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Abstract

This thesis studies how di!erent data augmentation methods a!ect clean perfor-
mance, corruption robustness, and calibration in image classification. Augmenta-
tion is still often judged mainly by clean test accuracy, but that perspective becomes
too narrow once the data distribution changes. Methods that perform similarly on
clean data can behave quite di!erently under corruption. To study this more sys-
tematically, the thesis uses a three-stage evaluation pipeline. Stage 1 selects stable
learning rates for each dataset–architecture pair. Stage 2 compares augmentation
methods on clean in-distribution data. Stage 3 evaluates robustness under common
corruptions using CIFAR-C and MedMNIST-C.

The experiments cover two natural-image datasets, CIFAR-10 and CIFAR-100, and
two medical-image datasets, DermaMNIST and PathMNIST. ResNet-18 serves as
the main benchmark architecture, while ViT-B is included as an additional archi-
tecture to test whether the main patterns remain similar across model families.
The results show that clean performance alone is not su”cient to judge robustness.
They also show that robustness and calibration do not always improve together, so
confidence reliability must be considered alongside accuracy. More broadly, augmen-
tation e!ects vary across domains and architectures. Overall, the findings suggest
that augmentation should be evaluated with the target setting in mind, rather than
chosen based on clean-data performance alone.
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1 INTRODUCTION 1

1 Introduction

1.1 Motivation

Deep learning models have achieved strong performance on standard image classifica-
tion benchmarks when they are evaluated on clean and carefully curated datasets [1,
2]. In real applications, however, the input data is usually less controlled than in
benchmark settings. Images may be a!ected by noise, blur, changes in illumination,
compression artifacts, or sensor-related distortions. These e!ects are commonly
discussed under the term distribution shift and can lead to clear drops in model
performance, even when the semantic content of the image is still easy for a human
observer to recognize [3].

Data augmentation is one of the standard tools used to improve generalization in
deep learning [4]. By modifying training samples during learning, augmentation
aims to reduce overfitting and expose the model to a wider range of plausible input
variations. Over time, many augmentation strategies have been proposed, ranging
from simple geometric or photometric transformations to policy-based methods such
as AutoAugment and RandAugment [5, 6], mixing-based methods such as Mixup
and CutMix [7, 8], and more recent approaches that target robustness more directly
through style variation or synthetic sample generation [9–11].

Figure 1: Illustration of the distribution-shift problem. A model trained on clean data may
perform confidently on standard test samples, yet fail on corrupted inputs that remain
semantically recognizable to humans. This highlights the need to evaluate robustness
beyond conventional clean-test accuracy.

Although augmentation is widely used, it is still often judged mainly through clean
test accuracy. This leaves an important gap. A method that improves performance
on clean data does not necessarily remain strong once the input is corrupted or
shifted. In addition, robustness is often discussed only in terms of accuracy, while
calibration receives less attention. This matters in settings such as medical image
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analysis, where it is important not only that a model predicts correctly, but also
that its confidence scores remain trustworthy [12].

A further di”culty is that conclusions drawn from natural-image benchmarks do not
necessarily transfer to other domains. Medical image datasets di!er from natural-
image datasets in several ways, including visual statistics, class imbalance, semantic
variability, and task-specific decision boundaries [13, 14]. Because of these di!er-
ences, augmentation methods that work well on natural images may behave dif-
ferently on medical imaging tasks [15]. The same is true for model architecture.
Convolutional neural networks and transformer-based vision models rely on di!er-
ent inductive biases and training dynamics, so the same augmentation strategy may
not help both architectures in the same way [16–19].

For these reasons, this thesis studies traditional and modern data augmentation
methods with a joint focus on clean performance, calibration, and robustness under
distribution shift.

1.2 Problem Statement

Modern image classification models can achieve strong results on clean, in-distribution
test data [16, 17]. However, good performance in this setting does not automati-
cally imply robustness in more realistic deployment scenarios. In practice, inputs
are often a!ected by common corruptions or domain shifts. Even relatively small
perturbations can therefore lead to noticeable drops in performance.

Data augmentation is widely used to improve generalization, but its e!ect is still
often evaluated mainly through clean accuracy. As a result, several questions remain
open. First, it is not always clear whether methods that improve clean-data per-
formance also improve robustness under corrupted conditions. Second, robustness
should not be measured only by accuracy. A model may remain reasonably accurate
under corruption while still producing poorly calibrated confidence estimates, which
reduces its usefulness in settings where reliability matters. Third, augmentation ef-
fects may vary across domains and model architectures, so conclusions drawn from
a single benchmark or a single model family can easily be too narrow.

The main problem addressed in this thesis is therefore the lack of a unified evaluation
setting for comparing augmentation methods beyond clean accuracy alone. In this
work, augmentation methods are assessed jointly with respect to clean performance,
calibration, corruption robustness, domain dependence, and architectural stability.
To do so, the thesis applies a single three-stage evaluation pipeline to both natural-
image and medical-image benchmarks, using ResNet-18 as the main benchmark
backbone and ViT-B as an additional architecture.

1.3 Research Questions

Based on the motivation and problem statement outlined above, this thesis addresses
the following research questions:
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• RQ1: How do di!erent data augmentation methods a!ect classification per-
formance on clean test data?

• RQ2: How do di!erent data augmentation methods a!ect calibration on clean
test data?

• RQ3: To what extent do di!erent data augmentation methods improve ro-
bustness under common corruptions on natural-image and medical-image bench-
marks?

• RQ4: Are the robustness e!ects of data augmentation domain-dependent,
that is, do the observed trends di!er between natural-image and medical-image
datasets?

• RQ5: Are the observed e!ects of data augmentation stable across model archi-
tectures, or do they depend on whether the underlying model is a convolutional
neural network or a transformer-based vision model?

These research questions are examined through one unified three-stage evaluation
pipeline. The main experiments are conducted with ResNet-18 in order to establish
one consistent benchmark setting. Additional experiments with ViT-B are included
to check which trends remain similar across architectures under a fixed training
budget.

1.4 Contributions

The main contributions of this thesis are as follows:

1. A unified three-stage evaluation pipeline. The study uses a three-stage
pipeline that separates learning-rate selection, clean-data comparison, and ro-
bustness evaluation under corruption. This keeps the evaluation systematic
and makes the later comparisons easier to interpret.

2. A comparative study of traditional and modern augmentation meth-
ods. The study compares several augmentation families within one experimen-
tal framework, including traditional transformations, policy-based methods,
mixing-based methods, and more recent robustness-oriented approaches.

3. The inclusion of calibration in the evaluation. In addition to clean
performance and corruption robustness, the thesis also evaluates calibration
through metrics such as Expected Calibration Error (ECE), mean Expected
Calibration Error (mECE), and Maximum Calibration Error (MCE). This
makes it possible to check whether stronger robustness is actually accompanied
by more reliable confidence estimates and whether average calibration and
worst-case calibration tell the same story.
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4. A cross-domain evaluation on natural and medical image datasets.
By considering both natural-image and medical-image benchmarks, the thesis
examines whether augmentation e!ects remain similar across domains or shift
with the properties of the data.

5. An additional cross-architecture comparison. While ResNet-18 serves
as the main benchmark architecture, ViT-B is included as an additional archi-
tecture in order to examine which augmentation trends remain similar across
di!erent model families and which do not.

6. Practical observations for robustness-oriented evaluation. The results
show that augmentation choice should be interpreted in relation to the tar-
get domain, the evaluation goal, and the model architecture instead of being
treated as a one-time benchmark ranking.

1.5 Thesis Structure

The remainder of this thesis is organized as follows. Chapter 2 reviews the relevant
background and related work. Chapter 3 describes the methodology and experimen-
tal setup. Chapter 4 presents the main experimental results. Chapter 5 discusses
these findings and relates them to the broader literature. Finally, Chapter 6 con-
cludes the thesis and outlines possible directions for future work.

2 Background and Related Work

This chapter introduces the background needed for the rest of the thesis. It reviews
the augmentation families considered in the experiments, outlines corruption robust-
ness under distribution shift, summarizes the benchmark suites used in this work,
and explains the calibration metrics used later in the evaluation. It also discusses
why augmentation e!ects may vary across model architectures, which becomes im-
portant in the later comparison between ResNet-18 and ViT-B.

2.1 Data Augmentation for Image Classification

Data augmentation is a common regularization technique in image classification. It
increases the diversity of the training data by applying label-preserving transfor-
mations to input images [4]. By exposing the model to a broader range of visual
patterns during training, augmentation aims to reduce overfitting and improve gen-
eralization to unseen data. In practice, augmentation is often one of the first tools
used when the available training data is limited or when the model is expected to
handle more variation at test time.

In this thesis, the evaluated augmentation methods are grouped into four families:
traditional augmentations, policy-based augmentations, mixing methods, and style-



2 BACKGROUND AND RELATED WORK 5

or generative methods. This grouping is useful because the methods di!er not only
in how they transform training data, but also in the kind of invariance they encour-
age. Some mainly introduce small local variations, while others change the training
distribution more strongly and may therefore a!ect calibration and robustness in
di!erent ways.

2.1.1 Traditional and Geometric Augmentations

Traditional augmentation methods are among the earliest and most widely used
approaches in image classification. They are usually hand-crafted, computationally
inexpensive, and intended to introduce simple invariances into the model. In this
thesis, the traditional augmentation settings are represented by the standard base-
line pipeline and by a setting that combines random rotation with Random Erasing.

• Standard Baseline (Random Crop + Random Horizontal Flip): A
common baseline in image classification is to apply random cropping and hor-
izontal flipping during training [1]. For small natural-image datasets such as
CIFAR, this helps the model become less sensitive to small translations and
mirror variations. In this thesis, this setting serves as the main reference point
for comparing the other augmentation methods.

• Rotation + Random Erasing: One of the evaluated traditional settings
combines small random image rotations with Random Erasing. Random Eras-
ing, introduced by [20], randomly selects a rectangular image region and re-
places it with random values or a constant fill. This encourages the model to
learn from partially occluded inputs and can improve robustness to local infor-
mation loss. The additional rotation transform is meant to reduce sensitivity
to moderate orientation changes. Compared with more complex augmentation
families, this remains a fairly classical hand-crafted strategy.

Traditional augmentations are simple and e”cient, and they still provide a strong
baseline in many image-classification settings. At the same time, the transformation
space they cover is relatively limited. In this thesis, they are therefore useful not
only as practical methods, but also as a reference point for judging whether more
advanced augmentation families actually add something beyond standard regular-
ization.

2.1.2 Policy-based Augmentations

Policy-based augmentation methods aim to automate the selection of augmentation
operations instead of relying only on manual design. The main idea is that a useful
augmentation strategy does not need to be chosen entirely by hand, but can be
searched for or simplified through a more systematic design process.
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• AutoAugment: [5] formulates augmentation-policy selection as a search
problem. A controller searches for sequences of image transformations and
associated magnitudes that improve validation performance. AutoAugment
can produce strong results, but its search procedure is computationally expen-
sive.

• RandAugment: [6] simplifies the AutoAugment idea by removing the search
controller and reducing the policy space to a small number of global parame-
ters. In practice, RandAugment often remains competitive while being much
easier to apply.

Policy-based methods are relevant to this thesis because they represent a practical
alternative to hand-crafted augmentation design and often serve as strong base-
lines. They are also useful for comparison because they sit between simple classical
augmentations and more aggressive modern methods.

2.1.3 Image Mixing Methods

Mixing methods generate new training examples by combining two samples and
their labels. Compared with ordinary geometric transforms, they modify the train-
ing distribution more strongly and often encourage smoother decision boundaries.
Because of this, their e!ect is not limited to standard generalization, but may also
influence robustness and calibration.

• Mixup: [7] creates a virtual example (x̃, ỹ) by linearly interpolating two sam-
ples (xi, yi) and (xj, yj):

x̃ = ϑxi + (1→ ϑ)xj, ỹ = ϑyi + (1→ ϑ)yj (1)

where ϑ ↑ [0, 1] is sampled from a Beta distribution. Mixup is often associated
with smoother decision boundaries and, in some settings, improved calibration.

• CutMix: [8] replaces a rectangular patch of one image with a patch from
another image and mixes the labels according to the patch area. In contrast
to Mixup, CutMix preserves more local image structure while still encouraging
the model to rely on broader evidence.

Mixing methods are particularly relevant here because they often improve clean
performance, but their e!ect on corruption robustness and calibration is not always
consistent across datasets and architectures. This makes them especially interesting
for the joint evaluation carried out in this thesis.
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2.1.4 Style and Generative Augmentations

More recent augmentation methods try to create broader appearance variation by
using augmentation chains, style transfer, or generative models. Compared with tra-
ditional methods, these approaches aim to expose the model to richer distributional
changes during training.

• AugMix: [9] combines several stochastic augmentation chains and mixes
them with the original image. It is designed particularly with corruption
robustness in mind and is often paired with a consistency-based training ob-
jective.

• StyleAug: [10] uses style transfer to vary image texture while preserving
semantic structure. The goal is to reduce texture bias and encourage the
model to rely more on shape-related cues, which is especially relevant in light
of earlier work on texture-biased image recognition models [21].

• Di!useMix: [11] uses di!usion-based generation together with mixing ideas
to create more diverse but semantically related training samples. It represents
a more recent generative direction in augmentation research.

These methods are especially relevant to this thesis because they go beyond simple
invariance-based augmentation and expose the model to broader appearance varia-
tion during training. At the same time, this broader variation may also change how
the model behaves under corruption or how well calibrated its predictions remain.
This makes them particularly important for the later empirical analysis.

Table 1: Overview of the data augmentation methods considered in this thesis.

Category Method Key Mechanism Typical Motivation

Traditional Random Crop/Flip Geometric transformation Invariance
Traditional Rotation + Random Erasing Rotation and local occlusion Robustness
Policy-based AutoAugment Policy search Accuracy
Policy-based RandAugment Randomized policy selection E”ciency
Mixing Mixup Linear interpolation Calibration
Mixing CutMix Patch replacement Generalization
Generative AugMix Multi-chain mixing Robustness
Generative StyleAug Style transfer Domain variation
Generative Di!useMix Di!usion-based generation Sample diversity

2.2 Robustness under Distribution Shift

Standard supervised learning usually assumes that training and test data are sam-
pled from the same underlying distribution. In practice, however, this assumption
is often violated. When the test distribution di!ers from the training distribution,
the model is evaluated under distribution shift.
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In this thesis, the main focus is on corruption robustness, that is, robustness to non-
adversarial perturbations such as noise, blur, compression artifacts, and intensity
changes [3]. This setting di!ers from adversarial robustness, which studies worst-
case perturbations designed specifically to fool the model. Corruption robustness
instead focuses on more realistic average-case degradations that may occur in prac-
tical applications.

This distinction matters because data augmentation is often motivated as a way to
improve generalization, but improvements on clean data do not automatically imply
stronger robustness under shifted conditions. A method may improve standard test
accuracy while still remaining sensitive to corruption, which is one of the main
reasons why clean performance alone is not su”cient in this thesis.

2.3 Benchmark Suites

To evaluate robustness in a controlled and comparable way, standardized corruption
benchmarks are needed. This thesis uses benchmark suites for both natural-image
and medical-image domains.

2.3.1 CIFAR-C

CIFAR-10-C and CIFAR-100-C [3] extend the original CIFAR datasets [1] by ap-
plying common corruptions to the clean test images. In this thesis, robustness is
evaluated over 19 corruption types, covering categories such as noise, blur, weather
e!ects, and digital artifacts.

The benchmark is useful because it allows performance to be measured under con-
trolled corruption strength through multiple severity levels. This makes it possible
to analyze not only average robustness, but also how rapidly performance degrades
as corruption severity increases. Since CIFAR-C has become one of the most com-
mon corruption benchmarks in the literature, it also makes the results of this thesis
easier to interpret relative to earlier work.

2.3.2 MedMNIST-C

While CIFAR-C covers the natural-image setting, medical imaging involves di!erent
visual characteristics and task constraints. For this reason, this thesis also uses
MedMNIST-C [22], which is built on the MedMNIST v2 benchmark [23].

In this thesis, the medical robustness evaluation focuses on a subset of eight corrup-
tion types: Defocus Blur, Motion Blur, JPEG Compression, Pixelate, Brightness Up,
Brightness Down, Contrast Up, and Contrast Down. This subset is used because it
provides a comparable corruption protocol across the selected medical datasets and
reflects realistic image degradations that may appear in medical imaging pipelines.

Using both CIFAR-C and MedMNIST-C is important in this thesis because one
of the main questions is whether augmentation e!ects transfer across domains or
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Figure 2: Illustrative examples of selected CIFAR-C corruption types across increasing
severity levels.

remain domain-dependent. The medical benchmark is therefore not included only
as an additional test set, but as an important part of the overall research design.

2.4 Calibration Metrics and Predictive Reliability

In many applications, especially safety-relevant ones, accuracy alone is not su”cient.
A model should also provide confidence estimates that reflect how likely its predic-
tions are to be correct. This property is usually referred to as calibration. A model
is well calibrated if predictions made with confidence p are correct approximately p
percent of the time [12, 24].

Calibration is particularly relevant in this thesis because one of the main goals is
to move beyond the usual evaluation based only on clean accuracy. A model that
predicts accurately but produces unreliable confidence scores may still be di”cult
to trust in practical settings.

2.4.1 Expected Calibration Error (ECE)

A common metric for calibration is Expected Calibration Error (ECE) [12]. ECE
measures the weighted average gap between confidence and empirical accuracy across
M confidence bins:

ECE =
M∑

m=1

|Bm|
N

|acc(Bm)→ conf(Bm)| (2)
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where N is the number of samples, Bm is the set of predictions assigned to bin
m, acc(Bm) is the average accuracy within that bin, and conf(Bm) is the average
predicted confidence.

ECE is used throughout this thesis as one of the main calibration metrics because
it provides a compact summary of average miscalibration.

2.4.2 Maximum Calibration Error (MCE)

While ECE summarizes average calibration quality, Maximum Calibration Error
(MCE) measures the worst discrepancy across the confidence bins [12]:

MCE = max
m→{1,...,M}

|acc(Bm)→ conf(Bm)| (3)

MCE is useful because it highlights whether a model has particularly badly cali-
brated regions, even when the average calibration error appears moderate. This is
relevant for the later experiments because some augmentation methods may look
competitive on average while still producing unstable confidence behavior in specific
settings.

Under distribution shift, modern neural networks often become overconfident on
incorrect predictions [12, 24]. For this reason, this thesis evaluates not only clean
accuracy and corruption robustness, but also calibration under both clean and cor-
rupted conditions.

2.5 Architecture Biases and Robustness Transfer

Another question relevant to this thesis is whether augmentation e!ects remain
stable across model architectures. Convolutional neural networks and transformer-
based vision models di!er in their inductive biases, feature extraction behavior, and
training dynamics [16, 17]. As a result, an augmentation method that works well
for one model family may not behave in the same way for another.

This issue is especially relevant here because the main benchmark experiments of
the thesis are built around ResNet-18, while ViT-B is used as an additional architec-
ture. Vision Transformers have shown strong performance in image recognition [17],
but their behavior is also known to depend more strongly on training recipe, aug-
mentation, and regularization choices than is often the case for standard CNN base-
lines [25, 26]. In addition, prior work suggests that robustness comparisons between
transformers and CNNs are not entirely straightforward and may depend on the
evaluation setting and on how comparable the training setup actually is [18, 19, 27].

For this reason, a later cross-architecture comparison is meaningful in this thesis,
even though the goal is not to provide a fully exhaustive CNN-versus-ViT study.
Instead, the aim is to examine which augmentation trends remain similar once the
backbone changes and which ones do not.
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2.6 Summary and Research Gap

This chapter reviewed the main augmentation families considered in the thesis and
introduced the background on corruption robustness, benchmark suites, calibration,
and architecture-related di!erences. Overall, prior work suggests that augmenta-
tion can help clean generalization and sometimes also corruption robustness, but
the picture is still mixed once domains, metrics, and architectures are considered
together.

In particular, prior work often focuses on clean accuracy, studies only natural-
image benchmarks, or considers one architecture family in isolation. This leaves
several open questions about how augmentation a!ects robustness, calibration, do-
main transfer, and cross-architecture stability under a unified evaluation protocol.
These gaps motivate the methodology presented in the next chapter.

3 Methodology

This chapter describes the experimental framework used in the thesis. The aim
is to compare data augmentation methods not only in terms of clean predictive
performance, but also with respect to calibration and robustness under distribution
shift. To keep the comparison fair, the experiments follow a three-stage pipeline and
use a consistent protocol across datasets, architectures, and augmentation settings.

3.1 Overview of the Three-Stage Evaluation Pipeline

The experiments follow a three-stage pipeline that separates hyperparameter se-
lection, clean training, and robustness evaluation. This design helps avoid tuning
decisions based on corrupted test results and makes the later robustness analysis
easier to interpret.

The three stages are summarized below. The same structure is used throughout the
thesis and later linked directly to the result analysis in Chapter 4.

1. Stage 1: Learning-Rate Selection. A grid search is performed with the
baseline augmentation in order to select a stable learning rate for each dataset
and architecture. Performance is monitored only on a validation split. The
purpose of this stage is not to optimize a preliminary run as strongly as pos-
sible, but to choose a learning rate that leads to stable training and can later
be reused in Stage 2 and Stage 3.

2. Stage 2: Clean Training and Checkpoint Preparation. After the learn-
ing rate has been selected, models are trained on the clean training set with
the chosen augmentation method. No corrupted test data is used at this stage.
The final checkpoint is saved at the end of training so that all methods can
later be evaluated under the same protocol.
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3. Stage 3: Evaluation under Distribution Shift. The saved checkpoints
from Stage 2 are evaluated on the clean test set and on the corrupted bench-
marks. This stage is used to compute clean reference metrics, corruption
robustness metrics, and calibration metrics under distribution shift.

Both ResNet-18 and ViT-B are evaluated under this three-stage pipeline. ResNet-
18 serves as the main benchmark backbone throughout the study, while ViT-B is
included as an additional architecture that still follows the same overall protocol.
This makes it possible to compare augmentation trends across model families with-
out changing the evaluation logic itself.

3.2 Datasets and Corruption Protocols

The evaluation covers two domains: natural images and medical images. This de-
sign makes it possible to check whether augmentation e!ects remain similar across
domains or whether they depend strongly on the type of data.

3.2.1 Natural Image Datasets

For the natural-image setting, this thesis uses CIFAR-10 and CIFAR-100 [1]. Both
datasets contain 60,000 RGB images of size 32↓ 32.

• CIFAR-10: 10 classes, with 50,000 training images and 10,000 test images.

• CIFAR-100: 100 classes, with the same overall split, but with a finer-grained
label structure.

For corruption robustness, this thesis uses CIFAR-10-C and CIFAR-100-C [3]. These
benchmarks evaluate models on 19 corruption types grouped into broad categories
such as noise, blur, weather, and digital corruptions. Each corruption is provided at
five severity levels. This setup makes it possible to analyze both average robustness
and failure patterns under increasing corruption strength.

3.2.2 Medical Image Datasets

For the medical-image setting, this thesis uses two datasets from the MedMNIST
collection [23]. These datasets are standardized to 28↓ 28 pixels.

• DermaMNIST: A dermatology dataset for classifying seven skin lesion cat-
egories [23]. It contains 10,015 samples split into 7,007 training, 1,003 valida-
tion, and 2,005 test samples.

• PathMNIST: A histology dataset of colorectal tissue patches classified into
nine categories [23]. It contains 107,180 samples split into 89,996 training,
10,004 validation, and 7,180 test samples.
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3.2.3 Corruption Benchmarks

For medical robustness evaluation, this thesis uses MedMNIST-C [22]. Although the
full benchmark contains additional task-specific corruptions, this thesis focuses on
a common subset of eight corruption types so that comparisons remain consistent
across the selected medical datasets. These corruptions include:

• Blur and artifact corruptions: Defocus Blur, Motion Blur, JPEG Com-
pression, and Pixelate.

• Intensity-related corruptions: Brightness Up, Brightness Down, Contrast
Up, and Contrast Down.

This restricted subset is used because it provides a more comparable evaluation pro-
tocol across DermaMNIST and PathMNIST, while still covering several practically
relevant image degradations.

Table 2: Overview of datasets and corruption protocols used in this thesis.

Domain Dataset Clean Setting Corruption Benchmark

Natural CIFAR-10 10 classes, 32 ↓ 32
RGB

CIFAR-10-C with 19 corrup-
tion types and 5 severity lev-
els

Natural CIFAR-100 100 classes, 32↓ 32
RGB

CIFAR-100-C with 19 corrup-
tion types and 5 severity levels

Medical DermaMNIST 7 classes, 28↓ 28 MedMNIST-C subset with 8
corruption types and 5 sever-
ity levels

Medical PathMNIST 9 classes, 28↓ 28 MedMNIST-C subset with 8
corruption types and 5 sever-
ity levels

The table above provides a compact overview of the benchmark design and the
domain split used throughout the experiments.

3.3 Model Architectures and Training Setup

The main experiments in this thesis use ResNet-18 as the primary benchmark back-
bone. In addition, ViT-B is included as an additional architecture in order to ex-
amine whether the main augmentation trends remain similar across model families.
The goal is not to construct a fully symmetric CNN-versus-ViT comparison, but to
test whether the main observations from the primary benchmark also appear under
a di!erent architecture.
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3.3.1 Primary Backbone: ResNet-18

To keep the main comparison focused on augmentation e!ects, this thesis uses
ResNet-18 [16] as the default architecture for the core experiments.

ResNet-18 is a convolutional neural network that uses residual connections to make
optimization easier in deeper models. A residual block can be written as

y = F(x, {Wi}) + x (4)

where x is the input and y is the output. The term F(x, {Wi}) denotes the residual
mapping to be learned. The shortcut connection allows gradients to pass more
directly through the network during backpropagation and helps reduce optimization
di”culties in deeper architectures. ResNet-18 also uses Batch Normalization [28]
and ReLU activations [29].

With roughly 11 million parameters, ResNet-18 o!ers a useful balance between
model capacity and computational cost. For this reason, it is a practical main
backbone for the benchmark setting used in this thesis.

3.3.2 Additional Backbone: ViT-B

In addition to ResNet-18, this thesis includes ViT-B as an additional architecture.
Vision Transformers process images di!erently from convolutional networks and
model interactions across image patches through self-attention [17]. This di!erence
makes ViT-B useful for checking whether augmentation e!ects are architecture-
dependent.

In this thesis, ViT-B is evaluated under the same three-stage framework as ResNet-
18. At the same time, it is treated as an additional architecture rather than as
a fully symmetric second benchmark track. The purpose is to examine whether
the main augmentation trends observed under the CNN-based benchmark remain
broadly similar under a transformer-based model family.

The inclusion of ViT-B is also motivated by prior work showing that transformer-
based vision models can respond di!erently to augmentation, regularization, and
data scale compared with standard CNNs [25–27]. Because of computational con-
straints, the Stage 2 training budget for ViT-B is fixed to 30 epochs across all
datasets. This shorter budget keeps the extension study manageable while still al-
lowing a meaningful cross-architecture comparison within a consistent evaluation
protocol.

This compact comparison is su”cient for the methodology chapter, since the goal
here is to clarify the experimental role of each backbone rather than to provide a
full architectural tutorial.

3.3.3 Optimization and Hyperparameter Protocol

All models are trained with stochastic gradient descent (SGD) [30] and Nesterov
momentum. To keep the comparison fair, the optimization setup is fixed as much as
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Table 3: Roles of the two backbone families in this thesis.

Backbone
Architectural
tendency

Role in
this thesis

ResNet-18 CNN with strong local spa-
tial bias

Primary benchmark for the
full three-stage comparison

ViT-B Transformer with patch-
based global interaction

Additional backbone for
cross-architecture trend
checking

possible across experiments, while the learning rate is selected separately in Stage 1
for each dataset and architecture.

The main Stage 2 training setup used in this thesis is summarized in Table 4. For
ResNet-18, the training budget is set to 100 epochs on CIFAR-10 and CIFAR-100,
and to 50 epochs on DermaMNIST and PathMNIST. For ViT-B, the Stage 2 budget
is fixed to 30 epochs across all four datasets. This choice is mainly motivated by
computational cost and reflects the role of ViT-B as an additional architecture rather
than the primary benchmark backbone.

Table 4: Training hyperparameters used in Stage 2.

Hyperparameter ResNet-18 ViT-B

Optimizer SGD [30] SGD [30]
Momentum 0.9 0.9
Weight Decay 5↓ 10↑4 5↓ 10↑4

Batch Size 128 128
Training Epochs 100 / 50 (dataset-dependent) 30
LR Scheduler Cosine Annealing Cosine Annealing

The learning rate itself is not fixed globally. Instead, it is selected in Stage 1 for
each dataset and architecture and then reused consistently in Stage 2 and Stage 3.
This keeps the later comparison more interpretable, since performance di!erences
are less likely to come from arbitrary optimizer settings.

3.3.4 Stage 1 Search Space and Selection Logic

The Stage 1 learning-rate search is performed separately for each dataset and archi-
tecture. This is necessary because the optimization behavior di!ers across domains
and across model families.

For ResNet-18, the candidate learning rates are:

• CIFAR-10 / CIFAR-100: {0.1, 0.05, 0.01, 0.001}

• DermaMNIST / PathMNIST: {0.01, 0.005, 0.001, 0.0005}
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For ViT-B, a lower learning-rate range is used throughout:

• CIFAR-10 / CIFAR-100 / DermaMNIST / PathMNIST: {0.001, 0.0005, 0.0001,
0.00005}

The Stage 1 epoch budget also di!ers across datasets and architectures. For ResNet-
18, Stage 1 runs are trained for 20 epochs on CIFAR-10 and CIFAR-100, and for
15 epochs on DermaMNIST and PathMNIST. For ViT-B, Stage 1 runs are trained
for 15 epochs on CIFAR-10, 20 epochs on CIFAR-100, and 10 epochs on both Der-
maMNIST and PathMNIST.

Based on this search protocol, the final learning rates selected for Stage 2 are:

• ResNet-18: 0.01 for CIFAR-10, 0.001 for CIFAR-100, 0.005 for DermaM-
NIST, and 0.001 for PathMNIST

• ViT-B: 0.0005 for CIFAR-10, 0.0005 for CIFAR-100, 0.001 for DermaMNIST,
and 0.001 for PathMNIST

This stage is designed to provide stable and reusable optimization settings for the
later comparison, rather than to maximize the performance of a single preliminary
run.

3.3.5 Experimental Roles of the Two Architectures

The roles of the two architectures in this thesis are intentionally di!erent.

• ResNet-18: It serves as the primary benchmark backbone. The full three-
stage pipeline and the main comparisons are centered on this architecture.

• ViT-B: It serves as an additional architecture. It is also evaluated through
the same three-stage framework, but with a reduced Stage 2 training budget
in order to keep the overall study computationally manageable.

This distinction is important for the interpretation of the later results. The the-
sis does not aim to provide a fully exhaustive comparison between CNNs and Vi-
sion Transformers. Instead, the architecture extension is used to test whether the
main conclusions from the ResNet-18 experiments remain broadly stable under a
transformer-based model family.

3.4 Data Augmentation Methods

The evaluation includes nine augmentation strategies. For clarity, they are grouped
into four categories. The implementations follow standard libraries or o”cial repos-
itories where available. Within the traditional category, this includes the standard
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Table 5: Data augmentation methods evaluated in this thesis.

Category Methods

Baseline Standard (Crop+Flip), Rotation + Random Erasing
Policy-based AutoAugment [5], RandAugment [6]
Mixing Mixup [7], CutMix [8]
Generative AugMix [9], StyleAug [10], Di!useMix [11]

baseline pipeline and an augmentation setting that combines random rotation with
Random Erasing.

In the experiments of this thesis, the traditional augmentation setting beyond the
standard baseline is not a standalone Random Erasing transform. Instead, it com-
bines small random rotations with Random Erasing. In later chapters, this setting
is therefore referred to as Rotation + Random Erasing.

The baseline methods provide the reference point for the later comparison. Policy-
based methods define transformation policies, mixing methods combine information
from multiple samples, and the generative or style-related methods aim to expose
the model to broader appearance changes during training.

3.5 Evaluation Metrics

Model behaviour is evaluated from three perspectives: classification performance,
calibration, and robustness under corruption.

3.5.1 Classification Metrics

For balanced datasets such as CIFAR-10 and CIFAR-100, the main classification
metric is accuracy (Acc), that is, the proportion of correctly classified samples.

For medical datasets such as DermaMNIST, class imbalance makes standard accu-
racy less informative. In such cases, this thesis also uses balanced accuracy (BalAcc),
defined as the average recall across classes:

BalAcc =
1

K

K∑

k=1

TPk

TPk + FNk
(5)

where K is the number of classes.

Using both metrics where appropriate is important for the later comparison, because
the natural-image and medical-image settings di!er in class structure and evaluation
emphasis.
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3.5.2 Calibration Metrics

To measure predictive reliability, this thesis uses Expected Calibration Error (ECE) [12].
Predictions are grouped into M confidence bins, and ECE computes the weighted
average gap between empirical accuracy and confidence:

ECE =
M∑

m=1

|Bm|
N

|acc(Bm)→ conf(Bm)| (6)

Maximum Calibration Error (MCE). In addition to ECE, this thesis also
considers Maximum Calibration Error (MCE) as a supplementary calibration metric.
While ECE summarizes the average gap between confidence and empirical accuracy
across bins, MCE measures the largest such gap:

MCE = max
m→{1,...,M}

|acc(Bm)→ conf(Bm)| (7)

MCE is useful because it highlights worst-case miscalibration in particular confidence
regions, even when the average calibration error remains moderate. In this thesis,
ECE and mean ECE (mECE) are used as the primary calibration metrics, while
MCE is used as a supplementary metric to provide additional detail on calibration
risk.

In later analyses, this thesis also reports calibration behavior under corruption, be-
cause accurate but poorly calibrated predictions can still be problematic in practice.

3.5.3 Robustness Metrics under Corruption

Robustness is evaluated by aggregating performance over corruption types and sever-
ity levels [3]. For natural-image corruption benchmarks, this thesis uses mean cor-
ruption accuracy (mCA), defined as

mCA =
1

|C|
∑

c→C

(
1

5

5∑

s=1

Accc,s

)
(8)

where C is the set of corruption types and s ↑ {1, . . . , 5} denotes the severity level.

Calibration under corruption is summarized mainly through mean ECE (mECE).
Where useful, the thesis also reports a corruption-aggregated MCE view as a sup-
plementary indicator of worst-case calibration error under corruption.

3.6 Implementation and Reproducibility

All experiments are implemented in PyTorch [31]. To keep the experiments repro-
ducible, the following decisions are used throughout the thesis:
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• Random seeds are fixed for data splitting and model initialization.

• Augmentation parameters follow literature defaults where applicable, for ex-
ample Mixup with ϖ = 0.2 and CutMix with ϖ = 1.0.

• Configuration files are organized through a YAML-based setup so that exper-
imental settings can be tracked consistently.

• Results used in Chapter 4 are exported from the unified analysis pipeline and,
where applicable, aggregated over multiple runs to reduce stochastic variance.

These implementation choices help keep the experimental pipeline consistent and
make the later analysis easier to reproduce and interpret.

4 Experimental Results

4.1 Experimental Setup and Reporting Protocol

This chapter presents the main empirical results of the thesis. The order of presen-
tation follows the evaluation pipeline from Chapter 3, so that the later robustness
comparisons can be read against the earlier optimization and clean-data results.

The main benchmark track is based on ResNet-18. ViT-B is included where it adds
something substantive to the interpretation, especially when a result looks stable or
unstable across architectures.

The natural-image experiments are based on CIFAR-10 and CIFAR-100, while the
medical-image experiments are based on DermaMNIST and PathMNIST. Robust-
ness is evaluated on 19 corruption types for CIFAR-C and on a common subset of
8 corruption types for MedMNIST-C.

This chapter reports both predictive performance and predictive reliability. On
clean data, the main reference metric is classification accuracy, or balanced accu-
racy where class imbalance makes ordinary accuracy less informative. Under cor-
ruption, robustness is summarized through mean corruption accuracy (mCA), where
higher values indicate stronger robustness. Calibration is discussed mainly through
Expected Calibration Error (ECE) on clean data and mean ECE (mECE) under
corruption. Maximum Calibration Error (MCE) and its corruption-aggregated form
are used as supplementary indicators.

The chapter starts with the Stage 1 learning-rate search, then turns to clean per-
formance and clean calibration, and finally analyses corruption robustness in the
natural-image and medical-image settings before closing with a short synthesis across
domains and architectures.

The reported results should also be read in light of the training budget used in each
stage. In Stage 1, the learning-rate search is performed with a short budget in order
to keep the search practical while still making learning-rate di!erences visible. For
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ResNet-18, the Stage 1 budget is 20 epochs on CIFAR-10 and CIFAR-100 and 15
epochs on DermaMNIST and PathMNIST. For ViT-B, the Stage 1 budget is 15
epochs on CIFAR-10, 20 epochs on CIFAR-100, and 10 epochs on DermaMNIST
and PathMNIST. In Stage 2, the main benchmark with ResNet-18 is trained for
100 epochs on CIFAR-10 and CIFAR-100 and 50 epochs on DermaMNIST and
PathMNIST, whereas the ViT-B extension is trained for 30 epochs across all four
datasets. This di!erence reflects practical computational cost constraints and should
be understood as part of the study design: ResNet-18 serves as the main benchmark
track, while ViT-B is included as a supplementary cross-architecture check rather
than as a fully symmetric full-budget benchmark.

4.2 Stage 1: Learning Rate Selection

The purpose of Stage 1 is to fix learning rates before the augmentation comparison
begins. This stage is not meant to tune every augmentation separately. Its role
is simply to find settings that produce stable and comparable training behaviour
for each dataset and backbone, so that later di!erences are more likely to reflect
augmentation e!ects rather than optimization noise.

A grid search is run with the baseline augmentation setting. The candidate values
di!er across datasets and architectures so that the range stays realistic for each
model family. For ResNet-18, the search is centred on larger values for the CIFAR
datasets and smaller values for the medical-image datasets. For ViT-B, the entire
range is shifted downward. The final choice is based on validation behaviour rather
than test performance, which keeps the later robustness evaluation separate from
hyperparameter selection.

Even this short search already shows that optimization behaviour changes with both
domain and architecture. On the CIFAR datasets, ResNet-18 still trains stably at
comparatively large learning rates, while the medical-image datasets require more
conservative choices. ViT-B uses smaller selected values throughout, which fits the
generally more sensitive optimization behaviour of the transformer backbone.

For the main stages, the selected learning rates are 0.01, 0.001, 0.005, and 0.001 for
ResNet-18 on CIFAR-10, CIFAR-100, DermaMNIST, and PathMNIST, respectively.
For ViT-B, the selected values are 0.0005, 0.0005, 0.001, and 0.001. Figure 3 is
included mainly as a compact methodological overview, while the full backbone-
specific curves are moved to Appendix A.

For the medical-image datasets, validation balanced accuracy is considered alongside
ordinary validation accuracy when interpreting the curves, because class imbalance
makes balanced metrics more informative in these settings. This is especially rel-
evant for DermaMNIST and PathMNIST, where learning-rate stability should not
be judged by overall accuracy alone.

Stage 1 is therefore mainly preparatory, but it is still informative: before any aug-
mentation comparison is made, it already becomes clear that the two backbones
should not be expected to behave identically.
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Figure 3: Compact Stage 1 learning-rate overview across the four datasets. Each panel
overlays ResNet-18 and ViT-B so that dataset-level selection trends can be compared
more directly in the main text. For CIFAR-10 and CIFAR-100, validation accuracy is
reported. For DermaMNIST and PathMNIST, validation balanced accuracy is used be-
cause class imbalance makes it more informative than ordinary validation accuracy. The
full backbone-specific Stage 1 curves are provided in Appendix A.

4.3 Stage 2: Clean Performance and Calibration

After fixing the learning rates, Stage 2 compares the augmentation methods on clean,
in-distribution data. These results matter because they provide the reference point
for the corruption analysis in Stage 3. Without that reference, it would be hard to
tell whether later robustness di!erences simply mirror cleaner training performance
or whether they reflect something more specific.

The clean results should also be read together with the training budget. ResNet-18
is the main benchmark setting, whereas ViT-B is included as a shorter but fixed
extension. The cross-architecture comparison is therefore useful for checking trend
stability, but it is not intended as a fully compute-matched backbone study.
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4.3.1 Clean Predictive Performance

On clean data, many methods stay fairly close to each other, but the ranking still
shifts with the dataset and the backbone. For CIFAR-10 and CIFAR-100, the nat-
ural reference is clean accuracy. For DermaMNIST and PathMNIST, balanced ac-
curacy is more informative because of the class structure of the medical tasks.

Clean rankings are relatively compressed in the natural-image setting. On CIFAR-
10 / ResNet-18, AutoAugment is highest at 0.8540, but margins are small; un-
der ViT-B, CutMix reaches 0.9829. On CIFAR-100, Mixup leads under ResNet-18
(0.6074), while CutMix leads under ViT-B (0.8853). So the clean ranking is already
architecture-dependent before corruption is introduced.

The medical setting shows the same point through balanced accuracy: on DermaM-
NIST, CutMix is strongest under ResNet-18 (0.7627), while ViT-B shares the top
value between CutMix and Rotation + Random Erasing (0.7936). PathMNIST is
more stable, with CutMix leading on both backbones (0.9207 and 0.9968). Overall,
clean results are informative but not strongly separating; full Stage 2 tables are kept
in Appendix C.

4.3.2 Clean Calibration Behavior

Although clean predictive performance is often close across methods, calibration
separates them more clearly. Stage 2 therefore provides not only a performance
comparison, but also an early view of predictive reliability. Some augmentations
produce smoother confidence behaviour on clean data, while others remain compar-
atively overconfident even when their predictive performance looks competitive.

The clean-stage results show that predictive performance and calibration should be
read jointly. Figure 4 gives one representative view, while additional clean trade-o!
plots and the multi-setting dual-axis clean overview are reported in Appendix C.
On CIFAR-10 / ResNet-18, Mixup has the lowest clean ECE (0.0336) without the
highest accuracy, whereas Di!useMix is weaker on both dimensions. On CIFAR-100
/ ResNet-18, Mixup is strongest overall, combining the best clean accuracy (0.6074)
with the lowest clean ECE (0.0612).

The same pattern appears under ViT-B at a higher absolute level: on CIFAR-10,
CutMix combines highest clean accuracy (0.9829) and lowest clean ECE (0.0051).
In the medical setting, calibration also remains method- and backbone-dependent;
for example, CutMix reaches low ECE on DermaMNIST (0.0566 under ResNet-18,
0.0270 under ViT-B), while PathMNIST shows a large backbone gap for CutMix
ECE (0.1294 vs 0.0040).

The supplementary MCE results support this interpretation but add a worst-case
view: low average calibration error does not always imply low worst-bin error. Over-
all, Stage 2 already shows why Stage 3 cannot be interpreted from accuracy alone.
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Figure 4: Representative Stage 2 clean trade-o! example on CIFAR-10 with ResNet-18.

4.3.3 Cross-Architecture Observations on Clean Data

The cross-architecture clean comparison helps separate more stable from less stable
trends. Some methods stay broadly in a similar part of the ranking across ResNet-18
and ViT-B, while others move much more once the backbone changes.

On CIFAR-10, several methods remain reasonably competitive across both back-
bones, but CutMix changes the most: it is the weakest method in clean accuracy
under ResNet-18 and the strongest under ViT-B. This kind of reversal is important
because it shows how misleading a single-backbone reading could be. On CIFAR-
100, Mixup looks more stable. It stays near the top on both architectures and re-
mains attractive in both clean performance and calibration. On DermaMNIST, the
clean balanced-accuracy ranking changes more noticeably, which suggests that the
medical-image clean comparison is already more architecture-sensitive. PathMNIST
is the clearest exception, since CutMix remains the top clean balanced-accuracy
method under both architectures, even though its calibration pattern still di!ers.

These early shifts matter because they prepare the ground for the later synthesis
in Section 4.6. Architecture e!ects are already visible on clean data, so it would
be misleading to discuss corruption robustness as if the backbone only mattered at
Stage 3.

4.3.4 Interpretation of Stage 2

Stage 2 gives a useful reference point, but it is still only a first step. On the natural-
image datasets, clean accuracy remains the main reference; on DermaMNIST and
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PathMNIST, balanced accuracy is the more meaningful clean metric. Across both
domains, however, clean performance alone still leaves too much hidden.

Calibration adds an extra layer that is already informative before any corruption
is applied. The supplementary MCE results support the same reading by showing
that average calibration and worst-case calibration are related, but not identical.
In that way, Stage 2 works as a bridge: it provides the clean reference for Stage 3
and already hints that part of the augmentation e!ect only becomes visible once the
evaluation moves beyond in-distribution performance.

4.4 Stage 3: Robustness Analysis on Natural Images

This section turns to robustness under distribution shift in the natural-image setting.
Using CIFAR-C, it asks how the augmentation methods behave once the clean test
images are replaced by corrupted variants. Compared with Stage 2, the focus is no
longer on in-distribution performance, but on how well the models hold up under a
broad set of non-adversarial corruptions.

4.4.1 Quantitative Summary

At the aggregate level, robustness is summarized through corruption-averaged met-
rics such as mCA, together with calibration-oriented quantities such as mECE.
These metrics help separate methods that merely stay accurate under corruption
from methods that also keep their confidence estimates under better control. Sup-
plementary MCE results add a worst-case view, but the main discussion remains
centred on mCA and mECE.

To keep the main text readable while still reporting concrete values, Table 6 provides
a condensed ResNet-18 snapshot (best mCA, best mECE, and baseline), whereas
the full per-method tables remain in Appendix C.

Table 6: Condensed natural-image robustness summary (ResNet-18). Full per-
method tables are provided in Appendix C.

Dataset Best mCA Method mCA Best mECE Method mECE Baseline (mCA/mECE)

CIFAR-10 StyleAug 0.7815 RandAugment 0.0745 0.7128 / 0.1629
CIFAR-100 AugMix 0.4846 CutMix 0.0602 0.4266 / 0.3155

The quantitative summary gives the ranking, but not the mechanism; corruption-
wise and severity-wise details are therefore discussed next, while full tables are moved
to Appendix C.

On ResNet-18, CIFAR-10 and CIFAR-100 already diverge: CIFAR-10 is led by
StyleAug in mCA (0.7815), whereas CIFAR-100 is led by AugMix (0.4846). Calibra-
tion changes the reading in both cases: on CIFAR-10, RandAugment/StyleAug are
more balanced than Di!useMix (mECE 0.0745/0.0802 vs 0.1088), and on CIFAR-
100, CutMix has the lowest mECE (0.0602) despite not leading mCA.
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Under ViT-B, the trade-o! remains: on CIFAR-10, RandAugment has the high-
est mCA (0.9092), while CutMix has the lowest mECE (0.0315); on CIFAR-100,
AugMix stays strongest in mCA, but CutMix/Mixup are calibration-friendlier. The
MCE results support the same direction and show that average and worst-case cal-
ibration are not identical.

4.4.2 Corruption-wise and Severity-wise Analysis

Aggregate robustness metrics are informative, but they can hide important di!er-
ences between augmentation methods. Two methods may achieve similar average
mCA while failing on di!erent corruption families. To make these di!erences visible,
this section also considers corruption-wise and severity-wise patterns.

Figure 5: CIFAR-10 corruption-wise robustness heatmap for ResNet-18. The correspond-
ing ViT-B view is reported in Appendix C.

The CIFAR-10 heatmap in Figure 5 already shows the key pattern: architecture
changes a!ect both average robustness and the structure of corruption sensitivity.
Under ResNet-18, variation across corruption types is stronger, while ViT-B results
are generally stronger. Severity curves for CIFAR-10 and the corresponding CIFAR-
100 details are moved to Appendix C.

For readability, the main text keeps CIFAR-10 as the representative detailed example
and moves the fuller CIFAR-100 visual material to the Appendix.

4.4.3 Robustness–Calibration Trade-o!

In addition to raw robustness, this thesis also asks whether robustness gains are
accompanied by reliable confidence estimates. A method may preserve relatively
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high mCA under corruption, but still become poorly calibrated when it fails. For
this reason, robustness and calibration are examined jointly rather than treated as
independent observations.

Figure 6: Representative natural-domain trade-o!
on CIFAR-10 with ResNet-18.

Figure 6 highlights why natural-
image robustness should not be
read from mCA alone. ViT-
B occupies a stronger robust-
ness region than ResNet-18, but
method-level trade-o!s remain
visible: under ResNet-18, Dif-
fuseMix is robust but less cal-
ibrated; under ViT-B, CutMix
combines strong robustness with
low mECE. On CIFAR-100, the
same pattern holds in a harder
setting: AugMix leads in mCA,
while CutMix/Mixup are more
calibration-friendly.

The supplementary MCE results reinforce this point: average and worst-case cali-
bration do not always rank methods identically.

4.4.4 Interpretation of the Natural-Image Results

The CIFAR-C results give the first full view of how the augmentation methods
behave once distribution shift is introduced. The aggregate metrics show which
methods are strongest on average, while the detailed plots make it easier to see
where those rankings come from. Reading mCA together with mECE and MCE
also makes an accuracy-only interpretation of robustness hard to justify.

The natural-image results also show that architecture matters here. On both CIFAR-
10 and CIFAR-100, ViT-B reaches a noticeably higher robustness level than ResNet-
18. But the change is not just a simple upward shift. Corruption sensitivity and
the robustness–calibration trade-o! still depend on the augmentation choice.

4.5 Stage 3: Robustness Analysis on Medical Images

This section extends the robustness analysis to the medical-image setting. Using
MedMNIST-C, it asks whether methods that look strong on CIFAR-C remain strong
once the data domain, corruption types, and visual structure change more substan-
tially.
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Figure 7: Representative medical-domain robustness–calibration trade-o! on DermaM-
NIST with ResNet-18.

4.5.1 Quantitative Summary

As in the natural-image setting, the medical-image results start with aggregate
metrics for corruption-averaged performance and corruption-aggregated calibration.
These values give a first ranking, but they do not explain by themselves why some
methods transfer better to the medical domain than others. Again, ECE-based
metrics remain the main calibration reference, while MCE is used as a supplementary
worst-case indicator.

Table 7 reports the corresponding condensed ResNet-18 view for the medical domain
(best mCA, best mECE, and baseline), with complete per-method tables kept in
Appendix C.

Table 7: Condensed medical-image robustness summary (ResNet-18). Full per-
method tables are provided in Appendix C.

Dataset Best mCA Method mCA Best mECE Method mECE Baseline (mCA/mECE)

DermaMNIST RandAugment 0.7334 CutMix 0.0714 0.7124 / 0.2199
PathMNIST RandAugment 0.8581 RandAugment 0.0730 0.5983 / 0.3505

Figure 7 shows stronger setting dependence than the natural-image case. Under
ResNet-18, RandAugment is strongest on PathMNIST (mCA 0.8581), but Der-
maMNIST has no single winner across mCA and mECE. Under ViT-B, rankings
shift again, with AugMix becoming especially strong on PathMNIST. The supple-
mentary MCE view supports the same conclusion; full medical tables and split plots
are reported in Appendix C.
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4.5.2 Corruption-wise Failure Analysis

To better understand the medical-image results, this section also considers corruption-
specific behaviour. Aggregate performance can hide the fact that a method is stable
under one type of corruption but fails clearly under another. A more detailed view
is therefore needed to identify which medical corruption patterns remain di”cult for
di!erent augmentation families.

Figure 8: DermaMNIST corruption-wise robustness heatmap for ResNet-18. The corre-
sponding ViT-B view is reported in Appendix C.

The heatmap in Figure 8 highlights corruption-specific variability on DermaMNIST
more directly than the aggregate mCA values. Under ResNet-18, several corruption
types show visibly sharper performance drops, which supports the earlier point that
medical-image robustness remains strongly setting-dependent.

Together with the supplementary severity curves in Appendix C, Figure 8 indicates
that architecture changes a!ect both overall robustness level and the structure of
corruption sensitivity. ViT-B is generally stronger, but improvements are not uni-
form across methods.

For PathMNIST, the heatmaps, severity curves, and trade-o! plots still add useful
evidence, but they work better as supporting material than as a second main-text
overview figure. The visual pattern also di!ers from the natural-image setting be-
cause intensity-related corruption behaviour becomes more central.

In the medical domain, this detailed analysis is especially informative because the
relevant corruption types di!er from those emphasized in natural-image benchmarks.
Intensity-related corruptions such as brightness and contrast changes may play a
larger role, while some augmentation methods that improve robustness to texture-
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like changes on CIFAR-C may be less useful when the discriminative medical pat-
terns are more subtle.

4.5.3 Domain-Specific Interpretation

The medical-image results should be interpreted more cautiously because augmen-
tation may interact with this domain in a more task-specific way. A method that
increases diversity in natural images is not automatically a good fit for medical data
if it distorts structure that is actually relevant for the prediction.

The medical analysis is therefore not treated as a simple repeat of the CIFAR-C
benchmark. It is meant to test whether the augmentation e!ects seen in natural
images still hold in a second domain with di!erent visual and task-specific properties.

The plots and calibration results support that cautious reading. In DermaMNIST,
for example, some methods appear to benefit more clearly from the ViT-B extension
than others, which suggests that medical-image robustness remains architecture-
sensitive even before the later cross-domain synthesis. The supplementary MCE
results support the same point by showing that average calibration and worst-case
calibration do not always move in exactly the same way.

4.5.4 Interpretation of the Medical-Image Results

The MedMNIST-C results provide the second main robustness perspective of the
study. The aggregate metrics show how the methods rank in the medical domain,
while the detailed plots make the ranking shifts easier to interpret. This allows the
discussion to compare not only performance levels, but also the structure of failure
patterns across domains.

The medical-image setting should not be read as a simple extension of CIFAR-C. The
dominant corruption sensitivities change, the most useful augmentation families can
change, and the robustness–calibration trade-o! remains strongly setting-dependent.

4.6 Cross-Domain and Cross-Architecture Synthesis

This final section of the chapter brings the earlier results together. The point is
not to repeat every dataset-level result, but to identify the broader patterns that
become visible once the methods are compared across domains and, where possible,
across architectures.

4.6.1 Domain Dependency of Augmentation E!ects

The comparison between CIFAR-C and MedMNIST-C shows clearly that augmen-
tation e!ects are not domain-invariant. Methods that perform strongly on natural-
image corruptions do not necessarily keep the same advantage once the evaluation
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shifts to medical images. Robustness gains therefore need to be read in relation to
the target domain rather than treated as universally transferable.
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Figure 9: Cross-domain overview of corruption-robustness gains relative to the baseline.
The figure summarizes how strongly each augmentation improves mean corruption accu-
racy across the natural-image and medical-image settings.

A central reason is that relevant corruption families di!er by domain: texture/noise
variation is more dominant in natural images, while intensity-related shifts are more
central in medical images. Figure 9 reflects this directly: gains are broad on CIFAR-
C but more selective on MedMNIST-C, and the top methods are not identical across
domains.

At dataset level, natural-image top performers are often StyleAug, RandAugment,
or AugMix, whereas medical rankings shift: RandAugment is strongest on DermaM-
NIST and PathMNIST under ResNet-18, but on PathMNIST / ViT-B AugMix leads
in mCA. Calibration trends (ECE and supplementary MCE) follow the same mes-
sage: robustness gains do not transfer uniformly across domains.

4.6.2 Architecture Dependency of Augmentation E!ects

Alongside the domain comparison, the thesis also asks whether the main findings
remain stable across architectures. The main benchmark is still ResNet-18, while
ViT-B serves as an additional architecture for selected analyses.

Figure 10 shows this more directly than the earlier table. Some trends remain fairly
stable when the backbone changes, but others are clearly reshaped. In the natural-
image setting, moving from ResNet-18 to ViT-B often raises the overall robustness
level, yet the augmentation ranking is not preserved exactly. On CIFAR-10, for
example, StyleAug is strongest under ResNet-18, whereas RandAugment leads under
ViT-B and CutMix becomes more attractive once calibration is considered jointly.
On CIFAR-100, AugMix stays very strong in both architectures, but the surrounding
trade-o! structure still changes.
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Figure 10: Cross-architecture consistency of augmentation trends. Cell colours summarize
how stable each augmentation remains between ResNet-18 and ViT-B in clean, natural-
corruption, medical-corruption, and overall settings.

The medical-image comparison shows the same general pattern in a di!erent form.
On DermaMNIST, RandAugment remains highly robust in both architectures, but
the best calibration is not always achieved by the same method. On PathMNIST,
the strongest method changes more clearly between architectures, with RandAug-
ment leading under ResNet-18 and AugMix leading under ViT-B. This means that
architecture changes do not simply strengthen all augmentation methods equally;
instead, they reshape which trade-o!s become most favourable.

The supplementary MCE analysis also supports the idea that architecture changes
influence not only average calibration quality but sometimes also worst-case cali-
bration behaviour. This makes the cross-architecture comparison more informative
than a pure accuracy-based reading.

4.6.3 Stable and Unstable Findings Across Settings

The synthesis separates stable findings from setting-dependent ones. Stable findings
are: policy-based methods (especially RandAugment) are frequently competitive,
robustness should be read jointly with calibration (highest mCA is not always lowest
mECE), and ViT-B usually raises the absolute robustness level.

Setting-dependent findings remain substantial: the best method changes with dataset,
corruption family, and backbone (e.g., StyleAug strongest on CIFAR-10 / ResNet-18,
AugMix strong on CIFAR-100 and PathMNIST / ViT-B, CutMix often strongest
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from calibration). Supplementary MCE results support the same interpretation.
Overall, augmentation e!ectiveness is interaction-driven across domain, corruption
structure, and architecture.

5 Discussion

5.1 Clean Performance Is Informative but Not Su”cient

One important finding is that clean performance is useful, but not enough on its
own. The Stage 2 results show that many augmentation methods remain fairly close
on clean evaluation, especially on the natural-image benchmarks. Once the analysis
moves to Stage 3, the gaps become easier to see. Strong clean performance should
therefore not be read as a su”cient indicator of strong corruption robustness.

This pattern appears in both architectures, even though the absolute performance
levels are di!erent. Under ResNet-18, the clean-data gaps are often modest, while
the di!erences under CIFAR-C or MedMNIST-C are clearer. Under ViT-B, both
clean and robust performance are usually higher, but the same general conclusion
still holds: stronger clean performance does not by itself determine the later robust-
ness ranking. A stronger backbone does not remove the need for explicit robustness
evaluation.

The results therefore argue against relying on clean metrics alone when selecting
augmentation methods. Clean accuracy, or clean balanced accuracy in the medical-
image setting, is still a necessary reference, but it should not be the main target of
evaluation. A method can look competitive on clean data and still become much
less reliable once realistic corruption is introduced.

This also helps explain why the Stage 2 and Stage 3 rankings are not identical.
On clean data, part of the augmentation e!ect is hidden because many methods
already fit the in-distribution benchmark reasonably well. Under corruption, the
same methods have to show whether the invariances they encourage still help once
the input changes. Seen this way, the value of augmentation lies less in improving
clean fit alone and more in shaping representations that remain useful under shift.

A practical implication is that augmentation selection should not be driven by clean
validation performance alone. When robustness matters, clean metrics should be
complemented by explicit corruption evaluation. Otherwise, the evaluation protocol
may overestimate methods that appear strong only because the clean benchmark is
not di”cult enough to expose their weaknesses.

5.2 Robustness and Calibration Are Related but Not Iden-
tical

Another central finding is that corruption robustness and calibration should not be
treated as interchangeable objectives. Across both the natural-image and medical-
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image benchmarks, the augmentation with the highest corruption robustness is not
always the one with the best corruption calibration. In several settings, the ranking
by mCA di!ers from the ranking by mECE. A model can therefore remain compar-
atively accurate under corruption while still becoming less reliable in its confidence
estimates.

This distinction is already visible in the natural-image results. On CIFAR-10 with
ResNet-18, Di!useMix achieves strong corruption robustness, but its corruption
calibration is weaker than that of RandAugment or StyleAug. It is therefore a
good example of a method that remains strong in terms of accuracy while being
less convincing from the confidence perspective. RandAugment and StyleAug look
more attractive in the joint robustness–calibration view because they combine strong
mCA with more controlled calibration error.

The same issue remains visible under ViT-B. On CIFAR-10, RandAugment reaches
the highest mCA, but CutMix becomes especially competitive once calibration is
considered jointly because it combines almost the same robustness with the lowest
corruption calibration error. On CIFAR-100, AugMix reaches the highest mCA,
yet CutMix and Mixup remain especially attractive from the calibration perspec-
tive. Even when the overall robustness level rises, the distinction between predictive
robustness and predictive reliability remains.

The medical-image results reinforce the same conclusion. On DermaMNIST with
ResNet-18, RandAugment has the highest mCA, but CutMix yields the lowest
mECE. On PathMNIST with ResNet-18, RandAugment is unusually strong be-
cause it combines the highest mCA with the best corruption calibration. But that
alignment does not remain universal once the backbone changes. On DermaMNIST
with ViT-B, RandAugment still has the highest mCA, while StyleAug gives the low-
est mECE. On PathMNIST with ViT-B, AugMix becomes strongest in both mCA
and mECE. So the relationship between robustness and calibration is not fixed; it
depends on the dataset and the backbone.

The additional MCE analysis makes this point more precise. ECE and mECE
describe average calibration quality, which is useful for understanding overall con-
fidence behaviour. MCE, in contrast, highlights the worst calibration gap across
confidence bins. In the experiments of this thesis, these measures often move in a
similar direction, but they are not fully identical. A method may look relatively well
calibrated on average while still showing an unfavourable worst-bin error.

This distinction becomes more relevant in safety-related settings. In practice, a
model that is accurate on average but still produces isolated high-confidence mis-
takes may remain problematic. This concern is especially clear in the medical-image
setting, where confidence scores may a!ect whether a prediction is trusted directly
or reviewed by a human. From this perspective, MCE does not replace ECE or
mECE, but it adds another layer of interpretation by showing whether a method
is only well calibrated on average or whether its confidence behaviour is also more
stable in the worst case.
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The results therefore support a broader evaluation principle: augmentation methods
should be judged from a joint robustness–calibration perspective. A method with
the highest mCA should not automatically be preferred if its calibration worsens
strongly under corruption. Conversely, a method with slightly lower mCA may still
be the better choice when it produces more reliable confidence estimates. This is
one of the clearest lessons that appears repeatedly across the experiments.

5.3 Augmentation E!ects Are Domain-Dependent

One of the central questions of the thesis was whether robustness gains observed
on natural-image benchmarks transfer to the medical-image setting. The results
suggest that the answer is only partial. Some augmentation families remain com-
petitive across domains, but the strongest methods, the most relevant corruption
sensitivities, and the robustness–calibration trade-o!s all change noticeably between
the two settings.

The contrast already appears in the overall ranking patterns. In the natural-image
setting, the leading methods often include StyleAug, RandAugment, and AugMix,
depending on the dataset and architecture. On CIFAR-10 under ResNet-18, for
example, StyleAug reaches the highest corruption robustness, while under ViT-B
the top position shifts to RandAugment and CutMix becomes especially attractive
once calibration is considered jointly. On CIFAR-100, AugMix becomes particularly
strong, especially under ViT-B. In the medical-image setting, however, the ranking
changes. On DermaMNIST and PathMNIST under ResNet-18, RandAugment is
especially competitive, while under ViT-B the strongest method can change again,
most clearly on PathMNIST where AugMix reaches the highest mCA.

This already suggests that augmentation should not be treated as a universally
portable robustness solution. A method that performs very well in the natural-image
setting cannot automatically be expected to transfer with the same advantage to the
medical-image setting. In broad terms, the reason is that the two domains reward
di!erent kinds of invariance.

In the natural-image benchmarks, corruption sensitivity appears to be closely re-
lated to texture variation, noise, blur, and broad appearance change. Augmentation
methods such as StyleAug and AugMix appear to be well aligned with this setting
because they encourage broader invariance to changes in texture and appearance.
This alignment helps explain why they are often especially e!ective in CIFAR-C-
style benchmarks.

In the medical-image setting, the situation is di!erent. Here, intensity-related shifts
and domain-specific visual structure become more important. On datasets such as
PathMNIST, the image content is not defined by large-scale object shape in the same
way as in natural-image classification. Instead, the task depends more strongly on
subtle local patterns, tissue structure, and medically relevant visual statistics. As
a result, an augmentation strategy that is highly beneficial in natural images may
become less e!ective, or less appropriate, once the target domain changes.
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This interpretation also fits the detailed plots in Chapter 4. In the natural-image
setting, the heatmaps and severity plots emphasize broad sensitivity to noise-like and
texture-related corruptions. In the medical-image setting, the more relevant failure
modes are tied more closely to intensity shifts and medically meaningful visual
variation. The di!erence is therefore not only quantitative, but also qualitative.

A useful way to read this contrast is to think of augmentation as introducing a
prior about which variations the model should learn to ignore. In the natural-image
setting, it is often helpful to reduce sensitivity to texture variation, corruption noise,
or other low-level appearance changes. In the medical-image setting, however, some
of these low-level patterns may themselves remain task-relevant. If an augmentation
encourages invariance to exactly those features, its transfer to the medical domain
may naturally be limited.

This helps explain why the results do not support a one-size-fits-all view of augmen-
tation. Augmentation should therefore be selected with the target domain in mind.
Rather than transferring the strongest method from a natural-image benchmark di-
rectly into a medical setting, it is more reasonable to ask whether the invariances
induced by that method are compatible with the information structure of the down-
stream task.

The addition of ViT-B strengthens this conclusion rather than weakening it. Al-
though ViT-B often raises the overall robustness level, it does not remove the do-
main gap. Instead, the ranking changes observed under ViT-B show that domain
dependency remains visible even under a stronger architecture. This suggests that
the domain gap is not just a property of one backbone, but may reflect a broader
pattern in how augmentation interacts with the task and the data distribution.

5.4 Architecture Matters for Robustness Conclusions

The architecture comparison shows that the conclusions about augmentation are
not fully architecture-invariant. In general, the ViT-B extension reaches a higher
overall robustness level than the ResNet-18 benchmark, especially in the natural-
image setting. But that does not mean the same augmentation ranking is preserved
exactly when moving from one architecture to the other.

This point is already visible in the natural-image results. On CIFAR-10, StyleAug is
strongest under ResNet-18, whereas RandAugment reaches the highest mCA under
ViT-B. At the same time, CutMix becomes especially competitive under ViT-B
once robustness and calibration are evaluated jointly. On CIFAR-100, AugMix
remains very strong in both architectures, but the trade-o! structure still changes
because CutMix and Mixup become more attractive from the robustness–calibration
perspective. These examples show that moving to a stronger backbone does not
simply scale all augmentation methods upward by the same amount.

The medical-image results reveal the same phenomenon in a di!erent form. On
DermaMNIST, RandAugment remains highly robust in both architectures, but the
best corruption calibration is not always achieved by the same method. Under
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ResNet-18, CutMix provides the lowest mECE, whereas under ViT-B, StyleAug
becomes the strongest calibration-oriented method. On PathMNIST, the strongest
method changes more clearly between architectures, with RandAugment leading
under ResNet-18 and AugMix leading under ViT-B. This means that architecture
changes do not merely increase robustness; they can also change which augmentation
family becomes most favourable.

A useful interpretation is that the backbone influences how augmentation-induced
invariances are absorbed by the model. ResNet-18 and ViT-B do not process visual
structure in exactly the same way, so the same augmentation policy can interact
di!erently with the learned representation. In this sense, augmentation is not an
isolated training trick. Its e!ect depends partly on the representational biases of
the backbone to which it is applied.

The additional MCE analysis supports this point in a more subtle way. The archi-
tecture change does not only influence accuracy and average calibration, but in some
settings also a!ects worst-case calibration behaviour. This suggests that architec-
ture matters not only for how robust a model becomes, but also for how evenly its
confidence quality is distributed across di!erent confidence regions.

The addition of ViT-B therefore changes the discussion in an important way. In
a ResNet-18-only study, the main question would simply be which augmentation
performs best for a fixed backbone. Once the transformer extension is included, a
second question becomes unavoidable: does the same augmentation remain strong
when the model family changes? The results suggest that the answer is often only
partial.

This has an important methodological implication. Conclusions about augmentation
quality should not be drawn from a single backbone alone, especially when the goal
is to make broader claims about robustness. A method that appears strongest under
a CNN baseline may lose that advantage under a transformer-based model, while
another method may become more attractive once calibration is taken into account.
For this reason, architecture-aware evaluation should be viewed as an important part
of robustness-oriented augmentation research rather than as an optional extension.

5.5 Practical Guidelines for Robust Augmentation Selec-
tion

The results of this thesis suggest that augmentation selection should not be treated
as a search for one universally best method. Instead, the choice should be guided by
the interaction between the target domain, the expected corruption structure, the
calibration requirements, and the model architecture.

One practical guideline is that clean performance alone is not a su”cient selec-
tion criterion. Several methods remain close on clean accuracy or clean balanced
accuracy, while their robustness under corruption di!ers much more strongly. Aug-
mentation should therefore not be chosen only on the basis of clean validation results
when corruption robustness is an important requirement.
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Another practical guideline is that robustness and calibration should be optimized
jointly. Across multiple settings in this thesis, the method with the highest mCA
is not always the one with the lowest mECE. This means that a method should
not automatically be preferred only because it achieves the strongest corruption
robustness. If reliable confidence estimates are important, then calibration needs to
be included explicitly in the evaluation protocol. The supplementary MCE results
strengthen this point further by showing that even methods with reasonable average
calibration may still di!er in their worst-case confidence behaviour.

A third practical guideline is that augmentation choice should be domain-aware. In
the natural-image setting, methods such as StyleAug, RandAugment, and AugMix
often perform strongly because they align well with corruption structures that em-
phasize texture, blur, noise, and broad appearance variation. In the medical-image
setting, however, the strongest methods shift, and intensity-related variation be-
comes more central. Augmentation should therefore be selected in relation to the
information that the task actually depends on, rather than transferred directly from
a benchmark in another domain.

A further practical guideline is that targeted invariance is often more useful than
generic augmentation strength. Augmentation methods implicitly encode assump-
tions about which variations the model should learn to ignore. If these assumptions
match the dominant corruption mechanisms of the target domain, the augmentation
is more likely to help. If they suppress information that remains relevant for the
task, the transfer of augmentation benefits may be limited. The key question is
therefore not only whether an augmentation is strong, but whether it is strong in
the right direction.

Finally, architecture-aware evaluation is necessary. The addition of ViT-B shows
that augmentation rankings can change once the backbone changes. A method that
is strongest under ResNet-18 is not guaranteed to remain strongest under ViT-B,
and the robustness–calibration balance can change as well. When augmentation is
selected for a real deployment setting, it should therefore ideally be evaluated on
the model family that is actually intended for use.

These observations point to a more careful evaluation strategy for robust model
design. Rather than asking which augmentation is best in general, it is more useful to
ask which augmentation provides the best balance of clean performance, corruption
robustness, calibration quality, domain fit, and architectural compatibility for the
specific application.

From this perspective, the contribution of the thesis is not just the comparison itself,
but also a clearer way to read that comparison. Robust augmentation selection
is better understood as a context-dependent design decision than as a one-time
benchmark ranking problem.

5.6 Limitations

Several limitations should be kept in mind when interpreting the results.
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A first limitation concerns the architecture scope. The comparison between ResNet-
18 and ViT-B provides a useful contrast between a convolutional backbone and a
transformer-based backbone, but it does not cover the full range of architectures that
are relevant in modern image classification. Deeper CNNs, alternative transformer
variants, hybrid architectures, or models with substantially di!erent capacity may
interact with augmentation in di!erent ways. The current architecture comparison
therefore strengthens the analysis, but it should still be understood as a focused
extension rather than a complete backbone study.

A second limitation concerns the robustness scope. The thesis focuses on com-
mon corruption benchmarks, namely CIFAR-C and MedMNIST-C, because they
provide a structured and reproducible way to study distribution shift. However,
corruption robustness is only one aspect of model reliability. The present study
does not cover adversarial robustness, open-set recognition, label shift, or broader
out-of-distribution scenarios beyond the selected corruption benchmarks. The con-
clusions should therefore be interpreted as statements about robustness under com-
mon corruptions rather than as a universal account of robustness in all deployment
conditions.

A third limitation concerns the dataset scope, especially in the medical-image set-
ting. The medical experiments are limited to DermaMNIST and PathMNIST. These
two datasets provide a useful contrast within the medical domain, but they cannot
represent all medical imaging tasks. Other settings such as radiology, volumetric
imaging, multi-modal diagnosis, or higher-resolution pathology tasks may involve
di!erent corruption mechanisms and di!erent relationships between robustness and
calibration. As a result, the medical findings of this thesis should be interpreted as
informative but not exhaustive.

A fourth limitation concerns the augmentation scope. Although the thesis evalu-
ates a broad set of traditional and modern augmentation methods, the conclusions
remain tied to the methods that were actually included in the benchmark. Other
recent augmentation strategies, di!erent parameterizations of the same methods, or
combinations with post-hoc calibration techniques may show di!erent behaviour.
This is especially relevant for methods such as Di!useMix, where calibration-aware
post-processing could potentially change the practical interpretation of the results.

A fifth limitation concerns the metric level of analysis. The thesis emphasizes ag-
gregated metrics such as clean accuracy, clean balanced accuracy, mCA, and mECE
because these are useful for structured comparison across many settings. However,
aggregated metrics cannot fully capture every practically relevant error pattern. For
example, a method may look competitive on average while still failing badly on a
small subset of corruption types or severity levels. The additional heatmaps, sever-
ity plots, trade-o! figures, and the supplementary MCE view reduce this limitation
to some extent, but they do not remove it completely.

A final limitation concerns the interpretive scope of the discussion. Several expla-
nations proposed in this thesis, such as the role of domain-specific invariance or the
interaction between augmentation and backbone bias, are supported by the empir-
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ical results but remain interpretive rather than mechanistically proven. In other
words, the thesis provides empirical evidence for certain patterns, but it does not
fully identify the internal causal mechanisms by which all augmentation methods
produce those patterns.

These limitations do not undermine the main contribution of the thesis, but they
do define its scope more clearly. The results are best understood as a systematic
benchmark-based comparison of augmentation e!ects on clean performance, cor-
ruption robustness, and calibration across selected datasets and architectures. That
scope is broad enough to support meaningful conclusions while still leaving clear
room for future work.

6 Conclusion and Future Work

6.1 Conclusion

This thesis examined how di!erent data augmentation methods a!ect clean per-
formance, robustness under corruption, and calibration in image classification. To
study this in a structured way, a unified three-stage evaluation pipeline was applied
across two natural-image datasets (CIFAR-10 and CIFAR-100) and two medical-
image datasets (DermaMNIST and PathMNIST). ResNet-18 served as the main
benchmark architecture, while ViT-B was included as an additional architecture to
check whether the main findings remain similar across model families.

The results lead to four main conclusions. First, clean performance is informative,
but it is not su”cient on its own. Many augmentation methods remain relatively
close on clean evaluation, especially in the natural-image setting, while the di!er-
ences become clearer once corruption is introduced. Second, robustness and cali-
bration should be evaluated together. Across both domains, the method with the
highest mCA is not always the one with the lowest mECE, and the supplementary
MCE view shows that average calibration and worst-case calibration are related
but not identical. Third, augmentation e!ects are domain-dependent. Methods
that perform strongly on natural-image benchmarks do not transfer uniformly to
the medical-image setting, where the relevant corruption sensitivities and the most
useful augmentation families change. Fourth, the backbone architecture a!ects the
overall conclusion as well. The addition of ViT-B shows that augmentation rankings
are not fully preserved when the model family changes.

The main lesson is that augmentation should not be evaluated only by asking which
method gives the best clean result. A more useful evaluation has to consider clean
performance, corruption robustness, calibration quality, domain characteristics, and
architecture choice together. In that sense, the contribution of the thesis lies not
only in comparing augmentation methods, but also in showing how such comparisons
can be interpreted in a more careful and practically meaningful way.

Taken together, these conclusions provide direct answers to the research questions
introduced in Chapter 1. RQ1 and RQ2 are addressed through the Stage 2 com-
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parison, which shows that clean predictive performance and clean calibration do
not always favour the same augmentation methods. RQ3 is addressed through the
Stage 3 robustness evaluation on CIFAR-C and MedMNIST-C, where the meth-
ods separate more clearly under corruption. RQ4 is answered by the cross-domain
comparison, which shows that augmentation e!ects are not fully preserved between
natural-image and medical-image settings. RQ5 is addressed through the ResNet-
18 and ViT-B comparison, which shows that augmentation rankings are not fully
architecture-invariant.

6.2 Future Work

The findings of this thesis also point to several clear directions for future work. One
direction is to extend the architecture comparison. The present study already shows
that augmentation conclusions are not fully architecture-invariant, so it would be
valuable to include additional CNNs, transformer variants, or hybrid architectures
in order to see how broadly these ranking shifts generalize. A second direction is
to develop more domain-aware augmentation strategies. The results suggest that
augmentation tends to be more e!ective when the induced invariances match the
target domain, which is especially relevant for medical-image settings where intensity
changes and domain-specific structure matter more strongly.

A third direction is to investigate joint robustness–calibration optimization more
directly. Since the experiments show that robustness and calibration are related but
not identical, future work could look at training strategies that address both ob-
jectives at once, for example through calibration-aware losses, post-hoc calibration
methods, or augmentation selection procedures that explicitly include confidence
reliability under corruption. A fourth direction is to move beyond the current cor-
ruption benchmarks. CIFAR-C and MedMNIST-C are structured and useful test
beds, but they do not cover every practically relevant type of distribution shift. It
would therefore be worthwhile to check whether the findings remain stable under
broader out-of-distribution settings, more realistic real-world shifts, or additional
medical-imaging tasks.

Finally, more fine-grained failure analysis would be valuable. Although this thesis al-
ready includes corruption-wise heatmaps, severity plots, and robustness–calibration
trade-o! analysis, there is still room for a closer examination of which corruption
families and which visual patterns are most responsible for the observed ranking
changes. That kind of analysis could help move the discussion from empirical
comparison toward a more mechanistic understanding of why certain augmentation
methods remain strong in some settings but not in others.

Taken together, these directions point to a broader shift in how augmentation re-
search should be done. Rather than continuing to search for one method that wins
everywhere, future work will likely be more useful if it explains how augmentation
interacts with domain characteristics, model architecture, and evaluation objectives.



6 CONCLUSION AND FUTURE WORK 41

Data and Code Availability

The datasets and corruption benchmarks used in this thesis are publicly available
through their respective o”cial sources and are cited in the main text, including
CIFAR-10, CIFAR-100, CIFAR-C, MedMNIST, and MedMNIST-C. Their use re-
mains subject to the original licenses and access conditions of the corresponding
benchmark providers.

To support transparency and reproducibility, the experimental code and analysis
scripts used in this thesis are available in the following public GitHub repository:

https://github.com/Junsche/xai_project

At submission, a corresponding resource containing the developed code base and
associated digital attachments is provided alongside the digital thesis.
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A Experimental Configuration Details

This appendix reports implementation details that are necessary for reproducibility
but would interrupt the flow of the main argument in Chapter 4.

A.1 Software and Hardware Environment

Table 8: Experimental environment specifications.

Component Specification

Hardware

GPU NVIDIA RTX A5000 (24GB VRAM)
CPU Intel Xeon Scalable Processors
RAM 64 GB System Memory

Software (Core Libraries)

Operating System Linux (Ubuntu 22.04 LTS)
Python 3.11.14
PyTorch 2.5.1
CUDA / cuDNN 12.1 / 9.1.0
Torchvision 0.20.1
MedMNIST 3.0.1
MedMNIST-C 0.1.0

Software (Data & Analysis)

NumPy 2.2.6
Pandas 2.3.3
Scikit-Learn 1.7.2
Matplotlib 3.10.7
WandB 0.22.3

A.2 Learning-Rate Search Space and Final Selections

The Stage 1 learning-rate search is performed separately for each dataset and ar-
chitecture. The candidate sets and final selections are listed below. The selected
values are then reused consistently in Stage 2 and Stage 3.

A.3 Stage-Specific Training Budgets

To keep the comparison practical while still informative, the epoch budgets di!er
by stage, dataset, and backbone role.

The ViT-B Stage 1 schedule intentionally uses a longer search budget on CIFAR-100
than on CIFAR-10. This setting follows the experiment protocol used to generate
the reported results.



A EXPERIMENTAL CONFIGURATION DETAILS 43

Table 9: Stage 1 learning-rate search space and final selected learning rates.

Backbone Dataset Candidate LRs Selected LR

ResNet-18 CIFAR-10 {0.1, 0.05, 0.01, 0.001} 0.01
ResNet-18 CIFAR-100 {0.1, 0.05, 0.01, 0.001} 0.001
ResNet-18 DermaMNIST {0.01, 0.005, 0.001, 0.0005} 0.005
ResNet-18 PathMNIST {0.01, 0.005, 0.001, 0.0005} 0.001
ViT-B CIFAR-10 {0.001, 0.0005, 0.0001, 0.00005} 0.0005
ViT-B CIFAR-100 {0.001, 0.0005, 0.0001, 0.00005} 0.0005
ViT-B DermaMNIST {0.001, 0.0005, 0.0001, 0.00005} 0.001
ViT-B PathMNIST {0.001, 0.0005, 0.0001, 0.00005} 0.001

Table 10: Stage-specific epoch budgets used in this thesis.

Stage Backbone Dataset Epochs

Stage 1 ResNet-18 CIFAR-10 / CIFAR-100 20
Stage 1 ResNet-18 DermaMNIST / PathMNIST 15
Stage 1 ViT-B CIFAR-10 15
Stage 1 ViT-B CIFAR-100 20
Stage 1 ViT-B DermaMNIST / PathMNIST 10

Stage 2 ResNet-18 CIFAR-10 / CIFAR-100 100
Stage 2 ResNet-18 DermaMNIST / PathMNIST 50
Stage 2 ViT-B All datasets 30

A.4 Augmentation Hyperparameters

Table 11: Hyperparameter configurations for data augmentation methods.

Method Parameter Value

Baseline Crop Size 32↓ 32 (CIFAR), 28↓ 28 (MedMNIST)
Padding 4 pixels
Horizontal Flip p = 0.5

Rotation + Random Erasing Probability (p) 0.5
Scale Range (0.02, 0.33)
Aspect Ratio (0.3, 3.3)

Mixup Alpha (ω) 0.2

CutMix Alpha (ω) 1.0
Probability 0.5

AutoAugment Policy CIFAR-10 policy
RandAugment Number of Ops (N) 2

Magnitude (M) 9

AugMix Severity / Width / Depth / Alpha 3 / 3 / random / 1.0

StyleAug Style Model Pre-trained style-transfer network

Di!useMix Di!usion Setting Default implementation setting
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For methods with external implementations (for example, StyleAug and Di!useMix),
the project uses one fixed implementation configuration across all datasets and back-
bones in order to keep the comparison controlled.

A.5 Full Backbone-Specific Stage 1 Curves

The main text reports only a compact dataset-level overview of the Stage 1 search
behaviour. For completeness, the full backbone-specific curves are collected here in
one place.
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Figure 11: Full Stage 1 learning-rate search curves for each dataset–backbone combination.
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B Corruption Taxonomy and Evaluation Scope

This appendix documents the corruption protocol used in Stage 3. The goal is to
make the evaluation scope explicit without repeating the interpretation from the
main chapters.

B.1 Natural-Image Corruption Benchmark

Table 12: Corruption taxonomy used for CIFAR-C evaluation (19 corruption types).

Family Corruption Types

Noise Gaussian Noise, Shot Noise, Impulse Noise, Speckle Noise
Blur Defocus Blur, Glass Blur, Motion Blur, Zoom Blur, Gaussian Blur
Weather Snow, Frost, Fog, Brightness, Spatter
Digital Contrast, Elastic Transform, Pixelate, JPEG Compression, Saturate

B.2 Medical-Image Corruption Benchmark

Table 13: Shared corruption subset used for MedMNIST-C evaluation (8 corruption
types).

Family Corruption Types

Blur & Artifacts Defocus Blur, Motion Blur, JPEG Compression, Pixelate
Intensity-related Brightness Up, Brightness Down, Contrast Up, Contrast Down
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C Additional Results

This appendix provides supplementary tables and selected figures that support
Chapter 4. The main text keeps only the central summary displays, while dataset-
specific details and secondary visualizations are collected here.

C.1 Additional Stage 2 Clean Results

This subsection reports the full Stage 2 clean summaries that are referenced but not
shown in full in the main text.

Table 14: Clean-data performance and calibration on CIFAR-10 in Stage 2.

Backbone Augmentation Acc ECE Loss

resnet18 augmix 0.8441 0.0636 0.5172
resnet18 autoaugment 0.8540 0.0347 0.4362
resnet18 baseline 0.8461 0.0739 0.5380
resnet18 cutmix 0.8204 0.1172 0.6178
resnet18 di!usemix 0.8241 0.0757 0.5946
resnet18 mixup 0.8426 0.0336 0.4985
resnet18 randaugment 0.8536 0.0340 0.4415
resnet18 rotation erasing 0.8457 0.0481 0.4891
resnet18 styleaug 0.8486 0.0477 0.4782

vit b augmix 0.9692 0.0161 0.1021
vit b autoaugment 0.9801 0.0071 0.0591
vit b baseline 0.9784 0.0132 0.0835
vit b cutmix 0.9829 0.0051 0.0577
vit b di!usemix 0.9737 0.0148 0.0968
vit b mixup 0.9805 0.0151 0.0804
vit b randaugment 0.9809 0.0093 0.0676
vit b rotation erasing 0.9813 0.0071 0.0567
vit b styleaug 0.9805 0.0098 0.0640
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Table 15: Clean-data performance and calibration on CIFAR-100 in Stage 2.

Backbone Augmentation Acc ECE Loss

resnet18 augmix 0.6002 0.1862 1.8916
resnet18 autoaugment 0.6017 0.1509 1.6708
resnet18 baseline 0.5875 0.2225 2.1212
resnet18 cutmix 0.5997 0.0869 1.5403
resnet18 di!usemix 0.5456 0.2306 2.3498
resnet18 mixup 0.6074 0.0612 1.6046
resnet18 randaugment 0.6006 0.1640 1.7400
resnet18 rotation erasing 0.5597 0.1910 2.0308
resnet18 styleaug 0.5821 0.1785 1.8837

vit b augmix 0.8786 0.0317 0.4039
vit b autoaugment 0.8791 0.0176 0.3992
vit b baseline 0.8730 0.0478 0.4712
vit b cutmix 0.8853 0.0136 0.3725
vit b di!usemix 0.8587 0.0447 0.5030
vit b mixup 0.8839 0.0133 0.4100
vit b randaugment 0.8770 0.0315 0.4125
vit b rotation erasing 0.8817 0.0233 0.3933
vit b styleaug 0.8808 0.0265 0.4024

Table 16: Clean-data performance and calibration on DermaMNIST in Stage 2.

Backbone Augmentation BalAcc ECE Loss

resnet18 augmix 0.7328 0.1329 0.9208
resnet18 autoaugment 0.7328 0.0943 0.7692
resnet18 baseline 0.7478 0.1785 1.2222
resnet18 cutmix 0.7627 0.0566 0.6923
resnet18 di!usemix 0.7368 0.1628 1.0899
resnet18 mixup 0.7507 0.0647 0.7112
resnet18 randaugment 0.7398 0.0731 0.7646
resnet18 rotation erasing 0.7398 0.1199 0.8451
resnet18 styleaug 0.7029 0.0950 0.8457

vit b augmix 0.7856 0.0771 0.6237
vit b autoaugment 0.7787 0.0354 0.6060
vit b baseline 0.7866 0.1272 0.8016
vit b cutmix 0.7936 0.0270 0.5728
vit b di!usemix 0.7767 0.0922 0.6578
vit b mixup 0.7886 0.0402 0.6059
vit b randaugment 0.7866 0.0335 0.5932
vit b rotation erasing 0.7936 0.0622 0.5940
vit b styleaug 0.7817 0.0382 0.6349
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Table 17: Clean-data performance and calibration on PathMNIST in Stage 2.

Backbone Augmentation BalAcc ECE Loss

resnet18 augmix 0.8548 0.0443 0.4380
resnet18 autoaugment 0.8266 0.0470 0.5179
resnet18 baseline 0.8931 0.0564 0.3978
resnet18 cutmix 0.9207 0.1294 0.3426
resnet18 di!usemix 0.8134 0.1022 0.6512
resnet18 mixup 0.9144 0.0358 0.2834
resnet18 randaugment 0.8893 0.0201 0.3057
resnet18 rotation erasing 0.8743 0.0519 0.3904
resnet18 styleaug 0.7551 0.0939 0.7572

vit b augmix 0.9927 0.0014 0.0221
vit b autoaugment 0.9920 0.0022 0.0290
vit b baseline 0.9927 0.0037 0.0265
vit b cutmix 0.9968 0.0040 0.0142
vit b di!usemix 0.9788 0.0078 0.0673
vit b mixup 0.9962 0.0199 0.0331
vit b randaugment 0.9906 0.0030 0.0292
vit b rotation erasing 0.9945 0.0021 0.0154
vit b styleaug 0.9893 0.0029 0.0366

Figure 12: Supplementary Stage 2 dual-axis clean overview across datasets and backbones.



C ADDITIONAL RESULTS 49

Table 18: Cross-architecture clean comparison in Stage 2.

Dataset Augmentation R18 Acc ViT-B Acc R18 ECE ViT-B ECE

cifar10 augmix 0.8441 0.9692 0.0636 0.0161
cifar10 autoaugment 0.8540 0.9801 0.0347 0.0071
cifar10 baseline 0.8461 0.9784 0.0739 0.0132
cifar10 cutmix 0.8204 0.9829 0.1172 0.0051
cifar10 di!usemix 0.8241 0.9737 0.0757 0.0148
cifar10 mixup 0.8426 0.9805 0.0336 0.0151
cifar10 randaugment 0.8536 0.9809 0.0340 0.0093
cifar10 rotation erasing 0.8457 0.9813 0.0481 0.0071
cifar10 styleaug 0.8486 0.9805 0.0477 0.0098
cifar100 augmix 0.6002 0.8786 0.1862 0.0317
cifar100 autoaugment 0.6017 0.8791 0.1509 0.0176
cifar100 baseline 0.5875 0.8730 0.2225 0.0478
cifar100 cutmix 0.5997 0.8853 0.0869 0.0136
cifar100 di!usemix 0.5456 0.8587 0.2306 0.0447
cifar100 mixup 0.6074 0.8839 0.0612 0.0133
cifar100 randaugment 0.6006 0.8770 0.1640 0.0315
cifar100 rotation erasing 0.5597 0.8817 0.1910 0.0233
cifar100 styleaug 0.5821 0.8808 0.1785 0.0265
dermamnist augmix 0.7328 0.7856 0.1329 0.0771
dermamnist autoaugment 0.7328 0.7787 0.0943 0.0354
dermamnist baseline 0.7478 0.7866 0.1785 0.1272
dermamnist cutmix 0.7627 0.7936 0.0566 0.0270
dermamnist di!usemix 0.7368 0.7767 0.1628 0.0922
dermamnist mixup 0.7507 0.7886 0.0647 0.0402
dermamnist randaugment 0.7398 0.7866 0.0731 0.0335
dermamnist rotation erasing 0.7398 0.7936 0.1199 0.0622
dermamnist styleaug 0.7029 0.7817 0.0950 0.0382
pathmnist augmix 0.8548 0.9927 0.0443 0.0014
pathmnist autoaugment 0.8266 0.9920 0.0470 0.0022
pathmnist baseline 0.8931 0.9927 0.0564 0.0037
pathmnist cutmix 0.9207 0.9968 0.1294 0.0040
pathmnist di!usemix 0.8134 0.9788 0.1022 0.0078
pathmnist mixup 0.9144 0.9962 0.0358 0.0199
pathmnist randaugment 0.8893 0.9906 0.0201 0.0030
pathmnist rotation erasing 0.8743 0.9945 0.0519 0.0021
pathmnist styleaug 0.7551 0.9893 0.0939 0.0029

C.2 Additional Stage 3 Natural-Image Results

This subsection provides the complete natural-image robustness tables together with
selected split CIFAR-100 and trade-o! supplements.
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Table 19: Robustness summary on CIFAR-10 using ResNet-18. Clean performance
and corruption-averaged metrics are reported jointly.

Augmentation N Corr Clean Acc. Clean ECE Clean MCE mCA mECE mMCE mLoss

Baseline 95 0.8461 0.0739 0.2205 0.7128 0.1629 0.3247 1.1492
AutoAugment 95 0.8540 0.0347 0.1493 0.7455 0.0888 0.2354 0.8183
RandAugment 95 0.8536 0.0340 0.1833 0.7600 0.0745 0.2040 0.7713
AugMix 95 0.8441 0.0636 0.2426 0.7598 0.1100 0.2487 0.8245
Mixup 95 0.8426 0.0336 0.1105 0.7104 0.1026 0.2352 0.9474
CutMix 95 0.8204 0.1172 0.2149 0.6691 0.0823 0.1769 1.0211
StyleAug 95 0.8486 0.0477 0.1384 0.7815 0.0802 0.2103 0.7150
Di!useMix 95 0.8241 0.0757 0.2406 0.7653 0.1088 0.2708 0.8265
Rotation + Random Erasing 95 0.8457 0.0481 0.1499 0.7265 0.1173 0.2532 0.9641

Table 20: Robustness summary on CIFAR-10 using ViT-B. Clean performance and
corruption-averaged metrics are reported jointly.

Augmentation N Corr Clean Acc. Clean ECE Clean MCE mCA mECE mMCE mLoss

Baseline 95 0.9784 0.0132 0.4483 0.8914 0.0718 0.3799 0.4770
AutoAugment 95 0.9801 0.0071 0.7173 0.8971 0.0502 0.3993 0.3633
RandAugment 95 0.9809 0.0093 0.6986 0.9092 0.0522 0.3891 0.3508
AugMix 95 0.9692 0.0161 0.3665 0.8842 0.0646 0.3293 0.4346
Mixup 95 0.9805 0.0151 0.6853 0.9028 0.0445 0.3390 0.3459
CutMix 95 0.9829 0.0051 0.6307 0.9038 0.0315 0.2995 0.3161
StyleAug 95 0.9805 0.0098 0.8295 0.8955 0.0584 0.3335 0.3966
Di!useMix 95 0.9737 0.0148 0.3357 0.9005 0.0608 0.3628 0.4023
Rotation + Random Erasing 95 0.9813 0.0071 0.6947 0.9019 0.0479 0.3185 0.3428

Table 21: Robustness summary on CIFAR-100 using ResNet-18. Clean performance
and corruption-averaged metrics are reported jointly.

Augmentation N Corr Clean Acc. Clean ECE Clean MCE mCA mECE mMCE mLoss

Baseline 95 0.5875 0.2225 0.4195 0.4266 0.3155 0.4904 3.3764
AutoAugment 95 0.6017 0.1509 0.2678 0.4746 0.1997 0.3362 2.4200
RandAugment 95 0.6006 0.1640 0.3071 0.4770 0.2175 0.3560 2.4928
AugMix 95 0.6002 0.1862 0.3372 0.4846 0.2410 0.3900 2.5988
Mixup 95 0.6074 0.0612 0.1225 0.4443 0.1247 0.2215 2.4932
CutMix 95 0.5997 0.0869 0.1698 0.4259 0.0602 0.1446 2.3723
StyleAug 95 0.5821 0.1785 0.3134 0.4778 0.2305 0.3728 2.5646
Di!useMix 95 0.5456 0.2306 0.3988 0.4673 0.2789 0.4406 2.9874
Rotation + Random Erasing 95 0.5597 0.1910 0.3260 0.4145 0.2731 0.4212 3.0858

Table 22: Robustness summary on CIFAR-100 using ViT-B. Clean performance and
corruption-averaged metrics are reported jointly.

Augmentation N Corr Clean Acc. Clean ECE Clean MCE mCA mECE mMCE mLoss

Baseline 95 0.8730 0.0478 0.2050 0.6718 0.1370 0.3041 1.5135
AutoAugment 95 0.8791 0.0176 0.1078 0.6955 0.0892 0.2006 1.2672
RandAugment 95 0.8770 0.0315 0.1356 0.7052 0.1030 0.2369 1.2502
AugMix 95 0.8786 0.0317 0.1446 0.7277 0.0964 0.2324 1.1399
Mixup 95 0.8839 0.0133 0.2251 0.6970 0.0608 0.1809 1.2257
CutMix 95 0.8853 0.0136 0.0983 0.7044 0.0590 0.1624 1.1569
StyleAug 95 0.8808 0.0265 0.1186 0.6964 0.0979 0.2199 1.2866
Di!useMix 95 0.8587 0.0447 0.2844 0.6704 0.1297 0.2931 1.4744
Rotation + Random Erasing 95 0.8817 0.0233 0.2097 0.6979 0.0879 0.1984 1.2585
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(a) ResNet-18 (b) ViT-B

Figure 13: Supplementary CIFAR-100 corruption-wise heatmaps for ResNet-18 and ViT-
B.

(a) ResNet-18 (b) ViT-B

Figure 14: Supplementary CIFAR-100 severity-wise robustness curves for ResNet-18 and
ViT-B.

(a) CIFAR-10 / ViT-B (b) CIFAR-100 / ViT-B

Figure 15: Supplementary natural-domain trade-o! examples (ViT-B).
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C.3 Additional Stage 3 Medical-Image Results

This subsection provides the complete medical-image robustness tables together with
selected split PathMNIST and trade-o! supplements.

Table 23: Robustness summary on DermaMNIST using ResNet-18. Clean perfor-
mance and corruption-averaged metrics are reported jointly for the medical-image
domain.

Augmentation N Corr Clean Acc. Clean BalAcc. Clean ECE Clean MCE mCA mBalAcc. mECE mMCE mLoss

Baseline 40 0.7471 0.5406 0.1761 0.4114 0.7124 0.4467 0.2199 0.4482 1.7868
AutoAugment 40 0.7297 0.4206 0.1006 0.2661 0.7307 0.4214 0.1263 0.3113 0.8872
RandAugment 40 0.7426 0.4571 0.0630 0.2627 0.7334 0.4421 0.1276 0.3392 0.9213
AugMix 40 0.7137 0.4642 0.1504 0.7476 0.7154 0.4640 0.1648 0.3632 1.1203
Mixup 40 0.7676 0.4874 0.0597 0.2321 0.7251 0.3965 0.1240 0.3234 0.9889
CutMix 40 0.7571 0.3940 0.0484 0.0871 0.7087 0.3681 0.0714 0.2322 0.8365
StyleAug 40 0.7147 0.4198 0.0889 0.2123 0.7237 0.3784 0.1414 0.3578 1.0298
Di!useMix 40 0.7212 0.4335 0.1779 0.3540 0.7114 0.3897 0.2187 0.4097 1.7867
Rotation + Random Erasing 40 0.7506 0.5362 0.1104 0.3239 0.7093 0.4742 0.1793 0.3861 1.2932

Table 24: Robustness summary on DermaMNIST using ViT-B. Clean performance
and corruption-averaged metrics are reported jointly for the medical-image domain.

Augmentation N Corr Clean Acc. Clean BalAcc. Clean ECE Clean MCE mCA mBalAcc. mECE mMCE mLoss

Baseline 40 0.7900 0.6159 0.1172 0.6800 0.7122 0.4444 0.1423 0.3138 1.0302
AutoAugment 40 0.7786 0.5540 0.0315 0.2629 0.7334 0.4871 0.0422 0.1779 0.7239
RandAugment 40 0.7960 0.6157 0.0328 0.1014 0.7342 0.4949 0.0387 0.2087 0.7544
AugMix 40 0.7915 0.5968 0.0672 0.2599 0.7110 0.5010 0.0630 0.2189 0.8361
Mixup 40 0.7855 0.5758 0.0379 0.2518 0.7124 0.4021 0.0548 0.1809 0.8281
CutMix 40 0.7855 0.5597 0.0237 0.2401 0.7008 0.4055 0.0659 0.1676 0.8693
StyleAug 40 0.7776 0.5506 0.0334 0.2638 0.7224 0.4845 0.0372 0.2020 0.7464
Di!useMix 40 0.7830 0.5995 0.0868 0.2496 0.7068 0.4589 0.1130 0.2750 0.9260
Rotation + Random Erasing 40 0.8000 0.5970 0.0520 0.2563 0.6995 0.3500 0.0855 0.2489 0.9005

Table 25: Robustness summary on PathMNIST using ResNet-18. Clean perfor-
mance and corruption-averaged metrics are reported jointly for the medical-image
domain.

Augmentation N Corr Clean Acc. Clean BalAcc. Clean ECE Clean MCE mCA mBalAcc. mECE mMCE mLoss

Baseline 40 0.8453 0.7997 0.0981 0.3251 0.5983 0.5829 0.3505 0.5446 5.3706
AutoAugment 40 0.7967 0.7592 0.0793 0.1766 0.8344 0.8083 0.0788 0.2892 0.5732
RandAugment 40 0.8604 0.8350 0.0522 0.2500 0.8581 0.8302 0.0730 0.3198 0.4882
AugMix 40 0.7804 0.7718 0.1145 0.2553 0.7848 0.7676 0.1302 0.2886 0.8963
Mixup 40 0.8571 0.8286 0.0287 0.1511 0.6655 0.6505 0.1362 0.3145 1.1981
CutMix 40 0.8125 0.7913 0.0630 0.2517 0.5383 0.5358 0.2187 0.4169 2.0653
StyleAug 40 0.7358 0.7034 0.1197 0.2312 0.7560 0.7397 0.1380 0.3567 0.8999
Di!useMix 40 0.7560 0.7317 0.1559 0.3424 0.5381 0.5292 0.3966 0.6019 6.4197
Rotation + Random Erasing 40 0.7624 0.7264 0.1394 0.2747 0.5503 0.5477 0.3707 0.5139 4.1519

Table 26: Robustness summary on PathMNIST using ViT-B. Clean performance
and corruption-averaged metrics are reported jointly for the medical-image domain.

Augmentation N Corr Clean Acc. Clean BalAcc. Clean ECE Clean MCE mCA mBalAcc. mECE mMCE mLoss

Baseline 40 0.9209 0.8994 0.0527 0.3073 0.5781 0.6172 0.2502 0.3771 1.7324
AutoAugment 40 0.9369 0.9120 0.0326 0.2276 0.7139 0.7002 0.1850 0.3664 1.2864
RandAugment 40 0.9465 0.9255 0.0256 0.1682 0.7266 0.7328 0.1765 0.3253 1.2688
AugMix 40 0.9361 0.9151 0.0362 0.3257 0.7762 0.7823 0.1219 0.2756 0.9180
Mixup 40 0.9343 0.9153 0.0058 0.2586 0.5951 0.6306 0.1456 0.2953 1.3029
CutMix 40 0.9130 0.8983 0.0513 0.2834 0.4286 0.4935 0.4375 0.6108 2.7848
StyleAug 40 0.9515 0.9327 0.0247 0.3012 0.7099 0.7188 0.1933 0.3678 1.3821
Di!useMix 40 0.8897 0.8662 0.0668 0.7467 0.5670 0.6059 0.2610 0.4483 1.8288
Rotation + Random Erasing 40 0.9407 0.9225 0.0317 0.3011 0.5691 0.6133 0.2338 0.4091 1.7430
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(a) ResNet-18 (b) ViT-B

Figure 16: Supplementary PathMNIST corruption-wise heatmaps for ResNet-18 and ViT-
B.

(a) ResNet-18 (b) ViT-B

Figure 17: Supplementary PathMNIST severity-wise robustness curves for ResNet-18 and
ViT-B.

(a) DermaMNIST / ViT-B (b) PathMNIST / ViT-B

Figure 18: Supplementary medical-domain trade-o! examples (ViT-B).
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C.4 Additional Split Figure Examples

(a) CIFAR-10 / ResNet-18 severity (b) DermaMNIST / ResNet-18 severity

Figure 19: Supplementary ResNet-18 severity-wise robustness curves referenced from the
main text.

(a) CIFAR-10 / ViT-B heatmap (b) CIFAR-10 / ViT-B severity

Figure 20: Supplementary CIFAR-10 ViT-B detailed plots referenced from the main text.

(a) DermaMNIST / ViT-B heatmap (b) DermaMNIST / ViT-B severity

Figure 21: Supplementary DermaMNIST ViT-B detailed plots referenced from the main
text.
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(a) CIFAR-100 / ResNet-18
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(b) PathMNIST / ResNet-18

Figure 22: Supplementary Stage 2 clean trade-o! examples referenced from the main text.
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