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Abstract

Domain generalization addresses the challenge of deploying machine learning models
in environments where the data distribution differs from that seen during training.

This thesis introduces a new method to improve the robustness of deep neural net-
works when faced with shifts in data distribution by applying data augmentation
at test time using latent style statistics. The approach extracts style-related feature
statistics from intermediate layers of a pre-trained model and uses these statistics
to generate style-transformed variants of samples at test time. The augmented
inputs are then processed by the model and their predictions are aggregated, re-
ducing sensitivity to domain-specific variations. Experiments on standard domain
generalization benchmarks demonstrate that this test-time augmentation can im-
prove accuracy on unseen target domains compared to models with training-time
style-based augmentation.

The findings indicate that leveraging style variations at inference time effectively
mitigates these shifts and enhances the model’s generalization performance without
requiring any modification to the trained network.

All code and experimental resources accompanying this thesis are accessible under
the project repository hosted on GitHub1.

1https://github.com/ahlershilke/latent-style-tta.git
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Abstract

Domain Generalization befasst sich mit der Herausforderung, Machine-Learning-
Modelle in Umgebungen einzusetzen, in denen die Datenverteilung von der während
des Trainings beobachteten abweicht.

Diese Arbeit stellt eine neue Methode vor, um die Robustheit tiefer neuronaler Netze
bei Verschiebungen in der Datenverteilung zu verbessern, indem zum Testzeitpunkt
eine Datenaugmentierung unter Verwendung latenter Stilstatistiken durchgeführt
wird. Der Ansatz extrahiert stilbezogene Merkmalsstatistiken aus den Zwischen-
schichten eines vortrainierten Modells und verwendet diese, um stiltransformierte
Varianten jeder Testeingabe zu generieren. Die augmentierten Eingaben werden
dann vomModell verarbeitet und ihre Vorhersagen aggregiert, wodurch die Empfind-
lichkeit gegenüber domänenspezifischen Schwankungen verringert wird. Experi-
mente mit standard Datensätzen zu Domain Generalization zeigen, dass diese Aug-
mentierung zum Testzeitpunkt die Genauigkeit auf unbekannten Zieldomänen im
Vergleich zu Modellen mit stilbasierter Augmentierung zur Trainingszeit verbessern
kann.

Die Ergebnisse deuten darauf hin, dass die Nutzung von Stilvariationen zum Zeit-
punkt der Inferenz diese Verschiebungen wirksam abmildert und die allgemeine
Leistung des Modells verbessert, ohne dass Änderungen am trainierten Netzwerk
erforderlich sind.

Der gesamte Code und alle experimentellen Ressourcen zu dieser Arbeit sind im
Projekt-Repository auf GitHub2 verfügbar.

2https://github.com/ahlershilke/latent-style-tta.git
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1 Introduction

1.1 Motivation

Deep learning has become a central technology in computer vision, powering ap-
plications from autonomous driving to medical imaging. Neural networks typically
assume that the training and test data are drawn from the same distribution (Zhou
et al., 2022a). In practice, this assumption rarely holds due to variations in visual
style, lighting or other domain-speci�c factors. For example, a model trained on
clear daytime images may perform poorly on images taken at night or in foggy con-
ditions (Zhou et al., 2022a). Domain Generalization (DG) addresses this problem by
learning representations that remain robust across distribution shifts, using one or
multiple source domains for training to enable generalization to previously unseen
target domains (Zhou et al., 2022a). In DG, the model has access only to the source
domains during training, which makes large domain shifts particularly challenging.

Many recent works focus on image style as a way to characterize domain di�erences.
In convolutional neural networks (CNN), the channel-wise means and variances of
feature maps, which are often called latent style statistics, encode the low-level
appearance of an image (Park et al., 2023). Observations by Huang and Belongie
(2017) and others show that domain characteristics strongly correlate with these
feature statistics. For example, approaches by Zhou et al. (2021) and Li et al. (2021)
explicitly mix the style statistics of di�erent images during training to generate
new domain variants, which has been shown to improve generalization. However,
even with these methods, an unseen target domain may lie far outside the range of
generated styles, and a model trained only on source data may still be a�ected by
a large style gap.

A promising direction for addressing domain shift is test-time adaptation and aug-
mentation. Instead of relying exclusively on training-time strategies, these methods
adapt the model or its inputs at inference. Test-time data augmentation, in par-
ticular, leverages the idea of exposing a model to transformed versions of each test
sample to improve prediction robustness (Shanmugam et al., 2020). Recent work
has shown that augmenting test data with style-related variations can reduce sensi-
tivity to unseen domains. Park et al. (2023) propose shifting a test sample's style to
match the nearest training domain using Adaptive Instance Normalization (AdaIN)
normalization.

Inspired by Park et al. (2023), we focus on transforming the test data itself by
augmenting it with source-domain style statistics from multiple intermediate convo-
lutional layers. By manipulating these statistics at inference, we align test samples
with the known source-domain characteristics. In doing so, we aim to improve ro-
bustness without altering the trained model's parameters to o�er a lightweight and

exible approach for DG.
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1.2 Focus and Scope

The central focus of this thesis is to evaluate whether inserting source-domain feature
statistics into selected layers of a network during inference can enhance DG. This
approach falls under the umbrella of Test-Time Augmentation (TTA), but it di�ers
in that it operates within the feature space of a pre-trained model and selectively
shifts the latent style of test samples toward training domains.

The scope of this work are classi�cation tasks. We use convolutional residual net-
works as the backbone architecture. Two benchmark datasets are employed, PACS
(Li et al., 2017) and VLCS (Fang et al., 2013), which are widely adopted in DG
literature (PACS stands for Photo, Art Painting, Cartoon, Sketch, VLCS is short
for VOC2007, LabelMe, Caltech101, SUN09; both are acronyms for their respective
domains). Within this setup, we systematically compare di�erent insertion points
in the network and focus on how layer depth in
uences the trade-o� between style
alignment and semantic preservation.

By narrowing the scope to this setting, we aim to provide insights into the inter-
play between feature statistics, TTA and classi�cation performance. These insights
are intended to inform future extensions to more complex architectures, tasks and
domains.

1.3 Relevance of Research

The relevance of this work lies in its position at the intersection of three active
research areas: domain generalization, style transfer and test-time augmentation.
Prior approaches such as MixStyle (Zhou et al., 2021) have demonstrated the e�ec-
tiveness of blending feature statistics during training to create synthetic domains.
At the same time, test-time augmentation shows that adjusting models or inputs at
inference can mitigate unexpected domain shifts (Park et al., 2023).

This thesis aims to contribute to this landscape by exploring a hybrid perspective.
Instead of retraining the model or relying only on training-time mixing, we directly
manipulate test samples in feature space during inference. The novelty lies in eval-
uating where in the network this manipulation is most e�ective, and whether it
provides measurable robustness improvements across benchmarks.

By situating the work within this broader literature, the thesis both validates and
extends the idea that style statistics are useful for managing domain shifts. It
provides insight on the conditions under which test-time style augmentation succeeds
and where its limitations become apparent.
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1.4 Contributions

This thesis aims to make the following contributions:

1. Test-Time Latent Style Augmentation: We propose a test-time data augmen-
tation framework that modi�es test features by injecting source-domain style
statistics. This approach improves the model's robustness to unseen target
domains without any model �ne-tuning.

2. Analysis of Extraction Strategies: We systematically evaluate how the layer at
which style augmentation is applied a�ects domain generalization. Our results
show that aligning low-level statistics often yields the largest improvements in
bridging domain gaps, while perturbing higher-level features tends to hurt
semantic content.

3. Augmentation Techniques: We explore multiple methods for blending or sub-
stituting feature statistics during inference. For example, we test simple sub-
stitution versus mixing of channel means and standard deviations. We �nd
strategies that e�ectively draw test samples towards the source-domain mani-
fold while preserving class identity, and we quantify their impact on accuracy.

4. Uncertainty-Accuracy Study: We investigate the relationship between predic-
tive accuracy and model uncertainty under di�erent strategies. Our analysis
reveals whether more accurate con�gurations also tend to produce more con-
�dent predictions. This has implications for using uncertainty estimates to
gauge reliability in domain-shift scenarios.

5. Empirical Validation: We demonstrate our approach on the PACS and VLCS
benchmarks. On challenging domains, our approach substantially improves
classi�cation accuracy by reducing style discrepancies. The results support
our hypotheses about layer choice and style injection, and provide practical
insights for future DG research.

Thesis Organization The remainder of the thesis is organized as follows. Chap-
ter 2 reviews the theoretical background on domain generalization and related con-
cepts. Chapter 3 describes our methodology in detail, including the test-time aug-
mentation pipeline and feature extraction strategies. Chapter 4 presents the exper-
imental setup and results, analyzing the in
uence of di�erent strategies and vali-
dating the research questions. Finally, Chapter 5 concludes with a discussion of the
�ndings, limitations and possible future directions.
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2 Theoretical Background

2.1 Domain Generalization

Domain Generalization refers to a machine learning (ML) paradigm that aims to
overcome the fundamental challenge of distributional shift between training and
deployment environments by learning models capable of generalizing to out-of-
distribution (OOD) target domains without access to any target domain data during
training (Mai et al., 2025; Zhou et al., 2022a).

Formally, let the input space be denoted byX and the label space byY. A domain is
de�ned as a joint probability distribution PXY over X � Y . For a particular domain
PXY , we denotePX as the marginal distribution over inputs,PY jX as the posterior
distribution and PX jY as the class-conditional distribution.

In DG, we are given access toK related but distinct source domains

S = fS k = f (x(k)
i ; y(k)

i )gN k
i =1 gK

k=1 (1)

where each domainSk is sampled from a distinct joint distribution P (k)
XY . It holds

that P (k)
XY 6= P (k0)

XY for all k 6= k0. The goal is to learn a predictorf : X ! Y based
solely on source domains such that the prediction error is minimized on an unseen
target domain T = f xT

i gNT
i =1 with its own distribution PT

XY , wherePT
XY 6= P (k)

XY 8k 2
f 1; : : : ;Kg (Mai et al., 2025; Zhou et al., 2022a).

The DG task was �rst formalized as a learning problem by Blanchard et al. (2011),
while the term 'domain generalization' was later introduced by Muandet et al.
(2013). Unlike Domain Adaptation (DA) or transfer learning, DG assumes that
no samples, not even unlabeled ones, from the target domain are available at train-
ing time, which makes it a more challenging yet practical setting for real-world
applications (Gulrajani and Lopez-Paz, 2020).

Multi-Source vs. Single-Source Domain Generalization DG has been most
extensively studied under the multi-source setting, where data is drawn from multi-
ple distinct but related source domains (K > 1). This setting is particularly powerful
because it enables models to discover statistically invariant patterns across domains,
which are more likely to hold in novel target domains (Zhou et al., 2022a). The orig-
inal motivation for DG, as outlined by Blanchard et al. (2011), was to exploit these
multiple sources to learn robust predictors without relying on target domain data.
In contrast, the single-source DG setting assumes all training data originates from
a single distribution (K = 1). While more restrictive, this setting is relevant to
research on robustness to OOD shifts, such as image corruptions or changes in
environment. Many techniques originally designed for multi-source DG are also
applicable in the single-source setting and vice versa, as they generally focus on en-
hancing the model's robustness to domain shifts in a more general sense (Gulrajani
and Lopez-Paz, 2020).
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Domain Shift and the IID Assumption A core challenge in DG is the domain
shift problem, which refers to a mismatch between the distributions of training and
test data. Formally, if Dtrain � P(train (X; Y ) and Dtest � P(test)(X; Y ) with
Ptrain 6= Ptest , we have a distribution shift that violates the standard IID assump-
tion of training and test samples being independently and identically distributed
(Zhou et al., 2022a). Such distributional discrepancies are ubiquitous in real-world
applications and often lead to signi�cant drops in model performance (Mai et al.,
2025). For example, Torralba and Efros (2011) demonstrated that an object de-
tector trained on one image dataset failed to generalize to another dataset due to
dataset-speci�c biases. Likewise, modern deep learning systems such as self-driving
car vision models can 'crash' when tested in conditions unlike those in training
with changes in lighting, weather or sensor perspective degrading their performance
(Gulrajani and Lopez-Paz, 2020). These failures occur because models trained via
empirical risk minimization (ERM) on Dtrain tend to over�t to domain-speci�c pat-
terns by exploiting incidental or spurious correlations in the source data that do not
hold in the new domain (Gulrajani and Lopez-Paz, 2020). Deep neural networks
in particular are notorious for latching onto super�cial cues that can di�er across
domains (Gulrajani and Lopez-Paz, 2020). As a result, even minor perturbations
in the data-generating process can cause signi�cant drops in accuracy when models
are evaluated OOD (Zhou et al., 2022a). This underscores the inherent fragility
of current ML systems under distribution shift and highlights the need for robust
generalization, i.e. models that maintain high performance despite changes in data
distribution. Designing algorithms to achieve this kind of robustness is therefore of
importance in DG research.

Most existing DG benchmarks assume a relatively homogeneous domain shift, where
the di�erences between source and target domains are of a similar nature across
all domains (Zhou et al., 2022a). Under such setups, the source to source shifts
encountered during training are highly correlated with the source to target shifts
at test time. However, real-world scenarios often exhibit heterogeneous domain
shifts, where the target domain di�ers in a fundamentally new way not observed in
any source domain (Zhou et al., 2022a). In these cases, the shifts between training
domains provide poor predictors of the shift to an unseen test domain. For example,
sources might consist of photos, paintings or sketches of objects, while an unforeseen
target domain contains images captured from novel viewpoints (Zhou et al., 2022a).
Another example would be digit images under various rotations as source domains
with the target domain containing digits with a di�erent texture or background
(Zhou et al., 2022a). Such heterogeneous shifts are a critical challenge for DG, and
they are underrepresented in current benchmarks (Zhou et al., 2022a).

Formal Learning Objective in DG The supervised learning objective in stan-
dard settings is to learn a functionf : X ! Y that minimizes the expected loss over
the true data distribution:

E(x;y )� P [`(f (x); y)]: (2)
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In practice, due to limited access to the real distributionP, this is approximated via
ERM on a training dataset D = f (x i ; yi )gn

i =1 � P:

f̂ = arg min
f

1
n

nX

i =1

`(f (x i ); yi ): (3)

In DG, this objective is rede�ned to account for distributional variability across
multiple training domains with the goal of minimizing the expected loss on unseen
domains:

f̂ = arg min
f

max
P 2 Ptest

E(x;y )� P [`(f (x); y)]; (4)

wherePtest is the family of test distributions that are unknown during training but
share certain invariances with the source domains (Arjovsky et al., 2020; Gulrajani
and Lopez-Paz, 2020). Various Domain Generalization algorithms di�er in how they
model and enforce invariances, for example by aligning causal mechanisms through
regularization based on average causal e�ects (e.g., Contrastive ACE by Wang
et al. (2023)) or by learning transformations that minimize distributional diver-
gence across domains to extract domain-invariant features (e.g., Domain-Invariant
Component Analysis by Sheth et al. (2022)).

Methods and Applications DG has found applications across domains, partic-
ularly in computer vision, speech recognition and medical imaging.

In computer vision, DG is crucial for tasks like object recognition and detection
under varying conditions. Models are often evaluated on datasets such as PACS (Li
et al., 2017), VLCS (Fang et al., 2013) or DomainNet (Peng et al., 2019), which
simulate shifts in image style or capture environment (Gulrajani and Lopez-Paz,
2020). Here residual networks (ResNet) (He et al., 2016) serve as strong baselines,
and methods ranging from style transfer data augmentation to domain-adversarial
training are used to learn representations invariant to image style. The e�cacy of
these approaches is evidenced by robust performance across drastically di�erent vi-
sual domains in object recognition tasks (Gulrajani and Lopez-Paz, 2020). Another
vision application is in autonomous driving, where models trained in one city or
weather condition need to generalize to new cities or weather conditions without
additional tuning, a scenario where DG algorithms can improve safety by handling
unseen conditions. The computer vision �eld has driven much of development in DG,
with algorithms stress tested on heterogeneous image domains and even challenges
like image corruption robustness under the single-source DG setting.

In speech recognition, DG addresses variability in speakers, accents, languages and
acoustic environments. A notable study by Narayanan et al. (2018) trained an end-
to-end ASR system on six distinct source domains like voice search queries, dictated
speech or telephone audio and tested it on unseen domain data of telephony speech.
The multi-source trained model achieved better accuracy on the unseen domain than
any single-source model, demonstrating that diverse training data leads to a more
domain-agnostic speech recognizer.
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In medical imaging, DG is particularly critical due to the variability across hospitals,
imaging devices and patient populations (Yoon et al., 2024). A model trained on
scans from one hospital may fail when applied to another hospital's data because
of shifts in image distributions caused by di�erent scanner manufacturers, protocols
or demographic di�erences. In this direction, DG is often addressed through data
augmentation to mimic the induced variability. Zhang et al. (2020) proposed an al-
gorithm with a stacked transformation pipeline for combining intensity, appearance
and spatial changes, which signi�cantly improved cross-site MRI and ultrasound seg-
mentation without target data. Ouyang et al. (2022) introduced a causality-inspired
augmentation framework that generates diverse appearance shifts and breaks spuri-
ous correlations to achieve robust gains across cross-modality and cross-site bench-
marks. Similarly, Zhou et al. (2022b) used style-based intensity transformations
and dual normalization to enhance cross-modality generalization in brain and car-
diac imaging.

A key enabler for DG has been the advent of deep architectures like ResNets. In-
troduced by He et al. (2016), ResNet uses skip connections (residual shortcuts) to
combat the vanishing gradient problem to allow the training of ultra-deep CNNs
without degradation in performance. These residual networks achieved state-of-the-
art results on ImageNet (Deng et al., 2009) and demonstrated excellent general-
ization to other recognition tasks. ResNets (especially ResNet-50) have become a
backbone in many DG studies. Recent evidence suggests that a strong backbone
coupled with proper training strategies can substantially narrow the gap between
vanilla ERM and specialized DG algorithms. Gulrajani and Lopez-Paz (2020) found
that a deep ResNet with heavy data augmentation performed on par with numer-
ous DG-speci�c methods across vision benchmarks. Likewise, an extensive study
by Angarano et al. (2024) showed that simply adopting a more powerful feature ex-
tractor together with e�ective augmentation allows plain ERM to outperform many
dedicated DG solutions, even reaching state-of-the-art accuracy on standard bench-
marks. These �ndings underscore the importance of network architecture in DG and
suggest that continuing advances in backbone designs directly translate to stronger
OOD performance.

To address the challenges of DG, multiple algorithmic strategies have been devel-
oped. These include domain-invariant representation learning, where distributions
are aligned in feature space (Muandet et al., 2013), meta-learning, where models are
trained on simulated domain shifts to improve their adaptability (Zhou et al., 2022a)
and data augmentation, which introduces variability in the training data to enhance
model robustness (Mai et al., 2025). Data augmentation methods in particular have
been proven e�ective for DG.
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2.2 Augmentation

Data Augmentation is a key strategy for improving model robustness under domain
shift in DG. By generating diverse training examples, augmentations encourage
models to learn invariant features that generalize to unseen domains. Augmentation
methods are often categorized by where they act in the pipeline. Image-level (input-
space) augmentations operate directly on raw images and apply transformations or
perturbations that mimic cross-domain variability (Mai et al., 2025). In contrast,
feature-level augmentations act on intermediate neural representations and inject
variability into the latent feature space. Style-transfer{based augmentations have
emerged as a complementary approach by synthesizing novel image styles while
preserving semantic content to expose models to a broader range of appearance
variability.

2.2.1 Image-level Augmentation

At the image level, augmentations manipulate the raw input spaceX to simulate
inter-domain variability. Traditional geometric and photometric augmentations such
as random 
ips, crops, color jitter and scaling are simple yet e�ective techniques to
enlarge the training set. For example, random horizontal 
ips and crops encourage
invariance to object viewpoint and positioning, while brightness and contrast ad-
justments or Gaussian noise mimic camera or sensor variability (Mai et al., 2025;
Schwonberg et al., 2023). These classic augmentations preserve the semantic label of
an image (e.g., an object remains the same despite a 
ip) and have proven bene�cial
in many DG settings. In particular, device-related shifts in medical imaging (e.g.,
changes in scanner settings or patient conditions) can often be mitigated by basic
augmentations (Mai et al., 2025; Zhou et al., 2022a). However, it is important that
augmentations do not distort class semantics. For instance, 
ipping a handwritten
digit may alter its label and extreme color changes can render an object unrecog-
nizable. Thus, practitioners typically choose augmentations that are semantically
appropriate for the task and domain. When well-chosen, even standard augmen-
tations can signi�cantly improve generalization without adding complexity to the
model.

Beyond naive transformations, advanced image space strategies can generate more
powerful domain variations. One notable example is Fourier-based Amplitude Mix-
ing (Xu et al., 2021). This method decomposes an image into its Fourier amplitude
(low-level texture) and phase (high-level structure). To synthesize an augmented
image, Xu et al. (2021) linearly interpolate the amplitude of two images from dif-
ferent domains while keeping the phase �xed. After mixing amplitudes, the inverse
Fourier transform produces the new image. Because phase encodes the object's
semantic layout, preserving it ensures that the augmented image depicts the same
content (e.g., a 'horse' remains recognizable) while its texture and color statistics
are blended. In practice, an image reconstructed from only phase retains clear struc-
ture, whereas an amplitude-only reconstruction loses detail (Xu et al., 2021). By
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perturbing the entire amplitude spectrum, the Amplitude Mixing strategy injects
aggressive yet label-preserving variations. The authors show that this forces the
model to focus on phase (semantic) information and become invariant to amplitude
variations. In other words, Fourier mixing helps the network ignore domain-speci�c
texture di�erences and concentrate on the core content, which enhances OOD per-
formance.

Another sophisticated augmentation is Stochastic Feature Augmentation (Li et al.,
2021), which although applied in feature space, can be viewed as an image-level
regularizer. This approach injects Gaussian noise into the latent embedding of each
training image during forward passes. In its simplest form, a feature vector is scaled
and shifted by random factors sampled from normal distributions. This perturbs
features in a data-independent way and creates slight variations of each example
as if drawn from a continuous domain. The authors further propose an adaptive
variant by maintaining running estimates of the class-conditional covariance matri-
ces of features and sampling a noise vector to add to features of a class. Intuitively,
this adds larger perturbations along directions of high inter-domain variability while
preserving intra-class structure. Although Stochastic Feature Augmentation mod-
i�es feature vectors, it has a comparable e�ect to image augmentation. Li et al.
(2021) demonstrate that this simple plug-in augmentation substantially improves
DG performance.

In addition, sample mixing augmentations like MixUp (Zhang et al., 2018) and Aug-
Mix (Hendrycks et al., 2020) have been used to synthesize novel images. In MixUp,
two images are combined, with their one-hot labels similarly mixed. This creates
training samples 'between' domains and encourages linear label interpolation. Aug-
Mix takes a di�erent approach: It applies multiple random simple augmentations
from a prede�ned set (like rotation or contrast change) in sequence and averages
the results with the original. Both techniques generate diverse yet realistic augmen-
tations that help models generalize. While they were not speci�cally designed for
DG, they are complementary tools for creating domain-bridging samples.

It is important to exercise caution when applying augmentations. Wen et al. (2021)
show that MixUp can adversely interact with model ensembling. They �nd that the
soft-labeling inherent in MixUp leads to ensembles that are systematically under-
con�dent. Intuitively, mixing labels across classes spreads probability mass, so when
averaged over ensemble members, predictions gravitate towards a low-con�dence
baseline. This 'compounding under-con�dence' degrades calibration (reliable uncer-
tainty estimation). Wen et al. (2021) address this by proposing CAMixUp, which
adapts the mix ratio � on a per-class basis according to the accuracy-con�dence
mismatch. By doing so, they partially recover con�dence levels without sacri�c-
ing the accuracy gains from MixUp. So complex augmentations, especially those
which soften labels, must be integrated carefully, since naive combinations can yield
unforeseen calibration issues (Wen et al., 2021). Beyond calibration, overly aggres-
sive augmentations may introduce artifacts or unrealistic samples that confuse the
model. Thus in practice, one typically applies a balanced suite of augmentations by
combining several mild transformations such as blur, color shift and slight geometric
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distortions, which often yield the best results. Schwonberg et al. (2023) �nd that
blending multiple simple augmentations can nearly match complex DG methods in
semantic segmentation. The authors observe that chains of basic augmentations
outperform single operations and achieve competitive mean Intersection over Union
values on challenging synthetic-to-real benchmarks.

In summary, image-level augmentation spans a spectrum from standard color trans-
forms to novel spectral and mixing techniques. Each tool has trade-o�s: while
geometric and photometric edits are cheap and interpretable (Mai et al., 2025), ad-
vanced mixes create stronger domain shifts at the risk of calibration or semantic
distortion (Wen et al., 2021; Xu et al., 2021). Selecting and tuning augmentations
remains task-dependent, but an e�ective augmentation pipeline typically includes a
variety of both low-level and learned transformations.

2.2.2 Feature-level Augmentation

Unlike image-level augmentations, feature-level augmentations operate on the hid-
den representations (the latent features)� (x) within the neural network rather than
on pixels. In a deep CNN, latent space refers to the intermediate feature maps or
activation vectors produced by each layer, essentially a high-dimensional encoding of
the input image at a level of abstraction (Islam et al., 2023). These latent represen-
tations capture salient information about the input. Lower-layer CNN features tend
to encode style or texture, while deeper layers capture more content or structure re-
lated to object identity (Zhou et al., 2021). By manipulating these internal features
directly, variability to simulate new domain conditions without altering the pixel
space can be introduced. Because augmentations in latent space do not require ren-
dering of an image, they are often more 
exible and computationally cheaper (Mai
et al., 2025). Many feature-space augmentation modules are built for easy insertion
as an extra layer in the network without requiring major architectural changes (Mai
et al., 2025; Zhou et al., 2021). This makes them a practical option for improving
domain robustness.

Latent feature augmentation methods generally fall into two broad categories, fea-
ture perturbation and feature stylization. These are also known as adversarial and
non-adversarial feature augmentations (Mai et al., 2025). Feature perturbation tech-
niques introduce noise or other random perturbations into the intermediate features
to simulate domain shifts. For instance, Simple Feature Augmentation by Li et al.
(2021) adds Gaussian noise to feature activations by randomly scaling and shifting
the feature map values. They sample random a�ne parameters from a Gaussian
distribution and apply them to the feature tensor, which injects controlled noise into
the network's representation. Such perturbations imitate real-world variation in the
latent space. By training with these perturbed features, the model learns to ignore
domain-speci�c activation patterns and focuses instead on the essential signals that
generalize across domains. Some approaches craft these perturbations adversarially,
for example by adding feature noise that maximally confuses a domain classi�er (Mai
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et al., 2025), to explicitly force the learned representation toward domain-invariant
directions.

Feature stylization methods alter the distributional statistics of feature maps to cre-
ate novel styles in the latent space. A hallmark feature-level method is MixStyle
(Zhou et al., 2021). Intuitively inspired by style transfer techniques such as AdaIN,
MixStyle randomly exchanges the channel-wise feature statistics between two sam-
ples. Given two feature embeddingsf i and f j (e.g., from the �rst CNN block), their
per-channel means and standard deviations are computed (� i ; � i ) and (� j ; � j ), then
a value � � Beta(�; � ) is sampled and mixed statistics� mix = �� i + (1 � � )� j ,
� mix = �� i + (1 � � )� j are formed. Finally, these mixed features are applied to
normalize and re-scalef i :

f mix = � mix �
f i � � i

� i
+ � mix : (5)

This operation swaps the 'style' or texture encoded inf i with that of f j while leaving
the relative content structure intact. Intuitively, mixing feature statistics in this
way synthesizes new domain appearances within the feature space so the network is
exposed to a continuum of interpolated styles beyond those present in the original
training data Zhou et al. (2021). This is done implicitly during training without
needing to generate any actual images to keep it e�cient. By randomizing feature
distributions on the 
y, the model is encouraged to learn latent representations that
discount style variations as irrelevant and focus on more stable, domain-agnostic
features. Zhou et al. (2021) observe that visual domains form distinct clusters
in the feature-style space. By continually mixing these statistics during training,
MixStyle creates a continuum of novel styles. This creation of synthetic distributions
e�ectively augments the feature set with unseen domain styles without changing
the class labels. Empirically, feature stylization methods like MixStyle have shown
substantial gains in DG performance across vision benchmarks (Mai et al., 2025;
Zhou et al., 2021).

Several extensions and variants build on the MixStyle idea. Jeon et al. (2021) make
feature augmentation aware of class semantics through contrastive learning to fur-
ther improve domain robustness. The authors combine feature stylization with a
domain-aware contrastive loss by decomposing a feature map into high-frequency
(detailed) and low-frequency (coarse) components. Then they stylize only the low-
frequency part by mixing in statistics from other samples which preserves the high-
frequency shape cues. The augmented features are merged back and fed to the
network. They introduce a supervised contrastive objective that pulls together styl-
ized features of the same class across di�erent simulated styles while pushing apart
di�erent classes. This encourages the model to learn features that are invariant to
the arti�cial style perturbations yet still discriminative by class.

Yamashita and Hotta (2024) extend MixStyle into a framework for adaptation at
inference. They propose MixStyle-based Contrastive Test-Time Adaptation, where
the network learns with two objectives, standard classi�cation and a MixStyle-driven
contrastive task. At test-time, they apply MixStyle-based contrastive updates to
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adapt the feature extractor to the incoming unlabeled domain. This two-phase
scheme leads to state-of-the-art DG accuracy on benchmarks like PACS and O�ce-
Home and surpasses even specialized Test-Time Augmentation methods. The key
insight is that the same style-mixing that diversi�es domains during training can be
used to align the model to a new domain at inference, all without needing target
labels.

Other feature-level augmentations have been explored, such as Huang et al. (2025),
who introduce a generative feature-style augmentation targeted at medical image
segmentation. They train a style generator to produce plausible variations of fea-
ture 'style' that mimic di�erent imaging devices. By feeding these synthetic style-
perturbed features to the segmentation network during training, they increase ro-
bustness to cross-device shifts.

Park et al. (2023) focused on inference-time stylization. They compute a test image's
style vector and align it to the nearest source domain style centroid via feature
normalization. This style shifting at test time requires no gradient updates and
e�ectively induces the model into processing the input as if it came from a known
source domain, which reduces performance drops due to style discrepancy.

While the above methods di�er in implementation, the unifying theme is leveraging
the latent feature space to induce variability that covers potential domain shifts.
Augmenting the hidden representations expands the support of the training data in
a conceptually richer way than pixel-level augmentation alone. The model learns to
stabilize its intermediate representations against these perturbations, which yields
features that are more invariant to domain-speci�c quirks. In practice, feature-
level augmentations often complement image-level ones, and using both in tandem
can substantially enrich the training distribution. That said, designing e�ective
latent-space augmentations remains an active search area. It requires balancing
diversity and realism of the perturbations such that they help rather than hurt
learning (Mai et al., 2025). The continued re�nement of these approaches is crucial to
improving robustness. The consensus in recent literature is that perturbing feature
representations markedly improves a model's ability to generalize to new domains
(Mai et al., 2025; Wen et al., 2021; Zhou et al., 2021).

2.2.3 Style Transfer

Style-transfer augmentation refers to techniques that transform the visual style (e.g.,
textures, color statistics, contrast) of input images while preserving their high-level
semantic content, to simulate domain shifts in the training data and thus improve
OOD robustness. It operates in pixel space like image-level methods but shares
the objective of promoting style invariance typically targeted by feature-level ap-
proaches.
Recent work has extended this idea in several ways. For example, the approach
by Yamashita et al. (2021) replaces low-level texture features of histopathology im-
ages with styles sampled from non-medical image sources (e.g., paintings or artistic
styles), while keeping cellular or tissue structures intact. This encourages the model
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to rely less on super�cial texture cues and more on content and shape (Yamashita
et al., 2021).

In medical imaging, DG methods using style transfer have also been applied to
cross-modality segmentation, where images from di�erent imaging modalities di�er
in contrast and intensity distributions. The recent work by Zhou et al. (2022b)
uses Bezier-curve transformations to generate 'source-similar' styles, which are close
to the original domain, and 'source-dissimilar' styles, which show more extreme
transformations, to augment the source data. A dual-normalization module helps
the network adapt to both types of styles and generalize to new modalities (Zhou
et al., 2022b).

Further, in histopathological image classi�cation, style-augmented feature domain
mixing that uses AdaIN to perturb the style statistics of feature maps has been
shown to improve generalization substantially, often with lower computational over-
head than full image-space transformations (Khamankar et al., 2023).

Empirical results across these works show that style-transfer augmentations tend to
outperform or complement traditional image-level augmentations, especially when
style shifts are a major factor in domain di�erence (Khamankar et al., 2023; Ya-
mashita et al., 2021; Zhou et al., 2022b). They help widen the support of training
data in appearance space, reduce over�tting to source-style texture biases, and im-
prove the feature invariance to style (Khamankar et al., 2023; Yamashita et al.,
2021). The e�cacy of style-transfer augmentation depends on preserving semantic
content during transformation (Yamashita et al., 2021). The style variations ap-
plied must be diverse and realistic, but should not compromise label integrity (Zhou
et al., 2022b). Additionally, these augmentations should be carefully balanced and
integrated with other data augmentation strategies to maintain a representative and
stable training distribution (Khamankar et al., 2023).

2.3 Test-Time Augmentation

Test-Time Augmentation (TTA) refers to the technique of applying data augmen-
tation during inference to improve a model's predictions on new inputs. In practice,
multiple transformed versions of each test example are passed through the model
and their predictions are aggregated, typically by averaging, to yield the �nal predic-
tion (Kimura, 2021; Shanmugam et al., 2021). This simple ensemble-style approach
can substantially improve robustness: for instance, Kimura (2021) describes TTA
as "a very powerful heuristic" that "takes advantage of data augmentation during
testing to produce averaged output". Similarly, Shanmugam et al. (2020) note that
TTA is a common practice in image classi�cation which often yields net accuracy
gains.

In essence, TTA leverages the same intuition as training-time augmentation (in-
creasing data diversity) and model ensembling by exposing the model to multiple
views of an input, which enables smoothing out of idiosyncratic errors and produces
a more reliable estimate. Unlike training-time augmentation and test-time adapta-
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tion, which modify the model or its parameters during training or inference, test-
time augmentation leaves the model �xed and instead augments the test samples,
aggregating predictions from their transformed versions (Kimura, 2021; Shanmugam
et al., 2020).

From a theoretical perspective, researchers have shown that TTA can strictly reduce
expected error under certain assumptions (Kimura, 2021). Intuitively, if individual
augmentations produce somewhat independent prediction errors, then averaging can
cancel out random mistakes (much like an ensemble) and lower overall error (Kimura,
2021; Shanmugam et al., 2020). Experiments con�rm that simple TTA often im-
proves accuracy on computer-vision tasks (Kimura, 2021; Shanmugam et al., 2020).
However, Shanmugam et al. (2020, 2021) emphasize that naive TTA can also corrupt
some predictions: Even when the average accuracy increases, "it can change many
correct predictions into incorrect predictions" (Shanmugam et al., 2020). That work
analyzes when and why TTA succeeds or fails, noting that the choice of augmen-
tations and aggregation method matters. Building on these insights, Shanmugam
et al. (2021) propose learnable aggregation weights rather than simple averaging,
which consistently outperforms naive TTA.

TTA is closely related to DA and DG because it actively uses unlabeled test data
to adjust the model's output. As Zhou et al. (2021) note, test-time training (or
adaptation) "blurs the boundary between [domain] adaptation and domain gener-
alization". In both cases, the model must cope with domain shift from training
(source) to testing (target) distributions. TTA e�ectively assumes that small, unla-
beled test batches are available to the model at inference time. Like DA, it tailors the
model to the test distribution (albeit without labels), but unlike typical adaptation
it usually makes no architectural changes and requires no supervision. Zhou et al.
(2021) argue that TTA is thus related to source-free DA (no access to source data at
test time) while also resembling generalization approaches that assume target data
will be encountered during deployment. In practice, TTA is often evaluated on the
same corrupted-image benchmarks used in domain-shift research and tends to yield
larger gains than generic DG methods because it exploits actual test samples (Zhou
et al., 2021).

Style-Speci�c Test-Time Augmentation Certain TTA methods explicitly tar-
get style di�erences between domains. Park et al. (2023) observe that in DG sce-
narios, a target domain may have very di�erent visual style statistics (e.g., texture
or color distributions) from all source domains. To address this, they propose Test-
Time Style Shifting, as introduced in section 2.2.2, a technique that modi�es the
style of each test sample before inference without any gradient updates. Concretely,
the method �nds the nearest source-domain style (in terms of batch normalization
statistics) and shifts the test image's style toward that domain's style distribution
(Park et al., 2023). For an incoming feature mapf (t) extracted from an early
convolutional block, they compute its style vector

�( f (t)) = [ � c(f (t)) ; � c(f (t))]C
c=1 (6)
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where � c and � c are the per-channel mean and standard deviation across spatial
locations. They precompute and store the style centroids �Sk for each source domain
Sk . At test-time, they measure the Euclidean distance to each centroid and identify
the nearest domaink� = arg min kdk . If dk � > � , which is a small threshold tuned on
source validation data, they perform Adaptive Instance Normalization (AdaIN) by
normalizing f (t) using its own �; � and then re-scaling and shifting with� Sk � ; � Sk � :

f̂ (t) = � Sk �

f (t) � � (f (t))
� (f (t))

+ � Sk � : (7)

This style shift forces the network to process the test sample as if it came from
a familiar source domain, thereby reducing texture- or color-based domain shift.
During training, they further introduce a lightweight style balancing module that
periodically mixes style statistics among under-represented domain-class pairs to
ensure the stored centroids re
ect balanced class proportions and prevent bias in
the nearest-centroid selection. Together, these components require no model updates
or additional parameters at inference, yet consistently improve OOD classi�cation
accuracy on benchmarks with large style gaps.

Conceptually, this approach is a hybrid of augmentation and adaptation. It does not
update the model but transforms the input representation so that its style matches
known source domains. This makes the method particularly useful when a test
image's style is extreme or anomalous, which allows models to "handle any target
domains with arbitrary style statistics, without additional model update at test
time" (Park et al., 2023).

Advanced Test-Time Augmentation More recent work has focused on improv-
ing the basic TTA framework by making the augmentation process more adaptive
and uncertainty-aware. For example, Chen et al. (2023) point out two key pitfalls
in standard TTA: selecting an appropriate auxiliary loss for adaptation and decid-
ing which model parameters to update with test data. They propose an improved
Test-Time Augmentation method that addresses both issues. First, instead of using
a �xed self-supervised loss (like entropy minimization) to tune the model on test
samples, this method learns a small set of adaptive consistency parameters within
a loss function so that the auxiliary task (e.g., a consistency loss between di�er-
ent augmentations) becomes 'aligned' with the main classi�cation objective (Chen
et al., 2023). Second, their approach augments the model with a few new parameters
added after each layer that are the only weights tuned at test time, which leaves
the rest of the network �xed. This avoids forgetting or instability when updating
on a single test batch. In practice, this method achieves state-of-the-art results on
challenging DG benchmarks (Chen et al., 2023).

Another recent advance is to make TTA uncertainty-aware. Sherkatghanad et al.
(2024) introduce BayTTA, which integrates Bayesian model averaging into the TTA
pipeline. The standard TTA pipeline produces multiple predictions by augmenting
the input and averaging; BayTTA instead treats each augmented version's prediction
as coming from a di�erent 'model' and uses Bayesian Model Averaging (Fragoso
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et al., 2018) to combine them. Concretely, BayTTA generates a list of predictions
for each input (one per augmentation) and then weights them according to their
posterior probabilities under a Bayesian model. This means predictions from more
'likely' augmentations (or ensemble members) have more in
uence and the process
naturally captures model uncertainty. Sherkatghanad et al. (2024) report that their
approach signi�cantly outperforms simple averaging TTA, especially on medical
imaging tasks with high uncertainty. By explicitly accounting for uncertainty via
Bayesian weighting, BayTTa reduces the risk of spurious errors that a na•�ve average
might commit.

In summary, the theoretical foundations outlined above establish the key challenges
of domain shift and motivate the use of augmentation and test-time techniques as
central strategies, which directly in
uences the methodological choices in this work.



3 METHODOLOGY 17

3 Methodology

3.1 Research Objectives

This project is motivated by the observation that two complementary strands of
robustness research o�er a promising opportunity to explore. Feature-statistic mix-
ing methods like MixStyle (Zhou et al., 2021) that operate in deep feature space to
encourage style-invariance and TTA approaches that adapt predictions at inference
by exposing the model to plausible variations both aim to improve generalization
under distribution shift, yet they are rarely studied together within a uni�ed frame-
work. This thesis wants to test if training-domain feature statistics can be used to
systematically move test features at inference toward the known domains at test
time, similarly to style transfer, and if so, how the way of extraction in
uences the
performance of such a model.

The central research objectives driving this project are therefore closely tied to the
experimental design:

1. How does the choice of feature extraction strategy a�ect Domain Generaliza-
tion performance measured by prediction accuracy when these statistics are
used within a TTA pipeline for classi�cation?

2. What methods augment test features toward training domains without erasing
class-discriminative information?

3. Is there a correlation between predictive accuracy and model uncertainty across
extraction strategies?

Underpinning these objectives are several hypotheses:

1. We hypothesize that the choice of extraction strategy is crucial because di�er-
ent residual blocks encode varying mixtures of semantic content and domain
style. While earlier blocks capture lower-level texture and color statistics that
are closely tied to appearance, later blocks encode higher-level, class-speci�c
representations (Yosinski et al., 2014; Zeiler and Fergus, 2014). Accordingly,
shifting statistics from early blocks is expected to provide stronger alignment
style bene�ts, whereas modifying higher-level representations may be less ef-
fective at bridging appearance gaps.

2. We further hypothesize that domain-speci�c performance patterns observed
during training are preserved under TTA. Speci�cally, domains that achieve
the highest accuracy in the training setting are expected to remain the strongest
under TTA, while domains that perform poorly in training are likewise antic-
ipated to perform worst under adaptation.

3. Finally, we hypothesize that augmenting test samples from domains with lower
baseline performance using feature statistics derived from stronger-performing
domains will improve predictive accuracy.
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The thesis will operationalize these research objectives and evaluate them through
controlled experiments across two datasets with a specialized approach to test the
domain-speci�c statistics on for the model unseen domains. Its contribution lies
in demonstrating that feature extraction combined with a style augmentation at
inference can further improve domain generalization by identifying which layers are
most e�ective for style shifting. Collectively, these research objectives aim to bridge
conceptual gaps between style-mixing augmentation in feature space and TTA.

3.2 Problem Formulation

We consider the problem of Domain Generalization with Test-Time Augmentation
in image classi�cation.

Let

ˆ D = fD 1; : : : ; DN g denote the set of source domains,

ˆ where each domainD i consisting of samples (x; y) with inputs x 2 RC� H � W

and class labelsy 2 f 1; : : : ; K g,

ˆ with N being the number of source domains andK the number of semantic
classes.

To simulate real-world generalization to unseen domains, we adopt a Leave-One-
Domain-Out (LODO) evaluation protocol:

ˆ In each fold, one domainDt is selected as the target domain,

ˆ while the remainingN � 1 domainsfD i gi 6= t serve as source domains.

A model f � is trained exclusively on labeled data from the union of source domains

Dsrc =
[

i 6= t

D i ; (8)

and is evaluated on the held-out target domainDt .

During both training and TTA, we represent the style of an activation map

x 2 RB � C� H � W (9)

by its per-instance, per-channel statistics:

� (x)b;c =
1

HW

HX

h=1

WX

w=1

xb;c;h;w; (10)



3 METHODOLOGY 19

� (x)b;c =

vu
u
t 1

HW

HX

h=1

WX

w=1

(xb;c;h;w � � b;c(x))2 : (11)

These statistics (�; � ) are commonly used to represent style information of a domain,
while the normalized activations

x̂b;c;h;w =
xb;c;h;w � � (x)b;c

� (x)b;c + �
(12)

encode content features that are more domain-invariant.

The target domainDt remains unseen throughout training. To mitigate the domain
shift, we employ TTA as follows. First, style statistics from all source domains are
pre-computed and stored during training. Second, at inference, unlabeled samples
from D i are forwarded through the model while domain-aware hooks replace their
feature statistics with those of candidate source domains. This process produces a
set of augmented predictionsf f (j )

� (x)gN � 1
j =1 , one per source domain style. Finally,

the predictions are aggregated across these source-domain hypotheses by averaging
to obtain the �nal output for each sample. The learning and inference objectives
are de�ned as follows:

Training (per fold): min
�

1
N � 1

X

i 6= t

E(x;y )�D i `(f � (x); y); (13)

Test-time augmentation (Inference onDt ): ŷ(x) = A
� n

f (j )
� (x)

oN � 1

j =1

�
; (14)

where ` is the cross-entropy loss andA(�) is the aggregation operator, e.g. the
average of softmax probabilities.

This procedure enables the model to leverage style variability from source domains
in order to adapt on-the-
y to unseen domains without requiring target labels or
retraining.

3.3 Setup

All experiments were implemented in PyTorch 2.5.1 with torchvision 0.20.1 and ex-
ecuted on a dedicated workstation provided by the Chair. The system was equipped
with an NVIDIA RTX A5000 GPU (24 GB VRAM), a 24-core CPU and 63.5 GB
RAM. For storage, the workstation o�ered a 512 GB SSD and an 8 TB HDD, pro-
viding su�cient capacity. The software environment was based on Ubuntu 22.04.4
LTS with CUDA 11.5 and cuDNN 9.0.1. To ensure reproducibility, random seeds
were �xed across PyTorch, NumPy and the Python random library. For a complete
speci�cation of the Python environment, including all package dependencies, please
refer to the provided GitHub repository4.

4https://github.com/ahlershilke/latent-style-tta.git
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Baseline Model Architecture The baseline model of this work employs a ResNet-
50 architecture, which was chosen for its proven e�ectiveness in visual representation
learning and DG tasks. The residual connections of a ResNet enable the training
of deeper networks while mitigating vanishing gradient problems (He et al., 2016).
This property makes it particularly suitable for learning robust, transferable repre-
sentations across diverse domains. The model is initialized with weights pretrained
on ImageNet (Deng et al., 2009). By using the pretrained version, the early layers
of the model are already able to capture generic low-level features such as edges or
textures, thereby bootstrapping feature extraction capabilities.

Input images are resized to 224� 224 pixels and normalized using standard ImageNet
statistics (mean [0:485; 0:456; 0:406], standard deviation [0:229; 0:224; 0:225]). No
additional data augmentation is applied to the models used for feature extraction.
MixStyle (Zhou et al., 2021) is only applied to the model that serves as the compar-
ative baseline for the evaluation of our method.

The ResNet-50 backbone consists of four residual blocks (layer1 - layer4), where
each contains multiple bottleneck layers that progressively transform the input into
higher-level semantic features. During training, the outputs of each residual block
are captured using forward hooks. This yields hierarchical feature representations
at di�erent levels of abstraction (Yosinski et al., 2014; Zeiler and Fergus, 2014):

ˆ layer1 : low-level features such as textures and edges, with high spatial reso-
lution

ˆ layer2 - layer3 : mid-level features such as shapes and patterns, at reduced
spatial dimensions

ˆ layer4 : high-level semantic features such as object parts or global context, at
the highest abstraction.

Two modes of feature utilization are supported. In end-to-end �ne-tuning, all layers
are trainable. This allows adaptation of the backbone to the target task. Batch
normalization statistics are updated during training to align with the target domain
distribution. In frozen feature extraction, the pretrained backbone remains �xed,
and only task-speci�c heads (e.g., classi�ers) are trained.

For DG, the system further extracts style statistics (mean� and standard deviation
� ) from the activations of each residual block using the hooks. The statistics are
computed spatially over the height and width dimensions[H, W] for each channel,
which results in descriptors of shape[B, C, 1, 1] where B is the batch size and
C the channel dimension. A dedicatedStyleStatistics module aggregates these
statistics per domain using exponential moving average (EMA), which ensures stable
updates while adapting to domain-speci�c distributions. These statistics capture
domain-speci�c characteristics while remaining invariant to spatial arrangement,
which makes them particularly valuable for domain analysis and adaptation.
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LODO Setup To study TTA driven by feature statistics, the deployment data
must come from a previously unseen domain. Classical random train/validation/test
splits intermingle images from every domain in the used dataset(s) and therefore
can not measure performance under genuine domain shift properly. For a proper
evaluation of this approach, an evaluation protocol is needed that isolates an entire
domain during training, permits learning only from the remaining source domains
and tests on the unseen domain for an attempt at imitating domain shift in one
dataset. The LODO protocol is able to ful�ll these criteria. It ensures that model
performance is measured on truly unseen domains and prevents data leakage that
could otherwise bias the results. This separation is particularly important for our
TTA mechanism. Since it adapts features at inference time, mixing target-domain
images into training would compromise the integrity of the style statistics.

Given D domains, the used LODO setup createsD folds. In fold i , domain D i is
fully excluded from training and used only for testing. The otherD � 1 domains
are used to form the training validation set by a 80/20 split, balancing the need for
a large and diverse training set with a su�ciently representative validation set for
reliable model selection. This ensures the prevalence of every training domain in
both train and validation splits. The held-out domain is rotated across folds so that
each domain serves once as the target. This yields unseen-domain evaluation, per-
domain diagnostics and enables the aggregation of statistics across folds to quantify
DG. In our experiments, this setup creates four folds per used dataset.

LODO is integrated into our approach in multiple areas.

ˆ Data splitting . Multi-domain datasets are divided into LODO folds.

ˆ Global Hyperparameters. Results are aggregated across folds to estimate
hyperparameters that generalize robustly. The global con�guration is then re-
evaluated to con�rm domain-agnostic performance and used for model train-
ing.

ˆ Training & statistics collection. The backbone is trained on the D-1 source
domains while collecting layer-wise style statistics per domain. The held-out
domain remains completely unseen.

ˆ Model saving & stats export. For each fold the best model is saved and
its corresponding style statistics are extracted per source domain and per ex-
traction mode.

ˆ TTA evaluation. At test time, the model trained without domain D i is eval-
uated on that domain using source domain statistics applied through forward
hooks.

Hyperparameter Tuning Framework The hyperparameter optimization pipe-
line employs Optuna (Akiba et al., 2019) to systematically explore the model's



3 METHODOLOGY 22

hyperparameter space, utilizing a tree-structured Parzen Estimator sampler for ef-
�cient search. Hyperparameters are tuned per fold using only the source domains
of the LODO cross-validation setup, after which a global con�guration is computed
across folds. This two-stage procedure avoids tailoring the model to any single do-
main, produces parameters that transfer across domains and establishes a consistent
con�guration for training and evaluation. The optimization process is implemented
in a custom class which manages the full lifecycle of trials, logging, and model saving.

The search space spans both architectural and optimization parameters, including:

ˆ Learning rates (1e-5 to 1e-2 in log scale)

ˆ Batch sizes (8, 16, 32, 64)

ˆ Weight decay values (1e-5 to 1e-3 in log scale)

ˆ Optimizer con�gurations (Adam, AdamW, SGD with momentum)

ˆ Learning rate schedulers (StepLR, CosineAnnealing, ReduceLROnPlateau)

ˆ Dropout rates (0.0 to 0.5)

Each trial's con�guration and validation accuracy are recorded to ensure full repro-
ducibility. The system also preserves the top �ve con�gurations per domain fold,
including their trained weights and optimizer states.

Hyperparameter con�gurations are evaluated within each LODO fold using only
source domains. Key elements of the evaluation procedure include:

ˆ Early Stopping with patience=3 and � = 0:001

ˆ Median Pruning after 5 warm-up trials

ˆ Evaluation for each con�guration over 20 epochs

ˆ Tracking of validation accuracy as primary metric

ˆ Maintenance of separate trial records per domain fold

After fold-wise optimization, results are aggregated to produce a robust global con-
�guration. Performance patterns across folds are analyzed to identify parameter
values that generalize consistently across domains. These consolidated results are
stored in a YAML con�guration �le as a standardized reference for Model Training.
This automation eliminates the need for manual transfer of parameters between
experimentation and deployment phases, reducing overhead and enhancing repro-
ducibility.

Domain relationships are preserved during the tuning process through index man-
agement, which ensures that domain shifts are correctly accounted for. Strati�ed
sampling maintains class balance when splitting data into training and validation



3 METHODOLOGY 23

sets to prevent bias towards dominant classes. In addition, domain-speci�c per-
formance metrics are tracked across folds to enable analysis of how di�erent hy-
perparameter combinations generalize across heterogeneous data distributions. The
framework supports both models with MixStyle layers and models that rely on fea-
ture extraction for style augmentation.

Training Framework The model training pipeline is implemented using PyTorch
and operates over domain-diverse datasets such as PACS or VLCS, supporting both
architectures with and without MixStyle augmentation. Its primary training objec-
tive is to learn representations that generalize e�ectively across unseen visual do-
mains, which is simulated again through the LODO cross-validation setup. Training
relies on the globally optimized hyperparameters identi�ed by the tuning pipeline,
which are applied uniformly across domain folds to ensure experimental consistency.
For the used hyperparameter con�gurations in the experiments, refer to Tables 9
and 10 in the appendix. The respective con�gurations were used for model training
of the baseline with and without MixStyle.

For reproducibility, random seed control is enforced across multiple runs (seeds: 42,
7, 0). Using multiple seeds allows us to test the robustness of the models against
random initialization and provides the foundation for later statistical signi�cance
analysis. All experiments are logged using TensorBoard for performance tracking
(Abadi et al., 2015).

Each training run is based on a domain-aware dataset split intoN folds, with N
being the number of domains. In foldi , domain i is excluded for testing, while
the remaining N � 1 domains are used for training and validation. Results are
aggregated across folds to compute mean accuracy and standard deviation per run.

Training proceeds for 50 epochs, with evaluation after each epoch. Each epoch
consists of forward and backward passes over batches, with each batch containing
images, their class labels and respective domain indices. Due to our experimental
setup, proper handling of the domain indices is critical. Thus, the data loaders use
a custom collate function to handle the indices alongside their respective images
and labels in a seamless integration with the model's forward pass. Validation and
test sets are evaluated at the end of each epoch to assess generalization. The best
performing model per fold is saved based on its validation accuracy. The framework
tracks accuracy and loss across training, validation and test sets as well as per-
domain performance. The TensorBoard integration logs scalar metrics for inspection
(Abadi et al., 2015).

The framework includes a Visualizer class:

ˆ Training Dynamics: Learning curves for training/validation loss and accuracy
are plotted per fold to diagnose over�tting or optimization issues.

ˆ Feature Space Analysis: t-SNE projections of ResNet block outputs reveal
domain clustering and style invariance.
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ˆ Seed-overarching Results: Comparative plots for results across random seed
runs.

The framework's modular design allows easy integration of new datasets (e.g., Of-
�ceHome).

3.4 Feature Extraction

This section provides an analysis of the provided implementation for collecting,
extracting, storing and applying per-domain feature statistics inside a ResNet by
using PyTorch.

The code implements three cooperating components:

ˆ DomainAwareHook
This is a lightweight forward hook that transforms feature maps during in-
ference by normalizing them per-channel per-sample and re-scales them with
target domain statistics � and � . It can obtain those domain statistics either
directly from a StyleStatistics object in-memory or by loading apth �le.

ˆ StyleStatistics
This is the module responsible for collecting, maintaining and exposing per-
domain per-layer style statistics, which consist of channel-wise mean and stan-
dard deviation. It supports several collection methods and uses EMA with
warm-up behavior to update the stored statistics.

ˆ StyleExtractorManager
A manager class that creates multipleStyleStatistics extractors with dif-
ferent modes. It attaches hooks to the model to collect statistics for speci�c
domains by performing forward passes with dummy inputs, transfers statistics
between extractor instances and persists statistics to disk.

The dominant concept is the extraction and management of per-domain channel
statistics for feature maps. These statistics are used to adapt features at inference
time.

In DA, style transfer and robustness experiments, it is often helpful to capture
statistics of intermediate feature maps for di�erent data domains (Huang and Be-
longie, 2017). The module implemented here computes the per-channel mean and
standard deviation by averaging over the spatial dimensions of intermediate feature
maps. It aggregates these statistics per domain and per layer, with optional selec-
tion for speci�c layers of the architecture and stores them in disk-friendly formats,
to be re-applicable to feature maps during forward passes via hooks, which enables
inference-time style adaptation. The extraction is happening after the �nished model
training, so the internal weights and other activations are already �ne-tuned to the
dataset used.
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DomainAwareHook The hook encapsulates the runtime behavior needed to
transform intermediate feature maps so that their per-channel statistics match a
chosen target domain. It is intended to be attached to a ResNet-50 block and exe-
cuted automatically during the model's forward pass. The hook can obtain target-
domain statistics either directly from an in-memoryStyleStatistics object or by
loading a record from disk. This 
exibility supports both interactive experiments
and deployment scenarios where only �les are available.

Given an input feature map of shape[B, C, H, W] the hook computes the sample-
speci�c per-channel mean and standard deviation across spatial locations. It nor-
malizes the features using these instance statistics and then re-scales and re-centers
the normalized features using the stored statistics. This is the standard AdaIN-style
transform applied at the selected network location to impose the target domain's
'style' on the incoming features while preserving per-sample content information.

The hook includes mechanisms to cope with di�erences between stored statistics and
the current layer's channel dimensionality. If necessary it will up or down-sample
the stored vectors so that broadcasting to[1, C, 1, 1] is possible. This allows
the same persisted statistics to be re-used across slightly di�erent model variants or
extraction modes.

It is also used at inference time to replace features at particular ResNet layers with
domain-speci�c statistics collected post-training.

StyleStatistics This module is the authoritative store and update engine for per-
domain, per-layer channel statistics. It provides logic to initialize storage for di�erent
network layers, update running statistics based on batches of activations, retrieve
aggregated statistics according to di�erent strategies and (de-)serializes the state.

For each ResNet layer of interest the module holds a compact representation of per-
domain statistics. Each stored vector represents the channel-wise mean or standard
deviation aggregated over time and batches. The storage is structured so there is
a separate row per domain per layer. The class supports multiple strategies for
producing a domain-level statistic that can be applied later during TTA.

ˆ Single-layer mode
This mode provides the most granular style representation by isolating the
statistical signature from a single network layer. All four ResNet blocks are
available for extraction. In this mode, the model exclusively tracks and up-
dates statistics for the chosen layer, disregarding the others. This approach is
optimal for analyzing the distinct stylistic contribution of a speci�c hierarchi-
cal level of features.

ˆ Selective mode
The selective mode o�ers a multi-layer perspective by collecting statistics from
a de�ned subset of layers. For each layer in the subset, the statistics are tracked
and updated independently, but stored in a single tensor with a dedicated layer
dimension to ensure e�cient organization and access. This mode enables the
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creation of a tailored style pro�le that balances speci�c feature hierarchies by
combining the di�erent structural patterns of di�erent layers.

ˆ Average mode
This mode generates the most comprehensive and generalized domain signa-
ture by incorporating statistics from all available layers of the architecture.
Independent features are tracked and maintained for every layer. Then fol-
lows the interpolation of each layer's feature vector to a common reference
length, which are 256 channels in this case, before they are element-wise av-
eraged to form a single feature vector. This results in a holistic style vector
that is supposed to encapsulate the domain's characteristic patterns across all
feature scales and semantic levels.

These modes allow a choice whether to apply a narrowly scoped style or a broader,
multi-layer style signature.

During training, the style statistics of the domains and layers are updated with
each forward pass. In this pipeline, the updates are performed using EMA with
a con�gurable momentum. This works by reducing per-batch computed� and �
values to summaries and blending them into the already stored statistics. The
StyleStatistics module tracks the update counts per domain and layer so the
system knows how many observations contributed to each stored value. This ap-
proach yields a compromise between reactivity to new observations and long-term
stability of the stored statistics. The implementation also supports a warm-up pe-
riod during which the e�ective momentum ramps up over the �rstN updates, which
lets early observations shape the stored statistics more strongly. If a batch contains
samples from multiple domains, the module can partition the batch by domain and
perform per-domain updates in a vectorized way. This capability enables e�cient
collection of domain-speci�c statistics during a multi-domain training or evaluation
pass. If incoming statistics have a di�erent channel dimensionality than the exist-
ing storage for a layer, the module will initialize or reinitialize storage for the new
dimensionality. This behavior makes the system robust to variations in the feature
extractor.

In the averagemode which combines statistics across layers, the module includes an
alignment step that interpolates per-layer channel vectors to a common reference
length before averaging. This is a pragmatic choice to produce a single, comparable
signature from heterogeneous layer outputs as an approximation that trades some
�delity for interoperability between layers.

The module implements loader routines that are designed to accept slightly di�erent
on-disk layouts for storage. Statistics are saved in both human-readable �les (in
JSON-format) and tensor-preserving �les that can be reloaded without loss of shape
(pth -format). The module also can reconstruct the in-memory storage appropriately
and map tensors to the desired device.

StyleExtractorManager The manager automates the end-to-end process of cre-
ating multiple StyleStatistics extractors, one per chosen aggregation mode, by
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running inference passes to populate their storage from a trained ResNet-50 model
and saving the resulting artifacts. This module provides a experiment-level inter-
face so that multiple extraction strategies can be executed and persisted in a single
controlled work
ow.

The manager constructs a set of theStyleStatistic extractors, where each is
independently con�gurable and can maintain its own training-domain mask which
controls which domains it should collect statistics for. This is useful for training
on multi-domain datasets with a LODO setup. The manager can load a saved
ResNet-50 checkpoint and restore both the model weights and any embedded style
statistic state saved with the checkpoint. During loading it separates model weights
from style storage so that the latter can be inspected, transferred or reinitialized as
needed.

For each domain and each extractor the manager attaches the domain-aware hooks
to the targeted ResNet blocks, typically the last block of each layer. Then it performs
a forward pass with a dummy input that is expected to trigger the model's internal
statistics collection. Dummy inputs are enough in this case since the objective is
to elicit typical activations of per-channel statistics in an already trained model.
After the forward pass the hooks are removed. This controlled attach-execute-
detach cycle ensures the statistics are gathered at the intended network locations
and for the speci�c domain label. After gathering statistics from the model's own
StyleStatistics instance or the live activations, the manager can transfer per-layer
vectors into the per-mode extractors. This step consolidates raw collected values
into the formats required by the di�erent aggregation styles and update counters so
downstream users are aware of how much data underlies each stored vector.

Feature Statistics As mentioned above, the statistics are obtained by using hooks
in the internal model architecture. The per-sample per-channel feature mean is
computed as the mean over the spatial axes for each channel, for each sample in the
batch. The feature standard deviation is computed across the spatial axes. These
operations yield tensors shaped[B, C, 1, 1] . To avoid division by zero in low-
variance channels, there is an epsilon (1e� 6) applied in the normalization step. This
is the standard instance statistics procedure used by AdaIN and related methods by
summarizing the per-sample style of a channel across spatial support (Huang and
Belongie, 2017).

The aggregation of the feature statistics is handled by theStyleStatistics module.
For a batch of samples from domainD and layerl the incoming� and � are averaged
over the batch axis to produce the mean values of these statistics for the current
update (smean). The EMA update uses these average statistics to calculate the new
stored statistic snew ; the same formula applies to both� and � :

snew = momentum � sold + (1 � momentum)� smean: (15)

The warm-up updating logic scales the momentum linearly during early updates,
which makes the early statistic rapidly adapt to incoming samples due to low mo-
mentum and becomes more stable later on when the momentum approaches the
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con�gured value (0:9 in this pipeline).
The use of EMA for maintaining running statistics avoids recomputing exact statis-
tics over the entire training set, which would be computationally expensive and
memory-intensive. Instead, EMA provides a smoothed and memory-e�cient ap-
proximation of the underlying distribution by gradually integrating information from
new batches while retaining long-term statistics. This principle is similar to the run-
ning mean and variance updates used in Batch Normalization (Io�e and Szegedy,
2015).

The StyleStatistics module supports multiple retrieval modes for obtaining stored
feature statistics. For each domaind and layer` 2 f 0; 1; 2; 3g, the module maintains
per-channel mean and standard deviation vectors

mean (` )
d 2 RC` ; std (` )

d 2 RC` ;

where C` is the number of channels in layer̀ . At runtime, the retrieval mode
determines how these layer-wise vectors are combined into the �nal statistics (�; � )
that are used to normalize and re-style features in the forward pass.
The single-layer mode retrieves statistics from a single, speci�ed layerL without
any modi�cation:

� = mean (L )
d ; � = std (L )

d : (16)

This is appropriate when the style is assumed to be localized to one network stage
or when analyzing layer-speci�c domain characteristics.
The selective-layer mode operates on a prede�ned subset of layersS � f 0; 1; 2; 3g
but treats them independently. For each selected layer̀ 2 S, the corresponding
stored statistics are applied when that layer's forward hook is triggered:

� = mean (` )
d ; � = std (` )

d : (17)

This approach enables capturing style statistics that are distributed across speci�c
regions of the network, rather than relying solely on a single layer.
The averagemode aggregates information from all monitored layersL = f 0; 1; 2; 3g
to form a single global style signature. Because the layers have di�erent channel
dimensionsC` , each vector is �rst interpolated to a common dimensionalityCtgt :

\mean (` )
d = Interp

�
mean (` )

d ! Ctgt
�
; dstd

(` )

d = Interp
�
std (` )

d ! Ctgt
�
: (18)

The aligned vectors are then averaged element-wise across layers:

� =
1

jLj

X

`2L

\mean (` )
d ; � =

1
jLj

X

`2L

dstd
(` )

d : (19)

This provides a holistic domain representation that smooths over layer-speci�c vari-
ations and captures network-wide activation patterns.

The choice of retrieval mode re
ects a trade-o� between preserving layer-speci�c
information and capturing a generalized style signature. The single-layer mode
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o�ers a high speci�city by preserving the unique characteristics of a single network
stage but potentially misses important style information from other layers. The
selective-layer mode balances speci�city and generality in theory, which should allow
targeting style information from multiple layers without averaging over the entire
network. The full-layer average mode maximizes generality by producing a uni�ed
style vector that captures overall domain characteristics at the cost of losing �ne-
grained layer distinctions.

3.5 Augmentation at Test-Time

This section provides a description of the TTA experiment framework for feature
augmentation in the supplied code. The aim is to give a clear mental model of
how the system is organized and how the pieces cooperate to carry out LODO TTA
experiments.

The code implements an experiment pipeline for evaluating TTA strategies on multi-
domain image classi�cation tasks. It was designed to load pre-trained models and
per-domain style statistics to apply domain-aware modi�cations to model activa-
tions at test time via forward hooks to mimic style transformations. The inference
is run over one held-out test domain while adapting features from other domains
as the augmentations, with the aggregation and computation of performance and
uncertainty metrics.

Two cooperating classes structure the pipeline. TheTTAClassifier encapsulates
the model-level augmentation and prediction logic whileTTAExperimentorganizes
the experiments across multiple test domains, modes and random seeds. Utility
helpers for seed management and result serialization support reproducibility and
result handling.

The TTAExperimentclass is responsible for running experiments across the full set
of domains of the used datasets, the con�gured modes and con�gured seeds. Its
primary entry points are a method that iterates over the test domains, modes and
seeds, calls another method for completion of the logic and logs per-seed and per-
mode summaries by writing a timestamped text �le for enabling of reproducibility
for recorded metrics.

The pipeline centralizes seed setting in theSeedManagerhelper. This class sets
seeds for the Pythonrandommodule, NumPy and PyTorch, which provides a deter-
ministic execution environment to the external libraries permit, and is invoked at
both experiment initialization and per-seed runs to isolate seed e�ects.

The system assumes a pre-trained ResNet model and checkpoint �les organized
by seed and test domain, as made available by the training process and the style
extraction functionality. The style statistics for individual domains and layers are
stored as mentioned above as PyTorch objects, which can be loaded and used in the
DomainAwareHooksfor the style adaptation.

The TTAClassifier wraps an existing model and provides the mechanisms required
for TTA and prediction aggregation. Its main responsibilities include the loading
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and integration of the extracted style statistics for training the source domains with
respect to a held-out test domain; the registration of forward hooks to capture the
intermediate activations and dynamic installation of domain-aware hooks during
per-domain inference. The classi�er performs inference across the speci�c test set
while applying the domain adaptation hooks and collecting as well as aggregating
predictions and metrics for analysis.

The classi�er accepts a mode argument (introduced in section 3.3) that con�gures
which layers will be used for the TTA process. The supplied model is moved to
the con�gured device, all parameters are frozen and the evaluation mode is called.
The classi�er creates a new linear head where its feature dimensions are estimated
by forwarding a dummy tensor through the model to receive a feature vector. The
forward hooks are registered on every 2D convolutional layer in the model to capture
the output activation tensors.

The main logic is orchestrated by thepredict() method. It creates a list of all
available source domains, excluding the con�gured test domain. These source do-
mains are the target directions for the augmentation process, in which the images
of the excluded domain are adapted towards. For each batch of the dataloader con-
taining the test samples, it computes an original prediction without augmentation
and then dynamically constructs and registersDomainAwareHookinstances for each
source domain targeted at the speci�ed layers for the experiment. It then performs
a forward pass to obtain the domain-adapted logits and probabilities. The hooks are
removed after obtaining the domain-adapted outputs. Across the source domains
it computes the prediction accuracy and per-sample variance of per-class probabili-
ties. These metrics are introduced in section 4.2.1. For each source domain used as
an adaptation target, the logic stores the logits, probabilities and predictions and
then computes accuracy as well as the additional measures. The metrics are used
to quantify how sensitive the model's beliefs are to the style transformation space
induced by the training domains. A non-augmented 'original' forward pass over the
test set provides the baseline predictions and class variance for comparison. For each
test domain and mode, the pipeline records per-seed metrics for every augmentation
target. All results are returned in a structured dictionary and written to disk.

Finally, TTAExperiment orchestrates the LODO protocol by looping over all test
domains, all con�gured modes and the speci�ed random seeds. It restores the ap-
propriate checkpointed ResNet-50 for each seed/test-domain pair, constructs the
test loader and instantiates theTTAClassifier . Deterministic behavior is enforced
as far as the libraries allow via the centralizedSeedManagerto ensure that results
are repeatable across execution runs and seed e�ects can be reported isolated.
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3.6 Work
ow

The overall work
ow of the proposed system integrates the previously described
components into a coherent pipeline for DG and TTA. The process can be divided
into two main phases: Model training with style extraction and evaluation with style
augmentation (see Fig. 1).

In the training phase, images from the source domains are processed by the ResNet-
50 backbone to extract hierarchical feature representations. Forward hooks are
attached to selected residual blocks to enable the collection of per-channel statistics
(mean and standard deviation) of intermediate activations. The aggregated statis-
tics serve two purposes. First, they capture domain-speci�c style signatures that
can later be re-applied at inference and second, they provide a basis for analyzing
inter-domain variability. Simultaneously, the extracted feature embeddings are fed
into a task-speci�c classi�er, which is trained to minimize cross-entropy loss on the
source domains. The LODO protocol ensures the full exclusion of one domain during
training, which allows the system to simulate realistic domain shift.

In the evaluation phase, the pipeline performs TTA by reintroducing the style statis-
tics collected during training. For each test image from the unseen domain, the
frozen ResNet backbone is traversed while forward hooks dynamically apply domain-
aware transformations. Speci�cally, theDomainAwareHooknormalizes activations
per sample and re-scales them with style statistics from one of the source domains,
which projects the test sample into the style space of that domain. This procedure is
repeated across all available source domains, resulting in multiple domain-adapted
feature representations for the same test input. The classi�er collects predictions
from these augmented passes for aggregation and computes the additional uncer-
tainty metric like variance. The �nal prediction is derived by combining the aug-
mented outputs with the unmodi�ed baseline prediction.
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Figure 1: Stylized Pipeline

This pipeline establishes a process where domain-speci�c statistics are �rst extracted
during training and subsequently re-applied during evaluation to enable style-driven
TTA. This design ensures both reproducibility and generalization across unseen
domains as well as provides interpretable measures of robustness under domain
shift.
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4 Experiments & Results

4.1 Datasets

This section describes the datasets used in the experiments.

4.1.1 PACS

The PACS dataset is a widely adopted benchmark for evaluating DG algorithms,
designed to test model robustness under cross-domain distribution shifts (Li et al.,
2017).

It consists of four distinct stylistic domains. The Photo domain uses real-world
photographs with natural textures and lighting, whereas theArt painting domain
includes artistic renditions such as paintings or illustrations with varied brushstrokes
and color palettes. The less realistic domainsCartoon and Sketchconsist of styl-
ized drawings with bold outlines and 
at shading as well as black-and-white line
drawings with minimal texture respectively. This diversity requires models to learn
style-invariant features, as domain shifts are primarily stylistic rather than semantic
(Zhou et al., 2022a). Rather unequally distributed across these domains are the
seven classes of the dataset. PACS includes these object categories:dog, elephant,
gira�e, guitar, horse, house and person. It is worth noting that these classes are
semantically consistent across domains but exhibit stylistic divergence within each
class. E.g., aguitar appears di�erently in a photo than in a sketch but shares the
same characteristics in both domains.

The dataset contains 9991 images in total, with an uneven distribution across do-
mains. While the Sketchdomain contains 3929 images,Photo only consists of 1670
images.Cartoon and Art painting contain 2344 and 2048 images respectively.
Figure 2 shows examples of every class in every domain of the dataset.

4.1.2 VLCS

The VLCS dataset is another widely used benchmark for evaluating DG algorithms,
�rst introduced by Fang et al. (2013). It combines image data from four distinct
sources,VOC2007, LabelMe, Caltech101and SUN09, each representing a separate
domain. While all domains consist of real-world photographs, they vary in compo-
sition, background complexity and perspective. For example,Caltech101typically
includes object-centric images with minimal background clutter, whereas the others
contain more complex scenes with variable lighting and context (Fang et al., 2013).

Across all domains, the dataset shares �ve object categories:bird, car, chair, dog
and person. These classes remain semantically consistent throughout the domains
but di�er stylistically. For instance, while a car appears in each domain as a real
object, the backgrounds, occlusions and angles di�er, which forces models to learn
representations that are invariant to these domain-speci�c features.
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Figure 2: Exemplary images from the PACS dataset, containing images from the
classesdog, elephant, gira�e, guitar, horse, houseand person, each from the four
domainsArt painting, Cartoon, Photo and Sketch.

The dataset contains a total of 10729 images with an imbalanced distribution across
domains: while both VOC2007 and SUN09 consist of more than 3000 examples
(3376 and 3282 images respectively),LabelMe and Caltech101contain signi�cantly
less data (2656 and 1415 images respectively). These di�erences in domain size
introduce additional challenges during training and evaluation, as the models must
generalize under data scarcity and imbalance.

During dataset preparation, four images from the VLCS dataset were identi�ed as
corrupted during the download process and consequently excluded from the exper-
imental setup. This exclusion resulted in a �nal curated dataset comprising 10725
valid images for analysis. The removal of these corrupted samples ensured data
integrity while maintaining a statistically robust sample size for all subsequent ex-
periments.

Figure 3 shows examples from every class of every domain in the dataset.

4.1.3 Domain and Class Structure Analysis

Both the PACS and VLCS datasets were selected for this study due to their comple-
mentary strengths in evaluating DG algorithms. Their de�ned domain boundaries
allow for precise assessment of model robustness against distribution shifts, where
PACS emphasizes stylistic variation across artistic modalities and VLCS highlights
real-world diversity arising from di�erent data sources.

As established community benchmarks, both datasets facilitate meaningful compar-
ison with prior DG approaches. Moreover, their inherent class and domain imbal-
ances re
ect challenges commonly found in practical settings, such as heterogeneous
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Figure 3: Exemplary images from the VLCS dataset, containing images from the
classesbird, car, chair, dog and person, each from the four domainsCaltech-101,
LabelMe, SUN09and VOC2007.

data distributions and uneven sample availability (Choi et al., 2024; Gulrajani and
Lopez-Paz, 2020).

To gain an intuition for the structure of the raw datasets, we apply t-distributed
Stochastic Neighbor Embedding (t-SNE), a nonlinear dimensionality reduction tech-
nique that maps high-dimensional data into a two-dimensional space while preserv-
ing local neighborhood relationships (van der Maaten and Hinton, 2008). Figure 4
and �gure 5 show the resulting embeddings when color-coded by domain on the left
and by class on the right.

The domain-based visualization reveals a clear separation between the stylistic
groups for the PACS dataset in �gure 4. Particularly, the Sketch domain forms
a distinct cluster, while Photo and Art painting exhibit partial overlap but remain
distinguishable. In contrast, the class-based visualization shows considerable over-
lap across categories and highlights that stylistic variance dominates the embedding
structure more strongly than semantic variance.

In contrast to PACS, where stylistic di�erences dominate the structure, the visu-
alization for the VLCS dataset (see Fig. 5) shows a substantial overlap between
the four source domains. The only limited separation visible is for the subsetCal-
tech101, which forms more compact clusters. The class-wise visualization shows,
like with PACS, a high entanglement across domains without clear boundaries in
the embedding space.

These observations are highly relevant for TTA strategies that augment with feature
statistics. If style drives the primary shifts in representation, then adapting feature
distributions to better align with unseen target domains may mitigate domain gaps
without harming class semantics. The overlap for VLCS suggests that the TTA
might have to adapt to subtler shifts in distribution caused by scene complexity.
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