reflecting the variability of
video sources. Not all frames are annotated for each class, adding complexity to
model training. Aff-Wild2 is a widely used benchmark, often used in challenges
such as CVPR’s Affective Behavior Analysis in the Wild (ABAW) challenge (Kollias
et al., ). More details can be found in Kollias et al. ( ), Kollias and Zafeiriou
( ), and Zafeiriou et al. ( ).

BP4D-Spontaneous Dataset

This dataset captures natural, spontaneous FEs in both 2D and 3D formats, using
synchronized RGB cameras and depth sensors. It comprises 328 videos from 41 sub-
jects and is specifically designed to elicit eight target FEs through various emotional
stimuli, including video clips, startling probes, threats, cold pressor tasks (dipping a
hand in ice water), and smells. High-resolution images have an average resolution
of 1040 x 1392 pixels, while cropped face regions have an average resolution of
782 x 585 pixels with a standard deviation of 45 x 31 pixels, ensuring consistency
for facial analysis. The dataset serves as a benchmark for spontaneous AU detection,
providing frame-level AU annotations and sequence-level FE labels. Intensity anno-
tations are included for a subset of five AUs, providing finer granularity for analysis.
The extended version, BP4D+, includes additional subjects and multimodal data,
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further enhancing its utility for affective computing research. More information is
available at Zhang et al. ( ) and Zhang et al. ( ).

Extended Cohn-Kanade (CK+) Database

This dataset contains 593 video sequences from 123 subjects, capturing posed FEs
of basic emotions along with contempt. Each sequence begins with a neutral ex-
pression and progresses to a peak emotional expression. The images, captured in
controlled laboratory settings, are available in both RGB and grayscale formats, with
an average resolution of 640 x 490 pixels. Cropped face regions have an average size
of 296 x 226 pixels with a standard deviation of 28 x 23 pixels, ensuring consistency
in face analysis. The dataset provides frame-level AU annotations and sequence-level
FE labels and was one of the first open-source datasets in this domain, making it a
widely used benchmark for the analysis of acted FEs. Detailed information can be
found at Lucey et al. ( ).

Denver Intensity of Spontaneous Facial Action (DISFA) Database

This dataset contains high-resolution RGB videos of 27 participants recorded under
controlled conditions with uniform lighting and a blue background to ensure consis-
tency. Each subject watched a 4-minute video clip designed to elicit spontaneous FEs.
The videos have an average resolution of 1024 x 768 pixels, while the cropped face
regions have an average size of 372 x 272 pixels with a standard deviation of 31 x 26
pixels, ensuring consistency for face analysis. The dataset is annotated frame by
frame for 12 AUs, with intensity ratings provided on a five-point scale. The extended
version, DISFA+, introduces additional subjects. This dataset is widely used as a
benchmark for AU intensity detection due to its rich annotation and high quality
images. For more details, see Mavadati et al. ( ) and Mavadati et al. ( ).

EmotioNet

This dataset is a large-scale collection designed to capture a diverse range of FEs in
real-world settings. It consists of over one million images collected from the web us-
ing emotion-related keywords. While most of the dataset is automatically annotated
using a machine learning-based approach for AUs, this work focuses on the manually
annotated subset of 24,598 images, which provides higher reliability. The images in
the manually annotated subset have an average resolution of 543 x 584 pixels, while
the cropped face regions have an average size of 318 x 238 pixels with a standard
deviation of 248 x 188 pixels, reflecting the variability in image quality and source
conditions. This subset provides frame-level AU annotations and is particularly
valuable for benchmarking affective computing models due to its comprehensive
coverage of facial expressions and high annotation quality. For more information,
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visit Fabian Benitez-Quiroz et al. ( ).

ERIK

This dataset consists of high-resolution RGB images of 13 children collected under
controlled laboratory conditions with optimal lighting and uniform backgrounds.
The images have an average resolution of 460 x 460 pixels, while cropped face
regions average 295 x 220 pixels with a standard deviation of 23 x 12 pixels, ensuring
consistency for face analysis. The dataset focuses on acted FEs and is annotated
frame by frame for AUs and FEs. It emphasizes consistency in lighting and imaging
conditions, providing high-quality data suitable for detailed facial analysis. While
the dataset remains unpublished, it serves as a valuable resource for studying facial
expressions in children, a population often underrepresented in affective computing

research. More details can be found in the project documentation.!

Sayette Group Formation Task Spontaneous Facial Expression (GFT) Database
This datasets captures spontaneous FEs during social interactions. It contains RGB
videos of 96 participants interacting in groups of three. The videos have an average
resolution of 720 x 480 pixels, while cropped facial regions average 266 x 222 pixels
with a standard deviation of 44 x 39 pixels, ensuring consistency for facial analysis.
The dataset uniquely incorporates social dynamics, with some participants consum-
ing alcoholic beverages to elicit more naturalistic and varied FEs. Although recorded
in a laboratory, the setup is less controlled than other datasets, with challenges
such as occlusion from glasses or other participants, as well as varying lighting
conditions. The videos are annotated frame by frame for AUs, providing detailed
information about spontaneous facial expressions in a group context. This dataset is
particularly valuable for studying facial behavior in social settings, where interac-
tions and dynamics play an important role. For more details, see Girard et al. ( ).

UNBC-McMaster Shoulder Pain Expression Archive Database

This dataset focuses on facial expressions associated with pain. It contains video
sequences of 25 subjects experiencing shoulder pain, recorded under controlled lab-
oratory conditions. The videos have an average resolution of 341 x 240 pixels, while
cropped facial regions have an average size of 165 x 128 pixels with a standard devia-
tion of 15 x 12 pixels, reflecting the lower image quality compared to other datasets.
The dataset is annotated frame by frame for AUs and includes pain intensity ratings,
making it a valuable resource for studying pain-related facial expressions. The
subjects are predominantly older adults, providing a unique perspective compared
to datasets that typically include younger participants. Despite its lower resolution,

"https://www.interaktive-technologien.de/projekte/erik
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the dataset is still widely used as a benchmark for FER in medical contexts. More
details can be found at Lucey et al. ( ).

These datasets exhibit variation in experimental setups, coding schemes, and the
inclusion of spontaneous versus acted AUs and FEs. This diversity underscores the
challenge of achieving model robustness.

Data Preprocessing

Data preprocessing played an important role in preparing the datasets for deep
learning models in this thesis. While standard steps such as image resizing and pixel
normalization were used, as detailed in my publications, this section highlights two
challenging aspects of facial image data preprocessing: dataset aggregation and face
detection.
STRAND Framework for Dataset Aggregation: To address the heterogeneity of
dataset annotations, the Scripted Tools (for) Reading And Normalizing Databases
(STRAND) framework was developed in collaboration with colleagues at Fraunhofer
IIS. It establishes a standardized schema for integrating multiple, diverse datasets,
ensuring consistency while preserving the integrity of original annotations. The
schema uses key-value pairs with predefined types that facilitate the standardization
of inconsistent annotations, such as mapping terms like "happy" and "happiness"
to a unified label. Within this schema, each key corresponds to a column, and
each row represents a single image or video frame. In addition to unifying class
annotations, the STRAND framework integrates critical metadata, including demo-
graphic information (discussed in Section 4), image paths, and licensing details. By
creating a single, consistent data-access pipeline, the framework eliminated the need
to revisit the specific annotation schema of each individual dataset for every new
research approach, thereby ensuring methodological consistency and accelerating
the research lifecycle.
The framework also provides pipelines for key preprocessing tasks, such as auto-
matic face detection using SHORE™ (Kiiblbeck and Ernst, ) or OpenCV (Bradski,
), detection of 68 facial landmarks with SHORE™, and the automatic annotation
of unlabeled data using pre-trained models. These pre-calculations accelerated the
subsequent model training and evaluation process further. The framework supports
data export in multiple formats, such as Parquet, CSV, JSON, and pandas.DataFrame,
ensuring flexibility for various research needs. A structured workflow was estab-
lished for incorporating new datasets, with predefined templates and review cycles
ensuring consistency and efficiency. Although the STRAND framework itself is not
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published due to Fraunhofer regulations (see Section 1.5.2), it served as a corner-
stone of the data preprocessing efforts in this research. Its implementation provided
a standardized and efficient approach to aggregating datasets, streamlining the
integration of smaller datasets with varied annotations, and improving the overall
quality of data preparation.
Face detection: Face detection was another critical aspect of preprocessing. All
models developed in this thesis were trained on cropped face images. Two main
tools were used for automatic face detection: SHORE™, a sophisticated high-speed
object recognition software developed by Fraunhofer IIS (Kiiblbeck and Ernst, ),
and the OpenCV DNN module, a well-known open source framework (Bradski,
). Both tools were able to detect non-frontal faces. The choice of face detec-
tion method varied between the corresponding publications. For publications P5
and P6, SHORE™was used, while OpenCV was used for P1, P2, P4, and P7. For
publication P3, face detection methods specific to the models evaluated were used.
Special considerations were required for the Aff-Wild2 dataset, which contained
multiple faces in some frames. In these cases, manual annotation of face regions
was performed by students prior to automatic face detection according to the de-
scriptions in the annotations. When the Aff-Wild2 annotations did not specify the
target face (e.g., left or right), the largest face in the frame was selected to maintain
consistency. To automate this process, a browser-based tool called Videotator was de-
veloped. These preprocessing efforts ensured the extraction of high quality face data.
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4.1

Bias Analysis in Datasets and
Models [P3]

This chapter addresses RQ1: How can fairness across demographic groups be measured

in facial expression recognition datasets and trained models?

The scientific contributions, visualizations, and results presented in this chapter are
derived from my publication [P3] (Pahl et al., ).

This chapter details the annotation of demographic metadata and analyzes demo-
graphic imbalances in facial expression recognition datasets, along with their impact

on model performance and fairness.

This chapter creates domain knowledge in the form of subject demographic metadata
(Section 2.2.5).

Motivation and Related Work

One of the major challenges in facial expression recognition is the uneven perfor-
mance of models across different demographic groups (Nourivandi et al., ). This
selection bias occurs when training datasets are not representative of the broader
population, which is often the case for datasets of facial images (Karkkainen and
Joo, ), resulting in models that perform well on overrepresented groups but
poorly on underrepresented ones. Such model biases not only compromise accuracy,
but also raise ethical concerns about the use of these systems in real-world settings.
For instance, the Google Lens incident, where images of people of color were labeled
as gorillas, led to the removal of the label entirely (Vincent, ). Similarly, Ama-
zon’s Al recruiting tool was found to disadvantage women, highlighting the broader
societal implications of biased Al systems (Dastin, ). While there are few fair
datasets with demographic metadata such as FairFace (Karkkainen and Joo, )
or the Balanced Faces in the Wild (Robinson et al., ), they are not annotated
for facial expression recognition tasks, limiting their utility in this domain.

Addressing demographic bias in facial expression recognition is challenging, because
demographic metadata annotations such as age, gender, and ethnicity are often
incomplete or missing in available datasets. As shown in Table 4.1, only a few of the
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Tab. 4.1.: Overview of datasets and available demographic metadata for gender, ethnicity,

and age. Adapted from [P3] (Pahl et al., ).

Dataset Per Subject Statistics Annotations
Actor Study - v AUs, FEs
AFEWild2 - - AUs, FEs
BP4D / BP4D+ gender v AUs, FEs
CK+ - v AUs, FEs
DISFA / DISFA + - v AUs
ERIK (forenames) - AUs, FEs
EmotioNet (Man.) - - AUs
GFT v v AUs
UNBC - gender AUs, FEs

AU and FE benchmark datasets used in this thesis, such as BP4D and GFT, include
demographic metadata per subject, while others, particularly in-the-wild datasets
such as Aff-Wild2 and EmotioNet, do not. On the other hand, statistics such as
the distribution for gender and ethnicity or an age range are more often disclosed.
An overview of other dataset characteristics can be found in Section 3.2. Without
demographic annotations, it becomes difficult to identify and correct biases during
model training and evaluation.

To address this limitation, a contribution of this thesis is the post-annotation of
demographic metadata for each subject in these benchmark datasets.

Demographic Metadata Annotation

The missing demographic metadata for each subject in the datasets listed in Ta-
ble 4.1 was retrospectively annotated, with the exception of the Actor Study. The
Actor Study was excluded because the ground truth demographic annotations were
reserved for future publication. For the Aff-Wild2 dataset, only AU annotated se-
quences were included in the demographic annotation process. Furthermore, the
dataset was split into its official subsets, AU validation (AU-V) and AU training
(AU-T).

Demographic metadata annotation was carried out by four independent coders, who
reviewed images or videos of the subjects to estimate gender (male or female), age
(as an integer), and ethnicity based on appearance. The ethnic categories were
defined as African-American, Asian, Euro-American, or Hispanic, consistent with
those commonly used in the demographic metadata statistics. Additionally, the
coders annotated the presence of eyeglasses and facial hair (beard). Coders were
given access to statistical distributions of ethnicity, gender, and age in the datasets
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to guide their decisions and ensure consistency.

To quantify the reliability of the demographic annotations, Krippendorff’s o (Krip-
pendorff, ) is calculated for gender, ethnicity, and age across all datasets (see
Section 2.4.1). For the metadata annotations, the average Krippendorff’s o across
all datasets and attributes is 0.87, indicating a high level of inter-rater agreement.
Gender annotations show the highest reliability per dataset, while age estimates
show the lowest agreement, which may be due to the annotation in integers. To
account for this variability, age data are grouped into ten-year intervals for analysis.
Overall, the demographic metadata annotations are found to be sufficiently reli-
able for use in the bias analysis of datasets (Section 4.3.1) and trained models
(Section 4.3.2), as well as for the MLOPT-Ext method introduced in Section 5 that
balances metadata during data preprocessing.

Summary of Key Results

Using the newly annotated metadata, the analysis in [P3] (Pahl et al., ) yields
two main findings: (1) major demographic imbalances in FER/AU benchmark
datasets, and (2) corresponding performance disparities of state-of-the-art models
across demographic groups.

Unless stated otherwise, learning setups, architectures, evaluation frameworks,
metrics, and datasets follow Tables 2.5-3.1.

Bias Analysis in Datasets [P3]

The analysis of the demographic bias in the annotated datasets reveals large imbal-
ances, particularly in the distributions of age and ethnicity. The combined annotated
data consists of 1,070,585 frames from 526 subjects.

Key observations:

* Age skew. ~71% of the frames contain subjects between the ages 20-30.
While datasets such as ERIK (children) and UNBC (subjects > 35 years) help
to broaden the age range, they remain underrepresented (Fig. 4.1).

* Ethnicity imbalance. Euro-American dominates (62.08%), with lower shares
for Asian (15.97%), African-American (11.13%), and Hispanic (10.65%)
groups (Fig. 4.2).

* Gender near-parity. But within specific ethnic groups, gender representation
varies (e.g., fewer female African-American frames; comparatively more female
Asian and Hispanic frames).

4.3 Summary of Key Results
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Fig. 4.1.: Age distribution of all combined datasets, with hue for dataset. From [P3] (Pahl
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Fig. 4.2.: Age distribution of all combined datasets, hue ethnicity (AA: African-American,
AS: Asian, EA: Euro-American, HI: Hispanic, O: Other). From [P3] (Pahl et al.,
2022).

* Occlusions are underrepresented. Only 11.63% of frames show facial occlu-
sions such as glasses; 30.03% of subjects have facial hair.

Bias Analysis in Models [P3]

The analysis of model performance across demographic groups for multiple AUs and
basic emotions identified several biases. Two models were evaluated: NISL2020 (Deng
et al., 2020), which combines multi-task CNN with RNNs and achieved first place
in AU detection and third place in FER in the Affective Behavior Analysis in-the-wild
competition (Kollias et al., 2020); and OpenFace 2.0 (Baltrusaitis et al., 2018), a
widely used real-time, open-source toolkit that uses SVMs and CNNs. The models
were evaluated only on datasets that were not used for model training.

Key observations:
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* Age effects. Best AU detection observed for ages 15-34. There is a noticeable
drop in performance for older adults, particularly those over 55 years of age.
This is consistent with the dataset age skew.

* Ethnicity effects. For AUs, NISL2020 performs best on Asian subjects and
weakest on African-American subjects (especially women). For FEs, NISL2020
is strongest on African-American subjects and weakest on Hispanic subjects.
OpenFace AU performance is strongest on African-American subjects—despite
Euro-American dominance in the data.

* Gender effects. Mild but present: OpenFace favors male faces for AU detection,
whereas NISL2020 favors female faces.

* Occlusion sensitivity. Both systems degrade with eyeglasses. AU detection
performance related to movements near the eyes, such as AU 4 (brow lowerer)
or AU 6 (cheek raiser) is particularly affected.

4.4 Summary and Discussion

The research question RQ1: How can fairness across demographic groups be measured
in facial expression recognition datasets and trained models? was addressed in this
chapter by systematically annotating demographic metadata and analyzing demo-
graphic biases in several benchmark datasets and state-of-the-art models. A key
novel contribution of this study is the annotation of previously missing demographic
metadata across multiple benchmark datasets. While institutional policies currently
restrict the public release of these annotations (see also Section 1.5.2), the process
and findings detailed here provide a blueprint for the field.

Substantial dataset imbalances lead to fairness effects: The analysis reinforced
the reality that the benchmark datasets used in this field are deeply imbalanced, with
a stark skew towards younger, Euro-American subjects. Furthermore, the subsequent
model analysis revealed that this data-level bias translates directly into decreased
model performance. The sharp decline in accuracy for older adults and certain
ethnic minorities is a direct consequence of unrepresentative training data. This
finding empirically establishes the connection between a lack of data diversity and
model robustness and fairness failures.

Analysis motivates bias mitigation: By quantifying these demographic distribu-
tions, this chapter provides the foundations for the bias mitigation strategies that
follow. Knowing the distribution of demographic attributes enables the implementa-
tion of bias mitigation strategies, such as balancing datasets or raising awareness
of potential model biases. This analysis, therefore, serves as the direct motivation
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and empirical foundation for RQ2, which tackles the challenge of algorithmically
rebalancing these datasets, as will be detailed in Chapter 5.
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5.1

Multi-Label Data Balancing:
MLOPT and MLOPT-Ext [P6]

This chapter addresses RQ2: How can multi-label datasets be balanced across multiple
objectives in a way that remains suitable for training deep neural networks?

The scientific contributions, visualizations, and results discussed in this chapter
are derived from my publication [P6] (Rieger et al., ). This contribution is
extended by additional results (Appendix A).

This chapter details the development of the Multi-Label Balancing Optimizer (MLOPT).
MLOPT reframes multi-label resampling over unique label-sets as a bounded non-
linear optimization problem. The core method was introduced in publication
([P6] (Rieger et al., )). This chapter synthesizes and extends the origi-
nal contribution by: (1) providing a comprehensive literature review, which was
not possible in the original short paper, to contextualize both the core method and
the new experimental results, (2) presenting a unified formulation of the algo-
rithm, which incorporates a multi-objective extension for demographic attributes,
MLOPT-Ext, and (3) detailing new, unpublished experimental results that further
validate MLOPT-(Ext) (see AppendixA). This chapter also reports empirical effects
on imbalance metrics and downstream model performance.

This chapter incorporates domain knowledge in the form of subject demographic
metadata (Section 2.2.5), whose creation was detailed in the previous Chapter 4.

Motivation and Related Work

For real-world applications, imbalanced datasets are a prevalent issue, presenting
critical challenges to the development and performance of Al systems (Giorgio et al.,

) (see previous Chapter 4). For example, in fraud detection, addressing class
imbalance is essential to prevent models from overlooking infrequent but financially
critical fraudulent activity (Gupta et al., ). Similarly, in object detection, models
trained on imbalanced datasets tend to prioritize frequent objects, such as cars or
pedestrians, while often neglecting rare objects such as traffic lights, which can lead
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Fig. 5.1.: Distribution of AUs in a merged database comprising Actor Study, Aff-Wild2, CK+,
and EmotioNet (Manual).

to problems in real-world applications (Oksuz et al., 2021).

The growing body of research on imbalanced learning reflects the increasing impor-
tance of addressing this topic (Rezvani and Wang, 2023). This concern is particularly
relevant in FER, where sampling biases in datasets can lead to unfair models, as
discussed in Section 4 based on [P3] (Pahl et al., 2022). In addition to equity
across demographic groups, class imbalance is a persistent problem in FE and AU
datasets (Nourivandi et al., 2024). The class imbalance in multi-label AU datasets
typically results from two main factors: (1) the unequal frequency of AUs across
different FEs, due to the natural occurrence rates of certain FEs and variations in
video length, and (2) inconsistent subsets of annotated AUs across datasets, largely
due to the labor-intensive and costly nature of the annotation process. Figure 5.1
shows the imbalanced distribution of AU classes in a merged dataset used in this
approach. Addressing these imbalances is essential for developing models capable
of accurately interpreting FEs and AUs across different classes and demographic
groups.

Imbalanced datasets can be addressed by improved training strategies, but also by
data pre-processing techniques (Rezvani and Wang, 2023). Choosing data preprocess-
ing techniques has the advantage of being model agnostic and can be integrated into
existing pipelines and workflows without overhauling the entire training process.
Balancing algorithms designed for single-label problems with only one label per sam-
ple have advanced greatly (Giorgio et al., 2023; Rezvani and Wang, 2023; Chawla
et al., 2002), but balancing multiple classes for one sample as found in multi-label
balancing problems remains underexplored (Rezvani and Wang, 2023). This leaves a
gap in effectively addressing the complexities of multi-label datasets, where multiple
classes may exist simultaneously in a data sample. Balancing multiple classes for
multi-label samples presents a unique challenge, as changing the frequency of one
class may inadvertently change the frequency of others. This problem requires
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consideration not only from the perspective of imbalance among labels, but also
among unique label combinations, so called label-sets.
Existing multi-label balancing algorithms can be broadly categorized based on their
approach to oversampling and undersampling. Oversampling-based methods clone
data samples until a sufficient balance is reached, while undersampling methods
delete samples. Existing approaches such as LPROS and LPRUS (Charte et al.,
) perform over- and undersampling, respectively, by using label-sets for the
initial step, followed by random sampling. ML-ROS and ML-RUS (Charte et al.,
) focus on individual labels rather than label-sets, using the MeanIR metric
(Section 2.4.1) to identify minority labels. Oversampling techniques are generally
better suited for deep learning models that require large datasets. Unlike under-
sampling, oversampling helps to augment minority classes without losing valuable
information. However, excessive cloning can lead to overfitting in a DNN, where the
model can become, despite introduced augmentation, too closely fitted to these data
points. The MLOPT algorithm [P6] (Rieger et al., ) addresses this problem by
oversampling in a controlled manner to provide a method that is suitable for deep
learning approaches.
In contrast, there are also methods that create synthetic samples. The REMEDIAL
algorithm (REsampling MultilabEl datasets by Decoupling highly ImbAlanced La-
bels) (Charte et al., ) pre-processes datasets by decoupling minority or majority
labels from samples to facilitate subsequent balancing steps, deliberately modifying
labels for specific instances. Another prominent method is Multi-Label SMOTE
(MLSMOTE) (Charte et al., ), which extends SMOTE (Sivakumar et al., )
to generate synthetic samples for minority classes using nearest neighbor inter-
polation. This adaptation preserves the relationships between multiple labels in
multi-label classification tasks. While synthetic samples and labels can work well
to address imbalances in datasets, they are not universally applicable or beneficial
for every use case. In some scenarios, generating synthetic data can introduce
artifacts or patterns that do not accurately reflect the underlying characteristics of
the real data. For example, in nuanced domains such as medical diagnosis or affect
recognition, the subtleties of real human expressions or medical symptoms may be
difficult to accurately replicate through synthetic means. To ensure applicability in
such nuanced domains and to minimize additional noise, the MLOPT [P6] (Rieger
et al., ) algorithm does not generate synthetic labels or samples.
Existing over- and undersampling algorithms such as LPROS, LPRUS, ML-ROS, and
ML-RUS focus primarily on class distributions without considering additional objec-
tives, such as fairness across demographic groups. Similarly, synthetic methods such
as REMEDIAL and MLSMOTE preserv relationships between labels but neglect demo-
graphic metadata. These approaches are effective for mitigating class imbalance but

5.1 Motivation and Related Work
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Method Approach Bound Synthetic

REMEDIAL Decoupling of labels Dataset size Labels
MLSMOTE Interpolating nearest Imbalance metric Images and
neighbors labels
ML-ROS Random OS of minority Dataset size No
labels
LPROS Random OS of minority Dataset size No
label-sets
MLOPT Optimized OS of label- Label-set No
sets frequency

Tab. 5.1.: Overview of competitive multi-label oversampling (OS) balancing algorithms.

are inadequate for domains where fairness is critical. Fairness-aware preprocessing
methods (Kamiran and Calders, ), on the other hand, target biases in sensi-
tive attributes (e.g., gender, ethnicity, or age) by modifying data distributions, but
operate on single-label datasets and do not incorporate multi-label class balancing.
Recent efforts, such as SimFair (Liu et al., ), apply fairness considerations to
multi-label scenarios by focusing on fairness constraints during evaluation rather
than preprocessing. MLOPT-Ext bridges this gap by introducing a unified framework
that simultaneously optimizes multi-label class balancing and demographic fairness.
Table 5.1 summarizes the main features of MLOPT [P6] (Rieger et al., )
compared to other competitive oversampling algorithms. In the table, OS stands
for oversampling, Bound indicates whether the number of clones is controlled by
dataset size, imbalance metric, or label-set frequency, and Synthetic refers to whether
synthetic samples or labels are generated.

General Methodology

This section introduces the MLOPT algorithm for balancing multi-label datasets
([P6] (Rieger et al., )). MLOPT can be extended to optimize multiple objec-
tives such as demographic metadata (MLOPT-Ext). MLOPT formulates multi-label
class balancing as a nonlinear, non-convex constrained optimization problem with
simple bound constraints. The formulation generalizes to multi-objective balancing
(e.g., simultaneous balancing of label frequencies and demographic subgroups),
referred to in this thesis as MLOPT-Ext.

The optimization is solved using a trust-region constrained method, which is a class
of iterative local optimizers suitable for nonlinear objectives under box constraints.
MLOPT oversamples label-sets subject to bounds on repetition, then counts are
chosen that minimize a convexified imbalance measure. The following descrip-
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Algorithm 1 MLOPT: Multi-Label Balancing Optimizer

1: Input: Dataset D; oversampling bound r > 1; trade-off weight A\ € [0, 1];
distance metric d(-, -)
Output: Balanced dataset D’

N

Step 1: Create unique label-sets
Y < unique label-set matrix extracted from D >Y € {0,1}mxk
n, < frequency of each label-set in D >n, € N™

Step 2: Definition of oversampling bounds for each label-set
lower _bound < n,
upper_bound < r - n,

0 XN 9 R®

Step 3: Define objective

10: ny := oversampling plan (target counts per label-set)

11: z +— Y 'n, > resulting class counts
12: p, < desired target class distribution > e.g., uniform across classes
13: variance_term < Var(n, @ no)

14: distance_term < d(z, )

15: h(ny) < A -variance term + (1 — \) - distance_term

16: Step 4: Constrained optimization problem

P! — argmin h(ny) S.t. ne < ny <7-ng

Ny

Iy

17: Step 5: Synthesis of balanced dataset
18: D’ « replicate samples of each label-set according to n,°?! (with augmentation)

19: Return D’

tion presents a consolidated and notation-consistent formulation of the method,
extending and refining the presentation in [P6].

5.2.1 MLOPT: Balancing Classes

The purpose of MLOPT is to construct a rebalanced training set such that underrep-
resented labels and underrepresented label combinations receive higher representa-
tion without disproportionately increasing other classes. Algorithm 1 provides an
overview. The main algorithmic steps are detailed below.

1. Create Unique Label-Sets: Consider a multi-label classification problem with
k classes (e.g., facial AUs). Each training sample is annotated with a binary
indicator vector of length k, where a value of 1 indicates that the class is active
for that sample.

Different samples may share identical label combinations. These identical
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combinations are merged into unique label-sets. Let m denote the number of
distinct label-sets observed in the dataset. The matrix

Y € {0,1}™*F

is defined such that each row of Y corresponds to one unique label-set. The

vector
n, € N™

is defined such that n,[¢] is the number of samples in the original dataset that
exhibit the i-th label-set.

Operating on unique label-sets rather than on individual samples has two main
effects. First, it reduces computational cost, since the optimization allocates
counts to m label-sets instead of to all samples. Second, it preserves higher-
order co-occurrence structure. This is important for structured labels such as
facial AUs, where certain combinations are not simple linear superpositions
of individual AUs (see Section 2.2.2). As a result, the method can explicitly
increase the frequency not only of rare classes, but also of rare co-occurrences.

. Definition of Oversampling Bounds: The aim of the balancing procedure is

to determine how often each label-set should appear in the rebalanced dataset.
The target frequencies are defined in

n, € N™,

where n,[i] is the target number of samples that should carry label-set i after
balancing.

To prevent uncontrolled replication, each label-set is assigned a lower and an
upper bound. The lower bound enforces that no label-set is removed:

ne < ny.

The upper bound limits how aggressively rare label-sets may be oversampled.
This upper bound is defined as a multiplicative factor r applied to the original
counts:

ng<r-n,, reR, r>1.

The factor r controls how many copies of a sample with a certain label-set
are permitted. This constraint is important in practice because repeated
duplication of a very small number of rare samples is known to increase

overfitting in deep neural networks.
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3. Class Distribution Induced by Oversampling: For any proposed vector n,,
the resulting class-wise frequencies in the rebalanced dataset can be computed.
The vector

z=Y n, € N*

is defined such that z[j] counts how often class j would appear after applying
the oversampling frequencies in n,. Intuitively, z is the class histogram of the
rebalanced dataset.

A target class distribution is also specified. This target is denoted by
1. € RE.

In the simplest case, i, can be chosen as the per-class mean count, i.e., all
classes are encouraged toward the same frequency. More generally, 11, may
encode an application-specific desired distribution (for example, clinically
meaningful priors or safety constraints).

4. Objective Function: The quality of the oversampling distribution n,, is mea-
sured by an objective with two terms: (1) a regularization term that penalizes
highly uneven oversampling across label-sets, and (2) a distribution-matching
term that encourages the resulting class frequencies to approach the desired
target.

The first term is based on the element-wise ratio n,, ©® ny, where @ denotes
element-wise division. The quantity ny[i]/n,[i] is the oversampling factor
applied to label-set i. The variability of these factors across all label-sets is
summarized by

Var(ny @ no),

i.e., the variance of the oversampling factors. High variance indicates that
some label-sets are being replicated far more aggressively than others.
The second term measures the discrepancy between the achieved class distri-
bution z and the desired distribution .. This discrepancy is written as

d(zvuz)a

where d(-,-) denotes a distance measure such as ¢;, ¢, or Kullback-Leibler
divergence. A smaller value of d indicates that the rebalanced dataset is closer
to the target class proportions.

Both terms are combined into the objective

h(ny) = A Var(ng @ ne) + (1 — ) d(z, p12), (5.1)
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with a trade-off parameter
A€ [0,1].

Large values of \ emphasize an evenly spread oversampling. Small values of A
emphasize a higher movement toward the desired class distribution.

. Constrained Optimization Problem: The task is to find oversampling fre-

quencies n, that minimize the objective in Equation 5.1, while respecting the
admissible range for each label-set. The resulting optimization problem is

n,"" = argmin h(n,) subjectto ne, < mny <7 -n,. (5.2)
ny

The bounds n, < n, < r-n, form simple box constraints. The objective h(ny,)
is nonlinear and, in general, non-convex because it contains both a variance
term and a potentially non-convex distance term.
The optimization problem in Equation 5.2 is solved using a trust-region con-
strained algorithm (Conn et al., ). Trust-region methods generate iterative
updates within a local region around the current candidate solution (the trust
region). Within this region, a local approximation of the objective is considered
reliable, and constraint handling (in this case, the box constraints on n,,) is
enforced directly.
Trust-region constrained optimization is appropriate in this setting for three
reasons. First, the objective is nonlinear. Second, the feasible set is explicitly
bounded. Third, stability of convergence to a feasible point is preferred over
unconstrained descent that may leave the admissible range.
The output of this step is

n," e N,

the optimized number of times each unique label-set should appear in the
balanced dataset.

. Synthesis of Balanced Dataset: A rebalanced dataset D’ is then constructed

by replicating samples according to n,°"'. For each label-set i, samples asso-
ciated with this label-set are cloned until the target count n,°?[i] is reached.
To avoid simple duplication, cloned samples are typically augmented using
transformations that are valid for the given application. This step increases
both the effective sample size of underrepresented label-sets and the variability
within those label-sets.

The final dataset D’ satisfies two goals: (1) rare classes and rare label-set
combinations receive higher representation, and (2) oversampling is bounded
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and regularized, limiting the risk of overfitting to a handful of rare training

examples.

5.2.2 MLOPT-Ext: Balancing Multiple Objectives

MLOPT-Ext extends MLOPT from single-objective class balancing to multi-objective
balancing. In addition to adjusting class frequencies, it also balances subject-level
metadata such as gender, ethnicity, and age. This introduces domain knowledge
directly into the resampling process and supports fairness-oriented datasets.

All factors to be balanced are combined into a single design matrix

Y = [YAU ‘ Y ‘ Yz ‘ YA} e {0’ 1}m><(kAU+kG+k’E+kA),

where each row corresponds to one unique label-set (Section 5.2.1), and the block
matrices encode: AUs (Y ap), gender (Y¢), ethnicity (Yg), and age (Y 4). As in
MLOPT, the optimizer selects target replication counts n,, € N for these label-sets
with

N <ny <r-ne.

The resulting distributions are
T T T T
z=Y, yn,, g=Ygn, e=Ygn, a=7Y,n,

where z is the action-unit frequency vector in the balanced dataset, and g, e, a are
the demographic frequency vectors (gender, ethnicity, age). For each of these, a
desired target distribution is specified: p., ptg, e, and pq.

MLOPT-Ext uses scalarization to combine all objectives into a single function:

h(ny) = AVar(ng @ no) + (1 — A —n) d(z, puy)

+ 77<k’1Gd(g’ Hg) + éd(ev He) + id(aa ﬂa)) ) (53)

where:

* )\ and 7 are scalar weights controlling the trade-off between (1) oversampling
stability, (2) class balance, and (3) demographic balance.

* ka, kg, ks denote the number of categories for gender, ethnicity, and age,
respectively. The factors %, é, and é normalize the demographic terms.

Minimizing h(n,) like MLOPT yields oversampling rates that simultaneously (1)
reduce class imbalance, (2) align demographic proportions with specified targets,
and (3) avoid replicating only a handful of rare cases. The result is a dataset that is
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not only more balanced in terms of labels, but also more demographically equitable

for downstream training.

Summary of Key Results

The proposed balancing framework was evaluated in two settings: (1) class im-
balance reduction for multi-label data (MLOPT) and (2) joint balancing of class
labels and demographic attributes (MLOPT-Ext). Additional quantitative results are
provided in Appendix A.

Unless stated otherwise, learning setups, architectures, evaluation frameworks,
metrics, and datasets follow Tables 2.5-3.1.

MLOPT: Superior to Competitive Algorithms on Benchmark
Datasets

MLOPT was compared to established oversampling strategies (LPROS, MLROS) on
standard multi-label benchmark datasets that are not specific to FER. The experi-
ments are presented in Sections A.2 and A.3 in Appendix A.

The comparison controlled for differences in constraints: MLOPT was run with
repetition bounds, and LPROS/MLROS with percentage-based oversampling limits,
chosen to be equivalent in effect. In addition, all methods were evaluated under
their preferred objectives.

Main findings:

* Lower imbalance across all datasets. MLOPT consistently achieved the low-
est MeanlR, indicating flatter label-set distributions and reduced dominance
of frequent combinations.

* Robust under dataset artefacts. MLOPT remained operational where base-
lines failed, such as cases where LPROS assumes a certain imbalance structure
that does not hold, or MLROS cannot handle missing labels. This demonstrates
higher practical robustness.

* Objective choice matters. L.2-based objectives produced the strongest overall
balancing, yielding more uniform label-set frequencies and improved MeanlR,

even when MeanIR was not the explicit target.
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5.3.3

MLOPT: Improved DNN Performance for In-the-wild AU
Detection [P6]

The original MLOPT setting was applied to facial AU detection in-the-wild, as
reported in [P6] (Rieger et al., ).
Main findings:

* Competitive leaderboard result. A parameter-reduced ResNet-18 (ResNet18-
112, Section 2.3.2) trained on MLOPT-balanced data achieved third place
in the AU challenge of the Affective Behavior Analysis in the Wild (ABAW)
challenge at the Face and Gesture (FG) conference (Kollias et al., ).

* Better in-the-wild generalization. On Aff-Wild2 validation and test sets,
the balanced and augmented training data led to higher macro-F1 scores,
improved detection of underrepresented AUs, and smaller validation—test
performance gaps. The reduced gap indicates better generalization to unseen
subjects and conditions.

MLOPT-Ext: Simultaneous Class and Demographic Balancing

MLOPT-Ext was evaluated on a facial affect dataset with associated demographic an-
notations (BP4D, Section 3.2). The results are presented in the Appendix Section A.3.
The goal was to balance (1) AU label distributions and (2) subject demographics
(gender, ethnicity, age) at the same time.

Main findings:

* No fairness term (n = 0): AU balance improves but demographic skew
remains largely unchanged: the optimizer focuses only on AU coverage and
ignores demographics when not penalized.

* With fairness term (1 > 0): Demographic balance improves substantially
without collapsing AU diversity. So, the dataset can be steered toward both
goals.

* L1 works best for demographics. An L1 distance in the demographic compo-
nent yields lower imbalance and spread across gender/ethnicity/age, while
also improving AU MeanlR.

* Best joint setting. Moderate n with a balanced trade-off between AU and
demographic terms achieves the strongest combined outcome.

These results demonstrate demonstrates that fairness constrains can be directly
enforced at the data-preparation stage, providing a strong foundation for training
more equitable models.

5.3 Summary of Key Results
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Summary and Discussion

The research question RQ2: How can multi-label datasets be balanced across multiple
objectives in a way that remains suitable for training deep neural networks? was ad-
dressed through the design of two algorithms: MLOPT and its extension MLOPT-Ext.
Label-set-level balancing for realism and control: MLOPT is tailored to multi-
label data and operates at the level of unique label-sets (i.e., distinct co-occurrence
patterns of labels). Instead of oversampling individual classes independently, it opti-
mizes how often each label-set should appear in the final training set. This preserves
realistic co-occurrences and prevents oversampling of a single rare combination. To
remain suitable for deep learning, MLOPT enforces an upper bound on repetition
via a multiplicative limit . This bound restricts how often any label-set may be
cloned and therefore limits overfitting due to aggressive augmentation of a few rare
samples. As a result, MLOPT reduces imbalance without sacrificing variability, and
supports better generalization in downstream neural networks.

Multi-objective extension for fairness-aware datasets: MLOPT-Ext generalizes
this idea to multiple, potentially competing objectives. In addition to balancing
task-relevant labels (e.g., AUs), MLOPT-Ext can simultaneously balance subject-level
metadata such as gender, ethnicity, and age. This enables dataset construction
that accounts not only for task performance but also for fairness. The scalarized
objective function formalizes this by assigning explicit weights to task balance and
demographic balance, making both targets optimizable and measurable.
Hyperparameters and practical workflow: The method depends on several hyper-
parameters. The weight A\ controls how strongly the algorithm enforces the desired
task label distribution. The weight n controls how strongly demographic balance is
enforced. The bound r controls how aggressively rare label-sets may be replicated.
Careful tuning of these parameters is important for a given dataset. However, this
tuning is performed once at the dataset level. After a balanced version of the dataset
has been generated, that dataset can be reused to train different deep neural network
architectures without repeating the balancing procedure. This makes the approach
practical for model development and for later deployment.

Applicability: The applicability of MLOPT(-Ext) is broad. It can be used with multi-
label data beyond FER, and it remains effective even under severe label imbalance
or incomplete annotations. At the same time, performance depends on the structure
of the dataset: highly skewed label distributions, missing metadata, or extremely
sparse co-occurrences can make the optimization problem harder and may require
different hyperparameter settings.

Chapter 5 Multi-Label Data Balancing: MLOPT and MLOPT-Ext [P6]



6.1

Knowledge-Informed Model
Training: CorrLoss and
FMC-Net [P4, P7]

This chapter addresses RQ3: How can relationships between classes and tasks be
enforced during training?

The scientific contributions, visualizations, and results discussed in this chapter
are derived from my publications [P4] (Rieger et al., ) and [P7] (Rieger et al.,
).

This chapter introduces a training-time constraint. The central idea is to aug-
ment standard supervised losses with a regularizer that penalizes deviations from
target correlation structure. Two sources of domain knowledge are encoded: (1)
AU-AU co-activation patterns and (2) AU-FE associations reflecting the hierarchical
relation between AUs and categorical FEs. Target correlations can be derived from
empirical statistics or from established FACS-based priors. Within this unified view,
CorrLoss [P4] is the single-task instantiation that constrains AU-AU structure during
AU detection. FMC-Net [P7] generalizes the constraint to multi-task learning by en-
forcing AU«+FE consistency (and optionally AU-AU) during training. Inference-time
refinements in FMC-Net with rule-based fuzzy logic and an risk-aware ensemble
are presented separately in Chapter 7. This chapter begins with a positioning
of my contributions, followed by a brief summary of the unified algorithm and
a summary of the empirical results demonstrating improved robustness, reduced
task interference and better generalization in both single-task and multi-task settings.

This chapter incorporates domain knowledge in the form of AU co-occurrences
(Section 2.2.2) and the concept of hierarchical task relationships (Section 2.2.3).

Motivation and Related Work

While data-centric measures (Chapter 5) address imbalance and bias, the model
training objective is a direct lever for improving robustness and adaptability in FER.
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The FACS (Ekman and Friesen, ) defines AUs as muscular primitives underlying
basic emotions (Friesen, Ekman, et al., ) and finer-grained expressions (Kunz
and Lautenbacher, ; Hassan et al., ; Shao et al., ). Two regularities
are especially useful during training: (1) AU-AU co-activation patterns (physiology-
informed co-occurrence, see Section 2.2.2) and (2) AU-FE associations linking
AUs to categorical facial expressions (hierarchical task relations, see Section 2.2.3).
These target correlations provide principled signals to reduce brittleness in purely

data-driven models (Cui et al., ; Yang et al., ; Dash et al., ; Li and
Shan, ). Both correlation types are expected to generalize beyond a single
dataset.

Human-centered and interactive ML argue for inspectable, steerable models (Shnei-
derman, ; Holzinger, ). In FER, existing systems often adapt interfaces or
lexicons (Alipour et al., ; Gamage et al., ) rather than the models internal
variables. Binding domain knowledge to AUs such as in the FMC-Net [P7] (Rieger
et al., ) can shape learned representations and thereby support both robustness
and controlled, interpretable adaptation.

To shape the models internal variables, structured knowledge has been injected via
hypothesis spaces (knowledge graphs, Bayesian relations) for AU and AU—FE de-

pendencies (Li et al., ; Song et al., ; Cui et al., ), and via patch-level
or multi-label learning to capture correlations (Corneanu et al., ; Zhao et al.,
). Unlike existing methods, CorrLoss [P4] (Rieger et al., ) enforces target

correlations directly via the loss.

Correlation coefficients (PCC/CCC) are common for evaluation or auxiliary de-

sign (Ringeval et al., ; Atmaja and Akagi, ; Song et al., ). CorrLoss

[P4] (Rieger et al., ) advances this by introducing a correlation-discrepancy

term as a differentiable training regularizer that enforces AU-AU structure, capturing

probabilistic relationships and improving cross-dataset robustness.

Multi-task learning (MTL) uses a shared representations for AU and FE (Zhang et al.,
; Zhang et al., ), but can suffer negative transfer (performance drop)

without explicit alignment. Addressing this, FMC-Net [P7] (Rieger et al., )

extends CorrLoss by enforcing inter-task AU«++FE consistency, providing a direct,

tunable constraint for joint training.

For a detailed discussion of prior work, see the related work sections of [P4] and [P7].

General Methodology

This section introduces the general methodology for correlation-informed training as
a unified approach derived from [P4] (Rieger et al., ) and [P7] (Rieger et al.,

Chapter 6 Knowledge-Informed Model Training: CorrLoss and FMC-Net [P4,
P7]



).
This work introduces a general methodology for injecting domain structure into train-
ing by penalizing discrepancies between predicted and target correlation patterns.
Two cases are considered:

1. AU-AU structure for single-task AU detection (CorrLoss, [P4]), where Fig-
ure 6.1 gives an intuition for the AU-AU constraint on happy FEs.

2. AU+FE structure for joint AU and FER (FMC-Net, [P7]), where Figure 6.2
illustrates this constraint-guided multi-task training in FMC-Net. Inference-
time components (fuzzy logic and the ensemble) of the FMC-Net are described
in Chapter 7.

6.2.1 Correlation Constraints

The regularization term is introduced as part of the loss function during the training.
For a batch of size B with A (AU) and F' (FE) classes, the network outputs Y ¢
RE*4 (sigmoid) and Y &) € RBXF (softmax). The supervised losses are the binary
cross-entropy L, (AUs) and the categorical cross-entropy Ly (FEs). They are
averaged over the training batch.

Batchwise correlation matrices Cqp or Cy4 are computed column-wise across
samples using correlation coefficients (see Section 2.4.3):

Car = cort(YWD YY)y e RF - Ty = cor(Y M), YW g RAXA, (6.1)

Given pre-defined target matrices C% » (AU-FE) and C , (AU-AU), p-norm discrep-
ancies are defined over unique AU-AU pairs and all AU-FE pairs

| A F 1/p
Riask = (AF > Z Carla, f] — C% pla, f”p) , (6.2)
5 1/p
Ri=|-—"— Caala, b — C%4la,bl[P ] . 6.3
4 (A(A—l) 1§§§A| aala,b] = Chala, b ) (6.3)

with p € {1,2}. Here, Ry denotes the regularization term for AU-FE and Ra
the term for AU-AU. The target correlation may be derived from training data,
transferred from an auxiliary corpus, or specified from FACS-based priors.

6.2 General Methodology
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6.3.1
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The task supervision and regularization term are optimized via
I~/ = (1 - Oé)(LF + LA) + a(Rtask + ’YRA)7 o 2 O? ’Y € {07 1} (64)

Here, the hyperparameter « controls the overall strength of the structural regulariza-
tion, while the binary flag v allows the model to enforce only inter-task consistency
(v = 0) or both inter- and intra-task structure simultaneously (y = 1).

Single-task case (CorrLoss). For AU detection alone (Lr = 0 and no AU-FE term),
Lau =L+ aRa, (6.5)

which encourages physiologically plausible AU co-activations.

Interpretation. Minimizing these penalties reduces the discrepancy between the
correlation structure between the predictions and the targets, aligning learned
representations with facial muscle behavior (AU-AU) and the hierarchical AU—FE
mapping in multi-task training.

Summary of Key Results

The empirical results from publications [P4] and [P7] validate the effectiveness of
the correlation-informed regularization framework in both single-task and multi-task
settings. Across settings, enforcing target correlation structure reduced variance,
mitigated overfitting, and improved generalization.

Unless stated otherwise, learning setups, architectures, evaluation frameworks,
metrics, and datasets follow Tables 2.5-3.1.

CorrLoss: AU-AU Constraint Improves Performance and
Generalizability in AU Detection [P4]

CorrLoss augments AU detection with an AU-AU correlation discrepancy term
computed batchwise from predictions in this experiment. Models were trained either
on lab or in-the-wild datasets and evaluated both within-dataset and cross-dataset
to assess transfer.

Main findings:

Chapter 6 Knowledge-Informed Model Training: CorrLoss and FMC-Net [P4,
P7]



6.3.2

* Within-dataset: modest but consistent mean improvements in AU metrics,
accompanied by notable variance reduction across folds; training curves indi-
cated reduced overfitting.

* Cross-dataset: higher mean performance and lower variance, indicating
improved transfer when AU co-activation structure is enforced during training.

* Complementarity with balancing: combining CorrLoss with MLOPT ([P6])
further improved results on two of three training datasets, suggesting that
distributional rebalancing and structural regularization result in different error
modes.

The results show that penalizing deviations from AU co-activation targets promotes
representations that respect stable physiological co-occurrences, showing more
robust behavior under dataset shift while preserving (and sometimes improving)
in-distribution accuracy.

FMC-Net: AU«FE Constraint Improves Performance for Joint
AU-FE Prediction [P7]

FMC-Net extends correlation-informed training to multi-task learning by enforcing
AU+FE consistency (with an optional AU-AU term). Across the evaluated settings,
the constraints improved the combined performance (AUr; + F Er1)/2 and reduced
variability across folds compared to unconstrained baselines.

Main findings:

* Mean and stability. Variants using the Pearson correlation with L2 (PCC+ L2)
most often achieved the highest mean combined scores, whereas Concordance-
based variants with L2 (CCC+ L2) tended to yield the lowest standard devi-
ations across folds, i.e., more stable performance. The inter-task constraint
(Rasx) alone delivered consistent gains, while adding the intra-task AU term
(Rpotn) further improved stability.

* In-the-wild robustness. On in-the-wild evaluation, Ry (PCC+ L2) produced
substantial gains for FE with low dispersion, indicating that jointly aligning
AU-FE and AU-AU structure stabilizes learning under real-world variability.

* Task asymmetry. Improvements were larger and more consistent for FE
than for AU (AU improved in most but not all settings), consistent with the
hypothesis that anatomically grounded AUs provide a useful inductive bias for

FE recognition.

6.3 Summary of Key Results
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When accuracy is prioritized, PCC+ L2 with Ry, (or Rpom) is preferred, whereas
when reliability across subjects is critical, CCC+ L2 variants provide lower dispersion
with competitive means. Overall, explicit AU+FE consistency reduces negative
transfer in multi-task FER while improving both average performance and stability.

Summary and Discussion

This work addresses RQ3. How can relationships between classes and tasks be en-
forced during training? by introducing correlation-informed regularization CorrLoss
for AU-AU structure in single-task AU detection and a task-constraint for AU+FE
consistency within FMC-Net for multi-task learning.

Effectiveness and stability: Embedding correlation targets into the loss improved ro-
bustness and generalization beyond cross-entropy alone. For AU detection, CorrLoss
reduced fold-to-fold variance and improved cross-dataset transfer. Furthermore,
it indicated mitigation of overfitting via structure consistent with physiological co-
activations. In multi-task settings, the task-constraint aligned AU and FE heads,
reduced negative transfer, and increased the combined score (AUp; + FEp1)/2.
Mean-variance analyzes showed a useful trade-off: PCC+ L2 variants most often
yielded the highest means, while CCC+ L2 variants tended to exhibit lower standard
deviations across subject-dependent folds (i.e., greater stability). Adding AU-AU to
AU+FE (Rpom) further stabilized performance in settings with higher label noise or
distribution shift.

Interpretation: Penalizing discrepancies between predicted and target correlations
constitutes an explicit inductive bias that grounds domain knowledge in internal
variables (AUs, FEs). The constraint encourages features that respect non-additive
AU relations and the hierarchical AU—FE mapping, thereby improving transfer
without relying solely on data rebalancing. The larger and more consistent gains for
FE than AU suggest that anatomically grounded AUs provide informative guidance
for FE recognition in multi-task training.

Design choices and tuning: Targets can be derived from empirical training statis-
tics, transferred from representative corpora, or specified via FACS-based priors.
The weighting « governs the strength of knowledge injection; appropriate selection
on validation data is critical for managing the bias—variance trade-off. In practice,
PCC+ L2 is preferable when peak mean performance is prioritized; CCC+ L2 is ad-
vantageous when reliability across subjects (low dispersion) is essential. The AU-AU
term is most beneficial when AU labels are noisy or imbalanced, complementing the
inter-task constraint.

Scope, limitations, and adaptability: Batchwise correlation estimates provide a

Chapter 6 Knowledge-Informed Model Training: CorrLoss and FMC-Net [P4,
P7]



lightweight, differentiable mechanism but remain sensitive to small batch statistics
and to misspecified targets; consequently, o and target provenance require scrutiny.
The explicit form of the constraints, however, enables controlled adaptation and
transparency: updating the target matrices offers a symbol-grounded way to tailor
behavior to dataset shifts or application norms without architectural changes.
Broader applicability: Correlation-informed constraints generalize to tasks with
probabilistic or hierarchical dependencies. Within affect recognition, extensions
include constraints for appraisal dimensions (e.g., valence/novelty/control), pain
or depression indicators expressible via AU constellations, or FE-FE relations in
compound emotions. Beyond FER, analogous formulations apply to hierarchical
image classification, multi-label industrial inspection, or multimodal diagnostics
where symptom/task relations are known. Overall, correlation-informed regulariza-
tion offers a compact, adaptable mechanism to inject domain structure, improving
average performance, stability, and interpretability in settings with limited or biased
data.

6.4 Summary and Discussion
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(a).: Happy face example from

(Seuss et al., 2019).

(b).: Target AU correlations for

happiness. There is eye brow
movement (AU 1-2), cheek
raising and lid tightening (AU
6-7), and mouth movements
that extend also to the cheek
and chin (AU 12-24).
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(c).: Predicted correlations when

trained with binary crossen-
tropy (BCE) only.
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: Predicted correlations with

BCE + CorrLoss. This matrix
is more similar to the target
correlation compared to when
only trained with BCE.

Fig. 6.1.: CorrLoss (d) brings predicted AU-AU correlations closer to target correlations (b)

(adapted from [P4] (Rieger et al., 2022)). This is calculated for the FE happy on

the BP4D dataset.

Data x~Xtrqin  Multi-Task CNN ql

or

ResNet50

task-constraints
in loss function

Fig. 6.2.: Constraint-guided training in FMC-Net for emotion recognition: a multi-task CNN

predicts AUs and FEs while a differentiable term encodes AU-FE relationships to
regularize shared representations. Adapted from [P7] (Rieger et al., 2025).

Chapter 6 Knowledge-Informed Model Training: CorrLoss and FMC-Net [P4,

P7]



7.1

Rule- and Model-Based
Ensemble for Transparent
Inference: FMC-Net [P7]

This chapter addresses RQ4: How can an expert-informed ensemble be designed for
facial expression recognition?

The scientific contributions, visualizations, and results discussed in this chapter
are derived from my publication [P7] (Rieger et al., ).

Building on the training-time constraints of Chapter 6, the facial movement con-
straint network (FMC-Net) is extended at inference with a second, complementary
layer of human guidance: a rule-model ensemble. The ensemble combines (1) a
model-based FE prediction from the multi-task CNN and (2) a fuzzy rule-based FE
prediction obtained by mapping AU probabilities to emotions via editable AU—FE
rules. This serves three purposes. First, it improves performance by using comple-
mentary error profiles of the symbolic and neural pathways. Second, it enables
disagreement-based risk quantification: differences between the two predictors yield
an interpretable signal suitable for selective prediction and post-deployment moni-
toring. Third, the rule pathway provides user-editable logic, supporting transparent,
domain-informed adaptation without retraining.

This chapter incorporates domain knowledge in the form of hierarchical task rela-
tionships expressed as logic rules for mapping AUs to emotions (see Table 2.4 in
Section 2.2.3).

Motivation and Related Work

Mapping AUs to higher-level FEs has long used rule-based formulations, from statis-
tical relations and templates (Velusamy et al., ) to Boolean rules derived from
psychology (Valstar and Pantic, ; Ruiz et al., ; Seuss et al., ). Such
approaches provide structure but are often fixed or opaque to end users. To inter-
face symbolic knowledge with continuous DNN outputs, fuzzy logic offers graded
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Fig. 7.1.: FMC-Net inference with a rule-model ensemble. AU probabilities from the AU
head are mapped to emotions by a fuzzy, user-editable AU-to-FE rule layer, while
a parallel CNN head provides model-based emotion predictions. The ensemble
combines both sources to produce the final decision and an interpretable risk
score based on their disagreement. Adapted from [P7] (Rieger et al., ).

memberships and t-norm operators (Hdjek et al., ), enabling differentiable or
modular integration with deep predictors (Badreddine et al., ). Recent applica-
tions include concept verification in vision (Schwalbe et al., ) and refinement
of pseudo-labels (Liang et al., ). FMC-Net builds on this idea to provide a
transparent, user-editable AU—FE pathway grounded in FACS-based rules.
Ensembles are widely used to improve robustness by aggregating complementary
predictors (Lakshminarayanan et al., ; Gawlikowski et al., ), including
in FER (Zhang et al., ; Pons and Masip, ). Beyond averaging, the dis-
agreement between heterogeneous predictors can serve as an actionable risk signal:
when a symbolic, rule-guided pathway and a neural pathway diverge, the conflict
localizes potential failure modes to specific AU rule activations, supporting selective
prediction and post-deployment monitoring.

FMC-Nets ensemble ([P7] (Rieger et al., )) instantiates these principles by
combining (1) a model-based FE prediction from a multi-task CNN and (2) a fuzzy
rule-based FE prediction driven by AU probabilities and editable AU—FE rules. The
rule pathway confers transparency and editability; the neural pathway contributes
data-driven generalization. Their agreement provides confidence calibration, and
their disagreement yields an interpretable risk cue. This design addresses limits
of purely data-driven systems—lack of case-wise rationale and limited post-hoc
controllability, while avoiding brittleness of purely rule-based systems through com-
plementary model evidence.

General Methodology

This section outlines FMC-Net’s inference-time components (Figure 7.1): a fuzzy
AU—FE mapper and a rule-model ensemble with a disagreement-based risk signal.

Chapter 7 Rule- and Model-Based Ensemble for Transparent Inference:
FMC-Net [P7]



7.2.1 Fuzzy AU—FE Mapping (Rule-Based Inference)

Let a € [0,1]4 denote AU probabilities from the AU head. AU-FE relations are
encoded as differentiable fuzzy formulas. Product fuzzy logic (Hajek et al., ) is
used with

fuzzy-AND (z,y) = xy, fuzzy-OR (z,y) = + y — xy,

applied to AU literals. For each emotion f € {1,..., F'} araw rule score sy(a) € [0, 1]
is obtained by composing these operators over the rule’s AU terms. Raw scores are
converted to a probability vector by ¢1-normalization:

S —
Prae(f) = Ff ) Prule € AR
Zg:l 59

This yields a transparent, user-editable FE predictor. Product fuzzy logic is compati-
ble with continuous model outputs such as from AUs (Badreddine et al., ).

7.2.2 Rule—Model Ensemble and Disagreement-Based Risk

Let pmodel € AP ! be the FE distribution from the CNN head (softmax). The
ensemble forms a convex mixture

Pens = (1 - 77) DPmodel T 7 Prules ne [07 1]7

with default n = % The predicted class is arg max ¢ pens(f)-

Disagreement-based risk signal. This is operationalized as the divergence between
the neural and rule predictions:

F

d(f) = ’pmodel(f) - prule(f) ’7 Sinst = % Z d(f) € [07 1]'
F=1

Here, singt is the total variation distance between pyode1 and prye, Where higher
values indicate stronger rule-model disagreement. Selective prediction could accept
a decision when s, < 7 (determined threshold). For analysis, the per-class terms
d(f) localize conflicts to specific AU rules without introducing an additional scalar.
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7.3 Summary of Key Results: Increasing Robustness
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and Interpretability for Emotion Recognition [P7]

The ensemble layer of FMC-Net, combining a fuzzy AU-to-FE rule head with a neural
FE head, improves robustness and transparency across within- and cross-dataset
settings. The fused predictor yields more stable performance than either component
alone, while the rule-model disagreement provides an interpretable, deployable risk
signal for selective prediction and post-deployment monitoring.

Unless stated otherwise, learning setups, architectures, evaluation frameworks,
metrics, and datasets follow Tables 2.5-3.1.

Main findings:

* Fuzzy rules over AU probabilities outperform Boolean rules. Using Prod-
uct fuzzy logic on continuous AU outputs yields higher and more stable FE
performance than Boolean formulations, while remaining transparent and
editable.

* Effects are class-dependent Stricter rules with multiple, complex AU combi-
nations (e.g., for fear) are more prone to failure than simpler rules, suggesting
they may require expert refinement.

* Training-time task constraints strengthen the rule pathway. When the
AU head is trained with the correlation-based task constraint, rule-based FE
predictions improve, indicating that better-structured AU outputs transfer to a
more reliable AU—FE mapping.

* Rule-model ensemble improves robustness. Combining rule and model
predictions provides balanced within-dataset performance and competitive
cross-dataset results.

* Disagreement-based risk is actionable. The distributional disagreement
between rule and model correlates with accuracy. This can support selective
prediction and post-deployment monitoring, while remaining interpretable at
the AU-rule level.

 Efficiency and applicability. The multi-task setup solves AU and FE jointly
with modest overhead; rules can be edited without retraining, enabling practi-
cal adaptation and case-wise inspection.

Chapter 7 Rule- and Model-Based Ensemble for Transparent Inference:
FMC-Net [P7]



7.4 Summary and Discussion

This chapter addressed RQ4: How can an expert-informed ensemble be designed for
facial expression recognition? by integrating a fuzzy, rule-based AU—FE pathway with
a neural FE head inside FMC-Net. The resulting rule-model ensemble improves ro-
bustness and transparency across within- and cross-dataset settings, while exposing
an interpretable, deployable risk signal based on rule-model disagreement.
Robustness and transparency: By grounding inference in editable AU-FE rules,
the ensemble preserves a stable, human-readable structure that complements the
data-driven head. The fuzzy rule pathway uses continuous AU probabilities rather
than binarized detections, thereby capturing graded evidence and yielding stronger
and more stable FE predictions than with Boolean logic. The ensemble further
balances complementary error profiles of the two heads and maintains performance
under distribution shift, while providing case-wise rationales via inspected rule
activations.

Actionable reliability signal: Disagreement between the rule and model distribu-
tions tracks accuracy in held-out and cross-dataset evaluation and can serve as a
practical accept/reject criterion for selective prediction and post-deployment moni-
toring. Unlike confidence scores, this signal is semantically attributable: conflicts
can be traced to specific AU rules and updated without retraining, aligning with
human-guided adaptation goals.

Interaction with training-time constraints: The ensemble benefits from correlation-
informed multi-task training (Chapter 6). Structuring the AU head with task con-
straints produces AU probabilities that transfer into more reliable rule-based FE
outputs, reducing the gap between single- and multi-task performance and stabiliz-
ing the ensemble.

Limitations and failure modes: Error propagation from AU detection remains a
risk, particularly for strict or conjunctive rules. Class-dependent effects were ob-
served; for example, fear rules relying on multiple simultaneous AUs proved brittle
and may require softening or context-aware refinement. These findings motivate
small-scale rule audits focused on rare or compositionally complex expressions and,
where appropriate, domain-specific variants.

Efficiency and deployment: The approach adds minimal computational over-
head: a single multi-task model supplies both AU and FE, and the rule pathway
is lightweight. Rules are editable post-deployment, enabling rapid adaptation to
cohort- or application-specific requirements without model retraining.

Scope for generalization: Because the rule pathway consumes AU probabilities
and expresses hierarchical relations, the method extends naturally to additional FER
targets (e.g., appraisal dimensions (Seuss et al., ), compound emotions (Li
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et al., ; Siebers et al., )) and related affective states (e.g., pain (Kunz and
Lautenbacher, ), depression (Gavrilescu and Vizireanu, )), as well as to
other domains with known concept hierarchies. This positions the ensemble as a
reusable pattern for combining symbolic priors with neural inference in settings that
demand robustness, interpretability, and controllable behavior.

Chapter 7 Rule- and Model-Based Ensemble for Transparent Inference:
FMC-Net [P7]



Model Evaluation:
Relevance-Guided Local
Explanations (RelEx) [P1, P2,
P3]

This chapter addresses RQ5: How can the alignment between model predictions and
physiologically plausible Action Unit locations be quantified for model validation?

The scientific contributions, visualizations, and results discussed in this chapter
are derived from my publications [P5] (Rieger et al., ), [P2] (Finzel et al.,
), and [P1] (Rieger, ).

Relevance-Guided Local Explanations (RelEx) is introduced as a post-hoc, domain-
specific evaluation framework that measures whether the evidence used by a model
for an AU decision is concentrated in anatomically plausible facial regions. The
method operates on saliency maps produced by standard gradient- or relevance-
based explainers and aggregates evidence within AU-specific regions derived from
FACS-based localization priors. The resulting alignment scores complement conven-
tional metrics by quantifying spatial validity of the underlying rationale.
Publications [P5] (Rieger et al., ) and [P2] (Finzel et al., ) establish
the RelEx framework and its application to AU classification models. Publication
[P1] (Rieger, ) extends this by using RelEx to evaluate models trained with
correlation-informed constraints (Chapter 6), thereby evaluating whether gains in
generalization coincide with more anatomically aligned explanations. Overall, RelEx
provides a tool for model selection, diagnosis, and reporting when physiological
plausibility is a requirement.

This chapter incorporates domain knowledge in the form of localization of facial
AUs (Section 2.2.1).
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Motivation and Related Work

Deep neural networks in affect recognition remain opaque, which is particularly
problematic in sensitive domains such as healthcare and psychological assessment
where stakeholders require transparent, auditable behavior and justifiable predic-
tions (Schmid, ; Bruckert et al., ). Explainable AI (XAI) has emerged
in response to these demands, offering a variety of techniques that make model
behavior more inspectable, ranging from global abstractions such as rule summaries

and prototype-based characterizations of class structure (Rabold et al., ; Rabold
et al., ) to local methods that account for individual decisions, including coun-
terfactual explanations and other instance-level analyzes (Guidotti, ). Within

computer vision, saliency-based techniques such as Layer-wise Relevance Propa-
gation (LRP) (Bach et al., ) and Grad-CAM (Selvaraju et al., ) highlight
image regions that support a prediction. See background Section 2.4.2 for short
method explanation. Such methods have revealed failure modes where models
appear correct for the wrong reasons, e.g., relying on background watermarks rather
than object features (Lapuschkin et al., ). These methods are therefore widely
used for qualitative debugging, including in AU detection where they help visualize
the facial areas driving a models decision (Zhao et al., ).
The primary limitation that motivates the present contribution is that saliency maps
are effective for visually validating and debugging selected images; however, man-
ually evaluating large numbers of instances becomes impractical. This highlights
the need for systematic and quantitative evaluation approaches. However, existing
quantitative protocols largely emphasise task-agnostic faithfulness of models. For
example, there are approaches for perturbation-based Area Over the Perturbation
Curve (Samek et al., ) or Faithfulness Correlation (Alvarez Melis and Jaakkola,
), which do not integrate domain knowledge.
To address this gap, Relevance-Guided Local Explanations (RelEx) (Rieger et al.,
; Finzel et al., ; Rieger, ) is introduced as a post-hoc, model- and
explainer-agnostic audit that accepts any trained AU detector together with any
saliency method that yields per-image relevance (e.g., LRP, Grad-CAM) and converts
these heatmaps into AU-specific plausibility scores, thereby transforming qualitative
heatmaps into quantitative, class-wise alignment measures suitable for systematic
comparison across architectures, datasets, and training regimes.
A second limitation of saliency techniques is about the fidelity and robustness of
these explainers, i.e. how accurately they reflect the model’s true reasoning and
how stable they are under slight input perturbations (Ali et al., ; Seth and
Sankarapu, ). This does not preclude the use of RelEx, because RelEx remains
agnostic to the particular explanation algorithm, such that fidelity diagnostics can

Chapter 8 Model Evaluation: Relevance-Guided Local Explanations (RelEx)
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and should be applied to the explainer itself, after which RelEx provides a comple-
mentary, task-aware metric that scales beyond manual inspection and anchors model
evaluation in domain anatomy.

General Methodology

This section outlines Relevance-Guided Local Explanations (RelEx), a post-hoc,
model- and explainer-agnostic procedure to quantify whether class-specific saliency
concentrates in physiologically plausible facial regions (Fig. 8.1). RelEx turns
qualitative heatmaps into AU-wise plausibility scores that can be averaged across
images, classes, and splits for systematic comparison of models, training regimes,
and datasets. The RelEx method involves the following steps:

1) Saliency Map

3) Expert
knowledge

4) Calculate p-value
Relevant area for\ to evaluate relevance
AU4 from model R distribution
2) Facial Rinside
Landmarks Havs = R
total

Relevant area for
AU4 from expert
knowledge

Fig. 8.1.: RelEx pipeline. (1) Class-specific saliency map (here: AU4 Brow Lowerer) from
any local explainer. (2) Facial landmarks define facial subregions. (3) Domain
knowledge (AU-localisation) defines AU-specific regions of interest (ROIs). (4)
Quantification: the p-score measures the fraction of relevance inside the ROI.
Adapted from Rieger (2024).

1) Saliency extraction (class-conditional). Given a trained AU detector and a target
AU, image saliency maps are computed with any local explanation method that
produces relevance over pixels (e.g., LRP (Bach et al., 2015), Grad-CAM (Selvaraju
et al., 2017)).

8.2 General Methodology
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2) Landmark-based facial partitioning. Facial landmarks provide a subject-specific
partition of the face into stable subregions. In the publications, SHORE"™ (68 points)
is used to obtain eyes, eyebrows, nose, mouth, and surrounding areas (Section 3.3).

3) AU-specific regions of interest (ROIs). Domain knowledge about AU localisation
(Section 2.2.1) is instantiated as ROIs per AU. Two parametrisations are considered:
(1) coarse bounding boxes (Rieger et al., ) and (2) fine-grained polygons
conforming to facial anatomy (Finzel et al., ). ROIs are applied per image using
the detected landmarks, yielding subject- and pose-adapted masks.

4) Plausibility quantification (u-score). Let Rj.q4e denote the sum of saliency within
the AU ROI and Ry, the total saliency over the face crop. The AU-wise plausibility

score is
Rinside
Rtotal

/"L:

A high p-score indicates that the network’s decision is based on the expected region of
interest and aligns with the expert knowledge. A low p-score means that the network
might be relying on irrelevant or spurious features outside the expected region,
potentially leading to unreliable or biased decisions. This approach is particularly
important in high-stakes domains such as healthcare, where it is important to validate
the decision making of Al models to build trust and ensure system robustness.

Summary of Key Results

This section summarizes how RelEx quantifies local explanations to audit AU models
and training regimes. Across publications, RelEx turns qualitative heatmaps into
AU-specific plausibility scores that reveal when models rely on spurious context
rather than physiologically expected regions.

Unless stated otherwise, learning setups, architectures, evaluation frameworks, met-
rics, and datasets follow Tables 2.5-3.1.

Unraveling Decisions of Trained CNNs for Action Unit
Detection [P2, P5]

RelEx was applied to saliency maps generated with LRP to assess whether relevance
concentrates in AU-specific facial regions.
Main findings:

Chapter 8 Model Evaluation: Relevance-Guided Local Explanations (RelEx)
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* Right-for-the-wrong-reasons effect. Even for correctly predicted AUs, less
than 50% of the positive relevance typically falls inside physiologically ex-
pected AU regions, indicating reliance on contextual or spurious cues despite
high model performance. This underscores that, although these models per-
formed well, their underlying decision-making processes did not consistently
align with established domain knowledge.

* Granularity matters. Moving from coarse bounding boxes ([P5]) to fine-
grained, polygonal AU regions ([P2]) yields more discriminative plausibility
estimates.

* Knowledge quality influences audits. Results remain robust in trend but
depend on the precision of expert-defined AU regions, underscoring the value
of careful, anatomy-based priors.

8.3.2 Effect of Co-occurrence Regularization on Trained Features
for Action Unit Detection [P1]

RelEx is used as an analysis tool to quantify how correlation-informed regulariza-
tion (CorrLoss) changes on what internal features the trained AU models rely on.
Rather than reporting only task performance, RelEx converts Grad-CAM saliency
into AU-specific plausibility measures, allowing to compare models by how well their
relevance aligns with physiologically expected AU regions.

Main findings:

* Higher model performance with more distributed features. CorrLoss(L>)
achieves the highest average F1 on both Actor Study and BP4D while yielding
the lowest average RelEx pu-values across the tested configurations. Since p
measures concentration inside a AU ROI, a lower p here reflects a spread of
relevance into secondary, physiologically implicated areas (co-activated AUS),
consistent with the objective of enforcing AU correlation structure.

* Regularizer choice matters. Both CorrLoss variants alter model features
in comparison to no regularization, but the L, distance yields the strongest
performance gains together with a shift toward broader, multi-region saliency,
indicative of using AU co-occurrence patterns.

* (Class-wise variability. RelEx reveals systematic AU differences (e.g., lower
for AU6/AU7), highlighting that correlation-informed training interacts with
AU-specific anatomy and should be assessed per class.

8.3 Summary of Key Results
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Summary and Discussion

This chapter addressed RQ5: How can the alignment between model predictions and
physiologically plausible Action Unit locations be quantified for model validation? by
introducing and applying Relevance-Guided Local Explanations (RelEx) (Rieger
et al., ; Finzel et al., ). RelEx is a post-hoc, model- and explainer-agnostic
audit that couples saliency maps with domain knowledge on AU localization to
yield quantitative, AU-specific plausibility scores. Beyond auditing baseline models,
RelEx was also used to analyze how correlation-informed regularization (CorrLoss)
reshapes features in trained AU models (Rieger, ), thereby connecting explain-
ability with training-time inductive biases.

What RelEx unravels about accuracy-plausibility gap and effects of CorrLoss
on model features: Across experiments, RelEx reveals a systematic gap between
standard performance metrics and physiologically plausible evidence use: models
with strong performance can still focus substantially outside expected AU regions,
i.e., they can be right for the wrong reasons (Rieger et al., ). RelEx makes
this gap measurable via the u-score rather than relying on visual inspection alone.
When applied to CorrLoss, RelEx further shows that the Lo variant simultaneously
improves predictive performance and distributes relevance more broadly across
co-active facial areas (Rieger, ). This shift away from narrowly localized
cues toward multi-region patterns is consistent with the objective of enforcing AU
co-activation structure and illustrates how training constraints can alter not only
performance but also how models process faces.

Experimental limitations: First, the evaluations in this chapter are computational;
they intentionally exclude user studies. While this enables controlled, large-scale
comparisons across models and explainers, assessing whether RelEx outputs are
useful to clinicians or psychologists remains an important next step. Second, RelEx
builds on post-hoc saliency maps (e.g., LRP, Grad-CAM). Known concerns about
saliency faithfulness and robustness (Adebayo et al., ; Ali et al., ; Seth
and Sankarapu, ) do not prevent RelExs use, since RelEx is explainer-agnostic.
This motivates complementary diagnostics to validate the chosen explainer before
auditing model plausibility.

Scope: RelEx provides a practical, extensible methodology for auditing whether
models base decisions on physiologically meaningful facial regions—information
that standard metrics overlook. By converting qualitative heatmaps into quantitative,
AU-specific alignment scores, RelEx supports model selection, comparison across
training regimes (e.g., with vs. without CorrLoss), and systematic monitoring for
shortcut learning. The approach is architecture-agnostic and transferable to other
domains with localized expert priors (e.g., medical imaging or industrial inspec-
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tion), contributing to more trustworthy and auditable Al in settings where evidence
location matters as much as prediction performance.
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Conclusion and Outlook

RQ1: How can fairness across demographic groups be
measured in facial expression recognition datasets and
trained models?

Method: Demographic metadata annotation [P3]

U DK: Creates demographic metadata

Outcome: i

6. Monitoring and

. 1. Data Understanding
RQ2: How can multi-label datasets be balanced
across multiple objectives in a way that remains
suitable for training deep neural networks?

5. Model CRISP- Method: Optimized multi-label multi-objective
Deployment ML(Q) balancing (MLOPT-Ext) [P6]
U DK: Subject demographic metadata
Outcome: #P #G fF

/1N

3. Machine Learning

4. Model

" Modeling
Evaluation RQ3: How can relationships between classes and
tasks be enforced during training?

. Method: Correlation-informed regularization
RQZ’ 70"";,3’;,”79 3”%”’2”?’3“‘{”7{” (CorrLoss, FMC-Net) [P4, P7]
mo e. pre /c'/ons a‘n p y.SIO ogically U DK: AU co-occurrence, AU «» FE relations
plausible Action Unit locations be o )

utcome: B

quantified for model validation?
Method: Relevance-guided local RQ4: How can an expert-informed ensemble be

explanations (RelEx) [P1, P2, P5] designed for facial expression recognition?
L DK: AU class localization Method: Fuzzy rule-model ensemble (FMC-Net) [P7]
Outcome: 8l U DK: Editable AU— FE rules

Outcome:

Fig. 9.1.: Overview of thesis contributions mapped to CRISP-ML(Q). Each research question
(RQ) is shown with its method, associated publication(s) (P), and the domain
knowledge (DK) (created ¢, injected ©). Arrows indicate improvements per
RQ: Performance (P), Interpretability (I), Robustness (R), Generalizability (G),
Fairness (F).

9.1 Summary of Key Findings

This thesis addresses the overarching research question: How can domain knowledge
be integrated into deep neural networks to improve robustness and interpretability in
facial expression recognition? The five research sub-questions (RQ1-RQ5) are each
treated in their respective chapters, which conclude with chapter-level summaries
and discussions of findings and limitations.

By injecting domain knowledge—demographic metadata, AU co-occurrence struc-
ture, AU-FE task relations, expert logic rules, and AU localization—at multiple
stages of the ML lifecycle (Fig. 9.1), this work introduces and empirically validates
methods that collectively answer the overarching question. Together, these methods
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improve generalization and demographic fairness (robustness), transparency (inter-
pretability), and overall predictive performance, in line with the term boundaries
introduced in Chapter 1. The main contributions and validated outcomes are:

* RQ1 - Dataset/model fairness evaluation with subject metadata annota-

tion. Systematic annotation of subject metadata (ethnicity, age, gender, oc-
clusions) exposed substantial demographic imbalance in widely used FER/AU
datasets and corresponding performance disparities in state-of-the-art models
([P3] (Pahl et al., )). This establishes a quantitative baseline for fairness
assessment and motivates subsequent mitigation.

RQ2 - Multi-label and demographic balancing with MLOPT(-Ext). MLOPT
optimizes unique label-set frequencies under repetition bounds; MLOPT-
Ext jointly balances task labels and demographics via a scalarized objective
([P6] (Rieger et al., )). Across benchmarks, these methods reduce imbal-
ance, remain operational under realistic artefacts, and improve downstream
performance and demographic parity.

RQ3 - Correlation-informed training (CorrLoss) and task constraints.
CorrLoss injects AU-AU structure as a differentiable regularizer and improves
cross-dataset AU detection ([P4] (Rieger et al., )). In FMC-Net, the
idea is generalized to enforce AU« FE consistency during multi-task training,
reducing negative transfer and yielding stronger FER while preserving AU
performance ([P7] (Rieger et al., )).

RQ4 - Expert-informed, interpretable inference via a rule-model ensem-
ble. An editable fuzzy AU—FE pathway is ensembled with the neural FE model
head to combine complementary errors and provide a disagreement-based risk
signal for selective prediction and monitoring. This improves transparency and
practical robustness without retraining when rules are adapted ([P7] (Rieger
et al., )).

RQ5 - Relevance-Guided Local Explanations (RelEx) for model audit.
RelEx is a post-hoc, model- and explainer-agnostic, domain-grounded audit
that converts saliency maps into AU-specific plausibility scores using expert
facial regions ([P5] (Rieger et al., ), [P2] (Finzel et al., )). It reveals
right-for-the-wrong-reasons behavior in strong baselines and characterizes how
CorrLoss reshapes model features toward distributed, co-active facial patterns
([P1] (Rieger, )).
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9.2 Discussion and Outlook

This section provides a high-level discussion and outlook; more detailed discussions
appear in the respective method chapters.

Context and trade-offs: Robustness (Section 1.1.1) and interpretability (Sec-
tion 1.1.2) are not single metrics but context-dependent goals that interact with each
other and with accuracy through well-known trade-offs. Regularization can reduce
variance and improve out-of-distribution behavior, yet it also shifts bias and may
depress performance on particular subgroups or domains if the prior is misaligned.
In this thesis, interpretability is operationalized along two axes at inference time: (1)
structural transparency via rule-based ensembles, and (2) domain-plausible explana-
tion maps via RelEx. Aligning inference with human-defined structure (e.g., fuzzy
rules or AU localization) improves transparency and controllability, but the quality
of this signal is bounded by the quality, completeness, and cultural specificity of
the underlying expert knowledge. A practical path forward is therefore not a single
best setting but an evaluation-driven design loop that balances accuracy, robustness,
fairness, and transparency according to application risk.

Methods across the pipeline: The proposed methods intervene at multiple stages
of the ML lifecycle. Dataset balancing (MLOPT-Ext) operationalizes fairness and
coverage targets before training; correlation-informed objectives (CorrLoss/FMC-
Net) inject structural priors during training; and the rule-model ensemble with
disagreement provides a deployable reliability cue at inference. Finally, RelEx turns
post-hoc explanations into task-aware, quantifiable audits, enabling comparisons
that go beyond performance metrics. Together, these components demonstrate that
domain knowledge (Section 1.2) can be encoded as constraints, priors, and audits
that make performance gains more stable and more accountable.

Overall limitations: While the methods in this thesis show consistent improvements
in robustness and interpretability, they also highlight several structural limitations
that delineate the scope of the approach. First, there is a dependence on the quality
of the domain knowledge, so components that encode priors (balancing targets, cor-
relation structures, rule sets, AU regions) benefit from expert input, but this input is
constrained by its completeness and potential bias. Second, bias—variance trade-offs
remain: correlation-based regularization and dataset rebalancing can improve sta-
bility and generalization on average, yet may reduce performance in subsets where
priors or sampling weights are misaligned. Third, RelEx is explainer-agnostic but
relies on post-hoc saliency whose faithfulness can vary. Its scores should therefore
be interpreted as plausibility indicators rather than causal proof. These limitations
do not invalidate the approach, but they motivate complementary diagnostics (e.g.,
for explainer faithfulness) and context-aware deployment.
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Outlook: Building on these findings, future work can extend this line of research in
several directions. One avenue is to design richer priors, for example by incorporat-
ing temporal and contextual structure, modeling finer-grained AU compositions, and
developing broader rule sets for nuanced or compound affective states. A second
avenue is user-centered validation: pairing computational audits such as RelEx with
expert studies to assess usefulness, trust, and editability, and co-designing interfaces
for inspecting and modifying rules, targets, and constraints. Such studies would
complement the computational perspective of this thesis with direct evidence of
human interpretability and practical utility.

Broader impact: Although the methods were developed for FER, the proposed pat-
tern (data balancing for coverage and fairness, correlation-aware training, rule-model
ensembles for interpretability and deployable risk signals, domain-grounded audits)
transfers to other multi-label or hierarchical domains (e.g., medical imaging, behav-
ioral monitoring, industrial inspection). This aligns with principles of trustworthy Al
and regulatory expectations (e.g., EU Al Act) by making model behavior measurably
robust and transparent, while retaining the flexibility to adapt to differing risk pro-
files and stakeholder needs.

In sum, the thesis demonstrates that integrating domain knowledge across the
pipeline yields systems that are not only more accurate on average, but also more
stable under shift, more inspectable at the point of decision, and more amenable to

governance.
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Additional Results

This section includes additional experimental results for the Chapter 5 that are
currently unpublished but are intended for future publication.

My scientific contributions:

* Developing the experimental design for additional MLOPT experiments in
collaboration with Jaspar Pahl.

* Developing the research concept and experimental design for MLOPT-Ext in
collaboration with Jaspar Pahl. This extension improves upon the MLOPT
class balancing algorithm by including the balancing of subject demographic
metadata.

A.1 Overview of Tabular Benchmark Datasets

Table A.1 provides a brief overview with key characteristics of the datasets utilized
in the additional experiments. The benchmark datasets used in these experiments
cover a diverse range of domains for multi-label classification. These include cal500
(Turnbull et al., ) for music and audio analysis, corel5k (Parham Salar, )
and corell6k (Charte et al., ) as benchmark image datasets, an emotions
(Sarmah and Das, ) dataset for text-based emotion analysis, and genbase
(Zhang et al., ) as a nucleotide sequence database. Additionally, the mediamill
(Snoek et al., ) dataset focuses on semantic concept detection in videos, yeast
(Pal et al., ) on protein function prediction from interaction networks, and
scene (Boutell et al., ) for multi-label scene classification, and bp4d (Zhang
et al., ) as a database for spontaneous 3D dynamic facial expressions. The multi-
label multi-class distribution of these datasets is used for evaluating the balancing
algorithm MLOPT (-Ext).
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Tab. A.1.: Overview of datasets. MeanlR is the average of the imbalance ratios across all

labels.

Dataset Instances Classes Label-Sets MeanIR
cal500 502 174 502 20.5778
corel5k 5000 374 3175 189.5676
corel16k 13,766 153 4803 34.1552
emotions 593 6 27 1.4781
genbase 662 27 32 37.3146
mediamill 43,907 101 3175 256.4047
yeast 2417 14 198 7.1968
scene 2407 6 15 1.2538
bp4d 1,46,346 15 1301 2.715

Comparison of MLOPT with Different Objective
Functions

This section presents a comparative analysis of the MLOPT algorithm when optimized
with different distance terms in the objective function: L1, L2, and Kullback-Leibler
Divergence (KLDIV), under the parameters of A = 0 and bounds = 10. Both L1
and L2 lead to consistent improvements over the original imbalance of the datasets
(Table A.1), as reflected in reduced MeanlIR values. In contrast, optimization with
KLDIV results in higher MeanIR values — exceeding the original imbalance. This
suggests that KLDIV is less effective, or even counterproductive, for the specific goal
of balancing multi-label distributions within the MLOPT framework.

As detailed in Table A.2, using L2 consistently demonstrates superior performance
in terms of MeanlIR across all evaluated datasets. A lower MeanIR value indicates
a more balanced label distribution (see Section 2.4.1). In most instances (cal500,
corel5k, corell16k, genbase, mediamill, yeast), L2 achieves the lowest MeanIR. For
the emotions and scene datasets, L2 ties with L1 for the lowest MeanlIR value.
While the table also reports the final values of each objective function, these are only
meaningful within the context of the respective optimization target. A lower value
indicates better minimization of that specific objective function but does not allow
for direct comparison across different ones. The key insight is the empirical effect of
these optimizations: despite not explicitly minimizing MeanlIR, using the L2 norm
consistently leads to the most favorable MeanIR values. This indicates that L2 is
particularly well-suited for promoting balanced label distributions in the multi-label
setting and serves as a strong default choice for the optimization of MLOPT.
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Tab. A.2.: Comparison of L1, L2, and Kullback-Leibler Divergence (KLDIV). Best values per

dataset are in bold.

b L1 L2 KLDIV

ataset Objective  MeanIR | Objective MeanIR | Objective MeanIR
cal500 9.8x1072  19.82 | 1.7x1072 17.32 | 1.0x10"! 43.63
corel5k 7.0x107%  92.87 | 1.4x107* 78.64 | 1.9x1072 874.63
corell6k | 8.0x10~%  15.52 | 2.0x10* 8.28 | 3.0x1072 160.18
emotions | 2.9x101° 1.00 | 1.7x10715 1.00 | 6.4x102 1.84
genbase 3.4x1072 17.65 | 2.0x107®  4.61 |8.1x1072 47.01
mediamill | 3.3x1072 229.81 | 3.6x10™® 171.80 | 3.2x10~2 701.54
yeast 6.8x1072  4.87 | 8.0x10™®* 3.36 | 7.8x1072 25.25
scene 4.6x10~ 11 1.00 | 3.3x10°1° 1.00 | 1.1x10! 6.34

A.3 Comparison of MLOPT with Competitive
Approaches

This section details additional experimental results, benchmarking the MLOPT
algorithm against two prominent multi-label oversampling balancing algorithms:
LPROS and MLROS, as presented in Table 5.1. The findings are summarized in
Section 5.3.1.

The comparison is structured around two main experimental setups, with MeanIR
serving as the primary metric for evaluating the achieved label distribution balance.
For fairness, MLOPT is optimized separately using the MeanIR and L2 objectives,
as the competitive methods LPROS and MLROS are optimized solely for MeanIR.
All MLOPT experiments are conducted with A\ = 0. The first set of experiments,
presented in Tables A.3 and A.4, explores the algorithms performance when growth
is constrained by bounds. MLOPT utilizes these bounds to define the maximum
permissible repetition of unique label-sets relative to their original count (e.g., up
to 5 or 10 times their original count). In contrast, LPROS and MLROS employ a
percentage increase as their constraint mechanism. LPROS oversamples instances
based on whether they are below the mean. Consequently, this algorithm may
encounter errors with already balanced datasets, such as cal500, where they are
unable to operate. Similarly, in the mediamill dataset, some instances lack true
labels, preventing the MLROS algorithm from functioning correctly.

The second set of experiments investigates performance when a percentage increase
is set, as shown in Tables A.5 and A.6. Here, the percentage increase refers to
the allowed growth of the original dataset for LPROS and MLROS. For MLOPT,
the maximum repetition (bound) is calculated based on the maximum repetition
observed for MLROS under the given percentage increase. The best MeanIR result
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for each dataset across all algorithms in these tables is highlighted in bold.

Across all experimental settings—both with bounded repetition and fixed percentage
increases, MLOPT consistently achieves the best label distribution compared to
LPROS and MLROS, as measured by MeanIR. When comparing the two objective
functions used within MLOPT, the results show that the L2 objective tends to
outperform direct MeanIR optimization in terms of achieving lower MeanlIR values,
particularly under less restrictive constraints, such as higher bounds (e.g., 10) or
percentage increases (e.g., 20%). In these settings, where the algorithm has greater
flexibility to adjust label-set frequencies, the L2 objective more effectively promotes
a flatter and more uniform label distribution, which translates into better MeanIR
scores.

Tab. A.3.: Comparison of competitive algorithms for all datasets with bounds = 5. Metric

is MeanlR.

Datasets MLOPT LPROS MLROS
Name MeanIR ‘ MeanlR L2 MeanlR MeanlR
cal500 20.5778 | 11.890 17.218 - 13.915
corel5k 189.5676 | 60.435 80.044 | 341.962 89.863
corel16k 34.1552 | 11.698 12.416 68.218 22.869
emotions 1.4781 1.022 1.000 1.214 1.392
genbase 37.3146 9.234 8.044 9.335 15.986
mediamill 256.4047 | 81.005 185.928 | 130.598 -
yeast 7.1968 2.705 3.919 3.184 3.605
scene 1.2538 1.019 1.000 1.635 1.208

Tab. A.4.: Comparison of competing algorithms for all datasets with bounds = 10. Metric

is MeanlR.

Datasets MLOPT LPROS MLROS
Name MeanIR | MeanlIR L2 MeanIR MeanlIR
cal500 20.5778 9.179 17.318 - 12.473
corel5k 189.5676 | 32.312 78.640 | 341.962 89.719
corel16k 34.1552 7.927 8.281 68.218 22.934
emotions 1.4781 1.024 1.000 1.214 1.401
genbase 37.3146 | 5.447 4.614 9.335 15.986
mediamill 256.4047 | 52.324 171.798 | 130.598 -
yeast 7.1968 2.756 2.309 3.184 3.582
scene 1.2538 1.012 1.000 1.635 1.220
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Tab. A.5.: Comparison of competing algorithms for all datasets with % increase = 10.
Metric is MeanIR.

Datasets MLOPT LPROS MLROS
Name MeanIR | MeanIR L2 | MeanlR MeanIR
cal500 20.5778 15.469 19.025 - 18.265
corel5k 189.5676 | 45.635 77.898 | 341.962 89.825
corell6k 34.1552 7.939 6.522 95.354 25.178
emotions 1.4781 1.014 1.000 1.696 1.438
genbase 37.3146 9.234 8.128 26.137 16.080
mediamill 256.4047 | 161.914 102.985 | 276.005 -
yeast 7.1968 2.029 1.322 4.148 3.751
scene 1.2538 1.012 1.000 2.178 1.208

Tab. A.6.: Comparison of competing algorithms for all datasets with % increase = 20.
Metric is MeanIR.

Datasets MLOPT LPROS MLROS
Name MeanIR ‘ MeanlR L2 ‘ MeanIR MeanlR
cal500 20.5778 13.267 18.377 - 16.787
corel5k 189.5676 | 41.203 78.640 | 341.962 90.270
corel16k 34.1552 11.205 5.964 95.354 22.982
emotions 1.4781 1.022 1.000 1.507 1.420
genbase 37.3146 9.169 8.044 17.350 16.079
mediamill 256.4047 | 163.411 103.476 | 194.770 -
yeast 7.1968 2.408 1.197 3.920 3.562
scene 1.2538 1.024 1.000 2.000 1.218

A.4 Evaluation of MLOPT-Ext on BP4D

This section reports experiments applying the extended balancing algorithm MLOPT-
Ext on the BP4D dataset. The goal is to jointly mitigate demographic imbalance
(metadata: ethnicity, age, gender) while maintaining a balanced distribution across
selected AUs. An additional parameter, 7, controls the relative weighting of metadata
balancing versus AU balancing. The main findings are summarized in Section 5.3.3.
For these experiments, a specific set of impactful AUs for facial expressions was
utilized: 1, 2, 4, 6, 7, 12, 15, and 17. The dataset was optimized for combinations of
n and A (each in [0, 1]) under both L1 and L2 regularization. All optimization runs
used bounds=10.

The primary outcomes are reported as standard deviations that quantify (1) variabil-
ity across demographic groups (ethnicity, age, gender) and (2) variability across AUs.
Lower values indicate more uniformity with respect to the corresponding attribute.
In addition, MeanlR is reported as a summary indicator of overall class balance.
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Table A.7 summarizes all configurations. Values exceeding the unoptimized baselines
(given in the caption) are underlined to highlight settings that do not improve (or
even degrade) the respective criterion. For readability, we additionally bold, within
each row, the smaller value between the L1 and L2 results for each metric; this
formatting is intended purely as a visual aid for per-metric comparison and should
not be interpreted as a single jointly attainable configuration.

Overall, settings with » = 0.0 tend to yield little improvement for demographic
dispersion. This is expected because 1 = 0 removes the explicit incentive to reduce
disparities in ethnicity, age, and gender, and thus the optimization primarily tar-
gets AU-related balancing. Consequently, several demographic standard deviations
remain near the baseline or become worse (underlined), even when small improve-
ments in other criteria are observed.

Across the explored grid, increasing 1 generally encourages stronger reductions in
metadata dispersion, but these gains may come with trade-offs in other objectives,
most notably the AU standard deviation. This motivates treating the results as a
multi-objective trade-off rather than expecting a single configuration to simultane-
ously minimize all reported quantities.

Empirically, L1 and L2 regularization exhibit different trade-off profiles. L1 fre-
quently achieves very small dispersion values for age and gender (often reaching the
numerical resolution shown in the table), and can also achieve strong reductions
in ethnicity dispersion for larger n and \. In contrast, L2 can yield competitive
(and in some cases substantially lower) ethnicity dispersion at specific settings
(e.g., n = 1.0, = 0.0), and achieves the lowest MeanIR observed in this grid at
n = 0.5, = 0.0. These observations indicate that neither regularizer uniformly
dominates across all objectives; instead, the preferable choice depends on which
criteria are prioritized.

Given the competing nature of AU dispersion and metadata dispersion, a Pareto-
front analysis could be used to summarize the trade-off: one can treat each (n, \)
setting (and each choice of regularizer) as a candidate solution and compare it
under two objectives, e.g., minimizing oay and a scalar metadata dispersion ometa
(such as the mean or maximum over ethnicity, age, and gender). Under such a non-
dominance criterion, multiple configurations would typically remain on the Pareto
front, reflecting that improvements in one objective can require compromises in the
other. Importantly, Table A.7 already indicates that strong improvements are not
confined to a single setting: several configurations with > 0 achieve substantially
reduced metadata dispersion while also maintaining low AU dispersion and MeanIR
values. This suggests that » primarily controls where the method operates along
the AU-metadata trade-off curve, and that there exist multiple practically attractive
operating points depending on the intended application priorities.
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Tab. A.7.: MLOPT-Ext applied on BP4D dataset. Original (unoptimized) standard deviations
are: AU: 0.28155, Ethnicity: 0.3322, Age: 0.1518, Gender: 0.1188. Unoptimized

MeanlIR: 2.715. Values worse than these original values are underlined; for each

row, the better value between L1 and L2 for each attribute is bolded.

L1

L2

n A AUs

Ethnicity Age

Gender MeanIR AUs

Ethnicity Age

Gender MeanIR

0.0 0.0 0.1172 0.3363
0.0 0.1 0.0887 0.3333
0.0 0.2 0.0596 0.3315
0.0 0.3 0.0534 0.3309
0.0 0.4 0.1171 0.3361
0.0 0.5 0.1021 0.3346
0.0 1.0 0.2818 0.3323

0.1678 0.0860 2.821
0.1654 0.0950 2.790
0.1586 0.1012 2.734
0.1553 0.0991 2.712
0.1708 0.0888 2.834
0.1686 0.0930 2.806
0.1519 0.1190 2.715

0.1 0.0 0.0403 0.3280
0.1 0.1 0.0642 0.3283
0.1 0.2 0.0651 0.3283
0.1 0.3 0.1141 0.3263
0.1 0.4 0.1104 0.3259
0.1 0.5 0.1042 0.3231
0.2 0.0 0.0719 0.3212
0.2 0.1 0.0763 0.3184
0.2 0.2 0.0860 0.3164
0.2 0.3 0.0854 0.3110
0.2 0.4 0.0714 0.3001
0.2 0.5 0.1311 0.2954
0.3 0.0 0.0827 0.3082
0.3 0.1 0.1222 0.3063
0.3 0.2 0.1635 0.3122
0.3 0.3 0.1057 0.2804
0.3 0.4 0.1581 0.2861
0.3 0.5 0.1866 0.2776
0.4 0.0 0.1204 0.2961
0.4 0.1 0.1792 0.3076
0.4 0.2 0.1197 0.2633
0.4 0.3 0.1858 0.2853
0.4 0.4 0.1877 0.2542
0.4 0.5 0.2160 0.2037
0.5 0.0 0.1520 0.2844
0.5 0.1 0.1758 0.2832
0.5 0.2 0.1872 0.2697
0.5 0.3 0.1783 0.2224
0.5 0.4 0.2374 0.2068
0.5 0.5 0.3046 0.2814
1.0 0.0 0.3058 0.2715

0.0382 0.0001 2.364
0.0328 0.0000 2.365
0.0147 0.0000 2.366
0.0539 0.0000 2.328
0.0298 0.0000 2.309
0.0001 0.0000 2.258
0.0003 0.0000 2.222
0.0003 0.0000 2.189
0.0002 0.0000 2.169
0.0003 0.0000 2.138
0.0017 0.0017 2.083
0.0003 0.0000 2.036
0.0003 0.0000 2.121
0.0003 0.0001 2.084
0.0003 0.0001 2.131
0.0003 0.0002 1.967
0.0002 0.0000 2.012
0.0002 0.0001 1.994
0.0003 0.0000 2.041
0.0002 0.0000 2.119
0.0003 0.0000 1.914
0.0002 0.0000 2.024
0.0002 0.0000 1.927
0.0002 0.0000 1.870
0.0003 0.0000 2.001
0.0003 0.0001 2.014
0.0002 0.0000 1.970
0.0002 0.0000 1.875
0.0002 0.0000 1.886
0.0003 0.0000 2.315
0.0001 0.0000 2.291

0.0603 0.3312
0.2742 0.3323
0.2782 0.3322
0.2796 0.3322
0.2803 0.3322
0.2807 0.3322
0.2818 0.3323

0.1574 0.1221 2.735
0.1513 0.1167 2.698
0.1516 0.1178 2.706
0.1517 0.1183 2.709
0.1518 0.1185 2.711
0.1518 0.1186 2.712
0.1519 0.1190 2.715

0.0778 0.3023
0.2754 0.3320
0.2787 0.3321
0.2799 0.3321
0.2805 0.3321
0.2809 0.3322
0.0919 0.2798
0.2759 0.3317
0.2790 0.3320
0.2802 0.3320
0.2807 0.3321
0.2811 0.3321
0.1024 0.2623
0.2767 0.3315
0.2795 0.3318
0.2805 0.3320
0.2810 0.3320
0.2813 0.3321
0.1153 0.2500
0.2776 0.3313
0.2799 0.3317
0.2808 0.3319
0.2812 0.3320
0.2814 0.3320
0.1243 0.2368
0.2783 0.3310
0.2803 0.3316
0.2810 0.3318
0.2814 0.3319
0.2816 0.3320
0.3045 0.1351

0.0767 0.0565 2.170
0.1502 0.1161 2.691
0.1510 0.1175 2.703
0.1513 0.1180 2.707
0.1515 0.1183 2.710
0.1516 0.1184 2.711
0.0525 0.0334 2.014
0.1489 0.1151 2.684
0.1503 0.1170 2.699
0.1509 0.1177 2.705
0.1511 0.1180 2.708
0.1513 0.1182 2.710
0.0423 0.0215 1.942
0.1478 0.1144 2.678
0.1498 0.1167 2.697
0.1505 0.1175 2.703
0.1509 0.1179 2.707
0.1511 0.1182 2.709
0.0345 0.0156 1.896
0.1469 0.1138 2.673
0.1493 0.1163 2.694
0.1502 0.1173 2.702
0.1506 0.1177 2.705
0.1509 0.1180 2.708
0.0284 0.0113 1.858
0.1458 0.1131 2.668
0.1488 0.1160 2.691
0.1498 0.1170 2.700
0.1504 0.1176 2.704
0.1507 0.1179 2.707
0.0033 0.0003 2.168
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B.1

Publications

Appendix B lists all publications included in this cumulative dissertation and sum-

marizes my scientific and written contributions to each work.

[P1] Investigating the Impact of Neural Network
Regularization for Affect Recognition through
Quantified Local Explanations

Ines Rieger (2024). “Investigating the Regularization of Deep Neural Networks
for Affect Recognition With Relevance-Guided Local Explanations”. In: Artificial
Intelligence: Methodology, Systems, and Applications: 19th International Conference,
AIMSA 2024. Lecture Notes in Computer Science. Springer, pp. 122-127. DOI:
10.1007/978-3-031-81542-3_10

Authorship and origin: This publication is single-authored. The research idea
originated from a discussion with Christian Ledig.
My scientific contributions:

* Developed the study design to analyze CorrLoss regularization and its effect

on model features using RelEx.
* Implemented the analysis pipeline and conducted all experiments.
* Performed the evaluation and interpreted the results.
My written contributions:

* Wrote and revised the full manuscript.
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[P2] Domain-Specific Evaluation of Visual
Explanations for Application-Grounded Facial
Expression Recognition

Bettina Finzel, Ines Rieger, Simon Kuhn, and Ute Schmid (2023). “Domain-Specific
Evaluation of Visual Explanations for Application-Grounded Facial Expression Recog-
nition”. In: Machine Learning and Knowledge Extraction. CD-MAKE 2023. Lecture
Notes in Computer Science. Springer, pp. 31-44. DOI: 10.1007/978-3-031-40837-
3_3

Authorship and context: The study was conducted as part of Simon Kuhn’s master’s
thesis, co-supervised by Bettina Finzel and myself. The work builds on a research
direction introduced as future work in [P5] (Rieger et al., ).

My scientific contributions:

* Co-developed the research framing with a focus on domain-specific expert
knowledge for evaluating robustness and interpretability. This included the
annotation concept by extending bounding boxes to polygonal representations
for improved AU localization assessment.

* Implemented and trained the AU detection model (VGG-16 based), including
a training strategy for missing labels adapted from Pahl et al. ( ). The
training data was combined from several datasets, including CK+, Actor Study,
Aff-Wild2, BP4D, EmotioNet, and UNBC.

* Provided regular scientific and technical guidance during the thesis work.
My written contributions:
* Wrote Section 3 (materials and methods), excluding the design of Figure 1.

* Co-wrote Section 4 (results and discussion), contributing to the interpretation

of the results and their implications.

* I reviewed and refined the manuscript.
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B.3 [P3] Female, White, 277 Bias Evaluation on Data
and Algorithms for Affect Recognition in Faces

Jaspar Pahl, Ines Rieger, Anna Moller, Thomas Wittenberg, and Ute Schmid (2022).
“Female, white, 27? Bias Evaluation on Data and Algorithms for Affect Recog-
nition in Faces”. In: Proc. of the ACM Conference on Fairness, Accountability,
and Transparency (FAccT). Association for Computing Machinery, 973-987. DOI:
10.1145/3531146.3533159

Authorship and context: Jaspar Pahl and I contributed equally to this work, as
stated in the publication.

My scientific contributions:

* Co-identified the research gap regarding missing demographic attribute anno-
tations in FER benchmark datasets, enabling systematic fairness evaluation.
At the time, testing the fairness of Al models was an emerging research
topic (Chen et al., ).

* Co-designed the annotation objectives and the evaluation protocol; contributed
demographic metadata coding for selected datasets to guide the process.

* Supervised the student assistant Anna Moller during demographic annotation
and model evaluation.

My written contributions:

* Reviewed, revised, and provided detailed feedback on the manuscript draft
prepared during the project.
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[P4] CorrLoss: Integrating Co-occurrence Domain
Knowledge for Affect Recognition

Ines Rieger, Jaspar Pahl, Bettina Finzel, and Ute Schmid (2022). “CorrLoss: Inte-
grating Co-Occurrence Domain Knowledge for Affect Recognition”. In: Proc. of the
26th International Conference on Pattern Recognition (ICPR). IEEE, pp. 798-804. DOTI:
10.1109/ICPR56361.2022.9956319

My scientific contributions:

* Co-developed the central concept with Jaspar Pahl and Bettina Finzel: improv-
ing cross-dataset generalization by integrating AU-AU relationships into the
loss function (CorrLoss). This focus on cross-dataset evaluation reflected a
growing need in facial expression recognition (Ramis et al., ).

* Contributed to the mathematical formulation and implemented CorrLoss in
Python.

* Designed and conducted the experimental evaluation (subject-dependent k-
fold cross-validation, cross-dataset evaluation, and calibration analyses) across

multiple datasets.
My written contributions:

* Served as primary author (approx. 90%): drafted and revised the manuscript,
including introduction, related work, method, results, and discussion; created
all tables and visualizations.

* Integrated feedback from Jaspar Pahl, Bettina Finzel, and Ute Schmid and
finalized the submission.
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B.5 [P5] Verifying Deep Learning-Based Decisions for
Facial Expression Recognition

Ines Rieger, René Kollmann, Bettina Finzel, Dominik Seuss, and Ute Schmid
(2020a). “Verifying Deep Learning-based Decisions for Facial Expression Recog-
nition”. In: Proc. of the 28th European Symposium on Artificial Neural Networks,
Computational Intelligence and Machine Learning (ESANN), pp. 139-144. URL: https:
//www.esann.org/sites/default/files/proceedings/2020/ES2020-49.pdf

My scientific contributions:

* Co-developed the research concept with Bettina Finzel, focusing on quantita-
tive evaluation of AU heatmaps stemming from deep learning models using

domain knowledge on AU localization.

* Performed data preprocessing and model training using a modified ResNet-18
model developed in my masters thesis (Rieger et al., 2019).

* Co-supervised the student assistant René Kollmann, who conducted the heatmap

evaluations.
My written contributions:
* Wrote Sections 2.1 (datasets and preprocessing) and 2.2 (model description).

¢ Co-wrote Section 3.1 (results) with René Kollmann and revised the full

manuscript.
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[P6] Unique Class Group Based Multi-Label
Balancing Optimizer for Action Unit Detection

Ines Rieger, Jaspar Pahl, and Dominik Seuss (2020b). “Unique Class Group Based
Multi-Label Balancing Optimizer for Action Unit Detection”. In: Proc. of the 15th IEEE
International Conference on Automatic Face and Gesture Recognition (FG), Workshop
on Affect Recognition in-the-wild: Uni/Multi-Modal Analysis and VA-AU-Expression
Challenges. TEEE, pp. 619-623. DOI: 10.1109/FG47880.2020.00101

Authorship and context: The MLOPT approach achieved third place in the Af-
fective Behavior Analysis in-the-Wild (ABAW) challenge at the IEEE Conference on
Face and Gesture Recognition 2020 (Kollias et al., ).

My scientific contributions:

* Co-developed the research concept of MLOPT with Jaspar Pahl, targeting
multi-label imbalance in AU detection.

* Contributed to model training using a combined AU training dataset and to
evaluation on the Aff-Wild2 validation set.

* Co-developed the dataset integration framework STRAND with colleagues
to standardize and process heterogeneous annotations across datasets (see
Section 3.3). This approach makes it easy to combine datasets while preserving
the integrity of the original data, streamlining dataset management for large-
scale, multi-dataset projects.

My written contributions:

* Wrote the full manuscript and extended material from the technical challenge
paper (Pahl et al., ).

* Created Figure 1.
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B.7 [P7] FMC-Net: A Human-Guided Deep Learning
Framework for Adaptable and Transparent Facial
Expression Recognition in Real-World Scenarios

Ines Rieger, Jaspar Pahl, and Ute Schmid (2025). “FMC-Net: A Human-Guided
Deep Learning Framework for Adaptable and Transparent Facial Expression Recogni-
tion in Real-World Scenarios”. In: Applied Intelligence 55.18. DOI: 10.1007/s10489-
025-07017-9

My scientific contributions:

* Co-initiated the core idea with Jaspar Pahl: integrating AU-FE task rela-
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