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Resumo

A regressdo ordinal é usada quando os rétulos de classe tém classificagOes inerentes. Funcdes de
perda (loss functions) tradicionais como Mean Squared Error (MSE) e Cross-Entropy (CE) muitas
vezes se mostram insuficientes, pois falham em refletir essa ordinalidade. Este trabalho introduz
uma abordagem inovadora que aplica técnicas de aumento de dados usando distribuicao unimodal
e Ordinal Encoding loss para aprimorar os métodos tradicionais de Mixup. Mixup € uma técnica
que aumenta o conjunto de dados combinando duas imagens de classes diferentes. Nossa proposta
combina todas as classes usando pesos ordinais. Para avaliar a eficicia da nossa abordagem, con-
duzimos uma série abrangente de 64 combina¢des experimentais de diferentes métodos e fungdes
de loss em dois conjuntos de dados de imagem ordinais distintos. Os experimentos comparam
varios métodos incluindo: (i) baseline sem aumento mixup, (ii) o mixup original, (iii) um método
de mixup ordinal da literatura que restringe o mixup a classes adjacentes, e (iv) nosso método de
mixup que combina imagens de todas as classes usando ponderac¢do exponencial unimodal. Além
disso, também exploramos diferentes combinacdes de T para controlar a varidncia do método ex-
ponencial. Os resultados indicam um aprimoramento significativo no desempenho do modelo com
nossa abordagem, evidenciado por uma reducdo de 25,92% no Mean Absolute Error (MAE) no
conjunto de dados SMEAR2005 em comparagdo com o Mixup classico. Em contraste, o conjunto
de dados Seeing Through Fog (FogChambers) mostrou resultados ligeiramente melhores do que
o Mixup classico. Esta andlise experimental extensiva sublinha o potencial do nosso método e
prepara o terreno para futuras pesquisas explorando conjuntos de dados diversos e técnicas alter-
nativas de aumento como Cutmix.

Palavras-chave: ordinal classification, ordinal regression, data augmentation, mixup, unimodal
distributions, artificial neural networks, computer vision.



Abstract

Ordinal regression is used when class labels have inherent rankings. Traditional loss functions like
Mean Squared Error (MSE) and Cross-Entropy (CE) often prove insufficient as they fail to reflect
this ordinality. This work introduces a novel approach that applies data augmentation techniques
using unimodal distribution and Ordinal Encoding loss to enhance traditional Mixup methods.
Mixup is a technique that augments the dataset by combining two images of different classes. Our
proposal combines all the classes using ordinal weights. To assess the effectiveness of our ap-
proach, we conducted a comprehensive series of 64 experimental combinations of different meth-
ods and loss functions on two distinct ordinal image datasets. The experiments compare various
methods including: (i) a baseline with no mixup augmentation, (ii) the original mixup, (iii) an or-
dinal mixup method from the literature that restricts mixup to adjacent classes, and (iv) our mixup
method that combines images of all classes using unimodal exponential weighting. Apart from that
we also explored different 7 combinations to control the variance of the exponential method. The
results indicate a significant enhancement in model performance with our approach, evidenced by
a 25.92% reduction in Mean Absolute Error (MAE) on the SMEAR2005 dataset compared to the
classic Mixup. In contrast, the Seeing Through Fog (FogChambers) dataset showed slightly better
results than the classic Mixup. This extensive experimental analysis underlines the potential of
our novel method and sets the stage for future research exploring diverse datasets and alternative
augmentation techniques like Cutmix.

Keywords: ordinal classification, ordinal regression, data augmentation, mixup, unimodal distri-
butions, artificial neural networks, computer vision.
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“Whether you think you can, or you think you can’t
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Chapter 1

Introduction

With more than 384.000 results returned when searching for “data augmentation” in Google
Scholar, it is feasible to state that data augmentation has been broadly researched worldwide.
To give a perspective, when searching for “computer vision” we get approximately 2.7 million
results, therefore “data augmentation” represents around 14% when comparing the total search
for “computer vision.” It is a fact that data augmentation is a growing field with a representative
amount of searches when compared to computer vision. Although we do not need to separate them
from each other, it is important to note that data augmentation can be applied to different areas of
machine learning. Being this work focused on computer vision, our attention will be primarily on
this relation.

Data augmentation techniques significantly influence computer vision, mainly through their
contribution to enhancing model generalization. This enhancement is achieved by diversifying
data samples, which involves applying different transformations to the original dataset. A common
challenge in computer vision projects is the scarcity of data available for training machine learning
models. Consequently, it is vital to comprehend how to optimize the use of existing data and, when
necessary, generate synthetic data for the development of these models.

One important challenge from the perspective of machine learning in the computer vision field,
is the ability to enhance the machine learning model generalization to new, unseen instances, often
due to a scarcity of training data. Therefore, when there is a generalization in the model’s ability
to learn, this is what defines the ability to predict new cases that were not seen during the training.
Model generalization, which is the model’s ability to perform well on unseen data, is an important
aspect of model performance. To achieve this, we need to have careful consideration to prevent
overfitting, which occurs when a model learns to replicate the training data too closely, resulting
in perfect performance in training but poor and undesired performance on test and validation
sets. For this matter, various strategies can be adopted to improve generalization capabilities,
and certainly, data augmentation can be considered as a particularly effective approach. Through
image transformations, we not only increase the number of training samples but also improve our
understanding of the impact of these transformations on model learning.

Ordinal regression, a crucial yet challenging task in machine learning, involves predicting a
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discrete variable Y € {Cy,C>,...,Cy}, where a well-defined ranking exists such as in regression,
C; <, < ... < Cy. Unlike cardinal variables, ordinal regression does not assume quantitative
differences or distances between classes. For instance, consider the grading of diabetic retinopathy,
where patients are classified as healthy (0), mild (1), moderate (2), severe (3), or proliferative (4).
Another example is the cervical cancer risk classification [11], which is one of the datasets to be
used in the experiments, where patients are usually classified into 7 classes, ranging from normal
to carcinoma. These problems are commonly explored through binary classification (normal or
abnormal), however, the stage of the disease could also be important to make the patient able to
start a recovery process before it is too late. Therefore, there is not only the need to predict the
disease’s severity but also to accurately determine the order of these categories.

This work aims to investigate prominent data augmentation methods, such as Mixup [26] and
variants with a key focus on ensuring the preservation of the inherent ordinality of labels during
model development by adapting these data augmentation techniques.

In the next chapter, related work is reviewed, delving into the specifics of the data augmenta-
tion methods by showing the methodology and their potential adaptations for our research, besides
possible variants and ordinal regression. Chapters 3 and 4 present our proposal and the modifi-
cations made to the original works that serve as our baseline. Subsequent chapters detail various
experiments conducted to evaluate the effectiveness of our approach against established bench-
marks. Chapter 5 discusses the results and offers an analysis. The work concludes with Chapter

6, summarizing our findings and implications.



Chapter 2

Related Work

Our primary objective is to investigate the adaptability of data augmentation techniques in the
context of modeling ordinal data. To this end, we are carrying out a comprehensive literature
review, the details of which will be presented in this chapter. This review will cover both the
selection of data augmentation methods that could be compatible with various loss functions and
the consideration of the intrinsic ranking present in ordinal regression challenges. We begin with
an examination of prevalent loss functions utilized in this domain, followed by a discussion on

data augmentation strategies related to Mixup and Cutmix algorithms.

2.1 Ordinal Methods

Pattern recognition tasks often require the classification of examples into categories that follow a
natural sequence or hierarchy [18]. For tasks that involve classifying instances into naturally or-
dered categories, the Mean Squared Error (MSE), represented as MSE(y, ) = ¥.(y — §)?, is useful
because it assigns greater penalties for predictions that are further from the actually class, which
is often beneficial. However, this benefit comes with the drawback of assuming the distances be-
tween classes, for example, it assumes that proliferative (4) is twice as bad as moderate — which is
undesirable. Alternatively, Cross-Entropy (CE), represented by CE(y, p) = — Y 1(y = k) log(px),
where the model outputs pr = P(y = k) for each class k, performs well in general but does not
differentiate between the ordered nature of the classes in an ordinal dataset.

Consequently, to address these shortcomings, certain researchers have introduced ordinal losses
that enhance the ranking capability of models. Additionally, different researchers have recom-
mended the use of specialized activation functions that inherently enforce an ordinal ranking on
model outputs. This discussion will be further developed as follows where we include specific
examples of these ordinal losses. To provide a background that will further support our proposal,
we will follow with a brief explanation of ordinal losses that could enhance the ranking capability
of models as explored by [8].

Ordinal Encoding [8], is given by OE(y,¢) = — Y 1(y > k)log(é) + 1(y < k)log(1 — &),

where the model outputs the inverse cumulative distribution ¢, = P(y > k). Since the model output
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is in the cumulative probability space, then the model only outputs K — 1 classes — for example,
if there are 3 classes, then ¢; = (0,0), ¢ = (1,0), and ¢3 = (1,1). By promoting a cumulative
distribution, the loss is promoting a ranking between the classes. It is worth noting that OE is
widely used in ordinal regression problems.

Another loss is CO2 [3], CO2(y, p) = CE(y, p) + Y1 L(k < y)max(0,0 + px — pr+1) + L(k >
y)max (0,8 + pri1 — Px), which operates directly in the probability space py = f(-) and promotes
ranking by penalizing incorrect differences between adjacent probability classes. That is, if the
true class is y = 2 then probabilities below y < 2 should be decreasing and probabilities above y > 2
should be increasing. The hyperparameter 6 promotes a minimum difference between adjacent
classes.

Yet another loss is Unimodal Regularization [16], URL(y, p) = — Y, wilog(py), where each
output probability is weighted by wy. This is a form of soft encoding. For example, for y =
3, then w = (0,0, 1,0) represents cross-entropy. But the authors propose such values as w =
(0.05,0.2,0.55,0.2) to promote ordinality. The class y is transformed to produce smooth uni-
modal distributions. Such transformations can include the Poisson or Binomial distributions, or
the authors also propose a transformation such as ¢ (y,k) = exp(—|y — k|/7).

As previously mentioned different authors have recommended the use of specialized activa-
tion functions that inherently enforce an ordinal ranking on model outputs [8]. Examples of ac-
tivation functions include Binomial Unimodal and UnimodalNet as follows. Binomial Unimodal
[18] where the model predicts a single value: the binomial distribution parameter p, for each
observation. From this value, the probability distribution is created using the binomial formula,
P(y) = C(n,k—1)p*~1(1 — p)"~*=1. This ensures that the output is always ordinal. UnimodalNet
[7] where the model predicts a vector with length K,y = f(-), that is then re-arranged to pro-
duce an ordinal probability distribution, py = softmax(min(J,y})), where ¥, is an increasing line
9 = Vi1 + Ik and § is a decreasing line J| = Jr_k41 + Jr—k (With x = # classes).

Moreover, an approach that was created for ordinal regression but indeed does not apply to
Mixup, was the work developed by [16] which described a novel approach for dealing with Deep
Neural Network (DNN) based ordinal regression problems. In their approach, there is a refor-
mulation in the neurons in the last layer of the network and the softmax function is modified.
This reformulation is specifically designed to address the ordinal nature of the class labels, ensur-
ing that the resulting cumulative probabilities are monotonically decreasing, which is a desirable
property in ordinal regression tasks. The Unimodal Label Regularization was also introduced as a
solution for the noisy label. This approach was used as an inspiration for our proposed unimodal

exponential method.

2.2 Mixup

The Mixup algorithm [26] is a simple data augmentation technique that trains a neural network
on convex combinations of pairs of examples and their labels. Therefore, the idea is to regularize

the neural network to favor simple linear behavior in between training examples. Given a pair of
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examples (x;,y;) and (x;,y;), where x represents the input data and y the labels, Mixup constructs

anew example (,) as follows:
X= lx,' + (1 — l)xj,

y=Ayi+(1-=21)yj,

2.1

where A € [0,1] is a mixing coefficient drawn from a Beta distribution, typically Beta(a, @), for a

hyperparameter ¢ > 0.
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Figure 2.1: Example of mixup applied to SMEAR2005

Figure 2.1 presents an example of applying Mixup to the SMEAR2005 dataset [11], which
was also utilized in our experiments. To generate this image, a lambda value of 0.3 was specified,
indicating that the composition consists of 30% from class (0) and 70% from class (3). Conse-
quently, this approach appears to be unsuitable for ordinal classes, prompting us to investigate it
further.

In their preliminary experiments, they discovered that blending three or more examples with
weights sourced from a Dirichlet distribution did not enhance the outcomes but rather led to a
higher computational burden. Therefore, a single data loader for a minibatch was used, followed
by the application of Mixup after a random shuffle of this batch, a strategy that proved equally
effective while lessening input/output demands. Additionally, the strategy of combining inputs
solely when they shared identical labels did not yield the performance enhancements typically
associated with Mixup.

With all of that, we can understand Mixup as a form of data augmentation that has the goal
of encouraging the model to behave linearly in between training examples. This idea is supported
by the reduction of oscillations when predicting samples that were not part of the training set,
which leads to an increase in model generalization. To evaluate its effectiveness, they trained and
evaluated different model architectures on top of the ImageNet 2012, CIFAR10, and CIFAR100
datasets.

It is worth noting that they conducted their experiments using a single Nvidia Tesla P100
GPU and PyTorch [17] as the main framework for 200 epochs on the training set, and using 128
examples per minibatch. The learning rate started at 0.1 and decreased after epochs 100 and 150

by dividing by 10. They also set the weight decay as 10~4.
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Apart from image data, they also tested the model in speech and tabular data, which shows that
Mixup is indeed data-agnostic. However, since it is not related to what this work is researching

we will not explore these experiments.

2.3 Mixup Variants

After the Mixup algorithm [26] creation, several authors proposed Mixup variants such as Man-
ifold Mixup [22], which extends the Mixup concept beyond input space, applying interpolation
at the level of hidden representations in a neural network. Therefore, this helps in learning much
more robust representations and encourages the model to generalize better to unseen data. Puzzle
Mix was created by [14] by changing the original concept of Mixup to focus on optimizing the
mixing policy while still respecting the underlying local statistics of the data. Therefore, the au-
thors used saliency information to decide which parts of images to mix, resulting in more effective
training and better model performance.

Similarly to Mixup, Cutmix [24] is also a data augmentation strategy that also works with
pairs of images and was developed to improve the network generalization by cutting patches and
pasting them among training images where the ground truth labels were also mixed proportionally
to the area of the patches. This indeed retains the regularization effect of regional dropout, and
according to their study, it effectively outperforms other state-of-the-art augmentation models such
as Cutout [10] and Mixup[26].

The authors argue that to prevent Deep Convolutional Neural Networks (CNNs) from focus-
ing too much on a small part of an input image or even a small set of intermediate activations,
different methods were proposed such as Dropout among others. However, usually, this problem
is solved by dropping a small portion of the image, or filling it with random noise, which certainly
reduces the amount of informative pixels on training images. This led to the creation of Cutmix,
which aims to neither drop part of the input image, nor introduce noise on it, but rather include
a patch from another image that could be potentially more useful for the training process due to
the valuable information and part of the training data. Therefore, their idea was to utilize the parts
that were previously deleted by other techniques, to enhance the model’s generalization.

One similarity that is shared between Cutmix and Mixup, is the fact that both approaches
combine two samples, where the ground truth label of the new sample is given by the linear
interpolation of one-hot labels. However, the authors argue that Mixup could confuse the model
because the result after applying Mixup could be ambiguous and unnatural.

The Cutmix algorithm works by shuffling the order of the minibatch input and the target along
the first axis of the tensors. Then, the lambda and the cropping region (xi, x», y1, y2) are obtained.
After that, the mixing process starts, where the inputs are mixed by replacing the cropping region
of the input with the region of input 2. The target label is also mixed by interpolating. Therefore,
the labels of the original and the patched image are mixed in proportion to the area of the patch and

the whole image. Finally, the augmented images are fed into the model, and the loss is computed



2.4 Mixup for Ordinal Regression 7

using the mixed labels. The model is then updated based on this loss. Therefore, the Cutmix

algorithm can be summarized in the following steps.

* Mini-Batch Processing: In each training iteration, a batch of images and their labels are

selected.

 Shuffling and Patching: This batch is shuffled to create a new set of images and labels. A
patch from a shuffled image is cut and pasted onto the original image.

* Randomization: The size and location of the patch are determined randomly, based on a

mixing ratio (lambda) chosen from a uniform distribution.

» Label Mixing: The labels of the original and the patched image are mixed in proportion to
the area of the patch and the whole image.

* Model Training: The augmented images are fed into the model, and the loss is computed

using the mixed labels. The model is then updated based on this loss.

After the development of Cutmix, new variants arose such as the Attentive Cutmix [23] which
is a variation from the original Cutmix adapted to include attention mechanisms within the Mixup
process. Therefore, their method pays attention to selectively mixing features of the input images,

aiming to preserve important features while still benefiting from the regularization effect of Mixup.

2.4 Mixup for Ordinal Regression

For ordinal regression applied along with Mixup, there are already some studies published in the
last years, here we will provide a short overview of the overall idea behind these studies.

A related work [20] suggested deep learning models for the analysis of the quality of collabo-
ration in elementary and secondary school classrooms. This study addressed two main challenges:
the lack of training data and the high skewness in the class labels. To solve these obstacles, the
authors of the paper introduced a controlled form of the Mixup method. Considering the classic
mixup technique, the random pairing of two samples and their interpolation by a coefficient A,
drawn from the Beta distribution. Their controlled mixup variant was developed to maintain the
class distribution imbalance in the synthesized data. To overcome this limitation and produce a
predetermined number of samples for a given category, they suggested a two-fold adjustment of
the original procedure. Moreover, the domain of A is restricted within [z, 1] where 7 is a lower
bound threshold. Through this ‘tuning’ they guarantee some level of originality in the augmented
samples. Therefore, to expand the dataset with more instances of a specific class they intentionally
couple samples from this “primary class” with samples from its adjacent or neighboring classes.
This pairing strategy is represented as (primary — class, |ad jacent — class — 1,ad jacent — class —
2]), where ‘primary-class’ signifies the class selected for the augmentation and ‘adjacent-class-1’
and ‘adjacent-class-2’ indicates its immediate neighbors. This method aims to preferentially edit

the dataset focusing on classes requiring additional representation. With this, they emphasized the
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order of label space in terms of an assessment of group coherence. Furthermore, another interest-
ing point elaborated in their work was the application of the cross-entropy loss ordinal function
used in conjunction with Mixup.

[21] introduces a method for predicting pre-operative survival in diffuse glioma patients, in-
corporating a tumor subtyping network into the survival prediction model. This network provides
vital tumor-type-related features for accurate prognosis. A key innovation in their approach is the
ordinal manifold Mixup technique, which aligns the feature distribution of tumor types accord-
ing to their risk grades, ensuring consistent and meaningful feature augmentation. This technique
significantly enhances the original manifold Mixup by addressing multi-class classification chal-

lenges and ensuring label-feature consistency.



Chapter 3

Proposal

From our literature review, we did not find research papers that utilized the same approach as us
in terms of using an adapted version of the Mixup data in the same selected datasets. This is an
interesting point to be further utilized as an initial benchmark for our proposed approach.

In our research, we focused on modifying the original Mixup algorithm to extend its applica-
tion to ordinal data, where the ranking of the labels should persist in these data types. The proposed
adaptation involves integrating the Ordinal Encoding loss function to maintain the ordinal nature
of the data. Furthermore, we also used Cross-entropy (CE) as a benchmark for evaluating the
model’s performance by comparing it with the original Mixup algorithm.

Our proposed method is inspired by the previously mentioned Unimodal Regularization Loss
(URL), except that this loss focuses only on soft-encoding the Y target variable, but we also want
to ordinally augment the X input variable. Therefore, we focused on adapting the Mixup code to
accept different methods, and in the implementation of the unimodal exponential method. As we
saw before, Mixup is a popular data augmentation technique that takes two images X; and X;, with
respective labels ¥; = (1,0,0) and ¥» = (0,0, 1), and produces a new image X3 = 0.25X; +0.75X,
with the label Y3 = (0.25,0,0.75). However, this approach in its original form is not suitable for
ordinal labels. For that reason, this data augmentation technique could be adapted to be more
suited to ordinal methods. For example, by producing X4 = 0.125X; 4 0.75X, + 0.125X3 with
label Y4 = (0.125,0.75,0.125).

The core of our implementation is a blend of standard and specialized Python libraries, with
PyTorch [17] serving as the foundational framework for constructing and training our models. The
structure of our code is organized to manage data loading, model construction, and the various
phases of training and testing. By utilizing argparse for command-line argument parsing, we
enhanced the flexibility of our experimental framework, allowing for a versatile and adaptable
approach to experimentation. Indeed, this was also useful to perform multiple experiments in
parallel, as you will see more in Chapter 5. The ability to run multiple experiments at the same
time is essential when you want to optimize your resources and time available.

It is important to note that the main idea of this research was to adapt the original Mixup

code and iterate through different possibilities so then we could see how the usage of different
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augmentation methods would impact the performance in different settings and datasets.
The following chapter will go deeper into details to explore all the experimentation details.

Each section will cover a different perspective of our implementation.



Chapter 4

Experimental Details

Within this section, you will find all the details of the experimental process that we have taken to

develop this work.

4.1 Methodology

A crucial element of our study was the exploration and implementation of Mixup variants. These
techniques, which involve creating training images by blending multiple images and their labels,
were expanded to include not only standard methods like classic and adjacent class mixing but also
more sophisticated approaches that employ unimodal exponential distributions. This exploration
allowed us to compare the efficacy of these methods against traditional approaches and a non-
Mixup baseline. Therefore, these techniques were carefully implemented and selected to expand a
little beyond the traditional Mixup methods. The chosen methods were based on related works and
also by imagining what would be interesting to consider when analyzing different scenarios within
our experiments. One possibility that we tried and decided to discard was the Poisson unimodal
distribution. This was done because we realized that apart from being more complex to tune, it
was also not performing as well as we thought it would be, therefore, it might be useful to try it
again in future studies.

Presented below is a brief description of each method implemented in our research.

4.1.1 Nothing or No Mixup

As a control, we include experiments without using the Mixup augmentation. This comparison
will provide clarity on the actual impact of Mixup techniques on the learning process and final
model performance with ordinal data. By adding this method, we can try to identify what is the
realistic impact of our experiments when compared to not applying any Mixup strategy, but just
training the model as it would be. Here it is valid to remember that even though we did not use
Mixup for this method, in the experiments section you will notice that even for this case we also

tried to apply other augmentation as will be explained later.

11
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4.1.2 Classic Mixup

The canonical version of the Mixup serves as one of our baselines because it was the basis of
our work. As previously explained, it consists of a linear interpolation between pairs of sample
images and their corresponding labels. This method was crucial for establishing a benchmark
against which the efficacy of other, more complex Mixup strategies, can be measured. For this

part, we did not change anything in the code and kept the same parameters utilized by [26].

4.1.3 Adjacent Mixup

Recognizing the unique nature of ordinal data, the Adjacent Mixup method was designed to focus
on adjacent classes. By blending data from consecutive ordinal classes, this method aims to im-
prove the model’s sensitivity to subtle differences between closely ranked categories, a key aspect
when dealing with ordinal data. This was one of the approaches also tested by Mixup authors and

indeed can serve as one of the possible methods to test against ordinal data as well.

4.1.4 Exponential Mixup

The Mixup Exponential approach introduces a different combination strategy where we generate
an unimodal exponential distribution for imposing unimodality and act as the weights of each
sample image before the blending process. This method is expected to reveal complex, non-linear
relationships within the ordinal data, potentially uncovering deeper insights into the nature of the
rankings and how they might be best represented through the Mixup process. The initial idea of
proposing this method along with Mixup was based on the research carried out by [16] where they
proposed an unimodal label regularization strategy as mentioned before.

Figure 4.1 shows how the exponential function as proposed in Section 2 (4.1) changes for
different values of tau (7). Where each colored line is related to a different tau, which we defined
as being one of the following options [0.15, 0.45, 0.6, 1.0)]. The possible values for tau were
defined by following the criteria of having initial values that could range from small to large.
This was mainly due to the nature of the exponential curve, where we would like to test different
values of 7 to get different behaviors. As we can see in Figure 4.1, the tau parameter significantly
influences the variance of the output distribution. Therefore, lower tau values produce steeper
curves, and higher tau values result in flatter, more spread-out curves. This was interesting for
our study because we evaluated how the different values of taus impact the data augmentation

performance.

exp (¢, k) = softmax (_M;k) 4.1)

Equation 2 shows how exponential is calculated, and in our case, ¢ will be the lambdas from
Mixup, and £ is the class number. For simplicity, we do not use the T symbol instead of just refer
to it as tau. This function is inspired by the encoding transformation function from Unimodal

Regularization [16], previously mentioned in Section 2.1.
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Exponential function for different taus
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Figure 4.1: Impact of different tau in exponential function

When the tau is smaller, like the 0.15 represented in Figure 4.1, we have a sharper peak,
or narrower distribution that is usually centered around the ¢ value. Therefore, in this case, the
function becomes more sensitive for differences between k and ¢, which results in lower variance,
and also means that the probability will certainly be more concentrated around ¢. On the other
hand, for larger values of tau which are represented in purple in Figure 4.1, we will have a broader
and smoother distribution which translates into a higher variance. Therefore, in this case, it will

be less sensitive to the differences between k and #.

4.1.5 Others

As previously mentioned, at the beginning of our research we thought about including other meth-
ods as well such as the unimodal poisson distribution and uniform distribution, but then we ended
up discarding them in this report, since we already have covered other methods that provided bet-
ter results and possibilities. The main idea of considering them was to include different statistical

distributions to generate more nuanced and data-specific Mixup variants.

4.2 Mixup Adaptation

To make the different experimentations, we adapted the original code of Mixup-cifarl0 [1] and
refactored their function called Mixup data. This function acts as one of the most important parts
of our code and is a slightly different implementation of the Mixup technique, but uses most
of the same code. We designed it to work with various methods of blending images and their

corresponding labels. The main idea of adapting the original code was to accommodate various
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methods of blending images and their corresponding labels inside the same function. Therefore,
our solution is primarily designed to initialize key variables, such as the number of classes (K)
and the number of images in a batch (N), and to create a lambda matrix with dimensions (N, X).
It is worth noting that we implemented a matrix to facilitate the logic, but could also be just a
vector. This matrix, initially filled with zeros, is pivotal in determining the lambda values for each
image in the batch, which dictate the blending ratios that are used to combine different images
from different classes into only one final image. For each method, there is a different if-else cause
that will provide the necessary steps to populate the lambda matrix.

Methods such as adjacent, classic, and exponential each have their unique logic for generating
the lambda values. The logic for each method was based on either their original paper or an adap-
tion done by us. As we mentioned before, these values are a crucial part because they represent the
proportion of each class’s contribution in the mixed image. For example, the exponential method
employs an exponential distribution influenced by 7, offering a much more complex approach to
blending. During this work, we explored different values for 7 in the exponential method, as we
decided to start with the 7 equal to 0.15 as it was also explored by [16].

Once the lambda matrix is established, we proceed to mix the images. This is achieved by
multiplying all images of a class by the corresponding lambda value and then summing these
results to produce the final mixed image. This process effectively blends images from different
classes as dictated by the lambda values, which results in a batch of mixed images. Each mixed
image is thus a composite of contributions from multiple classes, as previously determined by the
lambda matrix.

We conclude by returning the batch of mixed images alongside the lambda matrix. The mixed
images are then utilized for training the model, and the lambda matrix serves to illustrate the
degree of contribution from each class in every mixed image. This approach not only enhances
the training data with diverse examples but also aligns with the specific requirements of different
Mixup strategies, making it highly adaptable for various datasets and scenarios.

Initially, we stored all the lambda values for all the experiments, however, once we tested our
solution and made sure that it was working as expected, this step was not necessary anymore. To
gain a better visualization of the Mixup data processing function explained above, we have also

included the Algorithm 1 as follows.

Table 4.1: Example of Lambda values for different classes and methods based on FogChambers
dataset

Class | Nothing | Classic | Adjacent | Exp
Class 0 | 0.000 0.000 0.000 0.000
Class 1 1.000 0.000 0.343 0.000
Class2 | 0.000 0.000 0.657 0.001
Class 3 | 0.000 0.457 0.000 0.997
Class 4 | 0.000 0.000 0.000 0.001
Class 5 | 0.000 0.543 0.000 0.000
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Algorithm 1 Mixup Data Modified Algorithm

procedure MIXUP_DATA(list_images, method)
Initialize lambdas_matrix with zeros of size N x K
K < LEN(list_images)
N « list_images|0].shape[0]
if method = "Nothing" then
for i in RANGE(N) do
I <+~ RANDOMINT(0,K)
lambdas_matrix|i,l] < 1
end for
else if method = "Classic" then
for i in RANGE(N) do
o+ 1.0
1 <~ RANDOMINT(0,K)
[2 < RANDOMINT(0,K)
B < BETADISTRIBUTION(, @)
lambdas_matrix[i,[1] <+
lambdas_matrix[i,[12] < 1—
end for
else if method = "Adjacent" then
for i in RANGE(N) do
class_1 < RANDOMINT(0,K —2)
class 2 < class_1-+1
o+ 1.0
B < BETADISTRIBUTION(, @)
lambdas_matrix[i,class_1] < B
lambdas_matrix|i,class_2] + 1 —f
end for
else if method = "Exponential” then
for i in RANGE(N) do
! <~ RANDOMINT(0,K) + 1
k < ARANGE(1,K+1)
lambdas_matrix|i] < EXP(k,l,tau = args.tau)
end for
end if
mixed_image <— Apply lambdas for each class and sum
return mixed_image,lambdas_matrix
end procedure




Experimental Details 16

Table 4.1 shows an example of how the classes would be mixed in each method by using the
lambda matrix. It is possible to see that in the method nothing, or no application of Mixup, just
one class is selected, and in the other methods it will change based on their logic. Specifically for
the exponential, we can see that usually one class is selected and the contribution for the others
is relative to the parameter 7 that was previously defined. We will explore each method in more

detail in the subsequent sections.

4.3 Data Preparation Methods

By preparing our dataset, we emphasized the need for precision and flexibility, enabling the selec-
tion of different loss functions and Mixup methods. To effectively implement the Mixup process
during training, we divided the dataset into class-specific loaders. In each training iteration, im-
ages from these loaders were combined by the chosen Mixup strategy, resulting in a set of blended
images and labels. Subsequently, the network was trained on these composite images, utilizing
the specified loss function and optimizers such as Adam, SGD, and Adadelta. In the beginning,
we decided to test different optimizers, but we failed to continue doing it because it would also
expand enormously our experiment combinations, which could confuse us. Therefore, we decide
to focus on Adadelta to not commit to the need to define each hyperparameter such as learning

rate and decay.

4.4 Datasets

A compilation of various ordinal datasets can be found in [2], which includes both tabular and
image datasets. For this work, our attention will primarily be on image datasets focusing on
SMEAR2005 [11] and Seeing Through Fog [6], which here we will call FogChambers. Apart from
testing our work in the aforementioned datasets, we also tested the Mixup code in the CIFAR10
dataset as mentioned by their study, and re-tested our solution on the same dataset to validate the
usability and correctness of our proposed method. Since our main focus is on ordinal data, we will
not explore any results related to non-ordinal datasets in this work.

Therefore, we tried to replicate and leverage some of the datasets previously examined in the

literature review.

Table 4.2: Datasets used for ordinal experimentation.

Dataset Category N Classes
SMEAR2005 [11] Biomedical 917 7
Seeing Through Fog [6] | object detection | 1034 6

The datasets mentioned in the Table 4.2 vary widely in terms of their application domains,
size, and complexity. The first one, SMEAR2005, is a biomedical dataset that contains a relatively
small number of images (917) but has a higher number of classes (7), making it suitable for

detailed classification tasks in medical research. In contrast, the FogChambers dataset, used in
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object detection and potentially in autonomous driving applications, has a larger number of images
(1034) but fewer classes (5), indicating its focus on categorizing visibility conditions critical for
vehicular navigation systems. Each dataset offers unique challenges and opportunities for research
in ordinal classification. The diversity in the datasets also allows for the testing and validation of
models across different domains, enhancing the generalizability and robustness of the proposed
methods. To work with the different datasets we took advantage of the PyTorch Dataset class that

was adapted for our needs. For both datasets, the image size utilized was defined as 256.

44.1 SMEAR2005

The SMEAR?2005 dataset is a collection of cytology images with seven different classes repre-
senting various cell types and can be used to train machine learning models to predict cervical
malignancy. This dataset was explored in different studies such as [5] where they presented a

novel model for the supervised classification of ordinal data.

Class 0: qumal Superficiel Class 3: Light Dysplastic Class 6: Carcinoma In Situ
- -
‘rﬁ'— .
< 2 >
;o_. k

Figure 4.2: Example of SMEAR2005 classes

Figure 4.2 shows an example of 3 different classes, in order, being the first class 0, which is
a normal superficial, followed by class 3 which is a light dysplastic, and then class 6 which is a
carcinoma in situ. As you may have noticed, the classes are encoded as integers ranging from 0
to 6. Images are loaded from the specified directory, and their labels are assigned based on the
subfolder names which correspond to different cell types. Below there is a brief explanation of the

possible classes for the dataset.

1. Normal superficiel: This category refers to cells that appear normal and are located in the

superficial layers of the epithelium.

2. Normal intermediate: These are normal cells found in the intermediate layers of the ep-

ithelium.

3. Normal columnar: This refers to normal columnar cells, typically found in glandular struc-

tures or the inner lining of organs.

4. Light dysplastic: Cells in this category show mild dysplasia, indicating early changes that

could potentially lead to cancer.
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5. Moderate dysplastic: Here, cells exhibit moderate dysplasia, a more advanced stage of

abnormal growth, suggesting a higher risk of developing into cancer.

6. Severe dysplastic: This category represents severe dysplasia, where cells are highly abnor-

mal and the risk of cancer is more imminent.

7. Carcinoma in situ: Refers to a stage where cancer cells are present but have not yet spread

beyond the epithelium. It’s a pre-invasive stage of cancer.

As we can see, the order of the classes is ranked by its severity and that is why it is important
to use an ordinal data approach to create a machine learning model capable enough to distinguish
between the target’s order. Therefore, it is important to note that different classifications may also
incur in different treatments, and getting the classes wrongly predicted could potentially lead to
an enormous impact on a patient’s life

The total size of the dataset is 917 images with 7 classes (K = 7), and the training set size is
733 images. The class distribution is shown in Figure 4.3. The dataset is split into training and

testing sets using a stratified k-fold method to ensure a balanced representation of each class.

Class Distribution for SMEAR2005

157
150 146 =3
& 17| 120
: 1

& 100
= 78
2 59 56
E 50
Z

0

01 2 3 4 5 6
Class

Figure 4.3: Class distribution for SMEAR2005.

4.4.2 Seeing Through Fog (FogChambers)

In this section, we discuss the adaptation of the FogChambers [6] dataset from its original re-
gression problem format to an ordinal classification framework. This transformation is pivotal for
applications in meteorological visibility, where categorizing visibility into distinct classes is more
beneficial than predicting precise values.

Fig 4.4 shows an example containing 3 samples where the classes 0, 3, and 5 are presented
along with their respective bins and meteorological visibility. For this dataset, we focused on the
images from cerema-cam_stereo_left_lut which is an 8-bit RGB left stereo camera image used for

annotating the dataset, with custom tone mapping presented in [6].
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Class 3 (Bin: 49.0-55.0, M. Visibility: 49)

Class 5 (Bin: >93.7, M. Visibility: 5704)

Figure 4.4: Example of FogChambers classes

The dataset consists of images categorized based on meteorological visibility. Each image file
is associated with a visibility level, which is then discretized into one of the six bins. The total
size of the dataset is 1034 images with 6 classes (K = 6), and the training set size is 827 images,
which makes the test set 20% of the total images. The class distribution is as shown in Figure 4.5.

Since the FogChambers dataset was not initially designed to be used in ordinal classification,
we discretize the continuous visibility measurements into predefined ranges. The bins were de-
fined as [36.0, 43.0, 49.0, 55.0, 93.7] to have an almost balanced label distribution. As we also
did for the SMEAR?2005 dataset, a random splitting was used to select the test data by using 20%
of the available data. The splitting process, based on a specific seed and fold parameter, ensures
that the training and testing data vary in different experiment runs, adhering to the standard prac-
tices in cross-validation techniques. Each data item in the dataset consists of an image and its

corresponding visibility class that were stored in JSON files.
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Class Distribution for FogChambers
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Figure 4.5: Class distribution for FogChambers.

The adaptation of the FogChambers dataset could be easily aligned with practical needs in
meteorological visibility prediction in autonomous driving, emphasizing the categorization of vis-
ibility into intuitive and actionable classes rather than precise, continuous measures. However, this
will depend on how this information could be used. However, it would also be interesting to com-
pare the performance of using it as ordinal versus applying a regression model to predict the value.
Transforming the target of this dataset in an ordinal problem also opens up possibilities to do the
same for other datasets that could take advantage of having an ordinal data perspective instead of
binary or regression commonly used tasks. With that, is important to note that the application that

we will be using should be always the guidance for what we will develop as scientists.

4.5 Model Architecture and Hardware Enhancement

Our methodology adapted the famous ResNet18 architecture [13], a choice driven by its proven
effectiveness in image classification tasks, and also used in the Mixup paper. The architecture
was modified to align with our research objectives, particularly in accommodating the number
of classes present in our dataset. Furthermore, all the experiments were run using the power-
ful NVIDIA A100-SXM4-40GB GPU, which was provided by the University of Porto ATLAS
research group. This combination offered a robust and efficient framework for our study. To max-
imize the capabilities of the GPU, we developed a bash script for parallelizing computations. This
script systematically iterated through various combinations of datasets, methods, optimizers, and

loss functions, optimizing our research process and enhancing computational efficiency.

4.6 Losses

In our code implementation, we have explored a variety of different loss functions, including
traditional and custom-developed ones. Since the Mixup paper explored just the cross-entropy

loss for their solution, we decided to also include more options such as Ordinal Encoding loss,
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which is more suitable for accurately quantifying the error in predictions considering the ordinal
nature of the targets. This approach ensures that the loss calculation aligns with the inherent
ranking structure of the data, potentially leading to more effective learning and prediction. In
our implementation, we calculate the total loss for predictions using a similar concept as Mixup
augmentation, by weighting individual class losses with corresponding lambda matrix coefficients
and summing them up to obtain the total loss. The criterion utilized can be either Cross-Entropy
(CE) or Ordinal Encoding (OE). Furthermore, it is important to note that for Cross-Entropy, we
also use a weight multiplication to be similar to Unimodal Regularization Loss (URL), and take

into account the mixing values pre-calculated in the blending process.

4.7 Optimization Method Selection

For the optimization, our primary choice was the Adadelta optimizer [25]. We also explored
other options, including Adam [15] and Stochastic Gradient Descent (SGD) [19], to ensure a
comprehensive assessment of available methodologies. Our decision to continue with Adadelta
was influenced by its user-friendly feature of not requiring predefined initial parameters such as
learning rate. This aspect allowed us to concentrate our resources more effectively on the diverse
experiments at hand. Notably, in the Mixup paper, SGD was used with a dynamic learning rate and
a predetermined weight decay. However, our research focus was directed more toward analyzing
losses and methods rather than optimizing model performance. Hence, we reserved the exploration
of these optimization nuances for future studies, ensuring a more targeted and efficient approach

in our current research.

4.8 Training methodology

Our training methodology was conducted over 200 epochs of training, which was executed 3 times
for each experiment. This systematic approach ensured consistent and comparative analyses across
the different Mixup methodologies. We evaluated the model’s performance meticulously using a
range of metrics, including accuracy and mean absolute error (MAE), on both training and testing
datasets. Furthermore, we generated and analyzed confusion matrices to obtain deeper insights
into the model’s class-specific performance.

The batch size, which refers to the number of data samples that are processed together in a
single forward and backward pass during training, was defined as 16. This choice was based on
the size of our datasets to maintain representability and make the training possible. We also based
it on quick tests to see how the results would be affected for different batch sizes. However, since
the main purpose of this work was not to define the best batch size for each approach, we decided

to stick to a batch size being 16 and focus our efforts on other experiments.
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4.9 Data augmentation

Apart from using Mixup-related methods to augment our data, we also utilized a common data
augmentation by doing image transformations as explored by [7] and commonly found in com-
puter vision tasks. This strategy was applied to the training dataset and is composed of a series of
transformations that have the goal of enhancing the robustness and generalizability of the machine-
learning model by introducing variability into the training data. The following list enumerates and

explains each transformation step in the train transform sequence:

* Image Resizing: The application of resize increases the image dimensions by 5% on each

side, with the antialias parameter that is used to enhance image quality after the resize.

* Random Cropping: By randomly cropping the image to its initial size, we introduce vari-

ability and aid the model in learning to recognize different image regions.

* Color Adjustment: By randomly changing image brightness and contrast, we add parame-
ters to control the extent of these adjustments. This transformation is crucial for improving
the model’s resilience to variations in lighting conditions, which in the case of FogCham-
bers dataset, or even autonomous vehicles tasks is essential because the light condition is

usually out of control.

* Random Horizontal Flipping: Here we introduced a horizontal flip to the image with a
default probability of 50%. This step aims to develop model invariance to object orientation

within images.

* Normalization: The last step is the normalization which standardizes the image by adjust-
ing each color channel based on the mean and standard deviation. The values utilized were

the same as [7].

A flag was used to ensure that the training data skipped or used the augmentation process
above. Therefore it will be applying the same transformations as those utilized for the test data
which is the conversion to float32, followed by an image resize and normalization.

After applying these transformations, the training and test datasets are instantiated accordingly.
Data loaders are then initialized to facilitate the efficient feeding of data into the model during both
the training and testing phases. It is noteworthy that these augmentations are not applied to the

test dataset to ensure its representation of real-world, unaltered data.

4.10 Data Loaders in Model Training and Testing

Another modification that we did in the original code was to create a function to handle the dat-
aloaders. The objective of doing it was to generate individual data loaders for each class within
the dataset, which is an important step for the effective application of our method during model

training.
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The process was structured to first prepare class indices, which are created as a list of indices
for every class in the dataset. This was done by iterating over the dataset and assigning indices
to their corresponding classes. With these indices, we then create a Datal.oader for each class
by forming subsets of the dataset and configuring these DatalLoaders with specific batch sizes
and shuffling. Parallel processing is also employed to enhance efficiency, and for our case was
essential because of the amount of experiment combinations that we utilized.

In the training phase, the Datal.oader makes possible selective sampling and mixing of images
from different classes, which was developed to suit all the Mixup methods in use, such as adjacent
class mixing, exponential, and classic. For testing, the Mixup was not applied, however, the struc-
tured arrangement of DatalLoaders still contributes to efficient model processing and evaluation.

Overall, making these dataloaders was a key step for splitting the dataset into batches based
on classes. This helps not just in using different Mixup ways during training, but also in checking

the model well during testing.

4.11 Evaluation Metrics

To ensure the statistical validity and comprehensive understanding of our experiments, we em-
ployed a variety of performance metrics. These metrics are particularly chosen to effectively

interpret the results from different methods and loss functions.

* Accuracy (Acc): Standard accuracy is the proportion of correctly classified samples. It’s

calculated as:
1
N 4
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(where 1(-) is the indicator function)

e Accuracy (1-OFF): We included the *Accuracy 1-OFF’ metric as used in [4], which mea-
sures the proportion of samples accurately classified within the target class or any adjacent
class. This metric is particularly useful for ordinal data, as it provides a more nuanced view
of predictions that are close to the correct class. The formula is given by the following
equation.
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* Mean Absolute Error (MAE): MAE is a standard metric for evaluating the accuracy of
predictions. It is calculated as the average of the absolute differences between the predicted

and actual values. The formula for MAE is:
1 N
MAE(y.9) = & ). [§i =i (44)
i=1

where y; and ¥; are the true and predicted values, respectively, and N is the number of

observations.
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* Maximum Mean Absolute Error (MMAE): As proposed and explored in [9, 12], MMAE
assesses the average of the largest errors for each sample, focusing on the worst-case sce-
narios. Therefore, MMAE is the MAE value of the class with a higher distance from the
true values to the predicted ones. The formula for MMAE is:

1
MMAE(y, §) = — o=k |, 45
(v.9) [nax. ( N l_:ny:,k 9 \) (4.5)

where N, is the number of observations belonging to class K.

Furthermore, to improve the statistical reliability of our results, each experiment was replicated
three times. This methodology allowed us to calculate both the mean and the population standard
deviation (std) of the results, thereby providing a more comprehensive and robust statistical anal-
ysis. It is worth noting that we decided to use the population standard deviation instead of the
sample standard deviation because our population was composed of a small set of running times.
Moreover, we conducted all experiments over 200 epochs. This extended duration was crucial to
observe the progressive improvements across epochs and to achieve a better outcome. However,
it is important to bear in mind that our focus was on testing the different combinations, and not on
obtaining the highest possible performance, which would require more extensive fine-tuning and

potentially different model architectures.

4.12 Logs

Throughout our research, a rigorous log of results and metadata was maintained, such as model
parameters, training duration, and performance metrics (including a confusion matrix for each
experiment). This detailed logging was essential in facilitating a thorough analysis and compre-
hension of our findings. Finally, we preserved the final model, inclusive of its state, optimizer
configuration, and aggregated training metrics, for future reference and potential in-depth analy-

sis.
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Results and Discussion

In this section, we present and discuss the results obtained from an extensive series of experiments.
These experiments included two datasets, two loss functions, four different methods, and four
variations of the tau parameter, and also with augmented and non-augmented data. By augmenting,
we refer to the application of the data augmentation explained in sub-section 4.9. The results were
grouped and presented in two different tables for clarity. As previously mentioned, our main
goal besides developing a novel approach based on the Mixup method, was to focus on different
experimentations and adaptations, so then we would be able to get more basis for our findings.

Table 5.1 is focusing in all the methods, with a fixed tau value of 0.15 for the exponential
method. On the other hand, Table 5.2 focuses on experiments related to the variance of the tau
parameter within the exponential method. Both tables provide comprehensive details on each
combination and include both datasets, which facilitated easy comparisons across various combi-
nations. Therefore, the tables can be analyzed by line, by columns, or by a block of experiments as
suggested in the table lines. As previously mentioned, each experiment was conducted three times,
and the reported values are the averages, with the population standard deviation provided after the
= signal. Another important point to bear in mind is that we also included a data augmentation
transformation applied before the methods, which can also be compared without it. As expected,
all the experiments that were run using the extra data augmentation explored in sub-section 4.9,
had longer processing times. Since our idea was to focus on the different experiments on test data,
we will not show the training-related metrics in this work.

To evaluate the models, we considered various metrics beyond simple accuracy, recognizing
that accuracy alone may not be ideal for ordinal datasets. Metrics such as accuracy 1-OFF, Mean
Absolute Error (MAE), and Mean Maximum Absolute Error (MMAE) were also employed. The
best-performing results are highlighted in bold for each block of experiments. All the results
presented in Table 5.2 and Table 5.1 were based on test data that corresponds to 184 examples for
SMEAR2005 and 207 examples for FogChambers, which represents 20% of each dataset.

We employed various augmentation methods to explore their impact on model performance
with ordinal data. The methods include Classic Mixup, Adjacent Mixup, Mixup Exponential, and
a control group with no Mixup (Nothing).

25
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Table 5.1: Analysis of experiments for different methods
SMEAR2005 FogChambers
Without Augmentation With Augmentation Without Augmentation With Augmentation
Method CE OE CE OE CE OE CE OE
Nothing 48.01 + 849 4529 +499 | 4493 051 37.14+4066| 7684 +7.04 7778 +4.46 68.60 + 4.44 67.89 + 1.48
3 Classic 4185+ 1.78 4148 £245| 4620 £523 34.06 =844 | 80.97 =529 75.88 +6.42 | 5472 + 11.20 58.26 + 5.68
< Adjacent 41.67 +4.66 37.86 + 1.28 | 49.46 + 6.83 33.15+538 | 62.03 + 12.08 65.80 + 10.15 | 59.55 + 146 4734 + 751
Exponential®* | 45.29 +3.12 4946 + 1.60 | 46.56 + 845 50.54 +5.12 | 78.45 + 8.68 75.75 +5.41 67.92 +0.83 5920 + 10.30
Nothing 74.64 +4.66 81.16 £499 | 7047 422 7283+ 654 | 96.58 +2.28 97.97 + 1.03 9475 £ 224 97.00 + 0.61
E‘_ Classic 68.84 +499 75.00+347 | 71.38 £586 69.56 + 843 | 96.97 + 1.07 98.87 + 0.58 | 84.35 +13.63  92.56 + 3.50
9- Adjacent 7482 +1.79 81.70 £4.10 | 75.00 £4.63 75.00+ 739 | 94.01 £3.74 9852+ 1.13 | 95.01 + 1.31 87.63 + 8.92
Exponential* | 75.73 + 6.22 84.42 + 1.85 | 7047 + 11.58 81.89 + 1.56 | 96.97 + 2.58 98.13 + 1.31 9527 + 146 9478 + 1.44
Nothing 0.97 +0.15 0.83 +0.13 1.11 + 0.09 1.03 £ 0.16 0.27 + 0.09 0.24 + 0.05 0.37 +0.07 0.35 +0.02
EC'] Classic 1.25+0.14 094 +0.07 1.08 +0.13 1.08 +0.18 0.23 +0.07 0.25 +0.07 0.72 +0.39 0.51 +0.10
> Adjacent 1.03 + 0.08 0.90 + 0.09 0.97 +0.17 1.01 £0.18 0.45 +0.17 0.36 +0.11 0.46 + 0.00 0.66 + 0.17
Exponential* | 0.99 + 0.15 0.76 + 0.02 1.07 +0.29 0.80 + 0.06 0.25 +0.12 0.26 + 0.07 0.37 +0.02 0.46 +0.12
o Nothing 1.72 +0.27 1.82 +0.33 1.98 + 0.02 1.91 +0.27 0.62 +=0.29 0.46 +0.12 0.76 + 0.17 0.60 = 0.10
< Classic 3.11 +0.94 1.96 + 0.14 1.92 + 0.20 1.89 +0.48 0.62 +0.21 048 +0.13 1.30 + 0.49 0.95 +0.32
é Adjacent 1.72 £ 0.43 1.66 + 0.31 1.94 +0.48 1.73 £ 0.14 0.85 + 0.31 0.66 + 0.20 1.00 + 0.27 1.37 +0.38
Exponential* | 2.39 + 0.62 1.38 + 0.22 1.84 +0.25 1.46 + 0.10 0.54 +0.37 0.54 +0.12 0.68 + 0.06 0.89 + 0.08
* proposed method.
Table 5.2: Analysis of different taus for exponential method
SMEAR2005 FogChambers
Without Augmentation With Augmentation Without Augmentation ‘With Augmentation
Tau CE OE CE OE CE OE CE OE
0.15 | 4529 +3.12  49.46 + 1.60 46.56 + 8.45 50.54 +5.12 7845 +8.68 7575+ 541 | 67.92 +0.83 59.20 + 10.30
3 045 | 54.71 + 296 4348 + 11.53 | 47.46 £ 690 41.12+ 743 76.87 +=4.33  67.15+4.65 | 57.26 £ 546 55.30 +6.95
< 0.60 | 43.30 £2.85 44.02 £ 523 4475 + 6.82 3641 + 10.38 | 57.94 + 11.20 51.08 +£9.39 | 38.13 +2.09 48.34 + 10.03
1.00 | 29.89 + 1.60  35.51 +4.38 | 30.61 +537 37.14 +244 | 39.13 +393 51.50 + 6.23 | 32.05 + 1.98 41.93 + 1.31
0.15 | 75.73 +6.22 8442+ 1.85 | 7047 + 11.58 81.89 + 1.56 96.97 +2.58 9813 + 1.31 | 9527 + 1.46 9478 + 1.44
& 0.45 | 81.34 + 359 76.45+9.10 72.83 +7.10 76.99 + 7.64 9552 +1.76 9594 + 245 | 84.83 + 6.37 92.69 + 391
g 0.60 | 75.73 +3.56  78.80 + 3.35 76.99 + 6.16 72.65 +9.79 86.86 - 9.76  87.31 £ 546 | 60.64 +4.69 79.39 + 16.37
1.00 | 62.32 +2.81 7192+ 474 63.04 + 6.29 7591 + 2.56 68.95 +6.17 88.79 +6.31 | 51.60 +3.69 74.07 + 4.37
0.15 | 0.99 +0.15 0.76 + 0.02 1.07 + 0.29 0.80 + 0.06 0.25 +0.12 0.26 + 0.07 0.37 +0.02 0.46 +0.12
E:J 045 | 0.81 +0.12 0.93 +0.30 1.00 = 0.18 0.93 +0.20 0.28 + 0.07 0.37 £ 0.07 0.62 +0.15 0.52 +0.11
s 0.60 | 1.00 £ 0.09 0.92 +0.10 0.98 +0.19 1.02 + 0.26 0.61 +0.27 0.63 +0.16 1.32 £0.13 0.83 + 0.39
1.00 | 1.41 +0.10 1.09 +0.10 1.41 £ 0.10 1.09 + 0.10 1.08 £ 0.16 0.61 +0.13 1.59 +0.15 0.92 +0.08
- 0.15 | 2.39 +0.62 1.38 + 0.22 1.84 +0.25 1.46 + 0.10 0.54 + 0.37 0.54 +0.12 0.68 + 0.06 0.89 + 0.08
< 045 1.61 +0.30 1.81 +0.48 1.65 + 0.24 1.69 + 0.20 0.68 +0.17 0.93 +0.32 1.37 +0.28 1.05 + 0.34
é 0.60 | 1.64 +0.16 1.87 +0.52 2.07 £ 0.76 1.73 £ 0.21 1.27 +£0.38 1.33 £ 0.41 2.61 +£0.43 1.61 + 0.88
1.00 | 3.20 = 0.47 271 +£0.26 3.52 £0.28 3.05 £ 0.14 221 +£0.32 132 +0.16 3.22+0.33 1.74 + 0.28

5.1 Analysis of Experiment Results

The results are methodically presented in Tables 5.1 and 5.2, where 5.1 focus on the compara-

tive analysis of different methods and Table 5.2 explores the different values of tau parameter to

investigate the variance.
Comparing the results from the SMEAR2005 and FogChambers datasets offers insights into

the adaptability and effectiveness of various methods and loss functions in different contexts. In

total, we carried out 64 experiments to investigate a wide range of methods, loss function, and tau

value combinations. However, this total grows considerably when factoring in the multiple runs

needed to compute averages and standard deviations. It also does not include all the unsuccessful

attempts made in between these runs.
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5.1.1 Analysis of SMEAR2005

For the SMEAR2005 dataset, the exponential method proved effective, for both cases with and
without augmentation and using ordinal encoding as loss. The consistency in high 1-OFF accuracy
across methods is clear, underscoring the models’ generalization capability in ordinal classifica-
tion. The exponential method also showed lower MAE and MMAE, highlighting its performance
in predictions. From Table 5.1 it is evident that the exponential method was the best performer in
all the experiments. Another point that is worth noting is that by using OE instead of CE we have
achieved better performance metrics, with often smaller standard deviations as well.

In the experiments with augmentation, the performance of the exponential method varied much
more, which could suggest that its complexity could be playing a factor in it. Despite this, high
1-OFF accuracy was maintained across the different methods, and a slight increase in MAE and
MMAE was noted, indicating a trade-off between augmentation and precision.

The SMEAR2005 experiments, as also noted in the FogChambers dataset, revealed a decrease
in performance metrics with an increase in Tau value. However, the overall performance metrics
for SMEAR2005 were lower than those observed in the FogChambers experiments, regardless of
the Tau value. This suggests that the SMEAR2005 dataset might be more challenging or that the
methods and parameters are not as well-suited for this dataset.

In the SMEAR2005 experiments, the exponential method outperformed others in terms of
accuracy, particularly with OE, and showed the lowest MAE and MMAE. In contrast to the
FogChambers results, the nothing method did not perform as well, indicating the possible dataset-
specific efficacy of these methods. The adjacent and classic methods continued to show moderate

performance, similar to their FogChambers counterparts.

5.1.2 Analysis of FogChambers

In the FogChambers dataset, the tau value of 0.15 in the exponential method consistently showed
excellent performance, especially in terms of Acc and MAE, both with and without augmenta-
tion. The highest accuracy was observed at classic mixup with 80.97% without augmentation and
68.60% with augmentation for no mixup (nothing). Analyzing the settings without augmentation,
the Classic method with CE resulted in the highest accuracy, demonstrating the strength of the
Mixup algorithm in linearly interpolating between two classes. Moreover, 1-OFF accuracy was
notably high across all methods, with the Classic and Nothing methods excelling, indicating ro-
bustness in ordinal classification even when not using any Mixup variant. The MAE and MMAE
metrics also confirmed the precision of the Classic and Nothing methods.

On the other hand, with augmentation, the exponential method experienced a decline in ac-
curacy, possibly due to the added complexity of its combination strategy. However, the ordinal
classification was evident as 1-OFF accuracy remained high. The augmented settings also resulted
in slightly higher MAE and MMAE, indicating an increase in prediction errors.

The settings that used the OE loss function obtained a better performance when applied along

with data augmentation than the OE without data augmentation.
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Apart from the average performance, it is also worthwhile to examine the standard deviations.
Where we can observe that they are often higher for CE compared to OE. This suggests that there
is greater variance in the results obtained with CE than with OE.

Overall, the FogChambers dataset had more variation in the results than the SMEAR2005.

5.2 General Insights

Across both datasets, the smaller value for tau often yielded the best results in settings with ordinal
encoding loss, highlighting its effectiveness for ordinal data. Our proposed method, exponential,
consistently outperforms the simpler methods for the SMEAR2005 dataset, suggesting that its
unimodal strategy might be advantageous for this dataset. Augmentation strategies, particularly
the adjacent and classic methods, showed varied impacts, indicating a dataset-dependent effective-
ness. Interestingly, the control group (nothing) frequently performed on par with the augmented
methods, which can suggest the inherent strength of the ResNet18 model even in the absence of
augmentation in ordinal data scenarios.

Figure 5.1 displays four examples of the obtained confusion matrices in a sample of our ex-
periments. From this figure, focusing on the colors and not on the small numbers, we observe that
all the methods exhibit a strong diagonal color, indicating good overall performance. However, it
is also noticeable that the models frequently make errors in predicting adjacent classes. Therefore,
when utilizing accuracy with a 1-OFF tolerance, all incorrectly predicted adjacent classes are con-
sidered correct. This approach provides a clearer perspective on whether the models tend to make
errors in adjacent classes or not.

The usage of confusion matrices proves to be valuable for visually identifying the most sig-
nificant errors and their proximity. In all the experiments conducted, we saved confusion matrices
similar to the ones shown in Figure 5.1. These matrices are instrumental for conducting detailed
investigations and gaining insights into the specific areas where each combination tends to produce
incorrect predictions. However, please note that Figure 5.1 serves as an illustrative example to un-
derscore the advantages of employing accuracy with a 1-OFF tolerance, especially in the context
of ordinal data.

Overall, our analysis indicates that the effectiveness of methods and tau values is specific to
each dataset. Lower tau values and the Exponential method generally lead to better accuracy
and reduced error rates. This tendency is especially marked when considering metrics such as 1-
OFF accuracy and MMAE for ordinal datasets, highlighting the necessity of multiple performance
metrics and tailoring methodological approaches to the distinct features of each dataset.

Moreover, our findings emphasize the importance of employing multiple performance metrics
in the comparative analysis of different experimental setups. In our experiments, it was evident that
the 1-OFF accuracy consistently outperformed standard accuracy. This observation is particularly
relevant for our study because, although the datasets have nearly equal class proportions, in an

ordinal context, errors in adjacent classes are preferable to those in distant classes. It is also
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Figure 5.1: (a) FogChambers using CrossEntropy and method nothing with data augmentation (b)
FogChambers using CrossEntropy and classic method with no augmentation (¢c) SMEAR2005
using OrdinalEncoding and method exponential (d) SMEAR2005 using OrdinalEncoding and

method exponential with data augmentation
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noteworthy that the adjacent method frequently showed favorable results even in comparison with
the classic Mixup.

Both datasets exhibited a decline in performance metrics with an increase in Tau value. How-
ever, the overall performance on the SMEAR2005 dataset was generally lower across all methods
and metrics compared to the FogChambers dataset. This indicates that the SMEAR2005 dataset
might present a more complex challenge, requiring further optimization of methods and parame-
ters. Moreover, our method performed well specifically for SMEAR2005, indicating that it might
also be interesting to test similar datasets to benchmark the performance. For the FogChambers,
our method also performed well, but could not reach the biggest performance, even though it got

nearly the same when considering the standard deviation.



Chapter 6

Conclusion

This work explored various possibilities of using Mixup as a data augmentation tool for ordinal
data and we also proposed a novel method that we called here exponential. Throughout our re-
search, the employment of diverse methods and losses facilitated diverse comparisons. However,
given our decision to focus on only two datasets, a potential area for enhancement in future stud-
ies would be to expand our research to include more ordinal datasets from different domains and
types, such as tabular data as explored by [26]. This can open the paths to assess model perfor-
mance across a bigger range of classes and applications in ordinal settings.

Another aspect that could significantly influence future research is the endeavor to enhance the
performance achieved in this work by fine-tuning the model’s hyperparameters and experimenting
with more versatile optimizers such as Adam or SGD. Additionally, adapting Cutmix to a multi-
class ordinal problem and comparing its efficacy with our approach represents another promising
avenue. Such an exploration would undoubtedly offer valuable insights by contrasting our method
with a different data augmentation technique. Furthermore, since it was possible to see that by
setting smaller values for 7, it might be worth investigating if even smaller values would lead
to a better result, but also having in mind the trade-off of having strongly smaller values for the
lambdas that will set the contribution of each class in the training.

Moreover, the comparative analysis reveals that while certain methods and loss functions
can be effective across different datasets, their performance can vary significantly based on the
dataset’s characteristics and challenges. Therefore, a careful selection and optimization of meth-
ods and parameters are crucial for different datasets in the field of ordinal data augmentation.
However, as we can see in the results, even though our method did not achieve the best overall
performance in the FogChambers dataset, indeed it got closer, and almost equal when considering
the standard deviation range.

In conclusion, our study provided a novel approach to using unimodal exponential distribution
as an alternative to Mixup for ordinal data. The extensive experiments provided valuable insights
into the effectiveness of various Mixup-based methods in the field of data augmentation for ordinal
classification. Through our methodical and detailed experimental setup, we were able to assess

the impact of these data augmentation techniques on model performance, thereby contributing

31
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valuable findings to the field. A key result that can be drawn from this work is that by applying
our exponential method along with ordinal encoding for SMEAR2005 with an augmented dataset
we could decrease the MAE by 25.92% when compared to the original Mixup (classic) algorithm
applied to the same dataset, and without augmentation, we obtained 14.89% of decrease in MAE.
For the FogChambers dataset, the results were slightly better for the classic Mixup, which could
be re-tested in the future by following some of the approaches mentioned above to enhance the

performance.
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