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Abstract

In literature, machine learning models are often trained and tested with datasets
that share similar distributions among their features. The rationale behind this
approach is that these algorithms perform most effectively under these conditions.
However, this approach does not reflect the real world, as data encountered after
deployment in real life hardly follows the distributions of the training data. In
particular, in medical settings, factors such as patient demographics, varying scanner
settings, and missing data can produce previously unseen data distributions, which
may cause incorrect predictions by the machine learning model. These mistakes can
result in catastrophic consequences for patients.

Therefore, we investigate the effectiveness of various augmentation strategies in
mitigating the adverse effects of such distribution shifts. We analyze both state-
of-the-art latent embedding augmentation techniques and the integration of the
Mixture-of-Experts (MoE) framework into the STiL architecture. The STiL archi-
tecture extracts and leverages both modality-specific and modality-shared informa-
tion. Building on this, we integrated the Mixture-of-Experts framework in two vari-
ants: STiL-MoFE, in which classifiers receive a fixed set of inputs, and STiL.-Switch,
in which input tokens are dynamically routed by the gating network. In particular,
our findings indicate that integrating the Mixture-of-Experts framework can lead
to noticeable improvements in performance under distribution shifts, although the
model may exhibit instabilities.

The code associated with this thesis is available on GitHub [1

Thttps://github.com /kgutjahr/STiL-MoE



Abstract

In der Fachliteratur werden Machine-Learning Modelle haufig an Datenséatzen train-
iert und getestet, deren Attribute dhnliche Verteilungen aufweisen. Der Grund fiir
dieses Vorgehen liegt darin, dass diese Algorithmen unter solchen Bedingungen am
effektivsten arbeiten. Dieses Vorgehen spiegelt jedoch nicht die reale Welt wider,
da die Daten, die in der Praxis anfallen, kaum den Verteilungen der Trainingsdaten
entsprechen. Besonders im medizinischen Bereich konnen Faktoren wie Patienten-
demografie, unterschiedliche Scanner-Einstellungen und fehlende Daten zu bisher
unbekannten Datenverteilungen fiithren, die wiederum zu falschen Vorhersagen des
Machine-Learning-Modells fiihren kénnen. Solche Fehler konnen katastrophale Kon-
sequenzen fiir Patient:innen haben.

Daher untersuchen wir die Wirksamkeit verschiedener Augmentierungsstrategien,
um die negativen Auswirkungen solcher Verteilungsverschiebungen abzumildern.
Wir analysieren sowohl Methoden zur Augmentierung latenter Embeddings als auch
die Integration des Mixture-of-Experts (MoE) Frameworks in die STiL-Architektur.
Die STiL-Architektur extrahiert und nutzt sowohl modalspezifische als auch modal-
iibergreifende Informationen. Darauf aufbauend haben wir das Mixture-of-Experts-
Framework in zwei Varianten integriert: STiL-MoFE, bei der die Klassifikatoren
einen festen Satz von Eingaben erhalten, und STil-Switch, bei der die Eingabetoken
dynamisch durch das Gating-Network weitergeleitet werden. Insbesondere zeigen
unsere Ergebnisse, dass die Integration des Mixture-of-Experts-Frameworks zu spiir-
baren Verbesserungen der Leistung bei Verteilungsverschiebungen fithren kann, auch
wenn das Modell dabei Instabilitdten aufweist.

Der zu dieser Arbeit gehorende Code ist auf GitHubE] verfiigbar.

Zhttps://github.com/kgutjahr /STiL-MoE
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1 INTRODUCTION 1

1 Introduction

Humans perceive the world through a diverse set of signals, such as visual sen-
sory, sound, scent, touch, and taste. Information obtained from such heterogeneous
sources or senses can be organized into categories referred to as modalities. These
signals give us complementary cues about different aspects of our environment. As
living beings, humans utilize multiple modalities simultaneously to derive a more
holistic view of the world. For instance, when purchasing a new car, its appear-
ance alone is usually not sufficient to make an informed decision. Other aspects,
such as mileage and fuel efficiency, can also highly influence such decisions, as they
give insight into the car’s condition and upcoming costs. Considering such differ-
ing aspects gives us a multimodal perception and it guides us in various scenarios,
such as decision-making. Consequently, multiple data modalities are also used in
medical settings, including diagnosis. In this context, multimodal data usually in-
cludes medical imaging, such as magnetic resonance imaging (MRI) and computed
tomography (CT), tabular data, such as laboratory results and questionnaires, or
semi-structured or unstructured texts, such as notes Kubben| (2019). For instance,
both imaging data and tabular data are used in the diagnosis of Alzheimer’s disease
(AD) (Bhagwat et al. 2018). In this case, utilizing both modalities is crucial as
examining one modality alone would not provide sufficient information necessary
to create a reliable diagnosis (Huang et al., 2020). MRI images may hold specific
features that are also present in scans of healthy, aging patients (Huang, [2023).
Thus, relying solely on imaging data may result in an inaccurate diagnosis here.
Moreover, tabular data in particular is becoming increasingly popular in the deep
learning literature (Borisov et al., 2024)). In research areas such as medicine, finance
and marketing, it is one of the most prevalent modalities (Shwartz-Ziv and Armon),
2022; Sahakyan et al. [2021). This is due to its ability to hold heterogeneous fea-
tures, such as categorical and numerical ones (Arik and Pfister, 2021)). For instance,
in a medical setting, age and body weight are continuous features, whereas sex and
genome type are categorical. In a marketing context, such as car advertising, at-
tributes like color and fuel type are categorical, while variables such as mileage and
price are continuous. However, this characteristic, along with weaker inter-feature
correlations compared to the strong spatial correlations in image features, makes
processing this modality a challenging task (Borisov et al., |[2024).

Multimodal fusion models (MMFM) are deep learning models designed to leverage
the complementary characteristics of different data sources (Baltrusaitis et al.,|2019).
Their basic structure in the context of image-tabular data is shown in Fig. [1] In
recent years, these models have gained rising interest in different areas, such as
biomedical research (Stahlschmidt et al.; 2022), marketing (Wang et al., 2025al), and
clinical diagnostics, such as Parkinson’s disease (Lv et al. [2024) and Alzheimer’s
disease (Bhagwat et al.| 2018). Particularly, image-tabular MMFMs are becoming
an increasingly important subfield in deep learning literature (Hager et all [2023).
According to |Du et al.| (2024)), together with large medical image-tabular datasets,
such models could help us to better understand human health.
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However, the performance of deep learning models relies heavily on the assumption
that data encountered during deployment is independent and identically distributed
from the data used for training (Shen et al.) [2021). In other words, the model
expects the test data to share the same statistical characteristics as the training data.
Distribution shifts can manifest in various forms, such as covariate shift
Candela et al.,[2009). In covariate shift, the marginal distributions of input features
shifts between the training and test datasets, i.e. P (Zyrain) 7# D (Tiest), while the
conditional distribution of labels given the input features, p (y|z), remains the same.
For example, in a medical setting, the age distribution of two patient groups may
differ, while the relationship between the age and the diagnosis remains the same.
Consequently, the marginal distribution of the diagnosis, p (y), will shift according to
the impact of the shift of p (z). In reality, however, this can happen due to a variety
of reasons. For instance, in a medical setting, differences in patient populations can
affect both tabular and image data. Tabular data usually contains demographic
information, while in image data, anatomical structures, such as organs, may vary
in shape and size (Yoon et al 2024). Additionally, if the scanners are not configured
uniformly, the resulting scans may exhibit different pixel intensity levels, leading to
variations in brightness and contrast (Guan and Liu|, [2022). Furthermore, tabular
data may be affected by errors arising from both human and machine sources. For
example, improperly configured electronic healthcare systems may not accurately
capture relevant information or may even confuse the data of different patients
(Bowman, 2013]).

5
i
[¢)]
o| Classifying | Predicted label:
Color ” Unit Opel Corsa
Mileage
Price

Fuel Type| Petrol

Figure 1: Basic structure of a classifying MMFM using image-tabular data. The
incoming modalities are converted to latent embeddings using modality-specific en-
coders. The resulting embeddings are then used by a classifying unit to create a
prediction.
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If such a dataset shift occurs, even modern classifiers can become biased toward
the training data, leading to confident but erroneous predictions (Tamang et al.,
2025). In a medical setting, such an inaccurate prediction can lead to misdiagnosis
with serious consequences for the patient. For instance, an inaccurate prediction of
whether a patient suffering from mild cognitive impairment (MCI) will be stable or
develop AD will lead to the delay of essential treatment (Moraveji and Mansouri,
2025). Therefore, this work aims to investigate various augmentation strategies
to enhance the robustness of a multimodal image-tabular model against a set of
handcrafted datasets exhibiting distribution shifts.

The examined model in this thesis is the ST%L model developed by [Du et al.| (2025)).
STiL is short for Semi-supervised Tabular-Image Learning, and it employs semi-
supervised learning (Semi-SL) to classify image-tabular data. The objective of this
model is to achieve high performance despite the absence of labeled training data.
In a supervised setting, deep learning models require large amounts of high-quality
labeled data (Jang and Choj 2019). In the context of medical data, this task is
particularly challenging, since labeling often relies on qualified experts performing
manual annotations, which can be both time-consuming and error-prone (Aljuaid
and Anwar} [2022)). Thus, it applies Semi-SL. However, the reason why this model
was chosen is its unique approach of utilizing information from multiple modalities.
The majority of multimodal Semi-SL methods can be classified as either Co-Training
or Co-Regularization methods (Yang et al., 2019). Co-Training (Blum and Mitchell,
1998) utilizes one training algorithm per modality, and each classifier labels unla-
beled samples. The most confident labels are then added to the other classifier’s
training set. On the other hand, Co-Regularization (Brefeld et al., 2006) trains one
training algorithm per modality and aims to minimize their disagreement as much as
possible. However, according to Du et al.| (2025), such methods do not fully utilize
the potential of the information given by the input data.

ot [ Modality-specific
% Information

Wil Modality-shared
Information

Tabular
Information

Image
Information

Figure 2: Visualization of the Information Modality Gap (Du et al., 2025). STiL
focuses on the information gained by image and tabular data.
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Co-Training methods operate under the assumption that each unimodal view is
sufficient to make proper predictions. Conversely, Co-Regularization methods op-
erate under the assumption that task-relevant information is common between the
modalities. This means that these methods only utilize either the modality-specific
or modality-shared information. Du et al.| (2025)) identified this insufficient usage
of information as the Information Modality Gap (illustrated in Fig. and thus
integrated the usage of both types of information into their model. A detailed
explanation of STiL’s architecture and training process is provided in Section [3.2

The datasets used in this thesis are subsets of the Alzheimer’s Disease Neuroimag-
ing Initiative (ADNI) (Mueller et al. 2006 and the Deep Visual Marketing Car
(DVM-Car) (Huang et all [2022) datasets, which are presented in Section [4.1.1]
The use of these datasets enables the investigation of the impact of the examined
augmentation strategies on both medical and natural data. From these datasets,
subsets have been extracted that exhibit data distribution shifts either in both or
in individual modalities. This approach enables the evaluation of the effectiveness
of the augmentation strategies against distribution shifts.

First, we investigate augmentation strategies applied in both the input space and
the latent embedding space. Input space data augmentation is a standard method
for improving robustness to unseen data (Mumuni and Mumuni, [2022). In contrast,
latent embedding space augmentation techniques are an emerging, yet sparsely re-
searched area in the literature (Liu et al, [2023)). Thus, the effect of popular state-of-
the-art methods in this field is examined. However, the results of these experiments
showed that the individual modalities contribute differently to the current classifi-
cation task, leading to higher uncertainty in the respective classifying units. Thus,
the second strategy followed aims to augment the model’s architecture. Here, we
integrate the Mixture of Experts (MoE) framework (Jacobs et al.,[1991). It allows to
dynamically weight the contributions of classifying units inside model architectures,
reflecting their relevance to the current task. This framework is gaining prominence
in literature and is commonly utilized inside transformer-based architectures (Mu
and Lin| 2025). Nevertheless, it has also been applied inside multimodal archi-
tectures in literature, such as the Gemini 2.X family (Comanici et al., |2025) and
Uni-MoE by [Li et al.| (2025). These works report promising performance due to
improved classifier collaboration. Thus, this thesis examines the impact of MoE on
data distribution shifts.

This thesis is structured as follows: Section [2| conveys theoretical background knowl-
edge about MMFMs, data augmentation strategies, and the MoE framework. In
addition to STiL’s architecture, Section [3| also describes the integration of latent
embedding augmentation techniques and the MoE framework into STiL. Section
first presents the created subsets of the datasets that exhibit distribution shifts and
then showcases the results of the experiments. In Section [ the key findings and
the limitations of this work are presented. Finally, Section [6] concludes this thesis.
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2 Theoretical Background

2.1 Multimodal Fusion Models

Learning from multiple modalities is not easy. Data is created by complex systems,
which are controlled by many latent variables that are not directly accessible (Lahat
et al. [2015). An overly simplistic approach to data fusion could possibly result in
the loss of important, task-relevant information. Therefore, MMFMs aim to repli-
cate our multimodal ability to understand the world by transforming data from
multiple modalities into a fused encoding that captures inter-modal relationships
(Zhao et al. [2024). These encodings, also known as embeddings or representa-
tions, are numerical, n-dimensional vectors that act as a concise representation of
the task-relevant information in the data samples (Baltrusaitis et al., 2019). The
resulting set of vectors corresponds to distinct points within an embedding space,
as illustrated in Fig. 3| This representation empowers the model to perform essen-
tial mathematical operations, such as cosine similarity, enabling it to interpret the
semantics of the input data and discern instances of shared characteristics. There-
fore, multimodal models create a shared embedding space from incoming data to
learn both similarities and discrepancies between the differing modalities (Bayoudh
et al., 2022)). MMFMs generate these embeddings using dedicated, often pretrained,
encoders. These encoders are usually smaller deep learning models tailored to each
modality.

21

Table - X

<3

Figure 3: Simplified illustration of multimodal data samples represented by the em-
beddings z, 2, and z3, which are pointing to different coordinates within a three-
dimensional vector space. Vectors representing similar semantic meanings point
towards the same direction, while vectors representing contrary meanings point to-
wards opposite directions. The car images are taken from the DVM-Car dataset
(Huang et al., 2022).
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For example, imaging data can be encoded using ResNet-50 (He et al, 2016), while
tabular data can be encoded using multi layer perceptrons (MLPs) or transformer-
based (Vaswani et al., 2017) encoders. Multiple multimodal models use these ar-
chitectures to generate their embeddings (Hager et al., [2023; Du et al., [2025, [2024;
Radford et all [2021). Later on, these representations can be fused in three ways:
Early-Fusion, Late-Fusion and Hybrid-Fusion (Yang et al., [2022). They are pre-
sented in Fig. ] Early-Fusion combines the embeddings right after they have been
extracted via operations like vector concatenation. Early-Fusion enables learning
from multimodal embeddings from the beginning (Snoek et al. 2005). However,
Martinez and Yannakakis| (2014) argued that this approach does not fully capture
low-level interactions between the modalities, leading to an insufficient understand-
ing of the data. Especially with an increasing amount of modalities, Early-Fusion
struggles to capture these interactions (Atrey et al., 2010). In the Late-Fusion-
paradigm, each modality-embedding will be processed by its own dedicated, task-
performing model and the resulting outputs will be combined. This can be done
using, for example, rule-based methods or linear weighting of the outputs, allowing
a deeper understanding of the individual modalities (Atrey et al., 2010). However, it
does not capture the synergies that arise from multiple modalities interacting with
one another (Yang et al., 2022). Hybrid-Fusion is a combination of both Early-
and Late-Fusion. Similar to Early-Fusion, the embeddings of selected modalities are
merged right before they are passed to a task-performing model, while other modal-
ities are directly processed. At the end, the outputs of all models are combined like
it is done in the Late-Fusion paradigm. This approach allows to exploit the benefits
of both paradigms, although it results in a more complex model (Atrey et al., [2010}
Yang et al., 2022). Many recent methods build on multimodal training paradigms
such as Contrastive Language-Image Pre-training (CLIP) (Radford et al., |2021)),
which aims to align visual and textual representations through contrastive learning.
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Task-performing
Model

Task-performing
Model

Task-performing
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Figure 4: Multimodal Fusion Paradigms (Yang et al., [2022). (a) In Early-Fusion,
the model combines the created embeddings immediately after their extraction. In
the Late-Fusion approach (b), each modality embedding is assigned its own task-
performing deep learning model. Subsequently, the results are integrated. Hybrid-
Fusion (c) is a combination of both approaches.
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Contrastive learning utilizes both similar and dissimilar instances to capture their
differences and similarities (Hu et al., 2024). This has inspired medical adaptations
that pair imaging data with clinical reports for tasks like image retrieval and zero-
shot classification (Zhao et al., [2025). Likewise, BERT-based models (Devlin et al.,
2019) are used to encode text-based modalities such as EHR documentation and
questionnaire responses (AlSaad et al., 2024). However, most MMFMs are data-
hungry, relying on large, well-annotated datasets and assuming that all modalities
are present, which is often unrealistic in practice (Zhan et al., 2025). Recent works
like TIP (Du et al. 2024) aim to address the issue of missing data by randomly
masking the tabular data and subsequently pre-training the MMFM to reconstruct
the missing parts, thereby learning the correlation between table entries. In contrast,
STiL. (Du et al., 2025 is designed specifically to tackle the challenge posed by
sparsely labeled data by employing semi-supervised learning and extracting both
shared and modality-specific representations.

2.2 Data Augmentation

Data augmentation is widely regarded as one of the most essential and broadly
adopted strategies in modern machine learning (Feng et al.| 2021;|Zha et al.| 2025). It
performs various transformations on the training data to generate synthetic samples,
thereby producing a larger and more diverse dataset without the need for labor-
intensive collection of additional real data. This facilitates the ability of machine
learning models to identify the features that are truly relevant, thereby improving
their robustness to minor variations in the data.

Wang et al.| (2025b) defined three levels of granularity on which data augmentation
techniques can operate, namely the single-instance level, the multi-instance level,
and the dataset level. Single-instance level augmentation produces additional data
samples by introducing perturbations, such as noise addition, to individual instances.
As a result, the augmented samples typically occupy positions in the feature space
that are proximate to their corresponding original samples. In contrast, Multi-
instance level augmentation takes multiple data samples into account. This may be
beneficial, since the resulting samples typically lie between the original instances and
thus have the potential to occupy portions of the feature space that remain relatively
unexplored by the original training dataset. Dataset-level augmentations learn the
data distribution of the entire training dataset and then create new data samples
using algorithms like Auto-Encoders (AE) (Li et al., 2023) or Generative Adversarial
Networks (GAN) (Goodfellow et al., 2014). These approaches are especially effective
for mitigating class imbalance, as they enable the generation of additional samples
for underrepresented classes. However, these samples will also lie inside the training
data distribution, since the generative models are trained to replicate samples from
it.

Beyond this taxonomy, data augmentation techniques can also be categorized ac-
cording to the point at which they act, resulting in two main groups: input space
augmentation and latent embedding space augmentation.
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2.2.1 Input Space Augmentation

Input space augmentation techniques transform incoming training data before it is
processed by the model. These techniques are very popular as they are the most
intuitive approach of augmentation (Mumuni and Mumuni, 2022). It allows to trans-
form the data to directly mimic domain-specific variations that happen in real life.
Therefore, libraries such as Albumentation (Buslaev et al., 2020) offer a variety of
methodologies, in this case tailored for images. Each modality has its own set of aug-
mentation techniques. This section focuses on methods for image and tabular data.
For image data, the spatial relationship between pixels is important. Image augmen-
tation techniques can be classified as traditional or advanced (Khalifa et al., 2022;
Mumuni and Mumuni, [2022). Traditional methods are the easiest to implement
and therefore the most commonly used. They can be further divided into geometric
transformations and photometric transformations. A selection of such methods is
shown in Fig. [f] Geometric augmentation techniques apply transformations that
translate the image without altering the original pixel values. This includes meth-
ods such as rotation, flipping, scaling, and translation. These augmentations allow
the model to learn task-relevant features, independent of their initial positioning
and perspective in the original training data. However, these methods could also
potentially remove relevant features in the process. In contrast, photometric image
augmentation techniques generate new data samples by modifying only the pixel
values of the original image.

Horizontal Flip Rotation
Original '
N
s
Brightness Noise
4 / N

Figure 5: Visualization of different image augmentation strategies. On the left, you
can see the original image (taken from the ADNI Dataset (Mueller et al., |2006))).
Horizontal Flip and Rotation are typical examples of geometric image augmenta-
tions, while adjusting brightness and adding noise represent photometric augmen-
tations.
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These methods aim to create diversity in visual characteristics like brightness, sat-
uration, hue and contrast. The main goal here is to mimic variations originating
from differing sensors or environmental conditions. Nevertheless, these transfor-
mations could also render task-relevant features unrecognizable if they are applied
excessively. Advanced techniques encompass more sophisticated approaches, such as
region-based methods like Cutout (Devries and Taylor, |2017)), Image-Mixing (Lewy
and Mandziuk| 2022), and GAN based methods. Region-based methods only al-
ter certain regions, such as arbitrarily selected squares in the image. Image-mixing
techniques involve merging multiple images by applying patches from one image to
another, or blending features from one image to create a composite. These methods
can strengthen a model’s robustness to domain shifts, as they can combine images
originating from different sources. However, this also introduces a risk of label mis-
alignment.

Tabular data, on the other hand, has a different structure than images. It is con-
structed by rows and columns. Each row in the table represents an individual data
sample, while the columns represent data attributes. Thus, the order in which rows
or columns are listed is inconsequential for the data samples contained within the
table. Additionally, tables can hold heterogeneous data such as continuous and cat-
egorical attributes. These characteristics complicate the development of data aug-
mentation techniques for tabular data (Cui et al., 2024). Consequently, augmenting
tabular data by applying it directly to the source is mostly limited to corrupting
individual cells or generating entirely new rows. For instance, Bahri et al.| (2022)
introduced corruption by randomly replacing cells with values drawn from its fea-
tures” marginal distribution. In other words, a value from the same column but
from another row with an uniform distribution is selected. |Yoon et al.| (2020) fol-
lowed a similar approach. First, they created multiple views of their tabular data
by applying different masks to it. Subsequently, a trained encoder processes these
views and attempts to reconstruct the missing values. The recently generated data
samples will then act as the augmented data samples. While the approach is used to
generate individual cells, it is also possible to create entire artificial rows by utilizing
architectures like GANs or AEs (Sauber-Cole and Khoshgoftaar, 2022)). However,
the unique structure of tabular data poses a challenge in this regard. For instance,
categorical variables cannot be recreated as easily as continuous variables by GANs
because their components return continuous values. This is because both types of
components must be differentiable for training (Engelmann and Lessmann| [2021)).
Similarly, variational autoencoders encounter challenges with categorical data due
to the same reason. Additionally, these architectures tend to generate implausible
data samples for underrepresented classes as their embedding spaces tend to collapse
to a limited range (Somvanshi et al. 2024)).

Input augmentation techniques are a powerful tool for increasing dataset diversity.
However, these methods are mainly focused on singular modalities (Liu et al., |[2023)).
As a result, applying them independently to different modalities in an MMFM may
disrupt the semantic alignment of a data sample, as, for instance, an augmented
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image may no longer reflect the features present in its corresponding (un-)augmented
tabular data sample (Hao et al., 2023).

2.2.2 Latent Embedding Space Augmentation

Since MMFMs operate in latent embedding space, augmenting embeddings provides
an alternative to input-level data augmentation (Kumar et al. |2019). According to
Bengio et al.| (2013)) and |Ozair and Bengio| (2014]), this approach may be more ben-
eficial than input space augmentation techniques, as it may provide a higher degree
of freedom. They claim that augmentations at this stage are less likely to generate
data samples with incoherent features that would severely deteriorate model train-
ing. In their work, they analyzed the manifolds of the data at the input and latent
embedding levels. They observed that the manifold at the latent embedding level
was flattened and thus wider than the manifold at the input level. This is illustrated
in Fig. [0l Mathematically, a manifold describes a set of points, with each point hav-
ing a neighborhood around it (Goodfellow et al.. 2016|). This means that one can
apply transformations on a data point to move inside the manifold. The manifold
assumption (Chapelle et al., 2010) posits that high-dimensional data of interest lies
near a low-dimensional manifold embedded in the higher-dimensional space. As
a result, meaningful variations in the data would occur along this manifold, and
nearby points on the manifold correspond to similar data instances. Consequently,
points far from the manifold would be unlikely to correspond to realistic data. Thus,
a broader manifold would offer augmentation techniques additional space for new
data points, which would correspond to realistic input data.

-~ “~
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Figure 6: Visualization of the manifold unfolding effect, documented by Bengio et al.
(2013). The shapes represent the manifold of each class, meaning they represent
the space of coherent samples of that class. The black dots represent augmented
samples containing coherent features, and the gray dots represent samples with
unrealistic features. Their results indicate that the manifolds become less twisted in
the embedding space, occupying more volume and thereby allowing for additional
data samples without unrealistic properties.
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By performing augmentation in the latent embedding space, it becomes possible
to apply transformations that would be inappropriate or semantically destructive
at the input level, yet still generate new samples that remain aligned with their
corresponding target labels. An illustration of this would be interpolation between
images (Ozair and Bengiol 2014). At the input level, this would result in an im-
age that resembles an overlap of the two original samples, creating an artificial and
unnatural appearance. For instance, interpolating between medical images would
result in an image that looks like two patients have been scanned at once. However,
at the latent embedding level, this is a widely known technique. One prominent ex-
ample is SMOTE (Chawla et al., 2002), which is designed to address class imbalance
by generating synthetic samples for underrepresented classes. It achieves this by in-
terpolating between the latent embeddings of two samples belonging to the same
minority class, thereby producing new embeddings and resulting in a more balanced
training dataset. Other approaches use affine transformations, such as rotation,
scaling, and translation, and have been applied to augment the feature maps of
CNNs (Shen et al., 2016]). Similar to input space augmentation, noise perturbation
is a common technique for augmenting latent embeddings. Kurata et al.| (2016)) ap-
plied both additive and multiplicative noise, sampled from an uniform distribution,
to the hidden vectors and memory cells of an encoder-decoder LSTM architecture.
Similarly, |[DeVries and Taylor| (2017) also augmented the latent embeddings of an
LSTM-based sequence AE by applying additive noise, sampled from a Gaussian
distribution. They also tested the effects of interpolation and extrapolation and
found that extrapolation produced better results for datasets with more complex
decision boundaries. More sophisticated methods, such as Neural Style Transfer
(Gatys et al., |2016), aim to generate new data samples by mixing the defining fea-
tures of latent embeddings. A state-of-the-art example in this regard is MixStyle
(Zhou et al.| 2021)). It combines the feature statistics of two data samples.

However, these latent embedding space augmentation techniques are not based on
domain knowledge. Consequently, these techniques may alter or introduce attributes
that are not beneficial for the current task (Mumuni and Mumuni, 2022)). Further-
more, relative to input space augmentation, this remains a sparsely researched area,
despite its potential (Liu et al. 2023)).

2.3 Mixture of Experts

Today, large deep learning models are trained on extensive datasets that include di-
verse data structures, such as multiple modalities, and complex relationships among
them. Learning these correlations is a difficult task. As datasets grow larger and
models become more complex, the training process becomes more demanding, re-
sulting in rising computational costs that can exceed improvements in hardware
performance (Thompson et al., [2020). Furthermore, the hypothesis space of a given
task may exceed the capacity of a single model, potentially resulting in sub-optimal
performance (Dietterich, 2000). One possible approach to address both of these
challenges simultaneously is the Mixture of Experts (MoE) framework. Introduced
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by [Jacobs et al.| (1991)), this approach trains classifiers specialized in different re-
gions of the input space or sub-tasks, activating only relevant parameters for each
input token and thereby increasing model capacity. This framework has been at-
tracting growing interest due to its integration into the transformer architecture
(e.g. GLaM (Du et al., 2022) and Switch Transformers (Fedus et al., [2022))), and
this approach has been adopted in several recent large language models, including
DeepSeek-V2 (DeepSeek-All 2024), Mixtral 8x7B (Jiang et al. 2024), the GPT-oss
family (OpenAl, 2025, and the Gemini 2.X family (Comanici et al., 2025). The
latter of which supports text, vision, and audio.

2.3.1 MOoE Architecture

The MoE framework is comprised of two key components: namely, the experts and
the gating network (Mu and Lin| [2025). The interaction between these compo-
nents is illustrated in Fig. [7] (1) The model includes multiple classification units
{f1, f2, ..., fK}, also referred to as experts, rather than a single classifier. K denotes
the total number of experts present in the framework. Although MoE supports het-
erogeneous experts, in practice, experts often use a shared architecture and training
algorithm, naturally specializing in distinct data clusters through exposure to dif-
ferent inputs (Chen et al., |2022). Typically, they are implemented as small MLPs
comprising two linear layers with a ReL.U-activation layer between them (Cai et al.
2025). The activation of an individual expert is controlled by the gating network
G (Mu and Lin, [2025). (2) The gating network is crucial as it controls the experts’
utilization. Usually, it is implemented as a simple linear layer, followed by a softmax
activation function (Cai et al., 2025). It learns to produce weights G (x) that are
used to compute a weighted sum of the experts’ outputs.

Six)

—— >  Expertf] ‘>®
i 6o |
E : >
X Gate Network —)@ & x)z@ L)é' MoE(x)
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——>  Expert f¢
G(x)k

Figure 7: Basic Mixture-of-Experts Architecture (Mu and Lin, 2025). Here, the
input tokens x are received by the gate GG, which then determines the experts f;
responsible for each token. Additionally, the outputs of the experts are weighted
and then combined using weights G (z) learned by the gating network.
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Therefore, the MoE framework can be mathematically described as follows:

K

MoE (z) = Y G (=), f; (z). (1)

=1

When a gating weight is zero, the corresponding expert does not need to compute
an output, saving computational resources. Depending on the deployed routing
mechanism, it also controls how input data is directed to the experts. The gating
network can decide how many experts may be simultaneously activated to process a
given input token. While each input token is processed by all available experts in the
original setting of |Jacobs et al.| (1991)), |[Shazeer et al.| (2017)) introduced a sparsely
gated version of the MoE framework. Here, the gate routes each input token to only
the top-k experts from a total of K experts. Thus, their sparse gating function is
defined as:

G () = softmax (TopK (g () + Ruovise, k)) s (2)

(3)

V; if v; is in the top k elements of v,

—o00 otherwise.

TopK (v, k), = {

g (x) denotes the gate’s original output before softmax and top-k is applied. If
k = K, the gating function can be considered as dense. All values that are not
selected by the top-k operation are set to —oo, so that they return 0 in the softmax
operation. Additionally, noise, denoted by R,.is, is added to the gate’s original
output. The type of noise sampled varies in literature. For instance, Shazeer et al.
(2017) applied Gaussian noise R,pisc ~ N (0, 1) controlled by the term ¢ (z - Wi,pise ),
with W,,.ise being a trainable parameter. Meanwhile, |Fedus et al.| (2022) applied a
noise sampled from an uniform distribution R,pise ~ U (1 — €, 1 + €) with € = 0.01.
This is applied because the MoE framework may collapse to using only a single
expert during training, as the gating function may be optimized to favor a single
expert. Consequently, the noise encourages the model to explore other experts as
well. Furthermore, it is also possible to switch the order of the softmax and the
top-k operation. Applying top-k before softmax breaks the normalization effect of
the softmax output, resulting in an invalid probability distribution and potentially
disproportionate scaling of expert contributions (Mu and Lin} 2025)). Nevertheless,
Shazeer et al.| (2017)) have not observed any deterioration in their results using their
original order.

The MoE framework introduces additional hyperparameters, namely k and K, which
have to be considered when designing a MoE-based model. For the Switch Trans-
former, Fedus et al.| (2022) reported that the performance of their model was en-
hanced as the number of experts K increased. However, the way of input routing
also has an effect. Fan et al.| (2024)) observed that, for small-scale GPT-2 models,
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performance improves with increasing k£ when input tokens are routed at the se-
quence level, whereas higher values of K are more beneficial when tokens are routed
individually.

2.3.2 MOoE Loss

As mentioned in Section noise is added to the sparse-gating function’s original
output, before it is processed by top-k and softmax. The goal of this perturbation
is to mitigate the favoritism of a small subset of experts during training. Otherwise,
the excluded experts are not properly trained and the model cannot fully utilize
their contributions. An additional way to prevent this is to introduce auxiliary loss
terms alongside the model’s overall loss function. [Shazeer et al.| (2017)) incorporated
two auxiliary loss terms in their training, namely £; and £;. £; aims to keep the
individual importance of the experts balanced. It is calculated as:

I(X)=) G(z), (4)

reX

£1(X) = wr - CV (I (X)) (5)

X refers to the current batch and C'V' denotes the coefficient of variation (Brown,
1998)), which is defined as:

CV(x)= : (6)

As the C'V is the ratio of the standard deviation and the mean value, it equals
zero if all inputs have the same value. Thus, minimizing £; encourages the gate to
return similar weights for each expert. This ensures that each expert contributes
approximately equally to the final result. w; controls the contribution of £; to the
overall loss. L aims to encourage the gate to dispatch equal amounts of training
input to each expert. It is calculated as:

LX), =Y Pla.i). (7)
L1(X) = wy - CV (L(X)) (®)

wy, denotes the hyperparameter controlling the influence of L. P (x,7) denotes the
probability that the weight of the i-th expert G (X), is nonzero, given new noise
has been sampled for the i-th expert, while the noise sampled for all other experts
remains the same.
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It is calculated as:

GNoise (ZB) =g (QZ) + Rnoisea (9)
P (x,1) = Pr(gnoise (&), > kth_excluding (gnoise (), k, 1)) (10)

G(X); is considered nonzero only if gneise(); exceeds the top-k elements of gyise ()
excluding itself, given by kth_excluding(gnoise(x), k,i). Thus, it is only considered
if the corresponding expert would have actually been selected in the top-k setting.

Here, £; and £} influence load and importance balancing separately. Fedus et al.
(2022) introduced a simplified combination of both terms in the Switch Transformer.
However, this simplification is explicitly tailored for sparse gating functions with
k = 1. The loss term, which will be called Lsyiten in this work, is defined as:

1
b= — 1{argmax (p(x)) =i}, 11
NT;E;( {argmax (p (z)) = i} (11)

1
B:_ i\ L), 12
¥ L@ (12)

K

'CSwitch = WSwitch Kzez Pz (13)

=1

In this loss function, the load of the expert i is represented by ¢; and its importance
by P;. In ¢;, the function first counts how many input tokens x are assigned to expert
1, with 1 denoting the indicator function, which returns 1 when the condition is met
and 0 otherwise. Then, it normalizes this value by dividing by the total amount
of tokens N in the batch X. In P, it first sums the probabilities of input token
@ being routed to expert i, denoted by p; (x), and then normalizes the sum in the
same manner as in ¢;. The overall loss Lsyiten is Weighted by wswiten-

However, according to Mu and Lin| (2025, while this approach is more efficient, it
achieves this efficiency at the cost of a minor drop in accuracy.
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3 Methods

3.1 Overview and Notation

This work investigates the impact of latent embedding space augmentations and
MoE on the performance of STiL. under data distribution shift. Augmentation tech-
niques are applied at the internal classifiers after disentangling modality-specific
and shared representations. The integration of MoE is examined in two variants:
classifier output weighting and embedding-level expert routing.

Let X = {(, z') , 5} +{(«', 2")} " be a batch consisting of labeled and unlabeled
data. y denotes a one-hot ground-truth label. B; denotes the amount of labeled
data samples and B, the amount of unlabeled samples. Thus, the batches have the
size B = B, + B;. Images are represented as pixel matrices ' € RF*WxC  with
H, W, and C' denoting height, width, and number of channels, respectively. The
tabular data sample &' = () | consists of n attributes, with n. categorical and
Neon = N — N continuous attributes. Covariate shift can arise in either a single
modality, i.e. p(at. ;) # p(zt.,) or p(xi ..) # p(xl.,,), or in both. The datasets
consist of a set of C unique labels, namely ).

3.2 STiL

The STiLL model follows the hybrid fusion paradigm and consists of four modules:
modality-specific encoders, the disentangled contrastive consistency (DCC) module,
the consensus-guided pseudo-labeling (CGPL) module, and the prototype-guided
label smoothing (PGLS) module. Its architecture is shown in Fig. [§|
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Figure 8: The STiL model architecture (Du et al. |2025). The DCC module (a)
disentangles modality-specific and -shared information. The CGPL module (b) gen-
erates pseudo-labels for unlabeled samples, which are refined by the PGLS module
(c). The separate training pipelines for labeled and unlabeled data are shown in (d).
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3.2.1 Disentangled Contrastive Consistency

The first module of the STiL. architecture is designed to extract and separate the
modality information parts from the input data. At first, it creates latent embed-
dings of the input data using the encoders ¢* and ¢. ¢’ consists of a pre-trained
ResNet-50 (He et al., [2016)), while ¢’ is a transformer-based encoder, which is able
to handle both categorical and continuous data (Du et al., 2024). The correspond-
ing Embeddings I and T are then processed by two MLPs each, which will output
modality-specific embeddings (2! and z!) and modality-shared embeddings (2% and
z!). These MLPs are trained using the Contrastive Log-ratio Upper Bound (CLUB)
loss (Cheng et al., 2020) (£, and L7,), which is designed to minimize the mutual

ds
information between the resulting modality-specific (I, T¢) and modality-shared

(Is, Ts) embeddings. Additionally, the loss L., which is based on InfoNCE (van den
Oord et al., 2018]), is used to learn the modality-shared embeddings. Average pool-
ing over the sequence dimension is applied to standardize the resulting embedding
representations. The emerging embeddings z! and z! are then processed by the
projection heads proj® and projt. The projection heads facilitate the InfoNCE loss
objective by mapping the embeddings to a subspace where contrastive learning works
more effectively (Gupta et al,2022)). Finally, the Intra- & Inter Modality Interaction
component is used to purify the modality-specific and the projected modality-shared
embeddings to 2!, 2!, and 2,. This component consists of a transformer layer that
employs self-attention on 2% and z!. To extract Z,, it applies cross-attention on z°
and z!. Overall, the loss of the DCC module is calculated as:

Lace = BLec + 7 (Las + L) - (14)

where 8 and v weight the contribution of the respective loss terms. These terms
either maximize the lower bound (for Is—Ts) or minimize the upper bound (for
Io—Ig and Ts—T¢) on the mutual information between the embeddings. The mutual
information cannot be calculated precisely here, as it is intractable (Zhang et al.,
2024). L. is defined as:

1
“~ 2B

Mm

(sim ( + sim (2, z.)), (15)

Sb’ Sb Sp
b=1

LG (pmj’ (z;b) , projt (zéb)) )
sim (z; , lo B . ; : 16
(o) = (z“wpw (=) o (2) "

With U (-, -) = exp (cos (+,-) /k) and & as the temperature parameter, sim (-, -) is the
log-softmax of the cosine similarities between the vectors 2}, and zf . With this, Lc.
represents the contrastive cross-entropy of the cosine similarities. Minimizing this
loss maximizes a lower bound on mutual information, leading to embeddings that
encode shared information (van den Oord et al., 2018). For the modality-specific
embeddings, the losses £, and L], are defined as:
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b= lcws (zi, z;) — L, (zi,z;) , (17)
Ll = ILews (2L, 28) — Ly, (2, 2L). (18)

These losses aim to minimize the higher bound of mutual information between their
corresponding inputs. With

B B
1
] CLUB a b 32 ZZ log qg ]laj ) log (QG (bk|a']))]v (19)

7j=1 k=1

they estimate the upper bound by calculating the difference between the log-likelihood
of matching sample pairs and the log-likelihood of mismatching sample pairs (Cheng
et al., [2020). However, this calculation would require the conditional distribution
between the samples to be known, which is unobtainable in STiLi (Du et al., [2025)).
Therefore, it is estimated with the MLP ¢y (bla), which is trained using:

b) = 2> log (a0 (b)) (20)

3.2.2 Consensus-guided Pseudo-Labeling

The CGPL module aims to derive a prediction from the embeddings created in DCC
(Du et al., 2025). It consists of three classifiers. f™ receives the concatenation of
21 2,, and 2! as input and acts therefore as a multimodal classifier. f* classifies
2! concatenated with 2!, which makes it the image-data classifier. Finally, f! re-
ceives the concatenation of 2! and z! and acts as the tabular-data classifier. These
classifiers return the logits p,,, p;, and p;. During testing and at labeled training
samples, performance evaluation only considers the output of f™. However, if the
training sample is unlabeled, it will create a pseudo-label p following a rule-based
approach with four cases:

1. Case 1: All classifiers predict the same class.
2. Case 2;: f™ and f* predict the same class.
3. Case 2;: f™ and f* predict the same class.

4. Case 3: None of the above, only consider f™

The classifiers are trained using the cross-entropy loss. For labeled training samples,
the loss is calculated as:

L.=H(@"y) +H(p,y)+H (@ y), (21)
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where H (-,-) denotes the cross-entropy of the respective classifier. However, for
unlabeled training samples, a selective update process is used, as this approach serves
to reduce the probability of the classifiers erroneously agreeing on an incorrect label
(Du et al., [2025). Depending on the current case, the cross-entropy of only a subset
of the classifiers will be calculated. Since no ground-truth label y is available, the
cross-entropy will be calculated using the refined logits p and p™ obtained from the
PGLS module (see Section . Additionally, only predictions with a confidence
level above a threshold 7 are considered in the calculation, ensuring that the model
does not learn from unreliable guesses. Therefore, the loss for unlabeled data samples
is defined as:

By
1 —m mo 0 =
Euce = B_U Z 1 {max (pb Z T)} L (pb apbapZapb) ) (22)
b=1

Case 1, H(p™,p)+ H(p',p)+ H (p',p)
Case 2;, H (p',p)

Case 2;, H (p',p)

Case 3, choose randomly H (p',p) or H (p', p)

L (py,py, Py Py) =

3.2.3 Prototype-guided Label Smoothing

The pseudo-labels generated in Section [3.2.2] are refined by the PGLS module.
Therefore, it is only utilized during the training process when unlabeled data is
present in the training dataset. The purpose of this module is to make the gener-
ated pseudo-labels as reliable as possible (Du et al., 2025)). The prototypes reflect
the entire training dataset and are computed at the end of each training epoch as
the average of all embeddings belonging to each class ¢ € Y, where ) denotes the
set of all unique classes in the dataset. The prototypes are defined as:

N; Ny
1
ve= - 2wt D {maxpl 2 7)o | (24
e yl=c Jp=c
J
N, Ny
n0221+21(max152127), (25)
yé:c Jp=c

with N; and N, denoting the total amount of labeled and unlabeled data samples in
the training dataset. Again, to enhance reliability, the predictions for unlabeled data
must exceed the threshold 7 for the corresponding embeddings to be considered.
These calculations use a projection of the DCC output embeddings into a low-
dimension embedding space v = h([2, 2, 2!]) as input. Following the manifold
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assumption, p and p™ will be refined by adding a prototype similarity score q =

softmax ( [vy, ..., v¢]" ’U) to them:

p,p" =rp+(1—r)q,rp" +(1—-1)q. (26)

At the end, this module is trained with the loss:

1 & . U (v}, v.)
£pt:_§lZZl{yb:C}logz,€y‘lj(l )

b=1 CGy ’Ub’ ,UC/

- Dot (! 2 1) 01 (i = ehlog (=) e

cey ey v (’Ug’ vCl)

Similar to Eq. , the log-softmax of the cosine similarities between the prototypes
of both labeled and unlabeled data is calculated. This forces them to become more
similar to their respective data classes, while also enhancing the distinction between
the different classes.

3.2.4 Training

Combining all modules, the complete loss is calculated as:

L=alc~+ Licc+ MLyt + MiLoce. (28)

a, Ap, and A, denote the respective loss contribution weights. As a final measure
for training stabilization during unlabeled data, the model is trained as a teacher-
student-framework. In such a framework, the actual model of interest (the student)
is trained by another model, which can create better predictions (the teacher) (Meng
et al.,|2019). Here, both models are built with the STiL architecture and the teacher
model is updated via exponential moving average (He et al., 2020), which is calcu-
lated as:

0 =mb' + (1 —m)0, (29)

with 6 denoting the model parameters and m denoting the momentum coefficient.
Thus, the teacher is updated faster than the student. The model is optimized using
the Adam algorithm (Kingma and Baj, 2015) without weight decay. Du et al.| (2025)
trained the model under two settings: with 10% of the training data labeled and
with 1% labeled.
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3.3 Latent Embedding Augmentation Techniques

The latent embedding techniques examined in this thesis include linear extrapola-
tion, noise perturbation, linear delta, and MixStyle. In this work, the impact of
these methods is examined by augmenting the inputs of the classifiers f, f!, and
f™ inside the CGPL module, both individually and all at once.

Linear Extrapolation

Linear extrapolation is one of the simplest and therefore easiest to implement latent
embedding augmentation strategies (DeVries and Taylor, 2017)). This method simply
creates a new embedding in the feature space by calculating:

z' = (z; — zp) A+ zj. (30)

A is a weight that controls the level of extrapolation. A is in the range of [0, co].
In order to keep the new embedding aligned with the target label, this approach is
used only on data points from the same class. Here, the newly generated sample 2z’
replaces z;.

Noise Perturbation

Noise Perturbation is another simple and widely used method of augmentation
(Huang et al., 2025; DeVries and Taylor, |2017; [Kumar et al., 2019). Adding noise
to the latent embedding allows the model to see more diverse data samples. It is
calculated as:

Z/ =z+ 5Rnoisea Rnoise ~ N {07 0'2} . (31)

Rovise is drawn from a Gaussian distribution N° with ¢ = 0 and and per-element
variance o2, estimated from the context vectors. & controls the magnitude of the

)

added noise. z is replaced by 2z’ inside the batch.

Linear Delta

Similar to linear extrapolation, linear delta (Kumar et al. 2019) aims to create new
samples by adding the difference between two data samples to another data sample:

z' = (z; — z;) + 2. (32)
However, the difference is that linear delta may explore the latent embedding space
in a different direction than linear extrapolation, as it is not restricted to the space
between two samples. Similarly to linear extrapolation, it is also applied only on
data samples of the same class. 2z’ takes the place of z; in the batch.
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MixStyle

MixStyle has been developed by [Zhou et al| (2021) and has become a state-of-
the-art method in latent embedding augmentation. Its main idea is to create new
data instances by mixing the styles of different images. The style of an image
is encapsulated in the statistics, namely the mean and standard deviation, of its
feature map (Huang and Belongie, 2017). Thus, the original embedding is first
normalized to eliminate its statistical properties u(z;) and o(z;). Subsequently, the
blends of the statistical attributes from both embeddings, namely 7., and Sz,
are applied to replace them:

z = Ymiz © § O_'(Z()ZZ) + Bmm: (3?’)
Vmiz = A0 (21) + (1 = A) 0(2;) (34)
Pmiz = Apu(2i) + (1 = A) p(z5).- (35)

Here, A is drawn from a beta distribution A\ ~ Beta (aizsiyie, Crizstyle) With
Arizstyle € {0,00} for each data instance specifically. z; is selected randomly.
Finally, 2’ replaces z; inside the batch.

3.4 STiL-MoE

In the original setting, only the output of the multimodal classifier f is considered
at test time, with the unimodal classifiers f* and f* being ignored, despite the fact
that they are trained. f™ receives the refined embeddings 2!, 2, and 2!, containing
the shared and specific information of the modalities. However, if a distribution
shift occurs in at least one modality, f™ will exhibit uncertainty. Since 2, contains
the refined shared information from both modalities, at least two parts of its input
are affected. Thus, the idea behind incorporating MoE into STiL is to rely not
solely on the multimodal classifier, but also on the other classifiers. This is tested
with two variants. In the first variant, the classifiers remain unchanged, with only
their outputs being weighted by the gate network. In this work, this variant will be
referred to as STiL-Mizture-of-Fized-Experts (STiL-MoFE). In the second variant,
the gate determines which classifier processes the individual embedding parts. As
it is trained with the training procedure of the Switch-Transformer (Fedus et al.
2022), this approach will be referred to as STiL-Switch. These modules replace the
CGPL module in the original architecture. However, due to the complexity of the
STilk model, both variants are tested only with fully labeled training datasets and
the training procedure is switched from Semi-SL to fully supervised learning. Thus,
the PGLS module is removed from STiLL here. This approach ensures more reliable
results by increasing training stability.
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3.4.1 STiL-MoFE

In the first variant, the logits p™, p’, and p’ are combined to the final logit pST1L-MoFE

using weights learned from a gate network. An illustration of the STiL-MoFE ar-
chitecture is shown in Fig. 0] In other implementations of MoE in literature, the
gate determines which expert processes which embedding token (Mu and Lin| [2025)).
However, in this case, the inputs of the classifiers f?, f™, and f! remain fixed and
consist of the original embedding components. The gate receives the input of the
classifiers. Thus, it ingests the concatenation of zi, 2¢ 2% 2! and z!. With this,
it learns to produce weights for each classifier. The idea behind this approach is to
preserve the existing specialization of the classifiers. Here, f* acts as the expert for
image data, f! as the expert for tabular data, and f™ as an expert that is knowledge-
able about both modalities. This approach would prove beneficial when the gate
learns which modality contributes more valuable information for the classification
task. For instance, if the tabular data does not contribute as much as the image
data, the gate could learn to assign a smaller weight to f! and a higher weight to f?,
thus relying more on the image data. This way, the impact of distribution shifts in
the less important modality could be mitigated. The gate is tested both as a simple
linear layer and as a MLP.

The STiL.-MoFE model is trained using the following loss function:

L = al. ~+ Lic + €LSTiL-MoFE- (36)

Since this model is only tested using a fully labeled training dataset, the loss terms
responsible for unlabeled data and prototypes (L. and L, respectively), are re-
moved.
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Figure 9: Architecture of the STiL-MoFE variant. Here, the classifiers f?, f™, and
f* are unchanged. Their outputs are then combined using weights learned by the
gate network. The gate network receives the concatenation of all embedding parts
processed by the classifiers.
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Instead, the loss term Lgstir-Morr, Which is controlled by the weight €, is introduced.
It is calculated as

LsriL-more = L1 + H (pSTiL_MOFE7 y) . (37)

It regulates the weights produced by the gate network as it consists of the importance-
loss (Eq. () and the cross-entropy-loss between pST-MoFE and the ground-truth y.
This way, the gate is encouraged to learn weights that represent a balance between
equal expert utilization and high training accuracy.

The cross-entropy encourages the gate to learn weights that lead to a high training
accuracy. However, since the goal of this work is to enhance the robustness against
data distribution shifts, this term alone may lead to additional overfitting. It could
encourage the model to focus on classifiers that process task-relevant modalities,
which can then be shifted. In this case, the performance may be adversely affected
rather than improved. Therefore, the importance-loss explained in Section is
also employed. It encourages the gate to produce equal weights for the classifiers,
thereby training it not to rely solely on the presumably most important classifier.
Since the classifiers always receive a fixed, respective set of inputs, the load-loss
term (Eq. (8)) is unnecessary and therefore not used here. L. is kept to preserve
the classifiers’ specialization.

3.4.2 STiL Switch

In the second variant, the implementation follows the Switch-Transformer training
procedure. Its architecture is illustrated in Fig. Since the Switch-Transformer
is commonly used within transformer-based architectures, the gate usually receives
language tokens (Mu and Lin| [2025)). In this setting, however, the output embed-
dings of DCC act as the tokens and the classifiers do not receive a fixed input set.
Instead, the gate receives all embedding parts coming from the DCC module and
distributes them among the classifiers. Therefore, they are no longer hardcoded to
act as fixed experts for specific modalities. Instead, they become experts implicitly
through the MoE training process. When the classifier processed their assigned to-
kens, the results are summarized using average pooling. This way, the contributions
of all experts are weighted equally. This approach has two benefits. First, the model
gains greater flexibility, as it can now dynamically choose which expert processes
the current token. This allows the model to send tokens to more suitable experts
individually rather than as a concatenation. Under a distribution shift, the model
can route affected tokens to experts who may exhibit greater certainty. Second,
since the experts may receive embeddings from both modalities, they can develop
a broader understanding of the task, giving it more robustness against distribution
shifts. The STiL-Switch module is trained using the following loss function:

L=aH (pSTiL_SWitCh, y) + ‘Cdcc + §£Switch' (38)
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Figure 10: Architecture of the STiL-Switch variant. Here, the experts are no longer
constrained to fixed input sets. For each embedding part, the gate determines
which expert will process it. As multiple embedding tokens correspond to the same
data sample, the results from the individual experts are summarized using average
pooling.
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L. is replaced by H (pSTE5¥ih 4) since the classifiers no longer receive their
fixed input sets. Instead, the loss depends on pSTi-SWitch a5 the sole logit. The
auxiliary loss term Lgyiten (Eq. ) is incorporated. This loss term is controlled
by the hyperparameter . Similar to the STiL.-MoFE loss, this also helps to prevent
overfitting as it balances both expert importance and load.

3.5 Evaluation Metrics

The metrics used for evaluation in this thesis are presented here. As the goal of
this thesis is to enhance the performance of the STiLL model architecture under
distribution shifts, standard accuracy (ACC) alone is not sufficient for a proper
evaluation. Therefore, balanced accuracy (BACC) is also considered. In order to
evaluate the certainty of the classifiers, Shannon entropy is also evaluated.

Accuracy

The accuracy score is one of the most commonly used and most intuitive metrics
in machine learning literature. It measures the proportion of correct predictions

generated by the model over a set of data samples (Goodfellow et al., 2016). It is
calculated as:

TP+TN

A = .
ce TP+TN+ FP+ FN

(39)
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Here, TP, TN, FP, and FFN denote the number of true positives, true negatives,
false positives, and false negatives, respectively. Simplified, it measures task correct-
ness. However, the standard accuracy score tends to return inflated scores when it is
employed to measure model performance on imbalanced datasets (Goodfellow et al.,
2016). For instance, if the majority of data samples in an AD dataset correspond
to healthy patients, it is trivial to achieve a high accuracy score by assigning every
single data sample to a healthy person, regardless of its features.

Balanced Accuracy

For class-imbalanced datasets, the balanced accuracy (BACC) is more reliable than
the standard accuracy (Brodersen et al., |2010)). It is the average of the model’s
per-class recall scores (Bulavas et al. 2021)). It is calculated as:

c

1 TP,
BACC = - Zl TE LN

(40)
C denotes the number of unique classes in the dataset. If the dataset exhibits no
class imbalance, it converges to the same value as the standard accuracy metric.

Entropy

The model’s uncertainty can be measured by evaluating the Shannon entropy metric
(Shannon| 1948)). It is calculated as:

H(p)=— Zplog (p). (41)

Here, it takes the logits p generated by the model. After applying a softmax function,
these logits define a probability distribution over the possible labels for the current
data sample. Here, the entropy reaches its maximum value when the probabilities for
each class are evenly distributed. For example, if the dataset exhibits three unique
labels, it reaches its maximum value, which is equal to log (C), when all labels are
assigned a probability of % If the model assigns a probability of 1.0 to a single class
and 0 to all other classes, the entropy is equal to 0.
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4 Experiments

4.1 Experimental Setup
4.1.1 Datasets

4.1.1.1 ADNI The ADNI dataset (Mueller et al., [2006]) contains medical scans
as image data and subject-related information as tabular data. ADNI is designed
as a longitudinal study and it continuously updates its clinical protocols to keep
up-to-date with current Alzheimer diagnosis protocols. Thus, it consists of multiple
datasets. Due to accessibility, the dataset used in this thesis is the first one created,
namely ADNI1 (ADNI, 2005). Here, the subjects recruited come from the United
States and Canada. The initiative also aims to gain an understanding of the dis-
ease’s progression. Therefore, multiple data samples have been acquired of the same
subjects in the span of 2 to 3 years. In total, the available dataset comprises 645
subjects, with an average of approximately 5 data samples per subject. Thus, it
consists of 3412 data samples. The subjects are divided into three research groups,
depending on their cognitive state. Thus, these groups consist of cognitively normal
subjects, subjects showing signs of MCI and subjects suffering from AD.

The tabular data consists of subject demographics, questionnaire results, and ge-
nomic test results. Specifically, the demographic information consists of the subjects’
sex, age, and weight, with age and weight being considered as continuous features
and sex considered as a categorical feature in this work. The questionnaire data
consists of questionnaires commonly used in practice, namely the Neuropsychiatric
Inventory Questionnaire (NPI-Q) (Kaufer et al., 2000), the Functional Activities
Questionnaire (FAQ) (Pfeffer et al [1982), the short form of the Geriatric Depres-
sion Scale (GDS-Short) (Yesavage and Sheikh, 1986, the Mini Mental State (MMS)
questionnaire (Folstein et al.,|1975), and the Clinical Dementia Rating (CDR) (Berg,
1988). These questionnaires assess different aspects of the subjects’ cognitive states
and score them using individual rating systems. NPI-Q assesses neuropsychiatric
aspects such as apathy, depression, and psychosis, based on their severity. FAQ is
designed to assess the subjects’ degree of dementia by evaluating the subject’s abil-
ity to perform everyday activities, such as writing checks and playing card games.
Here, the individual activities are scored based on the subject’s dependency on help.
GDS-Short evaluates the severity of the subject’s depression using questions with
binary responses, such as “Are you basically satisfied with your life?” (Yesavage
and Sheikh), [1986)). The MMS questionnaire examines the subject’s mental state by
evaluating cognitive abilities such as orientation, attention and recall. Finally, CDR
also evaluates the subject’s degree of dementia by assessing aspects such as memory
loss, orientation, and problem solving. NPI-Q, FAQ, GDS-Short, and MMS do not
define clear boundaries for their final assessments and are therefore considered as
continuous variables in this work. However, CDR is considered a categorical vari-
able, as it provides explicit ratings (0 = “None”, 0.5 = “Questionable”; 1 = “Mild”, 2
= “Moderate”, 3 = “Severe”) (Berg, [1988). The genomic test consists of apolipopro-
tein genotyping. Humans inherit two copies of this gene from their parents, and it is
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considered a genetic risk factor indicator for AD (Roses and Saunders, [1994)). Since
it has three different alleles, the two copies are considered as categorical variables.
In total, the tabular data of this dataset consists of four categorical (n.; = 4) and
six continuous variables (1., = 6). The scans consist of volumetric MRI scans of
the subjects’ brain. To create an image dataset, the middle slice of each volume is
extracted. The resulting images have the dimensions 240 x 256 x 1.

However, this dataset has been curated by excluding data samples with missing
data entries. Initially, 1612 data samples remained. Given that the dataset must be
divided into a training, a validation, and a test set, this is a relatively low number.
To further increase it, the GDS-Short results have been omitted, given that it is
the attribute with the highest missing entry rate (35.4%). Thus, the dataset used
in this work contains 5 continuous features (n., = 5). Thus, the resulting curated
dataset has a size of 2620 samples. The assigned research groups are used as the
ground-truth label.

4.1.1.2 DVM The DVM-Car dataset (Huang et al., 2022) consists of images of
cars alongside advertisement data and car specifications as tabular data. In total, it
contains over 1.4 million data samples of 916 car models. The model name will be
used as the ground-truth label. The images present the cars from 8 different angles,
ranging from 0° to 315° in 45° increments. Additionally, the background has been
removed to focus solely on the cars. The images have the dimensions 300 x 300 x
3. The tabular data contains the following specification data: seat number, door
number, engine size, color, body type, gearbox, fuel type, and mileage measured
in miles. Furthermore, the table includes data concerning the cars’ advertisements,
such as the year and month of creation, both the selling and the entry prices, and
the year of first registration. Out of these features, the color, the body type, the
gearbox, and the fuel type are considered as categorical features, while the rest are
continuous (1. = 4 and ng, = 13). However, the tabular dataset contains only
247236 unique samples, limiting the total amount of data samples available in this
work.

The dataset was prepared following the procedure used by |Du et al.| (2024). All
date samples exhibiting missing entries were removed. Additionally, all samples
corresponding to models that are represented less than 100 times are also excluded.
Therefore, the remaining dataset contains 176414 data samples with 286 unique car
models.

4.1.2 Shifted Subsets

The objective of this study is to examine how distribution shifts occurring in specific
modalities influence model performance and whether the examined strategies can
mitigate their effects. Thus, multiple subsets have been extracted from both the
ADNI and the DVM datasets, based on modality-specific features. Additionally,
we intended to create subsets exhibiting shifts with varying degrees of severity.
Therefore, features were selected based on their influence on the classification task.
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To ensure comparability between results, all subsets were reduced to the size of the
smallest subset obtained after extraction. Otherwise, results could be unfairly influ-
enced by differences in training set size, which may either improve the learning of
task-relevant features or cause overfitting. Furthermore, this thesis only investigates
the effects of covariate shift. Therefore, label distributions between the respective
training and test sets were kept as similar as possible. However, since the labels
aren’t evenly distributed, this approach has led to minor differences between respec-
tive subsets. After extraction, the subsets have been further split into training, val-
idation, and test sets. Following Du et al.| (2025), categorical features were encoded
as ordinal values, and continuous features were z-score normalized using training set
statistics. An overview of the final subsets is given in Table [1]

Table 1: Overview of the created subsets. “Train Size” denotes the number of
samples in the training set, “Val Size” the number in the validation set, and “Test
Size” the number in the test set. “Num. of Classes” shows the number of labels left

in the respective subset. “Shifted modality” shows which modality feature has been
shifted.

Subset Train. Val. Test. Num. of Shifted
Size Size Size classes Modality

DVM-Car Subsets

No-Shift 29000 5000 5000 286 -
B-S-B-G-W 29000 5000 5000 286 Image
B-S-G 29000 5000 5000 286 Image
Black 29000 4999 4992 285 Image
Adv-Year 28894 4977 5000 281 Tabular
Miles 29000 4977 5000 281 Tabular
Color-Miles 29000 4997 4938 276 Both

ADNI Subsets

No-Shift 1460 375 375 3 -

TE 1460 375 375 3 Image
Weight 1460 375 375 3 Tabular
Age 1460 375 375 3 Both
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4.1.2.1 ADNI Subsets From the ADNI dataset, four subsets were extracted.
Two of these subsets exhibit distribution shifts based on tabular features, while one
exhibits a distribution shift based on an image feature. For all subsets, patient-level
separation between the training and test split is ensured.
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Figure 11: TE distributions of the TE subset.
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Figure 12: Distribution of the subjects’ weight in the Weight subset.
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(1) First, a smaller subset that exhibits no distribution shift is extracted. This subset
is used to evaluate whether the applied augmentation strategies can further improve
model performance in a non-shifted setting or whether they instead degrade it. It
is called the No-Shift subset. (2) The feature selected to induce a distribution shift
in the image modality in this subset is the MRI echo time (TE). This parameter
measures the time between the magnetic pulse and its echo and influences the scan’s
contrast: a longer TE causes liquids to appear brighter than softer tissues
2013). Here, samples with a TE greater than 3.25 ms are assigned to the
training and validation sets, while all samples with a lower TE are placed in the test
set (see Fig. [L1]). This subset will be referred to as the TE subset. (3) In this subset,
the distribution shift is created based on the subjects’ weight. Data samples from
patients weighing less than 60 kg are placed in the test dataset, whereas all other
samples are included in the training and validation datasets (see Fig. [12). Since
AD can lead not only to cognitive but also to behavioral and eating disorders, it is
also associated with weight loss (Gillette-Guyonnet et al., 2000). This subset will
be referred to as the Weight subset. (4) Finally, the last subset of this study aims
to induce a distribution shift based on the subjects’ age. It is called the Age subset.
All data samples from patients aged between 68 and 87 were assigned to the training
and validation dataset. All other data samples were assigned to the test dataset (see
Fig. [13). The incidence rate of AD is positively correlated with age (Launer et al.
1999)). However, MRI studies indicate that younger AD patients experience faster
rates of brain volume loss (Dukart et al., [2013; Fiford et al., |2018). Therefore, the
intuition behind this split is to deteriorate the model’s performance by exposing it
to these extremes during testing.

% of split

70 75
Subject age

Figure 13: Subject age distributions in the Age subset.
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It will encounter a higher AD incidence rate among older patients and an increased

the

4.1.

brain loss rate among younger patients, which it hasn’t seen during training. Since

MRI scans are also affected here, this subset is shifted in both modalities.

2.2 DVM Subsets From the DVM dataset, seven subsets were extracted.

Three subsets focus on image features, two on tabular features, one on both modal-
ities, and a smaller version of the original subset. The selected image feature is the
color of the car. The subsets here exhibit increasing levels of difficulty.
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Figure 14: Color distributions of the Black-Silver-Blue-Grey-White (B-S-B-G-W)
Subset.
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Figure 15: Color distributions of the Black-Silver-Grey (B-S-G) Subset.
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(1) The first subset preserves the most prominent colors in the training and val-
idation sets, while all remaining colors are assigned to the test set (see Fig. .
The training dataset consists of black, silver, blue, gray, and white cars. Therefore,
this subset will be called the B-S-B-G-W subset. The majority of this subset’s test
samples are red cars. The difficulty is expected to be relatively low, as the training
colors make up the majority of the dataset. (2) The second subset only contains
cars with black, silver, and gray colors (see Fig. in the training and validation
dataset. It will be referred to as the B-S-G subset. The test dataset consists mostly
of blue, white, and red cars. This subset is designed to test whether the model’s
performance declines when it sees only grayscale colors.
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Figure 16: Color distributions of the Black Subset.
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Figure 17: Year distributions of the Advertisement Year (Adv-Year) Subset.
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Additionally, since the images are set to grayscale during input space augmentation,
this subset will appear as mostly gray cars to the model. (3) In the third subset,
only black cars are present in the training and validation dataset, while all other
colors are present in the test dataset. Thus, this subset will be referred to as the
Black subset. As the training dataset consists of just one color, the model will lack
diversity to a considerable extent. Consequently, this subset exhibits a high level of
difficulty for the model. (4) The first subset focusing on a tabular feature exhibits
a shift based on the advertisement’s year of creation (see Fig. . The training
and validation dataset consists of all data samples of advertisements not older than
2018, while the test dataset’s newest advertisement was created in the year 2017.
As these years make up the majority of the entire dataset, they are also the most
prominent years in the respective splits. Nevertheless, this subset is not expected
to pose a major challenge for the model, as the year of the advertisement does not
provide any information about the car model. This subset will be referred to as the
Adv-Year subset. (5) The next subset exhibits a distribution shift based on the cars’
mileage. The training and validation sets consist of samples with mileage ranging
from 17,038 to 79,000 miles (see Fig. . Therefore, the test dataset consists of
all samples below and above that range. Unlike the Adv-Year subset, this subset is
expected to pose a challenge for the model. Responsible for this is that the mileage
is correlated with the car’s age. Older cars tend to have been driven more than
younger cars. With a limited training dataset, this might confuse the model. This
subset will be referred to as the Miles subset. (6) The multimodal subset exhibits
distribution shifts on both modalities (see Fig. [L9).
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Figure 18: Mileage distributions of the Miles Subset.
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First, the training and validation datasets consist only of black and white cars.
Second, these datasets also contain only data samples with a mileage ranging from
15,000 to 90,000 miles. Thus, this subset is referred to as the Color-Miles subset. In
contrast to the previously introduced subsets, these value ranges are not exclusive
to the training and validation sets and are also present in the test dataset.
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Figure 19: The distributions of the shifted features in the Color-Miles Subset. (a)
presents the color distribution, whereas (b) shows the mileage distribution.
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However, as this subset exhibits distribution shifts in both modalities, it is still
expected that it poses a considerable challenge for the model. (7) Finally, analogous
to the ADNI dataset, a smaller non-shifted subset was extracted from the DVM-Car
dataset.

4.1.3 Implementation Details

All experiments were conducted on a system outfitted with 125 GiB of RAM and
an NVIDIA RTX A5000 GPU with 24564 MiB of available VRAM. The system’s
CPU is an Intel Xeon W-2265 processor, featuring a base frequency of 3.50 GHz and
12 available cores. The code is implemented using PyTorch (Paszke et al. 2019)
version 1.11.0. For GPU computation, CUDA version 13.0 is used.

The configuration of the input space augmentation techniques follows Du et al.
(2025). Image space augmentations are listed in Table [2| and applied with a proba-
bility of 95 %. In tabular space, randomly selected cells are corrupted by replacing
values with samples from their marginal distributions. This procedure is applied to
30% of all cells. When evaluating the latent embedding augmentation methods, the
application probability was set to 0.5. The remaining hyperparameters were set in
accordance with the settings in the respective works of the techniques: DeVries and
Taylor| (2017) reported optimal performance with A = 0.5 for linear extrapolation,
while Zhou et al.| (2021} [2024) used apsizstye = 0.1 for MixStyle. For noise per-
turbation, noise is sampled from R,ise ~ N {0,062} following DeVries and Taylor
(2017), where o, is computed across embeddings in the current batch instead of
the full dataset. The input space augmentation techniques were disabled during the
evaluation of the latent embedding methods.

When examining the two STiL-MoE variants, only input space augmentation tech-
niques are applied. For the ADNI subsets, STil.-MoFE is tested with both a simple
linear layer and an MLP as the gate network. As the incoming embeddings 2%, 2%,
z°, 2!, and z! have the shape B x 512, the input dimension of the linear gate is
2560, while its output has the dimension C. The MLP has two linear layers with a
ReLU-layer in between. Its input dimension is 2560, its hidden dimension is 1280,
and its output dimension is C. For DVM-Car subsets, STiL-MoFE is evaluated only
with the MLP gate. The STilL-Switch variant uses only the linear gate. However, in
both variants, the gating function’s output is perturbed with additive noise during
training to increase expert exploration. The noise is sampled from a standard nor-
mal distribution R,ise ~ N (0,1). Furthermore, K is set to 3 in all experiments.
For STiL-MoFE, k is varied from 1 to 3 for the ADNI subsets and set to 3 for
the DVM-Car subsets. Since STil.-Switch follows the Switch Transformer training
procedure, it is only tested with £ = 1 for all subsets.

Most of the remaining training hyperparameters have been adopted from the DVM-
Car settings of Du et al.| (2025)). Here, they are set as follows: a = 0.2, 5 = 3.0,
v=05X=10,\,=02,7=0.9,7=0.9,and m = 0.996. The learning rate is set
to 0.0001. Additionally, early stopping is employed to stop training prematurely to
reduce overfitting. Its minimum delta is set to 0.0001, while the maximum number



4 EXPERIMENTS 37

of epochs is reduced to 350 and the patience to 50 due to the smaller size of the
subsets. For the DVM-Car subsets, the batch size is also adopted, thus it is set to
B = 512. Here, when experimenting in a sparsely labeled setting, the ratio between
unlabeled and labeled training samples is also adopted, resulting in B; = 64 and
B, = 448, with 10% of the total training dataset being labeled.

Table 2: Image space augmentation configuration for the natural and medical data
subsets. Floating-point numbers indicate the likelihood of the technique being ap-
plied. Tuples control more advanced parameters: “Scale” in “Random Resized Crop”
controls the lower and upper bounds for the crop area, respective to the original
image size, while “Ratio” sets the bounds of the aspect ratio of the new image.
For “Gaussian Blur”, “Blur Limit” defines the range of possible kernel sizes, while
“Sigma Limit” controls the range of sigma values.

Augmentation Parameter Value used for Value wused for
Method DVM-Car subsets ~ ADNI subsets
Probability 0.8 0.5
_ Brightness 0.8 0.5
Color-Jitter
Contrast 0.8 0.5
Saturation 0.8 0.5
Horizontal-Flip Probability 0.5 0.5
Probability 1.0 1.0
Height 128 128
Random-Resized- )
C Width 128 128
rop
Scale (0.6, 1.0) (0.6, 1.0)
Ratio (0.75, 1.333) (0.75, 1.333)
Gray-Scale Probability 0.2 Not used
Probability 0.5 Not used
Gaussian-Blur Blur Limit (29, 29) Not used
Sigma Limit (0.1, 2.0) Not used
_ Probability =~ Not used 0.5
Rotation

Limit Not used 45




4 EXPERIMENTS 38

For simplicity, this setting is also referred to as the wunlabeled setting. For the
ADNI subsets, all values of B € {32,64,128,256} have been tested to find the
optimal setting. Additionally, a range of values is tested to determine the optimal
settings for the respective loss terms of the STiLL-MoE variants. For STil.-MoFE,
e € {0.1,0.5,1,2,3} is tested, whereas £ € {0.001,0.01,0.1, 1,2} is tested for STiL-
Switch. The value range of STiL-Switch differs from the one tested in STiL-MoFE,
as the value range used by Fedus et al| (2022)) is adopted, who examined a range
from 107! to 107% in power of 10 steps. However, it was adapted in relation to the
already complex loss function of the STiL-Switch variant.

To ensure reproducibility, all experiments except those in the unlabeled setting were
run with three different seeds: 2022, 2023, and 2024. These experiments were only
run once with the seed 2022 due to time constraints. The scores shown are the mean
of the three runs. At first, the experiments have been run in the unlabeled setting to
investigate the behavior of the original STil. architecture under distribution shifts.
However, the setting was later changed to fully labeled training, as the unlabeled
setup substantially reduced the effectiveness of the augmentation strategies.

4.2 Results
4.2.1 Baselines

The first experiments aimed to find baseline values for the remaining experiments
conducted in this thesis. The baseline results for the DVM-Car subsets in the
unlabeled setting are shown in Table 3] As expected, Black, Miles, and Color-Miles
provide the lowest accuracy (ACC) scores. Meanwhile, the effect isn’t as severe
for the other subsets. Here, the model struggles to generalize to new data, as it is
trained with very limited training datasets.

Table 3: Baseline accuracy scores (ACC) of the DVM-Car subsets in the unlabeled
setting.

Subset ACC in %

No-Shift 83.22
B-S-B-G-W  80.48

B-S-G 82.10
Black 76.46
Adv-Year 80.14
Miles 75.59

Color-Miles 72.64




4 EXPERIMENTS

39

Table 4: Baseline results for the DVM-Car subsets in the fully labeled setting. The
scores show the accuracy (ACC) scores across all seeds (mean =+ std).

Subset ACC in % BACC in %
Black 90.09 += 1.14 &8.42 £+ 1.22
Miles 91.77 + 0.59 &9.14 + 0.62
Color-Miles 91.58 & 0.51 90.19 4 0.66
No Shift 96.65 £ 0.17 96.04 & 0.35

Furthermore, this experiment was also meant to reduce the number of DVM-Car
subsets in order to limit computation time throughout this thesis. The subsets were
selected based on their test accuracy in the unlabeled setting. The worst-performing
subsets were retained for this work, with one subset selected per modality. Black
and Miles have the lowest scores and are thus used in subsequent analyses in this
thesis. Furthermore, the DVM-Car subsets were also evaluated in a fully labeled
setting in this work. The baseline results of this setting are presented in Table

The ADNI subsets were only examined in a fully labeled setting. Since the ADNI
dataset is substantially smaller than the DVM dataset, we conducted a small hy-
perparameter tuning experiment to determine the optimal batch size first. There-
fore, four test runs using the No-Shift subset were conducted, with the batch sizes
B = {32,64,128,256}. The results are shown in Table . As the test accuracy
is almost identical across all batch sizes, we also considered the balanced accuracy
(BACC). Additionally, we also evaluated the results stemming from the validation
set.

Table 5: Accuracy (ACC) and balanced accuracy (BACC) scores (mean + std) of
the validation and test dataset of the No-Shift subset using different batch sizes.

Validation Set Test Set
Batch Size ACC in % BACCin % ACCin % BACC in %
32 83.11 + 1.01 79.39 + 1.71 84.09 + 0.15 75.74 + 1.29
64 82.75 £ 0.56 77.45 & 2.15 84.18 £ 0.56 75.36 £ 1.20
128 83.64 £ 0.81 7855+ 0.93 84.27 £ 0.27 75.14 £ 0.69
256 82.23 £0.19 76.41 + 0.00 84.53 £ 0.38 75.69 £ 0.94
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Table 6: Baseline results of the ADNI subsets.

Subset ACC in % BACC in %

TE 85.24 £ 094 81.93 £ 1.26
Age 81.87 £1.60 81.84 £ 0.95
Weight  85.42 £ 0.77 84.13 + 2.22
No Shift 84.09 £ 0.15 75.74 + 1.29

While the resulting scores are highly similar, they indicate that B = 32 is the best
option, as it provides the highest BACC scores in both the validation and the test
set. Thus, this value was used throughout the remainder of this work.

Afterwards, the baseline scores of the remaining ADNI subsets were determined.
They are presented in Table [6] Surprisingly, the No-Shift subset yielded the worst
BACC score, with a margin of over 6% to the second lowest score. In terms of
the accuracy metric, it performs better than the Age subset. The Weight subset
achieves the best performance across both metrics. Such an effect is not seen in the
baseline results of the DVM-Car subsets.

4.2.2 Modality-specific Input Space Augmentation Ablation Study

The next experiment is a modality-specific ablation study of the input space augmen-
tation techniques. The goal is to examine the contribution of the specific modalities
to the classification task. Therefore, the model was trained using the Black, Miles,
and Color-Miles subsets with the input space augmentation techniques disabled ei-
ther for each modality individually or for both modalities simultaneously. With this
approach, we can observe from which modality the model benefits most and how
increased diversity in each modality affects model performance. The experiment
settings were also run using the No-Shift subset to observe its effect in an evenly
distributed setting. This experiment was run in the unlabeled setting. The results
are presented in Fig. Interestingly, it shows that the augmentation technique
applied to the tabular data actually deteriorates model performance rather than
improving it. For the Black and Color-Miles subsets, model accuracy increases by
3-4% when only the image modality is augmented, whereas No-Shift exhibits only
a negligible improvement of 0.1%. However, the performance drops by 2.2% at
the Miles subset in this setting. Additionally, subsets whose primarily shifted fea-
ture is tabular (Miles and Color-Miles) generally exhibit lower accuracy scores than
the other subsets. Furthermore, the results also show that the experiments suffer
severely across all subsets if the tabular data is the only modality being augmented.
Compared to image-only augmentation, the model’s accuracy decreases by at least
38% (Miles) and by up to 46.1% (Black). Moreover, the results of the settings with
no augmentation technique enabled demonstrate that this effect is severe.
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Figure 20: Accuracy scores (in %) of the DVM-Car subsets with different input
space augmentation settings. The augmentation methods have been disabled for
the two different modalities, either individually, both, or not at all. The column
“Both” presents the baseline values taken from Section|4.2.1] The remaining columns
indicate the modalities for which augmentation techniques are enabled.

In fact, the model benefits more when no modality is augmented than when only the
tabular data is augmented. Here, the model performs better by an average of 12.7%.
The model’s behavior can be explained by the applied augmentation technique,
which leads to training samples that are highly improbable in the context of the
dataset used. Here, the tabular features are corrupted by replacing them with values
from their marginal distribution. This can result in confusing car specifications,
which disrupts the semantics between the data sample and its label. For instance,
it may augment a data sample originally describing a Smart Fortwo and replace its
engine size with the value of a Ford Mustang, which has an engine approximately
five times that size. Such a misalignment confuses the model. Furthermore, the
results demonstrate that diversity in the image modality is the main contributor
to the success of the classification task when using the DVM-Car dataset. The
model benefits from the color-altering techniques such as Color-Jitter and Gray-
Scale as these methods increase the limited selection of colors presented in the
training datasets in the Black and Color-Miles subsets.

4.2.3 Latent Embedding Augmentation Experiments

In the next experiments, the impact of the previously introduced latent embedding
space augmentation techniques was evaluated. This was done by applying these
methods to the input embeddings batches of the unimodal and multimodal classi-
fiers within the CGPL module. To determine which of these inputs provides the
greatest benefit when augmented, we applied the selected methods on each input



4 EXPERIMENTS 42

individually. However, since literature indicates that isolated augmentation may
disrupt the semantic relationships between modalities, we also augmented the input
batches of all classifiers simultaneously. With all embeddings corresponding to the
same data sample being augmented, we can observe if the STiLL model benefits from
consistent latent embedding space augmentation across modalities. All input space
augmentation methods were disabled during these experiments. This approach not
only allows us to observe the impact of the latent embedding space techniques more
directly, but also enables comparison with the results in Section to determine
in which data space augmentation is most effective. At first, this experiment was
run with the DVM-Car subsets in the unlabeled setting. Its results are presented in
Fig. First, we observe that no method is able to compensate for the absence of
input space augmentation techniques. However, in most settings, they still perform
better in comparison to the scenario where no augmentation is applied at all. The
highest accuracy score (57.5%) is achieved on the Black subset using extrapolation,
whereas the lowest score (42.1%) is obtained on the Miles subset using noise per-
turbation. Nevertheless, the same pattern regarding the primarily shifted feature is
observed, consistent with the input space augmentation ablation study. Here, the
Miles and Color-Miles subsets also perform the worst, while Black achieves similar
scores as No-Shift. Additionally, the results show that the best scores are achieved
when transforming the classifiers’” inputs consistently.

Black Miles Color-Miles No-Shift
Baseline : : 72:64 m
Black x LincarDelta - 485 56.4 53.4 53.5 10
Black x Extrapolation - 51.6 55.6 52.5 57.5
Black x MixStyle - 51.9 50.1 54.0 51.6
Black x Noise - 51.2 54.9 55.8 54.2 80
Miles x LinearDelta - 46.3 48.7 345 429
Miles x Extrapolation - 43.5 48.3 433 47.1
Miles x MixStyle - 45.0 43.1 46.5 50.4 - 60
Miles x Noise - 49.0 46.5 42.1 449
Color-Miles x LinearDelta - 47.1 48.2 47.2 48.0
Color-Miles x Extrapolation - 493 48.0 493 48.6 —a0
Color-Miles x MixStyle - 48.0 46.7 46.4 493
Color-Miles x Noise - 45.5 49.9 45.7 47.1
No-Shift x LinearDelta - 52.8 56.1 55.4 50.5 »
No-Shift x Extrapolation - 52.7 52.8 532 52.0
No-Shift x MixStyle - 50.9 524 51.0 51.8
No-Shift x Noise - 55.6 53.0 55.1 56.7 .
fm fi ft All
Classifier

Figure 21: Accuracy scores (in %) of the DVM-Car subsets using different latent
embedding space augmentation techniques in the unlabeled setting. The inputs of
the classifiers f™, f*, and f* are augmented individually or jointly, yet none of these
methods fully compensate for the absence of input-space augmentation. The top
row shows the baseline values for each subset, respectively. The y-axis ticks indicate
the subset and the augmentation method used (Subset x Method).
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Figure 22: Augmentation rate (in %) relative to the training set size for DVM-
Car subsets using latent embedding space augmentation methods. Class-agnostic
methods (noise perturbation and MixStyle) transform 50%, while class-dependent
methods (linear delta and extrapolation) operate at substantially lower rates.

Here, the best accuracy score of the Miles subset is obtained when applying the
MixStyle, whereas the best score of the No-Shift subset is achieved when the input
embeddings are transformed using noise perturbation. Only Color-Miles benefits
most from an isolated setting, as it achieves its highest score of 49.9% when noise
perturbation is applied on the input of the image classifier f°. However, it is closely
followed by MixStyle being applied to all input embedding batches. Here, it achieved
an accuracy score of 49.3%. Thus, the results are in alignment with observations in
literature in this regard.

However, the rate of transformed data samples shows that the unlabeled setting
inhibits the effectiveness of the applied augmentation techniques, especially of the
class-dependent methods linear delta and extrapolation. The rates are illustrated
in Fig. and are calculated relative to the total amount of data samples present
in the respective training datasets. While the rates of the class-agnostic methods,
MixStyle and noise perturbation, are fixed at 50%, the rates for the other methods
drop below 10%. Extrapolation and linear delta are applied only to data samples
with the same label, ensuring that the resulting data sample remains consistent with
its label. Because this experiment was conducted in the unlabeled setting, each batch
contained only B; = 64 labeled data samples. Additionally, the subsets contain at
least C = 276 unique labels, resulting in a low amount of multiple data samples
sharing the same label. This leads to a very limited number of data samples being
transformed, particularly when using linear delta, which requires three samples with
the same label to generate a new one (see Eq. ) Nevertheless, the class-agnostic
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methods show no clear advantage over the class-dependent methods, indicating that
the limited number of data samples sharing the same label per batch is not the
primary issue.

To further illustrate the negative effect of the unlabeled setting, we also applied the
latent embedding augmentation techniques within the model while using the ADNI
subsets in the fully labeled setting. Again, all input space augmentation methods
were disabled during this experiment. The resulting accuracy scores are presented in
Fig. 23] while the balanced accuracy scores are shown in Fig.[24] Here, the applied
methods improve the model’s performance to the point where it matches that of
having all input-space augmentation techniques enabled. Considering the accuracy
score, the augmentation methods also outperform the baseline, albeit by only small
margins. These are the highest improvements per subset: extrapolation increased
the model’s mean score on the TE subset by 0.48% when applied to the input of
all classifiers. For the Age subset, it incremented it by 0.18% when applied to the
input of f*. For the other subsets, the best-performing method is MixStyle. Here, it
provides an improvement of 0.34% when applied on the input of f?. For the No-Shift
subset, it increments model performance by 0.31%. Considering balanced accuracy
however, only the performances using the Weight and No-Shift subsets could be
enhanced. Here, linear delta improved the mean score by a negligible margin of
0.05% when applied on the input of f?, while noise perturbation enhanced it by
0.16% when applied to the input of f!. Nevertheless, the fact that these methods
are able to reach the baseline indicates that the unlabeled setting is mitigating the
effect of the applied augmentation techniques.

Subset
TE Age Weight No-Shift
Baseline -  85.24 1+ 0.94 81.87 £ 1.60 8542+ 0.77 84.09 £ 0.15
TF x LinearDelta 17 84.91 £ 0.87 85.410.99 85.44 £ 1.32 85.27 £ 0.86 100

TE x Extrapolation 1 835.31 = 1.06 85.56 + 1.32 84.69 £ 0.72 85.72 £ 0.54

TE x MixStyle~  85.09 L 1.02 85.41 £ 0.95 85.55 £ 0.93 85.13 £ 0.91
TE x Noise-  85.2 + 0.64 85.04 + 0.7 85.23 £ 0.78 85.49 £ 0.57 %0

Age x LinearDelta~ 80,72 £ 1.44 81.62 £ 1.08 81.73 = 0.98 80.64 = 1.47

Age x Extrapolation - 8§1.36 £1.13 §2.0+ 1.04 82.05 £ 0.96 81.62 +£0.95
Age x MixStyle - 81.92 + 0.91 81.96 £ 1.1 81.76  0.44 81.7 + 0.67 -5

AgexNoise-  81.63 £ 0.72 81.79 £ 1.12 81.55 £ 1.01 81.87 £ 0.43

Weight x LinearDelta - 85.23 £0.29 85.58 £0.35 85.09+1.33 84.9 £ 0.87
Weight x Extrapolation-  85.28 + 0.28 85.38 £0.39 85.39 = 0.94 85.46 £ 0.3 -

Weight x MixStyle - 85.49 L 0.38 85.76 £ 0.31 85.73 £ 0.23 85.64+ 03

Weight x Noise 4 84.93 + 1.21 85.68 £0.18 85.41 = 0.56 8531+ 0.31
No-Shift x LinearDelta - 83.97 L 0.69 83.87 L .12 84.08 £ 0.55 83.53 £ 0.99 "

No-Shift x Extrapolation - 84.03 £ 1.04 83.84 £1.28 84.35 £ 0.38 83.79 £ 0.79

No-Shift x MixStyle - 84.03 1 0.8 84.36 L 0.55 84.4 4036 83.57+1.7
No-Shift x Noise - 83.81 & 1.84 83.79 + 1.85 84.27 £ 0.28 83.63 + 1.89 .

fm f ft All
Classifier

Figure 23: Accuracy scores (in %) of the ADNI subsets with the latent embedding
augmentation techniques being applied in the fully labeled setting.
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Subset
TE Age Weight No-Shift

Baseline-  81.93 & 1.26 81.84 % 0.95 84.13+£222 7574+ 1.29
TE x LinearDelta - 78.81 £ 2.35 80.96 +2.13 81.78 £ 1.09 80.18 + 1.89 1

TE x Extrapolation-  80.12 + 2.54 80.66 + 1.83 81.15+0.71 80.85 = 1.81

TE x MixStyle-  81.56 + 0.57 81.48 + 1.21 80.81 = 1.81 80.85 + 1.25
TExNoise.  81.0+1.43 79.82 + 1.61 80.6+1.23 80.58 = 1.46 %

Age x LinearDelta - 7992+ 1.15 80.39 + 1.66 8l.61 £1.47 79.4 £ 1.06

Age x Extrapolation - 81.45+1.42 81.36 £ 1.91 81.27+£1.74 81.51 £1.27
AgexMixStyle- 8132+ 14 8133+ 1.72 8044+ 1.5 81.65+ 1.13 -®

AgexNoise-  79.34+ 1.1 8111+ 148 81.35+ 138 79.77+ 1.18

Weight x LinearDelta —_ 80.58 + 0.61 8418 1.13 83.04 = 131 8048 = 2.21
Weight x Extrapolation - 81.48 + 1.33 83.11 = 1.65 8337 1.71 81.88 = 1.44 -

Weight x MixStyle - 83.62 + 1.57 83.91+ 1.73 83.04 = 1.66 83.73 + 1.33

Weight x Noise-  82.79+2.18 83.59 + 1.49 83.57+ 1.91 82.88 +2.02
No-Shift x LinearDelta - 73.64 & 1.49 75351 0.80 75.0 = 0.83 73.77 £ 1.22 "

No-Shift x Extrapolation-  75.84 + 1.72 75.05+ 1.5 75.74 + 0.53 74.79 = 1.81

No-Shift x MixStyle-  75.61 + 1.07 75.85 + 0.84 75.76 = 0.79 74.99 +2.23
No-Shift x Noise - 75.62 + 1.34 74.97 +2.95 75.9+0.7 75.1+2.3 .

fm f ft All
Classifier

Figure 24: Balanced accuracy scores (in %) of the ADNI subsets with the latent
embedding augmentation techniques being applied in the fully labeled setting.

Furthermore, although the ADNI subsets contain substantially fewer classes (C = 3)
compared to the DVM-Car subsets (286 > C > 276, see Table , no differences
can be observed between the resulting scores of the class-agnostic and the class-
dependent methods. This further indicates that the applied augmentation methods
are indeed affected by the unlabeled setting, rather than by a low amount of data
samples sharing the same label per batch. Thus, the remaining experiments of this
work were conducted in a fully labeled setting.

4.2.4 STiL-MoE Experiments

In the original architecture, only the multimodal classifier f™ is used at test time.
As f™ receives the concatenation of 2%, 2, and 2! as input, it is affected regardless
of which modality is shifted. On the other hand, the remaining classifiers, f* and f*,
are only affected when their respective modality is shifted. Consequently, if only the
other modality is shifted, they are expected to perform similarly to their behavior
during training. To validate this, we evaluated the accuracy (ACC) and balanced
accuracy (BACC) of each classifier individually on all subsets, applying only the
original augmentation strategy to establish baseline behavior. For the ADNI subsets,
the scores are presented in Table While f* shows severe performance issues on
all subsets, with both ACC and BACC scores significantly lower than those of the
other classifiers, the results still confirm our hypothesis, as they show that f! is able
to provide higher scores than f™. With regard to the ADNI subsets, it attained
higher balanced accuracy scores on the TE, the Age, and the No-Shift subsets,
while its standard accuracy score is also superior on the latter subset. Particularly,
the biggest margin can be observed on the No-Shift subset, which has the lowest
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Table 7: Accuracy (ACC), balanced accuracy (BACC), and entropy (H (f7)) scores
of the individual classifiers during test time across the ADNI subsets. Values of f; or
f+ that exceed the corresponding scores of f,,, are highlighted in bold. Considering
BACC, f! surpasses f™ on almost all subsets. ACC and BACC are presented in %.

Subset ~ Metric f™ f 1t
ACC 85.24 +£0.94 50.67 & 0.00  84.98 4 08.57
TE BACC 8193 £1.26 55.56 & 38.49 82.86 + 0.86
H(f7) 0.523 &£ 0.008 0.992 + 0.005 0.531 4+ 0.013
A ACC 81.87 £ 01.60 66.13 & 0.00 81.68 4+ 1.52
ge
BACC 81.84 £0.95 55.56 £ 38.49 80.57 4 0.89
H(f7) 0.503 £ 0.017 1.005 4 0.008 0.510 =4 0.009
) ACC 85.42 £ 0.76  47.73 £ 0.00 85.24 £+ 0.31
Weight
BACC 84.13 £2.22 55.56 & 38.49 84.66 + 0.23
H (f]) 0.511 &= 0.009 1.000 £ 0.006 0.515 £ 0.006
ACC 84.00 + 0.27 49.33 = 0.00 84.53 + 0.92
No-Shift
BACC 75.23 £0.43 55.56 £ 38.49 77.24 + 0.44
H (fj) 0.502 &£ 0.009 0.996 £+ 0.005 0.506 £ 0.013

score in the baseline. Here, the balanced accuracy score of f! surpasses the one of
f™ by 2.01%. Its entropy matches f™, indicating that f™ makes more confident
predictions, even when wrong. A similar behavior can be seen on the Black subset
of the DVM-Car dataset, which is shown in Table [l Here, the BACC score of
ftis 2.58% higher than the one of f™. Considering the standard accuracy, the
margin between the two classifiers is 2.61%. However, in this case, f' exhibits
a higher entropy score, indicating higher uncertainty. Additionally, for all other
DVM-Car subsets and the Age subset, f™ remains the best-performing classifier.
This highlights that the individual classifiers need to be included dynamically based
on the current situation during test time. The classifiers’ performance depends not
only on the current distribution shift but also on the nature of the dataset itself.

However, the contributions of f! to the classification task are currently ignored.
Therefore, we integrated the MoE framework into the STiL architecture. With
this approach, the results of all classifiers are dynamically integrated into a final
prediction. The goal is to make the model aware of the distribution shift it is
currently encountering so that it can rely more on the classifier that is likely to
provide better results.
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Table 8: Accuracy (ACC), balanced accuracy (BACC), and entropy (H (f7)) scores
of the individual classifiers during test time across the DVM-Car subsets. Values of
fi or f; that exceed the corresponding scores of f,, are highlighted in bold. ACC
and BACC are presented in %.

Subset Metric ~ f™ f 1t
ACC 90.09 &+ 1.14 36.28 & 2.43 92.70 + 0.38
Black BACC 8842 4+ 1.22 3047 +£2.19 91.60 &+ 0.49
H(f7) 0.235 +£0.014 1.476 + 0.098 0.428 + 0.009
il ACC 91.77 £ 0.59 51.24 4+1.81 89.16 & 0.93
iles
BACC 89.14 &£ 0.62 4351 £1.76 87.19 £ 1.28
H(f7) 0.181 £ 0.009 1.095 #+ 0.083 0.503 4 0.019
) ACC 91.58 &£ 0.51 59.28 & 1.81 88.29 £ 0.92
Color-Miles
BACC 90.19 &£ 0.66 5442 £244 87.19 + 0.87
H(f7) 0.159 &+ 0.014 0.868 + 0.123 0.543 4 0.045
ACC 96.65 + 0.17 66.14 & 1.07 94.97 £ 0.14
No-Shift
BACC 96.04 & 0.35 6220 £1.43 94.01 £+ 0.11
H(f7) 0.089 & 0.008 0.843 + 0.043 0.346 4 0.009

4.2.4.1 STiL-MoFE On the ADNI subsets, the first STiL-MoE variant was
tested extensively with all & € {1, 2,3}. The goal behind this approach is to evaluate
if the model benefits from all experts contributing to the task or only from a subset
of them. As f* outperforms f™ on three out of four subsets, it is expected that
the model will benefit from at least 2 activated experts per data sample. On the
other hand, the model could also learn to dynamically select the most fitting expert
without being made uncertain by unreliable experts if &k is set to 1. Furthermore,
we also tested each setting with both a simple linear layer and an MLP network as
the gate network. With this experiment setting, we can observe whether the simple
architecture design that is commonly used in literature is sufficient for our setting, or
whether a more complex approach would be preferable. Since the gate network has to
process the information of all modalities at once, a network structure with a higher
capacity may prove beneficial, as it could learn the complex relationships within
its input. To determine the effect of the introduced loss terms, we evaluated each
experiment with the values e € {0.1,0.5,1,2,3}. Both the ACC and BACC scores
of the linear layer and the MLP implementation with &k set to 1 are illustrated in
Fig. |25, The results demonstrate that the model severely suffers from this approach.



4 EXPERIMENTS 48

The mean scores of all subsets drop by high margins. For instance, the highest ACC
score achieved with the No-Shift subset using the linear layer gate network is 4.35%
lower (79.64%) than its baseline (84.00%) at € = 3, whereas the lowest score obtained
is 11.38% (72.62%) lower at ¢ = 1. The Age subset remains closest to its baseline
value (81.86%) as it achieves an ACC score of 80.53% at € = 2, which corresponds
to a margin of 1.33%. As for the BACC score, the model suffers as well. The
highest performance degradation can be observed on the TE subset. Here, model
performance drops by 8.83% (73.10%) compared to its baseline (81.93%) at the best
setting of €, which is € = 0.1 here. Its lowest score is 67.39%, which corresponds to
a degradation of 14.54%, and it is obtained at ¢ = 0.5. However, the Age subset
remains relatively close to its baseline score across all settings of e. Moreover, the
MLP gate network implementation also performs poorly. Here, the No-Shift subset
suffers the most. Its highest ACC score is obtained at ¢ = 1 (74.22%) and it is
9.78% lower than its baseline value (84.00%). Meanwhile, the highest BACC score
it achieves is still 12.4% (62.87%) lower than its baseline (75.27%). Furthermore,
across all settings, the results not only exhibit great variability across all values of e,
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Figure 25: Performance metrics of the STiL-MoFE variant on the ADNI subsets
across the different hyperparameter settings of €, using both the linear layer and the
MLP as the gate network. k is set to 1. The shades represent the standard deviation
of the respective scores across the three different seeds.
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they also showcase high standard deviations across the seed settings, indicating high
instability with respect to network weight initialization. Therefore, in the context
of STiL-MoFE, k = 1 is highly insufficient and destabilizes the model severely.

With k set to 2, the model performs noticeably better. The results are presented
in Fig. 260 Not only are the per-seed standard deviations across the experiment
settings substantially narrower than in the & = 1 results, but the mean scores
also do not drop as severely as in the previous setting. In fact, the results even
surpass the baseline by small margins at certain settings. For instance, the linear
gating network provides an improvement of 1.1% in the BACC score (from 81.93%
to 83.03%) at € = 0.1, whereas its ACC score remains at baseline level (85.24%).
Conversely, the linear leads to a higher BACC value but also a lower ACC score on
the No-Shift subset. Here, with € being set to 1, the highest BACC score obtained
(76.49%) is 1.22% higher than the baseline (75.27%), while its ACC score achieved
a value of 83.11%, which is 0.89% lower than the baseline. However, as for the ACC
score, the model exhibits the highest per-seed standard deviation on the No-Shift
subset (0 = 3.01%). The Weight subset benefits only by negligible margins from
the linear layer. At e = 0.5, model accuracy increases by 0.18% (from 85.42% to
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Figure 26: Performance metrics of the STiL-MoFE variant on the ADNI subsets
across the different hyperparameter settings of €, using both the linear layer and the
MLP as the gate network. k is set to 2.
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85.60%), whereas BACC increases by 0.59% (from 84.12% to 84.71%). The Age
subset suffers across all settings of €. Here, the best results are achieved at € = 3,
where the ACC score is 1.60% below the baseline (from 82.90% to 81.83%) and
BACC is 1.07% below (from 81.87% to 80.27%). The MLP gating network returns
similar results. Considering the BACC score, the STiL-MoFE variant exceeds the
baselines on two subsets. For the No-Shift subset, it exceeds the baseline by 0.88%
with a score of 76.15% (e = 0.1), whereas it exceeds it by 1.31% on the Weight
subset with a score of 85.43% (e = 3). Moreover, while the results of the other
subsets remain mostly consistent across €, the BACC score of the Weight subset
increases with the value of ¢, from 81.11% to 85.43%. The results also show that the
per-seed standard deviation also shrinks (from ¢ = 7.58% to ¢ = 1.13%). The ACC
scores do not exceed the baseline values but approach them closely. For instance,
the highest score, obtained at € = 0.1, using the No-Shift subset, is 83.82%, which
is just 0.18% below its baseline (84.00%). With the Weight subset, the model also
performs similarly to the baseline. At e = 3, it reaches 85.24%, which is 0.22% below
its baseline (85.42%).
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Figure 27: Performance metrics of the STiL-MoFE variant on the ADNI subsets
across the different hyperparameter settings of €, using both the linear layer and the
MLP as the gate network. k is set to 3.
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However, with respect to balanced accuracy, the model achieves its largest improve-
ment margins when k£ is set to 3. The obtained scores of the performance metrics
are illustrated in Fig. 27, With the linear gating network, the model reported bet-
ter BACC scores when processing both the No-Shift and Weight subsets. On the
Weight subset with € set to 2, it achieves a BACC score of 85.48%, which is 1.35%
higher than the respective baseline value of 84.13%. However, its ACC score also
drops by 0.9% to 84.53%. While using the No-Shift subset, on the other hand, the
model improves on both metrics. With ¢ = 3, its ACC score climbs up by 0.53%
(84.53%), while its BACC score reaches 77.11%, which corresponds to an improve-
ment of 1.84%. While using the Age and TE subsets, however, the model does not
benefit from architectural augmentation. With the Age subset, the model’s highest
BACC score is obtained at € = 3 and it is 0.48% (81.36%) lower than the baseline
(81.84%). At this setting, its ACC score is 80.97%, which is 0.89% lower (81.86%).
The highest BACC score using the TE subset (81.05%) is achieved with e = 2. Here,
the model’s ACC score remains close to the baseline with a value of 85.15%. For
these two subsets, the MLP gating network does not lead to better results. Here, the
model achieves a maximum BACC score of 80.48% (Age subset, € = 0.5), which cor-
responds to a 1.35% drop. The maximum score is 80.73% when using the TE subset.
When assessing the performance of the model with the MLP gating network when
processing the No-Shift subset, it exhibits a drop of 0.89% in accuracy (from 84.00%
to 83.11%). Its BACC score remains consistent with the baseline. Nevertheless, the
largest improvement margin can be observed on the Weight subset with ¢ being set
to 3. Here, the BACC score achieves 86.14%. This is an improvement of 2.01% with
respect to its baseline, which is 84.13%. Additionally, in this setting, the model’s
accuracy remains close to the baseline (85.24%), with a minor difference of 0.18%
compared to the baseline (85.42%). Furthermore, the per-seed standard deviation
of the balanced accuracy in this setting is also narrow, with a value of o = 0.46%,
which implies robustness against weight initialization for this setting. Overall, these
results indicate that k = 3 is the most promising setting when processing the ADNI
subsets.
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Figure 28: Performance metrics of the STil.-MoFE variant on the DVM-Car subsets
across the different hyperparameter settings of €. k is set to 3.
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On the DVM-Car subsets, however, this effect cannot be observed. Here, the per-
formance scores remain consistently close to the baseline values. The results are
presented in Fig. 28, Furthermore, the model produces consistent performance val-
ues across all settings of ¢, indicating robustness against this hyperparameter in this
experiment. The largest margin between values of ¢ can be observed on the Black
subset, from € = 2 to € = 3. Here, the model’s ACC score drops from 91.13% to
89.80%. The BACC score is reduced by 1.64%, from 89.18% to 87.54%. Never-
theless, the model exceeds the baselines at € = 2 by 1.04% on the ACC score and
by 0.66% on the BACC scores. These are the highest improvement margins rela-
tive to the baseline observed in this experiment. Moreover, the model only exhibits
improvements when processing the Black subset. On the other subsets, it suffers
regardless of the setting of €. Overall, the results indicate that the extent to which
the STiL-MoFE variant is beneficial depends on the underlying characteristics of
the dataset. Also, the differing behaviors regarding the settings of € between the
datasets also indicate that the loss term Lgtirmorr further influences the model’s
stability.

4.2.4.2 STiL-Switch The second variant adopts the Switch Transformer archi-
tecture, allowing us to compare our first variant with a widely used approach in
the literature. In this architecture, only a single expert is activated per embedding
part, thus £ is set to 1 across all settings. The model generates predictions for
each embedding component individually, leading to greater granularity, which could
result in better results since the embedding components are not evaluated jointly.
However, the classifiers are not explicitly trained to become experts dedicated to
handling the respective unimodal or multimodal data, as in the first variant, which
could deteriorate performance in our setting. The experiments were run with the
values ¢ € {0.001,0.01,0.1, 1, 2}.

Compared to the results obtained from the STiL-MoFE variant with & = 1, the
performance of STiL.-Switch is substantially more stable.
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Figure 29: Performance metrics of the STiL-Switch variant on the ADNI subsets
across the different hyperparameter settings of &.
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Figure 30: Performance metrics of the STiL-Switch variant on the DVM-Car subsets
across the different hyperparameter settings of &.

The achieved scores while processing the ADNI subsets are illustrated in Fig. [29]
The per-seed mean scores remain close to the baseline values, while the per-seed
standard deviations also indicate an improved robustness against weight initializa-
tion. Furthermore, the model exhibits robustness against the value of £, as its
performance metrics remain consistent throughout the hyperparameter’s settings.
However, compared to STiL-MoFE with k£ = 3, it provides only negligible improve-
ment margins. The highest improvement margin can be observed at & = 1 while
processing the No-Shift subset. Here, the BACC score is improved by 0.36% (from
75.28% to 75.74%), while the ACC score remains at baseline level.

Finally, the STilL-Switch variant was also evaluated using the DVM-Car subsets.
The results of the final experiment are presented in Fig. 30| Here, the model ex-
hibits a similar level of robustness to the choice of the hyperparameter £ as observed
when processing the ADNI subsets. However, the per-seed standard deviations on
the Black subset on & = 0.001 and £ = 1 indicate a higher instability with respect to
weight initialization than in the STiL.-MoFE setting. Additionally, none of the eval-
uated settings in this experiment surpass the baseline performance metrics. There-
fore, the results indicate that while the STiL.-Switch variant may be more stable
than the STiL-MoFE variant, it does not achieve the same level of improvement.
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5 Discussion

The results have shown that the effectiveness of the augmentation strategies ex-
amined in this thesis is highly dependent on multiple factors. Nevertheless, these
outcomes still deliver valuable insights. First, the experiments using the latent
embedding augmentation techniques show that the applied methods only lead to
improvements when they are applied in a fully supervised setting. In the original
Semi-SL setting, they result in serious deterioration in model performance. On the
other hand, in the fully supervised setting while processing the ADNI subsets, the
results remain close to the respective baselines throughout the experiments, which
shows that augmentation applied in the latent embedding space can lead to equiv-
alent results as input space augmentation. Here, the outcomes also indicate no
difference between the class-agnostic and class-dependent methods. Nevertheless,
the applied methods fail to close the gap between the different subsets and surpass
the baseline scores only by negligible margins, indicating that they are not sufficient
for handling data distribution shifts. The integration of the MoE framework, on
the other hand, proves to be a more promising approach. Considering the balanced
accuracy, the STiL-MoFE variant improves the model performance by up to 1-2%
on various settings of € when processing the ADNI subsets. However, when process-
ing the ADNI subsets, the model demonstrates greater instability across different
settings of both the MoE loss term hyperparameter and the weight initialization
seed than when processing the DVM-Car subsets. This indicates that dataset char-
acteristics, such as dataset size and data type, strongly influence the stability of the
STiL-MoFE variant. In contrast, the STiL-Switch variant does not exhibit instabil-
ity at a comparable scale. Here, the performance scores remain largely consistent
across all settings of € for both subsets. However, this variant does not result in
improvements of the same magnitude, with both ACC and BACC remaining close
to the baseline in the best-case scenarios. Nevertheless, the differing behavior across
the evaluated performance metrics provides insight into the model’s class-wise per-
formance. The balanced accuracy calculates the average of the per-class recall (see
Eq. ), whereas the standard accuracy calculates the overall proportion of correct
predictions (see Eq. (39)). Thereby, the balanced accuracy gives all classes the same
weighting regardless of their frequency. Thus, in cases where the STil.-MoE variants
exhibit higher BACC scores while ACC remains at similar levels, this indicates that
the proposed model architectures can become more sensitive to underrepresented
classes when appropriately tuned. In cases where ACC decreases, this suggests
that sensitivity to minority classes is traded off for increased sensitivity to majority
classes.

Considering the results on the ADNI subsets, model performance is increased on
three out of four subsets, namely the No-Shift, the Weight, and the TE subsets,
which exhibit data distribution shifts in both image and tabular features. However,
to this extent, these improvements are only observed when processing the ADNI
subsets. When processing the DVM-Car subsets, we observe improvements only on
the Black subset. Here, this is the only subset from this dataset that is purely shifted
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within an image feature. This indicates that the augmentation strategy cannot be
applied to real-world data without first considering the origin of the underlying data
distribution shift. For medical data, the results imply that the shifted feature should
not be positively correlated with the disease incidence rate, such as age in the case of
AD. However, together with the findings presented in Table[7]and Table 8], they also
imply that the performance of the unimodal classifiers such as f* could be utilized
as an indicator of successful integration. When f! exhibits stronger performance
than f™, the STiL-MoE variants tend to yield better results.

However, this thesis also has limitations. First, all experiments concentrate on
enhancing the performance of the STil. architecture. No other model has been eval-
uated. Thus, it is unclear whether the proposed augmentation strategies would lead
to similar results if they were applied to other models. In particular, the benefit
of integrating MoE into the model remains uncertain, as its effectiveness depends
on the model successfully bridging the information modality gap by leveraging both
modality-specific and modality-shared information. Thus, it remains an open ques-
tion for future works to examine whether MoE can lead to benefits when applied
to MMFMs following either the Co-Training or the Co-Regularization paradigms.
Second, regarding the STiL.-MoFE variant, the variability in performance across
different MoE loss-term settings suggests that the proposed architecture is sensitive
to hyperparameter selection. Since no extensive hyperparameter tuning was per-
formed, it remains uncertain whether optimal hyperparameter settings could lead
to more stable performance improvements. However, given the size of the model
and the complexity of its loss function, searching for optimal hyperparameters is a
challenging task. Another possible explanation for the observed instability is the
relatively small size of the subsets. For instance, the DVM-Car subsets are substan-
tially smaller than the dataset used by Du et al. (2025) to train the original model.
Additionally, we only acquired access to the first dataset of ADNI, ADNI1, which
consists of a relatively small number of data samples. Consequently, we argue that
the examined performances and model stability in this work could also be enhanced
by larger dataset sizes. The examination of the impacts of these properties is left for
future works. Moreover, given that the STiL-MoE variants have only been examined
in a fully supervised setting, it remains unclear whether the architectural changes
would yield any benefits if applied in a Semi-SL setting.

Finally, other approaches could lead to improvements as well. For example, since
data augmentation in both the input space and the latent embedding space leads
to similar results, future work could explore whether combining these approaches
further enhances model performance. Moreover, since the integration of the MoE
framework has led to improved performance metric scores, model performance could
also be improved by other model-merging paradigms. For instance, methodologies
such as optimization merging and pruning merging have been reported to improve
model generalization (Ruan et al., |2025). Here, the parameters of multiple, pre-
trained models sharing the same architecture are combined. Under this approach,
multiple models could be trained on predefined subsets that exhibit distribution
shifts across different features and subsequently merged to produce a final model
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that is more robust to such shifts. Another promising approach is test-time adaption
(Liang et al.,|2025)), which adapts the weights of a pre-trained model directly at test
time. These methods have already shown promising results when evaluated under
data distribution shifts.



6 CONCLUSION 57

6 Conclusion

In this thesis, we examined the effectiveness of different augmentation strategies
to mitigate the deteriorating impact of data distribution shifts between training
and test data on the STilL model architecture. While we analyzed the efficacy of
state-of-the-art latent embedding augmentation techniques, we also proposed two
novel model architectures, STiL-MoFE and STiL-Switch, that adapt the Mixture-
of-Experts framework and demonstrate its potential to mitigate distribution shifts.
With this approach, we were able to exploit both modality-shared and modality-
specific information more efficiently by dynamically weighting the multimodal and
unimodal classifiers within the CGPL module of the STiL. architecture. The results
of this work indicate that while latent embedding augmentation techniques can
achieve performance comparable to transformations applied at the input space level,
they do not surpass their effectiveness when used in isolation. As for the STil.-MoE
variants, both have their own advantages and disadvantages: the STil.-MoFE can
achieve noticeable improvements, but its performance is unstable with respect to the
introduced hyperparameters. The STilL-Switch variant, on the other hand, exhibits
greater stability in this regard, but at the cost of reduced performance gains. Future
work could therefore investigate the influence of hyperparameters in greater detail,
as optimal configurations may help mitigate the limitations of both variants.
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