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Abstract

Machine learning systems often experience performance degradation in real-world sce-
narios due to subpopulation shift defined as mismatches in the distribution of classes
or attributes within datasets. This thesis investigates generalization failures arising
from class imbalance, long-tailed distributions, and attribute-level biases (specifically,
attribute-level biases that originate from demographic imbalances in sensitive domains,
such as medical imaging). It proposes principled strategies to mitigate these effects in
both classical and deep learning frameworks. Class imbalance and long-tailed distribu-
tions pose significant challenges, especially in real-world applications where minority
classes are underrepresented yet critically important. To address these challenges, this
work develops novel algorithms and frameworks that enhance model generalization on
imbalanced and long-tailed datasets. The contributions encompass data-level, model-
level, and loss-level innovations, each designed to mitigate bias and improve performance
in minority classes while maintaining accuracy in majority classes.

First, we propose a data-level solution for classical class imbalance in tabular data
through a novel oversampling technique that estimates minority class statistics using
neighborhood-based distributional calibration. Unlike existing methods that rely on syn-
thetic interpolation without accounting for class-specific geometry, the proposed ap-
proach preserves the fidelity of minority class distributions, leading to significant gains
in both binary and multi-label imbalanced settings. Next, we introduce STTP-Net,
a two-pronged framework for long-tailed learning in vision tasks. It integrates hybrid
augmentation and sampling strategies with a newly proposed Effective Balanced Soft-
maz (EBS) loss to correct label distribution shifts, enabling robust feature learning
and improved accuracy across head, medium, and tail classes. Extensive evaluations
on benchmark datasets such as CIFAR-LT, ImageNet-LT, and NIH-CXR-LT confirm
its superiority over state-of-the-art methods. We address decision boundary distortion
under class imbalance by introducing the Goldilocks principle to achieve “just-right”
boundary fidelity. Our approach leverages this concept to design a training pipeline
that produces smoother, more adaptive decision boundaries for tail classes. Specifi-
cally, we propose a Dual-Branch Sampler-Guided Mizup (DBSGM) strategy combined
with an Adaptive Class-Aware Feature Regularization (ACFR) mechanism. These com-
ponents jointly enhance intra-class compactness and inter-class separability, improving
generalization, especially under extreme imbalance. By dynamically adjusting bound-
aries and applying adaptive regularization, our method achieves optimal fidelity for
minority classes without compromising the performance of majority classes. Extensive
experiments validate its effectiveness across a range of imbalance ratios. Furthermore,
we extend these ideas to medical imaging, addressing both class imbalance and demo-
graphic fairness. This includes the Mixture of Two Experts (Mo2FE) framework and
fairness-aware lesion classification strategies that ensure equitable performance across
subgroups. Mo2E combines asymmetric sampling with adaptive mixup to improve the
detection of rare disease classes and is validated across tasks such as Gastrointestinal
(GI) Tract Classification of Endoscopic Images and Diabetic Retinopathy (DR) grading.



Additionally, we introduce a bias-aware training method to mitigate both class imbal-
ance and skin tone bias, achieving fair performance across demographic subgroups, as
demonstrated on the ASAN and ISIC-2018 datasets. These results lay the groundwork
for demographically fair model design in high-stakes medical applications.

Collectively, these contributions advance the field of imbalanced learning by offering
scalable, practical solutions grounded in theoretical insight and empirical validation.
This thesis provides a comprehensive toolkit for researchers and practitioners con-
fronting the challenges of subpopulation shift, integrating principled data synthesis,
loss rebalancing, and fairness constraints. It pushes the frontiers of robust, fair, and
generalizable deep learning, particularly in domains where class rarity and demographic
underrepresentation have tangible real-world consequences.
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Chapter

Introduction

Synopsis

This introductory chapter frames the central challenge of subpopulation shift in machine
learning (ML), a structured form of distributional shift that leads to uneven model per-
formance across data subgroups, especially in high-stakes domains like healthcare. The
chapter begins by defining subpopulation shift and illustrating its manifestations se-
mantic, attribute, and class prior shifts followed by a taxonomy of four main types:
spurious correlation, class imbalance, attribute imbalance, and attribute generalization.
It then outlines the specific problem settings addressed in this thesis, focusing on class
imbalance (in both tabular and long-tailed domains) and attribute generalization, par-
ticularly in fairness-critical settings. The subsequent sections discuss the foundations
and motivation behind class imbalance, including its unique challenges in tabular data
and deep learning, and elaborate on long-tailed learning as a severe, structured variant
of class imbalance. Strategies ranging from sampling and reweighting to augmentation
and representation learning are reviewed, along with the limitations that motivate the
thesis contributions. The chapter further explores attribute generalization and fairness,
with a focus on skin tone disparities in dermatological imaging. Finally, the chapter

summarizes the core contributions of each thesis chapter.

1.1 Subpopulation Shift: The Central Challenge

The rapid integration of machine learning (ML) systems into high-stakes decision-making pipelines
such as healthcare diagnostics (Ahsan et al., 2022), judicial risk assessments (Berk and Elzarka,
2020), algorithmic trading (Bhuiyan et al., 2025), loan approval systems (Nwafor et al., 2024), and
autonomous vehicle control (Emory et al., 2022) has raised pressing concerns about their reliability,
equity, and generalizability. While these models often demonstrate impressive overall performance
metrics during validation and benchmarking, such metrics can mask a deeper systemic issue: a
marked performance disparity across subpopulations. This disparity arises from a subtle

yet pervasive phenomenon known as subpopulation shift a structured form of distributional shift
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where the joint or marginal distributions of data subgroups encountered during deployment differ
significantly from those seen during training (Figure 1.1, 1.5). In particular, some subpopulations
defined by combinations of class labels, attributes, or latent factors such as demographic identifiers,
background cues, or context-specific features are either sparsely represented or entirely absent in the
training data. Consequently, ML models optimized for global accuracy may inadvertently overfit to
majority patterns, while failing to generalize to underrepresented or rare subgroups. The result is
a dangerous illusion of competence: models may exhibit high average accuracy yet simultaneously
perform poorly sometimes catastrophically on critical minority cases. This failure mode not only
degrades predictive performance but also poses severe ethical and societal risks by exacerbating
inequities, undermining user trust, and violating principles of fairness and robustness that are

fundamental to responsible Al deployment.

—— Skin Tone ——>

<«—— Sex

Figure 1.1: Tllustration of subpopulation shift where underrepresented attribute combinations (e.g.,
young males, makeup on pale skin) pose significant generalization challenges for learning algorithms.
The examples are sampled from the CelebA (Liu et al., 2015) dataset and showcase how specific
intersections of class labels and attributes such as age, gender, makeup usage, and skin tone proxies
may be underrepresented during training, leading to biased or inconsistent performance in real-
world settings.

1.1.1 What is Subpopulation Shift?

Subpopulation shift refers to a structured form of distribution shift where the proportions or charac-
teristics of distinct data subgroups differ between the training and deployment environments. Unlike
traditional notions of distribution shift where global covariate or label shifts are considered subpop-
ulation shift focuses on changes at the granularity of subgroups, which are defined by combinations
of labels and attributes (e.g., class—gender pairs, class—background pairs, or class—demographic
pairs). Despite achieving high average performance, machine learning (ML) models frequently
fail to maintain consistent behavior across these subpopulations, often underperforming on the

underrepresented or previously unseen ones (Yang et al., 2023).
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Formally, let z € X denote input features, y € ) the class labels, and a € A the auxiliary
attributes (such as gender, race, background, or context). These elements collectively define a
subgroup g € G through a mapping h : A x Y — G. The training distribution is expressed as a

mixture over group-specific distributions:

P, src — Z C“gP g
9eg
where a4 denotes the mixing proportion of group g in the training data. At test time, the model

encounters a potentially shifted distribution:

Ptar = Zﬁgpm

geg

where the proportions 3, deviate from those seen in training. Importantly, while the conditional
distributions P, may remain fixed, the shift in mixing proportions (ay # ,) can dramatically alter
subgroup performance, especially when models overly rely on features that are correlated with
specific groups.

To analyze this shift, Yang et al. (Yang et al., 2023) propose a structured factorization of
the classification model via Bayes’ theorem. Let x.oe be the invariant, label-defining core features
of x (e.g., shape of a bird or structure of a lesion), and a represent the contextual or spurious

attributes. The posterior P(y|x) can be decomposed as:

P(xcore|y) . P(a’yaxcore) )
P(xcore) P(a’l'core)
Semantic Shift Attribute Shift

P(y) i (1.1)
——
Class Prior Shift

Pylz) =

This decomposition reveals the three critical axes along which subpopulation shift can manifest:

1. Semantic Shift (Pointwise Mutual Information): The core distribution P(Zcore|y) may
differ across environments if the semantic content is non-invariant. However, in many scenar-
ios, this component is assumed stable, allowing us to focus on the remaining two components.

2. Attribute Shift: Even if z.. remains fixed, the distribution of attributes a given the core
and the label, P(aly,Zcore), may vary. When P(aly, Zcore) > P(a|ZTcore), the model may
mistakenly associate a with y, resulting in spurious correlations that fail under shift.

3. Class Prior Shift: The marginal class distribution P(y) may be skewed, particularly in
long-tailed datasets. This imbalance biases the model towards majority classes, worsening

performance on the tail.

The attribute term can further be decomposed under a conditional independence assumption
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as:
P(a’yvxcore) _ P(%‘\?/ﬁeom)

P(a’xcore) B P P(ai‘mcore) ’
enabling fine-grained analysis of which attributes contribute most to shift.

This framework explains a variety of real-world phenomena:

e In medical imaging, attributes such as skin tone or lighting may dominate predictions despite
being irrelevant to the diagnosis.

e In natural image classification, background features (e.g., “water” for waterbirds) may corre-
late with class labels in training but not deployment.

e In textual classification, dialectal variations (e.g., African-American English) can lead to

model bias due to attribute imbalance.

Subpopulation shift thus encapsulates not a single failure mode, but a spectrum of nuanced
and overlapping biases. The strength of this decomposition lies in its ability to attribute prediction
error to the origin of distributional misalignment, guiding the development of robust and equitable
ML systems. Figure 1.2 illustrates the contrast between the classic i.i.d. assumption where sub-
populations are evenly represented in both training and test data and real-world subpopulation
shift scenarios. These shifts introduce distributional mismatches in attribute-label combinations,
including spurious correlations, attribute or class imbalance, and missing subgroups, all of which
are discussed in detail in the next section. As a result, models trained under traditional assump-
tions may experience significant generalization failures on underrepresented or unseen subgroups,

leading to uneven performance across populations.

1.1.2 Main Types of Subpopulation Shifts

Subpopulation shift is not a monolithic phenomenon. Instead, it manifests through a spectrum
of interacting factors that distort the joint distribution of features, labels, and attributes between
training and deployment settings. Based on recent literature (Yang et al., 2023), as well as the
empirical patterns observed in real-world datasets, four principal types of subpopulation shifts
exists: spurious correlation, class imbalance, attribute imbalance, and attribute generalization.

These are visually represented in Figure 1.3a.

1. Spurious Correlation: Spurious correlations refer to non-causal associations between fea-
tures and target labels that emerge in the training data due to confounding factors or environ-
mental artifacts. These correlations may offer strong predictive signals during training but do
not hold under distribution shift. For example, a model trained to classify birds might learn

“water background” with “waterbirds” simply because most training images of

to associate
waterbirds appear on water. If a waterbird appears on land at test time, the model fails.
This form of shortcut learning undermines the model’s ability to generalize and can lead to

brittle predictions when environmental conditions change.
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Figure 1.2: Illustrating the contrast between classic classification settings and subpopulation shift.
While traditional modeling assumes uniform subgroup-class representation across training and test
data, subpopulation shift introduces mismatches in attribute and label distributions, leading to
unseen or underrepresented combinations at test time and performance disparities across subgroups.

2. Class Imbalance Learning: Class imbalance occurs when the frequency distribution of
labels is skewed some classes (often referred to as head classes) have many instances, while
others (tail classes) are underrepresented. This imbalance biases learning algorithms toward
the majority classes, as the optimization objective (e.g., cross-entropy loss) is disproportion-
ately influenced by frequent classes. Consequently, the model achieves high overall accuracy
but performs poorly on minority classes. This problem is particularly exacerbated in long-
tailed learning settings, where the number of tail classes is large, and each has very few
samples.

3. Attribute Imbalance: Beyond label distributions, imbalance can also arise from features
or attributes correlated with the labels. Attribute imbalance refers to cases where certain
attribute values or combinations (e.g., gender, age, skin tone) are disproportionately repre-
sented in the dataset. For example, if most images of a specific disease show male patients
with lighter skin tones, the model may implicitly learn to associate those attributes with the
disease. When presented with female patients or darker skin tones, the model’s performance
may degrade due to lack of representation during training. This kind of imbalance often leads
to biased and unfair decision-making across demographic groups.

4. Attribute Generalization: Attribute generalization captures the model’s ability to apply
learned representations to novel combinations of attributes not seen during training. This is

particularly relevant in tasks where attribute-label pairs are sparse or combinatorially large.
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Spurious
Correlations

Attribute Imbalance Class Imbalance Attribute Generalization

Class Attribute
2 Imbalance Generalization

Siurious Correlation
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? Attribute
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(a) Taxonomy of subpopulation shifts. Each quadrant represents (b) Cases arising from intersections of
a distinct but often overlapping mode of data distribution mis- subpopulation shift types. Each com-
alignment that can impair model performance across subgroups. ponent corresponds to a distinct failure

mode requiring targeted intervention.
Figure 1.3: Taxonomy of subpopulation shifts and cases arising from their intersections.

A model with poor attribute generalization may overfit to specific training patterns and fail
to correctly classify inputs from unseen attribute configurations. For example, in a facial
recognition task, if the training data only includes images of young males wearing glasses,
the model might not generalize to older females with glasses. Ensuring robust generalization
requires not only feature-level disentanglement but also diverse and balanced data composi-

tion.

These four shift categories are not mutually exclusive. In fact, they frequently co-occur and interact
in real-world settings (as shown in Figure 1.3b), amplifying model vulnerabilities. For instance, a
class imbalance setting may also involve spurious background features that vary across demographic
groups, or unseen attribute combinations during testing. Hence, a holistic understanding of these

subpopulation shift types is crucial for designing robust and fair ML models.

1.1.3 Shifts Addressed in This Thesis

Within the broader taxonomy of subpopulation shift as discussed above, our research is focused
on addressing a subset of challenges that are particularly prevalent and consequential in practical
machine learning systems. These include class imbalance learning (both in tabular and long-tailed

settings), and the challenge of attribute generalization.

The specific challenges tackled in this thesis are as follows:

1. Class Imbalance Learning: A persistent issue across many real-world datasets is the
unequal representation of classes, leading to biased learning dynamics that favor the majority
classes. We address this from two complementary perspectives:

e Tabular Data Imbalance: Many practical applications such as credit scoring, medical
diagnosis, and fraud detection rely on structured tabular data, which frequently suffers

from severe class imbalance. We propose novel sampling and distribution modeling
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techniques to enhance minority class representation.

e Long-Tailed Imbalance: In vision tasks, data often follows a long-tailed distribu-
tion where a few head classes dominate and many tail classes have scarce data. We
design learning strategies that balance feature learning and classifier bias to improve
generalization across the entire class spectrum, with a special emphasis on maintaining

performance on rare classes.

2. Attribute Generalization: Subpopulations can differ along dimensions of demographic
attributes, environmental conditions, or feature contexts. A key challenge is enabling the
model to generalize beyond the attribute configurations seen during training. This is critical
in applications where new attribute combinations appear at inference time (e.g., presence
of skin tones in the test which is not present in the training set in medical skin diagnosis
dataset). We address this by learning disentangled and transferable representations that are
robust across attribute shifts, allowing for better generalization across unseen or rare sub-
groups. Importantly, this capability is closely tied to fairness models that fail to generalize
to underrepresented attribute combinations often exhibit biased performance, disproportion-
ately affecting marginalized or rare subpopulations. By improving attribute generalization,

we also promote equitable treatment across demographic variations.

In summary, the thesis systematically addresses the data, model, and representation-level
factors contributing to performance degradation under subpopulation shift. By tackling class im-
balance, and enhancing attribute generalization, our goal is to build deep learning systems that are
not only accurate but also resilient, fair, and deployable in real-world heterogeneous environments.
In the following sections, we will discuss class imbalance and attribute generalization subpopulation

shifts in existing literature, and also give the overview of the algorithms proposed in this thesis.

1.2 Class Imbalance: Background and Motivation

Class imbalance is a pervasive challenge in machine learning that significantly affects model per-
formance, generalization, and fairness. This issue arises when certain classes are overrepresented
while others appear infrequently, resulting in skewed learning dynamics. In traditional machine
learning applications particularly with tabular data such as in credit scoring, fraud detection, or
medical diagnostics imbalanced class distributions are common and have prompted the develop-
ment of techniques like resampling, cost-sensitive learning, and ensemble strategies to rebalance the
data. With the rise of deep learning, the problem of class imbalance has taken on new dimensions,
particularly in high-dimensional data such as images. Unlike tabular models that rely on explicit
feature engineering, deep networks learn representations directly from data, and hence are more
vulnerable to skewed distributions. In vision-based tasks, this often results in biased feature extrac-

tors and decision boundaries that favor majority classes, especially when the imbalance is severe.
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This vulnerability becomes especially pronounced in long-tailed learning a setting where class
frequencies follow a power-law distribution, with a small number of “head” classes dominating the
dataset and a large number of “tail” classes having very few samples. Unlike standard imbalance
settings that involve a few minority classes, long-tailed scenarios present deeper representational
and optimization challenges, including poor generalization to rare classes, overfitting to head-class

patterns, and degraded performance in medium-frequency regimes.

To systematically address these challenges, we begin with the study of class imbalance in
structured tabular datasets and progressively transition to long-tailed recognition in deep learning.
In the subsections that follow, we provide a detailed discussion of these different paradigms namely,
Class Imbalance in Tabular Data, Class Imbalance in Deep Learning, Understanding Long-Tailed
Distributions, and Long-Tailed Learning in Deep Networks which together lay the foundation for

our proposed solutions.

1.2.1 Class Imbalance in Tabular Data

Building on the broader motivation established in the previous section, we now turn our attention
to the specific context of class imbalance in tabular datasets. Unlike high-dimensional data such
as images or text, tabular datasets characterized by structured, columnar representations pose
distinct challenges and opportunities for imbalance handling. In such settings, conventional learning
algorithms are particularly prone to biasing toward the majority class due to uniform loss weighting

and instance-driven optimization.

This subsection surveys key algorithmic strategies designed to mitigate class imbalance in
tabular data, with a primary focus on oversampling techniques that synthetically augment the
minority class. We begin with foundational methods such as SMOTE and its direct extensions,
followed by more recent clustering-based and adaptive sampling approaches that aim to better cap-
ture the underlying data distribution. These methods vary in their assumptions, sampling strate-
gies, and robustness to noise, making their comparative analysis critical for practical deployment.
We conclude the subsection by motivating our proposed distributionally calibrated oversampling

method, which builds on these foundations to address their limitations in complex tabular settings.

Among the earliest and most impactful solutions for this problem are oversampling methods,
particularly those based on synthetic data generation. One of the most influential of these is the
Synthetic Minority Over-sampling Technique (SMOTE), introduced by (Chawla et al., 2002a).
SMOTE generates new synthetic samples by interpolating between existing minority class examples
and their nearest neighbors. While this reduces overfitting compared to simple replication, it can
still lead to noisy or less-informative samples, particularly when synthetic points are generated far

from the true decision boundary.

To address these limitations, several enhancements to SMOTE have been proposed. Borderline-

SMOTE (Han et al., 2005a) focuses on samples near the class boundary, aiming to generate more
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decision-relevant examples. Distance SMOTE (de la Calleja and Fuentes, 2007) modifies the in-
terpolation strategy by leveraging the mean vector of the nearest neighbors, thereby improving
representational fidelity. ADASYN (He et al., 2008) further adapts the sampling strategy by gen-
erating more synthetic points in harder-to-learn regions. Another variant, SVM-SMOTE (Nguyen
et al., 2011), integrates Support Vector Machines to guide the interpolation process toward the

classifier’s margin.

More recently, clustering-based oversampling approaches have gained prominence. These
methods leverage the underlying structure of the minority class by organizing instances into clusters
and generating synthetic data accordingly. Two general strategies exist: (i) clustering applied to

only the minority class, and (ii) clustering applied to the entire dataset.

In the first category, ClusterSMOTE (Cieslak et al., 2006) applies clustering to the minor-
ity class and oversamples within each cluster. However, it requires prior knowledge of the number
of clusters and the number of samples to generate. DBSMOTE (Bunkhumpornpat et al., 2012),
based on the DBSCAN algorithm (Ester et al., 1996), constructs clusters and uses graph-based
path computation (Dijkstra’s algorithm) to guide sample generation. CURE-SMOTE (Ma and
Fan, 2017) applies the CURE hierarchical clustering algorithm to identify representative minority
samples but risks discarding valuable boundary instances. SOICJ (Sanchez et al., 2013) esti-
mates local standard deviations to generate jittered synthetic samples, improving fidelity but still

neglecting global data distribution.

In the second category, oversampling is performed after clustering the entire data space.
Kmeans SMOTE (Xu et al., 2021) uses K-means clustering to exclude noisy minority-dominated
clusters and applies SMOTE in relevant clusters. MSMOTE (Ghorab et al., 2022) builds on
MeanShift clustering (Comaniciu and Meer, 2002) to locate high-density regions and generates
samples accordingly. CE-SMOTE (Chen et al., 2010) utilizes cluster ensembles to identify boundary
regions for targeted oversampling. MWMOTE (Barua et al., 2012), on the other hand, assigns
weights to minority instances based on proximity to majority-class neighbors before generating

samples via SMOTE; however, it may over-filter noisy instances, leading to information loss.

Despite the progress made by these techniques, several limitations remain. Many of the
aforementioned methods either overfit to sparse regions, generate samples that do not reflect the
true minority distribution, or fail to consider the interaction with majority-class data points. Ad-
ditionally, clustering-based approaches often rely on heuristics or hyperparameters (e.g., number of

clusters), which can reduce robustness across datasets.
A summary of the notable methods discussed above is provided in Table 1.1.

To overcome these limitations, our proposed method (Ansari et al., 2023) introduces a
distributionally-aware oversampling technique that calibrates synthetic generation based on neigh-

borhood statistics and class-conditional densities. This allows for more faithful sample generation



CHAPTER 1 | Introduction

Table 1.1: Summary of some Notable Oversampling Methods for Tabular Class Imbalance

Method

Core Idea

SMOTE (Chawla et al., 2002a)

Interpolates between minority instances and nearest
neighbors

Borderline-SMOTE (Han et al., 2005a)

Focuses on borderline instances to create samples
near the decision boundary

Distance SMOTE (de la Calleja and
Fuentes, 2007)

Uses mean of neighbors for smoother sample gener-
ation

ADASYN (He et al., 2008)

Adaptive generation of samples in difficult regions

SVM-SMOTE (Nguyen et al., 2011)

Uses SVM margins to guide sample generation

ClusterSMOTE (Cieslak et al., 2006)

Clusters minority class, oversamples within clusters

DBSMOTE (Bunkhumpornpat et al.,
2012), (Ester et al., 1996)

DBSCAN-based clustering, shortest-path interpola-
tion

CURE-SMOTE (Ma and Fan, 2017)

Uses CURE clustering to select core samples

SOICJ (Sanchez et al., 2013)

Uses local and global variance to jitter synthetic
points

Kmeans SMOTE (Xu et al., 2021)

Clusters entire data using K-means, filters noisy clus-
ters

MSMOTE (Ghorab et al., 2022), (Co-
maniciu and Meer, 2002)

MeanShift clustering to identify dense regions

CE-SMOTE (Chen et al., 2010)

Uses cluster ensembles to detect boundaries

MWMOTE (Barua et al., 2012)

Weighs minority points by majority proximity

in tabular settings, improving both classification performance and minority class representation.
A detailed formulation and evaluation of this method will be presented in the subsequent chapter

dedicated to tabular class imbalance learning.

1.2.2 Class Imbalance in Deep Learning

Having established the broader challenge of class imbalance across tabular dataset, we now focus
on methods developed specifically for deep learning, where the complexity and high dimensionality
of the data demand novel solutions. Unlike classical machine learning on tabular data, deep neural
networks learn internal representations from raw data and are particularly sensitive to skewed
class distributions. Consequently, imbalance in deep learning introduces challenges not only at the
label level but also in the learned feature space, often resulting in biased representations and poor

generalization to minority classes.

Among the prominent strategies to mitigate class imbalance in deep learning is the use
of deep generative models for oversampling. These models aim to synthesize realistic data
points in either the original input space or a learned latent space. Popular architectures such as
the Variational Autoencoder (VAE) (Kingma and Welling, 2013) and the Generative Adversarial
Network (GAN) (Goodfellow et al., 2014) have been widely adopted in this context. However,
VAEs often struggle with generating detailed, high-fidelity samples, due to the limitations of the

evidence lower bound (ELBO) objective, which often leads to blurred outputs in sparse data regions
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Bredell et al. (2023). Similarly, GANs suffer from mode collapse and training instability when the

discriminator easily overpowers the generator on underrepresented classes Bredell et al. (2023).

To improve upon this, Guo et al. (Guo et al., 2019) proposed modeling the latent repre-
sentation using two Gaussian distributions with opposing means, tailored for binary classification.
However, this approach does not generalize to multiclass imbalance scenarios. Conditional GANs
(cGANs) (Gauthier, 2014) extend GANs to generate class-specific minority samples, yet they can
suffer from feature entanglement and disruption of orientation-sensitive information due to the ran-
domness in noise vectors. To mitigate this, BAGAN (Mariani et al., 2018) introduced a two-stage
framework that first uses an Autoencoder (AE) to capture global structure, followed by a cGAN

to generate samples in the latent space.

These models typically follow a two-step procedure: one module generates synthetic data,
and another separately trains a classifier. This separation may result in a distributional mismatch
between synthetic and real data. Addressing this, the Generative Adversarial Minority Oversam-
pling (GAMO) method (Mullick et al., 2019) proposed a three-player adversarial game involving a
convex generator, a classifier, and a discriminator, ensuring that new samples lie within the convex
hull of minority class samples. Similarly, Arnab et al. (Mondal et al., 2023) proposed training a
regularized autoencoder followed by synthetic data generation via convex combinations of latent
vectors from minority samples. However, both methods rely on aggregating all feature vectors to

generate even a single sample, reducing flexibility and scalability.

To address these limitations, DeepSMOTE (Dablain et al., 2021) was introduced. It employs
an autoencoder trained with reconstruction and permutation losses to preserve class information in
the latent space. Minority samples are then oversampled using the classical SMOTE algorithm in
the encoded space. While more efficient, this method still does not explicitly consider the underlying

data distribution in the sample space.

To explicitly address the distributional characteristics of class imbalance, Wang et al. pro-
posed Deep Generative Classification (DGC) (Wang et al., 2020), which combines Bayesian infer-
ence with a mixture-model-based generator to synthesize class-conditional samples. This frame-
work captures the complexity of both majority and minority class distributions and incorporates
a discriminator to estimate class priors. This approach was later extended in DCGMM (Wang
et al., 2022b), which integrates Gaussian mixture modeling in the latent space for improved class

separation and sample fidelity.

A summary of the notable methods discussed above is provided in Table 1.2.

While these methods offer promising solutions to class imbalance in deep learning, they
suffer from several key drawbacks. Many of them rely on decoupled generation and classification
stages, which can lead to distributional mismatches between synthetic and real samples. Others

require access to the entire class-wise sample set during generation, limiting their scalability and
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Table 1.2: Summary of Notable Deep Learning-Based Imbalance Methods

Method Core Idea

VAE (Kingma and Welling, 2013) Latent generative modeling for sample synthesis

GAN (Goodfellow et al., 2014) Adversarial generation of realistic samples

Discriminative VAE (Guo et al., 2019) Latent modeling with opposite Gaussian priors (bi-
nary)

c¢GAN (Gauthier, 2014) Class-conditional sample generation using GANs

BAGAN (Mariani et al., 2018) Combines AE and ¢cGAN for minority class genera-
tion

GAMO (Mullick et al., 2019) Three-player game using convex generator for minor-
ity oversampling

Latent Mixing Convex combination of autoencoder latent codes

DeepSMOTE (Dablain et al., 2021) SMOTE in latent space of autoencoder with permu-
tation loss

DGC (Wang et al., 2020) Bayesian inference and generative mixture modeling

DCGMM (Wang et al., 2022b) Extension of DGC using Gaussian mixture models

adaptability in more complex settings. Moreover, most of these approaches lack explicit modeling

of the underlying sample-space density, resulting in less representative or redundant synthetic data.

Crucially, these methods are typically designed for binary or few-class imbalance scenarios
and do not generalize well to long-tailed distributions. In such settings, assumptions like representa-
tive minority clusters or sufficient latent coverage often break down, leading to poor generalization
and collapsed decision boundaries for rare classes. These limitations underscore the need for spe-
cialized strategies that can model inter-class relationships, account for severe sample sparsity, and

ensure fair performance across the tail of the distribution.

1.2.3 Understanding Long-Tailed Distributions

The concept of long-tailed distributions represents a particularly severe and practically pervasive
instance of class imbalance, where the class frequency follows a heavy-tailed or power-law distribu-
tion (as shown in Figure 1.4, the HyperKvasir dataset exhibits a long-tailed class distribution with
severe imbalance across multiple gastrointestinal conditions, while the EyePACS dataset represents
a normal imbalance scenario with fewer diabetic retinopathy classes and relatively milder skew.).
This section explores the formal characteristics that distinguish long-tailed learning from generic

class imbalance and contextualizes it within the broader framework of subpopulation shift.

Definition and Motivation. In standard multiclass classification, class imbalance refers to sce-
narios where some classes (majority or head classes) are significantly overrepresented compared
to others (minority or tail classes). Long-tailed learning (LTL) extends this imbalance to a more

extreme and structured regime, where the class frequency n. for each class ¢ € C = {1,2,...,C}
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Figure 1.4: Illustration of long-tailed distribution in real-world medical datasets. The EyePACS
dataset (Dugas et al., 2015) (bottom) shows an extreme imbalance across diabetic retinopathy
severity levels, with a predominance of “No DR” cases. Similarly, the HyperKvasir (Borgli et al.,
2020) dataset (top) demonstrates a skewed distribution across gastrointestinal conditions, reflecting
the long-tailed nature of diagnostic categories in clinical imaging.

satisfies a power-law decay (Zhang et al., 2025):
nexc %, a>0, (1.2)

such that a few classes dominate the sample space while a large number of classes (the “tail”)
have very limited examples. A long-tailed distribution is characterized not merely by a difference
in instance counts between two classes, but by a continuous, skewed decay across the entire label
spectrum where the 'head’ (few classes with high frequency) contains the majority of samples,
while the ’tail’ (majority of classes) contains a small fraction of the total data. This distribution is
common in real-world settings such as ecological recognition, rare disease classification, or product
recommendation, where head classes provide strong gradient signals while tail classes are crucial

for generalization and fairness (Zhang et al., 2025).

Mathematical Formulation. Let the input-label pair (x,y) be sampled from a distribution
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P(z,y), and denote P(y = ¢) = p. as the class prior for class c. In a long-tailed distribution, the
priors {p.} are highly skewed such that:

DPe;

de;, ¢j € C, such that
pCj

> 1. (1.3)

Unlike balanced settings where P(y = ¢) =~ %, long-tailed scenarios present priors where

> pe> ) pe (1.4)

c€head cetail

and yet the tail may comprise the majority of the class set: |tail| > |head|.

Contrast with Generic Class Imbalance. While both generic imbalance and long-tailed learn-

ing involve skewed class distributions, their statistical and algorithmic challenges differ:

e Class Imbalance typically involves a small number of minority classes (often binary or few-
class problems), where resampling or reweighting methods (e.g., SMOTE, Focal Loss) can be
effective.

e Long-Tailed Learning involves a large number of tail classes, each with extremely few
examples. This leads to:

1. Sparse tail-class representations, limiting feature learning.
2. Inconsistent decision boundaries, due to insufficient intra-class variance modeling.
3. Overfitting to head classes, driven by biased optimization trajectories under empir-

ical risk minimization.

Subpopulation Shift Perspective. Following the formulation in (Yang et al., 2023), let each data

point be defined by a tuple (z,y, a), where x is the input, y is the label, and a is an auxiliary attribute

(e.g., demographic group, domain context). Then the classification model can be decomposed via

Bayes’ theorem (as already defined in 1.1):

P(yla) o¢ Plawonly) - Dodifeore) - py) (15)
NI (a]zcore)

semantic shift “——~———""class prior shift
attribute shift

In long-tailed settings, the final term P(y) is highly imbalanced and forms the class prior shift,
a dominant component of the subpopulation shift. Importantly, when combined with attribute
imbalance (e.g., some class—attribute pairs are never seen), long-tailed learning becomes even more

challenging due to sparse coverage in the joint (a,y) space.

Implications for Model Learning. Long-tailed learning induces both statistical and optimiza-
tion challenges. The head classes dominate gradient updates, causing feature extractors and clas-

sifiers to align with majority patterns. Meanwhile, tail classes may either be ignored or clustered
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ambiguously, leading to:

E(J},y)~head[£(f(£)7 y)] < E(az,y)Ntail [g(f(l'), y)]? (16)

where { is the classification loss. This leads to high overall accuracy but low fairness or robustness

acCross subgroups.

We build on this understanding to first discuss the existing LTL methods in the literature
and further also summarize our developed proposed methods, which aims to learn distribution-
aware and transferable representations for rare classes. In the next subsection, we present the

formulation and challenges of deep learning under such long-tailed regimes.

1.2.4 Long-Tailed Imbalance in Deep Learning

Having introduced the general concept of long-tailed distributions and their critical role in sub-
population shift scenarios, this subsection delves into the specific techniques developed to address
long-tailed recognition (LTR) in deep learning. The severe skew in class frequencies where a small
number of head classes dominate and a large number of tail classes are sparsely represented presents
both algorithmic and representational challenges that are not adequately handled by standard train-
ing procedures. This has motivated a broad spectrum of methods aiming to restore balance through
resampling, reweighting, augmentation, architecture modification, and optimization strategies. In
what follows, we outline and categorize these efforts based on their methodological axes.

Data Resampling. Classical approaches such as undersampling (He and Garcia, 2009; Japkowicz
and Stephen, 2002a; Van Hulse et al., 2007a) and oversampling (Van Hulse et al., 2007a; Mondal
et al., 2024a) remain foundational. Undersampling reduces majority class samples to match the
minority distribution, often at the cost of discarding useful data. Oversampling, conversely, involves
sample duplication.

Loss Reweighting and Logit Adjustment. Another category modifies the loss landscape by
emphasizing minority classes. Techniques include direct instance-level or class-aware reweighting
(Huang et al., 2016a; Wang et al., 2017), balanced softmax (Ren et al., 2020b), and class-balanced
loss (Cui et al., 2019b). Li et al. (Li et al., 2022¢) further proposed perturbing logits via Gaussian
noise to alleviate representation collapse in tail classes.

Data Augmentation. Augmentation-based solutions generate diversity for underrepresented
classes through transformations or blending. These include traditional geometric augmentations,
Implicit Semantic Data Augmentation (ISDA) (Wang et al., 2019a) that uses semantic covariance-
based augmentation, and Mixup strategies (Zhang et al., 2017b; Chou et al., 2020; Yun et al.,
2019a). More recent works such as MetaSAug (Li et al., 2021) and the use of context-guided aug-
mentations in CSA (Shi et al., 2023) attempt to overcome limitations of naive sample mixing. Park

et al. (Park et al., 2022) introduce majority class backgrounds to augment minority foregrounds,
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while DODA (Wang et al., 2024) dynamically learns class-wise augmentation preferences to balance
both data-wise and augmentation-wise disparities.

Contrastive and Representation Learning. Contrastive learning methods focus on improving
representation uniformity. Wang et al. (Wang et al., 2021a) combine supervised contrastive objec-
tives with classification loss, whereas Li et al. (Li et al., 2022¢) regularize feature space uniformity
to better represent tail classes. BBN (Zhou et al., 2020) and ResLT (Cui et al., 2022) employ
multi-branch architectures trained under varying distributions (e.g., reverse samplers) to mitigate
feature bias. A related stream includes CDBNF (Fan et al., 2022) and Bi-F3R (Chen et al., 2023),
which simultaneously emphasize tail class learning while pruning redundant head features.
Two-Stage and Decoupled Learning. Inspired by the observation that joint optimization of
feature extractors and classifiers can be suboptimal under imbalance, Kang et al. (Kang et al.,
2020) propose a decoupled two-stage framework. The backbone is trained on uniformly sampled
data, and the classifier is fine-tuned on balanced samples. Later extensions include the integration
of mixup into this paradigm (Zhou et al., 2020).

Ensemble and Multi-Expert Methods. Approaches like RIDE (Wang et al., 2021b) and
BalPoE (Aimar et al., 2023b) frame LTR as a multi-expert or mixture-of-experts problem. These
models either route samples through expert branches or calibrate expert logits to different class
regions. While effective, they introduce significant computational costs and require access to accu-
rate class priors.

Calibration and Misconfidence Handling. In long-tailed distributions, classifier confidence
is often misaligned with actual prediction accuracy. Zhong et al. (hong et al., 2021) address this
by combining shifted batch normalization with label-aware smoothing and Mixup. These adjust-
ments aim to reduce head-class overconfidence and provide better-calibrated predictions. Method
Combinations and Strategy Fusion. Zhao et al. (Zhao et al., 2024) present a holistic approach
through Multi-Objective Optimization-based Strategy Fusion (MOOSF), combining various tech-
niques into an optimized fusion policy. While unifying, such systems often inherit the complexity
of their components and may become hard to scale.

Cross-Domain Extensions. The scope of LTR has recently extended beyond vision tasks. Im-
bGNN (Xu et al., 2024a) tackles structural imbalance in graph learning, while Kandpal et al.
(Kandpal et al., 2023) examine the limitations of large language models in handling infrequent
patterns, showing that retrieval augmentation may help mitigate long-tail failure modes in NLP.
A summary of the notable methods discussed above is provided in Table 1.3. Moreover, more

detailed literature reviews of these methods along with a discussion of their limitations are provided
in Chapters 3 and 4.

Limitations and Motivation for Our Approach. Despite the broad landscape of methods

discussed above, several persistent limitations remain. Many approaches struggle to jointly address



1.2 | Class Imbalance: Background and Motivation

17

Table 1.3: Summary of Deep Learning-Based Long-Tailed Imbalance Methods

Method / Class

Core Idea

Resampling

Undersampling (He and Garcia, 2009; Japkowicz and
Stephen, 2002a), Oversampling (Van Hulse et al.,
2007a)

Reweighting / Logit Adjust.

Balanced Softmax (Ren et al., 2020b), Class Bal-
anced Loss (Cui et al., 2019b), Gaussian Logit Per-
turbation (Li et al., 2022c)

Augmentation

ISDA (Wang et al., 2019a), MetaSAug (Li et al.,
2021), Mixup / Remix / CutMix (Zhang et al.,
2017b; Chou et al., 2020; Yun et al., 2019a), CSA
(Shi et al., 2023), DODA (Wang et al., 2024)

Representation Learning and Dual
Branch Networks

Contrastive Learning (Wang et al., 202la),
Uniformity-aware Loss (Li et al., 2022¢), BBN
(Zhou et al., 2020), ResLT (Cui et al., 2022),
CDBNF (Fan et al., 2022), Bi-F3R (Chen et al.,
2023)

Decoupled Learning

Two-Stage Training (Kang et al., 2020), Decoupled
Mixup (Zhou et al., 2020)

Ensemble / Expert Models

RIDE (Wang et al., 2021b), BalPoE (Aimar et al.,
2023h)

Calibration

Mixup with Label Smoothing and BatchNorm (hong
et al., 2021)

Strategy Fusion

MOOSF (Zhao et al., 2024)

Cross-Domain Extensions

ImbGNN (Xu et al., 2024a), Retrieval-Augmented

LLMs (Kandpal et al., 2023)

class imbalance and representational collapse, particularly under extreme data sparsity. Resam-
pling methods may distort data distributions, reweighting often induces instability, augmentation
strategies can create new forms of imbalance, and ensemble-based or multi-expert frameworks typi-
cally incur high computational overhead. Moreover, contrastive learning techniques face difficulties

in maintaining uniformity and discriminability in the feature space for underrepresented classes.

To overcome these challenges, we proposes a unified, efficient, and theoretically grounded
framework spread across two contributions presented in (?) and (Ansari et al., 2025). (?) in-
troduces STTP-Net, a dual-expert architecture trained using Hybrid-Mizup and class-frequency-
driven sampling to simultaneously address head, medium, and tail class imbalance. Additionally,
the Effective Balanced Softmax (EBS) loss dynamically reweights logits based on class priors to re-
duce classifier bias.(Ansari et al., 2025) advances this further by addressing the challenge of bound-
ary fidelity through the Goldilocks Principle. It proposes a single-stage pipeline integrating (i)
Dual-Branch Sampler-Guided Mixup (DBSGM) to enforce class-aware interpolations across
the class spectrum and (ii) Adaptive Class-Aware Feature Regularizer (ACFR) driven by
Temperature-Adaptive Supervised Contrastive Loss (TASCL) that balances intra-class cohesion and

inter-class separation. This holistic design not only mitigates overfitting to head classes but also
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fosters discriminative yet generalizable representations for tail classes.

More detailed discussions, design rationales, and empirical evaluations of the proposed meth-

ods are provided in Chapters 3 and 4.
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Figure 1.5: Visualization of subpopulation shift across skin tone domains using dermoscopic images
from the ISIC-18 (Tschandl et al., 2018) and ASAN (Han et al., 2018) datasets. While both datasets
share a set of common lesion classes (e.g., melanocytic nevus, melanoma, actinic keratosis), they
differ significantly in the distribution of skin tones ISIC-18 predominantly features patients with
lighter (Fitzpatrick I-II) skin, whereas ASAN includes images primarily from individuals with
darker skin tones. This domain gap introduces attribute-based distribution shifts, which challenge
model robustness and fairness, especially in cross-dataset generalization scenarios.

1.3 Attribute Generalization and Fairness

Machine learning models must often handle attribute shifts — changes in demographic traits, envi-
ronmental conditions, or context features between training and deployment. Domain-generalization
theory shows that learning invariant feature representations can improve out-of-distribution perfor-
mance. In fact, if the model’s features remain invariant across domains, they are provably “general
and transferable” to new domains (Wang et al., 2022a). In practice, this means disentangling in-
trinsic task signals from attribute-specific variations (e.g., learning to ignore lighting or skin tone)
so that the same model works well when attributes take novel values (Wang et al., 2022a). This is
vividly illustrated in Figure 1.5, which shows a domain gap between the ISIC-18 (Tschandl et al.,
2018) and ASAN (Han et al., 2018) datasets, where differences in the distribution of Fitzpatrick

skin tones lead to attribute-based subpopulation shifts that impair generalization. Techniques like
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adversarial invariant learning, augmentation, or meta-learning aim to enforce such disentangle-
ment. By aligning the feature distributions of different attribute configurations during training,
the model can better handle unseen combinations (for example, a disease image under a skin tone

or illumination not seen in the training set).

Crucially, robust attribute generalization is tightly linked to fairness. When a model fails
to generalize across an attribute (say, if one group is under-represented in training), it tends to
produce biased predictions under distribution shift. For instance, covariate or demographic shifts
(changes in the input distribution of a sensitive attribute) have been shown to induce biased errors:
a model trained mostly on one group can systematically misclassify members of an underrepresented
group (Shao et al., 2024). In other words, a classifier may appear fair on the training data but
lose that fairness when the population mix changes. Recent work on fair domain generalization
explicitly highlights this pitfall: standard fairness mechanisms typically assume fixed distributions
and may not hold under new attribute distributions (Dong et al., 2025). Thus, improving attribute
generalization — learning features that are invariant to those attributes — inherently promotes fairer
outcomes. When feature representations no longer carry spurious signals (e.g., skin tone or other
demographics), the model’s accuracy tends to become more uniform across subgroups (Wang et al.,
2022a).

In dermatological imaging, skin tone is exactly the kind of attribute that can shift and
break model fairness. Most public skin-lesion datasets are heavily skewed toward lighter Fitz-
patrick types: for example, Kinyanjui et al. found that benchmark dermatology datasets contain
very few dark-skin images (Kinyanjui et al., 2019). This lack of diversity means that a model
trained on these data will face a new “domain” at test time whenever it encounters darker skin.
Empirically, such shifts degrade performance: Daneshjou et al. report that both AT algorithms and
dermatologists perform worse on images of darker skin tones (Fitzpatrick V-VI) and uncommon
diseases, and that balancing the training data (fine-tuning on the diverse DDI dataset) closes the
gap (Daneshjou et al., 2022). In fairness terms, this is exactly the issue of a majority-dominated
training set: a model biased toward the common (light) group underperforms on the rare (dark)
group. Therefore, applying attribute-generalization ideas (e.g. enforcing skin-tone invariance or
using synthetic augmentation across skin tones) addresses both robustness and equity. By learn-
ing disentangled, transferable features across skin-tone domains, dermatology models can maintain
accuracy and fairness even on under-represented skin types (Alipour et al., 2024). Theoretically,
disentangled representation learning aims to decompose the underlying factors of variation into in-
dependent components. In the context of subpopulation shift, this involves ensuring that the latent
space Z can be partitioned such that Z = [Zcore, Zattr], Where Zeope is statistically independent of
the auxiliary attributes a while remaining maximally informative of the label y.

Discussion on Fairness and Skin Tone Generalization in Dermatological Imaging. Re-

cent studies have documented pronounced performance gaps in skin lesion classifiers across Fitz-
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patrick skin types. Most dermatology datasets have “inadequate skin type diversity,” with darker
Fitzpatrick types (IV-VI) heavily under-represented. For example, the Fitzpatrick-17k dataset
contains only ~4% type IV-VI images (Groh et al., 2021). Similarly, the International Skin Imag-
ing Collaboration (ISIC) archive lacks explicit skin-tone labels, forcing researchers to estimate skin
color via proxies like the Individual Typology Angle (ITA). But ITA-based estimates disagree widely
between methods, undermining confidence in fairness analyses on ISIC-18 (Tschandl et al., 2018).
This dearth of diverse skin tones means that a model trained on predominantly light-skinned sam-
ples is subject to a classic subpopulation shift: it may not generalize to images from darker-skinned
patients. In sum, inadequate dataset diversity leads to an attribute generalization problem for skin

tone, where diagnostic performance degrades on under-represented subgroups.

Fairness evaluation in this setting has therefore attracted growing attention. Researchers
adopt group-fairness criteria to quantify disparities. For instance, Xu et al. (2025) define multi-
class versions of equalized opportunity (Eopp) and equalized odds (Eodd) to measure balance of
true-positive and false-positive rates across skin-tone groups (Xu et al., 2025). Equalized oppor-
tunity requires that the true-positive rate be equal for, say, light- versus dark-skin classes, while
equalized odds also matches false-positive rates. Xu et al. additionally introduce a combined fair-
ness—accuracy tradeoff score (FATE) to capture how well a model balances overall performance with
group fairness. Yang et al. (2024) likewise emphasize equal opportunity in dermatology: they ex-
amine “underdiagnosis” by comparing false-negative rates between age or race subgroups in ISIC,
effectively measuring Eopp for the “No Finding” vs disease tasks. These metrics (Eopp, Eodd,
subgroup FNR/FPR gaps, etc.) are now widely used to flag bias.

To address skin-tone disparities, several mitigation strategies have been proposed in the
literature. At the data level, pre-processing techniques aim to rebalance under-represented groups.
For example, stratified sampling or re-weighting during training can ensure each skin-tone group is
seen equally. Xu et al. (2024b) showed that simple stratified batch resampling significantly improved
fairness in dermatology models. Model-level interventions have also been widely explored. Bevan
and Atapour-Abarghouei (2022) developed an automatic skin-tone labeling algorithm to annotate
the ISIC archive, and then applied “unlearning” techniques to remove skin-tone signals during
training. Their results show that explicitly stripping skin-color information from the network can
improve generalization and reduce the accuracy gap between light- and dark-skin images. Du
et al. (2022) propose FairDisCo, a disentanglement-based method: a dual-branch network where
one branch learns to predict skin type (to be discarded) and the other learns invariant features.
This contrastive disentanglement yields more equalized performance on Fitzpatrickl7k and the
Diverse Dermatology Images (DDI) dataset, as shown by improved fairness metrics and overall F1
scores compared to simple resampling or reweighting baselines. Ghadiri et al. (2024) introduce
XTranPrune for vision transformers: they use explainability (Layer-wise Relevance Propagation)

to identify “discriminatory” model modules associated with skin color, and prune them away. On
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two skin lesion benchmarks, this pruning method attained better fairness scores than unpruned
models. Xu et al. (2025) also explore model design: their FairMoE method employs a mixture-of-
experts with group-specific pathways. By encouraging experts to specialize on particular skin-tone
subgroups (while still sharing some information), FairMoE achieved higher accuracy and lower
Eopp/Eodd than prior baselines on Fitzpatrick-17k and ISIC-2019. Another promising direction is
domain and representation adaptation. Aayushman et al. (2024) propose PatchAlign, which aligns
visual and textual (clinical label) representations via an optimal transport loss. This cross-domain
alignment produces image features that are more invariant to skin color; empirically, PatchAlign
improved in-domain accuracy by 2-6% and markedly reduced differences in true-positive rates
across skin tones on Fitzpatrickl7k and DDI. In related work, Xu et al. (2023) have experimented
with group-aware batch normalization (FairAdaBN) and adversarial training to remove skin-type

cues from features, though these are less explored in dermoscopy.

A critical gap in the existing literature concerns scenarios where certain skin tones are
entirely missing or severely underrepresented in the training dataset. In such cases, even fairness-
aware training methods fail to generalize due to the absence of representative data. When only a
small number of samples from the missing tone are available and cannot be used directly for training
most prior approaches offer limited solutions. To address this, we in (Ansari et al., 2024b) propose a
specialized augmentation strategy that synthesizes minority skin-tone lesions by mixup of features
from prevalent-tone images, guided by an adaptive sampler focused on hard-to-classify instances
by checking the performance on the meta-set of unknown tone images. This method enables model
recalibration without direct access to missing-tone samples during training, improving accuracy

and fairness across demographic groups in ISIC and ASAN datasets.

These challenges manifest not only in aggregate performance metrics but also in systematic
failure patterns observed in real-world classification scenarios. To contextualize the practical impli-
cations of class imbalance and fairness, we briefly discuss representative failure modes encountered

in image classification tasks studied in this thesis.

1.4 Real-World Classification Failure Patterns Under Class Im-

balance and Bias

Despite recent advances in deep learning—based medical image classification, real-world deployment
continues to reveal systematic failure modes that are particularly pronounced under class imbal-
ance and demographic bias. In this thesis, we focus on classification-centric failures observed in
the medical datasets under study, rather than segmentation-related errors, as these directly im-
pact diagnostic decision-making in imbalanced and fairness-sensitive settings. For example, in the
HAM10000 dermatological dataset, minority disease categories such as melanoma, dermatofibroma,

and vascular lesions are frequently misclassified as benign nevi due to strong visual overlap in color,
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texture, and lesion boundaries. These errors are further amplified when lesions appear in darker
skin tones (higher Fitzpatrick types), where reduced contrast and illumination variability obscure
discriminative features. Such failures pose critical clinical risks, as they may delay diagnosis for
already under-represented patient populations. Similarly, in endoscopic image classification tasks,
rare pathological findings are often confused with normal mucosa or inflammatory patterns due to
limited training samples and significant inter-patient variability. Motion blur, specular highlights,
and variations in imaging devices further contribute to these misclassifications, disproportionately
affecting classes with fewer annotated examples. Comparable failure patterns are also observed in
chest X-ray classification tasks, where conditions such as pneumothorax, cardiomegaly, or early-
stage pneumonia are under-represented relative to normal or common findings. In such cases,
subtle radiographic cues may be overshadowed by dominant visual patterns learned from majority
classes. These errors are often exacerbated by confounding factors such as patient positioning,
image acquisition protocols, age-related anatomical differences, and comorbidities, which can in-
troduce implicit bias into the learned representations. From a fairness perspective, these failure
modes are not uniformly distributed across disease categories or patient subgroups. Minority dis-
ease classes, patients with atypical presentations, and under-represented demographic groups tend
to experience consistently higher misclassification rates. These observations highlight the necessity
of learning strategies that explicitly account for class imbalance and bias during training. The

methods proposed in this thesis are motivated by such real-world failure patterns.

1.5 Organization and Chapter-wise Contributions of the Thesis

This thesis advances the field of subpopulation shift by proposing a sequence of principled, mod-
ular techniques that address class imbalance, long-tailed distributions, and demographic
bias, spanning from data-level interventions to architectural and optimization-level innovations.
The work begins with the challenge of class imbalance in structured tabular data, where we intro-
duce a calibrated oversampling method that better estimates minority class statistics for improved
representation and performance (Chapter 2). Building on this foundation, we extend our investiga-
tion to high-dimensional medical images, developing a Mixture-of-Two-Experts (Mo2E) framework
(Chapter 5.2) that effectively handles long-tailed disease categories in clinical datasets. Insights
gained from these two initial works revealed the limitations of static sampling and augmentation
strategies, which motivated the design of STTP-Net (Chapter 3) a dual-branch architecture tai-
lored for long-tailed visual recognition using hybrid mixup augmentation and logit reweighting. To
further enhance this framework, Chapter 4 introduces the Goldilocks Principle, which leverages
contrastive regularization and class-aware boundary smoothing to improve generalization across
the class spectrum. The final part of the thesis (Chapter 5.3) addresses fairness under attribute
generalization, particularly in skin tone disparities, by proposing a bias-aware training strategy

that ensures equitable performance across demographic subgroups. Together, these contributions
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Figure 1.6: Layout of the Thesis

form a cohesive pipeline that evolves from calibrated data synthesis to dual-branch architectures
and fairness-aware training. They collectively offer a robust solution for generalization under sub-

population shift across both tabular and image-based domains.

Chronologically, the research began with Chapter 2 on tabular data imbalance, followed by
the development of the Mo2E framework (Chapter 5.1). This led to further insights that shaped
the design of STTP-Net (Chapter 3) and the Goldilocks boundary refinement strategy (Chapter /).
Since both Mo2E and the fairness-aware lesion classification (Chapter 5.2) are situated in the
medical domain, they are unified under Chapter 5, titled: Robust Medical-Image Classification.
Figure 1.6 gives the detailed chapterwise layout of the thesis.

1.5.1 Contributions of Chapter 2

In Chapter 2 presents a novel oversampling methodology for handling class imbalance by explicitly
estimating the statistics of the minority class using information from nearby classes. Unlike stan-
dard oversampling methods, which often ignore the underlying distribution of the minority class,
the proposed approach leverages weighted feature statistics and distributional calibration to approx-
imate the original minority class distribution. This framework introduces a hyperparameter-driven
mechanism to adaptively balance the spread and concentration of generated synthetic samples,

mitigating the risk of overgeneralization while preserving distributional fidelity. Extensive exper-
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iments across binary and multi-class tabular datasets demonstrate that our method outperforms
established oversampling techniques, achieving superior classification performance and improved
minority class representation. However, since the method relies on fractional-norm based distance
calculations, its scalability to high-dimensional feature vectors (such as those extracted from im-
ages) remains challenging. Future research may explore dimensionality reduction or alternative

neighborhood selection strategies to extend its applicability to high-dimensional feature spaces.

1.5.2 Contributions of Chapter 3

This chapter introduces STTP-Net, a novel two-pronged network framework for tackling long-
tailed class imbalance in deep visual recognition. It presents a systematic investigation of mixed-
sample data augmentation in conjunction with tailored sampling strategies to uncover the synergies
that improve tail-class learning. Based on this, the chapter proposes a new Hybrid-Mixup aug-
mentation method and a class-frequency-driven sampling strategy to train specialized experts for
head/medium and tail classes within a unified architecture. Additionally, to mitigate classifier bias
and label distribution shift, the chapter introduces the Effective Balanced Softmax (EBS) loss,
which dynamically reweights logits based on class frequency priors. Extensive empirical evaluations
on benchmark datasets like CIFAR-LT, ImageNet-LT, and NIH-CXR-LT demonstrate that STTP-
Net surpasses several state-of-the-art long-tailed learning methods in both accuracy and robustness
across many-shot, medium-shot, and few-shot classes. The contributions of this chapter offer a
scalable and effective alternative to computationally expensive multi-expert and two-stage training
paradigms, thus broadening the practical applicability of long-tailed learning in critical domains

such as medical diagnostics.

1.5.3 Contributions of Chapter 4

Building upon the dual-branch paradigm introduced in Chapter 3, this chapter proposes an ad-
vanced, theoretically - grounded framework that addresses a deeper nuance of long-tailed recogni-
tion: boundary fidelity. Recognizing the limitations of overly hard or soft decision boundaries,
this chapter introduces a principled strategy based on the Goldilocks Principle aiming for ”just
right” boundary sharpness to balance generalization and class discrimination. To that end, the
chapter presents a novel single-stage framework that integrates two key modules: (1) Dual-Branch
Sampler-Guided Mixup (DBSGM), which orchestrates a class-aware mixup using instance,
median, and reverse sampling strategies to balance learning across head, medium, and tail classes,
and (2) Adaptive Class-Aware Feature Regularizer (ACFR), driven by a newly formulated
Temperature Adaptive Supervised Contrastive Loss (TASCL) that dynamically adjusts
attraction-repulsion forces in the feature space depending on class frequencies and prediction con-
fidence. The proposed approach offers significant improvements across multiple datasets, including

CIFAR-LT, ImageNet-LT, and iNaturalist, particularly enhancing medium and tail class accuracy.
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In contrast to Chapter 3, which primarily addressed class imbalance via tailored augmentation and
logit-level adjustments (EBS), this chapter enhances intra-class cohesion and inter-class separation
through dynamic feature-space regularization. Together, these chapters propose a holistic pipeline:
from better sampling and augmentation (Chapter 3) to boundary refinement and class-aware con-

trastive learning (Chapter 4), all within an end-to-end efficient architecture.

1.5.4 Contributions of Chapter 5

Chapter 5 extends the progression from tailored augmentation and boundary-regularization tech-

niques (Chapters 3 and 4) into real-world, high-stakes applications, focusing on the dual challenges
of class imbalance and demographic fairness in medical image classification. The chapter makes
two synergistic contributions. First, it proposes a multi-expert architecture, Mo2E (Mixture of
Two Experts), which leverages class-specialized MixUp augmentation and domain-specific sampling
strategies to learn robust decision boundaries across the long-tailed spectrum. Second, it introduces
a novel adaptive MixUp sampling framework guided by a meta-learned heuristic to mitigate
bias due to skin tone disparities in dermatological datasets. Mo2E improves performance across
both head and tail classes in complex clinical datasets such as Hyper-Kvasir and Eyepacs, while the
fairness-aware augmentation strategy generalizes effectively across patient subgroups in ISIC-2018
and the Asan dataset. Unlike previous chapters, which primarily tackled frequency imbalance,
this chapter directly addresses algorithmic fairness, marking a significant evolution in the thesis’
narrative from distribution-aware learning (Chapter 3), through boundary calibration (Chapter 4),
to demographic generalization. This cohesive pipeline reflects a deepening resilience of deep learn-
ers to multiple sub-domain shifts that typify medical Al, moving the thesis closer to deployable,

trustworthy clinical decision support systems.

1.5.5 Contributions of Chapter 6

Chapter 6 summarizes the contributions presented throughout the thesis and distills their collective
impact on the broader problem of sub-domain shift in deep learning spanning class imbalance and
demographic bias. It presents a critical evaluation of the methods proposed in Chapters 2 through
5, identifying common principles, strengths, and limitations across approaches. In doing so, the
chapter constructs a unified perspective on resilient long-tailed learning, highlighting how targeted
sampling, adaptive augmentation, and feature-space regularization converge to form a robust design
paradigm. Furthermore, the chapter delineates open challenges such as dynamic expert assignment,
label noise robustness, and demographic fairness under weak supervision and outlines promising
future directions, including joint optimization of fairness and accuracy, cross-modal learning, and
real-world deployment in low-resource clinical environments. This chapter not only concludes the

thesis but also suggests a clear path for future research.



Chapter

Handling Class Imbalance by Estimating
Minority Class Statistics

Synopsis

Class imbalance is a persistent challenge in tabular data classification, where the dispro-
portionate representation of classes typically dominated by a majority class can severely
degrade model performance on minority classes. A prevalent strategy to mitigate this
issue involves oversampling, where synthetic samples are generated for underrepresented
classes via convex combinations of existing minority instances. However, existing ap-
proaches often disregard the underlying distributional characteristics of the minority
class, resulting in synthetic data that poorly approximates the true data manifold. In
this work (Ansari et al., 2023) ', we introduce a novel parametrization-based oversam-
pling framework that estimates the minority class distribution by leveraging statistical
cues from adjacent or semantically similar classes. Through tunable hyperparameters,
our method allows precise control over the sampling behavior, enabling closer alignment
with the true minority distribution. FExtensive evaluations on both synthetic and real-
world tabular datasets confirm the efficacy of our approach, demonstrating consistent
gains across a range of standard performance metrics.

2.1 Introduction

Class-imbalanced datasets occur in several real-world applications, such as medical diagnosis, credit
risk assessment, software defect detection, and fraud detection, where the (benign) majority class
examples are much more frequent than the (target) minority class examples (Das et al., 2018).
This very often leads to learning models that focus mainly on the majority class and overlook the

minority class. Consequently, the model’s accuracy decreases due to the class imbalance, as models

'F. Ansari, S. Das, and P. Shamsolmoali. “Handling Class Imbalance by Estimating Minority Class Statistics.” In
2023 International Joint Conference on Neural Networks (IJCNN), pp. 1-8, 2023. doi: https://doi.org/10.1109/
IJCNN54540.2023.10191975.

26


https://doi.org/10.1109/IJCNN54540.2023.10191975
https://doi.org/10.1109/IJCNN54540.2023.10191975

2.2 | Related Works 27

may not accurately detect instances of the minority class or give them equal emphasis while making

predictions.

Supervised learning algorithms create a model that is usually biased toward the majority
class because such algorithms concentrate on reducing loss across the entire training set with-
out paying close attention to the percentage of samples from each category. Due to the under-
representation of the minority samples, minority class predictions may not reach the desired level
of accuracy. To tackle this issue, various data rebalancing techniques like under- and oversampling
were proposed (Branco et al., 2016)(Das et al., 2022). Among these, oversampling methods have
become increasingly popular as, they are more effective in boosting the accuracy of classifiers com-
pared to undersampling methods. While undersampling may result in loss of informative training
points from the majority class, oversampling synthesizes artificial samples in the minority class to
balance the class sizes in the training set, making the training set more representative, This, in
turn, enhances the performance of the machine learning algorithms when applied to the augmented
datasets. Typically, oversampling techniques create new samples from a minority class sample and
its close neighbors. The distribution of minority class samples, however, is hardly considered by
them. As a result, there may be distributional inconsistencies between real and artificial samples

made using oversampling techniques.

This chapter focuses exclusively on class imbalance within the domain of structured tabular
data. Unlike the long-tailed distributions discussed in Chapters 3 and 4, which involve severe
power-law decay in high-dimensional image spaces, this work addresses the unique representational
challenges of low-dimensional numeric features. In this work, we will estimate the minority class
statistics so that the distribution of the generated samples draw closer to the original distribution
of the minority class. Recent work on distribution calibration (Yang et al., 2021) shows how to
use the statistics of the classes with a lot of samples to learn the distribution of the class with
very few samples. Motivated by this, we propose an oversampling method that uses the statistics
of its closest classes to estimate the statistics of the samples of the minority class and generates
new samples that correspond to the samples in the minority class. We have parameterized our
method so as to provide additional degrees of freedom to control the generated samples with a view
to closely matching them with the original data points. Figure 2.1c depicts the synthetic samples
("+’ green) generated by our proposed model, which can approximate the original distribution in
Figure 2.1a, as opposed to Figure 2.1d, 2.1e, and 2.1f, which show the samples generated by the
SMOTE variants and cannot approximate the original distribution in Figure 2.1a. To demonstrate

the effectiveness of our work, various metrics for imbalanced learning are adopted.
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Figure 2.1: (a) A balanced dataset with equal number of samples in both classes (blue dot and
red dot). (b) making the data class-imbalanced by removing samples from the red class. (c)
Using our proposal, we generated the minority points (green ”+"), which attempt to approximate
the distribution of the red class as it was previously. (d) Points generated (green "4”) using
SMOTE. (e) Points generated (green ”+") using ADASYN. (f) Points generated (green '+’) using
BoderlineSMOTE. As seen from (d), (e), and (f), new samples are generated based on a minority
class sample and its nearest neighbors. As a result, the distribution of the real and synthetic
samples differ significantly.

2.2 Related Works

Existing solutions to tackle the class imbalance problem have often relied on data resampling
techniques such as oversampling and undersampling or weighting the minority classes more heavily
during model training. Thus, these approaches can be classified into cost-sensitive, undersampling,
and oversampling approaches. Cost-sensitive approaches use different penalties for misclassification
of the minority and majority classes (Domingos, 1999) (Elkan, 2001). The penalty for misclassifying
a minority point is higher than that for a majority sample to encourage the model to classify more
of the minority instances correctly. The limitation of the cost-sensitive learning approach is that it
is difficult to set the cost parameter for it to be appropriate for the given data. Moreover, they also
do not take into account how samples are distributed within the minority and majority classes.
The random undersampling (RUS) technique (Kubat et al., 1997) helps to address this issue
by randomly removing instances from the majority class until their size is balanced with that of
the minority class. In the process, undersampling techniques can result in a loss of valuable data,

as it is not guaranteed that the instances removed are not necessary for modelling.

The oversampling technique helps to counter this issue by randomly generating additional
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instances of the minority class such that minority class size matches that of the majority class.
The data points are synthesized by interpolating among several instances of minority classes that
are located within a particular neighborhood (Ferndndez et al., 2018). SMOTE (Synthetic Minor-
ity Oversampling Technique) (Chawla et al., 2002b) is one of the most widely used oversampling
techniques, where a target instance from the minority class is linearly interpolated with some of its
randomly chosen nearest neighbors. BorderlineSMOTE (Han et al., 2005b) enhances SMOTE by
generating artificial instances from only the wrongly classified data points at the boundaries of the
minority classes. SVMSMOTE (Nguyen et al., 2011) is another enhanced version of SMOTE that
uses support vector machines (SVMs) to identify instances of minority classes that are misclassified
and then generates synthetic samples around them. ADASYN (Adaptive Synthetic Sampling Ap-
proach for Imbalanced Learning) (He et al., 2008) is a similar technique that dynamically adjusts
the number of synthetic examples generated based on the local density of minority-class instances.
MWMOTE (Barua et al., 2012) assigns a weight to each sample from the minority class based on
how close it is to the sample from the majority class. Then, the weighted minority instances are

used to synthesize artificial samples.

Even though SMOTE is favoured in the literature because of its simplicity and ease of
implementation, it can suffer from the problem of overgeneralization (Fernandez et al., 2018).
Overgeneralization occurs when due to SMOTE like oversampling the minority class area blindly
expands without caring for the majority class distribution. If the class distribution is highly skewed,
i.e. the minority class is significantly sparse compared to the majority class, overgeneralization re-
sults in more overlap among the classes, thereby leading to deterioration of test accuracy. Moreover,
(Elreedy et al., 2023) demonstrates theoretically that the patterns generated by SMOTE do not
necessarily reflect the minority class distribution. Some methods, like (Yang et al., 2022), (Li et al.,
2022a) have been proposed that generate samples based on how minority class samples are spread
out in space. However, these algorithms first try to split minority classes into different clusters and
then try to generate new points in these clusters using SMOTE. Because of the use of SMOTE,

these methods still do not give a guarantee that the generated points will not overgeneralize.

To tackle the issue of overgeneralization and to generate distributions similar to minority
class distributions, we propose a method that estimates the statistics of the minority class using
the statistics of the closest classes. This method is based on the idea that two classes that are close
to each other in data space should have similar distributions. Then, we’ll make new points based

on the estimated statistics of the minority class samples.
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2.3 Proposed Methodology

2.3.1 Intuition and overview of the proposed method

In (Yang et al., 2021), the authors observed that the estimated mean and variance of each class are
correlated to the semantic similarity of the class, if we assume the feature distribution is Gaussian.
Knowing how similar the two classes are will help us transfer the statistics from the base classes to
the novel classes. Thus, we can use this observation to tackle the imbalance problem by using the
statistics of the majority classes having sufficient data points, and transferring those statistics to
the minority classes. Now the question that naturally arises is how to transfer the statistics? As
noted from (Yang et al., 2021), the transfer is determined by first finding the Euclidean distance
between the mean of the features from the base classes and the feature space of the novel classes.
The statistics of the closest base classes are then used to calibrate the distribution’s mean and
covariance. But in the case of the class imbalance problem, it is not possible to determine which
classes can be considered the base classes for a particular minority class. Thus, the transfer of
statistics between classes for the imbalanced problem is determined by first finding the distance
between the mean of the features from all other classes and the feature space of the minority
class. To determine the distance, we use the fractional norm to calculate the closeness between the
minority class and the mean of the features of the other classes. The fractional norm to consider
while finding the distance is a data-dependent hyperparameter that needs tuning. Now the statistics
of the closest classes are used to calibrate the distribution of the minority class, but rather than
using the statistics directly, we use the statistics from the weighted features of the closest classes (the
use of weighted features is based on the assumption that the class that is closer has statistics more
similar to that class, and therefore that class’s attributes will be weighted higher compared to other
classes), weighted by the degree of closeness depending upon the calculated distance. Moreover, we
hyper-parameterize the weights (whether to increase or keep their value the same) as a function of
distance, which helps us control the relative importance of the classes. Hyperparameters are used
to play a kind of adversarial game for estimating the distribution of the minority class as a close

approximation of the actual distribution.

2.3.2 Problem Definition

Let us consider C-class supervised classification problem with a training dataset X = {(x;, v:)}Y,,
where N is the number of samples, ; is the i*" datapoint and y; is the corresponding category label,
such that z; € R¢ and y; € L and L = {1,2,3,...,C}. X, denotes the set of samples belonging to
class ¢, and N, = |X.| denotes the cardinality of X.. And we consider the classes to be in order
N1 > Ny > N3 > --- > N¢ such that .~ N. = N. We intend to synthesize new points z to

balance the imbalanced dataset.
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(a) Balanced dataset (b) Decisison boundary (c) Imbalanced dataset (d) Decisison boundary
having two classes, each after classification on created from the bal- after classification on
class having 1000 sam- the imbalanced dataset. anced dataset with IR the balanced dataset.
ples. = 100

(i) B = 0.4 . 0 g=1

Figure 2.2: Rows 1 (a—d) depict the dataset used and the decision boundary after classifying on
the balanced and imbalanced datasets. In the above plots, the dots with the light red and light
blue color are the test dots, which are not used while training, and along with them, the purple '+’
sign shows the generated data points. Row 2 from (e) to (h) shows the distribution when the f is
changed and the new point is synthesized while the beta remains constant. Row 3 from (i) to (1)
shows how the synthesized samples change when we change the 8 while keeping the f constant.

2.3.3 Proposed Method

Our proposed approach consists of 3 steps:

Step 1: Find out the class statistic of each given class, i.e., find out the mean for each class.

Here we assume that each class’s feature distribution is Gaussian.

fe =3 X, (2.1)

where ji. € R? represents the mean of the class c.

Step 2: Taking data and transforming it using the Yeo-Johnson transformation (Weisberg,
2001). Transformation inflates low-variance data and deflates high-variance data to create a more

uniform dataset. This helps to transform the skewed distribution and make the data more similar
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to the normal distribution. It is specifically applied to each feature’s dimension in the manner

described below:

((z; + DN = 1) /A, if A 0,2;, >0,
l z+]-, f)\:07 2207
Ti = ot 1) 1 ! (2.2)
—((—z; + )P =1)/(2-N), ifAX#2, 2; <0,
—log(—x; + 1), ifA=22;<0,

where A > 0 is hyper-parameter.

Step 8: To compensate for the effect of imbalance, we generate N1 — IV, artificial points for

the ¢ — th class. Each Z;., (i — th point in class ¢), required to produces [NIN;CNC} new points .
Now, calculate the distance between the selected data point Z; from the minority class and

the class means (calculated in step 1) using the fractional norm f as:
VC, dic = H:%Z - Mc”f7 (23)
Sq = {—dic|c € L}. (2.4)

Now choose the top K closest classes of point Z; using the distance calculated.
S = {c| — dic € topK (Sq)}, (2.5)

where S is the set containing the labels of the top K closest classes calculated using the distance
between the centers of the classes and the data point Z; from the minority class. topK(.) is an
operator to select top K elements from the distance set Sy.

Given the K closest classes set S to the given minority class point Z;, we construct a new normal
distribution whose mean and covariance are calculated using the K closest class’s data points as

follows, first calculate the weights as:

1

o (2.6)

Wic =

where w;. is the weight of class ¢ corresponding to the point Z; where ¢ € S, and [ is the hyperpa-

rameter. Get the new mean corresponding to the point ; as:

Zceg Wicthe + i'z

2.7
1+ ZCES Wic ( )

Hz; =

Finally, to calculate the covariance, we know that z; is a point from the minority class and
S € R? is a random variable denoting a non-transformed points of class ¢ such that ¢ € S, we can

compose random variable S, representing the estimate of minority class corresponding to the point
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Algorithm 1 Our Proposed Method

Require: X = {(v;,:)}Y,, where N, number of samples, z; € R?, is the i — th data point, and
y; € L, such that L is the set of labels, L = {1,2,3,...,C}. And X, denotes set of samples
belonging to class c.

Require: Hyperparametrs: 3, f, K, and .

1: Determine the means for all classes, {y;} , using Equation A.2.

2: Transform (z;)Y, with Yeo-Jhonson Transformation, using Equation A.3. The transformed
dataset is represented by X. And X, denotes transformed set of samples belonging to class c.

3: for ce L do

4 if (N1 — N.)!'=0do

5 for 7. € X, do { /] Zic, i-th datapoint in class c.}

6 Calculate pz,, using Equation A.8.

e Calculate Xz i using Equation A.1.1.

8 Sample [M-2e] | datapoints from N (uz,, Sz,)-

9 Add Sampled datapoints with corresponding labels to X.

10: end for

11: end for

12: Use the final balanced dataset X to train a classifier.

ii‘f'zcgg WieS

55wy thus the covariance is
ces e

T; as: S =
Yz, = Cov(S), (2.8)

since T; is constant it does not contribute to the covariance. In practice, you can calculate covariance
by using the weighted features of the classes in S, weighted by the weights calculated using equation
A.7. Furthermore, you can see that the equation A.8 can be obtained by taking the expectation of
S ie. E(S).

We found out the calibrated distribution associated with the minority class point Z;, which
has the mean and covariance given as pz, and Xz,. We can sample points from this distribution

and include them in the given minority class set as:
XeU{(z0)lz ~ N(pa;, %z}, (2.9)

where ¢ represents the minority class to which the point #; belongs and X, represents the set of
Yeo-Jhonson transformed points of class ¢. And z is the generated point from normal distribution
N(uz;, Xz,)-

Algorithm 1 presents the proposed method pseudocode.

2.3.4 Hyper-parameter Explanation

For binary classification tasks, the two hyperparameters used are f and 3. f is between (0, 1] and

B is between [0, 1]. From the toy dataset example in Figure 2.2 the effect of varying f and § can
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be seen. As shown in Figure 2.2 [e-h], as the value of f increases while the value of § remains
constant, the generated points ("4’ in purple) try to spread from the minority points from which
they are generated. Figure 2.2[i-1] shows, on the other hand, that as the value of f is held constant
and the value of 8 is increased, it attempts to bring the generated points closer to the minority
class point from which they are generated. Thus the value of f and [ plays an adversarial game
where increasing the value of f increases the spread of generated points while increasing the value
of 8 decreases the spread. Thus, by using a grid search, we try to find the best combination of
values for f and (3, such that the final distribution we get can approximate the actual distribution

and help classify the unseen points with high accuracy.

2.4 Experiments

2.4.1 Dataset

We conducted our experiments on both the imbalanced binary class classification and the imbal-
anced multi-class classification. Binary classification experiments are performed on 17 commonly
used datasets. Among them, five open datasets for software defect detection, including pcl, mwl,
ke3, ped, pe3 are from OpenML (Vanschoren et al., 2014). The 5 datasets (poker-8_vs_6, poker-
9_vs_7, poker-8-9_vs_5, poker-8-9_vs 6, shuttle-6_vs_2-3) are from the KEEL repository (Derrac
et al., 2015). Among them are the poker dataset used for poker hand prediction and shuttle
datasets used for predicting NASA space shuttle part failure. The other 7 datasets (optical digits,
wine_quality, letter_img, ozone_level, mammography, abalone_19, protein_homo) are taken from

imbalanced-learn 2.

We provide a detailed description of characteristics for these 17 datasets in Table 2.1.

We also used ten multi-class imbalance classification datasets (wine, thyroid, hayes-roth,
penbased, new-thyroid, balance, yeast, pageblocks, shuttle, and contraceptive) from the KEEL
repository (Derrac et al., 2015) for benchmarking. Table 2.2 summarises the detailed description
of the characteristics of these ten datasets. We randomly split the dataset into two parts for all

experiments: the training set (80%) and the testing set (20%).

2.4.2 Baselines

The following state-of-the-art methods are used for comparison to evaluate the performance of the

proposed method.
e SMOTE Synthetic minority oversampling technique (SMOTE) (Chawla et al., 2002b). Use

a minority class sample and its nearest neighbor to generate a new sample using linear inter-

polations, and the synthesized samples are used in training.

https://imbalanced-learn.org/stable/datasets/index.html
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Table 2.1: Dataset summary used for the binary labeled imbalanced classification

Dataset #instance #features IR #classes
pcl 1109 21 13.4:1 2
mwl 403 37 12:1 2
ke3 458 39 9.651:1 2
pcd 1458 37 7.191:1 2
pc3 1563 37 8.769:1 2
poker-8_vs_6 1477 10 85.88:1 2
poker-9_vs_7 244 10 29.5:1 2
poker-8-9_vs_5 2075 10 82:1 2
poker-8-9_vs_6 1485 10 58.4:1 2
shuttle-6_vs_2-3 230 9 22:1 2
optical_digits 5,620 64 9.1:1 2
wine_quality 4,898 11 26:1 2
letter_img 20,000 16 26:1 2
ozone_level 2,536 72 34:1 2
mammography 11,183 6 42:1 2
abalone_19 4,177 10 130:1 2
protein_homo 145,751 74 11:1 2

e BorderlineSMOTE (Han et al., 2005b) It first finds out the border point of the minority
class. It uses those points to generate new points using the linear interpolation of the border
point and its nearest neighbors.

¢ SVMSMOTE It makes use of the SVM to find boundary samples that are further used for
synthesizing new samples as proposed in (Nguyen et al., 2011).

e ADASYN Adaptive synthesis (ADASYN) (He et al., 2008) is an extension of SMOTE. It
produces more synthetic data for minority class samples that are challenging to learn than
for minority class samples that are simple to learn. This is based on the idea that minority
data samples should be created adaptively based on how they are distributed.

e MWMOTE Majority weighted minority oversampling technique (MWMOTE)(Barua et al.,
2012). In this technique, each sample from the minority class is given a weight based on how
close it is to the sample from the majority class. The weighted minority class is then used to

create synthetic samples.

2.4.3 Evaluation Metrics Used

We have employed a number of evaluation metrics to test the effectiveness of our suggested method-
ology. The first metric used is Matthews correlation coefficient (MCC) (Boughorbel et al., 2017),
also known as the phi coefficient, an evaluation metric primarily used for imbalanced datasets to

generate a balanced measure using true and false positives and negatives. MCC only gives a high
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Table 2.2: Dataset summary used for the multi-labeled imbalanced classification

Dataset #instance #features IR #classes
wine 178 13 1.5:1 3
thyroid 720 21 36.94:1 3
hayes-roth 132 4 1.7:1 3
penbased 1100 16 1.95:1 10
new-thyroid 215 5 4.84:1 3
balance 625 4 5.88:1 3
yeast 1484 8 23.15:1 10
pageblocks 548 10 164:1 5
shuttle 2175 9 853:1 7
contraceptive 1473 9 1.89:1 3

score if the classifier was able to correctly predict most of the positive data and most of the nega-
tive data. Another metric used is the geometric mean (GM), which is the root of the product of
class-wise sensitivity. The value of GM is between [1,0]. If the classifier fails to recognize at least
one class, the G-mean resolves to zero. Also used is the "balanced accuracy” (BACC), which is the

average recall of all the classes.

2.4.4 Parameter settings

All SMOTE-based algorithms utilized in this study employ K-nearest neighbors, where K is treated
as a tunable parameter selected based on the highest achieved performance for each baseline. For
our proposed method, hyperparameters were optimized through a systematic grid search to ensure
reproducibility and distributional fidelity. For binary classification tasks, we conducted a grid
search over the calibration scaling factor f € {0.2,0.4,0.6,0.8,1.0} and the mixing proportion
B €{0,0.25,0.5,0.75,1.0}. In multi-class scenarios, this search space was extended to include the
neighborhood size K, which varied from 1 to C — 1, where C represents the maximum number
of classes in the dataset. The Yeo-Johnson transformation parameter A\ was fixed at 0.8 across
all experiments. This value was selected based on preliminary variance-stabilization tests, where
A = 0.8 demonstrated the greatest consistency in normalizing feature distributions across diverse
tabular datasets. Finally, to ensure fair comparisons among different methods, a Multi-Layer
Perceptron (MLP) with consistent architectural parameters was used as the downstream classifier

for all evaluated datasets.

2.4.5 Results Discussion and comparison with the SOTA methods

To show the effectiveness of our model, we use it to oversample the dataset in both the binary
imbalanced classification problem and the multi-class imbalanced classification problem. We re-

port the performance of all the methods in terms of MCC, geometric mean (GM), and balanced
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Figure 2.3: MCC average (height of the bars) and standard deviation (height of the error bars in black) over 5 random seeds
for SMOTE, BorderlineSMOTE, SVMSMOTE, ADASYN, MWMOTE, and Our method on the 17 public datasets for binary
labeled imbalanced classification.

10+

'mmir

E,o e o a:nn ?ﬁo& ced wmn ot
s

SMOTE
BorderlineSMOTE
SVMSMOTE
ADASYN
MWMOTE

QOurs

o
o
L

MCC-score
s
"

nN

=)

Joc¥®

awnmo om%w ouo%

!
cof =

Dataets Used

Figure 2.4: MCC average (height of the bars) and standard deviation (height of the error bars in black) over 5 random seeds for
SMOTE, BorderlineSMOTE, SVMSMOTE, ADASYN, MWMOTE, and Our method on the 10 public datasets for multi-labeled
imbalanced classification.
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Table 2.5: Parameter used corresponding to different datasets for the binary labeled imbalanced
classification and multi labeled imbalanced classification

Dataset Dataset
. . Parameters . . Parameters
with binary (f, B) with multi (. B, K)
class ’ class T
pcl (0.8, 0.5) | wine (1, 0.9, 2)
mwl (0.1, 0.5) | thyroid (0.8,1,1)
ke3 (0.2, 0.8) | hayes-roth (0.8, 0.2, 1)
pcd (0.8, 0.4) | penbased (0.3, 0.5, 2)
pc3 (0.7, 0.7) | new-thyroid (0.2, 0.6, 1)
poker-8_vs_6 (0.2, 0.5) | balance (0.9, 1, 2)
poker-9_vs_7 (0.7, 0.9) | yeast (0.1, 0.8, 1)
poker-8-9_vs_5 (0.6, 1) pageblocks (0.1, 1, 4)
poker-8-9_vs_6 (0.9, 0.9) | shuttle (0.7, 1, 2)
shuttle-6_vs_2-3 (0.2, 0.8) | contraceptive (0.9, 1, 2)
optical_digits (0.4, 1)
wine_quality (0.9, 0.2)
letter_img (1,0.1)
ozone_level (1, 0.9)
mammography (0.2, 0.1)
abalone_19 (0.3, 1)

protein_homo (0.7, 0.5)

accuracy (BACC). The best results out of the random runs over 5 seeds on the binary imbalanced
classification datasets are shown in Table 2.3 along with the parameters used for our method, given
in Table 2.5. Moreover, average MCC over 5 random seeds are plotted in figure 2.3 along with
the standard deviation. Our proposed method generally outperforms the state-of-the-art (SOTA)
method in most of the 17 datasets. Especially in half of the datasets (pcl, ke3, poker-9 vs_7,
poker-8-9_vs_5, poker-8-9_vs_6, shuttle-6_vs_2-3, wine, ozone_level, abalone), our approach consis-
tently outperforms the competitor methods. On average, improvements in MCC, GM, and BACC
are up to 11%, 8.94%, and 6.2%, respectively. The worst case of our model is shown on the mwl
dataset, which offers a 2% decrement in MCC score and similar GM and BACC scores as of Bor-
derlineSMOTE, which implies that most of the samples are near the boundaries of the classes and
our method might produce samples that overlap with the majority class samples. The same case
goes with the mammography dataset, where the MCC of our method is less than the MCC of
BorderlineSMOTE but there is improvement in the GM and BACC metrics. Nevertheless, our
method outperforms all the other baselines, excluding BorderlineSMOTE for the mw1 dataset and
all the other baselines in terms of GM and BACC for the Mammography dataset. Furthermore,
it is worth noting that our method outperforms its competitors for highly skewed datasets such

as ozone_level; when comparing the MCC of competitive methods, our method outperforms them
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Table 2.6: BACC comparison with our methods and method when considering the
Fuclidean distance, i.e. f =2 and considering g8 =1

Binary classification Multi class classification
dataset BACC Ours BACC"| dataset BACC Ours BACC™
pcl 0.829 0.753 | new-thyroid 0.905 0.883
mwl 0.85 0.823 | wine 1 0.933
ke3 0.72 0.627 | thyroid 0.953 0.837
pcd 0.85 0.811 | shuttle 1 0.749
pc3 0.805 0.758 | yeast 0.627 0.591
poker-8_vs_6 1 0.995 | balance 0.826 0.791
poker-9_vs_7 0.968 0.691 | penbased 0.924 0.901
poker-8-9_vs_5 0.965 0.854 | hayes-roth 0.677 0.424
poker-8-9_vs_6 0.998 0.997 | pageblocks 0.865 0.819
shuttle-6_vs_2-3 1 0.966 | contraceptive 0.56 0.507
optical _digits 0.994 0.994
wine_quality 0.77 0.694
letter_img 0.99 0.989
ozone_level 0.673 0.547
webpage 0.898 0.9
mammography 0.964 0.905
abalone_19 0.738 0.794
protein_homo 0.928 0.922

TBACC when f =2 and 8= 1.
significantly.

To demonstrate that our method works not only for the binary imbalanced classification
problem but also for the multi-class imbalanced classification problem, we report the performance
on the multi-class datasets in Table 2.4 along with the parameters used for our method, given in
Table 2.5. Moreover, average MCC over 5 random seeds are plotted in figure 2.4 along with the
standard deviation, Table 2.4 contains the best results from the runs on the 5 random seeds. As
seen from the Table 2.4 it consistently outperforms competitive methods in datasets (new-thyroid,
wine, shuttle, penbased, hayes-roth, contraceptive). It improves the MCC, and GM by up to
15%, and 14%, respectively. And it also shows comparable performance in datasets like yeast and
balance, where MCC is higher than the rest of the method, which means it classifies both majority
and minority classes better than other algorithms. It also shows comparable results on the GM
and BACC for the yeast and balanced datasets.

As discussed and shown in Tables 2.3 and 2.4, our proposed method outperforms the SOTA
methods on all three metrics in most datasets. And it works fairly well for both the binary and the

multi-class imbalanced classification problems.



41

2.5 Ablation Study

To evaluate the specific impact of the fractional norm and the parameterized mixing proportion
B, we conducted a sensitivity analysis by comparing our optimized model against a baseline con-
figuration where f = 2 (representing standard Euclidean distance) and 8 = 1 (neglecting the
proposed parameterized weighting). This analysis demonstrates how model performance, mea-
sured via Balanced Accuracy (BACC), fluctuates when these hyperparameters deviate from their
optimal settings.As detailed in Table 2.6, we observed that the inclusion of the fractional norm
and the controlled spread through 3 consistently outperformed the standard configurations across
both binary and multi-class classification tasks. Specifically, utilizing a fractional norm allows for a
more accurate representation of the closeness between minority class points and their corresponding
neighbors in high-dimensional tabular spaces. These results indicate a significant improvement in
BACC for the majority of the datasets tested, confirming that the systematic tuning of f and
is essential for preserving distributional fidelity and controlling the spread of generated synthetic
data.

2.6 Conclusion and future works

This work proposes an oversampling method for imbalanced data using distribution calibration.
We use the statistics of the closest classes to estimate the statistics of the minority class sample
and determine the gaussian distribution to which that particular sample belongs, then attempt to
synthesize more samples using the mean and covariance corresponding to that specific minority
sample’s Gaussian distribution. We use the different parameters to control the generation of new
samples, and thus, they approximate the original distribution of the minority class. The results
of the experiments on the benchmark datasets for both binary and multi-class imbalance prob-
lems demonstrate the effectiveness of our proposed model. In the future, we plan to learn about

hyperparameters rather than using grid search to find the best parameters.



Chapter

STTP-Net: Sampling-Tailored Two-Pronged
Network for Long-Tailed Class Imbalance
Learning

Synopsis

A long-tail class imbalanced learning problem is a scenario where the rare or minor-
ity classes, representing infrequent events or categories, make up the long tail of the
class distribution and have disproportionately few examples compared to the dominant
classes. The resulting imbalance makes it challenging to train models effectively for
these underrepresented classes. We introduce a comprehensive solution - STTP-Net:
Sampling- Tailored Two-Pronged Network (7) ' for long-tail class-imbalanced learn-
ing, which aims to address this issue holistically. The study thoroughly examines mized
sample data augmentation techniques in conjunction with various sampling strategies
to identify the most effective approaches for handling long-tail imbalance. Based on
this analysis, a hybrid mizup strategy tailored explicitly for data augmentation in long-
tail imbalanced settings is proposed. The core of the proposed approach comprises a
two-pronged network consisting of two classification heads designed to handle long-tail
imbalanced datasets. One head specializes in learning the head and median classes in
this design. In contrast, the other head becomes an expert in tail classes, striking a bal-
ance between accurate prediction of tail classes without compromising accuracy for the
head classes. Additionally, we address the label distribution shifts in long-tail imbalance
by introducing an Effective Balanced Softmaz (EBS) function. The presented method
achieves state-of-the-art performance in several benchmark categories for long-tail vi-
sual recognition datasets, surpassing the most prominent and pertinent end-to-end and
dual-branch approaches.

LF. Ansari, A. Panigrahi, and S. Das. “Sampling-Tailored Two-Pronged Network for Long-Tailed Class Imbalance
Learning.” Engineering Applications of Artificial Intelligence, 2025. doi: https://doi.org/10.1016/j.engappai.
2025.111466.
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3.1 Introduction

Deep Neural Networks have emerged as cutting-edge tools for diverse visual tasks, including image
classification, object detection, semantic, and instance segmentation. The performance of Convo-
lutional Neural Networks (CNNs) in visual tasks has experienced a significant boost, owing to the
rise in computational capabilities and the abundance of training data. However, this progress heav-
ily relies on the availability of meticulously curated, high-quality, and well-balanced datasets like
ImageNet (Liu et al., 2019b) characterized by a uniform distribution of samples across all classes.
Despite excelling on these datasets, these networks encounter significant challenges when dealing
with highly imbalanced data. Real-world data often exhibit a long-tailed distribution, where a few
classes possess high cardinality, representing the head classes. In contrast, many classes have very
low cardinality, constituting the tail classes. In applied engineering domains, this long-tailed imbal-
ance poses critical operational challenges. For instance:(1)In medical imaging (e.g., chest X-ray
diagnostics), rare pathologies (tail classes) like pneumothorax are underrepresented yet demand
high detection accuracy to avoid life-threatening oversights. (2)In industrial automation, defect
detection systems must identify rare failure modes (e.g., micro-cracks in semiconductor wafers)
to prevent costly production downtimes.(3)In autonomous driving, recognizing uncommon road
scenarios (e.g., overturned vehicles) is critical for safety but often lacks sufficient training data.
In such practical scenarios, deep networks struggle to yield satisfactory results for the tail classes
due to an overwhelming disparity of information available for the head and the tail classes. Conse-
quently, the models tend to overfit the head classes while underfitting the tail classes. Furthermore,
dissimilarities in data distribution between the training and testing sets can lead to reduced perfor-
mance on the test set. In response to these challenges, in this work, we propose a novel approach

to handle the complexities posed by long-tailed data effectively.

As data unavailability scales up, the challenge of learning from long-tailed data intensifies,
with a notable array of available techniques still insufficiently addressing this issue. However, the
popular techniques used to handle class imbalance with fewer classes like SMOTE (Chawla et al.,
2002a), DeepSMOTE (Dablain et al., 2022), and GAMO (Mullick et al., 2020) require considerable
computational resources, suffer from mode collapse, and thus, are not suitable for a large number of
classes as dealt in long-tailed datasets. To solve this issue, resampling strategies (Van Hulse et al.,
2007b; He and Garcia, 2009; Buda et al., 2018a; Japkowicz and Stephen, 2002a) and re-weighting
methods like (Huang et al., 2016b; Wang et al., 2017; Cao et al., 2019; Cui et al., 2019b) were
introduced that work by balancing the head and tail classes. Nevertheless, the implementation of
re-weighting strategies could pose challenges in optimizing models when trained on large-scale and
real-world datasets, and these strategies sometimes deteriorate the performance of models in the
majority classes to a large extent. Instead of reweighing or oversampling approaches, a separate line

of work focuses on spatial-level augmentation by using mixed data augmentation techniques like
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Mixup(Zhang et al., 2017a), CutMix (Yun et al., 2019a), Remix(Chou et al., 2020), MetasAug (Li
et al., 2021), and CMO (Park et al., 2022). Multi-branch networks have been introduced to improve
performance. These networks can be further classified into ensemble models (consisting of more
than 2 branches, with the option to increase the number of branches to enhance performance) (Xiang
et al., 2020; Cai et al., 2021; Zhu et al., 2022; Li et al., 2022b; Aimar et al., 2023a; Jin et al., 2023)
and dual-branch models (Zhou et al., 2020; Wang et al., 2021b; Cui et al., 2022; Fan et al., 2022;
Chen et al., 2023). Ensemble models, while improving accuracy, can suffer from drawbacks such as
high network complexity, resource intensiveness, interpretability challenges, potential overfitting,
and scalability issues. Dual-branch methods also demonstrate improved accuracy for medium and
few classes but may compromise accuracy for many classes. Thus, to further overcome this challenge
of improving the accuracy of all classes without hampering the performance of Many classes, two-
stage methods (hong et al., 2021; Kang et al., 2020; Wang et al., 2021b; Zhang et al., 2023a) are
proposed. However, these methods require multi-level tuning of multiple networks and a costlier

two-stage training process, which might not be feasible for large datasets.

To address challenges in improving the accuracy of the tail classes without significantly
deteriorating the accuracy of the head and median classes, we have come up with an STTP-Net,
a sampling-tailored two-pronged network for this particular task. This network incorporates two
specialized “experts,” each focusing on distinct data segments. One expert concentrates on learning
from the prevalent head and median classes, while another expert hones in on learning from the tail
classes. Utilizing these distinct experts allows us to discern the distribution of tail classes without
significantly compromising the accuracy of the head and median classes. The model categorizes
the data into three groups based on frequency: the “head” classes, the “median” classes, and
the “tail” classes. Each group is equipped with a dedicated sampler. The sampler for the tail
classes employs a class-aware reverse data loader strategy, selectively sampling a more significant
number of points from the tail classes compared to the median and head classes. Our method
utilizes a proposed data augmentation technique called “Hybrid-Mixup”, which was developed after
analyzing sampling strategies and mixed-sample data augmentation techniques. During training,
“Hybrid-Mixup” generates two augmented inputs for each expert in our two-prong network based
on data samples from different samplers. Both experts learn independently from these inputs,
maintaining a shared feature extraction network. Specifically, the feature extractor network shares
its weights across both inputs, with the divergence lying in the linear classifier layer, where weights
are not shared. To address the challenge of label distribution shift and mitigate classifier bias, we
also proposed a modification of the softmax function for long-tailed data distribution termed the
Effective Balanced Softmax (EBS) function. This function plays a crucial role during the training
process. It dynamically adjusts the loss function, placing greater emphasis on under-represented
classes within the training data. Consequently, the classifier is encouraged to learn more effectively

from these classes, resulting in a reduction in overall bias.
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The contribution of our research can be summarized as follows:

1. Analysis of Miz-data Augmentation with Sampling Strategies: The research delves into the
effectiveness of mix-data augmentation techniques for imbalanced and long-tailed class sce-
narios. This analysis explores a spectrum of sampling approaches to identify the most efficient
strategies.

2. Hybrid Mizup Technique: Based on the analysis, this work proposes a “hybrid mixup”
technique. This technique aims to improve representation learning across all classes (head,
medium, and tail) by strategically combining samples during augmentation.

3. Two-Pronged Network Architecture: The proposed framework, STTP-Net, utilizes a two-
pronged network architecture. This architecture shares a feature extraction network but
employs separate classifier heads for each branch.

4. Effective Balanced Softmax (EBS) Function: To address label distribution shifts, this work
introduces the “Effective Balanced Softmax” (EBS) function.

5. Engineering-Driven Validation: We conducted a comprehensive assessment of the effective-
ness of the proposed methodology, utilizing a rigorous evaluation process on prominent long-
tailed visual recognition datasets, namely: CIFAR-LT-10, CIFAR-LT-100, ImageNet-LT, and
NIH-CXR-LT (a medical imaging benchmark for chest X-ray diagnosis). Our method sur-
passes the performance of conventional end-to-end training techniques tailored for long-tailed
visual recognition, attaining a remarkable state-of-the-art performance in specific benchmark
categories. The improved accuracy on NIH-CXR-LT underscores STTP-Net’s applicability
to critical engineering systems like healthcare diagnostics, where detecting rare pathologies is

vital.

The rest of the chapter is organized in the following way. Section 2 reviews related works
and provides context. Section 3 analyzes the existing data augmentation methods and sampling
techniques. Section 4 outlines the proposed methods. Section 5 discusses the quantitative and
qualitative findings. Section 6 does an ablation study of the proposed method, and Section 7

concludes with some intriguing future research avenues.

3.2 Related Works

Researchers deploy data resampling methods to address challenges stemming from imbalanced
training data (Johnson and Khoshgoftaar, 2019). These techniques fall into two categories: Under-
sampling and Oversampling. Undersampling approaches (He and Garcia, 2009; Buda et al., 2018a;
Japkowicz and Stephen, 2002a; Van Hulse et al., 2007b) tackle data imbalance by removing samples
from the majority class. While effective for slightly imbalanced larger datasets, they risk informa-
tion loss and data variability issues, especially with smaller datasets or significantly imbalanced

class distributions. In contrast, oversampling methods aim to balance the dataset by increasing
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the number of minority class samples. Random oversampling (Buda et al., 2018a; Van Hulse et al.,
2007b), a simple form of oversampling, duplicates all minority class samples for balance. However,
this computationally efficient approach amplifies the dataset without enhancing data variability,
often leading to overfitting. A more advanced oversampling technique, Synthetic Minority Over-
sampling Technique (SMOTE) (Chawla et al., 2002a), addresses this by generating synthetic sam-
ples through interpolation between pairs of existing minority samples. Multiple SMOTE variants,
like Borderline-SMOTE (Han et al., 2005a) and Safe-level SMOTE (Bunkhumpornpat et al., 2009),
have emerged following SMOTE’s success. Recently, Mondal et al. (2024) (Mondal et al., 2024b)
introduced the CCO technique, which designates “Cluster Cores” as dense central regions in the
feature space and employs a clustering-driven oversampling strategy to generate synthetic samples
within the convex hull of minority class points. However, these traditional methods, while effective
in machine learning, struggle with scalability for image datasets due to the computational demands
of nearest-neighbor calculations and remain inadequate for modeling intricate, high-dimensional

data distributions due to their reliance on Euclidean distance metrics and linear interpolation.

Beyond resampling techniques which used in traditional machine learning, there is an active
research strand involving the generation of synthetic data points for the deep learning techniques.
Deep oversampling techniques such as Deep Over-Sampling (DOS) (Ando and Huang, 2017), Gen-
erative Adversarial Minority Oversampling (GAMO) (Mullick et al., 2020), and DeepSMOTE
(Dablain et al., 2022) aim to mitigate class imbalance by generating synthetic samples within a
learned feature space rather than performing naive resampling. DOS (Ando and Huang, 2017) ex-
tends traditional over-sampling to the deep feature space of a convolutional neural network (CNN)
by interpolating synthetic embeddings from a linear subspace of in-class neighbors, reducing intra-
class variance and improving feature discrimination. However, its assumption of local linearity does
not always hold, particularly for highly complex or non-linearly separable data, and its iterative tar-
get updating adds computational overhead. To address this, GAMO (Mullick et al., 2020) adopts
a generative adversarial approach, where a convex generator creates synthetic minority samples
that fool both a classifier and a discriminator, thereby refining decision boundaries. While this
adversarial game effectively positions synthetic instances near minority class peripheries, GAMO
suffers from mode collapse, leading to poor sample diversity, and its need for a separately trained
generator further increases computational costs. DeepSMOTE (Dablain et al., 2022) attempts to
balance these trade-offs by combining an encoder-decoder framework with SMOTE-based interpo-
lation, generating synthetic samples in feature space before decoding them back into the original
domain. Unlike GAN-based methods, it avoids discriminator training, reducing complexity, but its
reliance on nearest-neighbor selection remains computationally expensive and ineffective in sparse
minority distributions. While these methods have shown promise in handling standard class imbal-
ance, they remain inadequate for long-tailed settings where extreme imbalance introduces further

challenges. The presence of a large number of classes in long-tailed distributions makes these meth-
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ods increasingly complex, as architectures must scale with class diversity, rendering them infeasible
for real-world long-tailed imbalances. To address the long-tailed setting, approach known as Bal-
ancing Long-Tailed Datasets with Adversarially-Perturbed Images (BLT) (Kozerawski et al., 2021)
has been introduced. BLT (Kozerawski et al., 2021) employs a gradient-ascent-based adversarial
image generation technique to perturb tail-class images into hard examples, which are then used for
training. Here, 'adversarial perturbations’ refer to gradient-level pixel shifts that can create visual
artifacts ("'unnatural distortions’) not present in real data. Unlike generative models such as GANs
or VAEs, BLT does not require additional neural networks, reducing training complexity. While
BLT improves tail-class accuracy without compromising head-class performance, its reliance on ad-
versarial perturbations may lead to unnatural distortions that do not always align with real-world
data distributions. Additionally, its effectiveness depends on the quality of the confusion matrix,

which may not generalize well across different datasets.

Rather than generating additional samples, an alternative paradigm focuses on adjusting
the learning dynamics by modifying the contribution of different samples or classes during train-
ing, which seems more feasible in case of long-tailed distribution. This shift in strategy has led to
the emergence of re-weighting techniques, which offer a more direct and computationally efficient
way to address long-tailed class imbalance. Unlike resampling or synthetic data point generation,
re-weighting strategies work by assigning different weights to different classes and samples. The
most traditional approach assigns class weights inversely proportional to the number of samples
(Huang et al., 2016b; Wang et al., 2017). However, this naive strategy can lead to overcompen-
sation, causing minority class overfitting. More advanced formulations have been proposed to
mitigate such limitations. A widely used method for re-weighting long-tailed datasets is LDAM-
DRW (Label-Distribution Aware Margin with Deferred Re-Weighting) (Cao et al., 2019), which
enhances generalization by combining class-specific decision margins with an adaptive re-weighting
schedule. The LDAM loss modifies the cross-entropy loss by introducing a margin that is inversely
proportional to the number of samples in each class. This ensures that minority classes receive
larger margins, preventing the classifier from developing overly tight decision boundaries around
head classes, which typically dominate training. LDAM is often used in conjunction with Deferred
Re-Weighting (DRW), a two-phase training strategy where uniform class weighting is initially used
for better feature learning and class-balanced re-weighting is applied in later stages to refine decision
boundaries. While LDAM-DRW improves tail-class performance, it may still be sensitive to outliers
that can distort decision margins. Another loss known as Class Balanced Loss (Cui et al., 2019b)
introduces the concept of effective number of samples to determine class weights dynamically. In-
stead of relying on simple inverse frequency, the effective number of samples for a class is defined.
This formulation prevents extreme weighting while maintaining balanced weights across classes.
However, its reliance on hyperparameters requires careful tuning, and in cases of severe imbalance,

the loss may still suffer from performance degradation in the tail classes. Another refined approach
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is Balanced Softmax (Ren et al., 2020a), which directly modifies the softmax normalization to
integrate class frequency priors. Instead of computing standard probabilities, Balanced Softmax
introduces frequency-based corrections into the logit computation. This adjustment ensures that
majority classes are not disproportionately favored by the classifier, thereby mitigating bias. While
Balanced Softmax improves class-level balance, it assumes that the dataset distribution remains
stable throughout training, which may not be valid in dynamically evolving datasets. Beyond
class-wise re-weighting, instance-level re-weighting techniques provide an alternative mechanism by
dynamically adjusting sample importance during training. One widely used approach is Focal Loss
(Lin et al., 2018), which down-weights well-classified instances to emphasize hard examples. This
loss ensures that easily classified instances contribute minimally to gradient updates. While this
improves performance on minority classes, Focal Loss assumes that all hard-to-classify instances are

useful, which may not hold in scenarios with label noise or highly overlapping class distributions.

A separate line of work focuses on various image augmentation strategies to increase the
frequency of tail classes. Image augmentation strategies have shown favorable results in dealing
with imbalanced datasets. Traditional augmentation strategies like rotation, cropping, flipping,
etc. are widely used to mitigate data imbalance. They are applied on input images, and hence,
they inherently limit the data variability of minority classes in long-tailed datasets. To counter this
problem, Implicit Semantic Data Augmentation (ISDA) (Wang et al., 2019b) performs semantic
augmentations on images by statistically estimating the class-wise covariance matrices of the data
points. This calculation, however, depends on the calculation of covariance matrices, which is
difficult to compute for minority classes in long-tailed datasets due to the extremely limited number
of samples. MetaSAug (Li et al., 2021), introduced by Li et al. (2021), provides a framework to
optimize the augmentation strategy of minority classes dynamically during training. Instead of
relying on precomputed covariance matrices, MetaSAug (Li et al., 2021) estimates the class-wise
covariance matrices “3;” in an online meta-learning fashion, applying semantic augmentations that

enhance the performance of ISDA in long-tailed datasets.

Mixup (Zhang et al., 2017a) and Remix (Chou et al., 2020) are augmentation techniques
where images are created by interpolating between two images. Remix favors the minority classes
while doing this interpolation, pushing the decision boundary toward the majority class. However,
Mixup-based methods assume that interpolated feature representations retain semantic meaning,
which may not always hold in highly imbalanced distributions where minority class characteristics
are not well represented. CutMix (Yun et al., 2019a) cuts out random patches from images and
fills the empty patch with other training images. Although CutMix improves generalization, it
may suffer in long-tailed settings where tail-class features are underrepresented, making the mixed
images overly influenced by majority classes. Park et al. (Park et al., 2022) describes a method
that utilizes the context-rich majority class images as background images and takes cutout minority

class images as foreground images. By explicitly placing the cutouts of minority class instances in



3.2 | Related Works 49

majority class instances as a background, it diversifies the minority samples.

While augmentation techniques provide a valuable alternative to oversampling or reweight-
ing methods, their effectiveness is highly dependent on the characteristics of the data set. Simple
transformations like cropping and flipping offer limited benefits in cases of extreme imbalance, while
Mixup-based approaches require sufficient feature diversity to produce meaningful interpolations.
Advanced techniques like ISDA and MetaSAug improve semantic augmentation but introduce com-
putational overhead due to covariance estimation. Similarly, methods like CutMix and contextual
augmentation refine class distributions but may still struggle with severe underrepresentation of
tail classes, leading to suboptimal decision boundaries. As a result, augmentation-based techniques
often benefit from integration with other strategies, such as meta-learning frameworks or adaptive

loss functions, to enhance robustness in long-tailed recognition.

Another area of research explores dual-branch networks, which aim to balance feature learn-
ing and classification by leveraging multiple training streams. Zhou et al. introduced a dual-
branched network called BBN (Zhou et al., 2020), where one branch is trained on the original data
distribution while the other is trained using a reverse sampler that prioritizes tail classes by increas-
ing their sampling probability and reducing that of head classes. Both branches share a common
ResNet backbone for feature extraction, and their outputs are combined using a cumulative learning
approach to maintain overall class balance. Building upon this, ResLT (Cui et al., 2022) extends
BBN (Zhou et al., 2020) into a triple-branch architecture by categorizing the dataset into three
distinct subsets: head, median, and tail classes. Each branch specializes in different class combi-
nations—(head, median, tail), (median, tail), and (tail)—which enhances parameter specialization
and improves tail-class recognition. Residual connections aggregate the outputs, ensuring smoother
feature adaptation across imbalanced class distributions. Another state-of-the-art approach, Rout-
ing Diverse Distribution-Aware Experts (RIDE) (Wang et al., 2021b), introduces a sophisticated
multi-expert network where each branch employs a specific loss function and incorporates a di-
versity loss based on divergence measures. This enforces collaboration among multiple experts,
leading to mutually reinforcing predictions. While RIDE enhances generalization and robustness in
long-tailed classification, its reliance on multiple experts significantly increases computational over-
head and memory consumption, making it less scalable for large-scale datasets. The Cumulative
Dual-Branch Network Framework (CDBNF) (Fan et al., 2022) extends the dual-branch paradigm
by integrating class imbalance learning and feature representation learning simultaneously. One
branch focuses on learning from imbalanced data to improve tail-class classification, while the other
branch employs few-shot learning to enhance feature representation. Additionally, the framework
implements a Cumulative Learning Strategy (CLS), progressively emphasizing tail classes through-
out training. Despite its effectiveness, CLS requires careful tuning of curriculum schedules, and
the reliance on two separate optimization objectives may lead to instability if not well-calibrated.

To further refine long-tailed learning, the Bilateral expert-based Feature Redundancy Reduction
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and Rebalancing (Bi-F3R) (Chen et al., 2023) approach was introduced, drawing inspiration from
information theory to address the trade-off between tail-class and head-class performance. Bi-F3R
actively removes redundant information from well-represented classes while preserving critical tail-
class features. This is achieved through a feature redundancy extraction module, along with two
complementary loss functions: one encouraging the model to forget redundant information, and
the other guiding it to learn more discriminative representations for rare classes. While Bi-F3R
improves tail-class differentiation, its dependency on explicitly modeling feature redundancy can

introduce sensitivity to dataset shifts, requiring additional regularization strategies for robustness.

Although dual-branch architectures and multi-expert frameworks have demonstrated strong per-
formance in long-tailed learning, they introduce significant architectural complexity. These models
often require additional computational resources for multiple branches or expert modules, mak-
ing them challenging to scale efficiently. Furthermore, designing an optimal fusion strategy for
multi-branch outputs remains an open research problem, as naive aggregation may fail to preserve

class-discriminative properties.

Beyond architectural modifications and augmentation strategies, recent advancements in
representation learning have introduced alternative approaches for tackling long-tailed distribu-
tions. Ome such direction is contrastive learning, which focuses on learning discriminative feature
representations by pulling similar instances together and pushing dissimilar ones apart in the em-
bedding space. Wang et al. (Wang et al., 2021a) propose an innovative hybrid network design that
combines a supervised contrastive loss for image representation learning and a cross-entropy loss for
classifier learning. The learning process transitions gradually from acquiring features to learning
classifiers. However, contrastive learning suffers from poor uniformity in feature space, which is an
inherent nature of long-tailed data distributions. Hence, Li et al. (Li et al., 2022¢) propose a novel
framework that enhances the uniformity of feature distribution on the hypersphere, thus improv-
ing the performance of supervised contrastive learning. Despite these improvements, contrastive
learning-based approaches require large batch sizes and effective negative sampling strategies, which

can be computationally expensive and challenging to optimize for highly imbalanced datasets.

Another prominent research direction focuses on two-stage learning strategies, which aim
to mitigate class imbalance by decoupling feature representation learning from classifier training.
Two-stage methods train a single network for both representation and classifier learning. However,
this can hamper the learning process as there is overwhelmingly more information about the head
classes than in the tail classes. Hence, decoupling the Representation Learning and Classifier
training stages to create a two-stage approach has been gaining popularity. In their work, Kang et
al. (Kang et al., 2020) demonstrated decoupled representation and classifier learning, where they
trained the representation learning network on uniformly sampled data points and the classifier on
class-balanced samples. Zhou et al. (Zhou et al., 2020) later integrated Mixup into this learning

paradigm. While these methods improve generalization across imbalanced distributions, they rely
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on the assumption that a well-trained feature extractor can generalize to tail classes, which may
not hold when tail-class features are severely underrepresented. Moreover, the effectiveness of two-
stage training is dependent on the choice of balancing strategies during classifier training, requiring

additional hyperparameter tuning.

Another crucial aspect of long-tailed learning is calibration, as neural networks tend to be
overconfident in their predictions, particularly for head-class samples. Miscalibration is a vital
issue in long-tailed classification, where the predicted probability distribution of classes is heavily
influenced by the number of training samples per class. Moreover, classifiers tend to be highly
overconfident in the head classes. To solve these issues, Zhong et al. (hong et al., 2021) proposed
Shifted Batch Normalization and Label-Aware Smoothing, which, when combined with Mixup
(Zhang et al., 2017b), effectively counteract varying degrees of over-confidence in classifiers. Al-
though these techniques improve model calibration, they require additional hyperparameter tuning
to determine the extent of smoothing and shifting required for different imbalance levels. Further-
more, these methods assume that label smoothing and batch normalization shifts will be sufficient

to correct calibration errors, which may not generalize well to extremely skewed datasets.

Finally, evaluation practices in long-tailed learning pose a fundamental challenge, as con-
ventional validation sets often fail to reflect real-world class distributions. Long-tailed classifiers
are generally validated on a test set with a uniform class distribution. Hong et al., in their work
LADE (Hong et al., 2021), argue that this practice is suboptimal, as real-world datasets may follow
arbitrary class distributions. Hence, they propose to disentangle the source label distribution from
the model prediction so that it can adapt to any random probability distribution during inference.
While LADE provides a more flexible evaluation framework, it requires an accurate estimation of
prior class distributions at inference time, which is often unavailable in real-world scenarios. Addi-
tionally, disentangling label distributions may lead to suboptimal performance when the underlying

data shifts significantly.

Crritical Limitations of Existing Approaches and Our Resolution. Despite significant ad-
vancements in long-tailed learning, existing methods exhibit fundamental limitations that hinder
their effectiveness in real-world scenarios. Resampling techniques and synthetic sample genera-
tion methods (e.g., GAMO) often suffer from computational inefficiency, mode collapse, and lim-
ited sample diversity, restricting their generalizability. Re-weighting strategies (e.g., LDAM, Focal
Loss) attempt to balance class contributions but frequently degrade head-class accuracy, leading
to biased decision boundaries. Augmentation-based approaches (e.g., Mixup, CutMix) lack tai-
lored mechanisms for handling long-tailed data, failing to ensure sufficient feature diversity across
minority classes. Dual-branch architectures (e.g., BBN, ResLT) enhance tail-class recognition but
often come at the expense of head- and median-class performance, while more complex frameworks
(e.g., RIDE, CDBNF) introduce significant architectural and computational overhead. Two-stage

methods, which decouple representation learning from classifier training, mitigate class imbalance
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but require additional training phases and careful tuning, making them less practical for large-scale
applications.

To overcome these limitations, we propose STTP-Net, a novel framework integrating three key inno-
vations: (1) a Hybrid Mixup strategy, which combines Context-Rich Median Oversampling (CMeO)
with reverse-sampled Mixup to promote diverse feature representations across all class distributions;
(2) a Two-Pronged Network Architecture, featuring a shared feature extractor and dual classifiers
specialized for head /median and tail classes, thereby eliminating performance trade-offs; and (3) an
Effective Balanced Softmax (EBS) loss, which dynamically adjusts label distributions to mitigate
bias and prevent overfitting. By holistically addressing computational inefficiency, label shift, and
class-specific performance degradation, STTP-Net achieves state-of-the-art results without sacri-

ficing head-class accuracy, offering a robust and scalable solution for long-tailed recognition.

In the above discussion, our method is closely related to the dual-branch network. We at-
tempt to address the drawbacks of these methods, as most of them aim to improve the performance
of the tail classes. However, in the process, they hinder the performance of the head and median
classes. We propose a method that also emphasizes the performance of both the head and median

classes, in addition to enhancing the performance of the tail classes.

3.3 Analysis of Augmentation Method along with different sam-
pling strategies

Augmentation Strategies. Data augmentation plays a crucial role in improving the general-
ization performance of deep neural networks by augmenting the training data to create diverse
samples without collecting additional labeled data. In this section, we introduce state-of-the-art
data augmentation techniques, CutMix(Yun et al., 2019a) and Mixup(Zhang et al., 2017b), along
with these also discuss CMO (Context rich minority oversampling technique) (Park et al., 2022)
and define new augmentation technique as the Context rich median oversampling (CMeO). Let us
explore how these techniques can improve representation learning and their impact on different

data sampling strategies in a long-tail imbalanced scenario.

Mizup(Zhang et al., 2017b) is a powerful data augmentation technique proposed by Zhang et
al. (2017) that encourages the model to learn more generalized and smoother decision boundaries.
Mixup operates at the pixel level by linearly interpolating pairs of images and their corresponding
labels. Specifically, the algorithm creates a new training sample for two randomly chosen images
by combining their pixel values and labels in the same ratio. Blending different images prevents
overfitting and reduces the likelihood of the model memorizing noise in the training data. More-
over, Mixup encourages the network to exhibit greater sensitivity to variations in the input space,

enhancing its ability to handle out-of-distribution samples more effectively. Mixup can represented
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as mixing two data points using a parameter \ as:

T = )\.%'i (1 — )\).I‘j, (3.1)

(1 =Ny, (3.2)

+

g = Ay

where (z;,2;) are the inputs from classes i and j, and (y;,y;) are the one hot encoded labels of
the corresponding inputs. The parameter A is drawn from a beta distribution i.e A ~ S(a, ).
The choice of a symmetric Beta distribution follows established Mixup protocols. Mixup works by
regularizing the network to favor simple linear behavior between training samples, which effectively
smooths the decision boundaries. The parameter « controls the intensity of this interpolation;
smaller values ensure the model remains focused on the primary characteristics of the rare tail
classes while still benefiting from the broadened feature space. (Z,7), is the newly generated data

point, with data as &, and corresponding label as .

CutMiz(Yun et al., 2019a) introduced by Yun et al. (2019) is a data augmentation technique
introduced as an extension of the traditional Cutout and Mixup methods. The key idea behind
CutMix is to combine information from different images by cutting and pasting random patches
during training. This process encourages the model to learn robust features and enhances its
generalization ability to unseen data. Blending two images through CutMix results in a more
diverse dataset, effectively preventing the model from relying too heavily on specific image regions
during training. By introducing this novel form of regularization, CutMix mitigates overfitting and
improves the network’s performance on challenging test samples. CutMix generates a new training
sample (Z,y) by combining two training samples (21, y1) and (z2, y2). combining operation defined

as:

T=M0obzx + (1 — M)l’g, (33)
g =y + (1= Ny, (3.4)

where M € {0,1}">*# is a binary mask that identifies areas for dropout and replacement from
two images. The symbol 1 represents a binary mask filled entirely with ones, and ® denotes

element-wise multiplication.

CMO (context-rich minority oversampling technique) (Park et al., 2022) is the modification
of the CutMix for the long-tail imbalance dataset, which mixes the sample similarly to CutMix but
considers the background as the image taken from the majority classes and pastes the masked

image taken from the minority classes.

Based on this, we introduce the Context rich median oversampling (CMeO) technique,
which is similar to the CMO. However, the difference is that we focus on the Median classes. That

is, while applying CutMix, the background image is chosen from the head classes, but the masked
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image pasted on it will be taken from the Median classes.

Sampling strategies. Moreover, Sampling techniques play a crucial role in training ma-
chine learning models, especially when dealing with imbalanced datasets where the distribution of
classes is uneven. Let us define the sampling using the common formula to represent the different

sampling strategies:

(Inj — | + €)°
S (ni — o]+ &)

where C total classes, ¢ € [—1,1], ¢ represent some statistics corresponding to the number of

i = (3.5)

samples in the dataset, and e is the small value added to avoid dividing by zero error. Different

sampling strategies arise based on the different values of the ¢ and .

Instance-balanced sampling. For instance sampling, the probability pé”St

3.5 by using ¢ = 1 and ¢ = 0, i.e., a data point from class j will be sampled proportionally to the

is given by Eqn

cardinality n; of the class in the training set.

Reverse-balanced sampling. For Reversed sampling, the probability p}fev

as per Eqn 3.5 is
calculated using ¢ = 1 and ¥ = N, where N = ZZC n;, i.e. a data point from the minority class

will be sampled with the high probability corresponding to the sample from the majority class.

Median-balanced sampling. For Median sampling, the probability pg'"“d the Eqn 3.5 by
using ¢ = —1 and ¢ = M, where M = Med{ni,n2,n3, -+ ,n;,--- ,nc}, and Med is the function
to calculate the median from the given numbers i.e., a data point from the median (or medium)
classes will be sampled with the high probability corresponding to the sample from the majority or

minority classes.

Now, we need to analyze how combining different augmentation methods with different
sampling strategies affects the network’s performance. Moreover, to show the performance of
different classes, we have divided the classes into six groups for better performance analysis: Head
of Head (HH), Tail of Head (TH), Head of Medium (HM), Tail of Medium (TM), Head of Tail (HT),
and Tail of Tail (TT). This approach provides a more comprehensive understanding of performance

instead of dividing the classes into only three groups (Many, Medium, and Few).

We conducted experiments on the CIFAR-100-LT dataset with an imbalance ratio of 100,
trained on Resnet32 using cross-entropy loss. We tested 8 combinations of sampling strategies and
augmentation techniques, as depicted in Figure 3.1. The figure displays the accuracy of various
classes for different sampling and augmentation strategy combinations. The bar plot on the same
figure indicates the number of samples in each category. From Figure 3.1, we can see that the
CutMix augmentation technique with the instance sampler gives higher head class accuracy than
the tail and median classes. In contrast, in the case of the tail classes, the mixup augmentation,

along with the combination of the reverse sampler, gives much better accuracy compared to the head



56 CHAPTER 3 | STTP-Net

Table 3.1: Comparison of performance metric accuracy across different groups for various augmen-
tation methods and samplers.

(a) Head of Head and Tail of Head (Table 1-a)

Augmentation Method  Sampler Used ‘ Head of Head (n > 250) Tail of Head (250 > n > 100)

Instance

Mixup Reverse 60.13 62.05
Median 53.2 61.8

Instance 67.35

CutMix Reverse 50.47 57.4
Median 41.00 57.20

CMeO Instance + Median | 74.4 65.70
CMO Instance + Reverse ‘ 76.00 64.30

(b) Head of Median and Tail of Median (Table 1-b)

Augmentation Method  Sampler Used ‘ Head of Median (100 > n > 50) Tail of Median (50 > n > 25)

Instance 46.87 38.14
Mixup Reverse 49.6 46.07
Median 57.67 49.21

Instance 47.33 41
CutMix Reverse 48.73 44.14
Median 56.33 49.14
CMeO Instance + Median | 52.27 46.21
CMO Instance + Reverse | 48.07 41.86

(c) Head of Tail and Tail of Tail (Table 1-c)

Augmentation Method ~ Sampler Used | Head of Tail (25 >n >15) Tail of Tail (n < 15)

Instance 18.00 3.04
Mixup Reverse 29.50 11.50
Median 26.75 8.33
Instance 16.92 3.67
CutMix Reverse 24.25 10.00
Median 27.17 6.42
CMeO Instance + Median ‘ 17.92 4.29

CMO Instance + Reverse ‘ 23.33 11.50
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Accuracy Comparison by Accuracy Measure and Augmentation Method
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Figure 3.2: Plot showing Comparison based on accuracy for different groups for different augmen-
tation methods and samplers

and median classes. Let us look at the Table 3.1 for a more detailed analysis. The table compares
performance metrics, specifically accuracy, for different augmentation methods and samplers across
various class subsets. Mixup with Instance sampler excels in the "HH” and ”TH,” achieving high
accuracy (77.2% and 66.2%, respectively). In contrast, Mixup with Reverse sampler performs well
in the "HT” and ”TT,” with notable accuracy (29.5% and 11.5%, respectively). CutMix with
Instance sampler is effective for "HH” and ”TH,” achieving high accuracy (76.8% and 67.35%,
respectively), while CutMix with Reverse sampler stands out in "TT” with a significant accuracy
of 10%. CMeO demonstrates balanced performance across subsets, particularly excelling in ” TH”
(65.7%) and ?TM” (52.27%). On the other hand, CMO is well in "HT” (23.33%) and ?TT” (11.5%).
To summarize, the selection of techniques relies on the attributes of the data subset. CMeO displays
potential for balanced results in the head and medium classes, while mixup with reverse sampler
performs well in the tail classes, with over 6% improvement compared to CMO in the "HT” classes.
Well, as seen from Figure 3.2, CMeO shows balanced results till ?TM”. After that, the mixup with
the reverse sampler started showing better performance. This analysis highlights the significance

of customizing augmentation strategies for specific subsets to achieve optimal outcomes.
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3.4 Proposed Methodology

Based on our analysis of the previous section, we have devised a new data augmentation technique
that is ideal for long-tail imbalanced datasets. In this section, we introduce STTP-Net, a novel
Sampling-Tailored Two-Pronged Network for long-tailed classification. Our approach leverages a
hybrid augmentation strategy (HybridMixz) and a reweighted loss function i.e. Effective Balanced
Softmax (EBS) Loss to mitigate class imbalance by redistributing decision boundaries. The pro-
posed method ensures robust feature learning across all class distributions by integrating adaptive
data sampling, augmentation-driven feature expansion, and classifier bias correction. The over-
all framework is illustrated in Figure 3.3. We begin by formalizing the long-tailed classification
problem and defining class groups (Subsection 3.4.1), followed by an overview of the STTP-Net
architecture (Subsection 3.4.2). Next, we detail HybridMix (Subsection 3.4.3) and than derive the
Effective Balanced Softmax (EBS) function 3.4.4 followed by the derivation of EBS Loss (Sub-
section 3.4.4.1) to address label distribution shifts. The two-phase training strategy (Subsection
3.4.5) is then explained, balancing hybrid augmentation with boundary refinement, and finally,
the inference mechanism (Subsection 3.4.6) is described, where weighted logit fusion ensures bal-
anced predictions. This structured progression ensures systematic alignment between theoretical

formulation, implementation, and evaluation.

3.4.1 Problem Definition and Notation

We define the long-tailed classification problem as a multi-class learning task where the class dis-
tribution is highly imbalanced, leading to biased model predictions. Given a dataset D = (X,Y),
where X = {z1,z2,..., N} represents input images and Y = {y1, 42, ..., yn} are their correspond-
ing labels, the goal is to train a classifier that maintains performance across all classes despite
significant differences in sample sizes. Each image x; € RV *H*C helongs to one of k classes, where
the number of samples per class n; varies significantly, forming a long-tailed distribution. The
dataset size is defined as N = Zle n;, where n; represents the number of instances in class 7. The
classes are labeled such that ny > ny > ... > ng, meaning the head classes have the highest sample
counts while the tail classes have the least. To handle the imbalance, we define three distinct class
groups:(1) Head classes: Classes with a large number of samples (n; > 100). (2) Medium classes:
Classes with a moderate number of samples (20 < n; < 100).(3) Tail classes: Classes with very few

samples (n; < 20).

3.4.2 An Overview of our Framework

As shown in the figure 3.3, our proposed method consists of a shared backbone network g to
extract the image features or to learn the representation of the image, followed by the multi-head,

multi-layer perceptron network fi, and fy for classification. In the first stage, three different data
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Figure 3.3: Above, the training phase is shown, where the backbone network g, with two heads f;
and fo, are trained using our hybrid mixup technique using effective balanced softmax loss. Below,
the testing phase is shown, which shows how the network is used during inference time.
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samplers are constructed. The data are sampled from these samplers and are augmented according
to our proposed HybridMix approach and training is done using the proposed Effective Balanced
Softmax (EBS) Cross-Entropy loss function. Now, we define each part of our algorithm one by
one, starting with the augmentation strategies followed by the proposed effective balanced softmax

function to tackle the problem of label distribution shift.

3.4.3 HybridMix: Combined augmentation with diverse sampling

Modified CutMix strategy between head classes and medium classes: We will be going
to apply the Context rich median oversampling (CMeO) technique discussed above. It selects one
sample from the instance sampler, and another from the median sampler. Mathematically, let
(z1,yr) be the sample selected from the instance sampler and (z7,yar) be the sample selected
from the median sampler. Now perform the CutMix between these two samples taken from the

different samplers. Such that:

T, =Mozy+(1-M)O6zr, (3.6)
Y, = Aym + (1 = N, (3.7)

where M € {0,1}"W>*# is a binary mask that identifies areas for dropout and replacement from two
images. The symbol 1 represents a binary mask filled entirely with ones, and ® denotes element-
wise multiplication. To sample M, we first get the bounding box coordinates [ = (cz, cy, wd, ht) for
the cropping regions. We remove the region [ from x; and fill it with the corresponding patch from
the xps. (Zh1, Y, ), is the newly generated data point, with data as Z51, and corresponding label as
gn1- To get the O coordinates, cx ~ U0, W), cy ~ U(0, H), wd = W+/1T — X, and ht = Hy/1 — \.
The mask M € {0,1}"W>*# is decided by filling with 1 within the OJ in M, and rest of the values
with 0.

Mixup on the samples taken from the reverse sampler: Let (z,,,y,,) and (2,, Yr,)
be the samples selected from the reverse sampler. Now perform the mixup between these two

samples as:

Fhy = Atpy + (1 — Ny, (3.8)
ghQ = )‘yrl + (]— - )‘)yrza (39)

The parameter A is drawn from a beta distribution beta(a, o). (Zp,,Jn,), is the newly generated
data point, with data as Zj,, and corresponding label as ,. In the pursuit of optimizing our net-
work training methodology, we incorporate the hybrid mixup technique. Notably, we strategically
allocate the final epochs (7) for distinctively training our network. During this phase, we delib-

erately abstain from applying the hybrid mixup, opting instead to leverage samples directly from
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the instance sampler for the Head 1 classifier (f1) and samples from the reverse sampler for the
Head 2 classifier (f2), as elucidated in Algorithm 2. This nuanced approach harnesses the benefits
of a hybrid mixup for enhanced representation learning. Furthermore, the deliberate omission of
a hybrid mixup in the concluding epochs serves a specific purpose—it facilitates more insightful

segregation of decision boundaries, thereby contributing to the overall efficacy of our model.

3.4.4 Effective Balanced Softmax (EBS)

Under the long-tailed scenario, the Softmax function exhibits intrinsic bias. Consequently, there
arises a necessity to adapt the Softmax function to capture the shift in label distribution during
test time explicitly. We will see from the probabilistic perspective how it can be modified. Let’s
consider our classification task, where the goal is to train a model for accurately predicting the
class y when presented with an input image x. The distributions of the training and test sets are
denoted as p(x,y) and p(x,y), respectively. In real-world scenarios, a model trained on a dataset
with a long-tailed class distribution often faces challenges due to a shift in label distribution. This
implies that the distribution of labels in the training set, p(y), differs from that in the test set,
p(y), expressed as p(y) # p(y). However, it is important to note that the conditional distributions
remain consistent, meaning that p(x|y) = p(z|y). To solve this problem of label distribution shift,
let’s revisit the multiclass softmax regression problem, conceptualized as a multinomial distribution
denoted by ®:

d— (I,i{yzl}@;{yﬂ}@;{y:?»} . q,;{y:k}, (3.10)

ﬁ, where ¢; = fy(g(z))[j] is the logit of class-j of

the model, where z is the input image and Z;?:l ®; = 1. As per Bayes’ rule, the interpretation of

where 1(-) is the indicator function, ®; =

®,; can be expressed as:

p(zly = j)ply = j)
p(x) '

From the above equation, to address the class imbalance, our primary focus lies on the variable

@ =py=jlr) = (3.11)

p(y = 7). While we assume that both the training and test datasets originate from an identical
process p(z|ly = j), disparities may arise during testing due to variations in label distributions
p(y = 7), as well as the available evidence p(x). That is when we examine the label shift problem,
wherein the target label distribution differs from the source (train) label distribution , it becomes
apparent that the model’s predictive estimates of p(y|z) cannot effectively anticipate the shifted
distribution. This limitation arises from the significant interdependence between p(y|x) and p(y),

as substantiated by Bayes’ rule.

To address the difference in posterior distributions between the training and testing phases,
we will use the concept of effective number (Cui et al., 2019b) as proposed by Cui et al. They
consider a class and denote the set encompassing all potential data points within the feature space

of this class as ’S’. They assume that the volume of ’S’ is represented by 'A,” with *A/” being equal
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to or greater than 1. Each data point is referred to as a subset of ’S’, characterized by a unit
volume of 1, allowing for potential overlaps between these subsets. This methodology aligns with
the principles of a random covering problem. Within this framework, conduct a random sampling of
subsets from ’S’ to comprehensively cover the entire set ’S’. Notably, as the quantity of data samples
drawn increases, the coverage of 'S’ also improves; this, in turn, leads to an expected increase in
the total volume of the sampled data, and such growth is bounded by *A.” Thus, they define the
effective number of samples as the anticipated volume of these individual samples. Mathematically,
effective number is given by E,, = (1 — 3")/(1 — 3)), where n € Z* is the number of samples and
B=WN-1)/N.

In the context of our problem, to address the issue of differences in the posterior distributions
of our training and testing phases, we can apply the effective number concept to find the probability
of samples in the given class when there is an imbalance in the classes. We redefine the softmax
function for imbalanced data and named it as Effective Balanced Softmaz. Consider conditional
probabilities ® for the imbalanced training set and ® for the balanced testing set. And p(xly) =
p(z|y) = p(x|y), by the assumption that instances in both the test and training datasets originate
from the identical process.

Theorem 1. Let’s consider ® as the target conditional probability for a balanced dataset, defined

as i)j =p(y = jlx) = ﬁ(j;'g;j) % Similarly, let’s define ® as the target conditional probability for an
; i ; B Al — i) — Ply=4)  1-p"
imbalanced training set, given by ®; = p(y = j|x) 2@ S (1)

the standard Softmaz function of the model’s output p, we can then represent d as:

6 eple)(l—8Y)
j k o
Zi:l exp(p;)(1 — Bmi)

When expressing ® using

(3.12)

Outline of the Proof. Theorem 1 establishes that the posterior class probabilities <i>j
under a label-imbalanced training distribution can be expressed as a reweighted softmax function
over model outputs, where the weights are driven by a class-specific smoothing factor (1 — ™).
The proof begins by modeling both the balanced and imbalanced posteriors <i>j and <i>j using the
exponential family structure, exploiting the canonical link between the logit space and conditional
probabilities. Starting from this formulation, we use the canonical transformation to express the
logits in terms of the log-ratio between (fj and (i>j. Through algebraic manipulation, we isolate the
expression for éj in terms of ¢; and a ratio of the balanced-to-imbalanced probabilities. Substi-
tuting the definitions of <i>j and <i>j derived from Bayes’ rule under their respective distributions,
we simplify the ratio into a form involving the known label priors and density estimates. Under
the assumption that the conditional likelihood p(x|y = 7) is invariant across the balanced and
imbalanced settings, we express the ratio of posteriors as a function of class frequencies and derive

the final softmax-like form with class-dependent weights. The final equation confirms that CiJj is
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normalized and sums to one over all classes, which is then rigorously verified through a separate

induction proof. The detailed proof is provided in the supplementary material (see Section A.1.1)

Theoretical Analysis. The result offers an elegant probabilistic interpretation of the
modified softmax form (termed Effective Balanced Softmaz) as a likelihood-adjusted posterior un-
der a distributionally shifted prior. Specifically, the reweighting term (1 — ") reflects the marginal
label frequency, correcting the bias induced by imbalanced training distributions. This formulation
not only preserves the normalization property of softmax but also implicitly aligns the model’s pre-
dictions with the class distribution observed at test time (typically assumed uniform or balanced).
As such, it provides a theoretically sound basis for mitigating classifier bias under long-tailed la-
bel distributions. Importantly, this result also bridges the gap between heuristic logit-adjustment
methods and principled Bayesian calibration, thereby justifying the use of such reweighting schemes
in modern class-imbalanced learning frameworks. The induction proof further reinforces the ro-
bustness of the formulation by confirming its validity across any number of classes k. Complete

derivation steps and mathematical justifications are provided in the supplementary material.

Moreover, Utilizing effective numbers to compute p(y) aligns with our data augmentation
strategy. In this context, effective numbers consider two scenarios for newly sampled data points:
they either fall entirely within the set of previously sampled data with a probability of p or entirely
outside with a probability of 1—p. This mirrors the principles of combining data through techniques
like CutMix or Mixup. The generated data point either resides within the sampled points of the
class, indicating that the mixed data points belong to the sampled set, or it exists outside the

sampled points, implying that one data point is not from the existing set.

3.4.4.1 EBS Cross Entropy Loss

If % represents the one-hot encoded vector corresponding to the true class y and ¢, = f(g(x:))[y],

then we characterize the Effective Balanced Softmax (EBS) Cross Entropy Loss function as follows:

k
CEeps(py, %) = — Y Zlog(®;) (3.13)
j=1

= —lo exp{(¢y)}(1 — B™)
- (Zf:l exp{ (i) (1 — 5%)}) (3.14)

k
= —(py +log(1 — 8™)) +log (Z exp{(¢; + log(1 — 6”"))}) (3.15)

Data Term =1

NormalizationT erm
The Equation 3.15 above combines two terms: the Data Term and the Normalization Term. The
Data Term, —(p, + log(1 — ™)), focuses on the correct class (y). Here, ¢, penalizes high logit

values for the correct class, pushing it towards stronger activation. The term log(l — ™) in-
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troduces a class-balancing factor. For a minority class with low n,, 8" becomes smaller, in-
creasing the overall loss and forcing the model to pay more attention to it. The Normalization
Term, log (Zle exp{(¢; + log(1 — ﬁ"l))}), normalizes the loss across all classes, similar to stan-
dard Cross-Entropy. However, the  factor within the summation again gives more weight to the

minority classes due to their lower n; values.

We will utilize the EBS Cross Entropy Loss (C Egps) to compute the mixup losses L; and
Ly at head 1 and head 2, respectively.

3.4.5 Training Phase

The training procedure (Algorithm 2) operates in two distinct phases to optimize representation
learning and decision boundary calibration. In the HybridMixz phase (epochs 1 to T — 1), we
simultaneously sample from three distributions: instance sampler I (prioritizing head classes),
median sampler M (medium-frequency classes), and reverse sampler R (tail classes). For each
batch, three parallel streams are processed: 1) instance data (xI Lyt ) ~ I, 2) median-class samples
(M, y™M) ~ M, and 3) reverse-sampled pairs (z"1,y"), (2"2,y"?) ~ R. These are transformed
into hybrid samples through two augmentation pathways: Head-Medium CutMiz combines (z!,y")
and (2™, yM) via Eqgs. 3.6-3.7 using a mask M with A ~ beta(c, a), while Reverse Mizup blends
(", y™) and (2"2,y"?) through Egs. 3.8-3.9 with A ~ beta(a, ). The backbone g and classifier
heads fi, f2 are jointly optimized using the hybrid samples (Zp,, 9, ) and (Zp,, Jn, ), with gradients
computed via the EBS loss (Eq. 3.15):

(0,01) < (0,01) — CVL1(Thy, Jnys 0, 1),

(0, ¢2) < (0, 02) — CVLa(Tny, Jnys 0, 2).

In the Boundary Refinement phase (epochs T'—7 to T'), HybridMix is disabled to eliminate synthetic
sample interference. The instance sampler I trains head f; on raw head-class data (z!,y!), while
the reverse sampler R trains fo on unaltered tail-class instances (J:R, yR). The transition parameter
T (typically 10% — 20% of T') balances hybrid diversity early in training with boundary precision
late in training. As shown in Fig. 3.3a, this phased approach ensures the backbone g learns robust

cross-class features while f; and fo specialize in head- and tail-class discrimination, respectively.

3.4.6 Inference Phase

During the testing phase, the test image is passed through the backbone g and then through both
the heads f1, and fo, and output logits z; € R™* and 2z, € R'* (before the softmax layer) of
f1, and fo are collected. They are further adjusted as z; and Z» to have the comparable scales
weighted using the norm of the weights of the fully connected layer, given by z; = % .
- z9, where ||w1]|2, ||wa]|2 are the norms of the weights of the fully connected

21,

|[wa|2

and 22 = el
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Algorithm 2 Proposed Training Algorithm

Input: Dataset DY ,, model parameters @ for backbone g and parameters ¢; and ¢, for classifier head 1
and head 2 respectively, Instance sampler I, Median Sampler M, Reverse Sampler R, loss functions L (.)
for first head and Lo(.) for second head, parameter of epoch 7, learning rate .

Output:The trained network backbone, g, along with the trained classifier heads 1 and 2.

Computation:
1: Randomly initialize 6.
2: Dataset sampled using I: DY, ~ T
3: Dataset sampled using M: bf\i1 ~ M
4: Dataset sampled using R: DY, ~ R
5: for epoch =1,...,T do
6: if epoch > T — 7 then
7 for batchi=1,...,B do
8: Draw a mini-batch (z!,y!) from DY,
9: Draw a mini-batch (zM, yM) from ﬁf\il
10: Draw a mini-batch (2], y/*) and (z}*,y/?) from DY,
11: Generate Sample (Zp,, Jn, ) using samples (z l,yl) and (z f”,ylM) by using Eqn’s 3.6 and 3.7
12: Generate Sample (Zp,, Jn,) using samples (x;*,y;') and (z;2,y;?) by using Eqn’s 3.8 and 3.9
13 (0,61) < (6, 61) — CV Ly ((nn. s ); (6, 61))
14, (6, 63) < (6, 62) — CVLa((Fn. G ): (6. 62))
15: end for
16:  else
17: for batch i =1,..., B do
18: Draw a mini-batch (x Z,yz) from DY 1
19: Draw a mini-batch (z[*,y!") from DY
20: (0, 61) = (0,61) = CVLi (2], y]); (97¢1))
21: (0, 92) < (0, 02) — (VLa((zi", y;"); (0, $2))
22: end for
23:  end if
24: end for
layer of f; and f5 respectively. The final logits are calculated as : Z = % . Now, the softmax

function is applied to Z to obtain the confidence for the classification. The complete process for the

testing phase is shown in Fig. 3.3b.

3.5 Experiments and Results Discussion

3.5.1 Datasets and Experimental Setup
3.5.1.1 Dataset Overview

We evaluate the proposed method by employing four datasets designed for long-tailed visual recogni-
tion tasks: CIFAR-LT-10, CIFAR-LT-100, ImageNet-LT, and NIH-CXR-LT. Long-tailed CIFAR-10
and Long-tailed CIFAR-100 datasets are the long-tailed version of the CIFAR10 and CIFAR100
(Krizhevsky, 2009) datasets. To ensure a fair comparison, we adopt the same settings as (Cao et al.,
2019) for the long-tailed versions of CIFAR datasets. Our experiments cover both CIFAR-LT-10
and CIFAR-LT-100, exploring imbalance ratios of 10, 50, 100, and 200.
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The Long-tailed ImageNet dataset represents a skewed distribution of the original ImageNet
(Deng et al., 2009) dataset. This long-tailed variant was generated by introducing an exponential
distribution to the class distribution. We utilize the Imagenet-LT dataset proposed in (Liu et al.,
2019b) by Liu et al., comprising 115.8K images across 1000 categories, with class cardinality ranging
from 5 to 1,280.

We also employed the long-tailed chest X-ray benchmarks, specifically the NIH-CXR-LT
from (Holste et al., 2022), which comprises 88,637 images. The NIH-CXR-LT dataset encompasses
20 classes, categorized into 7 many-shot classes (cardinality>1000), 10 medium-shot classes (cardi-
nality 100-1000), and 3 few-shot classes (or tail classes) (cardinality<100). The cardinality ranges
from 45,439 in the head class to 7 in the tail class.

3.5.1.2 Metrics Used for Evaluation

Performances are mainly reported as the overall top-1 accuracy. Consistent with Liu et al.’s ap-
proach (Liu et al., 2019b) in the context of CIFAR-100-LT and Imagenet-LT datasets, we present
accuracy for three distinct subsets: many-shot classes (>100 training samples), medium-shot classes

(20 < training samples < 100), and few-shot classes (<20 training samples).

3.5.1.3 Training Details

2 To ensure alignment with the established conventions for long-tail datasets, we maintain con-
sistency with the parameters defined in (Cao et al., 2019) for CIFAR-10-LT and CIFAR-100-LT.
The chosen backbone is ResNet-32. Training involves a batch size of 128 over 200 epochs, utilizing
the SGD optimizer with a momentum of 0.9. The initial learning rate is set at 0.1, with a linear
warm-up learning rate scheduler applied for the first 5 epochs. Subsequently, the rate undergoes
a decay of 0.01 at the 160" epoch and again at the 180" epoch. For ImageNet-LT, our back-
bone networks are ResNet-50 and ResNet-10, following the experimental settings outlined in (Kang
et al., 2020). In the case of ResNet-10 and ResNet-50, a cosine learning rate schedule is adopted,
gradually decreasing from 0.1 to 0. The image resolution is set at 224 x 224, with a batch size of
256. Throughout all experiments of Resnet-50/10, the SGD optimizer with a momentum of 0.9 is
consistently applied. Moreover, for NIH-CXR-LT, we adopt the experimental settings outlined in
(Holste et al., 2022). Specifically, we utilize a ResNet50 pre-trained on ImageNet, employing the
Adam optimizer with a learning rate of 1le — 4. All models undergo training for a maximum of 60

epochs, with early stopping based on overall validation accuracy.

3.5.1.4 Methods used for comparison

The methods we considered for comparison with our method are broadly classified as follows: (1.)

Reweighing-based Methods: LDAM/LDAM-DRW (Cao et al., 2019), CE-CBRW/DRW (Cui et al.,

2Code is available at: https://github.com/fa-submit/STTP-Net
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2019b), IB-Focal/CB (Park et al., 2021), BALMS (Ren et al., 2020a). (2.) Augmentation-based
Methods: Mixup (Zhang et al., 2017b), CutMix (Yun et al., 2019a), CMO+CE/DRW/BS (Park
et al., 2022), MetasAug (Li et al., 2021). (3.) Dual-Branch Networks: BBN (Zhou et al., 2020),
ResLT (Cui et al., 2022), RIDE (Wang et al., 2021b), CBD (Iscen et al., 2021) (Class-Balanced
Distillation), CDBNF (Fan et al., 2022), Bi-F3R (Chen et al., 2023). (4.) Two-stage Methods:
7-Norm (Kang et al., 2020), cRT (Kang et al., 2020), LWS (Kang et al., 2020), DPM (Zhang et al.,
2023a), MisLAS (hong et al., 2021). (5.) Miscellaneous Methods (including Knowledge Distillation-
based methods, logit adjustment methods, self-supervised learning, and contrastive learning-based
methods): CBS+RRS (Zhang et al., 2019), DisAlign (Zhang et al., 2021), TDE (Tang et al., 2020a),
SEQL (Yang and Xu, 2020), OLTR (Liu et al., 2019b), SSP (Yang and Xu, 2020), Hybrid-SC (Wang
et al., 2021a), TSC (Li et al., 2022¢), LADE (Hong et al., 2021), Causal (Tang et al., 2020a), GCL

(Li et al., 2022d). We did not consider ensemble models involving multiple experts.

3.5.2 Results & discussions: Comparison With Previous Methods

In order to ensure a fair comparison with our method for CIFAR10-LT and CIFAR-100-LT datasets,
we replicated the results of competing methodologies utilizing their provided source code, while
maintaining consistency in seed values, optimizer configurations, and learning rates across all
methodologies. In this section, we will compare our method with the previous works that help

in handling long-tail imbalance.

3.5.2.1 Comparison on CIFAR-10-LT Dataset & CIFAR-100-LT

In our comprehensive evaluation of the CIFAR-10-LT dataset in Table 4.1, we present a detailed
analysis of top-1 accuracy across various imbalance ratios (IR) for different state-of-the-art methods.
Notably, our proposed method consistently outperforms other approaches across all imbalance
ratios. At IR=10, our method achieves an impressive 90.47% accuracy, showcasing its robustness
even in scenarios with minimal class imbalance. As the imbalance ratio increases, our method
continues to demonstrate superior performance, achieving 86.70%, 84.15%, and 81.07% accuracy
at IR=50, 100, and 200, respectively. The closest competitors, CMO+BS (Park et al., 2022) and
MisLAS (hong et al., 2021), lag behind by 1.29%, 1.26%, 1.45%, and 3.26% for CMO+BS (Park
et al., 2022), and 0.14%, 1.14%, 1.72%, and 4.01% for MisLAS (hong et al., 2021), respectively.
Highlights the substantial improvements our approach brings, especially in comparison to MisLAS

(hong et al., 2021), showcasing its efficacy in handling class imbalance.

In our experimental evaluation of the CIFAR-100-LT dataset in Table 4.2, we compared
the performance of our proposed method with several SOTA methods, focusing on top-1 accuracy
across various imbalance ratios (IR). Our method consistently demonstrated superior results across
all imbalance ratios, showcasing its effectiveness in handling class imbalance for the ResNet-32

architecture. Specifically, at IR = 10, our method achieved an accuracy of 63.85%, outperforming
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Table 3.2: Comparison on CIFAR-10-LT dataset with different State-of-the-art methods in terms
of top-1 accuracy (%) for ResNet-32 architecture with different imbalance ratios.

Methods IR=10 IR=50 IR=100 IR=200
CE 86.81  77.00  71.21 66.05
LDAM (Cao et al., 2019) 86.79  79.05 74.64 69.55
CE-CBRW (Cui et al., 2019b) 86.88  78.53  73.16 65.65
CB-Focal (Cui et al., 2019b) 83.98  70.13 64.58 35.61
CE-DRW (Cao et al., 2019) 88.28  80.44 76.36 70.38
LDAM-DRW (Cao et al., 2019)  87.78  82.36 78.33 73.38
IB-Focal (Park et al., 2021) 87.27  T7.42 71.71 65.96
IB+CB (Park et al., 2021) 88.32 8174 7831 74.79
BALMS (Ren et al., 2020a) 88.24  81.66 78.4 72.87
Mixup (Zhang et al., 2017b) 88.24  79.16 72.75 66.13
CutMix (Yun et al., 2019a) 88.22  79.59 75.61 69.75
CMO (Park et al., 2022) 88.72  80.51 73.84 71.07

CMO+DRW (Park et al., 2022)  89.37  84.60 81.76 77.41
CMO+BS (Park et al., 2022) 89.18 85.44 82.70 78.33

MetasAug (Li et al., 2021) 89.23  83.9 82.07 76.27
Causal (Tang et al., 2020a) 88.20  83.10 79.90 76.60
BBN (Zhou et al., 2020) 87.95 80.67  77.40 73.76
LADE (Hong et al., 2021) 87.60  82.80 79.70 75.20
MisLAS (hong et al., 2021) 90.33  85.56 82.43 76.06
Hybrid-SC (Wang et al., 2021a) 91.12  85.36 81.40 -

GCL(Li et al., 2022d) 89.83  84.99 81.98 78.24
TSC (Li et al., 2022¢) 88.7 82.9 79.7 -

ResLT (Cui et al., 2022) 88.98  82.96 78.87 75.07
STTP-Net (5 = 0.999) 90.47  86.70  84.15 81.07
STTP-Net (5 = 0.9999) 91 86.4 83.65 80.88

the closest competitor by a notable margin. As the imbalance ratio increased, the performance gap
widened, with our method consistently yielding higher accuracy than alternative approaches. At IR
= 50, 100, and 200, our method exhibited top-1 accuracies of 53.65%, 49.19%, and 44.67%, respec-
tively, showcasing its robustness in mitigating the impact of class imbalance. Notably, the nearest
best-performing method fell significantly behind our proposed approach. Against CMO+DRW
(Park et al., 2022), our method displayed a remarkable superiority of 1.94%, 2.36%, and 2.78% at
IR=50, 100, and 200, respectively. Furthermore, when compared to ResLT§ (Cui et al., 2022), which
is a ResLT (Cui et al., 2022) network trained using strong data augmentation (mixup and auto aug-
ment), our method shows performance improvement by ~1% in all cases. However, under normal
training conditions of ResLT (Cui et al., 2022) without strong augmentation, our method exhibited

substantial improvement, showcasing 3.71%, 4.59%, 4.36%, and 4.05% performance enhancement
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at IR=10, 50, 100, and 200, respectively. Additionally, our method showcased improvement over
the RIDE (Wang et al., 2021b) method, a multi-expert two-step process (we have trained RIDE
(Wang et al., 2021b) using 3 experts) with an improvement of around 1.57% at IR=100.

For CIFAR-100-LT in Table 4.2, analysis is also done focusing on accuracy for Many-shot,
Medium-shot, and Few-shot classes under IR of 100 and 200. Let us consider the case of IR=100
for Few-shot classes in our method. The few-shot accuracy is 31.17 (for § = 0.99 ) or 30.07 (for
B = 0.999), which is better than all the other methods with huge margin except for the case of
CMO+BS (Park et al., 2022) whose few-shot accuracy is 33.37 which comes at the expense of
deteriorating performance of both Many-shot and Medium-shot classes whose performances are
less than ours by almost ~ 5%. For the case of medium-shot classes for IR=100, our method shows
accuracy of 49.94 (for g = 0.99) or 50.83 (for § = 0.999), which less than Medium shot accuracy
of BBN (Zhou et al., 2020) by 1% but as seen for BBN (Zhou et al., 2020) the accuracy of both
Many Shot classes and Few Shot classes is less than ours by almost 10%, and 13% respectively.
Furthermore, if we see the case of a higher imbalance ratio of 200, our few-shot accuracy is better in
all the cases. In the case of medium shot classes, our accuracy is better than all the other methods
except for the BBN (Zhou et al., 2020), which is better than ours by 1%. However, its accuracy
deteriorate heavily for many-shot and few-shots classes by almost 10% and 14%, compared to our
method.

3.5.2.2 Comparison on ImageNet-LT

Table 4.3 reports the results on ImageNet-LT. Mostly used those methods for comparison which
uses ResNet-10/50 as network architecture. Decoupled methods like 7-norm (Kang et al., 2020),
TDE (Tang et al., 2020a), and DisAlign (Zhang et al., 2021) tend to under-fit the head and over-
fit the tail classes. Our method has performed better than all the decoupled methods with an
improvement of approximately 1% for ResNet-10 and 1.4% for ResNet-50 in top-1 accuracy. The
superiority of our method can be seen from Table4.4, for ResNet-10 backbone, our method surpasses
cRT (Kang et al., 2020), 7-norm (Kang et al., 2020), and LWS (Kang et al., 2020) by almost 2%
for Medium-shot accuracy and cRT (Kang et al., 2020) by 4.5%, T-norm (Kang et al., 2020) by
3.2%, and LWS (Kang et al., 2020) by 2.3% in terms of few-shot accuracy. Similarly, for ResNet-50
backbone, our method surpasses cRT (Kang et al., 2020), 7-norm (Kang et al., 2020), and LWS
(Kang et al., 2020) by 6.9%, 6.7%, and 5.7% for Medium-shot accuracy and by 11%, 9.7%, and 7.8%
respectively in terms of few-shot accuracy. MetasAug (Li et al., 2021) and OLTR (Liu et al., 2019b)
are two methods that generate data using complex modules. Our method outperforms MetasAug
(Liet al., 2021) and OLTR (Liu et al., 2019b) with 4.9% and 5.03% improvement in top-1 accuracy
for ResNet-50 and ResNet-10 backbone, respectively, while using less overhead. It also surpasses
the augmentation method CMO (Park et al., 2022) trained with CE loss by 3.2% for the ResNet-
50 backbone. Self-supervised learning with SSP yields good feature initialization. Our approach
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Table 3.4: Comparison on Imagenet dataset with different State-of-the-art methods in terms of
top-1 accuracy (%) for ResNet-10 and ResNet-50 architecture. (Results for the peer algorithms are
taken from the respective papers and ”1” denotes the results from (Cui et al., 2022). )

Epoch Method Resnet-10 Resnet-50
Focal(Lin et al., 2018) 30.5 -
BALMS(Ren et al., 2020a) 41.8 -
m-norm(Kang et al., 2020) 40.6 46.7
cRT(Kang et al., 2020) 41.8 47.3
CBS+RRS(Zhang et al., 2019) 41.9 47.3
LWS(Kang et al., 2020) 41.4 47.7
TDE(Tang et al., 2020a) - 51.1
DisAlign(Zhang et al., 2021) - 51.3

90 CBD(Iscen et al., 2021) 37.9 51.6
MetaSAug(Li et al., 2021) - 474
SEQL(Yang and Xu, 2020) 36.4 -
OLTR(Liu et al., 2019Db) 37.3 -
CDBNF(Fan et al., 2022) 38.5 -
CMO(Park et al., 2022) - 49.1
STTP-Net(8 =0.999) 42.33 52.3
r-norm(Kang et al., 2020) 42.71 46.7
cRT (Kang et al., 2020) 43.21 47.3
LWS(Kang et al., 2020) 431 47.7

>180 SSP(Yang and Xu, 2020) 43.2 51.3
ResLT(Cui et al., 2022) 43.8 48.5
DPM(Zhang et al., 2023a) 42.0 51.0
STTP-Net(8 =0.999) 44.0 53

outperforms SSP. With ResNet10, it achieves approximately 1% higher top-1 accuracy. With
ResNet50, it achieves 1.7% higher top-1 accuracy. Along with this, our model surpasses the Dual-
phase model (DPM) (Zhang et al., 2023a) by 2% for both ResNet-10 and ResNet-50 backbone. Our
method and ResLT (Cui et al., 2022) both use a multi-head framework for long-tailed recognition.
Our method outperforms ResLT (Cui et al., 2022), with ResNet50 as its backbone by almost 4.5%
in terms of top-1 accuracy, with increment in both Many and Medium class accuracies. However,
there is a slight decrement in a few classes’ accuracy by 5.3%. However, the increment of a few
classes’ accuracy of ResLT (Cui et al., 2022) comes at the cost of decrement of Many class accuracy

by almost 9.2% compared with our method.

3.5.2.3 Comparison on NIH-CXR-LT

We employed the benchmark methods outlined in (Holste et al., 2022) to assess the performance of
our approaches on the NIH-CXR-LT dataset. The results, presented in Table 3.6, demonstrate the

superior performance of our method. Specifically, our method achieved a top-1 accuracy of 40.17%,
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Table 3.5: Top-1 Accuracy(%) of Many-shot, Medium-shot and Few-shot on ImageNet-LT with
ResNet-10 & ResNet-50 backbone(”*” 71”7, and ”1” denotes the results are from the original papers,
(Cui et al., 2022) and (Kang et al., 2020), respectively. )

Backbone Model Methods Topl-acc Many Medium few
CE' 37.3 59.7 29.4 5.7
CBD 37.9 49.2 36.9 215
CDBNF 38.5 46.0 36.1  27.0
cRTT 43.2 53.8 413 254
7-norm’ 42.7 50.4 42.1 26.7
ResNet-10 WSt 43 51.8  41.6 276
ResLTT 43.8 52.3 416 295
STTP-Net (5 =0.999) 44 50.1 43.3 299
CBD 51.6 65.2 480 259
NCMH? 44.3 53.1 423 265
cRT? 47.3 58.8 44 26.1
7-norm? 46.7 56.6 44.2 27.4
LWst 47.7 57.1 45.2 29.3
ResNet-50 CE+CMO# 49.1 67 423 205
DPM* 51 64.6 483 221
ResLT 48.5 52.4 474 424
STTP-Net (5 =0.999) 53 61.6 50.9  37.1

surpassing all other methods. Notably, the Many-shot top-1 accuracy of 50% outperformed all
alternative methods. However, our method exhibited a slightly lower performance in Medium-shot
top-1 accuracy, recording a value of 35.56%. This result is inferior to RW-LDAM (Cao et al.,
2019), RW-LDAM-DRW (Cao et al., 2019), and cRT (Kang et al., 2020). It is important to
highlight that the enhanced performance of these methods in Medium-shot classes comes at the
expense of significantly deteriorating performance in Many-shot classes compared to our method.
Specifically, our method outperformed RW-LDAM (Cao et al., 2019) by 19.5%, RW-LDAM-DRW
(Cao et al., 2019) by 9%, and cRT (Kang et al., 2020) by 6.7% in terms of Many-shot classes.
Moreover, our method excelled in Few-shot classes top-1 accuracy, achieving a notable accuracy of

33.33%, surpassing all other methods in this category.

3.5.3 Summarizing Comparative Insights with State-of-the-Art Methods

Our method consistently demonstrates superior performance across multiple long-tailed datasets,
including CIFAR-10-LT, CIFAR-100-LT, ImageNet-LT, and NIH-CXR-LT, surpassing various state-
of-the-art approaches designed for handling class imbalances. Reweighting-based methods such as
LDAM/LDAM-DRW (Cao et al., 2019), CE-CBRW/DRW (Cui et al., 2019b), and IB-Focal/CB
(Park et al., 2021) aim to mitigate imbalance through class-aware loss adjustments but struggle

with overfitting to minority classes, leading to suboptimal generalization. Augmentation-based
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Table 3.6: Results on NIH-CXR-LT. Accuracy is reported for the balanced test set in terms of
overall top-1 accuracy (%) and top-1 accuracy (%) for Many-shot, Medium-shot, and Few-shot for
ResNet-50 Architecture.

Methods Topl-acc Many Medium Few
Softmax 17.5 41.9 5.6 1.7
CB-Softmax 33.3 29.5 41.5 21.7
RW-Softmax 30 24.8 35.9 25.8
Focal-Loss 16 36.2 5.6 4.2
CB-Focal-Loss 30.3 37.1 33.3 11.7
RW-Focal-Loss 25.5 28.6 29.3 11.7
LDAM 23.2 41 13.3 14.2
CB-LDAM 29.5 35.7 28.5 20.8
CB-LDAM-DRW 37.7 47.6 35.6 25
RW-LDAM 35.3 30.5 41.9 29.2
RW-LDAM-DRW 37 41 36.7 30.8
MixUp 17 41.9 4.4 1.7
Balanced-MixUp 21.3 44.3 8.1 10.8
cRT 38 43.3 374 30
T-norm 28 45.7 23 8.3
STTP-Net 40.17 50 35.56 33.33

techniques like Mixup (Zhang et al., 2017b), CutMix (Yun et al., 2019a), and CMO+CE/ DRW/
BS (Park et al., 2022) enhance representation learning but often introduce label noise that af-
fects decision boundaries. Dual-branch networks, including BBN (Zhou et al., 2020), ResLT (Cui
et al., 2022), and RIDE (Wang et al., 2021b), leverage specialized feature extraction for different
class groups but suffer from increased model complexity and computational overhead. Similarly,
two-stage methods like 7-Norm (Kang et al., 2020), cRT (Kang et al., 2020), LWS (Kang et al.,
2020), DPM (Zhang et al., 2023a), and MisLAS (hong et al., 2021) address imbalance through
feature decoupling yet tend to underperform in highly imbalanced settings due to reliance on sep-
arate training phases. Knowledge-distillation-based and contrastive learning approaches, such as
CBS+RRS (Zhang et al., 2019), DisAlign (Zhang et al., 2021), TDE (Tang et al., 2020a), SSP (Yang
and Xu, 2020), and GCL (Li et al., 2022d), improve feature space discrimination but often require
extensive pretraining or auxiliary networks, making them less practical. Unlike these methods, our
approach achieves a favorable balance between model efficiency and accuracy, as evidenced by its
consistent outperformance across datasets. Specifically, our method achieves state-of-the-art accu-
racy on CIFAR-10-LT and CIFAR-100-LT, particularly excelling in high imbalance ratios where
prior techniques exhibit significant performance drops. On ImageNet-LT, our model surpasses
decoupled and feature-reweighting strategies by a notable margin, demonstrating robustness in
large-scale, real-world scenarios. In medical imaging, our approach outperforms baseline methods

on NIH-CXR-LT by effectively maintaining strong performance across Many-shot, Medium-shot,
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and Few-shot classes, unlike reweighting-based methods that compromise head-class accuracy. The
widespread effectiveness of our method across diverse domains validates its adaptability and ef-
ficiency in mitigating long-tailed imbalances, making it a more generalized and computationally
feasible alternative to existing solutions. The results validate two core design principles: (1) unified
feature-classifier alignment mitigates the overfitting risks inherent in decoupled frameworks, and
(2) dynamic regularization ensures robustness across varying imbalance ratios. For instance, on
ImageNet-LT (Table 4.4), our method surpasses 7-Norm (Kang et al., 2020) and LWS (Kang et al.,
2020) by 6.7-9.7% in Few-shot accuracy while maintaining Many-shot performance, demonstrating
that holistic optimization outperforms fragmented two-stage training. Practically, the method’s
computational efficiency—achieving 53% top-1 accuracy on ImageNet-LT with ResNet-50 versus
ResLT’s (Cui et al., 2022) 48.5%—positions it as a scalable solution for real-world applications,

from autonomous systems to healthcare.

3.6 Further Analysis, Limitations and Future Directions

In this section, we will discuss the three main ideas that have contributed to overall performance:
1) Hybrid Mixup augmentation, 2) Effective balanced softmax loss, and 3) the Effect of Hyperpa-

rameter 3 used.

3.6.1 Why Hybrid Mixup?

Based on the results illustrated in Figure 3.2, we evaluate three distinct network configurations:
”Net-1,” utilizing Instance Sampling with CutMix on the first head and Reverse Sampling with
Mixup on the second head; ”Net-2,” a three-head network incorporating Instance Sampling with
CutMix on the first head, Median Sampling with Cutmix on the second head, and Reverse Sampling
with Mixup on the third head; and our proposed approach. As indicated in Table 3.7, our method
surpassed both Net-1 and Net-2, achieving a top-1 accuracy of 49.19%. While Net-1 exhibits
superior performance for Medium and Few classes by approximately 2.5%, this improvement comes
at the expense of a significant 7.5% decline in accuracy for Many classes, compared to our proposed
approach. Similarly, Net-2 demonstrates enhanced accuracy for Few classes by almost 3% and
comparable Medium classes accuracy, but at the cost of a 6.14% decrease in Many classes accuracy
compared to our method. Thus, the integration of CMeO (Context-rich Median Oversampling in
the first branch) and Mixup with reverse sampling in other branches strives to maintain a balance

between class accuracies without substantial deterioration in the performance of different classes.

3.6.2 Why is Effective Balanced Softmax Loss Required?

To check the advantage of Effective Balanced Softmax loss, we will compare it with the Cross
entropy loss (CE), Balanced Softmax loss (BS), and Effective balanced softmax loss (EBS) and
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Table 3.7: Results on different network configurations on CIFAR-100-LT in terms of top-1 accuracy
(%) for many-shot, medium-shot and few-shot for ResNet-32 architecture with TR=100

Networks  topl-acc Many Medium Few
Net-1 48.34 56.43 53.43  32.97
Net-2 47.77 57.8 50.03  33.43
STTP-Net  49.19 63.94 50.83  30.07

Table 3.8: Comparison on different loss types for CIFAR-100-LT dataset with TR=100 for our
(STTP-Net ) proposed method

Loss-Type topl-acc Many Medium Few

CE 47.36 67.46 49.86  20.33
BS 47.72 53.63 50.8 35.8
EBS 49.19 63.94 50.83  30.07

see how our loss is more beneficial compared to other losses. Table 3.8, shows the comparison of
different losses for CIFAR-100-LT with IR=100. As seen from the table, CE performs better on
Many and Medium classes at the expense of the accuracy of Few-shot classes, less than our method
by almost 10%. In contrast, BS gives better accuracy in the Few shot classes but comes at the huge
expense of Many-shot classes, which is less than our method by almost 10% in many-shot classes

accuracy. Thus, EBS acts as a method that balances the different groups’ accuracies. Moreover,
the softmax function used in CE uses p; = %, BS uses p; = ﬁ, and EBS uses p; = Zkl%filgng’
which can be interpreted as CE is not penalizing the logits olj)féirjled, whereas the BS is pje_ﬁalizing
the logits corresponding to tail classes very heavily, while EBS tries to penalize the logits not too

heavily but in a balancing manner.

3.6.3 Effect of Hyperparameter

Table 3.9 presents accuracy values for different values of beta () across two datasets, CIFAR-100-
LT and Imagenet-LT, and two corresponding backbones, ResNet-32 and ResNet-50. In the case of
CIFAR-100-LT with ResNet-32, as beta decreases from 0.9999 to 0.99, there is a general trend of
improvement in top-1 accuracy, reaching 63.85%. This improvement is particularly notable in the
"Few” category, where accuracy increases from 42.63% to 44.67%. Similarly, for Imagenet-LT with
ResNet-50, a decrease in beta leads to an increase in top-1 accuracy, reaching 53% at beta 0.999.
Interestingly, this improvement is in all three categories, i.e., rising from 59% to 61.6% in ”Many,”
rising from 49.3% to 50.9% in ”Medium,” and rising from 36.4% to 37.1% in "Few.” However, if
we further decrease the beta value, it leads to deterioration in the "Few” category by 3%, but
no significant change in "Many” and ”Medium.” The results suggest that adjusting beta values
impacts model performance, with lower beta values generally associated with improved accuracy,

and the effect varies across different backbone-dataset combinations.
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Table 3.9: Accuracy values based on different values of g for CIFAR-100-LT with IR=100 and
Imagenet-LT datasets on different backbones corresponding to our method

Dataset \

Backbone B topl-acc Many Medium Few

0.9999 62.98 53.2 47.06  42.63

CIFAR-100-LT 0.999 63.58  53.02  49.19  43.02

ResNet-32 0.99 6385  53.65 4846  44.67
09999 511 59 493 364
Imagenet-LT \ 0.999 53 61.6 50.9 37.1

ResNet-50 099 523 618 501 343

3.6.4 Limitations and Future Directions

While STTP-Net demonstrates state-of-the-art performance across multiple benchmarks, several
limitations merit discussion. First, the dual-head architecture and hybrid augmentation strat-
egy introduce moderate computational overhead compared to single-branch models, potentially
limiting scalability in resource-constrained environments. Future work could explore lightweight
architectural variants or knowledge distillation to mitigate this cost. Second, the method’s per-
formance is sensitive to hyperparameters such as § (in the EBS loss) and 7 (epochs for hybrid
mixup), requiring careful calibration for optimal results. To address this, future work will integrate
a meta-learned hyperparameter controller into the training loop, leveraging reinforcement learning
to adaptively optimize 8 and 7 based on validation performance. Third, the hybrid mixup tech-
nique is tailored for visual data, and its applicability to non-image modalities (e.g., text or tabular
data) remains an open question. We plan to extend the algorithm by replacing hybrid mixup
with modality-agnostic augmentation, such as semantic mixup in text via synonym replacement
or feature-space interpolation for tabular data. Finally, STTP-Net assumes static class distribu-
tions, limiting its adaptability to dynamic environments where new classes emerge incrementally,
as in long-tailed class-incremental learning (CIL). To address this, we will augment the framework
with replay buffers or elastic weight consolidation to support lifelong learning scenarios, enhancing
its real-world applicability. By addressing these limitations through algorithmic extensions and
cross-domain validation, future research could further advance the robustness and generality of

long-tailed learning systems.

3.7 Discussion

We introduce STTP-Net a novel framework to effectively tackle the complexities of learning in
imbalanced, long-tailed class scenarios. Our initial investigation delves deeply into the effectiveness
of mixed sample data augmentation strategies, considering a spectrum of sampling approaches.

Thorough analysis culminates in the conceptualization of a hybrid mizup technique, strategically
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designed to enhance representation learning across the spectrum of classes, encompassing head,
medium, and tail. This involves constructing a network with separate branches, maintaining an
identical feature extraction network, yet modifying the classifier heads. Furthermore, we address the
vital aspect of countering label distribution shifts to enhance classifier learning. For this purpose, we
propose the Effective Balanced Softmax loss function, a specialized tool to rectify such shifts in the
labels. Our proposed methodology is rigorously validated through extensive ablation studies and
experimental evaluations across diverse benchmarks, convincingly demonstrating its effectiveness.
Looking ahead, future work will focus on reducing computational overhead via lightweight architec-
tures, automating hyperparameter tuning with meta-learned controllers, extending hybrid mixup
to non-visual domains through modality-agnostic augmentations, and enabling lifelong learning
via replay buffers for dynamic class distributions. Furthermore, STTP-Net’s capability to handle
long-tailed data makes it particularly valuable for applied engineering systems. In healthcare, it can
be integrated into diagnostic pipelines to enhance the detection of rare diseases, while in industrial
IoT, it facilitates robust defect classification in imbalanced manufacturing datasets. Future efforts
will also include deploying STTP-Net on edge devices for real-time quality inspection, leveraging
its efficient architecture. Additionally, we acknowledge the imperative of conducting further theo-
retical analyses on mixed sample data augmentation techniques, specifically tailored for handling

imbalance, a direction we reserve for future investigations.



Chapter

The Goldilocks Principle: Achieving Just
Right Boundary Fidelity for Long-Tailed
Classification

Synopsis

In this chapter, we present a extension to the STTP-Net framework proposed in Chap-
ter 3 by introducing a novel approach titled The Goldilocks Principle: Achieving Just
Right Boundary Fidelity for Long-Tailed Classification (Ansari et al., 2025) '. The
study addresses the persistent challenges posed by long-tailed class imbalances in deep
neural networks, particularly in image recognition tasks, where a few head classes dom-
inate the dataset while numerous tail classes remain underrepresented. Traditional
classification models often overfit to frequent classes, neglecting rare ones, and strug-
gle to learn consistent decision boundaries that are both sharp enough to differentiate
classes and smooth enough to generalize well. Hard decision boundaries typically aris-
ing from tail class overfitting amplify intra-class variation and degrade generalization,
while overly soft boundaries blur inter-class distinctions, harming classification accu-
racy. While Chapter 3 tackled these issues using a hybrid augmentation strategy called
HybridMiz combining CutMiz with static sampling and a dual-head classifier trained
with Effective Balanced Softmazx (EBS) loss this approach lacks the flexibility to dy-
namically control boundary regularization across class strata. In contrast, this chapter
enhances the prior framework with two key innovations: Dual-Branch Sampler-Guided
Mixup (DBSGM) and Adaptive Class-Aware Feature Regularization (ACFR). DBSGM
utilizes Mizup-based augmentation across two parallel branches, one focusing on head
and medium classes using instance and median samplers, and the other emphasizing
tail class learning using a reverse sampler. This structured, sampler-guided Mizup not
only improves representation diversity but also encourages the model to learn smoother,
semantically meaningful decision boundaries. Complementing DBSGM, ACFR intro-

'F. Ansari, A. Panigrahi, and S. Das. “The Goldilocks Principle: Achieving Just Right Boundary Fidelity for
Long-Tailed Classification.” IEEE Transactions on Emerging Topics in Computational Intelligence, pp. 1-15, 2025.
doi: https://doi.org/10.1109/TETCI.2025.3551950.

78


https://doi.org/10.1109/TETCI.2025.3551950

4.1 | Introduction 79

duces a feature-level reqularizer that dynamically aligns feature representations using
a temperature-adaptive supervised contrastive loss (TASCL). This regularization pro-
motes intra-class cohesion and inter-class separability, reducing the model’s sensitivity
to irrelevant intra-class variations. The integration of DBSGM and ACFR within a
single-stage, end-to-end dual-branch architecture achieves the optimal balance between
decision boundary sharpness and smoothness termed “just right boundary fidelity.” To-
gether, these components significantly improve class-balanced performance, particularly
for tail classes, offering a principled and empirically robust solution to long-tailed clas-
sification beyond the capabilities of the hybrid strategy proposed in Chapter 3.

4.1 Introduction

The term “Long Tail” comes from Chris Anderson’s Long Tail theory, which he first introduced in
a Wired magazine article in 2004 and later expanded upon in his book “The Long Tail: Why the
Future of Business is Selling Less of More” in 2006, illustrates a shift away from the traditional re-
tail model that focuses on popular items to a decentralized marketplace empowered by the internet.
The idea behind the “long tail” is that businesses can now cater to specialized audiences rather
than just mainstream hits, which has significant implications for industries ranging from entertain-
ment to retail. In Al, this theory aligns with challenges posed by tasks involving long-tailed data
distributions, such as pedestrian re-identification (An and Wang, 2023) and real-time recognition
of Activities of Daily Living (ADL) (Chaudhary et al., 2022). Building effective models for tasks
with long-tailed distribution is termed Long-tailed learning (LTL), and the subdomain that deals

with recognition/classification in image domain is termed Long-tailed image recognition (LTR).

Various methods are used to address the issue of long-tailed class imbalance in deep learn-
ing, particularly in the context of image recognition. These include re-sampling (Van Hulse et al.,
2007a; Chawla et al., 2002a; He and Garcia, 2009; Japkowicz and Stephen, 2002a), balancing losses
or gradients (Huang et al., 2016a; Wang et al., 2017; Ren et al., 2020b; Cui et al., 2019b), two-
stage methods (hong et al., 2021; Kang et al., 2020; Li et al., 2022¢), adjustments to logits, margin
learning approaches (Li et al., 2022¢), post hoc techniques, augmentation techniques (Zhang et al.,
2017b; Yun et al., 2019a; Park et al., 2022; Li et al., 2021), and multi-branch networks (Zhou et al.,
2020; Wang et al., 2022¢; Cui et al., 2022) . However, these methods have drawbacks, such as
overfitting, degradation of generalization ability, and deterioration of performance in head classes.
Furthermore, multi-expert systems like RIDE achieve state-of-the-art (SOTA) results by incorpo-
rating a combination of advanced techniques, such as data augmentation, knowledge distillation,
and self-supervised pretraining, which may complicate their implementation and make them less

straightforward to adopt in simpler models.

Long-tailed class imbalance presents a significant challenge in achieving consistent and ac-

curate decision boundaries across head, medium, and tail classes. Existing methods, such as re-
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sampling, balancing losses, and multi-branch networks, have attempted to address this issue but
come with notable trade-offs, particularly in shaping class decision boundaries. Re-sampling
techniques often rely on aggressively over-sampling tail classes to balance class distributions.
While effective in increasing the representation of minority classes, this approach tends to create
excessively hard boundaries, which are overly sharp and restrictive (Kim and Jung, 2023). Hard
boundaries overfit to the limited data available for tail classes, amplifying intra-class variability and
reducing generalization to unseen instances. This results in poor performance for tail classes and
worsens the imbalance in learning. Conversely, balancing loss functions aim to downscale the
contribution of dominant head classes by applying lower weights to their gradients during train-
ing. While this prevents the over-dominance of head classes, it frequently leads to excessively soft
boundaries, where decision boundaries become too smooth and indistinct (Fernando and Tsokos,
2022; Lee et al., 2021). Soft boundaries blur the separation between classes, diminishing precision
for head classes and leading to underfitting, particularly in scenarios where class distinctions are
critical.

Multi-branch networks attempt to strike a balance by learning separate decision boundaries
for different class groups. However, these methods often require complex architectures and exten-
sive fine-tuning to achieve meaningful boundary adjustments. Moreover, they struggle to maintain
consistent boundary fidelity across the spectrum of head, medium, and tail classes, leading to im-
balances in how decision boundaries are formed and applied. The crux of the problem lies in
achieving “just-right” boundary fidelity decision boundaries sharp enough to separate classes while
being smooth enough to generalize well to unseen data (Kim and Kim, 2020). In the context of
long-tailed imbalances, this balance is challenging due to (1) over-dominance of head classes, which
occupy a large portion of feature space, skewing boundaries in their favor; (2) under-representation
of tail classes, leading to noisy or overly restrictive boundaries that hinder generalization; and
(3) medium class inconsistency, where medium classes receive insufficient attention, resulting in

suboptimal performance.

Given the outlined challenges, building on the architecture of the STTP-Net of chapter
3 we propose a dual-branch network featuring a shared feature extractor network and distinct
classifier heads. One branch amalgamates data from both the instance sampler, where the sampling
probability depends on the provided distribution, and the median sampler, prioritizing medium
classes with a higher sampling probability. This fusion is facilitated through mixup, highlighting
the importance of both head and medium classes. Concurrently, the other branch integrates data
from the reverse sampler, elevating the probability of data from tail classes, thereby prioritizing the
tail classes. Our findings reveal that using softer probabilities during sampling significantly enhances
results. The introduction of the median sampler proves instrumental in augmenting the accuracy
of medium classes without substantially affecting head class accuracy and contributing to tail class

accuracies. We term this augmentation method a Dual-Branch Sampler-Guided Mixup (DBSGM).
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DBSGM encourages the model to acquire a broader understanding and develop smoother decision

boundaries.

Additionally, to enhance model robustness and reduce sensitivity to irrelevant intra-class
variations, we introduce Adaptive Class-Aware Feature Regularization (ACFR). This method di-
rectly applies a specialized loss function called Temperature Adaptive Supervised Contrastive Loss
(TASCL) to extracted features, encouraging similar representations for samples from the same class
and distinct representations for samples from different classes. By combining DBSGM and ACFR,
our model strikes a balance between learning smooth decision boundaries (DBSGM) and preserving
class-specific information (ACFR). This delicate equilibrium is analogous to the Goldilocks princi-
ple: the model’s decision boundaries are meither too sharp nor too smooth but just right, aligning
with the underlying class structure. We refer to this optimal balance as achieving “just right
boundary fidelity.” This single-stage, end-to-end framework yields promising results in addressing

the challenges of long-tailed recognition.

In summary, our contributions can be distilled into three key aspects: (1) A novel
Dual-Branch Sampler-Guided Mixup (DBSGM) that ensures balanced learning across head,
medium, and tail classes by leveraging specialized samplers and mixup strategies; (2) the in-
troduction of Adaptive Class-Aware Feature Regularization (ACFR), which employs a
temperature-adjusted supervised contrastive loss to improve class-specific robustness and repre-
sentation learning; and (3) the integration of these components into an end-to-end framework
that achieves state-of-the-art performance on long-tailed recognition tasks by effectively balancing

decision boundary smoothness and class specificity.

We thoroughly evaluated the effectiveness of the proposed methodology by employing a
rigorous assessment process on well-known datasets for long-tailed visual recognition, specifically
CIFAR-LT-10, CIFAR-LT-100, ImageNet-L'T and iNaturalist 2018. Our approach surpasses con-
ventional end-to-end training methods, 2-stage methods, contrastive learning methods, and dual
branch methods designed for long-tailed visual recognition, thus demonstrating the usefulness of

our proposed method.

Advancing Beyond Chapter 3. This chapter builds directly upon the dual-branch framework
introduced in Chapter 3 (STTP-Net), which tackled long-tailed class imbalance by combining sam-
pling strategies with a two-pronged network and a hybrid mixup augmentation method. While
STTP-Net effectively improved representation learning across head, medium, and tail classes by
using distinct samplers and classification heads, it did not explicitly address the underlying issue
of decision boundary fidelity, which plays a critical role in generalization. In contrast, the cur-
rent chapter presents a more refined framework motivated by the Goldilocks Principle, aiming to
achieve just right decision boundaries neither too sharp (which may overfit the tail classes) nor too
soft (which may blur class distinctions). This is achieved by introducing two major innovations:
(1) Dual-Branch Sampler-Guided Mixup (DBSGM), which improves upon the earlier Hy-
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brid Mixup by incorporating median-based sampling in addition to instance and reverse sampling,
thereby strengthening medium-class representations without degrading head-class accuracy; and
(2) Adaptive Class-Aware Feature Regularization (ACFR), which applies a temperature-
adaptive supervised contrastive loss (TASCL) directly on the feature space, encouraging better
intra-class compactness and inter-class separability. Furthermore, this work formalizes the con-
cept of boundary thickness and shows its impact on classifier overfitting and underfitting across
the long-tailed spectrum. Unlike Chapter 3, which largely focused on architecture and sampling-
augmentation integration, this chapter offers a deeper theoretical and empirical treatment of the
decision boundary behavior in long-tailed settings. Thus, it not only generalizes the STTP-Net
framework into a more unified and theoretically grounded system but also introduces a single-

stage, end-to-end solution with better performance.

The chapter is structured as follows: Section 2 discusses the related work. Section 3 presents
the proposed methodology, beginning with the preliminaries, including augmentation techniques
and sampling strategies, followed by a detailed explanation of the proposed modules. Section 4
covers the experiments and results, followed by Section 5, which focuses on the ablation study.

Finally, Section 6 concludes the chapter.

4.2 Related Works

We already discuss the literature related with Long-tailed classification in the chapter 3 but we
further extend the discussion in the context of this chapter and the way we further trying to solve
the problem. This section will discuss the different methods used to handle LTR, which vary
from rebalancing in the data space, data augmentation methods, instance level and class-specific

reweighing methods, calibration of logits, multi-stage methods, and ensemble-based methods.

Undersampling (He and Garcia, 2009; Japkowicz and Stephen, 2002a; Van Hulse et al.,
2007a) and Oversampling (Van Hulse et al., 2007a; Mondal et al., 2024a) are the most commonly
used data resampling techniques to address the problem of imbalanced data. While undersampling
reduces the number of instances in the majority class, hence reducing the overall data points,
oversampling does the exact opposite via repetition of existing samples (Van Hulse et al., 2007a)

or generation of synthetic samples(Chawla et al., 2002a).

Loss function modification via reweighting strategies like (Huang et al., 2016a; Wang et al.,
2017), Balanced Softmax (Ren et al., 2020b), Class balanced Loss (Cui et al., 2019b), focuses
on assigning weights to samples according to their class cardinality to ensure that models pay
more attention to minority classes. Normal Cross-Entropy loss squeezes the features of tail classes.
Hence, Li et al. (Li et al., 2022¢) suggest a Gaussian perturbation of the logits to enlarge the

distribution of the tail classes.

An alternative avenue of research delves into various image augmentation techniques, such
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as cropping and rotation, designed to amplify the representation of minority classes. These tech-
niques typically act directly on input images, thereby inherently limiting the diversity of minority
classes within datasets exhibiting a long-tailed distribution. Resampling techniques can learn spu-
rious correlations between irrelevant contexts and labels. To address this, Shi et al. (Shi et al.,
2023) introduce the Context Shift Augmentation (CSA) framework, which dynamically extracts
and transfers well-separated contexts using Grad-CAM and a memory bank, improving tail-class
representation. While CSA integrates with class-balanced resampling and other augmentation
methods, it is not standalone and relies on existing frameworks like balanced sampling. Its draw-
backs include the need for accurate context separation, increased computational complexity, and
potential performance degradation in noisy or complex head-class contexts. ISDA (Wang et al.,
2019a) employs semantic augmentations by estimating class-wise covariance to address these in-
herent limitations matrices. However, computing these matrices faces challenges with minority
classes in long-tailed datasets due to limited samples. To tackle this issue, MetaSAug (Li et al.,
2021) introduces a dynamic framework that optimizes augmentation strategies for minority classes
using online meta-learning. Mixup (Zhang et al., 2017b), Remix (Chou et al., 2020), and CutMix
(Yun et al., 2019a) are effective augmentation strategies in long-tailed classification. Mixup com-
bines input data and labels through convex combinations, while CutMix replaces random image
patches with patches from other training images. Park et al. (Park et al., 2022) enhance CutMix
by incorporating context-rich majority class images as background for minority class images in the
foreground. Applying augmentation to the minority classes, despite balancing the long-tailed data
distribution, also introduces imbalance inherently as the augmentation strategies are only applied
to minority classes (Wang et al., 2024). This creates an intertwined imbalance in the data: in-
herent data-wise imbalance that comes from the data distribution and extrinsic augmentation-wise
imbalance that arises from the augmentation strategy. To address this issue, Wang et al. (Wang
et al., 2024) proposed DODA (Dynamic Optional Data Augmentation), which allows each class
to choose appropriate augmentation methods during training by maintaining a ‘preference list’ for
each class. While DODA effectively reduces class sacrifices and improves tail class accuracy, it
introduces computational overhead due to dynamic preference updates, which may limit scalability

in extremely large datasets.

Learning proper image representations is a central challenge in long-tailed classification.
BBN (Zhou et al., 2020) is a dual-branched network with a common resnet backbone in which
one branch is trained on the given data distribution, and the other branch is trained on a reverse
sampler, which has a higher probability of sampling tail classes. ResLT (Cui et al., 2022) furthers
this approach to propose a network with three branches that each learn from different combinations
of head, medium & tail classes. Separate representation and classifier training is another way to
ensure proper representation learning of tail classes. Kang et al. (Kang et al., 2020) introduced a

two-stage method where they trained the representation learning backbone on uniformly sampled
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data and the classifier head on class-balanced samples.

Another state-of-the-art approach is Routing Diverse Distribution-Aware Experts (RIDE)
(Wang et al., 2021b), a multi-expert network architecture employing branch-specific loss functions.
It also uses a diversity loss based on divergence measures to ensure collaborative decision-making
among multiple prediction models, with experiments utilizing two such models. Aimar et al. (Aimar
et al., 2023b) introduced the Balanced Product of Experts (BalPoE), which combines diverse expert
models using logit adjustment to calibrate experts for specific class regions, ensuring unbiased
predictions and minimizing balanced error. While BalPoE achieves state-of-the-art performance,
it requires accurate class distribution priors, introduces computational overhead due to ensemble
training, and may suffer from performance decline if training and test distributions differ. This
trade-off between robustness and simplicity makes BalPoE less suitable for resource-constrained

applications.

Fan et al.’s cumulative dual-branch network framework (CDBNF) (Fan et al., 2022) tackles
class imbalance and feature representation simultaneously through a network with two branches.
One of the branches emphasizes tail class performance, while the other performs few-shot learning
to learn better representations. The network also uses a cumulative learning strategy to empha-
size tail classes progressively. To address the head-tail trade-off in long-tailed data, the Bilateral
expert-based Feature Redundancy Reduction and Rebalancing (Bi-F3R) approach (Chen et al.,
2023), inspired by information theory actively removes redundant head class information through
a dedicated module and complementary losses that guide forgetting redundant head class features
and learning discriminative tail-class features. This makes the model forget excessive information

about head classes, which counterbalances the imbalance in the dataset.

Representation learning has witnessed promising advancements through the application of
contrastive learning techniques. Wang et al.(Wang et al., 2021a) introduce an innovative hybrid
network architecture that seamlessly integrates a supervised contrastive loss for image representa-
tion learning with a cross-entropy loss for classifier training. This approach facilitates a gradual
transition from feature acquisition to classifier learning. However, a fundamental challenge arises as
contrastive learning inherently struggles with achieving uniform feature distributions, particularly
in the context of long-tailed data distributions. To address this limitation, Li et al.(Li et al., 2022¢)
propose a novel framework that enhances the uniformity of feature distribution on the hypersphere,

thereby improving the performance of supervised contrastive learning.

Learning the representations and classifier in a single network might hinder the learning
process due to the extremely imbalanced nature of long-tailed datasets. Hence, a two-stage approach
of decoupling the representation and classifier learning has been gaining popularity. Kang et al.
(Kang et al., 2020) trained a representation learning network with a uniform sampler and the
classifier network on a class-balanced sampler to learn better representations. Mixup was later
brought into this network by Zhou et al. (Zhou et al., 2020).
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Figure 4.1: The figure depicts the training and testing phases of the proposed framework. The
training phase is shown on the left, while the testing phase is illustrated on the right. The sampler
used in the training phase is visually represented, demonstrating the probabilities of different classes.
The loss function employed for updates in different branches is also mentioned, along with an
explanation of how the loss on features is calculated.

Miscalibration poses a critical challenge in long-tailed calibration, where predicted class
probabilities are heavily influenced by sample counts. Overconfidence, especially in head classes, is
common in classifiers. Zhong et al. (hong et al., 2021) addressed these issues by introducing shifted
batch normalization and label-aware smoothing, combined with Mixup (Zhang et al., 2017b), to

handle varying degrees of classifier overconfidence.

Zhao et al. (Zhao et al., 2024) frame the trade-off between head and tail class performance
as a multi-objective optimization (MOO) problem and propose consolidating existing techniques via
Multi-Objective Optimization-based Strategy Fusion (MOOSF). While MOOSF outperforms more
complex methods by fusing simpler strategies, it introduces increased computational complexity

and a limited performance ceiling when combining numerous strategies.

Long-tailed imbalance impacts not only vision tasks but also graph classification and trans-
formers. Xu et al. (Xu et al., 2024a) introduce ImbGNN to address long-tail and structural
imbalances in graph classification by leveraging graph-specific features. Similarly, Kandpal et al.
(Kandpal et al., 2023) show that large language models (LLMs) struggle with infrequent patterns
due to pre-training data reliance, with retrieval augmentation offering a promising solution to

enhance long-tail information capture.
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4.3 Proposed Methodology

4.3.1 Preliminaries
4.3.1.1 Boundary Thickness and Soft vs. Hard Boundaries

The concept of boundary thickness as mentioned in (Yang et al., 2020) provides a formal mecha-
nism to characterize the transition between classes in a classifier’s decision space. Let I(-) denote
the indicator function and E[-] represent the expectation over the data distribution. The bound-
ary parameters « and [ define the 'Goldilocks’ region—the optimal thickness that prevents both
overfitting (too sharp) and underfitting (too soft). For a,f € (—1,1) and a distribution p over
pairs of points (x,,xs) ~ p, with predicted labels i and j for =, and x4 respectively for defining the

boundary thickness let’s first define:

Awr, xs) = llor — x5, () = Ha < gij(x(t)) < B} and,

1
\y:/o B(#) dt.

Then, the boundary thickness is defined as: :

@(fa «, va) = E(m,«,ms)wp [A(xr, xs) ’ \Ij] . (4'1)

where g;;(x) = f(x); — f(x); represents the difference in prediction probabilities, z(t) = tx, + (1 —
t)zs, t € [0,1], and f(z) : X — [0,1]¢ is the prediction function, with f(x); denoting Pr(y =i | z).

For binary linear classifiers, the boundary thickness reduces to:

9 '(8) — g9 (@)

[l

o(f,a,8) =

I

where g(-) = 20(-) — 1, and o(+) is the sigmoid function.

Hard boundaries are characterized by sharp transitions, minimal transition regions, and
high-confidence predictions near the decision boundary. Mathematically, this corresponds to a
small difference between a and S in O(f,a, ), leading to behavior resembling a step function.
While such boundaries can result in overfitting especially for tail classes in long-tailed distributions
they provide strong separation between classes. In contrast, soft boundaries introduce gradual
transitions with a wider decision region, yielding smoother changes in predictions across boundaries.
This is represented by a larger difference between « and g in ©(f, «, 3), which enhances robustness
for tail classes by reducing overfitting but may cause poor class separation in some cases. These
observations underscore the importance of balancing boundary thickness to optimize classification

performance across the head and tail of the distribution.
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4.3.1.2 Boundary Effects on Long-tailed Distributions

In long-tailed distributions with n classes, the boundary effects critically affect model performance.

Hard boundaries, defined by decision functions such as:
Gtail j(T) = Sigﬂ(w{;Taﬂx + bail)

often overfit on tail classes due to their limited sample sizes, creating unreliable decision regions

with high variance in the predictions:
variance(||wy,i||) > variance(||whead||)-

In contrast, soft boundaries with increased thickness, quantified by:

®tail(fa «, B) > @head(fa «, /3)7

provide better regularization for tail classes, leading to more robust decision regions, improved
generalization for rare classes, and reduced sensitivity to sample sparsity. However, there are
trade-offs: excessively soft boundaries can result in poor class separation, while overly hard bound-
aries exacerbate overfitting. The optimal boundary thickness, governed by the regularization term:
Riniex(f) = A ictail (@Z( fra,B) — @target)Q, varies across head and tail classes and requires bal-
ancing classification accuracy and generalization. This highlights the need for adaptive strategies
to dynamically adjust boundary thickness across the class distribution. Because of this reason, we

present a method that will dynamically adjust the boundary thickness.

Sampling strategies. To compensate for the skewed distribution of classes in imbalanced
datasets, machine learning models leverage specific sampling techniques that aim to balance the
representation of different classes. The uneven presence of classes within a dataset requires the
use of effective sampling techniques in machine learning. To capture the essence of various sam-
pling approaches, we can define a unified formula for defining sampling techniques, which gives

probabilities of sampling from individual classes as:

b ni=Cl+e”
LYK (i ¢+

This approach defines various sampling strategies for imbalanced datasets with K classes. Two key

(4.2)

parameters govern these strategies: -, a ”softness” factor in the range of 0 to 1, which adjusts the
influence of class distribution, and (, some statistics for the whole dataset (like median, max, or

min class counts). A small value, ¢, is added to prevent division by zero errors.

The sampling formulation presented above is mathematically equivalent to the version in-

troduced in Chapter 3, but offers a more generalized and expressive perspective. Specifically, by
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substituting v = —¢q, ( = ¢, and € = ¢, we obtain:

(Inj — |+ €)9
S (Ins — ] + €)1

which is the original formulation used to define instance-balanced, reverse-balanced, and median-

pj =

balanced sampling. The revised parameterization in this chapter introduces two intuitive control
variables: v, which acts as a “softness” factor controlling the influence of class imbalance (with
higher values emphasizing balancing), and ¢, which flexibly anchors the sampling strategy through
dataset-level statistics (e.g., 0 for instance-balanced, total count N for reverse, or median M for
median-balanced sampling). This makes the current formulation a strict generalization of the
earlier one, offering broader interpretability and facilitating integration into adaptive or learnable

sampling mechanisms.

Mixup Augmentation. Mixup is a data augmentation technique for training machine
learning models, particularly on image classification tasks. It leverages the linear interpolation of

both features and labels from two randomly chosen data points:
z=Ax; + (1= Nzj, (4.3)

7=y + (1= Ny, (4.4)

Where & and 7 are the interpolated features and labels, respectively. (x;,v;) and (z;,y;) are the
features and labels of randomly chosen original data points. \ is a mixing parameter ~ Beta(a, ).
Mixup creates virtual training examples by blending features and labels from existing data points,
encouraging the model to learn generalizable features. This technique helps prevent overfitting,
reduces the chances that the model memorizes specific training points, and reduces the sensitivity

of the model to noise.

4.3.2 Method Overview

Consider the K-class supervised classification problem with a training dataset D = (:U,,yz)fi 1>

where 2; € RWXHXC and y; € C, with C = {1,2,3,...,K}. Let X}, represent the collection of
samples associated with class k, and Ny = | Xj| signify the size or cardinality of the set Xj. We
assume the classes are arranged in the order N1 > Ng > N3 > ... > Nk, where ZkeK Ny, =N. As
illustrated in Figure 4.1, our proposed method consists of a feature extraction backbone network f
(considered as a CNN-based network for extracting features from images), and two MLP classifiers
h1 and hg which take extracted features from f. Three samplers are defined as instance sampler
(Z) (formed by putting v = 1, and ¢ = 0 in equation 4.2), median sampler (M) (formed by putting
v € (0,1], and ¢ = median({N1,---,Nk}) in equation 4.2), and reverse sampler (R) (formed by
putting v € (0, 1], and ¢ = mazimun({N1,--- , Nk}) in equation 4.2). Data is drawn from these
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Figure 4.2: Figure (a) shows a balanced dataset along with the decision region produced by the clas-
sifier if the data is balanced. Figure (b) shows an imbalanced dataset and the decision boundaries
when the data is balanced. Figure (c) shows decision regions produced by vanilla mixup trained
on an imbalanced dataset. Figure (d) shows decision regions by DBSGM. Figure (e) shows the de-
cision region produced by DBSGM+TASCL. In Figure (c), the majority class (yellow) dominates
the decision region, with only the majority class being classified correctly, while the other minority
classes are misclassified. This highlights the limitation of vanilla mixup in handling imbalanced
datasets, which is addressed by DBSGM and DBSGM+TASCL in Figures (d) and (e), respectively.

samplers and augmented based on our proposed Dual-Branch Sampler-Guided Mixup (DBSGM).
Training is performed by simultaneously applying DBSGM and Adaptive Class-Aware Feature
Regularization (ACFR). Detailed explanations of the augmentation method, feature regularization,

training procedure, and testing phase are provided in the subsequent subsections.

4.3.3 Dual-Branch Sampler-Guided Mixup (DBSGM)

For our augmentation method DBSGM, the data is first sampled from instance sampler, (z;,, yi,) ~

Z(D,1) and median sampler, (z;,,,¥i,,) ~ M(D,~), and combined using mixup as follows:

T = Mzi; + (1= )iy, (4.5)

v = MYi; + (1= M)y, (4.6)
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Secondly, augmentation is applied to two samples taken from the reverse sampler as (z,, y;,) ~

R(D,~) and (2, yjr) ~ R(D,7). Mixup is then applied between these two samples as:

TRR = )\QZ'iR + (1 — )\Q)ij, (47)

UrR = NoYip + (1 — A2)Yjp, (4.8)

These two augmented samples are then passed to the feature extractor network f. The feature cor-
responding to Zrps is fed to hy, and features corresponding to Zrpr are fed to hs. Branch 1 tackles
the bias towards head classes by carefully mixing them with medium classes. Here, an instance
sampler captures the natural abundance of classes, while a dedicated median sampler prioritizes
medium classes through increased selection probability. Mixup then augments these samples, en-
suring both head and medium classes contribute meaningfully to the learning process. Meanwhile,
branch 2 dedicates itself to elevating the often-neglected tail classes. It accomplishes this via a
reverse sampler, which boosts their representation by increasing their selection probability. This
targeted approach directly addresses the scarcity of tail class data, providing the network with cru-
cial information to learn their distinguishing features. By strategically balancing head and medium
class learning while also improving tail class performance, our dual-branch network with mixup
achieves superior overall classification accuracy compared to standard methods, demonstrating its
effectiveness in handling imbalanced datasets. In DBSGM, we observe that varying the probabil-
ity of sampling samples using v in equation 4.2 helps improve accuracy between different classes
and achieves the best overall balanced accuracy. Losses corresponding to each mixup sample are

calculated at the respective head using the balanced softmax loss as L1 and Lys.

4.3.4 Justification for DBSGM Over HybridMix

In Chapter 3.4.3, we introduced HybridMiz, a dual-augmentation strategy combining CutMix be-
tween samples drawn from instance and median samplers, and Mixup applied to samples from
a reverse sampler. While HybridMix offers improved generalization under class imbalance by di-
versely augmenting different class strata (head, medium, and tail), it is fundamentally limited by
the properties of CutMix as an augmentation strategy. CutMix, as a spatial composition tech-
nique, replaces a patch of one image with a region from another and interpolates the corresponding
labels. While effective for standard classification settings, recent investigations have uncovered
limitations of CutMix under adversarial or distributionally shifted settings. Notably, Rebuffi et
al. (?) conducted a comprehensive study demonstrating that augmentation strategies such as Cut-
Mix and Mixup behave differently with respect to robustness and generalization. They argue that
although CutMix achieves strong performance in clean accuracy and alleviates robust overfitting

to some extent, it does not outperform Mixup in maintaining robustness across training epochs
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when combined with model weight averaging. Mixup, by linearly interpolating both input images
and labels, introduces smoother transitions in the data manifold and encourages the model to
learn more globally linear decision boundaries. These smoother boundaries inherently reduce the
model’s sensitivity to small perturbations, making Mixup particularly beneficial in the context of
underrepresented (tail) class generalization and adversarial robustness. The study by Rebuffi et
al. (?) shows that:(1) Mixup effectively mitigates robust overfitting, a known issue in long-tailed
and adversarially robust training. (2) When combined with model weight averaging (WA), Mixup
consistently improves the model’s robust accuracy throughout training, surpassing CutMix under
{~ perturbations. (3) Unlike CutMix, Mixup promotes consistency across model snapshots, making

it more compatible with temporal ensembling strategies such as WA.

Empirically, Rebuffi et al. observed that while CutMix yields high clean accuracy and per-
forms well on robust test sets when WA is applied, Mixup stands out in preserving robustness
across epochs without suffering from abrupt degradation post-learning rate decay. This property
is critical in our setting, where preserving tail class information and preventing overfitting on over-
represented head classes is crucial. Further, the smooth interpolation of feature and label space
in Mixup complements the dual-branch architecture proposed in DBSGM. Branch 1 of DBSGM
integrates Mixup between instance and median samplers, targeting the imbalance between head
and medium classes. Branch 2 employs Mixup on reverse-sampled tail-class data, enhancing rare
class representation. The use of Mixup across both branches in DBSGM ensures: (1) Controlled
blending of underrepresented and overrepresented class samples without introducing abrupt spatial
discontinuities (which can occur with CutMix). (2) Smooth label transitions that regularize class
boundaries and avoid overfitting to noisy or sparse tail samples. (3) Compatibility with balanced
loss functions and weight averaging, both of which synergize with DBSGM’s dual-branch architec-
ture to boost balanced accuracy. Therefore, to leverage the theoretical robustness guarantees and
empirical superiority of Mixup over CutMix in imbalanced and robustness-sensitive settings, we
replace the CutMix-based hybrid strategy with our proposed Dual-Branch Sampler-Guided Mixup
(DBSGM). DBSGM builds upon the strengths of Mixup by combining it with carefully designed
sampling strategies and also using the fractional value of v to further get the smooth sampling that
target different parts of the class frequency spectrum (head, medium, and tail), resulting in a more
principled and robust augmentation pipeline for long-tailed classification.

This strategic shift from HybridMix to DBSGM is not only supported by emerging literature

but also by our empirical findings which demonstrate superior balanced and tail-class accuracy when

training under class-imbalanced regimes.
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4.3.5 Proof of concept demonstrating why DBSGM provides better class bound-
aries and the necessity of contrastive loss.

To demonstrate that our Mixup-based algorithm provides better decisions compared to the stan-
dard Mixup, we used a 2D - toy dataset with four classes, each containing 500 (yellow), 50 (red),
25 (green), and 5 (blue) samples, resulting in a class imbalance ratio of 100. Figure 2 illustrates
how decision regions change across different methods. Subfigure (a) shows the decision boundaries
produced by the classifier when the dataset is balanced, while subfigure (b) depicts the imbalanced
dataset and the corresponding decision regions when the data is balanced. Subfigure (c) demon-
strates the decision regions obtained using Vanilla Mixup on the imbalanced dataset, highlighting
its limitations in effectively separating classes, particularly minority classes. Subfigure (d) shows
the improved decision regions achieved by our proposed DBSGM method, which provides better
separation between the majority and minority classes and intermediate classes. Finally, subfigure
(e) illustrates how adding TASCL to DBSGM further enhances the decision boundaries, resulting in
improved separation between minority and median classes. Together, these visualizations demon-
strate the efficacy of DBSGM and TASCL in addressing class imbalance and improving decision

boundaries, particularly for minority and intermediate classes.

However there are some drawbacks associated with the Mixup, it creates new data points by
interpolating between existing ones. This can lead to smoother decision boundaries, which might
be desirable sometimes. However, excessive smoothing can cause the model to miss important
features in the data, potentially reducing its ability to distinguish certain classes, especially when
the data is highly separable (Oh and Yun, 2023; Yang et al., 2020). Also, as discussed in (Yang
et al., 2020), mixup can lead to thicker, more gradual decision boundaries that are less sharp than
standard training. The decision regions may also be more fragmented in some cases. Also, as seen
from the figure mixup is unable to classify (or cptures) the features close to the boundaries of the

different classes.

Thus, to resolve the above issues associated with Mixup augmentation, we use the concept of
contrastive learning in the form of supervised contrastive learning (SCL). SCL loss offers a potential
solution to these drawbacks. By incorporating class labels during training, SCL loss steers the
model towards learning class-relevant distinctions, potentially leading to more interpretable decision
boundaries. Additionally, SCL encourages similar classes to be closer in the embedding space
while pushing dissimilar ones apart. This can help maintain sharper decision boundaries compared
to Mixup’s smoothing effect, which might be detrimental to well-separated data. However, it is
important to remember that SCL’s effectiveness can be data-dependent, achieving the optimal

balance between smooth and sharp boundaries.

However, directly applying the supervised contrastive loss function (Khosla et al., 2020) to

data with a long-tailed distribution is infeasible. This can be demonstrated by examining the lower
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bound of the SCL loss, which is calculated under the assumption of balanced data in Lemma S1 in
(Graf et al., 2021) as given below.

Lemma 2. Given that normalized feature embeddings are used, let L = (l1,la, -+ ,In) € eN
represent a configuration of N points, each associated with labels Y = (y1,y2,v3, - ,yn) € CV.
Here, £ is defined as {I € R" : ||l|| = 1}, indicating that each point | in R" is normalized to have a

unit norm. The class-specific batch-wise loss can then be expressed as follows:

L(L;Y,B,1,y) >

L 1 Z 7li-lk 1 5 o
> log | (1Bl = 1)+ [Bylexp | [B;] 4B 7 — (B[ 1 2B\

1€By repulsion term attraction term

where B is the batch and |B| is its cardinality, B, C B contains all data points belonging

to class y, and |B,| is its cardinality. In the given boundterm % Zkij Lile can be though of
Yy

g
a repulsion term and the term ‘Byﬁ Zje By\i %, can be thought of as a attraction term. The
attraction term in SCL aims to pull similar data points closer together in the feature space. In a
balanced setting, this helps refine class-specific features. However, with imbalanced data, this term
can excessively collapse features within the minority classes, regardless of their actual variation.
This essentially reduces the distinctiveness of minority class data points. The repulsion term in
SCL pushes dissimilar data points apart. Ideally, this fosters a clear separation between classes.
However, in imbalanced datasets, the majority classes heavily influence the repulsion term. Since
there are many more samples from these classes in each mini-batch, the repulsion term prioritizes
pushing everything away from the majority, potentially neglecting the specific features of minority
classes. This can lead to uneven feature separation, with larger distances between the majority
classes and smaller distances between minority classes themselves. Furthermore, the imbalanced
nature amplifies the impact of gradients during training. Since there are more samples from the
majority classes, the gradients calculated from pushing data points away from these classes will be
much stronger. This can lead the training process to prioritize optimizing the representation of the

majority classes at the expense of the minority classes.

Solution: Redistribute attraction and repulsion terms by adjusting them dif-
ferently for the majority and minority classes. The loss defined in Equation A.15 is a
class-specific, batch-wise loss calculated on a balanced dataset. We first convert this class-specific
loss to a loss computed across all classes within each batch to address the imbalanced dataset. By
summing these class-level losses over all classes in the batch, we obtain a lower bound for the total
batch loss.

Theorem 3. Consider a dataset comprising N normalized feature embeddings, L = {l1,12,....,In} C
N where £ = {l € R : ||l||a = 1} is the unit hypersphere in R". Associated with each embedding
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l; is a class label y; € C, where C is the set of all classes. Partition the label set into majority
and minority subsets, denoted Ya; and Y,, respectively, such that Y = Yy UY,,. The aggregate
batch-wise loss, L(L;Y,B,T), is defined as the summation of class-conditional batch-wise losses

across the entire class space:

L(L;Y,B,7) > log ( 11 \By\'By)+

yey
ol il
Z Z SkeB\By 7y 2ieBy\i oy
1By |By[—1
yeYM \i€By | S —

Repulsion by Majority ~ Attraction by Majority

sl Badl;

+ 2 : z : ZkeB\By 3—7 o ZjeBy\i j—imj (4 10)

B, By|-1 ) :

yey™ \ieB, ! 1By 5]
Repulsion by Minority — Attraction by Minority

Proof see Supplementary A.2.1.

comment. The lower bound stated in 3 characterizes the minimum achievable value of the batch-
wise loss under normalized embeddings and balanced attraction-repulsion forces. Similar to the
analysis in (Graf et al., 2021), the bound is approached when intra-class similarities are maximized
and inter-class similarities are uniformly minimized on the unit hypersphere. However, unlike the
balanced-data assumption in prior work, class imbalance causes the repulsion term of minority
classes to be disproportionately weakened due to normalization by larger complementary sets. As a
result, the lower bound is generally not tight in long-tailed settings. This observation motivates the
introduction of class-dependent temperature scaling, which redistributes attraction and repulsion
forces and tightens the bound under imbalanced data. A formal derivation and detailed analysis

are provided in Appendix A.2.

We divide the attraction and repulsion terms into four components: attraction by head,
attraction by tail, repulsion by head, and repulsion by tail. For simplicity in explaining the tail
part, we can consider its median classes. As seen from equation 4.10, the repulsion term by the
head class repels the tail classes to a much greater extent than the tail classes repel the head classes.
This imbalance may result in the collapse of the class boundaries associated with the tail classes.
Therefore, adjusting the parameters to alter this phenomenon is more feasible. Specifically, we
can change the temperatures associated with the head class repulsion and the tail class repulsion
terms so that the power of repulsion by the majority class is less than that of the tail classes.
Thus, different temperatures will be associated with these repulsion terms. Let 737 and 7, be the
temperatures associated with the majority and minority classes, respectively. It is worth noting

that )y must be greater than 7, to meet the required repulsion conditions for instances of majority
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and minority classes.

Moreover, if we talk about both attraction terms, learning the instance-related features for
the tail classes to achieve much better classification accuracy will be more feasible. Thus, if we
associate a lower temperature with this, it will only affect the instances nearer to it rather than
those quite far away. However, in the case of majority classes, a higher temperature can also work,
as it has many instances and can influence the faraway neighbors to make them similar to the

particular term being applied. Therefore, for the attraction, 73y must be greater than 7,,.

Based on this analysis, we will propose the temperature adaptive supervised contrastive
loss (TASCL) next. The toy dataset in Figure 4.2 (e) demonstrates how supervised contrastive
loss modifies the decision boundaries to learn instances of the minority class better. Specifically,
it optimizes the discrimination between instances of the minority class, thereby improving overall

classification accuracy.

Based on the above discussion, some queries must be tackled. We introduce the feature
regularization module ACFR to achieve this:
Queryl. Mizup creates smoother decision boundaries, which can be undesirable for highly separa-
ble data. This smoothing can lead the model to miss crucial features and hinder class distinction,
especially for minority classes.
Solution. we explore contrastive learning approaches such as Supervised Contrastive Learning
(SCL) to address this. SCL encourages sharper boundaries by pushing dissimilar classes apart and
pulling similar ones closer, leveraging class labels during training. To achieve this, we introduce
the feature regularization module ACFR, as discussed in the next section.
Query2. Directly applying SCL to long-tailed datasets (where some classes have significantly fewer
samples) presents challenges. The attraction term in SCL can excessively collapse features within
minority classes, reducing their distinctiveness. Additionally, the repulsion term gets dominated by
the majority classes, neglecting minority class features and leading to uneven separation.
Solution. The principles outlined in (Wang and Isola, 2020) emphasize that a representation
should extract the shared information between positive pairs while remaining invariant to noise.
Therefore, the loss function must satisfy two properties: alignment and uniformity (Wang and
Isola, 2020). Alignment ensures that samples from the same class map to nearby features, thus
becoming invariant to irrelevant noise. Uniformity, however, suggests that feature vectors should
be roughly uniformly distributed to preserve as much class-specific information as possible with-
out compromising the model’s discriminative capabilities. Supervised Contrastive Learning (SCL)
aims to bring all class representations to a single central representation, avoiding the properties of
uniformity and alignment and potentially reducing the model’s ability to discriminate between in-
stances within the same class. To address this, we propose a modification of the SCL loss, ensuring
that representations remain distinguishable from their neighbors, are appropriately grouped with

instances from the same classes, and retain instance-specific features. This is achieved using the
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proposed loss function called Temperature Adaptive Supervised Contrastive Loss (TASCL).
Query3. While sharper boundaries are often desirable, some level of smoothness might still be ben-
eficial for generalization. Finding the optimal balance between these two aspects can be challenging.
Solution. To address the challenge of balancing sharp boundaries with smoothness for optimal gen-
eralization, we devised a strategic training process for the network using a long-tailed dataset. This
process alternates between training the network with our proposed modules, DBGSM and ACFR,
effectively leveraging both mixup augmentation strategies and contrastive learning approaches. The
integration and utilization of these modules are detailed in the overall training algorithm section.
Query 4 How to mitigate the issue of imbalanced gradients during training with SCL for long-tailed
data?

Solution. We propose a batching strategy to address imbalanced gradients during training with
supervised contrastive loss (SCL) on long-tailed data. This strategy involves creating a new batch
that combines features extracted from two sampling methods: an instance and a reverse sampler.
The instance sampler draws samples to reflect the natural class distribution, while the reverse sam-
pler ensures an equal representation of classes by oversampling the minority classes. By merging
these two batches, we achieve a balanced representation of different classes within each training
batch. This approach mitigates the problem of gradient imbalance during training with contrastive
loss, ensuring that the number of samples from each class is roughly equal. Consequently, the gra-
dients computed during backpropagation are more balanced, leading to more stable and effective

model training on long-tailed datasets.

The ACFR module, the overall training strategy, and the testing phase are discussed in the

following section.

4.3.6 Adaptive Class-Aware Feature Regularization (ACFR)

While Mixup promotes smoother decision boundaries, it may not intrinsically address irrelevant
intra-class variations that can hamper classification accuracy. This limitation arises from its focus
on interpolating existing data points, which can inadvertently amplify such variations. We intro-
duce a technique called Adaptive Class-Aware Feature Regularization (ACFR) to mitigate this
issue. ACFR leverages a loss function that operates directly on the extracted features, effectively
guiding the model’s learning process toward a feature space that exhibits strong intra-class cohesion
and pronounced inter-class separation. This complements the benefits of Mixup and contributes
to developing a more robust and accurate classification model. Based on the previous section’s
supervised contrastive loss analysis, we propose a Temperature Adaptive Supervised Contrastive

Loss (TASCL) that operates directly on the extracted features to achieve these goals.
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The loss is defined as follows:

2B
cleat(r,ry =" cle, (4.11)
=1
2B
-1 exp(la, * o, /Ty:)
LINL,7) = > Tzl log I , (4.12)
) = g 2 M O St

where I, = f(x;) (extracted feature of image x; with label y;), y; is the class of the sample z;, and
Ty, is the temperature corresponding to class y; of the sample z;. To calculate the loss, batches are
taken from both the instance sampler and the reverse sampler, and these batches are combined to
create a batch of size 2B. This combined batch is then used to calculate the loss as defined above.
Thus we can construct the set L = {loy, * ,lz;, ylug, s luyp } to calculate loss £ (L, 7).
Ngi,B is the number of images in the combined batch 2B belonging to class y;. Moreover, another
important parameter in the loss is the temperature set, 7 = {7y, -+ , Ty, s Tyg, s Ty }- We
calculate 7, corresponding to each sample z;, depending on the prediction probability of each sam-
ple corresponding to its label from their respective head in the batch 2B. Samples from {1,..., B}
obtain their sample probability from head h; as they belong to the instance sampler. On the other
hand, samples from {B + 1,...,2B} obtain their sample probability from head hy as they belong

to the reverse sampler. We determine the temperature 7 using these probabilities.

Since temperature is a crucial parameter in loss and plays a role in imposing penalties on
the samples, as temperature decreases, it results in more significant penalties in the loss term.
Conversely, a higher temperature value leads to a lower penalty. Additionally, considering the
classifier’s ability to provide probabilities corresponding to the sample (x;,¥;), we can assert that
a sample with a lower probability should incur a higher penalty than a sample with a higher
probability during prediction. This aligns with our analysis in Theorem 3, which demonstrates the
necessity of assigning different temperatures to majority and minority classes. Depending on this,
we can say that the probability of predicting sample x; given class y; i.e. p(x;|y;) o< 7,. Thus, we

can propose the function for 7, as:

Ty; = Tmin + (Tma:c - g’i?)@nClCLSSTmm> : p(xi’yi)v (413)

where T4: and T, are the minimum and maximum values the temperature can take. Using this,
we can apply more penalties to the less confident sample and fewer penalties to the more confident

sample.

By pushing similar samples closer together and driving dissimilar samples further apart,
ACFR promotes the learning of semantically meaningful features. This means the features extracted

by the model capture the essence of a class, going beyond superficial appearance and focusing
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on the underlying concepts that define it. This focus on semantics translates to more robust
and generalizable representations, ultimately improving classification accuracy across diverse data

points.

4.3.7 Overall Training Algorithm

Algorithm 3 illustrates the overall proposed training algorithm. Initially, for the first few warm-
up epochs, denoted as Tiarm, only the £t loss is applied to the features with a temperature
parameter Ty, while keeping the classifier heads frozen. Subsequently, from epoch Tyarm to
TaugMax, We engage in simultaneous training using the DBSGM method. This involves updating
both the feature backbone f and the heads hy and hy using the balanced softmax losses £y, and
Lp,. During this phase, we also update only the backbone f using the L2t Joss with temperature,
calculated using equation 4.13. The transition between exclusively updating the backbone using
£feat and updating both the backbone and heads using Ly, and Ly, depends on a probability
parameter v and given its threshold pgyg (representing whether to perform augmentation or not),

calculated before each epoch.

After reaching TaugMax, the heads are frozen, and only the backbone is updated using the
£feat Joss with temperature, calculated using equation 4.13. Additionally, please note that during
the training in the ACFR phase, to enhance training efficiency, we utilize a single-view approach
for contrastive learning. Unlike dual-view methods such as contrastive loss, such as BCL (Zhu
et al., 2022), which employ multi-view approaches that double the batch computation, we rely on
the diversity introduced by our DBSGM sampler to simulate contrastive pairs, thereby reducing

computational overhead without sacrificing representational quality.

4.3.8 Testing Phase

In the testing phase, a test image passes through the feature extractor f and then through both
the classifier heads h; and hy. Softmax is applied to each head after collecting the logits from both
heads. Finally, the mean of the softmax outputs is used to predict the class of the test image. Let’s

define the prediction function for the test image x as:

softmaz(hy(f(x))) + softmaz(ha(f(x)))

P(x) = 5 )

(4.14)

where P(z) = [p1,- - ,pK]| that is the K-dimension array of predicted probability corresponding to
each class. Predicted class ¢ can be found out using c = {i € Z | 1 <i < K and p; = max(P(x))}.

The complete testing phase is also illustrated in Figure 4.1.
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Algorithm 3 Proposed Training Algorithm

Input: For a dataset D, the model comprises parameters 6 for the backbone f, and parameters 1, and
19 for classifier heads hy and hy. The instance sampler is denoted as Z(D,1), and the Median Sampler
and Reverse Sampler are M(D,~) and R(D,~). Loss functions for the first and second heads are Ly, (.)
and Lp,(.), and the feature loss is £/¢**. The parameter for the epoch probability of choosing between
augmentation or direct feature update is v with the threshold psyg. The learning rate is denoted as 1. Total
epochs are T, maximum warm-up epochs are Tim, and maximum augmentation epochs are T'AygMax-
Output:Trained network f, hy and hso.

Computation:
1: Randomly initialize 6, ¥ and .
2: Dataset sampled using Z(D,1): Dz ~Z(D,1)
3: Dataset sampled using M(D,~): Dy ~ M(D,7)
4: Dataset sampled using R(D,v): Dg ~ R(D,7)
5: for epoch =1,...,T do
6: if epoch > T — Tyarm and v < pgug and T' < Taygmax then
7 // Augmentation phase: activate sampler-guided Hybrid-Mizup for tail-aware training
8: for batch i =1,..., B do
9: Draw a mini-batch (x;,,y;,) from Dz
10: Draw a mini-batch (x;,,,y:,,) from D g
11: Draw a mini-batch (z;,, i) and (z;,,y;,) from Dg
12: Generate Sample (77, yrar) using samples (x;,,y;,) and (x;,,,¥:,,) by using Eqn’s 5.5 and 5.6
13: Generate Sample (zrr,yrr) using samples (;,,¥i,) and (z;,,¥;,) by using Eqn’s 4.7 and 4.8
14: (0,41) < (0,91) =NV Ln, (120, y101); (0, 91))
15: (0,102) < (0,¢2) = VL, ((xrR, YrRR); (0,2))
16: end for
17:  else
18: // Feature-regularization phase: update backbone using adaptive feature loss without augmentation
19: for batch i =1,..., B do
20: Draw a mini-batch (x;,,y;,) from Dj
21: Draw a mini-batch (x;,,v;,) from Dg
22: Extract the features using the backbone f as:
23: L; = f(x,), and Lp = f(x;y,),
where, L is the set of all feature in batch (z;,,y;,), and
L, is the set of all feature in batch (x;,, i)
24: pr = softmaz(hi (L))
25: pr = softmax(h1 (L))
26: Calculate 7; and 7 using p; and pg using equation 4.13
27: Concatenate temperature sets 77 and 7r to make temperature set 7 = 7; U TR
28: Concatenate features sets Ly and Lg to make feature set L = Ly U Lg
29: Calculate £f°% using L and 7, using equation 4.11
30: It T < Tyarm then 7 = 7, else 7 = 7
31: Finally update the backbone f using £/
32 (0) - (0) — nV LI (L, 75(6)
33: end for
34: end if
35: end for

4.4 Experiments and Discussion

4.4.1 Datasets and Experimental Setup
4.4.1.1 Dataset Overview

The assessment of our proposed method involves a rigorous examination utilizing three distinct
datasets tailored for long-tailed visual recognition tasks: CIFAR-LT-10, CIFAR-LT-100, ImageNet-
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LT and iNaturalist 2018. The datasets, denoted as Long-tailed CIFAR-10 and Long-tailed CIFAR-
100, are specifically crafted long-tailed versions of the CIFAR10 and CIFAR100 datasets, respec-
tively (Krizhevsky, 2009). To maintain methodological consistency, we adhere to the experimental
settings outlined in (Cao et al., 2019) for the long-tailed adaptations of CIFAR datasets. Our exper-
imental investigations encompass CIFAR-LT-10 and CIFAR-LT-100, exploring various imbalance
ratios, precisely 10, 50, 100, and 200.

The Long-tailed ImageNet dataset is a skewed distribution derived from the original Ima-
geNet dataset (Deng et al., 2009). This skewed variant is produced by incorporating an exponential
distribution into the class distribution. We utilize the ImageNet-LT dataset introduced by Liu et
al. in (Liu et al., 2019a), which encompasses 115.8K images categorized into 1000 classes, exhibiting

class cardinalities ranging from 5 to 1,280.

The iNaturalist 2018 (Horn et al., 2018) dataset is a large-scale benchmark commonly used
for evaluating methods addressing long-tailed class imbalance. It comprises 437.5K datapoints
across 8,142 classes, with an extreme imbalance ratio of 500, making it particularly challenging for

conventional learning algorithms.

4.4.1.2 Experimental Training Overview

This section provides an overview of training procedures for long-tail datasets, specifically CIFAR-
LT-10, CIFAR-LT-100, and ImageNet-LT. We follow parameter configurations from (Cao et al.,
2019) for CIFAR-LT-10 and CIFAR-LT-100, using ResNet-32 as the backbone. For both, a batch
size of 128 is used over 200 epochs with SGD optimizer (momentum 0.9), an initial learning rate
of 0.1, with a linear warm-up learning rate scheduler applied for the first 5 epochs, and decay at
the 160*™® and 180 epochs. For ImageNet-LT, ResNet-50 and ResNet-10 are used as backbones,
following settings in (Kang et al., 2020). A cosine learning rate schedule is applied, decreasing from
0.1 to 0, with an image resolution of 224 x 224 and a consistent batch size 256. In all ResNet-50/10
experiments, the SGD optimizer with a momentum of 0.9 is employed. The code is available at:

https://anonymous.4open.science/r/Submission2-213D/.

4.4.1.3 Evaluation Metrics

We focus on top-1 accuracy as the key performance metric. Following the method outlined by
(Liu et al., 2019a) on CIFAR-LT-100 and Imagenet-LT, accuracy is grouped into three subsets:
many-shot classes (> 100 samples), medium-shot classes (20 — 100 samples), and few-shot classes
(< 20 samples).

4.4.2 Results and Discussion

To compare our method, we evaluated several categories of existing approaches. The reweighing-

based methods include LDAM/LDAM-DRW (Cao et al., 2019), CE-CBRW/DRW (Cui et al.,
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2019b), IB-Focal/CB (Park et al., 2021), and BALMS (Ren et al., 2020b). Augmentation-based
methods considered are Mixup (Zhang et al., 2017b), CutMix (Yun et al., 2019a), CMO+CE/DRW/BS
(Park et al., 2022), and MetasAug (Li et al., 2021). We also examined dual-branch networks like
BBN (Zhou et al., 2020), ResLT (Cui et al., 2022), RIDE (Wang et al., 2021b), CBD (Iscen et al.,
2021), CDBNF (Fan et al., 2022), and Bi-F3R (Chen et al., 2023). Two-stage methods such as
7-Norm (Kang et al., 2020), cRT (Kang et al., 2020), LWS (Kang et al., 2020), DPM (Zhang et al.,
2023a), and MisLAS (hong et al., 2021) are also included. Additionally, miscellaneous methods
encompassing knowledge distillation, logit adjustment, self-supervised learning, and contrastive
learning-based methods (except for Balanced Contrastive Learning (BCL) (Zhu et al., 2022), which
utilizes multiple views of a single image during training, our approach uses only a single view.) are
compared, including CBS+RRS (Zhang et al., 2019), DisAlign (Zhang et al., 2021), TDE (Tang
et al., 2020a), SEQL (Yang and Xu, 2020), OLTR (Liu et al., 2019a), SSP (Yang and Xu, 2020),
Hybrid-SC (Wang et al., 2021a), TSC (Li et al., 2022¢), LADE (Hong et al., 2021), Causal (Tang
et al., 2020a), and GCL (Li et al., 2022c).

Since our method is a single-stage dual-branch network, we did not consider ensemble
models involving multiple experts, though we used models like RIDE and compared them when

they used two branches.

4.4.2.1 Results comparison on CIFAR-LT-10 and CIFAR-LT-100 Dataset

To ensure an unbiased comparison of our approach with other methods on CIFAR-LT-10 and
CIFAR-LT-100 datasets, we replicated the outcomes of contrasting methods by implementing their
source code. We maintained uniformity across different techniques using the same seed values,
optimizer setups, and learning rates. Table 4.1 presents top-1 accuracy on CIFAR-LT-10 for vari-
ous imbalance ratios (IR) from 10 to 200. Our method consistently outperforms reweighing-based
methods across different IRs, showing almost 2% for IR = 10 improvements, increasing to around
6% for IR = 200. Compared to Balanced Softmax and IB4+CB, our method excels with the high-
est improvement observed at IR = 200. Additionally, against augmentation-based methods like
CMO+BS, our method exhibits improvements ranging from 1% to 1.72%. In comparisons with
multi-branch networks (BBN and ResLT) and a two-stage method (MisLAS), our method con-
sistently outperforms them, with substantial improvements at various IRs. Furthermore, against
contrastive learning-based methods (Hybrid-SC and TSC), our method shows significant improve-
ments of 2.55% and 3.89%, respectively, for IR = 100.

Table 4.2 compares the CIFAR-LT-100 dataset, showcasing top-1 accuracy for many-shot,
medium-shot, and few-shot classes. Our method outperforms reweighing-based approaches across
various imbalance ratios. Compared to CMO combined with balanced softmax (CMO+BS) and
DRW, our method demonstrates top-1 accuracy improvements of 3.37% and 2.52% for IR=100, and
4.61% and 3.24% for IR=200. Notably, our method exhibits improvements in medium and few-
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Table 4.1: Comparison on CIFAR-LT-10 dataset with different State-of-the-art methods in terms
of top-1 accuracy (%) for ResNet-32 architecture with different imbalance ratios.

Methods IR=10 IR=50 IR=100 IR=200
CE 86.81  77.00  71.21 66.05
LDAM (Cao et al., 2019) 86.79  79.05 74.64 69.55
CE-CBRW (Cui et al., 2019b) 86.88  78.53  73.16 65.65
CB-Focal (Cui et al., 2019b) 83.98  70.13 64.58 35.61
CE-DRW (Cao et al., 2019) 88.28  80.44 76.36 70.38
LDAM-DRW (Cao et al., 2019) 87.78  82.36 78.33 73.38
IB-Focal (Park et al., 2021) 87.27  T7.42 71.71 65.96
IB+CB (Park et al., 2021) 88.32 81.74 7831 74.79
Balanced Softmax (Ren et al., 2020b) 88.24  81.66 78.4 72.87
Mixup (Zhang et al., 2017b) 88.24  79.16 72.75 66.13
CutMix (Yun et al., 2019a) 88.22  79.59 75.61 69.75
CMO (Park et al., 2022) 88.72  80.51 73.84 71.07
CMO+DRW (Park et al., 2022) 89.37  84.60  81.76 77.41
CMO+BS (Park et al., 2022) 89.18  85.44 82.70 78.33
MetasAug (Li et al., 2021) 89.23 839 82.07 76.27
Causal (Tang et al., 2020b) 88.20  83.10 79.90 76.60
BBN (Zhou et al., 2020) 87.95 80.67  77.40 73.76
LADE (Hong et al., 2021) 87.60  82.80 79.70 75.20
MisLAS (hong et al., 2021) 90.33  85.56 82.43 76.06
Hybrid-SC (Wang et al., 2021a) 91.12 85.36 81.40 -
GCL(Li et al., 2022c¢) 89.83  84.99 81.98 78.24
TSC (Li et al., 2022¢) 88.70 8290  79.70 -
ResLT (Cui et al., 2022) 88.98  82.96 78.87 75.07
STTP-Net (ours) 91 86.4 83.65 80.88

BalPOE (no. expert: 2)(Aimar et al., 2023b)  83.16  79.69 72.07 64.69
BalPOE (no. expert: 7)(Aimar et al., 2023b)  73.83  76.89 75.06 64.57

Ours 90.52  86.09 83.59 80.05

shot classes for IR=100, with gains of almost 6.46% and 4.09% for CMO+BS and CMO+DRW in
medium classes, and a 4.1% improvement over CMO~+DRW for few-classes. However, CMO+BS has
a 2.7% higher accuracy for few-shot classes but at the cost of a significant drop in many-shot class
performance. Similar trends are observed for IR=200. Additionally, compared to MetasAug, our
method shows overall accuracy improvements of 2.11% and 2.22% for TIR=100 and 200, with gains
in medium and few-shot classes. Compared to multi-branch networks (BBN, ResLT, and RIDE),
our method outperforms with improvements of 7.39%, 4.79%, and 1.73% for IR=100, and 7.99%
and 4.51% for BBN and ResLT in IR=200. Compared to contrastive learning methods (Hybrid-SC

and TSC), our method shows improvements of 2.63% and 5.55% for top-1 accuracy. Furthermore,
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employing RandAugment during training enhances our method’s accuracy by approximately 2.85%
and 1.6% for medium and few-shot classes with IR=100, and 4.61% and 2.91% for IR=200.

4.4.2.2 Results comparison on Imagenet-LT Dataset

Table 4.3 displays ImageNet-LT results, comparing ResNet-10/50 backbones. Our approach out-
performs 7-norm by around 2% for both 90 and >180 epochs and c¢RT by approximately 1% for
ResNet-10. It surpasses OLTR with a top-1 accuracy gain of 4.73% for ResNet-10. SSP’s self-
supervised learning provides effective feature initialization, but our method is superior by about
1.6% (ResNet-10). Additionally, our model outshines DPM by 2.03% for ResNet-10 and beats
ResLT and SEQL (using ResNet-10) by 1.09% and 5.63%, respectively. Table 4.4 demonstrates
good performance across decoupled methods for top-1, many-shot, medium-shot, and few-shot ac-
curacy. It also surpasses ResLT in top-1, many-shot, and medium-shot accuracy, with slightly
lower few-shot accuracy. For ResNet-50, our method excels against most decoupled methods and
is comparable to TDE and DisAlign, even as a single-stage end-to-end framework. It outperforms

multi-branch networks like ResLT and self-supervised networks like SSP.

4.4.2.3 Results Comparisons on iNaturalist2018 Dataset

The table 4.5 demonstrates the performance comparison of our method with existing approaches on
the iNaturalist2018 dataset. Our approach achieves competitive results, with a top-1 accuracy of
70.01%, surpassing several methods such as LDAM-DRW (68.0%), OLTR (63.9%), and Decouple-
LWS (68.5%). Notably, our method outperforms many of these baselines in handling medium and
few classes, as indicated by the accuracy scores of 70.70% and 70.028%, respectively. This highlights
the robustness of our approach in addressing the long-tail distribution challenge. Compared to
methods like Balanced Softmax (70.5%) and LADE (70.6%), our approach maintains comparable
performance, while offering a distinct advantage in the medium and few categories. For instance,
while LADE achieves 70.3% for the medium class, our method achieves a higher accuracy of 70.70%,
demonstrating its efficacy in managing subpopulation shifts and class imbalances. Furthermore,
our results highlight a balanced performance across different class categories, unlike approaches
such as CMO, which achieves a high score for the many classes but struggles with the few classes
(62.9%). In summary, the results validate the effectiveness of our method, particularly in scenarios
with class imbalances, by achieving a better balance across the many, medium, and few categories

without compromising overall classification accuracy.

4.4.2.4 Justification of the Comparative Study

While our method demonstrates robust performance across multiple benchmarks, its design phi-
losophy and computational feasibility guided our choice of comparative baselines. Specifically,

we focused on single-stage approaches, including reweighting-based methods (e.g., LDAM-DRW,
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Table 4.2: Comparison of CIFAR-LT-100 dataset with different State-of-the-art methods in terms of overall top-1 accuracy (%)
for IR= 10, 50, 100, and 200 along with its top-1 accuracy (%) for Many-shot, Medium-shot, and Few-shot classes for ResNet-32
architecture with IR=100 and 200. (Entries with * denote results directly taken from the corresponding research work.)

ResLT (Cui et al., 2022)
ResLT§ (Cui et al., 2022)
ResLT§ (Cui et al., 2022)

TPAMI'23] 60.14 49.06 44.56 60.25 4714 21.97 40.62 58.25 44.86 13.62
TPAMI'23] 62.01* 52.71* 48.21* - - - - - - -
TPAMI'23] 62.01* 52.71* 48.21* - - - - - - -

Methods Venue IR=10 IR=50 IR = 100 IR = 200
Topl-acc Many Medium Few Topl-acc Many Medium Few

CE 56.81 43.99 37.58 64.8 35.97 7.7 34.8 66.33 37.39 8.49
LDAM (Cao et al., 2019) [NewrIPS'19]  56.01 42.97 39.7 67.54 39 8.03 36.02 67.1 41.61 7.67
CE-CBRW (Cui et al., 2019b) [CVPR’19] 56.58 43.53 38.31 65.37 35.54 9.97 34.56 36.45 8.18
CB-Focal (Cui et al., 2019b) [CVPR'19] 52.49 40.22 34.88 59.94  32.03 8.97 31.92 33.52 7.38
CE-DRW (Cao et al., 2019) [NeurIPS’19] 58.01 46.6 40.98 62.71 40.74 15.9 37.81 43.23 13.74
LDAM-DRW (Cao et al., 2019) [NeurIPS’19] 57.45 46.61 43.44 62.11 44.57 20.33 37.86 41.16 16.46
IB-Focal (Park et al., 2021) [ICCV21] 57.82 43.74 42.67 56.71 44.6 24.03 37.72 41.29 20.82
IB+CB (Park et al., 2021) (ICCV21] 54.78 42.21 37.27 68.09  33.43 5.8 33.02 33.13 5.74
Balanced Softmax(Ren et al., 2020b) [NeurIPS’20]  59.54 47.19 42.54 58.66  42.31 24 37.93 41 18.08
Mixup (Zhang et al., 2017b) [ICLR’18] 58.06 44.72 40.08 70.91 38.91 5.47 36.15 32.26 2.28
CutMix (Yun et al., 2019a) (ICCV’'19] 59.21 46.72 40.74 71.40  40.57 5.17 36.33 40.84 6.46
CMO (Park et al., 2022) [CVPR22] 60.22 47.46 41.95 69.51 40.6 11.37 38.7 43.74  10.46
CMO+DRW (Park et al., 2022) [CVPR’22] 62.08 51.71 46.83 63.26 47.77 26.57 41.89 48.16 21.49
CMO+BS (Park et al., 2022) [CVPR22] 61.52 51.2 45.98 57.37 45.4 33.37  40.52 42,16 27.26
MetasAug (Li et al., 2021) [CVPR21] 61.83 51.09 47.24 63.86 47.74 27.52 42.91 43.6 19.41
Causal (Tang et al., 2020b) [NeurIPS’20] 59.4 48 45 64.8 47.6 18.8 39.7 47.9 15.9
BBN (Zhou et al., 2020) [CVPR20] 58.33 46.62 41.96 53.37 5171  17.27  37.14 53.63 50.1 14.15
LADE (Hong et al., 2021) [CVPR21] 60.3 50.4 45.3 61.3 43.3 29.1 39.6 60.9 43.2 20.3
MisLAS (hong et al., 2021) [CVPR21] 62.05 51.4 47.25 62.83 48.14 26.83 42.92 61.64 44.11 18.24
Hybrid-SC (Wang et al., 2021a) [CVPR21] 63.05 51.87 46.72 - - - - - - -
TSC (Li et al., 2022¢) [CVPR22] 59.0* 47.4* 43.8* - - - - - - -
GCL(Li et al., 2022c¢) [CVPR22] 61.66 53.55 48.71 - - - 44.88 - - -
CDBNF (Fan et al., 2022) [EAAT22] 45.1 61.1 45.1 25.4 40.9 62.5 46.4 20.9
Bi-F3R (Chen et al., 2023) [EAAT23] - 53.15 50.54 - - - 46.89 - - -
DPM (Zhang et al., 2023a) [TNNLS’23] 59.47 49.32 44.8* 60.7* 46.4* 24.4% - - - -
RIDE (Wang et al., 2021b) [ICLR21] - - 47.62 66.14 48.31 25.2 - - - -

[

ﬁ

[

ﬁ

[

[

[

[

BalPOE (No. Exp: 2)(Aimar et al., 2023b)  [CVPR’23] 44.07 42.17 40.72 52.88  44.05  22.63 33.94 4751  40.37  10.59
BalPOE (No. Exp: 7)(Aimar et al., 2023b)  [CVPR’23] 52.81 44.78 43.66 59.62 44.40 24.16 34.86 49.60 38.28 13.66
DODA (Wang et al., 2024) ICLR’24] 58.68 50.82 46.62 61.19 49.11 26.7 43.77 63.26 49.45 24.25
MOOSF(BS+CE-DRW) (Zhao et al., 2024) [ICML’24] 61.55 51.21 47.16 61.68 49.14 27.89 42.40 61.86 46.35 24.28
STTP-Net (Ours) EAAT] 63.58 53.02 49.19 63.94  50.83  30.07  43.02 51.37  49.06 | 31.79
Ours 62.67 54.36 49.350 62.86 51.86 30.67  45.13 65.90 4832  26.62
Ours§ 60.780 53.60 50.34 6146  54.71 3227  45.94 60.03 = 52.93  29.53
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Table 4.3: Evaluating ResNet-10 and ResNet-50 architectures on the Imagenet dataset involves
comparing their top-1 accuracy (%) with various state-of-the-art methods. The top-1 accuracy
results for peer algorithms were sourced from their respective papers, and the results marked with
”1” are obtained from (Cui et al., 2022).

Epoch Method Resnet-10  Resnet-50
Focal(Lin et al., 2020) 30.5 -
BALMS(Ren et al., 2020Db) 41.8 -
r-norm(Kang et al., 2020) 40.6 46.7
cRT(Kang et al., 2020) 41.8 47.3
CBS+RRS(Zhang et al., 2019) 41.9 47.3
LWS(Kang et al., 2020) 414 AT.T
TDE(Tang et al., 2020a) - 51.1
DisAlign(Zhang et al., 2021) - 51.3
CBD(Iscen et al., 2021) 37.9 51.6
MetaSAug(Li et al., 2021) - 474

90 SEQL(Yang and Xu, 2020) 36.4 -
OLTR(Liu et al., 2019a) 37.3 -
CDBNF (Fan et al., 2022) 38.5 -
LADE(Hong et al., 2021) - 51.9
CMO(Park et al., 2022) - 49.1
STTP-Net(ours) 42.33 52.3
Ours 42.03 52.8
7-norm(Kang et al., 2020) 42.71 46.7
cRT(Kang et al., 2020) 43.21 47.3
LWS(Kang et al., 2020) 43t 47.7
SSP(Yang and Xu, 2020) 43.2 51.3
ResLT(Cui et al., 2022) 43.8 48.5
DPM(Zhang et al., 2023a) 42.0 51.0
TSC(Li et al., 2022¢) - 52.4
DODA (Wang et al., 2024) - 48.1
LADE(Hong et al., 2021) - 53.0

<180 MiSLAS(hong et al., 2021) - 52.7
GCL(Li et al., 2022¢) ; 54.8
MOOSF(BS+CE-DRW)(Zhao et al., 2024) - 53.2
STTP-net (Ours) 44.00 53.00
Ours 44.86 54.12

CE-DRW, IB-Focal, BALMS), augmentation techniques (e.g., Mixup, CutMix, CMO, MetasAug),
dual-branch networks (e.g., BBN, Bi-F3R), and two-stage methods (e.g., 7-Norm, cRT, LWS, Mis-
LAS). These methods align closely with our single-stage, dual-branch, end-to-end framework, mak-
ing them natural points of comparison. In contrast, ensemble-based methods such as RIDE, ResLT,

and BalPoE, which depend on multiple experts to achieve enhanced performance, diverge funda-
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Table 4.4: Top-1 Accuracy(%) of Many-shot, Medium-shot and Few-shot on ImageNet-LT with
ResNet-10 and 50 backbones (for networks trained for >180 epochs) (”*”,”1”, and ”1” denotes the
results are from the original papers, (Cui et al., 2022) and (Kang et al., 2020), respectively. )

Backbone Model Methods Topl-acc Many Medium  few

CET 37.3 59.7 29.4 5.7
cRTt 43.2 53.8 41.3 25.4
CBD 37.9 49.2 36.9 21.5
CDBNF 38.5 46.0 36.1 27.0
7-norm’ 42.7 50.4 42.1 26.7
ResNet-10 LWSt 43 51.8 41.6 27.6
ResLTT 43.8 52.3 41.6 29.5
Ours 44.86 52.83 4345  28.35
CBD 51.6 65.2 48.0 25.9
NCM? 44.3 53.1 42.3 26.5
cRT* 47.3 58.8 44 26.1
r-norm? 46.7 56.6 44.2 274
LWst 47.7 57.1 45.2 29.3
CE+CMO? 49.1 67 42.3 20.5
DPM* 51 64.6 48.3 22.1
ResLT 48.5 52.4 47.4 42.4
ResNet-50 TSC 52.4 63.5 49.7 30.4
LADE 53.0 65.1 48.9 33.4
DODA 48.1 67.4 47.5 13.9
Ours 54.12 65.56  50.58  35.34

mentally from our design principles. Although we included ResLT with two heads on ImageNet for
a broader perspective, such ensemble-based methods inherently conflict with our goal of achieving
simplicity and computational efficiency. Similarly, multi-strategy fusion frameworks like MOOSF,
DODA, and CSA were omitted due to their reliance on complex mechanisms. While these ap-
proaches excel in specific scenarios, their significant computational and methodological overhead
renders them less relevant for direct comparison with our streamlined framework. Despite this, we
compared these methods on smaller datasets like CIFAR-10/100, where resource constraints were
manageable, to offer additional context. Our method consistently outperformed these alternatives
in these benchmarks. For larger datasets like ImageNet, we included the base versions of MOOSF
and DODA, demonstrating our method’s superior performance under comparable conditions. Fi-
nally, while training on iNaturalist required approximately 5 days & 12 hrs on an NVIDIA RTX
6000 Ada GPU for a single run, resource limitations restricted exhaustive parameter tuning. In-
stead, we used parameters similar to those optimized for ImageNet, which served as a reasonable
approximation. While further fine-tuning could potentially enhance performance on iNaturalist, the

existing results already demonstrate the robustness and scalability of our approach. In summary,
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Table 4.5: Comparison of state-of-the-art methods on the iNaturalist2018 dataset. The table
reports classification accuracy (%) for ResNet-50 on iNaturalist2018. Symbols * T and i denote
results from the original papers, (Zhou et al., 2020), and (Cui et al., 2022) respectively.

Method Top-1 acc Many Medium Few
Cross Entropy (CE) 61.0 73.9 63.5 55.5
IB Loss (Park et al., 2021)* 65.4 - - -
LDAM-DRW (Cao et al., 2019)t 68.0 72.1 67.2 66.2
OLTR (Liu et al., 2019a)* 63.9 59.0 64.1 64.9
Decouple-cRT (Kang et al., 2020)* 68.9 73.2 68.6 66.6
Decouple-LWS (Kang et al., 2020)* 68.5 73.2 68.4 66.1
BBN (Zhou et al., 2020)* 69.6 - - -
Balanced Softmax (Ren et al., 2020b) 70.5 - - -
LADE (Hong et al., 2021)* 70.6 73.8 70.3 69.2
DisAlign (Zhang et al., 2021)* 70.06 - - -
MiSLAS (hong et al., 2021)* 71.6 - - -
GCL (Li et al., 2022c)* 72.01 - - -
Hybrid-SC (Wang et al., 2021a)* 66.74 - - -
TSC (Li et al., 2022¢)* 69.7 72.6 70.6 67.8
CMO (Park et al., 2022)* 68.9 76.9 69.4 62.9
DODA (Wang et al., 2024)* 63.6 74.9 66.0 58.4
Ours 70.01 66.00 70.70 70.028
Ensemble-based and Multitask Methods

RIDE (3 experts) (Wang et al., 2021b) § 71.7 68.3 72.6 71.8
ResLT (3 experts) (Cui et al., 2022) I 72.9 73.0 72.6 73.1
BalPoE (Aimar et al., 2023b)* 75.0 - - -
MOOSF(CE+LDAM-DRW) (Zhao et al., 2024)* 72.6 75.1 72.3 71.9

while we acknowledge the strengths of ensemble-based and multi-strategy fusion methods, their
fundamental differences in design and computational demands make them less relevant than our
lightweight, single-stage framework. Our focus remains on achieving a balance between simplicity,

scalability, and competitive performance, which aligns with the goals of our proposed approach.

4.5 Ablation Study

How do key components influence the performance? This study explores the impact of
individual and combined components (ACFR and DBSGM) on two imbalance ratios in our net-
work framework. Table 4.6 shows that, at an imbalance ratio of 100, ACFR+DBSGM achieves a
Top-1 accuracy of 49.35%, with notable improvements in many classes (62.86%), medium classes

Table 4.6: Analysis of ACFR and DBSGM components using CIFAR-LT-100 (IR= 100 & 200)
dataset. Evaluation includes Top-1 accuracy and many, Medium, and Few-shot accuracies.

Module Used  Top 1-acc Many Medium Few

ACFR DBSGM IR = 100 IR =200 IR = 100 IR = 200 IR = 100 IR = 200 IR = 100 IR = 200

v 4 49.35 45.13 62.86 659 ©51.86 48.32 30.67 26.60
X v 48.38 43.6 63.08 63.03 50.65 48.35 28.56 24.87
v X 44.63 40.72 62.77 64.33 4542 44.16 22.53 19.82
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Figure 4.3: The figure shows how the sampling probabilities change as we vary the value of ~
in Equation 4.2. The plot depicts ’Sampling Probabilities’ v/s ’Class Index’ for (a) the Median
sampler and (b) the Reverse Sampler, with varying values of « for the CIFAR-LT-100 dataset.

Table 4.7: Comparison is made on top-1 accuracy, as well as on many-shot, medium-shot, and
few-shot accuracies for various values of v on the CIFAR-LT-100 dataset with imbalance ratios
(IR) set to 100 and 200.

Top 1-acc Many Medium Few

IR=100 IR=200 IR=100 TR=200 IR=100 TR=200 IR=100 IR=200

0.4 4889 4391 60.71 587 51.85 50.67 31.63 27.15
0.3 48.39 43.70 63.17 62.86 50.00 49.06 29.26 24.69
0.2 4848 45.13 62.11 6590 4985 4832 30.96 26.6
0.1 49.35 44.16 62.86 63.90 51.86 48.06 30.67 25.87

0 4789 4420 6491 6586 48.71 49.06 27.06 23.6

(51.86%), and few-shot classes (30.67%). Removing ACFR decreases Top-1 accuracy to 48.38%,
affecting few-shot class accuracy more (28.56%). Excluding DBSGM reduces Top-1 accuracy to
44.63%, particularly impacting many and medium classes and showing a significant decline in few-
shot class accuracy (22.53%). Similar trends are observed at an imbalance ratio of 200, emphasizing
the synergistic effects of ACFR and DBSGM in achieving robust performance across diverse class
imbalances. ACFR handles imbalances in medium and few-shot classes, while DBSGM contributes
significantly to overall model robustness. The combined architecture demonstrates improved per-

formance, highlighting the importance of a comprehensive approach to address class imbalances.

How the parameter v influence the performance? Understanding the v parameter
in Equation 4.2 is vital for addressing class imbalance. The sensitivity of v (in the Figures 4.3a and
4.3b) demonstrates the trade-off between standard classification loss and contrastive regularization.
A value that is too high restricts the classifier’s ability to learn specific class nuances, while a value
that is too low leads to a collapsed feature space for tail classes. Figures 4.3a and 4.3b illustrate

how ~ affects sampling probabilities in the CIFAR-LT-100 dataset. In the median sampler, v = 0
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equalizes class weights, with values between 0 and 1 favoring medium-frequency classes while main-
taining some focus on lower-frequency ones. Increasing vy decreases head class probabilities faster
than tail class probabilities, indicating preferential sampling of less frequent classes. The reverse
sampler shows a similar trend, boosting tail class probabilities more than head class probabilities
as vy increases. Examining 7 impact on accuracy, experiments on CIFAR-LT-100 at IR=100 and
IR=200 were conducted with varying ~ values. In Table 4.7, optimal ~ for max accuracy was
0.1 (IR=100) and 0.2 (IR=200). Notably, v = 0 boosts Many-class accuracy for both IRs, while
~v &~ 0.4 enhances Medium and Few-shot class accuracy. These findings underscore «’s crucial role
in tailoring sampling behavior and its impact on classification performance. Achieving the right
balance requires identifying the optimal « for a specific imbalance scenario while maximizing overall

accuracy and maintaining class-specific performance

4.6 Discussion

In conclusion, this study presents an innovative dual-branch network with a shared feature ex-
tractor designed to address the challenges of long-tailed class imbalances in deep neural networks,
particularly for image recognition. By incorporating the DBSGM and ACFR modules, the frame-
work demonstrates significant improvements in robustness and performance. It enhances accuracy
for head and medium classes without sacrificing performance for tail classes. The model’s feature
regularization increases its resilience to intra-class variations, and the use of softer probabilities
during sampling results in smoother decision boundaries that align with class semantics. This
single-stage, end-to-end framework offers a promising solution to the problem of long-tailed class
imbalance. Future research will focus on generalizing this approach to various domains and explor-
ing its scalability and transfer learning potential.

As a potential future research avenue, we aim to explore combining our method with frameworks
like MOOSEF or DODA, which balance class-specific trade-offs and optimize augmentation strate-
gies. Integrating our dual-branch sampling with these methods could enhance class separability and
resolve conflicts between strategies. However, challenges arise from differing objectives, such as po-
tential conflicts between our predefined sampling distributions and MOOSF’s dynamic adjustments
and the computational cost of merging DODA’s adaptive components with our approach. Over-
coming these challenges will require careful co-design to balance performance and computational

feasibility across datasets.



Chapter

Robust Medical-Image Classification: From
Class Imbalance to Demographic Fairness

Synopsis

This chapter presents two complementary contributions that address critical challenges
in medical image classification arising from sub-domain shifts specifically, class imbal-
ance and demographic bias. The first contribution proposes a dual-expert framework
Mo2E (Ansari et al., 2024a) ' that improves classification under long-tailed distribu-
tions by learning decision boundaries between head and tail classes using expert-specific
MixUp augmentation with targeted sampling strategies. We would like to highlight that
this was the first idea we developed to address class imbalance in deep learning networks
as part of our thesis. Building upon this dual-branch network concept, we subsequently
proposed the methods presented in Chapter 3 and their improvements in Chapter j. The
second contribution in this chapter addresses algorithmic bias in skin lesion classifica-
tion by introducing an adaptive MizUp sampling method (Ansari et al., 202/b) 2,
which uses a meta-learned heuristic to guide data augmentation, thereby mitigating the
model’s bias toward dominant skin tones while maintaining class-level balance. These
two works are unified in this chapter because they both aim to enhance the resilience of
deep learning models to real-world sub-domain shifts be it statistical (class imbalance)
or demographic (skin tone variation). While Mo2E improves robustness across class
frequency spectrum, the adaptive MizUp framework extends robustness to demographic
fairness across skin tones. Together, they demonstrate how principled data-driven aug-
mentation and expert-guided strategies can build equitable and generalizable medical AT
systems, directly aligning with the central theme of this thesis: developing deep learners
resilient to sub-domain shifts in medical imaging.

IF. Ansari, A. Bhattacharya, B. Saha, and S. Das. “Mo2E: Mixture of Two Experts for Class-Imbalanced Learning
from Medical Images.” In 202 IEEE International Symposium on Biomedical Imaging (ISBI), pp. 1-5, 2024. doi:
https://doi.org/10.1109/ISBI56570.2024.10635212.

2F. Ansari, T. Chakraborti, and S. Das. “Algorithmic Fairness in Lesion Classification by Mitigating Class Imbal-
ance and Skin Tone Bias.” In Medical Image Computing and Computer Assisted Intervention — MICCAI 202/, eds.
M. G. Linguraru et al., pp. 373-382, Springer, Cham, 2024. doi: https://doi.org/10.1007/978-3-031-72378-0_35.
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5.1 Introduction

The promise of deep learning in medical image analysis lies in its ability to automate diagnostic
decision-making with high accuracy, consistency, and speed. However, this promise remains largely
unrealized in real-world clinical deployments due to the persistent presence of sub-domain shifts dis-
tributional discrepancies between training and deployment environments. These shifts can emerge
from several sources, including unequal class prevalence, demographic variability, device hetero-
geneity, or institutional bias. In this chapter, we focus on two such dominant and orthogonal
challenges: class imbalance and demographic bias, both of which are widely encountered in

medical image datasets but insufficiently addressed.

Class imbalance is an intrinsic property of most medical datasets due to the natural
scarcity of certain pathological conditions and the difficulty of acquiring rare disease annotations.
This imbalance is often long-tailed in nature, where a few common classes dominate the sample
distribution (head classes), while rare but clinically critical categories (tail classes) remain severely
underrepresented. Standard deep neural networks, when trained on such skewed data, tend to
overfit to the majority classes and severely underperform on the minority ones, thereby under-
mining clinical reliability. The problem is exacerbated in fine-grained multi-class settings such
as gastrointestinal (GI) lesion classification and diabetic retinopathy (DR) grading, where subtle
visual differences and class overlap challenge even human experts. A variety of approaches have
been proposed to mitigate class imbalance, broadly categorized into re-weighting (Japkowicz and
Stephen, 2002b; Lin et al., 2017; Cui et al., 2019a; Cao et al., 2019), re-sampling (Kubat et al., 1997;
Buda et al., 2018b; Nekooeimehr and Lai-Yuen, 2016; Koto, 2014), and augmentation-based tech-
niques (Zhang et al., 2017a; Chou et al., 2020; Galdran et al., 2021). While re-weighting techniques
attempt to compensate for imbalance via loss scaling, they are often sensitive to hyperparameter
selection and can destabilize training. Re-sampling methods, though intuitively appealing, may
result in information loss or overfitting due to redundant or discarded examples. Recently, aug-
mentation methods such as MixUp have been shown to improve generalization through convex
combinations of samples and labels. However, standard MixUp fails to consider the class semantics
during interpolation and tends to enhance performance only for median-frequency classes, leaving
tail class performance largely unaffected or even degraded. To address these limitations, we propose
a structured and semantically guided framework, Mo2E (Mixture of Two Experts) (Ansari
et al., 2024a), designed to improve class-specific decision boundaries in long-tailed distributions.
Mo2E consists of two CNN-based experts that are trained with tailored MixUp strategies: one
using a uniform-reverse sampling scheme to optimize head and head-tail boundaries, and another
using reverse-reverse sampling to focus exclusively on tail-tail separability. During inference, class-
specific confidence scores are weighted and fused based on the experts’ domain of specialization,

resulting in robust predictions across the distribution spectrum. We validate this framework using
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two benchmark datasets:

e Hyper-Kvasir, a 23-class dataset for GI lesion classification, with imbalance ratios exceeding
180:1 across pathological categories.
e Eyepacs, a large-scale DR grading dataset with over 31,000 images, where later-stage DR

conditions (e.g., proliferative DR) are significantly underrepresented.

These datasets represent two anatomically and clinically diverse tasks one endoscopic and one
fundoscopic allowing us to rigorously demonstrate the effectiveness and generality of the Mo2E

framework in real-world, long-tailed settings.

In parallel, we turn our attention to another critical source of sub-domain shift: demo-
graphic bias, particularly with respect to skin tone diversity in dermatological imaging. While
skin cancer affects individuals across skin tones, the incidence is higher in patients with lighter skin,
leading to benchmark datasets such as ISIC-2018 being disproportionately composed of fair-skinned
patients. Although this may reflect epidemiological trends, it poses a severe risk for algorithmic
bias: models trained on such datasets underperform on underrepresented skin tones, failing to gen-
eralize fairly across demographic lines (Groh et al., 2021). This imbalance in representation not only
reduces diagnostic performance for marginalized populations but also raises critical ethical concerns
in clinical AT deployment. To mitigate this, we introduce a novel adaptive mixup-based frame-
work with meta-learning-guided sampling (Ansari et al., 2024b), which addresses both class
and demographic imbalance in skin lesion classification. The method synthesizes training samples
via MixUp, where one instance is drawn from an instance-based sampler and the other from a meta-
adaptive sampler. The adaptive sampler dynamically adjusts class selection probabilities based on
a heuristic computed over a separate meta-validation set that reflects target demographic diversity.
This enables targeted exploration of underperforming or underrepresented classes during training,

leading to fairer and more generalizable decision boundaries.

We validate our framework using two demographically diverse datasets:

e ISIC-2018, a global skin lesion classification benchmark with predominantly Caucasian skin
tones.
e Asan Dataset, a dermatology dataset collected from East Asian populations, characterized

by darker skin tones and different class distributions.

Through cross-domain evaluations and fairness metrics such as Equalized Odds and Equalized
Opportunity, we show that our method achieves balanced accuracy across demographic groups
and outperforms conventional augmentation and re-weighting strategies on both performance and

fairness grounds.

Rationale for Combined Inclusion. These two works are deliberately presented in a
single chapter because they address orthogonal but equally significant sub-domain shifts - frequency

- based and demographic - based using a common underlying principle: context - aware sample
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mixing and learning adaptation. Both frameworks utilize MixUp not as a generic regularizer
but as a guided augmentation strategy tuned to real-world distributional challenges. Moreover, the
validation datasets span a diverse spectrum of imaging modalities (endoscopy, fundus photography,
dermoscopy), anatomical regions (GI tract, retina, skin), and populations (Western and Asian),
collectively demonstrating the broad applicability and clinical relevance of our proposed techniques.
This chapter thus aligns with the central thesis goal: developing deep learning frameworks that are
not only accurate under ideal conditions but resilient to the kinds of distributional and population-
level shifts that characterize real-world clinical deployment. By advancing the robustness and
fairness of deep medical image classifiers under long-tailed and demographically imbalanced data
regimes, our work contributes to the development of trustworthy and equitable AI systems

for healthcare.

5.2 Mo2E: Mixture of Two Experts for Class-Imbalanced Learn-

ing from Medical Images

Class imbalance in the medical image dataset is almost inherent due to the limited availability of
clinical data for certain diseases and patient populations. Under-represented classes in the training
set affect the classification task because the classifier tends to learn more from the majority classes,
which are more common in the dataset and ignore data from the minority classes. To mitigate this
issue, we propose a method to learn using two different convolutional neural network-based experts;
such experts try to learn boundaries within the head classes, between the head and tail classes,
and within the tail classes. During expert training, we integrate the MixUp regularization method
to augment imbalanced data, employing distinct data sampling strategies for more effective mixing
compared to random selection in traditional MixUp. During the inference phase, we combine the
logits of the different experts based on their expertise in the corresponding classes. This way, we
can improve the accuracy of the head and tail classes. The effectiveness of the suggested framework

is demonstrated by experiments using highly imbalanced and long-tailed datasets.

5.2.1 Background: Medical Image Classification and Class Imbalance

Medical image datasets are inherently class-imbalanced. Deep convolutional neural networks (CNN)
perform well on balanced datasets, but training with imbalanced image data affects test accuracy.
The imbalance worsens when the available classes are more concentrated at the head than at
the tail. Typically, real-life clinical datasets contain this distribution, called a “long-tailed“ (LT
dataset. Due to the data disparity, over-represented classes (i.e., the majority) tend to lead training,
which lowers the performance of under-represented classes (i.e., the minority). Thus, medical
image classification on data with skewed class-wise distributions is challenging. Various techniques

address imbalances, including cost-sensitive approaches, re-sampling, and data augmentation. Re-
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weighting methods assign different weights to each class, enhancing the network’s sensitivity to
minority groups. Evolving from cost-sensitive learning (Japkowicz and Stephen, 2002b), advanced
algorithms like Focal Loss (Lin et al., 2017) and LDAM (Cao et al., 2019) prioritize higher margins
for minority classes. Class-balanced loss (Cui et al., 2019a) considers effective image numbers,
capturing true class volumes. However, re-sampling-based methods are preferred to deal with
long-tailed problems, focusing on obtaining more evenly distributed data. These include either
under-sampling the majority class instances (Kubat et al.; 1997) or over-sampling those of the
minority class (Buda et al., 2018b). The main problem is that undersampling may lose valuable
data, while random oversampling may cause overfitting. As a result, modified sampling techniques
were introduced, like the adaptive semi-unsupervised weighted oversampling (Nekooeimehr and
Lai-Yuen, 2016) and the SMOTE-based methods (Koto, 2014). Even though these resampling-
based methods change the weights of the data classes, they do not expand the feature ranges of
the training data. This makes the data less diverse. In addition, Zhou et al. proposed a dual-
branched network, BBN(Zhou et al., 2020), to address LT-class imbalance. One branch is trained
on the original data, while the other is trained on a reverse sampler that samples tail classes more

frequently.

Moreover, when combined with re-sampling, data augmentation techniques like MixUp
(Zhang et al., 2017a) can improve results in long-tailed visual recognition. These techniques,
such as Balanced MixUp (Galdran et al., 2021) and Rebalanced MixUp (Remix) (Chou et al.,
2020), leverage regularization. Balanced MixUp achieves a balanced distribution through regular
(instance-based) and balanced (class-based) sampling. Remix assigns greater weight to minority
class labels during data mixing, shifting classifier boundaries towards majority instances and reduc-
ing generalization errors. These MixUp techniques may not effectively address imbalanced data as
they primarily boost overall performance by improving median class accuracy while having limited
impact on tail classes and potentially harming head classes’ accuracy. Thus, to solve this problem,
our proposed approach improves the overall accuracy and the accuracies of the tail classes by using
two different CNN-based experts. Each expert is trained using modified training data sampling
strategies and MixUp regularization. Finally, these experts are combined at the time of the in-
ference phase. The effectiveness of the suggested framework is demonstrated by experiments on

various medical image classification tasks using highly imbalanced and LT-imbalanced data.

5.2.2 Methodology Proposed

5.2.2.1 Problem Definition and Preliminaries

Let us consider the C-class supervised classification problem with a training dataset D = {(zx, yx) }o_;
where N is the number of samples, zj, is the k** image datapoint and y;, is the corresponding cat-
egory label, such that y, € L = {1,2,3,...,C}. We consider the two CNN networks f; and fs, as

expert-1 and expert-2. The training dataset coupled with the specific sampling strategies can be
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Figure 5.1: On the left, the training phase is shown, where the two experts are trained using specific
sampling strategies and consequent MixUp. On the right, the testing phase is shown, which shows
how experts are used during inference time.

represented as (D, U) (for the dataset with a uniform-balanced sampling strategy) and (D, I) (for
the dataset with a reverse-balanced sampling strategy). In the uniform-balanced sampling strategy
(D,U), samples are selected with equal probability. In the Reverse-balanced sampling strategy
(D, I), samples are selected with a higher likelihood for the classes with fewer data samples than

those with more data samples.

5.2.2.2 Proposed Method

We propose a multi-expert-based model that is independently optimized at the first step. The
experts are trained so that they try to learn the boundaries between the head classes, head-tail
classes, and tail classes. The experts were trained using the different MixUp techniques, where
the MixUp is not applied normally but in a more specialized manner (see Figure 5.1) to learn
boundaries in the dataset more effectively. Finally, during the inference phase, experts are combined
by collecting scaled logits from the different experts corresponding to the classes for which they
hold expertise in classification. This section will first define the experts used, followed by how these

experts combine at inference time.

Uniform-Reverse Balanced MixUp Expert (f1): This expert mainly focuses on learn-
ing the boundaries within the head classes and between the head and tail classes. While training
this expert, two data points are sampled, one using (D, I) and the other using (D, U), rather than

choosing them randomly without considering their category. The image-target pairs are generated
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using the following expression for training using the MixUp method:
(220 0%) = O+ (1= Nas, Ay + (1= N, A ~ Bla ), (5.1)

where (zy,yy) ~ (D,U) and (z,v:) ~ (D,I) and A ~ B(«, «), with o € [0.1,0.4]. Now the neural

network f; is trained using the generated datapoint (arf;z, yi‘z)

Reverse-Reverse Balanced MixUp Expert (f2): Contrary to the above expert, fo
focuses on learning the boundaries between the tail classes. Here, both data points are sampled
using (D, I). The image-target pairs are generated using the following expression for training using
the MixUp method:

@%ym::Q@1+G—Aﬂmﬂwy+ﬂ—Awm, (5.2)

where (x;1,yi1) ~ (D,I) and (zj2,y52) ~ (D,I), and A ~ f(a,a), with « € [0.1,0.4]. Now the
neural network f5 is trained using the generated datapoint (a:f‘z, yf;)

During the testing phase, the test image is passed through both the experts f1, and fo, and
output logits z; € R'¢ and 2y € R (before the softmax layer) of fi, and fo are collected. They
are further adjusted as Z; and 22 to have the comparable scales weighted using the norm of the

ol g s = el
[t P+ [wal? * #1 2= Tl PHwall? %2

weights of the fully connected layer, given by: Z; =
where ||w1]], ||w2|| are the norms of the weights of the fully conncted layer of f; and fo respectively.
Now multiply 71 and 73 with masks m; and mg, where my, ms € {0, 1}1XC. Here, my signifies a
vector containing ones at the places of head classes and mo containing ones at the places of tail
classes, the rest entries being all zeros. The final logits are calculated as : Z = 21 - m1 + 22 - mo
. The softmax function is then applied to Z to obtain the confidence for the classification. The

complete process for the training and testing phase is shown in Figure 5.1.

5.2.2.3 Proof of Concept

In examining the impact of diverse data sampling methods on neural network decision boundaries
in MixUp, we employ a toy dataset (Figure 5.2(a)). The dataset comprises 4 classes with sample
sizes of 500 (yellow), 50 (red), 25 (green), and 5 (blue), resulting in a class imbalance ratio of 100. In
Figure 5.2(b), vanilla MixUp fails to correctly classify minority classes (red, blue, and green). Thus,
the vanilla MixUp method is unable to generate better decision regions. The method struggles
due to random sampling favoring the majority class, leading to decision regions predominantly
influenced by the majority class and suppressing minority class representation. This results in
the misclassification of minority data points. To tackle the imbalance in the data, the sampling
strategy can be modified so that while drawing data points for mixing, one can be sampled from the
uniform sampler, followed by the reverse-balanced sampler. As Figure 5.2(c) shows, this sampling
strategy can generate better class boundaries between the majority and minority classes. However,

it still fails to create accurate boundaries between the minority classes, which may lead to a minority
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Figure 5.2: (a) Actual decision regions and dataset used. (b) Decision regions on the MixUp
method. (c) Decision regions when we consider the MixUp method, where the data used for mixing
are taken one from the uniform sampler and the other from the reverse sampler. (d) Decision
regions when we consider the MixUp method, where both data points used for mixing are taken
from the reverse sampler.

point being misclassified. On the other hand, Figure 5.2(c) indicates that the majority class decision
region fills the region between the green and blue minority classes. Thus, to get better accuracy
on minority classes, we use a reverse-balanced sampling strategy that enforces the increase in the
probability of mixing from minority classes. This helps to create better class boundaries between
the minority classes, as demonstrated in 5.2(d). Finally, we use the network trained using the
uniform-reverse balanced MixUp and reverse-reverse balanced MixUp to get a better inference at

test time.

5.2.2.4 Datasets, Training Details and Evaluation Metrics

We use the Hyper-Kvasir dataset (Borgli et al., 2020) for gastrointestinal (GI) image classification
tasks. It presents a difficult classification problem because there are 23 classes with varying class
frequencies and little representation of minority classes, as shown in Figure 5.3 (a). The last seven
classes, starting with Esophagitis-B-D, are taken as tail classes; the remaining classes are considered
head classes. The dataset comprises 10,662 images annotated for landmarks, pathological, and
normal findings. Images are resized to 512 x 512. The dataset’s official test split lacks some classes.
To address this, we randomly split the training set into 4 (Stratified, 80:20 train-test ratio splits),

reporting average performance across all splits. The next task we consider is the DR grading from
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Figure 5.3: Class Distribution of Endotract and Eyepacs dataset

Table 5.1: Performance comparison of different methods on ResNext Model for GI image classifi-
cation on the Hyper-Kvasir dataset for tail class, head class, and all classes.

Tail Class Head Class All Classes
Methods

BACC F1 BACC F1 BACC F1 GM
CS*(Buda et al., 2018b) 4.57 5.86 87.09 86.67 61.97 62.07 78.58
RS* 9.86 11.82 86.13 84.89 62.92 62.65 79.15
SS*(Mahajan et al., 2018) 7.1 9.31 86.76 85.83 62.52 62.54 78.9
CB-RW(Cui et al., 2019a)  10.18 11.29 87.09 86.18 63.68 63.38 79.63
Focal(Lin et al., 2017) 10.65 10.52 86.16 85.01 63.18 62.34 79.31
BBN(Zhou et al., 2020) 8.7 10.36 87.27 86.13 63.35 63.07 79.43
BM*(a=0.3) 9.27 12.35 86.95 86.86 63.31 64.18 79.55
Mo2E(a=0.1) 15.72 17.39 85.3 85.43 64.13 64.72 79.92
Mo2E(a=0.2) 8.75 11.93 87.75 87.16 64.11 64.56 79.93
Mo2E(a=0.3) 13.97 14.97 86.02 86.45 64.1 64.69 79.91

*: CS: Class-balanced Sampling; RS:Reverse-balanced Sampling; SS:Square-root-Sampling; BM: Balanced Mixup

the retinal fundus images. For DR grading, we utilize Eyepacs dataset ®. This dataset comprises
31,613 training examples and 55,000 official test set examples, with DR grades ranging from DRO
(no DR) to DR4 (proliferative DR). Additionally, 3,513 examples are allocated for validation and
early halting during training.

In all the experiments, a CNN-based ResNeXt-50 (Kolesnikov et al., 2020) (initialized with
weights pre-trained on the ImageNet dataset) is used for the classification. The loss function used
is cross-entropy loss, and the optimizer used is stochastic gradient descent (SGD). During training,
the batch size used is 8 with a learning rate of 0.01, and the learning rate decays over the period
of training. In order to ensure a fair comparison, we train all comparative methods with the

same setting (except for those methods whose codes are not given; their results have been directly

3https ://www.kaggle.com/c/diabetic-retinopathy-detection
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Table 5.2: Performance comparison of Mo2E and Balanced MixUp method for Eyepacs dataset

a=20.1 a=20.2 a=20.3
k MCC k MCC k MCC

Bal-Mix 73.95 51.35 77.00  56.95 80.49 63.11
Mo2E 74.78 53.19 77.52 57.79 80.62 63.36

Table 5.3: Comparison of quad- k performance with competing methods trained on the Eyepacs
dataset and evaluated on the official Eyepacs test split

N e N Iterative Mo2E
QWKL Cost-Sensitive DR-graduate Augmentation* (a = 0.3)
PRL’18 MICCAT’20 MIA’20 TMI'20
(de La Torre et al., 2018) (Galdran et al., 2020) (Aratjo et al., 2020) (Gonzéilez-Gonzalo et al., 2019)
74.00 78.71 74.00 80 80.62

*Results of k are taken from the respective published papers.

taken from the published work, mainly for the Eyepacs dataset). The model’s performance on the
validation set is tracked using the given metric, and the best one is saved. The proposed work has
been compared to other methods using F1-Score, Geometric Mean (GM), and Balanced Accuracy
(BACC) for the GI classification task and using quadratic-weighted kappa score (k) along with
MCC ( Matthews Correlation Coefficient ) for the DR-grading task.

5.2.2.5 Results and Discussion

The task of GI classification has an imbalance ratio of around 183 in the presence of 23 classes,
which turns this into a very challenging dataset. Table 5.1 shows the average performance over
four randomly created splits from the HyperKavasir training dataset. We compared our results
with methods addressing imbalanced data, including sampling-based, cost-sensitive, mixup-based
techniques, and a dual-branch network. The results have been found for the head, tail, and overall
classes. As seen from Table 5.1, our method shows improvements in both Fl-score and BACC
compared to the other competing methods for the tail classes. In the head class, almost all the
methods show comparable performance. Thus, our method tries to improve the performance of the
tail class without much affecting the performance of the head class. In the performance comparison

of all classes setup, our method outperforms almost all the other methods.

We used the Eyepacs dataset to compare the performance of the DR-Grading task. To test
the performance, we use the already available official test split of the Eyepacs dataset. In this case,
we consider the last two classes, as shown in Figure 5.3(b), severe and proliferative DR, as the tail
classes and the rest as the head classes. In table 5.2, we compared our method with the balanced
MixUp for different values of «, in terms of MCC and k, and for all « values, our method performed

better. We also compared our method with other recently published techniques in terms of quad-k,
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Table 5.4: Performance comparison of different MixUp-based methods on ResNext Model for GI
image classification on the Hyper-Kvasir dataset for tail class, head class, and all classes. The best
results are highlighted in bold.

Tail Class Head Class All Classes
a BACC F1 BACC F1 BACC F1 GM

MixUp 0.1 6.02 818 87.38 86.93 6262 6297 78.98
Bal-Mix 0.1 7.94 961 8614 8605 6234 6279 788
Mo2E 0.1 15.72 17.39 853 8543 64.13 64.72 79.92
MixUp 0.2 506 651 87.19 86.82 622 62.38 78.72
Bal-Mix 02 535  6.96 874 8698 6242 6263 78.87
Mo2E 02 8.75 11.93 87.75 87.16 64.11 64.56 79.93
MixUp 0.3 554 749 87.98 87.39 6289 63.07 79.16
Bal-Mix 0.3 927 1235 86.95 8686 63.31 64.18 79.55
Mo2E 0.3 13.97 14.97 86.02 8645 64.1 64.69 79.91

Methods

Table 5.5: Result of 4 Random splits (min, median, max) on the Hyper-Kvasir dataset. The best
results are highlighted in bold.

All Classes

Methods BACC F1-Score GM
Min  Median Max Min  Median Max Min Median Max
CS(Buda et al., 2018b) 60.34 63.13 65.06  59.46 63.07 64.99 77.51 79.29 80.5
RS 61.25 61.93 62.78 61.23 62.06 62.94 78.11 78.54 79.1

SS (Mahajan et al., 2018) 59.84  62.67 64.88 59.38 62.8 65.17  77.19 79.01 80.39
CB-RW (Cui et al., 2019a) 60.98  63.45 66.82 61.11 62.92 66.57 77.92 79.5 81.59

Focal (Lin et al., 2017) 61.42 63.17  64.95 60.52 62.11 64.6 78.2 79.3 80.42
BBN(Zhou et al., 2020) 61.8 63.19  65.21 61.11 63.19 64.78  78.45 79.34  80.59
BM(«=0.3) 60.97  63.59  65.08 61.03 64.69 66.31  78.42 79.7 80.38
Mo2E(«=0.3) 62.31 64.48 65.12 62.66 65.22 65.67 78.78 80.15 80.56

*: CS: Class-balanced Sampling; RS:Reverse-balanced Sampling; SS:Square-root-Sampling; BM: Balanced Mixup

as shown in table 5.3, demonstrating how our results were in line with recently published methods.

5.2.3 Conclusion and Discussions

Imbalanced data is pervasive in medical image classification tasks, necessitating the development of
robust algorithms to address and alleviate its impact on accurate diagnosis. As a result, designing
an effective and efficient algorithm for handling and mitigating the effects of class imbalance is
crucial for accurate medical image diagnosis. This work presents a novel expert-based approach
tailored for heavily imbalanced data distributions. Trained through a specialized adaptation of the
MixUp regularization method, these experts are strategically combined during inference to enhance

the performance of tail classes while minimally impacting the head classes.
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Table 5.6: Comparative analysis of performance using k, MCC, F1-Score on Eyepacs dataset tested
on official test split. The best results are highlighted in bold.

Methods « k MCC F1-Score
Reverse-sampling - 72.19  48.28 55.87
Sqrt-sampling (Mahajan et al., 2018) - 78.46  59.33 59.16
Class-sampling - 80.42  62.65 59.88
Focal (Lin et al., 2017) - 7726  54.68 58.47
CB-RW (Cui et al., 2019a) - 80.51  62.29 60.25
Bal-Mix 0.1 7395 51.35 55.61
Mo2E 0.1 74.78 53.19 56.39
Bal-Mix 0.2 77.00 56.95 57.60
Mo2E 0.2 7752 57.79 57.75
Bal-Mix 0.3 80.49 63.11 60.53
Mo2E 0.3 80.62 63.36 60.34

5.2.4 Extended GI image classification task and DR-Grading task results

In table 5.4, different alpha values are used to compare the GI image classification task results with
those of the other MixUp-based algorithms. The small number of instances in the minority classes
makes the results for the GI classification task noisy. In this work, we show the average over the 4
random splits. To show that not only the average results are the best, but also the minimum (min)
and median are also best, except for maximum (max) results, which favor CB-RW as shown in
table 5.5. Table 5.6 compares results for different sampling-based methods, cost-sensitive methods,

and MixUp-based methods on the Eyepacs dataset, all using the ResNeXt-50 architecture.

5.3 Algorithmic Fairness in Lesion Classification by Mitigating

Class Imbalance and Skin Tone Bias

Deep learning models have shown considerable promise in the classification of skin lesions. However,
a notable challenge arises from their inherent bias towards dominant skin tones and the issue
of imbalanced class representation. This study introduces a novel data augmentation technique
designed to address these limitations. Our approach harnesses contextual information from the
prevalent class to synthesize various samples representing minority classes. Using a mixup-based
algorithm guided by an adaptive sampler, our method effectively tackles bias and class imbalance
issues. The adaptive sampler dynamically adjusts sampling probabilities based on the network’s
meta-set performance, enhancing overall accuracy. Our research demonstrates the efficacy of this
approach in mitigating skin tone bias and achieving robust lesion classification across a spectrum
of diverse skin colors from two distinct benchmark datasets, offering promising implications for

improving dermatological diagnostic systems.
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5.3.1 Introduction

The field of skin lesion classification using deep learning models has shown great promise in achiev-
ing high performance in recent years. However, a significant challenge these models face is the
presence of bias towards dominant skin tones and imbalanced class representation within datasets.
This is because skin lesions and cancer occurs more on skin with less melanin, and thus is more
prevalent among patients with pale skin, compared to darker skin. This has given rise to bench-
mark skin cancer image datasets that are biased towards samples from white patients, which is
statistically proportionate, but causes training imbalance for machine learning algorithms. For a
machine learning algorithm to be equitable and generalisable, it needs to perform robustly across
demographics in a fair manner, because skin cancer can happen for darker skin, though lesser in
number, but no patient can be treated as an outlier. Hence this is an open persisting problem

within the area of machine learning fairness and health equity, which we address in this work.

Researchers have proposed various methods to handle imbalanced datasets. The methods
mainly used for handling imbalances in the skin lesion dataset are widely classified into sampling-
based, reweighing, and augmentation-based methods. The reweighing-based methods include RW
(Reweighing) (Huang et al., 2016b), Focal-loss (Lin et al., 2017), CBRW (Class balanced reweigh-
ing) (Cui et al., 2019a), and Balanced Softmax (Ren et al., 2020a), are some of the state-of-the-art
reweighing based methods used to handle imbalance. This genre of approach focuses on assigning
different weights to each data point during training. While effective in some cases, reweighing
techniques can be sensitive to the chosen weight function and might not always capture the true
importance of each data point. Other methods include using modified sampling techniques, such
as oversampling the under-represented categories. We can further divide this oversampling and
undersampling technique into instance, class-balanced (Shen et al., 2016; Mahajan et al., 2018),
reverse, and progressive-balanced sampling. Oversampling techniques, while seemingly intuitive,
can introduce redundancy and lead to the model overfitting on the minority data. Undersampling,
on the other hand, discards valuable information from the majority class, potentially affecting over-
all model performance. Another line of work focuses on augmentation-based techniques, such as
Mixup (Zhang et al., 2017a), CutMix (Yun et al., 2019b), and Balanced Mixup (Galdran et al.,
2021), aim to regularize training data by mixing instance and class-based sampling. Rebalanced
Mixup (Remix) (Chou et al., 2020) gives greater weight to labels of minority classes, improving
generalization. Another technique, CMO (Park et al., 2022), incorporates minority class images
into majority class backgrounds. Methods like CutMix and CMO improve performance on tasks
like CIFAR and ImageNet by replacing image parts with patches from others. However, in medical
datasets, such as skin cancer detection, they often reduce accuracy by losing crucial diagnostic in-
formation. These methods also lack dynamic adaptation during mixing, limiting their effectiveness

on unseen data.

Moreover, not many studies have been done on mitigating the racial skin-tone bias in lesion
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classification. Groh et al. (Groh et al., 2021) study highlights a bias in skin tone classification
using convolutional neural networks (CNNs). CNNs trained on datasets with limited skin tone
diversity perform better on images with skin tones similar to those in the training data. This
leads to lower accuracy for individuals with darker skin tones, which are often underrepresented in

current datasets, thus giving rise a serious problem in machine learning fairness and health equity.

By critically evaluating strengths and limitations discussed above, our work develops a
more robust approach for handling imbalanced datasets and inherent color-tone bias in skin lesion
classification simultaneously, ultimately leading to more accurate and fair models for skin lesion
diagnosis.

We propose a novel approach utilizing a mixup-based algorithm guided by an adaptive

sampler. This method tackles these issues on two fronts:

1. Mizup-based Algorithm: We augment and create new training data points that blend features
from existing samples by leveraging the mixup technique. This process encourages the model
to learn more robust representations that are less susceptible to biases based on skin tone.

2. Meta Adaptive Sampler: We introduce an adaptive sampling strategy that dynamically ad-
justs the selection probabilities of training data during each iteration. This strategy prioritizes
samples that pose more significant challenges to the network based on their performance on
a dedicated meta-validation set. This targeted approach fosters more balanced learning and

improves overall classification accuracy.

Our research demonstrates significant progress in mitigating skin tone bias within the model through
this combined strategy. This translates to achieving robust lesion classification performance across
a diverse range of skin colors on multiple datasets. These findings hold promising implications for
developing more accurate dermatological diagnostic systems, that work across patient demographics

with equity and fairness.

5.3.2 Methodology

In this section, we first present some concepts relevant to this work, and then introduce the proposed
method.

5.3.2.1 Preliminaries

Sampling Strategy Sampling strategies of training data refer to techniques used to select and rep-
resent data instances in deep learning models, particularly when dealing with imbalanced datasets.
These strategies aim to mitigate the underfitting of minority classes and prevent the overfitting of
majority classes. Modified sampling strategies can include oversampling under-represented cate-
gories, leading to counter-productive outcomes like repeatedly showing the same training examples

to the model. Given the provided training set notation, one can describe data sampling strategies
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Figure 5.4: Our Proposed Framework

mathematically as: given a training set D = {(x;,y;),7 = 1,..., N} for a multi-class problem with K
classes where each class k contains n; examples and Zkkzl ng = N, we can describe some common

data sampling strategies mathematically with the probability pg, associated with the particular
(Inks—v|)7

(Zfil(lmfwl)““re ] ) ) o

values of v and 1, guides the different sampling strategies, where v € [0, 1], and 1, some statistic

class as pyp = ) (already explained in detail in chapter 3 and 4), where different
related with the examples in the dataset and e added to avoid divide by zero error. v = 1, and
1) = 0 forms the instance sampling strategy, followed by v = 1, and ¥ = N forms reverse sampling
strategy. However, such static strategies that fix the sampling probability at the start and use it
throughout training are not feasible.

Mixup The mixup technique constitutes a data augmentation approach wherein synthetic training
instances are created through the linear interpolation between pairs of authentic examples alongside

their corresponding labels. The formula for mixup is:
T = A\r1+ (1 — /\)33‘2 (5.3)

g = Ay1 + (1= Nyo, (5.4)

where A\ is a random variable sampled from a Beta distribution B(«a, ). One underlying concept
behind mixup is that by employing linear interpolation among data points, we encourage the
network to smoothly and seamlessly transition between data points, minimizing abrupt changes.
Mixup improves deep neural network performance by enhancing robustness to adversarial attacks
and promoting better generalization through data-adaptive regularization, ultimately leading to

more accurate and reliable model predictions.
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5.3.2.2 Proposed Method

Let us consider the K-class supervised classification problem with a training dataset D = {(x;, v;)}¥,,
where N is the total number of datapoints, z; is the i*" image datapoint and y; is the corresponding
category label, such that y; € L = {1,2,3,..., K}. Let f denote the classifier with parameter 6,
which we need to train. The training set D is imbalanced with ny > no > -+ > ng. Along with
this we also have a meta set, M = {(z;,y;)}M,, with total M datapoints. And also have heuris-
tic function H : M — {hy, he, - ,hx}, which gives heuristics corresponding to each class. The
heuristic value increases in proportion to the degree of representation refinement achieved by the
network or the level of accuracy attained by the class. The heuristic function dynamically evaluates

model gradients.

This research proposes a novel imbalanced class learning approach that leverages a syner-
gistic combination of instance sampling, adaptive sampling, and Mixup augmentation. Instance
sampling ensures that all classes have a base representation during training. Adaptive sampling
dynamically adjusts sampling probabilities based on a heuristic function utilizing a meta-set. This
allows the model to focus on informative minority class examples. At the same time, the heuristic
function, informed by the network’s state and the meta-set, guides the sampling process to prevent

overfitting the majority classes.

First, let us define the samplers to sample data points. The first sampler we will be using is
the instance sampler where the probability of sampling from the Dataset D depends on the actual
number of samples in the different classes, that is, the probability of choosing samples from the
particular class k, py, = &, where the Instance sampler denoted as 1(D, 1). This sampling approach
will help to leverage the contexts present in the majority samples to enhance the limited context

of the minority samples during the augmentation process.

The other sampler we will be using is the adaptive sampler A(D, H), where the probability of
sampling from the particular classes, depends on the heuristic calculate corresponding to each class
using the meta-set M (the meta-set acts as a validation proxy for unseen attribute configurations,
allowing the sampler to prioritize augmentations for subgroups where the model currently exhibits
the highest error rates), using the heuristic function as H(M, fp) = {h1, ha, -+ , hx}, the calculate
heuristic depend on the state of the network f and the meta set M. The probability corresponding

to each class for sampling calculated as pp = 1 — hi . This technique dynamically adjusts the

sampling probability based on a ‘heuristic’ function. This function considers the current state of
the learning model and a separate ‘meta-set’ of data. The adaptive sampler refines the sampling
process based on the model’s learning progress. It can potentially identify classes still challenging
for the model to learn, even within the minority class, and prioritize those for further training.

This can lead to more focused learning and faster improvement in difficult classes.

For our augmentation method, the data is first sampled from instance sampler, (z;,,y;,) ~
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Z(D,1) and adaptive sampler, (z;,,vi,) ~ A(D, fo), and combined using mixup as follows:
Tra = )\.%'7;[ + (1 — )\)l‘iA, (5.5)

This heuristic augmentation provides a better representation of the minority class by not neglecting
classes that are not well-learned but instead striving to make the accuracy of such classes comparable
to that of the majority classes using samples from the adaptive sampler. Furthermore, the data
augmentation technique cleverly leverages the rich context found in abundant examples (majority
samples) using an instance sampler to enhance the limited context surrounding the rarer examples
(minority samples). By incorporating these additional details in the creation of new training data,

we can significantly enhance our model’s understanding of minority samples.

The Meta-set we are using does not necessarily need to belong to the same dataset as the
training data. It might belong to a different dataset with varying skin tones, or it could be a
combination of data similar to the training samples or samples with different skin tones. Thus,
this data is not directly involved in the training samples used by the network for learning, but it
will help to refine the heuristic. It will affect how the samples are chosen during augmentation,
thus indirectly modifying the decision boundaries without exposing those samples to the network

during training. The proposed framework is illustrated in Figure 5.4.

5.3.3 Experimental Analysis
5.3.3.1 Datasets, training protocol, comparison and evaluation metrics.

Dataset Used We have used the Asan Dataset (Han et al., 2018), mainly containing patients from
the Asia with darker skin tone, and the ISIC-2018 dataset (T'schandl et al., 2018) containing mainly
caucasian patients with pale skin tone. We divide the Asan Dataset training set into two parts:
10% of the images are used as a Meta-set, while the remaining 90% are used for training. The
provided test-set images are used for testing. ISIC-2018 skin lesion classification challenge adopted
the HAM10000 dataset (HAM) as a training dataset. The HAM dataset is one of the largest and
most used skin image datasets publicly available in the ISIC archive. It consists of 10,015 skin lesion
images in seven skin lesion types. The test set comprises 1512 skin lesion images without published
labels. The only method for performance evaluation is to upload the predicted results to the ISIC
website. So, we divided the training set into three splits in the ratio 70:10:20 (train:meta:test). For
both datasets, we convert the images to a size of 100x100px. The Asan dataset has 12 classes, and
the ISIC-2018 dataset has 7. The classes both data have in common are five, namely melanoma,
melanocytic nevus, basal cell carcinoma, actinic keratosis, and dermatofibroma.

Training Details We utilize the CNN ResNeXt-50 (as used in (Kolesnikov et al., 2020)) for image

classification. We trained a network using stochastic gradient descent (SGD) with a batch size
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of 128 for 100 epochs, starting with a learning rate (LR) of 0.01 that decayed if metrics didn’t
improve (via Reduce LR on plateau). We used early stopping if the LR reached 0, and set « to 0.2
for mixup (B(«, a)). We evaluated the performance of each model using task-specific metrics on a
separate validation set, and we retained the best-performing model for further analysis. The code
is available at: https://github.com/fa-submit/Submission_M.

Comparison Methods Not much work has addressed both the imbalanced problem and skin-
tone bias together. To compare, we selected cost-sensitive methods: Reweighing-based methods
like simple reweighing (RW) (weighting by the inverse of class frequencies), focal loss (FL), and class
balanced reweighing (CBRW). We also considered resampling-based methods such as class balanced
sampling (CBS), reverse sampling (RS), and progressive sampling (PS) - a combination of CBS
and RS. Additionally, we examined Class balanced retraining, which adjusts sampling probabilities
using the inverse frequency of each class raised to the power of (1/8)*. We also evaluated balanced
mixup (BalMixup) and mixup-based methods.

Evaluation Metrics We measure balanced accuracy (Bacc) (i.e. average recall of all classes). The
macro-F1 score reflects improvements in smaller categories. We also include the geometric mean
(GM) score. The heuristic used to determine sampling probabilities is calculated using per-class
accuracy (i.e., for example, h; represents the accuracy of class 1). We assess model fairness using
multi-class equalized odds (Eodd) and equalized opportunity (Eopp). Eopp0 evaluates the disparity
in the True Negative Rate, Eoppl evaluates the disparity in the True Positive Rate, and Eodd sums

the disparities in the True Positive and False Positive Rates.

5.3.3.2 Results and Discussions

To demonstrate the effectiveness of our proposed model, we conducted several experiments. In
the initial experiment, we aimed to address the existing imbalance in the dataset while enhancing
performance. We accomplished this by training the ResNeXt-50 model using our proposed frame-
work with the Asan dataset, comprising 12 classes. Subsequently, we compared its performance
with other methods (as shown in Table 5.7) using the test set of the Asan dataset. Our findings
indicate that our model exhibits superior performance compared to other methods. Additionally,
when tested on the ISIC-2018 dataset, it demonstrates better performance compared to alternative
methods. However, it is important to note that the ISIC-2018 dataset only shares 5 classes with the
Asan dataset. To address this limitation, we utilized another subset of the Asan dataset containing
the 5 common classes with the ISIC-2018 dataset. Furthermore, to showcase the generalizability
of our trained model across various skin tones, we evaluated its performance on the entire ISIC
dataset. Our method outperforms other methods, underscoring its superior generalizability. The
lower value of fairness metrics in Table 5.8 highlight our method’s predictive fairness compared to
others, demonstrating its effectiveness. We demonstrate the performance of our main proposition

regarding the use of the meta-set to regulate the sampling of samples in Table 5.9. We present


https://github.com/fa-submit/Submission_M

128 CHAPTER 5 | Robust Medical-Image Classification: From Class Imbalance to Demographic Fairness

Table 5.7: The ResNeXt-50 network was trained on the Asan dataset and evaluated on two sets:
one with all 12 classes and another with 5 classes common to the ISIC-2018 dataset. The evaluation
metrics include F-1 score (in %), GM (in %), and Bacc (in %).

12 Classes 5 Classes
Tested on the Asan Tested on the Tested on the Asan Tested on the

Method Datasetset ISIC-2018 Dataset Dataset Test Set ISIC-2018 Dataset
Fl-score GM Bacc Fl-score GM  Bacc Fl-score GM Bacc Fl-score GM Bacc
RW 59.18 74.78  57.89 8.92 25.06 26.71 79.75 86.3  78.48 28.71 58.86  40.12
FL 57.04 73.4  55.88 7.47 22,22  21.19 77.83 85.43  T77.15 27.8 59.82  41.67
CBRW 58.62 74.72  57.88 8.04 23.63  23.75 79.84 86.45  T78.72 33.37 59.35  40.95
CBS 58.13 74.11  56.94 7.96 23.95 2452 82.38 88.12 81.46 22.67 55.93  36.79
RS 59.56 74.95 58.14 7.54 22,28 21.2 81.26 87.07  79.59 31.95 62.4  44.32
Chrt 58.51 74.64  57.68 8.15 23.44  23.49 79.67 86.68  79.01 29.96 60.68 42.21
PS 56.91 73.7  56.33 7.81 25.33  27.36 81.1 87.61 80.54 26.67 56.81  37.62

BalMixup 60.04 75.91  59.62 9.77 26.64 30.18  81.10 87.25  79.58 34.25 60.91 42.63
Mixup 56.09 72.39  54.36 8.49 25.03 26.67  82.34 88.04  80.92 25.61 55.98  36.24

Ours 61.05 77.54 62.16 10.36 28.97 35.5 79.84 86.95 79.53 40.57 65.33 47.81

Table 5.8: Fairness results of different methods trained on the ASAN dataset (5 classes), tested on
a combined ASAN test set and ISIC-2018 dataset.

Ours

Method(—) Ours s
. RW FL CBRW CBS RS Cbrt PS BalMixup Mixup (Meta-set

Metric({) 10% Asan
10% Asan)

+ 10% 1SIC)

EOpp0 0.115 0.087 0.108 0.079 0.115 0.083 0.111 0.100 0.105 0.075 0.055

EOppl 0.489 0.355 0.378 0.353 0.489 0.386 0.429 0.37 0.447  0.317 0.336

EOdds 0.298 0.185 0.19 0.186 0.298 0.200 0.241 0.164 0.185 0.153 0.146

Table 5.9: The table presents the ResNeXt-50 Network trained on the Asan Dataset, showcasing
how results (in %) change with varying compositions of the Meta-Set.

Tested on the Asan Tested on the ISIC-2018
Composition of Meta-Set Data Test Set Dataset
Fl-score GM Bacc Fl-score GM Bacc
10% of Asan Dataset 79.84 86.95 79.53 40.57 65.33 47.81
10% of ISIC Dataset 74.54 83.01 73.62 34.25 59.55 39.98
10% of ISIC Dataset+10% of Asan Dataset 82.34 88.34 81.62 40.60 66.00 49.11
20% of ISIC Dataset 73.31 82.69 72.81 33.37 59.91 41.37

30% of ISIC Dataset 74.81 83.87 75.17 34.95 61.98 43.58
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Table 5.10: The results of the ResNeXt-50 network trained on the ISIC-2018 dataset are evaluated
using F-1 score (in %), GM (in %), and Bacc (in %).

Tested on the ISIC-2018 Tested on the

Method Dataset Test Set Asan Dataset
Fl-score GM Bace F1-score GM Bacc
RW 69.08 81.61 71.53 38.9 55.97 35.98
FL 67.43 78.94 66.96 21.24 48.97 29.07
CBRW 69.27 81.94 71.6 31.17 52.18 32.53
CBS 62.48 74.13 59.79 22.15 50.48 30.67
RS 62.48 74.13 59.79 30.61 53.19 33.84
Cbrt 60.73 73.28 58.6 17.85 44.32 24.23
PS 62.61 74.51 60.1 25.88 51.17 31.63
BalMixup 65.89 75.90 62.77 14.95 41.97 21.85
Mixup 70.32 78.92 66.45 22.71 47.32 27.10
Ours 65.86 83.6 74.79 38.77 57.4 38.77

various compositions of the meta-set and the corresponding results on the Asan test set and the
ISIC-2018 dataset. Since the images in the meta-set are not directly used for training, the entire
ISIC dataset can be used for testing. From the table, it is evident that the optimal composition
involves utilizing both the Asan and ISIC-2018 datasets in the meta-set, resulting in an improve-
ment in performance of nearly 2% in terms of Bacc for both test cases. Additionally, there is an
enhancement of approximately 3% in the F-1 score for the Asan dataset when compared with the
meta-set containing only Asan dataset images, indicating an improvement in the performance of
the minority class. These results show that performance can be enhanced by using a small number
of images in the meta-set, even without directly including images of different skin tones in the
training set. Regulating the sampling process aids in better augmentation, resulting in improved
and more generalizable decision boundaries. We also computed results on the ISIC-2018 dataset
using a subset of 5 classes common with the Asan dataset. We used the trained network to evaluate
results on the Asan dataset and the ISIC-2018 test set (Table 5.10). Our method performs well in
both test cases, with nearly a 3% improvement in both Bacc and GM, albeit with a slight dip in the
F-1 score compared to RW and Mixup. Overall, our method aims for balanced performance across
all classes, enhancing generalization to unseen data, thus showing better performance in unseen
skin-tone images than other methods. Fairness metrics are excluded in this case because the ISIC
test set’s minority class has far fewer samples than the ASAN dataset’s minority, making estimates

for the underrepresented group potentially unreliable.
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5.3.4 Conclusion and future work

In conclusion, this study presents an innovative data augmentation technique that addresses the
challenges of skin tone bias and imbalanced class distribution in deep learning models for skin
lesion classification simultaneously through a novel adaptive mixup sampling strategy that uses
cross sampling between the diverse skin tones in a judicious manner. To demonstrate the efficacy
of our method across different skin tones and class imbalance (skin cancer is more common among
caucasian patients and hence usually data available is biased towards that patient demographic), we
choose two benchmark datasets: ISIC-2018 with mostly caucasian patients and Asan dataset with
mostly Asian patients. Our results showcase the accuracy of our method compared to several recent
competing approaches, and thus presents a classifier that can generalise across patient demographics
with fairness and equity, and hence has the potential of practical translation across borders in

clinical decision support systems (CDSS).



Chapter

Conclusion € Future Directions

Synopsis

This concluding chapter summarizes the key contributions of the thesis and proposes
both chapter-specific and overarching research directions for equitable deep learning un-
der sub-population shift. In Section 6.1, we revisit the contributions, limitations, and
immediate extensions of each chapter, focusing on targeted improvements in sampling,
augmentation, boundary modeling, and fairness-aware optimization. In Section 6.2, we
shift attention to broader research opportunities that arise from the thesis as a whole.
These include developing theoretically grounded fairness objectives, designing adaptive
and continual learning frameworks, and ensuring equity in emerging paradigms such as
foundation models and multimodal systems. Together, these discussions outline a long-
term wvision for building robust, fair, and generalizable AI systems across imbalanced,

long-tailed, and demographically diverse environments.

6.1 Contributions and Chapter-Level Outlook

This section briefly summarizes the main contributions and limitations of each chapter in this
thesis. For each contributory chapter, we also propose immediate future research directions that
emerge from its technical findings. These chapter-level perspectives are meant to guide incremental
advances and highlight opportunities for architectural improvement, parameter tuning, or dataset-
specific adaptations. These insights provide a foundation for the broader research directions and
open challenges presented in Section 6.2. We start with the introductory Chapter 1 which introduces
the main focus of the thesis: learning under subpopulation shift, which includes class imbalance,
long-tailed distributions, and demographic bias. It explains why building robust and fair learning
systems is important by highlighting real-world challenges. The chapter describes different types of
subpopulation shift, such as class prior shift, attribute shift, and spurious correlations, and presents
long-tailed learning as a key area of study. It also points out the limitations of existing methods

and prepares the reader for the new solutions proposed in later chapters. In general, Chapter 1
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provides the theoretical background and establishes the motivation for the thesis contributions.
The opening chapter ends with an overview of the thesis structure and a brief summary of the key

contributions presented in the subsequent chapters.

Chapter 2 addressed binary and multi-class imbalance by distribution-calibrated oversam-
pling. We proposed a parametrized oversampling method that estimates the true feature distri-
bution of a minority class by borrowing statistical moments (mean, covariance) from semantically
“close” majority classes. By tuning hyperparameters, our method generates synthetic minority
samples whose distribution closely approximates the original minority distribution. In experiments
on synthetic and real datasets, this approach outperformed standard oversampling techniques (e.g.
SMOTE variants) across multiple metrics, especially improving performance on highly skewed
classes. The key technical advance is the minority class statistic estimation framework, which
provides more principled synthetic data generation than prior convex-combination schemes. A lim-
itation of our current approach is its reliance on fractional-norm distances, which poses challenges
for high-dimensional feature spaces such as those encountered in image data. As a promising future
direction, incorporating feature selection, manifold learning, or embedding-based neighborhood es-

timation could make the framework more broadly applicable to high-dimensional domains.

Chapter 3 presents STTP-Net, a Sampling-Tailored Two-Pronged Network designed to
overcome challenges in long-tailed visual classification. The core idea is to divide learning responsi-
bilities across two expert branches—one dedicated to head and medium classes and another special-
izing in underrepresented tail classes—while maintaining a shared feature extractor. The proposed
Hybrid-Mixup strategy combines augmentation and sampling adaptations that improve data di-
versity and class representation, especially for rare classes. Furthermore, the chapter introduces
Effective Balanced Softmax (EBS), which recalibrates decision boundaries by accounting for
class prior frequency during training. STTP-Net achieves consistent performance gains over strong
baselines and prior state-of-the-art methods across multiple datasets, including real-world imbal-
anced datasets like NIH-CXR-LT. Importantly, its success in the healthcare domain emphasizes its
translational potential beyond academic benchmarks. Despite its promising performance, STTP-
Net currently relies on hand-crafted sampler configurations and static expert divisions. These fixed
boundaries may limit adaptability to dynamically changing data distributions or evolving class hi-
erarchies. Additionally, while more lightweight than multi-expert or two-stage methods, STTP-Net
still introduces moderate architectural complexity, which may impact deployment in low-resource
settings. Moving forward, future research can focus on integrating adaptive expert assignment
based on online difficulty estimation or uncertainty modeling. Exploring meta-learning strategies
for dynamic sampler tuning and self-distillation mechanisms for merging expert knowledge could
further streamline the architecture. Finally, combining the STTP framework with fairness-aware
learning objectives could unlock new capabilities in bias-sensitive domains such as medical imaging

and autonomous systems.
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Chapter 4 advances the long-tailed recognition paradigm introduced in Chapter 3 by focus-
ing on a critical but underexplored aspect: the fidelity of decision boundaries across imbalanced
classes. Traditional models often learn either overly hard boundaries that overfit rare classes or
overly soft ones that blur distinctions between frequent and infrequent categories. In response,
this chapter proposes a dual-branch framework rooted in the Goldilocks Principle—achieving de-
cision boundaries that are “neither too sharp nor too smooth, but just right.” This framework
integrates DBSGM—a sampler-guided augmentation strategy using instance, median, and re-
verse samplers—with ACFR, a feature-space regularization method based on the TASCL loss.
TASCL addresses the pitfalls of applying standard supervised contrastive learning to long-tailed
data by dynamically modulating temperature parameters based on class and confidence, ensuring
appropriate repulsion and attraction forces between features. Experimental evaluations on CIFAR-
LT, ImageNet-LT, and iNaturalist demonstrate substantial gains across many-shot, medium-shot,
and few-shot regimes. Despite its robustness, the proposed method relies on several tunable hy-
perparameters (e.g., ¥, Tmin, Tmax) and heuristic decisions in sampler design. Furthermore, the
contrastive loss’s reliance on pairwise comparisons increases computational burden, especially on
large-scale datasets like iNaturalist. Also, the framework assumes class labels are trustworthy;
performance may degrade under label noise or weak supervision. Future work may explore au-
tomated sampler tuning using meta-learning or reinforcement learning to reduce reliance on fixed
sampling strategies. Additionally, label-agnostic contrastive objectives and noise-aware boundary
reqularization could extend the applicability to weakly labeled or noisy datasets. Finally, bridging
the decision boundary fidelity framework with fairness-aware learning objectives—particularly for
sensitive domains like medical imaging—presents a compelling avenue to ensure equitable model

performance across underrepresented subgroups.

Chapter 5 focuses on enhancing the fairness and robustness of medical image classifiers
under dual sub-domain shifts: class imbalance and demographic bias. Building on earlier chapters,
which addressed frequency-aware sampling (Chapter 3) and contrastive boundary shaping (Chapter
4), this chapter pivots to high-impact clinical applications where real-world biases pose significant
challenges. Two key contributions are made. First, the Mo2E framework employs dual CNN-
based experts trained with tailored MixUp strategies and diverse sampling mechanisms to explicitly
model decision boundaries for both frequent and rare disease categories. This architecture signifi-
cantly improves classification performance, especially for tail classes, across diverse clinical datasets
like Hyper-Kvasir (GI lesions) and Eyepacs (Diabetic Retinopathy Grading) datasets. Second, the
chapter introduces a meta-adaptive mixup-based augmentation framework that addresses
racial and skin-tone bias in dermatological datasets. By using a meta-learned heuristic to control
adaptive sampling probabilities during MixUp, the approach promotes equitable learning across de-
mographic groups. Evaluations on the ISIC-2018 and Asan datasets demonstrate improved fairness

metrics (e.g., Equalized Odds and Opportunity), while maintaining high classification accuracy.
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Although Mo2E and the fairness-aware MixUp methods show competitive empirical performance
with the existing methods but still large gap exists where the work can be done to improve the
classification and fairness performance. Moreover, both frameworks rely on carefully tuned hyper-
parameters (e.g., a in MixUp, sampling probabilities), and still require explicit specification of class
domains (e.g., head vs. tail or demographic groupings). Moreover, while the meta-learning frame-
work improves fairness, it assumes access to a demographically diverse meta-set, which may not
always be available in real-world settings. Future work may explore fully adaptive expert modeling
where expert assignments and sample weights are learned jointly in an end-to-end fashion. Another
promising direction lies in unifying demographic and class-aware fairness objectives through joint
optimization. Finally, expanding these frameworks to handle multi-modal data (e.g., radiology +
EHR), and validating across diverse datasets will further enhance the generalizability and fairness

of clinical Al systems.

6.2 Broader Future Research Directions and Open Challenges

Building on the chapter-wise contributions and localized future directions discussed in Section
6.1, this section outlines broader research directions. These open challenges aim to advance equi-
table learning under sub-population shift in both theory and practice. We organize these research
opportunities around key themes such as adaptive optimization, representation learning under dis-
tribution shift, continual and federated learning, fairness in foundation and multimodal models, and
causal and invariant modeling. Together, these directions reflect a long-term research agenda that
extends the methodologies proposed in this thesis to more general, scalable, and socially responsible

machine learning systems. Below we outline these key directions and challenges in detail:

e Theoretical Foundations for Fairness under Shift. A rigorous understanding of the ac-
curacy—fairness tradeoff under sub-population shifts remains limited. Recent theory shows that
enforcing fairness constraints does not always improve target-domain performance and may even
be detrimental in some cases (Maity et al., 2021). It would be valuable to characterize when and
how fairness-regularized training yields Bayes-optimal predictors under realistic shifts (Maity
et al., 2021). Methods such as Uniform Risk Minimization (URM) have shown that training on
uniformly distributed feature representations can provably improve worst-group performance (Kr-
ishnamachari et al., 2024). Extending such analysis to multi-class and continuous-group settings
could guide the design of loss functions or sampling procedures that guarantee fairness without
sacrificing overall accuracy. Developing analytical tools (e.g. generalization bounds under label-
shifted and group-shifted distributions) would clarify the limits of fair learning in imbalanced
regimes.

e Adaptive Reweighting and Meta-Learning. Importance-weighting techniques for sub-

population shift (e.g. group re-weighting or DRO (Jung et al., 2023)) are promising but often rely
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on heuristics. Recent work proposes jointly optimizing instance weights and model parameters via
bi-level optimization (Holstege et al., 2025). This improves both average and worst-group accu-
racy in limited-data regimes by balancing bias—variance trade-offs (Holstege et al., 2025). Future
work could incorporate such adaptive weighting into our frameworks: for example, learning the
MixUp sampler probabilities or classifier biases in a data-driven way. Meta-learning approaches
could also tune the hyperparameters of our dual-branch models (such as sampler temperatures
or MixUp ratios) automatically, as sketched in Chapter 3’s discussion. More broadly, combining
meta-learning with contrastive objectives might adaptively emphasize underrepresented classes
or groups, improving robustness.

e Continual and Federated Long-Tail Learning. Real-world data streams are non-stationary:
class frequencies can evolve, new classes can emerge, and demographics may shift over time. As
noted in recent surveys, handling dynamic imbalances in data streams is largely unexplored (Chen
et al.,, 2024). Extending our methods to continual learning scenarios (e.g. class-incremental
long-tailed learning) would be valuable. Techniques like elastic weight consolidation (Jarvis
et al., 2024), and replay buffers (Rahimi-Kalahroudi et al., 2023) could be integrated with our
mixup and contrastive schemes to maintain performance on old classes while learning new ones.
Federated learning (FL) is another frontier: FL often suffers from heterogeneous and imbalanced
client data (Zhang et al., 2023b). Future work could adapt sampling and loss balancing to the
federated setting, ensuring both accuracy and fairness across clients. For example, client-specific
mixup policies or inter-client contrastive regularization might mitigate client-level imbalance.

e Self-Supervised and Semi-Supervised Learning for Imbalance. Leveraging unlabeled
data can help alleviate rare-class scarcity. Semi-supervised techniques that enforce consistency or
pseudo-labeling could be augmented with subpopulation-aware strategies. For instance, one could
use our sampler-guided mixup even for unlabeled samples (as pseudo-classes) to ensure that gen-
erated features remain fair across groups. Self-supervised pretraining on large, diverse datasets
(including out-of-distribution samples) may also help learn representations that generalize better
to minority classes (Joshi et al., 2025). However, recent work warns that large-scale founda-
tion models may introduce new biases: e.g. medical imaging foundation models achieve high
accuracy but have worse subgroup fairness compared to smaller models (Zong et al., 2023). Fu-
ture research should therefore study how unsupervised pretraining and fine-tuning interact with
fairness, possibly devising fairness-aware pretraining objectives or balanced fine-tuning schedules.

e Fairness in Multimodal and Foundation Models. As foundation models (FMs) become
prevalent in vision and medical imaging, ensuring their equitable behavior is crucial. Very recent
benchmarks (e.g. FairMedFM at NeurIPS 2024) show that diverse foundation models exhibit
consistent biases and utility—fairness trade-offs across healthcare tasks (Jin et al., 2024). This
suggests a pressing need for developing mitigation strategies tailored to large-scale pretrained

models. Potential research includes designing in-processing debiasing layers or post-hoc cali-
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bration techniques for FMs, as well as curating pretraining datasets that are demographically
balanced. Another direction is to extend this thesis’s mixup and contrastive ideas to multimodal
settings (e.g. image+text diagnostics), where subpopulation shift might occur across modalities.
Integrating structured fairness constraints into multimodal fusion could ensure that no subgroup
is disproportionately disadvantaged by multi-view learning.

e Causal and Invariant Methods. Many subpopulation shifts arise from spurious correlations
(e.g. skin color correlating with diagnosis). Future work could employ causal representation
learning to disentangle true signal from confounders. For example, invariant risk minimiza-
tion or contrastive causal objectives might learn features that are stable across group-shifted
environments. Combining causal discovery with the adversarial or contrastive regularizers we
developed could further improve worst-group robustness. Moreover, domain-adaptation and
invariant-feature methods (e.g. CORAL (Sun et al., 2017), IRM (Arjovsky et al., 2019)) could
be incorporated to align representations of underrepresented subpopulations without explicit
labels.

e Applicability to Other Modalities and Domains. While this thesis evaluates the pro-
posed methods on a diverse set of datasets spanning both medical and non-medical imaging do-
mains, the core contributions are fundamentally learning-driven rather than modality-dependent.
Specifically, the proposed bias-mitigation and class-imbalance handling strategies operate through
(i) distribution-aware sampling mechanisms, (ii) feature-level regularization via supervised con-
trastive representations, and (iii) temperature-adaptive loss formulations that explicitly rebalance
attraction and repulsion forces between majority and minority classes. These mechanisms do not
rely on assumptions tied to a particular image acquisition process; instead, they leverage batch-
wise statistics, embedding geometry, and class-conditional interactions, making them directly
applicable to other imaging modalities. For instance, in MRI and histopathology, where patho-
logical classes are often severely under-represented, the proposed temperature-adaptive loss can
prevent minority class collapse by strengthening intra-class cohesion while moderating exces-
sive repulsion from dominant classes. Similarly, in high-resolution microscopic or brain tissue
imaging, where annotated samples are scarce and visually subtle, the contrastive feature learn-
ing framework enables more discriminative representations under limited supervision. Beyond
medical imaging, the same principles naturally extend to non-medical applications such as facial
recognition and person authentication, where demographic imbalance and few-shot enrollment
are common. In such settings, the proposed methods can be employed to stabilize online learn-
ing with limited samples, reduce representation bias across groups, and maintain robust decision
boundaries under skewed data distributions.

e Enhanced Metrics and Evaluation. Finally, progress requires careful evaluation. We have
used balanced accuracy and fairness metrics (equalized odds, etc.), but future benchmarks should

consider richer criteria, including calibration, robustness to outliers, and subgroup representa-
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tional adequacy. The “Change is Hard” benchmark shows that optimizing worst-group accuracy
often degrades overall metrics (Yang et al., 2023). New multi-objective evaluation protocols
could guide development toward models that trade off fairness and accuracy in acceptable ways.
Along these lines, automated tools that detect dataset shifts and trigger adaptive re-training (for
example, alerting when minority classes fall below a performance threshold (Qin et al., 2024))

would be valuable in real deployments.

In conclusion, this thesis lays a foundation for equitable learning under sub-population shifts, but
many challenges remain. Bridging theory and practice to guarantee fairness and robustness in
dynamic, real-world settings is an open frontier. We anticipate that extending our approaches via
meta-learning, robust optimization, causal modeling, and large-scale self-supervised pretraining will
be fruitful. Addressing these challenges will advance the deployment of fair and generalizable Al

across critical domains.
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A.1 Supplementary for Chapter 3

In this appendix we will provide the proof of the theorem in chapter 3.

A.1.1 Proof of Theorem 1

We recall Theorem 1: Let’s consider ® as the target conditional probability for a balanced dataset,

defined as <i>j =ply =jlz) = ﬁ(gl(z,g/;j) % Similarly, let’s define ® as the target conditional probability
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Proof. Note that the exponential family parameterization can be employed to express the condi-

tional probability of a categorical distribution. This leads to a conventional Softmax function as

the parameter-to-probability transformation:
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additionally, the canonical link function is expressed as:

&
=log| =L |. A3
Pj g<<1>k> ( )
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To simplify the above equation use logarithmic identities exp(a — b — ¢) = exp(a)/(exp(b) exp(c))
and exp(—logA) = 1/A, followed by the cancelation of class-independent terms. Expanding
Eqn. A.12 gives:
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The common factors % and W cancel out, yielding:
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A.2 Supplementary for Chapter 4

A.2.1 Proof of Theorem 3

We recall Theorem 3: Consider a dataset comprising N normalized feature embeddings, L =
{I1,15,....,Iix} € £V, where £ = {l € R" : ||l|| = 1} is the unit hypersphere in R". Associated with
each embedding I; is a class label y; € C, where C' is the set of all classes. Partition the label set
into majority and minority subsets, denoted Yj,; and Y,, respectively, such that Y = Y3, UY,,. The
aggregate batch-wise loss, L(L;Y, B, T), is defined as the summation of class-conditional batch-wise

losses across the entire class space:
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Proof. From the Lemma 2, we have the bound:
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considering the logarithmic bound log(1 + ) > log(x) for > 0, we can write the above inequality

as:
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In the above equation, the value of the minority class repulsion term becomes very small due to
division by the higher cardinality of the set and also because the number of samples in the minority
class is relatively low compared to the majority, which creates repulsion. One way to balance
repulsion from the majority and minority classes is to decrease the repulsion term value of the
majority and increase the repulsion value of the minority. This creates well-balanced repulsion
forces, which can be accomplished by adjusting the temperature value to divide the dot product.

Therefore, the final inequality is as follows:
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Also we can see that these changes not only balance the repulsion forces but also tighten

the bounds of the loss equation, particularly when the data is imbalanced.
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