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ABSTRACT

QUANTIFYING AND MITIGATING CLASS IMBALANCE IN
LONG-TAILED VISUAL RECOGNITION

Baltacı, Zeynep Sonat

M.S., Department of Computer Engineering

Supervisor: Assoc. Prof. Dr. Sinan Kalkan

Co-Supervisor: Assist. Prof. Dr. Emre Akbaş

July 2022, 70 pages

Objects are distributed unevenly in real world, which manifests itself as a long-tailed

distribution in realistic visual recognition datasets. Deep learning based approaches

trained on such imbalanced datasets using conventional gradient-based training strate-

gies exhibit unfair recognition performances towards classes that are under-represented

in the dataset. This so-called class imbalance has been studied in the literature by

measuring imbalance via either class frequency or class hardness, and using those

measures to mitigate imbalance by sampling, loss weighting or calibration strategies.

In this thesis, we argue and empirically show that sample frequency or hardness alone

is not sufficient for capturing imbalance among classes. Then we propose a novel

measure based on predictive uncertainty of a trained deep network and demonstrate

that it can capture imbalance better than existing approaches. Finally, we incorporate

our measure to existing imbalance mitigation methods: loss reweighting, resampling,

margin-based methods, and two-stage training. We show that predictive uncertainty-

based methods improve over or perform on par with existing baselines on long-tailed

datasets CIFAR-10-LT, CIFAR-100-LT and ImageNet-LT.
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Keywords: long-tailed visual recognition, class imbalance, predictive uncertainty, im-

balance mitigation
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ÖZ

UZUN KUYRUKLU GÖRSEL TANIMADA SINIF DENGESİZLİĞİNİN
ÖLÇÜLMESİ VE AZALTILMASI

Baltacı, Zeynep Sonat

Yüksek Lisans, Bilgisayar Mühendisliği Bölümü

Tez Yöneticisi: Doç. Dr. Sinan Kalkan

Ortak Tez Yöneticisi: Dr. Öğr. Üyesi. Emre Akbaş

Temmuz 2022, 70 sayfa

Gerçek dünyada nesneler, kategorilere eşit olmayan bir şekilde dağılır. Bu durum ger-

çekçi görsel tanıma veri kümelerinde uzun kuyruklu bir dağılım olarak kendini gös-

terir. Geleneksel gradyan tabanlı eğitim stratejileri kullanılarak bu tür dengesiz veri

kümeleri üzerinde eğitilen derin öğrenme tabanlı yaklaşımlar, veri kümesinde yete-

rince temsil edilmeyen sınıflara karşı adil olmayan tanıma performansları sergiler.

Bu sözde sınıf dengesizliği, literatürde, dengesizliği sınıf frekansı veya sınıf zorluğu

yoluyla ölçerek ve bu ölçümleri örnekleme, kayıp fonksiyonu ağırlıklandırma veya

kalibrasyon stratejileri yoluyla dengesizliği azaltmak için kullanarak çalışılmıştır. Bu

tezde, sınıflar arasındaki dengesizliği yakalamak için örnek frekansının veya zorluğu-

nun tek başına yeterli olmadığını tartışıyor ve deneysel olarak gösteriyoruz. Ardından,

eğitilmiş bir derin ağın tahmin belirsizliğine dayanan yeni bir ölçüt öneriyoruz ve

bunun dengesizliği mevcut yaklaşımlardan daha iyi yakalayabildiğini gösteriyoruz.

Son olarak, ölçümüzü mevcut dengesizlik azaltma yöntemlerine dahil ediyoruz: ka-

yıp fonsiyonunu yeniden ağırlıklandırma, yeniden örnekleme, marj tabanlı yöntemler
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ve iki aşamalı eğitim. Tahmine dayalı belirsizliğe dayalı yöntemlerin, uzun kuyruklu

CIFAR-10-LT, CIFAR-100-LT ve ImageNet-LT veri kümelerinde mevcut temellere

göre iyileştirdiğini veya yakın performans gösterdiğini gösteriyoruz.

Anahtar Kelimeler: uzun kuyruklu görsel tanıma, sınıf dengesizliği, tahmine dayalı

belirsizlik, dengesizliğin azaltılması
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CHAPTER 1

INTRODUCTION

1.1 Motivation

Although there are solid and practical studies to solve visual recognition problems,

it is not always possible to successfully transfer these solutions to daily applications.

The data in the application areas where visual recognition models are used do not

naturally have a balanced distribution. For example, in healthcare applications and

the integration of autonomous systems into daily life, target classes have a very nar-

row representation within the dataset. Figure 1.2 shows examples from the BRATS, a

brain tumor dataset. When we look at the image pixel distribution, we can see that the

number of pixels including tumors is significantly lower than that of healthy tissues.

Furthermore, the models that encounter samples outside the training data space may

lead to performance drops. These performance drops affect the use of deep learning

models in medical and safety applications and require expert interventions. In addi-

tion, collecting or creating a dataset is a human-involved process. The collected data

can also be of direct human origin (e.g., social media data) and reflect personal opin-

ions, trends, and social bias in datasets [6]. The decisions made by the models that

encounter with such data they are trained in can also cause sociological and ethical

problems. All these reasons make working on the class imbalance problem necessary

and essential.

Class imbalance is defined in the literature as the unequal distribution of classes in

the dataset. Figure 1.1 shows a long-tailed data distribution where there is a severe

imbalance from overrepresented (head) to underrepresented (tail) classes. Continu-

ing from this cardinality-based perspective, the aim of the methods that mitigate class
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Figure 1.1: An illustration of a long-tailed dataset. Figure is retrieved from [7].

imbalance is to move the decision boundary of a standard classifier to a target de-

cision boundary which separates the classes clearly. However, this is not the only

factor that can cause imbalances and learning differences between classes. We should

also account for the quality and representation span of the samples within data space.

Although there are successful methods that try to solve the imbalance problem based

on class cardinality or sample hardness, the lack of inclusiveness of these definitions

alone also reveals the shortcomings of existing solutions and their potential for im-

provement.

The main motivations of this thesis are (i) whether we can extend the notion of class

imbalance in the literature with a more general definition and (ii) if it is applicable

as a solution to improve methods based on either the class cardinality or difficulty

to mitigate imbalance. In the following sections, we define the problem we have

identified in detail, explain the scope of this thesis and the proposed method.

1.2 Problem Definition and Scope of the Thesis

We assume that we have a supervised image classification problem, for a dataset D
of N examples and their classes {(x1,y1), ..., (xN ,yN)}, x ∈ X and y ∈ Y . We are

2
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Figure 1.2: Subset of brain tumor images from BRATS dataset [4]. Purple and blue

areas represent brain tumors. Image is retrieved from [4].
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interested in finding the parameters (θ) of the mapping f : X → Y by solving the

following optimization problem:

θ∗ ← argmin
θ
L(f(x; θ),y), (1.1)

where L(ŷ,y), e.g. Cross Entropy (CE), is a loss function measuring the dissimilarity

of the prediction, ŷ = f(x; θ), with the correct output y.

Such an approach is prone to an uneven distribution of samples across the classes

in the dataset. Called class imbalance problem in literature [8], if class ci has more

samples than class cj , i.e. nci > ncj , class ci will have more opportunities to update

the parameters using vanilla optimization methods (e.g. Stochastic Gradient Descent

[9]) for Eq. 1.1. This in turn will lead to sub-optimal performance for class cj . The

severity of the problem will increase if nci ≫ ncj , i.e. the imbalance between classes

is higher. On the other hand, there may occur an imbalance among classes through

its sample qualities and hardness. From this intuitive point of view, the definition of

class imbalance relying on cardinalities is not inclusive, since it only reflects one side

of imbalance, varying class frequencies.

We are interested in measuring the imbalance in a classification problem, with scalar

values for each class denoted as µc0 , µc1 , .., µcN , such that µcj > µci iff. the mapping

f favors ci more than cj . We would like to use the measure µ to analyze the presence

of imbalance in possible imbalance sources: cardinality and hardness. We would like

to investigate the comprehensiveness of our measure and develop better imbalance

mitigation methods by using measure µ as a replacement for class cardinality and

hardness in existing solutions to class imbalance.

We can group the existing set of approaches to address the class imbalance problem

into four categories: resampling, loss reweighting, margin enforcing to class decision

boundaries and two-stage training. These methods aim to balance different stages of

training to mitigate the effects of class imbalance on model performance. Although

these methods provide improvements over baselines, most of them depend on the

frequencies of the classes. We suggest that the number of examples in a class does

not broadly represent class imbalance. The distribution of the examples in data space

and hardness should also be an essential consideration.

4



In this thesis, we limit ourselves to long-tailed visual recognition and perform our ex-

periments and analyzes only on such datasets. However, our measure and the methods

using our measure are generic and can be applied to other long-tailed classification

problems.

1.3 Contributions

In this thesis, we make the following contributions:

• We argue and empirically show that existing imbalance mitigation strategies

based on class frequency or hardness are not sufficient and comprehensive in

different terms.

• We introduce a novel class imbalance measure based on predictive uncertainty,

which reflects the uncertainty of a network on its prediction ŷ, analyze and

compare our measure with class difficulty and frequency-based imbalance def-

initions. We show over various imbalance ratios on CIFAR-10-LT and CIFAR-

100-LT datasets that imbalance can be represented by predictive uncertainty.

• We compute the predictive uncertainty for each class of an imbalanced dataset

with an ensemble network and exploit our measure to mitigate class imbalance

by loss reweighting and mini-batch resampling in one- and two-stage training

and forcing a margin to have separable representations in feature space. Exper-

iments show that our measure can be easily applied to a training pipeline as a

mitigation method and improve the baseline.

1.4 The Outline of the Thesis

In Chapter 2, we identify our primary task as long-tailed (LT) recognition. We give

a detailed background on existing imbalance mitigation methods and a comparative

summary of recent studies. Following, we present an outline of uncertainty estima-

tion in deep learning. We also provide brief information on performance evaluation

metrics and datasets for ablation studies and experiments.

5



In Chapter 3, we suggest the requirements for an imbalance measure, discuss the

limitations of methods summarized in Chapter 2 and propose predictive uncertainty

as a measure of class imbalance.

In Chapter 4, we describe how we integrate our measure with existing mitigation

methods within resampling, loss reweighting, margin-enforcement and two-stage train-

ing.

In Chapter 5, we present the results of our measure as a mitigation method with

various architectures on long-tailed datasets.

Lastly, in Chapter 6, we discuss the limitations of our approach and provide future

work.
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CHAPTER 2

BACKGROUND AND RELATED WORK

2.1 Primary Task: Long-tailed Visual Recognition

A long-tailed dataset has a class distribution where the frequencies decrease severely

among classes, leading some classes having remarkably more number of samples

compared to others. The naming comes from the distribution where we plot number

of samples in classes from the one with highest number of samples to the lowest (see

Figure 1.1). The classes with more samples are called head and fewer samples are

called tail respectively.

Long-tailed visual recognition is an image classification task on a long-tailed dataset,

which we count as one of the factors giving rise to class imbalance. The main aim in

long-tailed visual recognition is to mitigate the effects of class imbalance and provide

a performance increase compared to an imbalanced training scheme. Although we

argue that class cardinality is not enough to represent class imbalance, since long-

tailed distribution guarantees varying class cardinality, we adopt long-tailed visual

recognition as our primary task to analyze our measure and utilize as a mitigation

method.

2.2 Addressing Class Imbalance

As we mathematically defined in Section 1.2, imbalanced dataset is defined as hav-

ing two or more classes with a biased distribution of examples. Another interpretation

of this definition is to have remarkably different class frequencies. In the real world,

representatives of classes have varying occurrences, which makes the unseen test data

7
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Figure 2.1: Different ways of handling imbalance. (1) The conventional Cross En-

tropy loss, (2) resampling methods aim to sample a balanced set of examples in the

mini-batch, (3) reweighting methods assign a weight for each class for balanced

training, (4) margin-based methods assign different margins for different classes to

counter the imbalance and (5) two-stage training first supervises the classifier for

feature learning without any imbalance method, which is followed by a resampling

method to supervise only the classifier by freezing the features.

imbalanced. Thus, the neural networks trained on balanced datasets become vulnera-

ble and over-confident during test time. This vulnerability can be dramatic in safety-

critical applications such as medical diagnosis systems where the smaller class is the

target and autonomous driving, where real-time decisions have severe consequences

as we also mention in Section 1.1. Correspondingly, methodologies are proposed to

mitigate class imbalance in datasets and make the models robust to underrepresented

classes. In Figure 2.1 we can see a training pipeline for image classification. The first

category is resampling which is a preprocessing method applied to the dataset before

the training stage. An intervention to the resampling algorithm before giving the data

to the model can prevent class imbalance. Other two mitigation categories are loss

adaptation ways to mitigate class imbalance: loss reweighting and enforcing margin

from representative samples to decision boundaries. Loss reweighting is basically

weighting the loss of samples regarding its class or instance-based to change its con-

tribution to the gradient update. Margin-based methods enforces a margin from the

decision boundaries separating the class sample clusters during training to have better

representations which will ease the classification process. Most of these works in

the literature define class imbalance over the varying number of class frequencies in

8



data [2, 10, 3, 11]. From this point of view, most of the methods for long-tailed learn-

ing that lying under the aforementioned categories rely on the number of samples

in classes. Additionally, novel loss functions, ensemble methods and disentangling

feature learning and the main training pipeline as a complementary task are methods

to improve classification performances in an imbalanced setting also some of which

get their intuition from class cardinality. Various analyses, surveys and reviews have

been conducted on the performance of neural networks on imbalanced datasets in vi-

sual tasks [7, 8, 12]. We briefly review some of these methodologies in this section

within five categories.

2.2.1 Resampling Methods

This set of methods addresses class imbalance by sampling a balanced mini-batch

from a dataset D (green box in Figure 2.1):

L(f(x; θ),y) =
B∑
b=1

Lb(f(xb; θ),yb), (2.1)

where samples in batch b = (xb,yb) are samples with a probability pci , where i is

the sample index belonging to class c. More particularly, once the conventional ran-

dom sampler is employed to sample a mini-batch, each example in the dataset will

be sampled equally likely, i.e., the sampling probability of example i in the dataset

is pi = 1
|D| . On the other hand, a resampling method imposes a probability distri-

bution over examples to promote tail classes, i.e., the classes with fewer examples

in the dataset, during training. Accordingly, as the most naive methods equalize the

sampling probabilities of examples of each class, denoted by pc for class c: (i) Under-

sampling achieves this by discarding some examples from overrepresented classes

by setting pci = 0, the sampling probability of example i from a class c, and (ii)

over-sampling duplicates the examples from underrepresented class corresponding

to increasing pci for such classes [13]. Alike, Kang et al. [10] give uniform sampling

probabilities to classes, refered as class-balanced (CB) sampling, which aim to equal-

ize the number of samples from each class within mini-batches. Considering that the

naive oversampling is prone to overfitting in favor of underrepresented classes, Peng

et al. [11] combine oversampling with random sampling using an exponential weight
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factor, yielding a more smooth distribution over pcs, thereby smoothing the effect of

oversampling. Similarly, Kang et al. [10] show that using random sampling in the

early training; and as the training proceeds, gradually adjusting the sampling distri-

bution over classes pc to favor underrepresented classes, which they refer as progres-

sively balanced (PB) sampling, is also useful. Overall, all of these methods rely on

the number of examples to sample a mini-batch during training.

2.2.2 Reweighting Methods

Another common group of approaches [3, 14, 15, 16, 17, 2, 18] to handle the imbal-

anced data is to reweight the loss values of the examples such that the underrepre-

sented classes are promoted, i.e., they have larger weights1. Class-based reweighting

assign wc to losses of all examples belonging to class c:

Lb(f(xb; θ),yb) =

Nb∑
i=1

wc
iLi, (2.2)

where Nb is the batch size and wc
i is the sample’s loss weight in class c. Similar to

resampling methods, one naive approach is to set the weight of an example pertaining

to class c as wc
i = 1

nc
where nc is the number of examples from class c instead of

using equal weights for all classes, i.e., wc
i = 1. Another approach following this

objective, cost-sensitive cross entropy (CSCE) [2], sets wc
i = (nmin

nc
)ν where nmin

stands for the tail class frequency and ν is an exponential smoothing term. Additional

to class cardinalities, there are methods that increase the contribution of samples to the

objective function based on their class and sample hardness [19, 3]. A very common

approach to balance out the loss accordingly by sample hardness is Focal loss [19],

which regulates the negative probability of a sample with an exponential term γ to

control its importance. Cui et al. propose a class-balanced (CB) loss [3] which also

relies on class cardinalities along with sample effectiveness with a regulating hyper-

parameter β, where wc
i =

1−β
1−βnc . The common point of methods mainly depends on

the class frequencies.

1 We follow the same notation convention with resampling methods by replacing p by w in pi, pci and pc.
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2.2.3 Margin-based Methods

Another subcategory of loss adaptations is margin-based loss functions [20, 21, 22,

23, 24, 25, 26]. The main aim of these methods is to enforce a margin to the decision

boundaries among classes in feature space or among logits to have separable repre-

sentations, which leads to better classifier training. Maximizing the distance between

the representative examples in a class to the decision boundary prevents a possible

bias of the boundary from the overrepresented class to the underrepresented and pre-

pares the ground for the classifier training. We took the works of Cao et al. [22] and

Samuel et al.[26] as our baselines. Label-distribution-Aware Margin (LDAM) loss

[22] suggests to minimize a margin-based generalization bound with an adaptation of

CE. On the other hand, Distributional Robustness (DRO-LT) loss [26] learns margins

among feature representations and improve the classification performance through

representation learning.

2.2.4 Two-stage Methods

Although the reweighting and resampling methods mentioned above help long-tailed

learning, these strategies may adversely affect the performance of head classes. There-

fore, reweighting and resampling methods can be applied two-stage to avoid this

drawback. Meta-learning and two-stage reweighting approaches [14, 15, 16, 17] are

suggested to learn the head classes initially with a vanilla setting and gradually give

importance to tail classes in later stages. Ren et al.’s method [14] meta-learns the loss

weights from the validation set according to their gradient directions on the classifier

network. It assigns the new loss weights at each iteration and updates the classifier

weights simultaneously. Jamal et al. propose a method that pre-trains the model with

a prior distribution overweights and defines them as two summed terms in contrast

to Ren et al. [14]. Han et al.’s approach [15] learns an explicit mapping of the loss

function to loss weights, assigning the learned weights to the sample losses in par-

allel with the classifier training. As a fine-tuning method, Park et al. [17] use the

magnitude of the gradient vectors of samples as loss weights after imbalanced train-

ing, combined with a balancing term inversely proportional with the class frequencies

and a hyper-parameter to down-weight the dominance of head classes. The main aim
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of the two-stage approach is to address the lack of learning head classes. Zhang et

al. [1] analyze numerous mitigation methods for class imbalance and come up with

an optimal combination of these methods, Bag of Tricks. Although Bag of Tricks is

a three-stage method, we handle it within this category, since it proposes two slightly

different follow-up stages after imbalance training. It includes a data augmentation

strategy where they create class activation maps (CAM) for images and generate data

from the “more important” parts of the images according to these maps. Additionally,

they combine the augmentation with class-balanced resampling.

2.2.5 Other Methods

We summarize various strategies that are worth mentioning but do not belong to any

category mentioned above in this section. The main problem of imbalance is the

distribution differences among source and target data. Various methods suggest solu-

tions to class imbalance by modifying the models or objective functions to be robust

to the distribution shift. Ren et al. [27] adapt the softmax function for label distri-

bution shift with a scaling term over class frequencies and meta-learns the optimal

resampling rate. Hong et al. [28] modify the logits to disentangle the source distri-

bution and integrate the target distribution as the output probability in the inference

phase. Following, they propose to disentangle the label distribution from the model

in training phase by detaching the source prior and replacing it with uniform prior in

model logits, which leads the model to accommodate any target label distributions.

Zhang et al. [29] calibrates the classifier scores which aligns the distribution of model

output with target distribution. On the other hand, Zhang et al. [10] analyzes the char-

acteristics of feature and classifier learning distinctively with different strategies and

suggest retraining the classifier with suitable sampling methods show significant im-

provements. Additionally, there are approaches utilizing text descriptions along with

images for long-tailed image classification [30, 31] and ensemble models aim to re-

duce the variance and better span varying target distributions [32, 33].
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Figure 2.2: Uncertainty maps of frames in CamVid dataset [5]. MC stands for Monte

Carlo Dropout [34]. Figure is from [35].

2.3 Uncertainty Estimation in Deep Learning

Uncertainty of a deep neural network can be defined as knowing the doubt in a

model’s prediction. As deep learning models are integrated into our daily lives and

used in applications that directly affect human life, instead of directly using the model

output, measuring the uncertainty of the model on its output has gained importance.

Illustrating the uncertainty estimation map of an image segmentation task on an au-

tonomous vehicle’s cameras promote this importance. In Figure 2.2, we can see the

ground truth image segmentation in row 2, and the output results in row 3. The es-

timated class of each pixel is the class which retrieves the highest probability score.

However, these predictions do not give any information on the stochasticity of the

model’s estimations or the other classes’ probabilities. Though, the estimated uncer-

tainty map in row 4 show where the model is not that confident in terms of its esti-

mations. Therefore, estimated uncertainty also gives an intuition on how much we

should rely on the estimate of a model. Although some of the previous studies de-

fine uncertainty in various ways intuitively in their field of research, Gal [36] divide

a model’s uncertainty into two commonly-held categories: epistemic and aleatoric

uncertainty with two sub-categories, homoscedastic and heteroscedastic. We briefly
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explain the types of uncertainty in the following section.

2.3.1 Types of Uncertainty

Figure 2.3 describes epistemic and heteroscedastic aleatoric uncertainty over a simple

regression task. As illustrated, epistemic uncertainty is the uncertainty of the model

when the training is done with not enough data. With more data to cover the data

space, epistemic uncertainty can be decreased. On the other hand, aleatoric uncer-

tainty represents the inherent noise in the data, which may be due to external errors

or interference and the data itself. Homoscedastic aleatoric uncertainty assumes uni-

form observation noise for every data point. Another type of aleatoric uncertainty

is heteroscedastic, representing different observation noises in different data points.

Quantifying heteroscedastic aleatoric uncertainty helps when certain parts of the data

have higher noise than the others.

2.3.2 Methods

With the rise of popularity of uncertainty estimation in deep learning, many meth-

ods specified over architectures and tasks or general frameworks have been proposed

which are applicable to any neural network architecture. Gal et al. propose one of

the highly-used methods to quantify predictive uncertainty in deep neural networks,

Monte Carlo (MC) Dropout [34], which approximates a Bayesian model by perform-

ing MC sampling in test time while Dropout [38] layers are active. Gal et al. [34]

derives predictive uncertainty as the entropy of the predictions retrieved from differ-

ent MC samples. Gal also proves that predictive uncertainty inherently represent both

epistemic and aleatoric uncertainty. Another baseline study on predictive uncertainty

is Deep Ensembles (DE) [39], which consists of an ensemble of neural networks. The

first moment of the predictions is the softmax probabilities of the ensemble network.

For classification, we can adopt the entropy of predictions as in [34] as class-wise

uncertainty estimates. Having M networks, a deep ensemble results in M outputs

for an input, which represents a distribution over class probabilities in a classification

task. Lakshminarayanan et al. [39] quantify the predictive uncertainty of a sample in
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Inherent noise in label No label/supervision 
exists

Figure 2.3: Uncertainty types illustrated on a regression task. The noisy data rep-

resents aleatoric uncertainty (bottom left). On the other hand, we can observe high

epistemic uncertainty where the model does not have any supervision/data (bottom

right). Figure is from [37].
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validation set as:

µpu
i = −

C∑
c=1

pci log p
c
i .

where i is the index of a sample from the validation set, C is the number of classes

and pci corresponds to:

pci =
1

M

M∑
m=1

pmc
i , (2.3)

where M is the number of networks in the ensemble and pmc
i is the softmax proba-

bility given to class c for image i. A class’ predictive uncertainty is the class-wise

average of the samples in class c via the average entropy of the class probabilities of

validation samples in a class:

µpu
c =

1

Nvc

Nvc∑
i=1

µpu
i , (2.4)

where Nvc is the total number of examples in class c in validation set. Based on the

work of Gal et al. [36], a sample’s epistemic uncertainty is quantified as the mutual

information between the prediction and the posterior over the model parameters and

approximate it by:

µeu
i = µpu

i −
1

M

M∑
m=1

(
C∑
c=1

−pmc
i log(pmc

i )). (2.5)

An ensemble model consists of M neural networks with the same architecture and

learning schedule, whose parameters are initialized randomly. This randomization is

one of the factors that allows each network of the ensemble model to converge to dif-

ferent local minima [40]. Additionally, DE has a simpler training scheme appropriate

for distributed computation, which makes it desirable for large-scale tasks. There ex-

ist single forward pass methods [41, 42, 43, 44, 45] which perform state-of-the-art

compared to their former single forward pass uncertainty estimation techniques and

obtain comparable results with DE while being computationally effective. We adopt

DE in our experiments due to its simpler training pipeline and applicability to varying

neural network architectures.
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2.4 Performance Evaluation

2.4.1 Top-1 Error Rate

We evaluate the experiments on uncertainty estimation and imbalance mitigation

methods with top-1 error rate, which represents the percentage of the number of

samples classified incorrectly in a validation set:

ϵ = 1− N v
t

N v
,

where N v is the number of samples in validation set and N v
t is the samples correctly

classified.

2.5 Datasets

We use artificially long-tailed datasets for our primary task. We inspect our measure

on CIFAR-10-LT and CIFAR-100-LT [3] which are artificially made long-tail from

original CIFAR datasets [46]. We also show the performance of our measure on an

additional dataset, ImageNet-LT [47], with a mitigation method. ImageNet-LT is

a long-tailed subset of the ImageNet dataset [48]. The detailed descriptions of the

datasets and how they got imbalanced exist in following sections. For all datasets, we

validate and test our models on the same set to be consistent with literature. Thus, test

and validation sets for these datasets are the same and interchangeably used within

this thesis.

2.5.1 CIFAR-10-LT and CIFAR-100-LT

CIFAR-10 and CIFAR-100 datasets, collected by Krizhevsky et al. [46], both contain

50000 training and 10000 test images within 10 and 100 number of classes, respec-

tively. In CIFAR-10 there exist 5000 and 1000 samples per class in training and

test data, respectively. These numbers are 500 and 100 for CIFAR-100. In CIFAR

datasets all images are 32x32 pixels and colored. CIFAR-10 Long-tailed (LT) and
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CIFAR-100-LT [3] are imbalanced versions of the original datasets with geometri-

cally decreasing number of samples from head to tail classes in training set. Both

datasets have a balanced test set with 10000 images as in their original version. The

number of examples in training set depends on the imbalance ratio of the data de-

fined as the number of samples in the class with lowest frequency over the class with

highest frequency:

IR =
nmax

nmin

,

and imbalance type which can be step-wise or exponential. step-wise unbalancing

[49] is done by selecting a group of minority classes and decreasing their number

of samples by multiplying it with the imbalance ratio. A subcategory of step-wise

imbalance is linear imbalance, which linearly unbalances the classes from head to tail

with a multiplicative factor. Lastly, exponential imbalance [3] which we generally

see in naturally imbalanced dataset, is an unbalancing method where the number of

samples in class c with index i is calculated as:

nci = nmax ∗ IR( i
C−1

).

We adopt the exponential imbalanced CIFAR-10-LT and CIFAR-100-LT from [3] in

our experiments and analysis. In Figure 2.4 we can observe an long-tailed version of

CIFAR-100 with IR = 100.

2.5.2 ImageNet-LT

ImageNet dataset [48] is an open-source large-scale dataset with over 14 million im-

ages. ImageNet-LT [47] is a long-tailed version of ImageNet with 1000 categories

and 115800 images in total. In ImageNet-LT the highest and lowest class frequencies

are 1280 and 5, respectively, which makes IR ≈ 250.

2.6 Comparative Summary

In literature, model and data uncertainty is leveraged to improve at many varying tasks

such as object detection [50], bias mitigation [51], zero-shot image segmentation [52],

18



0 20 40 60 80 100
Class Index

0

100

200

300

400

500

N
um

be
r 

of
 E

xa
m

pl
es

Figure 2.4: Number of images in CIFAR-100-LT with imbalance ratio 100 where the

long-tailedness of the data is visible going through the higher class indices.

multi-task learning [53], image classification and face verification [21]. In this work,

we rely on predictive uncertainty to introduce a measure of class imbalance and utilize

it in long-tailed image recognition task. To our knowledge, the first approach that

states a relation between predictive uncertainty and class imbalance is proposed by

Khan et al. [21], where predictive uncertainty is derived from the training set with

MC Dropout [34] and enforced as margins in feature space. However, this work

does not analyze the relationship between class imbalance and predictive uncertainty

in detail. In addition, we also interpret predictive uncertainty as a measure of class

imbalance relying on our analysis and show that our measure can easily be adapted

to any method and architecture in long-tailed visual recognition.

Accordingly, we first examine the relationship between the uncertainty of a model

and the class imbalance problem in a dataset. Consequently, we utilize our measure

to mitigate the negative effects of class imbalance. We take the study of Zhang et

al. [1] as our baseline which sums up existing mitigation methods for imbalanced

classification and conduct extensive experiments on varying methods including re-

sampling, reweighting and two-stage training to obtain an ideal combination of these

to mitigate imbalance. For margin-based methods, we adapt our work to the work

of Cao et al. [22] and Samuel et al. [26]. We describe our approach and analysis
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in Chapter 3, explain how we incorporate our measure in Chapter 4 and present the

compared results in Chapter 5.
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CHAPTER 3

A NOVEL MEASURE OF CLASS IMBALANCE: PREDICTIVE

UNCERTAINTY

Our main motivation in this thesis is to quantify class imbalance. In this chapter,

we examine existing methods before presenting a quantitative measure of class im-

balance. We discuss the shortcomings and limitations of these methods. Then, we

specify some requirements for an imbalance measure to meet. Next, we introduce

predictive uncertainty as a measure for class imbalance and analyze it over the sug-

gested requirements in detail and compare it with existing methods.

3.1 Limitations of Existing Measures and Imbalance Mitigation Methods

As we discussed in Section 2.2, class imbalance is quantified by the number of sam-

ples in each class. However, the number of samples across classes is not necessarily a

measure of imbalance, as learning a class does not depend solely on class frequency.

Additionally, hardness of the samples in classes can also lead to an imbalance among

classes. As an example, see Figure 3.1 where we observe in varying imbalance ratios

that, although some of the tail classes have significantly less number of samples than

heads, they can be recognized with similar top-1 error rates. This simple analysis

shows that class cardinality does not necessarily reflect the class characteristics or

imbalance. There exist various methodologies to mitigate class imbalance based on

the number of samples in a class, or a sample’s effectiveness, which also relies on the

number of samples in a class [3, 2, 22, 16, 10]. Another approach is to mitigate class

imbalance through the hardness of samples [19] by increasing its contribution to the

objective function which does not account for class frequency. We argue that these
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two perspectives have potential for improvement with a comprehensive imbalance

measure.
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Figure 3.1: (a) Average top-1 error rates of classes in CIFAR-100-LT with imbalance

ratio 1/20. (b) Average top-1 error rates of classes in CIFAR-100-LT with imbalance

ratio 1/50. As in Figure 2.4, the classes in both datasets have exponentially decreasing

frequencies. Although the top-1 error rates have an increasing trend from head to tail

classes, there are many tail classes which have lower error rates despite having lower

class frequencies compared to some head classes (which are both marked for the ease

of comparison).
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3.2 Requirements for an Imbalance Measure

Along with the number of samples in a class, another characteristic that varies be-

tween classes and may led to imbalance is the representation quality of samples within

a class. If the samples in a class do not include representative features of that class, no

matter how many samples the class contains, it will be difficult for a model to learn

the class. In this context, we argue that for a measure should meet two requirements

to represent class imbalance while not depending only on class frequency:

Requirement 1: The measure should have an increasing trend when the data gets

more imbalanced.

The primary requirement of our measurement is that the imbalance measure increases

in parallel with the unbalance of the data, due to its definition. If our measure does not

increase in line with an increasing imbalance, we can say that it is not representative.

Requirement 2: The measure should not decrease with increasing number of same

samples from the dataset.

This requirement argues that our measurement should reflect the extent to which sam-

ples in a class can represent that class. If the information we obtain from a dataset is

constant, we expect our measurement not to decrease.

3.3 Measuring Imbalance with Predictive Uncertainty

As we discuss in Section 2.3, predictive uncertainty tells us how reliable any pre-

dictions made by the model are and it encompasses both aleatoric and epistemic

uncertainty. We argue that predictive uncertainty is suitable as a measure for class

imbalance. We expect epistemic uncertainty to increase as classes become numeri-

cally uneven. Additionally, we suggest that in the case of an increase in the difficulty

in class examples, aleatoric uncertainty will reflect this increase numerically. From

this point of view, we argue that predictive uncertainty is more inclusive than current

class imbalance quantification methods: class frequency and hardness (see Table 3.1).

We analyze the predictive uncertainty measures we obtain from Deep Ensembles [39]
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Table 3.1: Comparison of class imbalance measures. Our proposed measure considers

both the amount of data and semantic complexity.

Criteria Measures amount of data? Measures semantic complexity?
Class cardinality (µ#) [2, 3, 22, 16, 10] Yes No

Class difficulty (µL) [19, 3] No Yes
Predictive uncertainty (µpu) [Ours] Yes Yes

to see if the measures we get meet the requirements we present in Section 3.2 to rep-

resent class imbalance. We provide the details of uncertainty estimation in Appendix

A.

3.3.1 Analyzing Class Imbalance with Predictive Uncertainty

We will focus on predictive uncertainty in this study, as it inherently comprises the

uncertainty of a model due to the uneven distribution in training data and the un-

certainty that comes from the data itself. We have identified the requirements of a

class imbalance measure in Section 3.2. For each requirement, we design a setup

and analyze predictive uncertainty with respect to these requirements. We also com-

pare predictive uncertainty with class hardness and their behaviours on training and

validation sets of CIFAR and CIFAR-LT datasets.

Requirement 1. The measure should have an increasing trend when the data get

more imbalanced.

In order to see if our measurement meets this requirement, we need to choose a

method to unbalance the data class-wise in a controlled manner. Then, in line with

this imbalance, we expect our uncertainty measure to increase when the data gets

more class-imbalanced.

Analysis Setup. In this thesis, we decide to unbalance the dataset by changing

the class cardinality since the controlled increase of sample or class difficulty is a

harder task. Following this, we apply a controlled unbalancing procedure to balanced

datasets, CIFAR-10 and CIFAR-100 [46].

We utilized exponential unbalancing as in Equation 2.5.1 to obtain CIFAR-10 Long-
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tailed (LT), and CIFAR-100 LT [3]. This method enables us to control the imbalance

of the datasets and observe the effect of imbalance on predictive uncertainty mea-

sures. We analyze the effect of imbalance in class cardinalities on predictive uncer-

tainty in 3 different datasets with 6 imbalance ratios: CIFAR-10-LT, CIFAR-10-LT

unbalanced in reverse order of class index and CIFAR-100-LT with imbalance ratios

IR ∈ {1, 2, 10, 20, 50}.

Observation 1. Uncertainty values of classes increase when data gets more imbal-

anced for both CIFAR-10-LT, reversed CIFAR-10-LT and CIFAR-100-LT.

To put it differently, the more a class loses samples compared to other classes in

the dataset, the more its uncertainty increases. Figures 3.2, 3.3 and 3.4 show the

relationship between the estimated average predictive uncertainty of a class and the

imbalance ratio of CIFAR-10-LT, CIFAR-10-LT unbalanced with reversed order and

CIFAR-100-LT datasets obtained with an ensemble network.

Observation 2. Predictive uncertainties of classes within a dataset give information

about other characteristics of classes along with class cardinality.

We want to address the predictive uncertainty values of imbalance ratio 1, which

stands for a balanced dataset. Although all classes have same number of examples,

they have different uncertainty values. Moreover, the classes are not ordered in each

imbalance ratio in parallel with their class cardinality. Although we interfere with

the class frequencies to change the imbalance of the data, the disordered lines in

the graphs of each dataset in Figures 3.2 and 3.4, from red to blue show that the

uncertainty measure is not just related with the class frequency.
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Figure 3.2: Average predictive uncertainty values of each class in CIFAR-10-LT. The

color code goes from underrepresented (tail) to overrepresented (head) classes from

blue to red, respectively. In relatively less imbalanced datasets we can observe dis-

ordered classes compared to their class cardinality. This shows that predictive uncer-

tainty does not only reflect class cardinality but also class hardness.

Requirement 2. The measure should not decrease with increasing number of same

samples from the dataset.

The imbalance measure should not decrease by reintroducing an information into the

model. When we increase the number of samples by presenting the same samples,

the class imbalance measure should not be affected. Therefore, predictive uncertainty

should not decrease when we provide existing data to the model.

Analysis Setup. We utilized resampling as a preprocessing method to imitate this

setup and we expect predictive uncertainty to be stable among increasing resampling

since no new information is included in training with reiterated samples.

Peng et al. [11] define soft-sampling as the exponentially increasing resampling prob-

ability of classes from an imbalanced setting to class-aware sampling. In an imbal-
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Figure 3.3: Predictive uncertainty values of each class in CIFAR-10-LT unbalanced

in reverse order. The color code goes from overrepresented (head) to underrepre-

sented (tail) classes from blue to red, respectively. We observe the same behaviour of

increasing predictive uncertainty when we increase the imbalance independent from

the class order.
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Figure 3.4: Predictive uncertainty values of each class in CIFAR-100-LT. The color

code goes from underrepresented (tail) to overrepresented (head) classes from blue to

red, respectively. Predictive uncertainty increases when we gradually unbalance the

dataset.
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anced setting, the sampling probability of a mini-batch sampler for a class c is pcn:

pcn =
nc

N
,

where nc is the number of samples of class c in training set. Thus, each class’ sam-

pling probability is proportional to its cardinality. In a class-aware setting, each sam-

ple in the dataset has the same probability to be sampled regardless of its class:

pca =
1

C
.

Soft-sampling exponentially weights between these two probabilities and to adjust a

sampling probability favoring tail classes to a certain extend:

pc = (pca)
λ ∗ (pcn)1− λ,

where λ is the soft-sampling ratio which we will refer from now on. To observe the

effect of increasingly resampling the data in favor of the underrepresented classes,

we increase the soft-sampling ratio as in set {0, 0.1, 0.3, 0.5, 0.7}. We conduct this

analysis on CIFAR-10-LT and CIFAR-100-LT datasets with imbalance ratios 50 and

100.

Observation. Predictive uncertainty captures the information in the data space since

continually introducing the samples in the dataset does not continuously decrease

predictive uncertainty.

We first examine the increasing accuracy in Figure 3.5 for CIFAR-10 with 50 imbal-

ance ratio. Although there is a performance increase when we utilize soft-sampling,

the model is still uncertain about its predictions. Moreover, we see a disordering in

classes between average accuracy and predictive uncertainty, which supports that pre-

dictive uncertainties provide additional information of class characteristics. Although

it may seem that the model performs with higher accuracy for certain classes, it does

not always mean that the model is reliable on these classes. In addition, as we observe

from Figures 3.6 and 3.7, increasingly oversampling the tail classes does not have a

direct effect on the uncertainty measure in both CIFAR-10-LT and CIFAR-100-LT

datasets with 50 and 100 imbalance ratios. This observation validates our uncertainty
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Figure 3.5: Average accuracy of classes vs. soft-sampling ratio of CIFAR-10-LT

with 50 imbalance ratio. When we increase the number of samples in tail classes, we

observe an increase in accuracy. However, predictive uncertainties of those classes

remain non-decreased (see Figure 3.6).

representation meeting the requirement we specify.

Following the analysis of the requirements on predictive uncertainty, we examine

the behaviour of class hardness together with predictive uncertainty and inverse class

frequency. For CIFAR-LT datasets with 50 and 100 imbalance ratios, we analyze

average predictive and epistemic uncertainty of classes along with inverse class fre-

quency and CE loss values. We normalize the class averages to sum up to 1. From the

Figures 3.10, 3.11, 3.12 and 3.13, we can observe a similar pattern for each dataset:

For converged models, average validation and training losses on a balanced set show

a similar trend with predictive uncertainty (see Figures 3.8 and 3.9 from validation

and training sets of balanced CIFAR). However, methods based on hardness [19] re-

lies on training losses assuming we do not have an access to test set labels. With an

imbalanced setting, class-wise training loss aligns with inverse class cardinality when

the model converges, showing a different behaviour from the balanced datasets. This

analysis also support our approach where we utilize predictive uncertainties retrieved

from the balanced validation set.
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(a) Predictive Uncertainty of CIFAR-10-LT with 50 Imbalance Ratio
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Figure 3.6: Average predictive uncertainty of classes vs. soft-sampling ratio of

CIFAR-10-LT with 50 and 100 imbalance ratios. Resampling with increasing soft-

sampling ratio does not decrease the average predictive uncertainty of classes for both

imbalance ratios.

31



0.50

1.00

1.50

2.00
Tail to Head Classes

0.0 0.1 0.3 0.5 0.7
Soft-sampling Ratio

P
re

di
ct

iv
e 

U
nc

er
ta

in
ty

(a) Predictive Uncertainty of CIFAR-100-LT with 50 Imbalance Ratio

0.50

1.00

1.50

2.00
Tail to Head Classes

0.0 0.1 0.3 0.5 0.7
Soft-sampling Ratio

P
re

di
ct

iv
e 

U
nc

er
ta

in
ty

(b) Predictive Uncertainty of CIFAR-100-LT with 100 Imbalance Ratio

Figure 3.7: Average predictive uncertainty of classes vs. soft-sampling ratio of

CIFAR-100-LT with 50 and 100 imbalance ratios. Resampling with increasing soft-

sampling ratio does not decrease the average predictive uncertainty of classes for both

imbalance ratios.
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Figure 3.8: Training (a) and validation (b) average class-wise losses, uncertainty val-

ues and accuracies of balanced CIFAR-10 where both sets’ classes have equal number

of examples within.
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Figure 3.9: Training (a) and validation (b) average class-wise losses, uncertainty val-

ues and accuracies of balanced CIFAR-100 where both sets’ classes have equal num-

ber of examples within.
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Figure 3.10: Training (a) and validation (b) average class-wise losses, uncertainty

values, inverse number of samples and accuracies of CIFAR-10-LT with 50 imbalance

ratio.
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Figure 3.11: Training (a) and validation (b) average class-wise losses, uncertainty val-

ues, inverse number of samples and accuracies of CIFAR-10-LT with 100 imbalance

ratio.
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Figure 3.12: Training (a) and validation (b) average class-wise losses, uncertainty val-

ues, inverse number of samples and accuracies of CIFAR-100-LT with 50 imbalance

ratio.
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Figure 3.13: Training (a) and validation (b) average class-wise losses, uncertainty val-

ues, inverse number of samples and accuracies of CIFAR-10-LT with 100 imbalance

ratio.
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CHAPTER 4

MITIGATING CLASS IMBALANCE WITH PREDICTIVE UNCERTAINTY

Many methods have been presented to reduce and resolve class imbalance, a com-

pelling feature of the long-tailed recognition problem (refer to Section 2.2). Although

they touch on different aspects of the learning process, these methods are often built

on class cardinality. We have shown, through certain requirements and analysis, that

imbalance can be expressed in terms of predictive uncertainty. In this section we

integrate our measure into several imbalance mitigation methods to investigate its

effectiveness.

4.1 Integrating Predictive Uncertainty into Existing Methods

There exist various class imbalance mitigation methods, as we summarized in Section

2.2: resampling, reweighting, margin-based and two-stage methods. These methods

can be combined with any network and included in a learning process. In this thesis,

we chose the best performing examples of these methods (based on the work of Zhang

et al. [1]) to test the usability of our measure in class imbalance reduction methods.

In Figure 4.1, we visualize the high-level scheme of our architecture to utilize uncer-

tainty to mitigate class imbalance. In this section, we go over these methods once

again, and explain how we incorporate our imbalance measure based on class-wise

predictive uncertainty into these methods in detail.
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Figure 4.1: High-level scheme of our architecture to mitigate class imbalance. We

first quantify class-wise predictive uncertainties of the validation set with an ensemble

network and map it to a training pipeline (see a detailed version in Figure 2.1) to

utilize them as mitigation methods.
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4.1.1 Resampling Methods with Our Measure

To form a mini-batch during training, examples are sampled from each class with a

certain probability. Resampling methods discussed in Section 2.2.1 assign varying

probabilities pc to each sample according to its class c where samples belonging to

the same class have the equal sampling probabilities. The value assigned to pc dif-

fers from method to method. Though, in the studies we present, it depends on class

cardinality. We exploit our class imbalance measure predictive uncertainty, which we

obtain from the validation set, as sampling probabilities pc. Intuitively, if predictive

uncertainty of a class is high, the model should favor that class during sampling to

equalize that class with others in a mini-batch. We normalize raw uncertainty mea-

sures to sum up to 1 by:

pc =
µpu
c∑C

i=1 µ
pu
ci

,

and assign it to pc as class sample probability. In one-stage resampling we directly

assign predictive uncertainties as sampling probabilities from the beginning of the

training to the end.

4.1.2 Reweighting Methods with Our Measure

Existing reweighting methods change a sample i’s loss weight wi according to its

hardness or class cardinality (see Section 2.2.2). We suggest the uncertainty mea-

sures as weights wc, where all samples in class c have the same weight, to reflect the

uncertainty of the samples’ contribution to the objective function. We normalize the

class uncertainty measures and multiply it with the number of classes C:

wc =
µpu
c∑C

i=1 µ
pu
ci

∗ C,

to keep the objective scale same with compared methods. In one stage reweighting,

we assign loss weights from the start and keep it until training finishes.
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4.1.3 Margin-based Methods with Our Measure

Margin-based methods assign preset or learnable margins to samples in feature space

to have separable representations for classifier learning [22, 26]. We take LDAM [22]

and DRO-LT [26] methods as our baseline. Cao et al. formulate LDAM as:

LLDAM = − log
ezy−∆y

ezy−∆y +
∑

j ̸=y e
zj
,

where the margin is

∆c =
K

n
1
4
c

,

with a constant K. They optimize K for a fixed maximum margin. They provide

a margin-based generalization bound based on class cardinalities which enforces a

margin on the logits. We assign ∆j=c = µpu
c to utilize our measure, scaled accordingly

to have the same fixed maximum margin 0.5:

∆c = µpu
c (0.5/max(µpu)),

and observe its empirical effects.

In DRO-LT loss [26], there is a three-stage training schedule with an imbalance learn-

ing first, following with a feature extractor learning and classifier tuning. We integrate

our measure to feature learning part of DRO-LT loss and replaced it with the learnable

margins of classes in the proposed robustness loss. The proposed robustness loss for

a sample z is:

L(z)Robust = − log
e−dz−∆c∑
z′ e

−dz′−∆′
c
,

where d is the distance of sample z to its class centroid and ∆c is the defined class-

wise margin. In DRO-LT, Samuel et al. tested various scenarios of ∆c being a con-

stant, depending on class cardinality or a learnable parameter. We replace it with

predictive uncertainty of each class in our experiments. We employ the normalized

class uncertainties as margins between class distributions and scale it with the number

of samples to keep the scale similar with the original paper:

∆c =
µpu
c∑C

i=1 µ
pu
ci

∗ C.
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4.1.4 Two-stage Methods with Our Measure

Multi-stage imbalance training methods apply mitigation strategies with multiple

stages throughout the training. The main purpose of training in more than one stage in

the long-tailed recognition problem is to first learn the representatively strong classes

and then tune the feature extraction or classification modules of the model on the

representatively weak classes, thus not overfitting to any class. The first stage of two-

stage models is imbalanced training, where we train the network with a standard loss

function (in our baseline, CE loss) and learn especially head classes. After that, by

integrating the resampling or reweighting methods we mentioned above, we enable

the model to learn by favoring the tail classes. We took the two-stage approaches in

resampling and reweighting stated by Zhang et al. [1] and compare them with the

mitigation methods relying on our uncertainty measure. Additionally, we incorporate

our measure into the Bag of Tricks [1] and replace the CAM-based class-balanced

resampling with predictive uncertainty.
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CHAPTER 5

EXPERIMENTS

In this section, we evaluate the use of our imbalance measure, predictive uncertainty,

with different imbalance mitigation solutions.

5.1 Datasets

To have the exact data preprocessing, we apply the same procedure with our baselines

to the data. We use the CIFAR-10-LT, CIFAR-100-LT, and ImageNet-LT datasets that

we explained in Section 2.5 as follows:

• CIFAR-LT: For data augmentation, we adopt random horizontal flipping for

CIFAR-LT experiments. We test the requirements over CIFAR-10-LT and CIFAR-

100-LT datasets. We test our measure on CIFAR-LT datasets with 50 and 100

imbalance ratios.

• ImageNet-LT: For ImageNet-LT, we randomly crop the images to a size 224x224

and randomly horizontally flip. To align with the baseline in [1] we also apply

varying color characteristic changes and for test set, we resize crop the images

referencing the center as stated in [1].

Although we tested all the methods we integrated to reduce the imbalance with pre-

dictive uncertainty on CIFAR datasets, we were able to demonstrate ImageNet-LT on

a single method we chose due to resource constraints.
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5.2 Training Details

We utilize the official code base of Bag of Tricks from Zhang et al. [1] and report the

reproduced results for each mitigation technique in one-stage and two-stage training.

As the baseline, for CIFAR-10-LT and CIFAR-100-LT we train a residual network

with 32 layers and for ImageNet-LT, 10 layers. We use CE loss as the objective func-

tion and SGD as the optimizer. We train the network on the CIFAR-LT datasets with

a learning rate 0.1, momentum with coefficient 0.9 and weight decay with coefficient

0.0002, for 200 epochs with a batch size 128 on 1 GPU. For learning rate scheduling,

we warm-up the learning rate in the first 5 epochs and multi-step scheduler with a

multiplier of 0.01 at epochs 160 and 180. For ImageNet-LT baseline, the learning

rate is set to 0.2 with momentum with coefficient 0.9 and weight decay with coeffi-

cient 0.0001. We train the network for 100 epochs with a batch size 512 on 4 GPUs

with multi-step scheduling with a factor 0.1 at 60th and 80th epochs. The results we

present are the average of 3 runs with different seeds for each experiment we conduct

on the CIFAR-LT datasets except CAM-based experiments. We present the training

details for each model categorized according to the imbalance mitigation method.

We report our results on test set of CIFAR-LT and validation set of ImageNet-LT

datasets following the code base [1]. Experiments for hyperparameter tuning are also

conducted on the corresponding sets to be consistent with our reference.

Resampling methods. For one-stage resampling, we use CIFAR-10-LT and CIFAR-

100-LT with 50 and 100 imbalance ratios as the datasets to demonstrate our results.

For training, we adopt the same hyperparameters and schedule as the baseline we

provide above and the other resampling methods. For the learning rate, we do a grid-

search within the range [0.1, 0.7] with an additive increase by 0.1 for uncertainty

sampling.

Reweighting methods. For one-stage reweighting, we also show our results on the

CIFAR-LT datasets. We keep the training schedule same as the baseline except for

the learning rate, where we do a grid-search within a range for our uncertainty-based

resampling methods, as in one-stage uncertainty-based resampling. The additional

hyperparameters β and γ for CB Focal loss [3] are {0.9999, 2}, {0.9999, 1}, {0.99,

1} and {0.9, 1} for CIFAR-10-LT and CIFAR-100-LT with imbalance ratios 50 and
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100, respectively. For uncertainty-weighted focal loss, we adopt the same γ values.

Margin-based methods. We adapt our method to two margin-based methods: DRO-

LT loss [26] and LDAM [22]. For DRO-LT Loss [26], we utilize the official imple-

mentation of the study for the experiments. The first stage of DRO-LT loss is the

imbalance training with the hyperparameters, optimization and learning rate schedul-

ing as our baseline. After training the network for 200 epochs, we train the feature

extractor with DRO-LT loss replacing the margin of class centroids to decision bound-

aries with our uncertainty measure. DRO-LT loss adopts SGD optimizer with 0.005

learning rate and 0.0001 weight decay for 80-epoch feature extractor training. For

classifier tuning, Samuel et al. freeze the feature extractor and tune the classifier with

an additional 20 epoch with 0.01 learning rate and CB sampling. We do a grid-search

for the learning rate of feature extractor training in the range [0.0025, 0.0075]. For

LDAM [22], the hyperparameter settings provided in [1] for a scale multiplied with

the margin-enforced logits and the maximum margin are 30 and 0.5 for each CIFAR-

LT datasets. We did a hyperparameter search for the scale with the values {20, 30,

40}. We keep the exact configurations provided by Zhang et al. [1] for other hyper-

parameters.

Two-stage methods. For the first stage of the two-stage methods in Tables 5.4 and

5.5, we do imbalance training until the 160th epoch with the training details pro-

vided for our baseline. For deferred reweighting, CB Focal loss also adopts the same

hyperparameters. In [1], the hyperparameter ν for CSCE is specified as 1, which cor-

responds to scaling the loss with the class cardinality. For deferred resampling, all

resampling methods are applied after an imbalanced training at 160th epoch. For the

second stages, we adopt the same training details and hyperparameter tuning schedule

as in one-stage training. As a two-stage resampling method, we adapt our uncertainty

measure to CAM-based resampling.

For the methods in the “Bag of Tricks” [1], the baseline for the CIFAR-LT datasets

is adopted as the first stage training with 320 epochs and no learning rate schedul-

ing. After the CAM-based data augmentation, the second stage is a 80-epoch training

stage with the augmented data and mixup [54], 0.001 learning rate and CB resam-

pling. In the second stage, a multi-step learning rate scheduling is applied at 40th
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epoch. Lastly, 20-epoch third stage with multi-step learning rate scheduling at 8th

and 16th epoch is applied with CB resampling with 0.001 learning rate. We adopt the

same settings with “the Bag of Tricks” and replace the CB sampling with uncertainty-

based sampling along with CAM-based data augmentation. We do a grid-search for

learning rate in the range [0.001, 0.007] for second and third stage. For ImageNet-LT,

the first stage of the baseline is a 160-epoch training with a multi-step scheduling at

120th and 160th epoch, with a factor of 0.1. Then, the model is trained additional

40 epochs with a learning rate 0.002, decreased by a multiplying factor 0.1 at 40th

epoch. The last training runs 20 epochs with a learning rate of 0.002 and same multi-

step scheduling is applied at 8th and 16th epochs. The inclusion of mix-up training

and CAM-based resampling is the same as CIFAR-LT datasets. We do a grid-search

for learning rate with a longer training of 80 epochs for second stage with a multi-step

scheduling at 40th epoch and third stage with a training of 20 epochs.

5.3 Experiments on Our Measure with Resampling Methods

We adopt predictive uncertainty as sampling probabilities in varying resampling meth-

ods. We compare our measure with class-balanced and progressive resampling where

the latter gradually adapts the probability from imbalance training to the former. First,

we experiment directly sampling with uncertainty-based probabilities in one-stage

training, which favors tail classes compared to head classes in mini-batches. In Table

5.1, we show our reproduced results of the compared methods and uncertainty-based

sampling in row 3. Apart from CIFAR-10-LT with imbalance ratio 50, progressively

balanced sampling improves the baseline consistently when applied in one-stage. Pro-

gressively increasing the number of samples from tail classes ensures the network

learn the head classes first in initial epochs and promote tail classes in later iterations

of training. Following that, we apply uncertainty-based sampling gradually during the

training as in progressively balanced sampling, which surpasses the best performing

method on CIFAR-10-LT with imbalance ratio 50 and CIFAR-100-LT.
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Table 5.1: Top-1 error rates with standard deviations of one-stage resampling methods

along with our measure on CIFAR-LT datasets. Our uncertainty-based resampling

method improves other methods when it is applied both initially and progressively on

different datasets.

Dataset CIFAR-10-LT CIFAR-100-LT
Imbalance Ratio 50 100 50 100

Baseline (Vanilla ResNet) 24.26±0.35 30.18±0.52 57.14±0.08 61.48±0.40
PB sampling [10] 23.86±0.36 29.62±0.49 56.87±0.13 60.40±0.57
CB sampling [10] 23.33±0.14 30.33±0.30 61.13±0.52 66.34±0.30

Uncertainty sampling [Ours] 23.40±0.41 30.17±0.75 65.46±0.90 69.00±1.08
Progressive uncertainty

sampling [Ours] 24.16±0.05 29.12±0.29 56.46±0.27 60.24±0.15

Table 5.2: Top-1 error rates with standard deviations of one-stage reweighting meth-

ods along with our measure on CIFAR-LT datasets. Results with (*) are retrieved

from [1]. Uncertainty Focal loss improves CB Focal loss [3] on CIFAR-100-LT

datasets.

Dataset CIFAR-10-LT CIFAR-100-LT
Imbalance Ratio 50 100 50 100

Baseline (Vanilla ResNet) 24.26±0.35 30.18±0.52 57.14±0.08 61.48±0.40
Uncertainty CE [Ours] 22.78±0.66 28.27±0.68 54.86±0.49 59.17±0.53

Focal [19] 24.75* 29.62* 57.56* 61.90*
CB Focal [3] 21.29±0.39 26.64±0.59 57.60±0.48 61.41±0.35

Uncertainty Focal [Ours] 22.21±0.15 26.92±0.27 54.24±0.54 58.72±0.43

5.4 Experiments on Our Measure with Reweighting Methods

We apply normalized predictive uncertainty measures as fixed weights to class-wise

losses along with CE and Focal losses. We present the results in Table 5.2 which

shows class-balanced weighted Focal loss improving the baseline on the CIFAR-10-

LT datasets. Using normalized uncertainty measures as class weights to Focal loss

surpasses the baseline and the best performing method class-balanced Focal loss [1]

within one-stage loss reweighting strategies with 2.9% less top-1 error rate on the

CIFAR-100-LT with imbalance ratio 50 and 2.69% with imbalance ratio 100 respec-

tively.
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Table 5.3: Top-1 error rates with standard deviations of margin-based methods along

with our measure. Results with (*) are retrieved from the original paper of DRO-LT

loss [26]. Our measure improves or performs on par with these methods on different

datasets.

CIFAR-10-LT CIFAR-100-LT
Dataset Imbalance Ratio Imbalance Ratio

50 100 50 100
Baseline (Vanilla ResNet) 24.26±0.35 30.18±0.52 57.14±0.08 61.48±0.40

LDAM + DRW [22] 20.32±0.02 23.90±0.28 54.27±0.43 57.98±0.20
LDAM Unc. + DRW [Ours] 20.20±0.05 22.99±0.43 53.98±0.62 57.94±0.57

DRO-LT (shared ϵ) [26] - - 44.68* 54.34*
DRO-LT (ϵ

√
n) [26] - - 42.80* 53.08*

DRO-LT (learned ϵ) [26] 14.35±0.19 17.22±0.12 46.40±0.10 51.75±0.15
DRO-LT

(ϵ = normalized µpu
c ) [Ours] 14.63±0.09 17.11±0.10 46.48±0.08 51.70±0.11

5.5 Experiments on Our Measure with Margin-based Methods

In margin-based methods we employ LDAM-DRW and DRO-LT as our baselines. As

shown in Table 5.3, when we enforce our predictive uncertainty measures to LDAM

as class margins to decision boundaries, we consistently improve the baseline on

CIFAR-10-LT and CIFAR-100-LT with two imbalance ratios, 50 and 100. For DRO-

LT loss, we adapt our measure as the margin from a class centroid to a decision

boundary in feature space. We improve DRO-LT loss alternatives with the class car-

dinality based and shared ϵ values. Comparing with DRO-LT loss with learned ϵ, we

perform slightly better on CIFAR-LT datasets with imbalance ratio 100 (see Table

5.3).

5.6 Experiments on Our Measure with Two-stage Methods

5.6.1 Two-stage Resampling

Applying uncertainty-based sampling in second stage improves the best performed

CAM-based class-balanced sampling [1] on CIFAR-10-LT with imbalance ratios 50

and 100, 0.13% and 0.07% fewer top-1 error rate (see Table 5.4).
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Table 5.4: Top-1 error rates with standard deviations of the best performing two-

stage resampling method [1] along with our measure on CIFAR-LT datasets. Results

with (*) are retrieved from [1]. CAM-based uncertainty sampling outperforms CAM-

based CB sampling on CIFAR-10-LT datasets.

Dataset CIFAR-10-LT CIFAR-100-LT
Imbalance Ratio 50 100 50 100

Baseline (Vanilla ResNet) 24.26±0.35 30.18±0.52 57.14±0.08 61.48±0.40
CB sampling [10] 21.34* 29.04* 55.67* 59.56*
PB sampling [10] 24.58* 33.48* 56.93* 61.35*

CAM-based CB sampling [1] 18.66 22.62 53.56 57.70
CAM-based uncertainty

sampling [Ours] 18.53 22.55 54.88 57.98

CAM-based progressive
uncertainty sampling [Ours] 20.04 24.59 54.86 58.8

5.6.2 Two-stage Reweighting

In two-stage training, we adapt our measure to two-stage resampling and reweighting

strategies. Uncertainty measure-weighted CE outperforms the best performing two-

stage loss reweighting method on CIFAR-10-LT with 100 imbalance ratio, CB Focal

loss, by 1.46%. Our method also outperforms cost-sensitive CE on CIFAR-100-LT

with 50 and 100 imbalance ratios by 2.48% and 2.99% fewer top-1 error rate (see

Table 5.5).

5.6.3 Bag of Tricks

We employ CAM-based uncertainty sampling with the optimal mitigation tricks’

combination in proposed in [1]. Our method remarkably improves Bag of Tricks

baseline we reproduce on CIFAR-10-LT with 50 and 100 imbalance ratios with 1.2%

and 2.26% top-1 error rate (see Table 5.6). Since Bag of Tricks is a combination

of various mitigation methods, it is worth to analyze the integration of uncertainty

further for CIFAR-100-LT and ImageNet-LT datasets.
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Table 5.5: Top-1 error rates with standard deviations of the best performing two-

stage reweighting methods [2, 3] along with our measure on CIFAR-LT datasets.

Results with (*) are retrieved from [1]. Uncertainty-based reweighting of CE loss in

second stage outperforms CB Focal [3] on CIFAR-100-LT and CIFAR-10-LT with

100 imbalance ratio.

Dataset CIFAR-10-LT CIFAR-100-LT
Imbalance Ratio 50 100 50 100

Baseline (Vanilla ResNet) 24.26±0.35 30.18±0.52 57.14±0.08 61.48±0.40
Focal [19] 23.77* 29.71* 57.32* 61.74*

CB Focal [3] 20.45±0.27 26.08±0.34 57.09±0.55 59.90±0.19
Cost-sensitive CE [2] 21.03±0.46 26.11±0.22 54.41±0.25 58.78±0.13

Uncertainty CE [Ours] 20.47±0.44 24.62±0.31 51.93±0.27 55.79±0.34

Table 5.6: Top-1 error rates with standard deviations of Bag of Tricks [1] along with

our measure. Results with (*) are retrieved from [1]. CAM-based uncertainty sam-

pling improves Bag of Tricks [1] on CIFAR-10-LT datasets.

CIFAR-10-LT CIFAR-100-LT
Dataset Imbalance Ratio Imbalance Ratio ImageNet-LT

50 100 50 100
Model ResNet-32 ResNet-10

Baseline (Vanilla
ResNet) 24.26±0.35 30.18±0.52 57.14±0.08 61.48±0.40 65.99*

Bag of Tricks [1] 17.04±0.31 22.00±0.07 47.73±0.39 51.12±1.52 56.87
Bag of Tricks

with CAM-based
uncertainty

sampling [Ours]

15.84±0.09 19.74±0.40 48.49±0.41 52.02±0.42 57.54
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5.7 Ablation Analysis on Uncertainty Estimation

Before we suggest predictive uncertainty as a class imbalance measure to mitigate the

imbalance, we conduct ablation studies on epistemic uncertainty as a class imbalance

measure. We examined the performance of predictive and epistemic uncertainty in

improving class imbalance and the impact of calibrating our uncertainty estimates on

the results. We empirically observe the effect of calibrated uncertainties on mitigating

class imbalance when we utilize them as we propose in Chapter 4.

5.7.1 Epistemic Uncertainty to Mitigate Class Imbalance

Gal et al. [36] defines epistemic uncertainty of a neural network with the mutual in-

formation of the probability distribution retrieved from different Dropout activation

as we state in Section 2.3. This does not include aleatoric uncertainty by defini-

tion since it does not reflect the variance of probabilities of classes within a distri-

bution. Epistemic uncertainty reflects where we do not have enough data points in

data space. Thus, it has an intuitive correlation with cardinality. Starting from this

point of view, we compare predictive and epistemic uncertainty as a measure of class

imbalance empirically. Table 5.7 shows the performance of uncertainty-based one-

stage reweighting and resampling methods on CIFAR-10-LT. With slight differences,

predictive uncertainty improves the baseline compared to epistemic uncertainty as a

measure.

5.7.2 Calibrated Uncertainty to Mitigate Class Imbalance

Although modern neural networks perform well in more complex tasks, they may

become no longer well-calibrated [55]. As we utilize ResNet architectures in our

ensemble network, we also analyze the effects of calibrated ResNets on uncertainty

estimation and mitigating class imbalance with uncertainty. We apply temperature

scaling, where we soften the softmax by dividing the logits with a temperature value

T [55]. Temperature scaling increases each networks output entropy and makes it

more diffident on its predictions. We motivate this ablation study from the fact that,
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Table 5.7: Empirical effects of calibration on predictive and epistemic uncertainty as

measures on CIFAR-10-LT. Predictive uncertainty with performs best among these

variations of estimated uncertainties.

Uncertainty Type Predictive Unc. Calibrated Predictive Unc. Epistemic Unc. Calibrated Epistemic Unc.
Imbalance Ratio 50 100 50 100 50 100 50 100
Uncertainty CE 23.67±0.14 28.30±0.76 23.36±0.12 29.03±0.93 23.65±0.54 29.15±0.74 23.71±0.10 29.31±0.43

Uncertainty
Focal 22.92±0.28 28.22±0.32 23.68±0.31 29.95±0.49 22.82±0.48 28.40±0.57 23.67±0.47 29.19±0.11

Uncertainty
Sampling 23.55±0.72 30.90±0.65 23.95±0.69 30.45±1.08 24.18±0.84 31.74±0.25 23.92±0.12 30.52±0.35

in the ensemble network, when all models are over-confident on a sample, this may

lead to lower uncertainty, which can be misleading. We estimate the predictive and

epistemic uncertainty from an ensemble with calibrated residual networks and con-

duct experiments with both calibrated entropy and mutual information as uncertainty

measures and observe their effect on mitigating the imbalance. As we observe from

Table 5.7, calibrated uncertainty does not perform well on mitigating the imbalance

empirically1.

5.7.3 Combining Class-Balanced Loss with Predictive Uncertainty

After the results we obtain from one-stage reweighting with our uncertainty-based

measure, we do an ablation study on combining these two loss reweighting methods

to analyze their effects further. We present our initial analysis in Table 5.8. Our

initial results show that the linear combination of class-balanced and uncertainty-

based weighting improves the baselines on both datasets. Although these results seem

promising, we leave it as a future work since we believe that beyond a simple linear

combination, a joint contribution of these methods should be analyzed in detail with

different settings.

5.8 Discussion

We apply our measure for class imbalance, predictive uncertainty, to various class im-

balance mitigation methods. We demonstrate the performance of our measure mainly
1 In these experiments, we do not adopt advised weight decay and bias initialization settings for sigmoid-based

losses in [3].
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Table 5.8: Top-1 error rates with standard deviations of one-stage reweighting with

a linear combination of uncertainty and class-balanced weighted Focal loss. The

linear combination of these two methods improves their sole application with a slight

hyperparameter tuning.

Dataset CIFAR-10-LT CIFAR-100-LT
Imbalance Ratio 50 100 50 100

Baseline (Vanilla ResNet) 24.26±0.35 30.18±0.52 57.14±0.08 61.48±0.40
Focal [19] 24.75* 29.62* 57.56* 61.90*

CB Focal [3] 21.29±0.39 26.64±0.59 57.60±0.48 61.41±0.35
0.7(CB Focal)+0.3(Unc. Focal) 21.64±0.17 26.07±0.44 53.67±0.29 58.68±0.34
0.5(CB Focal)+0.5(Unc. Focal) 21.61±0.31 25.61±0.14 53.95±0.51 58.27±0.42
0.3(CB Focal)+0.7(Unc. Focal) 21.75±0.37 26.10±0.55 53.75±0.11 59.27±0.19

Uncertainty Focal 22.21±0.15 26.92±0.27 54.24±0.54 58.72±0.43

on CIFAR-10-LT and CIFAR-100-LT datasets to be comparable with the literature.

We only tune the learning rate and method-specific hyperparameters for the exper-

iments. Yet, we observe performance improvements in each method for different

datasets. These initial experiments we conduct on our uncertainty measure as a mit-

igation method shows that predictive uncertainty is a suitable measure to alleviate

class imbalance in long-tailed recognition problems. Adapting our measure to dif-

ferent mitigation methods and gaining improvements on varying datasets shows the

representative power of predictive uncertainty for class imbalance.
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CHAPTER 6

CONCLUSION

In this thesis, we have studied the class imbalance problem. We have made two ma-

jor contributions: (1) Introducing an uncertainty-based measure for quantifying class

imbalance. (2) Using the proposed class imbalance measure in imbalance mitigation

approaches.

In our first contribution, we have shown that predictive uncertainty can be a good

source of information for the lack of data for a learning problem. We have introduced

two requirements that can be expected from such a measure and demonstrated that

predictive uncertainty satisfies these requirements very well.

In our second contribution, we have integrated our measure into existing imbalance

mitigation solutions that originally rely on class cardinality or hardness. We selected

many methods with different types of approaches, namely resampling, reweighting,

margin-based and two-stage methods. On different datasets, we have shown that

using our measure in those methods provides significant improvements over the base-

line.

6.1 Limitations and Future Work

The main purpose of this thesis is to provide a novel measure for class imbalance and

examine its contributions on long-tailed visual recognition. Counting this study as an

initial step, there are certain limitations which we briefly list in this section. Following

that, we suggest possible directions to follow to overcome these limitations.

First, obtaining the uncertainty measure and using it as a mitigation method forms
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a (minimum) two-stage training pipeline. This increases the computation time if we

have to train a model with our measure from scratch. Although we conduct our ex-

periments with DE, using an ensemble for predictive uncertainty estimation has high

computational complexity and is not resource friendly. To have an efficient training

schedule along with uncertainty estimation, our main aim is to decrease the computa-

tional and time complexity of predictive uncertainty estimation and make the training

process of the estimation network parallel with mitigating class imbalance. Nonethe-

less, many researchers utilize uncertainty estimation in different application areas and

improve its comprehensiveness and reliability in the data space. Thus, the represen-

tative power of predictive uncertainty heavily relies on its quantification and the most

recent works on uncertainty estimation determine the upper limit.

When we compare our measure with class hardness, we handle hardness over the con-

tribution of samples to the objective function. Predictive uncertainty can be compared

with different quantification methods for sample or class hardness. Along with this,

joint contribution of hardness, cardinality and uncertainty-based methods to mitigate

imbalance is a promising direction to follow.

We utilize class-wise predictive uncertainties of validation sets to mitigate class im-

balance. Since we claim predictive uncertainty being comprehensive as a class im-

balance measure, an ablation study of using the class-wise error rates or losses over

the validation set by integrating them to existing methods for imbalance mitigation

would be a valuable ablation study for comparison.

Although we experimentally observe the improvements of our measure as a miti-

gation method, particularly the uncertainty-based adaptations of margin enforcing

methods can be examined theoretically in terms of its bounds and optimization.

If “ideal uncertainty” could be measured, it could be used in place of our measure

to obtain the bounds of our uncertainty-based approach. In the literature, there is a

study on the uncertainty of Bayes-optimal predictors where we theoretically have an

infinite amount of data [56]. Although this work shows an insight for a definition

of ideal uncertainty, there is much to explore on the notion of the “ideal” uncertainty.

Starting from this point of view, obtaining the ideal uncertainty in data, what its corre-

spondence and effect on the class imbalance would be an important research question
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to answer.

Manipulating data is a common preprocessing method in deep learning. Although we

show the effectiveness of predictive uncertainty in standard pipelines, the effects of

data manipulation on predictive uncertainty worth an analysis.

Lastly, since we propose a measure for class imbalance, we have covered a subject

that is open to evaluation on more datasets with varying characteristics to show its

inclusiveness. Our next step in terms of the experiments is to broaden them on more

realistic long-tailed datasets with additional mitigation methods. In larger and re-

alistic datasets, the relationship with uncertainty estimation and imbalance, and its

performance in mitigation methods can also be examined.
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APPENDIX A

UNCERTAINTY ESTIMATION

A.1 Experiments on Estimating Uncertainty

As our measure depends on it, as the first step of the thesis, we need to make an

uncertainty estimation on the datasets. In this section, the datasets and models we

used for uncertainty estimation, training details and our results are included.

A.1.1 Datasets

On the model we choose to measure the imbalance, we use CIFAR-10-LT and CIFAR-

100-LT with 50 and 100 imbalance ratios and ImageNet-LT, on which the baseline

methods we will compare are applied. For data augmentation, we adopt the same

preprocessing in Section 5.1.

A.1.2 Model Selection

We showed in Section 3.3 that, with an increasing sampling ratio, Deep Ensembles

[39] estimates stable predictive uncertainties. Following this ablation study, we lever-

age Deep Ensembles [39] to estimate predictive uncertainty due to its reliable perfor-

mance and ease of use. We keep each network’s complexity the same with our base-

lines and use ResNet variations (10 and 32 depending on our baseline) as the networks

in an ensemble for each dataset. We experiment on an ensemble of M ∈ {3, 5, 7} net-

works and set M = 5 throughout the experiments relying on the performances for all

datasets. After obtaining the pipeline for our measure which ensures the requirements
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we specify in Section 3.2, we use the uncertainty estimation architecture we set for

ImageNet-LT.

A.1.3 Training Details

For the experiments we conduct, the ensembles consist of M = 5 networks adopted

from our baseline [1], e.g. for CIFAR-LT we have ResNet architectures [57] with

32 layers and for ImageNet-LT, ResNet-10. We train the ensemble with the same

setting of our baselines with vanilla ResNets for each dataset. For CIFAR-10-LT and

CIFAR-100-LT, we employ SGD optimizer with learning rate 0.1, momentum 0.9

and weight decay 0.0002. We train 200 epochs with batch size 128 on 1 GPU. For

learning rate scheduling, we use initial warm-up until the 5th epoch and multi-step

scheduling at 160th and 180th epochs with a multiplying factor 0.01. For ImageNet-

LT, we optimize using SGD with learning rate 0.2, momentum 0.9 and weight decay

0.0001. We employ the same warm-up strategy with CIFAR-LT experiments and use

multi-step learning rate scheduling training with 100 epochs, decreasing the learning

rate with factor 0.1 at 60th and 80th epochs. We trained the ensemble with batch size

512 on 4 GPUs. We obtain the predictive uncertainties for each class by averaging

each samples’ uncertainties within the class after the ensemble converges.
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