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Abstract

Deep neural networks (DNNs) have shown exceptionally good performance in a va-

riety of activities by using correctly labelled and ’good’ training datasets. These

remarkable results, however, are mostly observed with datasets that are carefully

controlled and precisely structured. Conversely, data obtained from real-world ap-

plications frequently encounter substantial problems that are not commonly found

in these ’good’ datasets. Two common biases frequently found in real-world data

are: (i) long-tailed class distribution, where a small number of classes have a signif-

icant number of instances while the rest have only a few, and (ii) label noise, which

refers to inaccuracies and errors in the assigned data labels.

When learning models are specifically built to address only one of these biases, ei-

ther by focusing on the long-tailed nature of the data or on the noise in the labels,

their performance declines when they come across data that has both long-tailed

distribution and noisy labels, which is a very common occurrence in real-world ap-

plications.

This work investigates the complex issue of learning from datasets with long-tailed

label noise. In real-world problems such as autonomous driving, medical diagno-

sis, and large-scale user-generated content platforms, the data obtained frequently

shows these properties. Therefore, it is essential to create strong learning algorithms

that can successfully address both problems at the same time.

Our objective is to study and make meaningful contributions to the progress of deep

learning methods that can effectively handle real-world data difficulties while being

robust and dependable. We study the current methods for handling these learning

problems, focuse on their shortcomings and try to improve the same.

We propose Median of Means for centroid estimation on a clean subset of the

dataset. We then use the SFA framework and Semi supervised learning for classifi-

cation task on imbalanced noisy labels.

Keywords: Classification, class imbalance, Noisy labels, SFA, Median of

Means.
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Chapter 1

Introduction

Deep Neural Networks (DNN) have demonstrated outstanding performance in a

wide range of activities by using large carefully curated and correctly labelled train-

ing datasets. These remarkable results, however, are mostly observed with these

datasets that are carefully controlled and precisely structured. Conversely, data ob-

tained from real-world applications frequently encounter substantial problems that

are not commonly found in these ’good’ datasets. Two common biases frequently

found in real-world data are: (i) long-tailed datasets, and (ii) noisy labels.

(i) Long-tailed data: Long-tailed data or Imbalanced data refers refers to in-

stances where there is a significant difference in the amount of samples between

different classes. The number of samples is very small in most of the classes and

significantly higher in some classes.

Within these datasets, the majority class is defined as the class that contains the

highest number of samples, while the minority class is characterized by having the

lowest number of samples, and he medium classes fall in between these two classes.

The imbalance ratio in a particular dataset is defined as the ratio between the car-

dinality of largest and smallest class. Datasets with high imbalance ratios exhibit

poor generalisation on the minority classes. The problems encountered with learn-

ing such datasets can be summarised as follows:

Creating precise models becomes challenging when certain classes have very low rep-

resentation. The low number of samples poses a difficulty in learning and features

in the minority classes because there is simply not enough data to learn from.

Another obstacle is to understand the important features for each class. Imbalanced

classes make it more challenging to identify the features that are essential for the

accurate prediction of one class from another class.

Evaluation metrics might exhibit bias when used to imbalanced data, while being

originally created for balanced datasets. This bias results in inaccurate performance

evaluations, as the measures are not sufficient to understand the model’s capacity

to predict the minority class.

1



2 CHAPTER 1. INTRODUCTION

Imbalanced datasets occur naturally in the real world like credit card frauds, various

disease in the medical field, census data etc.

(ii) Noisy labels: Noisy labels in a dataset refers to data points that are wrongly

marked and their labels does not exhibit the ground truth.

There are different types of noise. uniform noise refers to noise distributed evenly

over classes. class dependent and feature dependent noise are noise that depends on

the class label or feature of the data respectively. Noise ratio is the ratio of noisy

samples from all the samples.

In presence of label noise the model exhibits poor performance. The noisy labels

have high loss and so direct the gradient abnormally. Whereas over parameterized

DNNs tend to learn the noisy labels through memorization and can have perfect

training accuracy but this can not be generalised in the validation or test stage.

Noisy labels occur due to problems in data collection or human error or suboptimal

methods to collect data. Noisy labels are prevalent in medical data, data collected

from internet etc.

Problem Definition:

Consider the classification task with K classes. We denote the training dataset

as D = {(xi, yi)}Ni=1, where xi ∈ Rd represents the i-th training sample and yi ∈
{1, 2, . . . , K} is the corresponding label. For each class k ∈ [K], we have the training

samples as Dk = {(xi, yi) | yi = k}. For this learning task, the training dataset D is

long-tailed with the imbalance ratio defined as

ρ =
maxk |Dk|
mink |Dk|

,

here ρ ≫ 1, for example ρ = 100. So the distribution of the classes is an imbalanced

distribution.

Additionally, with the presence of label noise, a fraction of the training samples are

mislabeled. That is, there exist some i ∈ [N ] such that yi ̸= y∗i , where y∗i denotes

the ground-truth label for xi. The noise ratio, that is the fraction of incorrectly

labeled training samples is denoted by γ ∈ (0, 1). Here we assume symmetric noise.

Given the training dataset D, our objective is to learn a classifier, i.e. the function

f : Rd → [K] that can generalize well to unseen data for prediction.



Chapter 2

Related Work

As discussed in the previous section, using Deep Neural Networks for learning tasks

on imbalanced data with noisy labels result in poor generalisation. Any dataset

can be seen as a collection of points in a high dimensional Euclidean space. In

classification problems the task for any neural networks is essentially to project

the data in an n-dimensional space called the feature space, and learn the decision

boundaries in the feature space to separate the classes. The boundaries should be

learnt such that the unseen data points can be classified correctly by the network.

various techniques have been proposed over time to deal with imbalanced data and

noisy data. Some of the methods for learning with imbalanced data includes . Some

of the methods for learning with noisy labels are . However when learning keeping

in mind only either label noise or class imbalance the performance deteriorates

significantly in real life scenarios where both of the biases are present. Some methods

that try to tackle both of these includes HAR[1], PCL[2], RoLT[3].

We study these methods, do a comparison study and try to improve on the results

by focusing on the shortcomings of the existing methods. In the following sections

we first discuss methods to handle long-tailed distributions, then we discuss methods

to tackle label noise and finally discuss some methods that try to tackle both these

problems.

2.1 Long Tailed distribution Learning

There are various proposed methods for long tailed learning which can be broadly

classified into three categories by the component of the model it modifies- (i) The

inputs given to the model, (ii) The outputs generated from the model, The internal

structure of the model.

3



4 CHAPTER 2. RELATED WORK

2.1.1 Modifying the Inputs

Popular approaches focus on re-balancing the training data to achieve better repre-

sentation from minority classes.

Class aware sampling

In order to improve the training process, we employ a sample approach called class-

aware sampling. The main objective of this technique is to guarantee that each

mini-batch contains a consistent representation of all classes to the greatest extent

possible. In addition, this technique ensures that no particular example or class

consistently maintains the same order during training.

Practically, we keep two categories of lists: a collective list for classes and separate

lists for each class’s images. For example in CIFAR-100 dataset we keep a single

class list and 100 image lists, each associated with a particular class.

When creating a training mini-batch in an iteration, we begin by randomly choosing

a class from the list of classes. Subsequently, we employ a random selection process

to choose an image from the list of images associated with the class. In order to

preserve diversity and prevent the occurrence of recurrent patterns, we execute a

shuffling operation when we reach the end of the list of images belonging to class

X. This shuffling rearranges the photos within the designated class. Similarly, as we

reach the final class in the list, we rearrange the sequence of the classes.

By utilizing this class-aware sampling technique, we successfully tackle the problem

of uneven class distribution. This approach guarantees that the training procedure

gains advantages from a more equitable distribution of classes, hence improving the

model’s capacity to generalize across minority classes.

Dynamic meta-embedding[4]

Our method of dynamic meta-embedding combines a direct image feature with a cor-

responding memory feature. The feature’s norm serves as an indicator of the model’s

familiarity with known classes. Let’s consider a convolutional neural network (CNN)

specifically created for classification purposes, which commonly incorporates a soft-

max output layer. In this type of network, the second-last layer extracts features,

while the last layer acts as a linear classifier. These features are trained together

utilizing extensive data in a seamless manner. Let vdirect represent the direct feature

retrieved from an input image. The classification’s total accuracy is highly depen-

dent on the quality of this specific attribute.

While feed-forward CNN classifiers show impressive performance with extensive

training datasets, they often struggle to get satisfactory results with smaller datasets,

due to lack of training data. In order to resolve this problem, we suggest improving
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Figure 2.1: (a)Original dataset. Effect of (b) undersampling and (c) oversampling
on a dataset.

the direct functionality by including a memory component. This memory function

retrieves and stores interconnected visual concepts within a memory module. This

concept is similar to the memory techniques used in meta-learning frameworks.

The combined feature is referred to as the meta-embedding vmeta, which is then

inputted into the final classification layer. The memory feature vmemory and the

meta-embedding vmeta are both derived from the direct feature vdirect, enhancing the

representation by enhancing the direct feature of the minority classes.

Random oversampling

Random oversampling is a quite simple yet effective technique to address class im-

balance. A fixed proportion of samples are randomly selected from the minority

classes and added to the training set. Essentially, the minority examples are du-

plicated and this helps to alleviate the imbalance to some extent. The proportion

of data points to be duplicated depends upon the imbalance ratio the user desires

to achieve. Random oversampling can, however, lead to overfitting on the minority

classes as the same data points make the model memorise the data and unable to

generalise well to unseen points.

Random undersampling

Random undersampling is similar to random oversampling, randomly chosen points

from the majority class are deleted till the desired imbalance ratio is achieved. Too

much undersampling deletes data points possessing valuable discriminatory infor-

mation, leading to underfitting. The model may struggle to capture the patterns
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and characteristics of the majority class. Generally, oversampling performs better

than undersampling.

In addition, there are other sampling-based methods like class-balanced sampling

where probability of including a point in the training set is proportional to the inverse

of the number of samples in the class, square root sampling (sampling probability

proportional to inverse square root of class frequency) etc.

2.1.2 Modifying the outputs

All the available methods to address class imbalance we encountered in the literature

can be broadly classified into loss-based methods and data-augmentation methods.

Loss-based methods focus on modifying the loss function or adjusting the training

process to mitigate the impact of class imbalance. They assign different weights or

penalties to different classes, thus encouraging the model to pay more attention to

underrepresented classes. Whereas, data-augmentation methods increase the variety

and quantity of training examples by applying various transformations or generating

synthetic examples.

τ-normalised classifier[5]

This method works by readjusting the decision bounds of classifiers. This technique

is based on an empirical evidence that when we train using instance-balanced sam-

pling, there is a link between the norms of the classifier weights (∥wj∥) and the

size of the classes (nj). Nevertheless, when the classifiers are adjusted using class-

balanced sampling, the magnitudes of the classifier weights tend to become more

evenly distributed.

Based on these results, the imbalance in decision boundaries is corrected by directly

modifying the norms of the classifier weights using τ -normalization. Let W = {wj}
be a matrix in Rd×C , where each wj is a vector in Rd representing the classifier

weights for class j.

The weights in W are scaled to obtain Wf = {wf
j } through the process of normal-

ization as follows: The formula calculates the value of wf
i by dividing wi by the

magnitude of wi raised to the power of τ . Here, τ represents a hyper-parameter

and ∥ · ∥ represents the L2 norm. When the value of τ is equal to 1, the process

of normalizing simplifies to the conventional L2-normalization. On the other hand,

when τ = 0, there is no application of scaling. To achieve a smooth change of the

weights, the value of τ is empirically selected from interval (0, 1).

After applying the τ -normalization, the classification logits are calculated using the

formula:

ŷ = W⊤
f f(x; θ).
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In this context, the symbol ŷ represents the predicted logits. The notationW⊤
f refers

to the transpose of the adjusted weight matrix, and f(x; θ) represents the feature

representation of the input x that is parameterized by θ.

Post-hoc logit adjustment[6]

Given a long tailed data we learn using a neural network by calculating the logits

fy(x). If we have the logits we generally predict the label as

ŷ = argmax
y∈[L]

(fy(x)) .

We train the model with softmax and the resultant probabilities can be considered

as approximation of underlying probabilities of a data point x belong to a respective

class. In this logit adjustment the class is predicted as

ŷ = argmax
y∈[L]

(fy(x)− τ · log πy) ,

where πy are class frequencies of the training sample. τ is a hyper parameter that can

be considered as tuning parameter. This method essentially re-weights the output

logits to put more focus towards the minority class samples.

There are also momentum based approaches and thresholding approaches applied

to the outputs of the model to learn long tailed data.

2.1.3 Other approaches

There are various other methods which are done mostly by modifying the internal

design of the model like loss functions of the model or by augmentation methods by

modifying the input data presented to the neural network. In loss based approaches

the loss function is modified so that the loss from samples in the minority class

are heavily weighted to ensure the gradient related to them is updated aggressively.

Data augmentation methods are complementary to loss based methods. Unlike loss

based methods, data augmentation methods are applied to the input while preparing

to feed it into the neural network. Essentially, such methods expand the training

set by introducing more novel examples derived from the available data.
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Weighted Cross Entropy[7]

The most obvious modification to the simple cross-entropy loss function is to weigh

each term in the loss function by the importance of the corresponding class.

LossBCE = −
N∑
i=1

wiyi log(pi),

where

• wi represents the weight assigned to class i.

• N is the number of the classes

• yi is the indicator of the true label of the predicted sample and pi is the

predicted probability for the ith class

This way by introducing class weights, reweighed cross entropy encourages the model

to give more emphasis to the minority class during training, helping to improve its

performance on underrepresented classes. Generally, the weight wi is taken 1/Ni

where Ni is the number of training examples of class i in the training data. A

popular approach is also to use the negative log of balanced softmax function with

weight wi as Ni.

Class Balanced Re-Weighing (CBRW)[8]

. In CBRW research paper. It also involves assigning different weights to the samples

during training based on their class frequencies.

The reweighing process is based on the inverse of each class’ ‘effective’ number of

samples. The effective number of samples for a class is defined as a weighted average

of the actual number of samples and a hyperparameter β. The parameter β controls

the degree of reweighing and can be adjusted to control the balance between the

minority and majority classes.

The authors assume that each data point occupies a ’volume’ in the space where

they are represented. When a large number of data points are present, they might

overlap and their total occupied volume is not necessarily the sum of the volumes of

the individual points. Based on a simple argument, they derive the effective number

of samples of a class that occupy as much volume as the existing set of points. The

effective number of samples En is defined as:

En =
1− βni

1− β
,
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where ni is the number of samples from the ith class.

They propose to introduce an extra balancing term in the cross-entropy loss function

which weighs the loss by the inverse of the effective number of samples of the class.

The modified loss function is known as the CBRW loss.

LossCBRW = − 1− β

1− βni
∗ log(pi).

Focal Loss[9]

The focal loss is defined as

LossFocal = −(1− pi)
γ log(pi).

Focal loss introduces two new concepts: the modulating factor and the focusing

parameter. The modulating factor is defined as (1 − p)γ, where p is the predicted

probability of the correct class. This factor reduces the contribution of easy or well-

classified examples (where p is close to 1) by increasing the modulating factor value.

On the other hand, hard or misclassified examples (where p is close to 0) receive less

down-weighting, making them more influential in the loss computation.

Figure 2.2: As γ increases, Focal Loss concentrates more on hard misclassified ex-
amples

The focusing parameter γ is introduced to control the degree of down-weighting. If

the data point belongs to the majority class, it is easily classified and pi is close to 1

for such points. For hard minority class examples, pi is close to 0. Higher values of

γ amplify the effect of the modulating factor, resulting in stronger down-weighting

of easy examples. This allows the loss function to focus more on hard examples,

which are typically the minority class or objects of interest. The degree of focus for

varying values of the focusing parameter γ is shown in figure 2.2.
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Through ablation studies, the authors found that γ = 2 produces the best accuracy

results. That’s why we also consider the same value of γ in our experiments.

LDAM Loss[10]

The Label Distribution Aware Margin loss, introduced by Zhang et al. is another

loss-based method to address class imbalance. To understand LDAM loss, we need

to define the class-wise margins of each class. The class-wise margin ξi is defined as

the minimum distance of a point belonging to the ith class from a decision boundary.

Larger margins encourage larger distances between class boundaries, promoting bet-

ter class discrimination. If we want to classify minority class samples correctly, we

would want to encourage the neural network to learn larger margins for the minority

classes. But too big margins for the minority classes can make the decision boundary

pass through a majority class, and some majority class samples will be incorrectly

classified.

There is definitely a trade-off in setting the class margins. Extending a theorem from

PAC theory for binary class classification, the authors state that the class margin

of a class with nj samples should be proportional to 1/n4
j .

The LDAM loss takes into account both the class-wise margin and the label distri-

bution when computing the loss for each sample. It applies a class-specific margin

to the predictions of the model. For a training data point with label j and predicted

probability for the ith class is pi, the LDAM loss is defined as:

Loss = − log
exppj−∆j

exppj−∆j +
∑

i ̸=j exp
pi
.

The loss function is designed to penalise misclassifications of minority samples more

heavily, while being more tolerant to misclassifications of majority samples because

by definition, it promotes greater class margins for the minority classes.

Mixup[11]

The Mixup technique literally ’mixes’ two data points to generate a new data point.

Given two data points xi and xj with labels yi and yj respectively, Mixup generates

a new data point (x̄, ȳ) whose value is λxi + (1 − λ)xj with label λyi + (1 − λ)yj,

where λ ∈ (0, 1). The λ value is drawn from a Beta(α, α) distribution for some

value of α.

During training, the mixup procedure is implemented as follows: for each data

point in a training batch, another data point is randomly selected from the same

batch and ’mixed’ with the current point to produce a new data point. In effect,
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mixup promotes the idea that points lying on the line joining two data points should

also possess a label which is a convex combination of the respective labels. This

promotes the neural net to learn smooth decision boundaries between the classes.

By creating virtual examples with mixed labels, mixup removes the inherent bias

towards majority examples.

Figure 2.3: Mixup demonstrated between two images of different classes in cat dog
dataset

ReMix[12, 13]

ReMix, or Rebalanced Mixup, is similar to mixup but with a slightly different rule.

For a pair of data points xi and xj, the new data point is given as:

x = λxxi + (1− λx)xj

y = λyyi + (1− λy)yj

where λx is sampled from a Beta distribution as earlier but λy is not necessarily

equal to λx. The value of λy is decided by the following rule:

λy =


0, ni/nj ≥ k and λ < τ

1, ni/nj ≤ 1/k and 1− λ < τ

λx, otherwise

k and τ are two hyperparameters to be tuned. One way of looking at ReMix is,

if the proportion of one class is overwhelmingly more than the other class (the

hyperparameter k controls the imbalance ratio between two classes), then assign the

new data point a label in favour of the majority class, otherwise a linear combination

of the two labels as in Mixup. This prevents the decision boundary from being

pushed too far towards the majority class.
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CutMix[14]

CutMix performs data augmentation by randomly selecting a portion or patch of an

input image and pasting it onto another image. The corresponding labels are also

mixed based on the area ratio of the patches. This process encourages the model to

learn from both the local and global features present in different images.

It can be seen as a discrete version of mixup where certain portions of the image

are completely replaced by another image while other parts remain the same. The

area ratio of the patches determines the extent of mixing between the two images.

The larger the patch, the stronger the mixing effect. This encourages the model to

learn robust features that effectively recognise objects even when the appearance

of those objects is altered or occluded. CutMix enables the model to learn locally

discriminative features by combining patches from different images. This encourages

the model to focus on local patterns and aids in the localisation of objects within

an image.

Figure 2.4: Cutmix demonstrated between two images of different classes in cat dog
dataset

2.2 Learning with noisy labels

To tackle learning tasks where label noise is present broadly three types of solutions

are proposed. (i) Estimating noise transition matrices, (ii) Noise robust loss func-

tions, and (iii) Selecting clean samples from the dataset. We give some overview of

each of these methods.

2.2.1 Estimating noise transition matrices

[15][16]The noise transition matrix, is a fundamental concept in the field of label

noise learning. The matrix represents the likelihood of accurate labels being trans-

formed into erroneous ones. Formally, the noise transition matrix T is defined as the
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relationship between the actual label y and the observed noisy label ỹ.The equation

is written as: Tij = P (ỹ = j | y = i). The conditional probability of ỹ being equal

to j given that y is equal to i is denoted by Tij. The variable Tij denotes the chance

of observing the real label i as label j.

Obtaining an accurate estimation of the noise transition matrix is frequently not

feasible because there is no access to the true labels. Instead, it is more practical to

approximate this matrix. Here is the method for performing the approximation:

Anchor Points Identification: Identify instances in the dataset that are very proba-

ble to have accurate labels. These occurrences, referred to as anchor points, act as

dependable benchmarks for assessing the probabilities of noise transfer.

Probabilistic Modeling: Utilize probabilistic models to calculate the probability of

witnessing each noisy label in relation to an anchor point. For instance, a classifier

that has been trained on a portion of data that is free from errors or a strong model

can be used to forecast the likelihoods of labels that are not accurate.

Matrix Construction: Create the noise transition matrix by utilizing the estimated

probabilities derived from the probabilistic model. This requires combining the

probability estimates from all anchor points.

After approximating the noise transition matrix, it can be included into the learning

process to reduce the influence of label noise. There are two prevalent strategies:

Loss Adjustment: Revise the loss function employed during model training to ac-

commodate for the presence of label noise. The revised loss function incorporates

the noise transition matrix to adapt the impact of each training instance according

to its probability of being accurately classified.

Reallocate the weights of the training samples based on the noise transition matrix.

Instances that have a higher probability of being accurately categorized are assigned

greater weights, while instances that are more likely to be incorrectly identified are

assigned lower weights.

Some papers and methods that applies this method for label noise learning are

Gold loss correction, Manifold regularized transition matrix, Forward and backward

correction based on estimated stochastic noise matrix.

2.2.2 Noise robust loss functions

The loss based methods focus on employing modified loss functions that have high

noise tolerance.
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generalised cross Entropy loss[17]

Traditional loss functions, such as the cross-entropy loss, are sensitive to label noise,

which can lead to poor generalization and performance. To address this issue, the

Generalized Cross Entropy (GCE) loss function has been proposed as a robust al-

ternative.

Cross Entropy Loss- The cross-entropy loss is a widely used loss function in classi-

fication tasks, defined as follows for a single training instance:

LCE(p, y) = − log(py),

where py is the predicted probability for the true class label y. Although effective,

the cross-entropy loss can be heavily influenced by noisy labels, leading the model

to fit incorrect information.

Generalized Cross Entropy Loss- The Generalized Cross Entropy (GCE) loss gener-

alizes the cross-entropy loss and Mean Absolute Error (MAE), providing a balance

between robustness to noise and the ability to learn from clean data. The GCE loss

is defined as the negative of the Box Cox transformation:

LGCE(p, y; q) =
1− pqy

q
,

where py is the predicted probability for the true class label y, and q ∈ (0, 1] is a

parameter that controls the robustness of the loss function. When q = 1, the GCE

loss reduces to the cross-entropy loss, and as q approaches 0, the GCE loss behaves

more like the MAE, which is known to be more robust to noise.

Properties of GCE Loss-

• Noise Robustness: By adjusting the parameter q, the GCE loss can be made

more robust to noisy labels. Lower values of q reduce the influence of incorrect

labels.

• Flexibility: The GCE loss provides a continuum of loss functions between

the cross-entropy loss and the MAE, allowing for flexibility in different noise

conditions.

• Smooth Transition: The GCE loss smoothly transitions between different

forms, making it adaptable to various levels of noise.

The primary benefits of using GCE loss include improved model robustness to noisy

labels, better generalization performance, and flexibility to adapt to different noise

levels by tuning the parameter q. By introducing the parameter q, the GCE loss

can be adjusted to balance between noise robustness and learning efficacy.
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ELR loss[18]

The ELR loss function is designed to prevent the model from overfitting to noisy

labels by regularizing the learning process during the early stages of training. This

regularization helps the model focus on the correctly labeled data before it starts

memorizing the noisy labels.

The ELR loss combines the standard cross-entropy loss with a regularization term

that discourages the model from fitting noisy labels. The loss function can be defined

as follows:

LELR(θ) = − 1

N

N∑
i=1

[log pθ(yi | xi) + λ · (1− p̂θ(yi | xi))] ,

where:

• θ represents the model parameters.

• N is the number of training samples.

• (xi, yi) are the input and true label for the i-th training sample.

• pθ(yi | xi) is the predicted probability of the true label yi given the input xi.

• p̂θ(yi | xi) is the historical probability of the true label yi given the input xi,

tracked over earlier epochs.

• λ is a regularization hyperparameter that controls the weight of the regular-

ization term.

The regularization term (1− p̂θ(yi | xi)) penalizes the model for assigning high prob-

abilities to noisy labels, thus helping the model to focus on clean labels.

Properties of ELR Loss:

• Noise Resistance: ELR loss is designed to be robust against noisy labels by

regularizing the learning process and focusing on early-learned patterns.

• Dynamic Adaptation: By using historical probabilities, ELR dynamically adapts

to the model’s learning progress, emphasizing correct labels over time.

• Simple Integration: ELR can be easily integrated into existing training frame-

works with minimal modifications.

The Early-Learning Regularization (ELR) loss function provides a robust alternative

to traditional loss functions for training deep neural networks with noisy labels. By

incorporating a regularization term that leverages early-learning patterns, ELR helps

prevent overfitting to noisy labels.
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2.2.3 Clean sample selection

These methods are based on the fact that not all the samples in the dataset are

corrupted with noise and there is a good proportion of clean data available. To

leverage the clean samples in the learning we try to separate the clean samples from

noisy samples. Two problem arises here (i) How to correctly predict the noisy sam-

ples and (ii) After extracting the clean samples what to do with the noisy samples,

since if we simply discard them we are essentially losing data. various methods are

proposed for label noise learning using this approach.

Co teaching[19]

Co-teaching is a powerful approach specifically developed to reduce the negative

impact of inaccurate labels. The main concept is to concurrently train two neural

networks. Instead of individual networks relying solely on their own projected labels,

they share information and learn from each other’s more accurate instances. This

collaborative learning method assists in recognizing and reducing the consequences

of inaccurate labels.

(1) Initial Training and Divergence: Commence by initializing two neural networks,

f and g, with distinct random weights. Both networks are trained using the iden-

tical noisy dataset for a limited number of epochs. This preliminary stage helps in

understanding the distribution of the data, while simultaneously ensuring that the

networks begin to diverge in their predictions.

(2) During the training process, each network chooses a selection of examples that

have the lowest losses based on its own forecasts. The underlying assumption is

that instances with lesser losses are more prone to being accurately classified. The

network f chooses a subset Df of examples with the lowest losses from its training

set. Similarly, the network g chooses a subset Dg of examples with the lowest losses

from its training set.

(3) Each network updates its parameters by including the examples chosen by the

other network. More precisely, the function f is updated using the information

from Dg, whereas the function g is updated using the information from Df . This

interaction helps in mitigating the bias caused by inaccurate labels as one network

depends on the more dependable instances indicated by the other.

(4) This process of repeatedly choosing samples with minimal loss and adjusting pa-

rameters is continued iteratively. Over time, both networks develop more resilience

to noisy labels, as they consistently learn from cleaner subsets of the data.

Benefits of Co-Teaching includes-

Noise Robustness: The networks enhance their ability to withstand noise by utiliz-

ing the clean subsets from each other.
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Variety of Learning Trajectories: The networks, initialized with varying parameters,

explore a variety of learning trajectories, which aids in encompassing a wider range

of the data distribution.

Mitigated Overfitting: The utilization of the small-loss method guarantees that the

neural networks prioritize more dependable instances, hence diminishing the likeli-

hood of overfitting to erroneous labels.

Typical cross-entropy loss function is generally used. Though, adjustments can be

done to more effectively learn label noise, such as integrating a loss function that is

robust to noise.

The choice of the proportion of small-loss samples, represented by a hyperparameter

τ , is of utmost importance. The starting level is usually high and subsequently falls,

enabling the networks to first process a larger number of samples and gradually

prioritize the most dependable ones.

Various modifications and alternatives to co-teaching have been suggested in or-

der to enhance its effectiveness:

Co-Teaching plus: A more advanced iteration in which each network improves the

chosen examples by comparing them with the predictions of the other network.

Decoupling: It is a method similar to co-teaching, but it uses distinct processes to

divide and utilize the data for training.

Co-Regularization: Implements regularization methods to prevent excessive diver-

gence in the learning paths of both networks.

In conclusion Co-teaching provides a novel approach for learning with noisy labels

by utilizing the cooperative training of two neural networks. The iterative and mu-

tual learning process greatly improves the model’s capacity to generalize even in the

presence of noisy data. As research advances in this field, co-teaching is evolving,

including tactics and variations to further increase its applicability.

DivideMix[20]

DivideMix addresses the issue of label noise learning through a combination of semi-

supervised learning and Gaussian Mixture Models[21] (GMMs).

The dataset is first divided two groups: one with clean labels and one with noisy

labels. This is done using a GMM, which models the distribution of the loss values

(the differences between the predicted and actual labels) for each sample. Samples

with lower loss values are more likely to be clean, while those with higher loss values

are more likely to be noisy. This is also called the small loss criterion.

After splitting the data, DivideMix uses semi-supervised learning to make use of

all available data. Clean samples are treated as labeled data, and noisy samples

are treated as unlabeled data. This approach helps in utilizing the information
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present in noisy samples without being directly affected by their incorrect labels.

For the noisy samples, DivideMix generates refined labels using MixMatch, which

combines weakly augmented versions of the data and computes a consensus label.

This guessed label is then used to help guide the learning process.

further enhance robustness, DivideMix employs a co-training strategy. It trains two

separate neural networks simultaneously. Each network’s predictions are used to

help refine the labels for the other network, which helps in reducing the bias that

might arise from using a single network. It also incorporates consistency regulariza-

tion and strong data augmentation techniques. Consistency regularization ensures

that the model’s predictions are stable under small input perturbations, while data

augmentation helps in making the model robust to variations in the input data.

2.3 Imbalanced noisy data

There has been some prior works on this field. We look at some of the popular

methods.

2.3.1 RoLT

Robust long-tailed learning (RoLT)[3] is designed to handle the dual challenges of

long-tailed class distributions and noisy labels.

RoLT incorporates a sample selection mechanism that dynamically identifies and

separates clean samples from noisy ones. This mechanism is particularly tuned to

handle imbalances, ensuring that minority classes are adequately represented during

training. By identifying and isolating noisy samples, RoLT can focus the learning

process on cleaner data, which helps in maintaining the robustness of the model.

This often involves the use of loss metrics and confidence scores to determine the

likelihood of a sample being clean or noisy. It uses a class-balanced loss function

that compensates for the long-tailed distribution of classes. This ensures that the

learning process does not overly favor the majority classes, which can happen with

standard loss functions such as cross entropy loss. Consistency Regularization tech-

niques are used to ensure that the model’s predictions remain stable under different

augmentations of the input data.

A Gaussian Mixture Model (GMM) that models the distribution of distance of fea-

tures from the class prototype values is used to separate clean samples from noisy

samples. As discussed above clean samples generally have lower loss values, while

noisy samples exhibit higher losses. After the initial separation, RoLT treats clean

samples as labeled data and noisy samples as unlabeled data. Using semi-supervised

learning techniques, RoLT can effectively utilize the information present in noisy
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samples. A class balanced loss function is used and consistency regularization is

applied.

By effectively combining several advanced techniques to handle long-tailed distribu-

tions and noisy labels and leveraging semi-supervised learning, class-balanced loss

functions, and consistency regularization, RoLT can train robust models that gen-

eralize well even in long-tailed noisy datasets.

2.3.2 HAR

Heteroskedastic adaptive regularization (HAR) [1] deals with heteroskedastic noisy

in imbalanced datasets. In the imbalanced setting while trying to detect noise

based on small loss criterion the rarely occurring samples might get detected as

noise because of having large error. HAR employs a regularization technique based

on the Lipschitz regularizer and finds the optimal level for the regularization. The

higher the uncertainty of a sample point the stronger the regularization applied.

This method helps in learning with imbalanced and noisy data combined.

2.3.3 RCAL

Representation calibration method or RCAl[22] uses the features or deep repre-

sentation of the model and tries to recover the original representation before the

introduction of the noise. The model first employs contrastive learning techniques

to get unsupervised representation of the samples. It then tries to recover the origi-

nal Gaussian distribution of the classes. Also information on the distribution of the

majority classes are used to calibrate the minority class estimations. This calibra-

tion is done since there are not significant data points in the rare classes and that

can result in the estimated distribution being biased.

2.3.4 SFA

Stochastic feature Averaging or SFA[23] employs Bayesian inference with a Gaussian

approximation to the posterior distribution over class centroids. First at each epoch

the immediate centroids for the feature vectors of each class is calculated. To ensure

that over time this estimation becomes more robust and unbiased a moving average

for the class centroids and their second order mean is maintained. So the posterior

distributions for the class centroids will be normally distributed along with the

means and standard deviation calculated from the above calculated first and second

order moments.

Let, CSFA = [c1, ..., cK ] represents the running estimate of the class centroids, Ct

denotes the instantaneous centroid estimates (calculated in the previous subsection)
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after the t-th training epoch, and α is the smoothing factor. Then,

CSFA = α · CSFA + (1− α) · Ct.

C
(2)
SFA = α · C(2)

SFA + (1− α) · C2
t ,

Here, C2 refers to the element-wise square.



Chapter 3

Our contribution

When learning with long-tailed noisy labels, the many methods specifically devel-

oped for imbalanced or noisy data often exhibit subpar performance. Therefore,

it is crucial to develop algorithms that are capable of handling classification jobs

that involve both noisy labels and long-tailed class distribution. We analyze these

methods and do a comparative analysis on them. Subsequently, our attention is

directed towards the constraints of these methodologies, with the aim of enhancing

the current outcomes.

3.1 A few preliminaries

3.1.1 Gaussian Mixture Model (GMM)

A Gaussian Mixture Model (GMM)[21] is a statistical model that assumes that all

the data points are derived from a combination of a limited number of Gaussian

distributions with parameters that are not known. Its versatility in modeling com-

plex data distributions makes it highly useful in clustering, density estimation, and

pattern recognition problems.

Gaussian Distribution

A Gaussian distribution in d-dimensions is defined by the equation:

N (x|µ,Σ) = 1

(2π)d/2|Σ|1/2
exp

(
−1

2
(x− µ)TΣ−1(x− µ)

)
,

where:

• x represents a data point with d dimensions.

• µ represents the vector of means.

21
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• Σ represents the covariance matrix.

• |Σ| represents the determinant of Σ.

Mathematical Formulation

A Gaussian Mixture Model (GMM) is a mathematical model that may be expressed

as the sum of K Gaussian component densities, each weighted by a certain factor.

The GMM’s probability density function is defined as the sum of the product of the

weight coefficients and the Gaussian distribution for each component. It may be

expressed as:

p(x) =
K∑
k=1

ϕkN (x|µk,Σk),

where:

• ϕk represent the mixture weights,

•
∑K

k=1 ϕk = 1 and ϕk ≥ 0.

• N (x|µk,Σk) represents the Gaussian (normal) distribution with a mean of µk

and a covariance matrix of Σk.

The Expectation-Maximization (EM) algorithm is used to estimate the parameters

of a Gaussian Mixture Model (GMM). The process iteratively adjusts the parameters

in order to optimize the likelihood of the observed data. Deciding on the number

of components K and initializing the parameters are vital stages in the process of

fitting a Gaussian Mixture Model (GMM). Several methods for initializing the model

are provided: (i) Initialize the means µk using the K-means algorithm. (ii) Select

K data points as beginning means in a random manner. (iii) Employ hierarchical

clustering to establish initial cluster assignments.

Gaussian Mixture Model (GMM) can be used for clustering technique, where each

Gaussian component represent a cluster. Gaussian Mixture Models (GMM) have

the advantage over K-means in that they can accurately represent elliptical clusters

and provide soft cluster assignments (probabilistic memberships).

GMM is also employed for estimating the probability density function of a dataset,

as well as for tasks involving pattern recognition, such as speech recognition and

image segmentation.

Gaussian Mixture Models (GMM) have the ability to represent complex probability

distributions and are not constrained to clusters with spherical shapes.Gaussian

Mixture Model (GMM) enables the application of soft clustering, which provides

further insights into the cluster memberships of data points. Although the process

of fitting a Gaussian Mixture Model (GMM) can be computationally demanding,
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the results can be influenced by the initialization method used, and determining the

appropriate number of clusters may not be a straightforward task. Here we use a

GMM with two components.

3.1.2 Balanced Classifier

[7]As discussed in the previous chapter in the field of long-tailed learning, class re-

balancing strategies are essential for addressing the imbalance data that arise when

dealing with datasets where some classes are significantly underrepresented com-

pared to others. These methods play a crucial role in improving overall classifier

performance and representation learning with respect to the original data distri-

bution. Previous research has highlighted the benefits of decoupling the processes

of representation learning and classifier learning. This decoupling approach has

demonstrated superior results compared to conventional learning methods. To en-

hance performance in the presence of class imbalance, we implement a two-branch

network during model training. This network introduces an auxiliary classifier to

the neural network’s backbone, which is designed for balanced classifier learning. At

the same time, the original classifier is retained for effective representation learning.

The two classifiers are denoted as fabc and f respectively.

The classifier f is trained using the standard cross-entropy loss function defined as:

ℓCE(x, y) = − log
ezy∑K
k=1 e

zk
,

where z = f(x), representing the logits produced by the classifier f .

Balanced Softmax Loss for Auxiliary Classifier: To produce unbiased predictions,

the auxiliary classifier fabc is trained alongside the standard classifier f by minimiz-

ing the Balanced Softmax (BS) loss function. This classifier is integrated into the

network to share the same feature extractor as f . The Balanced Softmax loss is

defined as:

ℓBS(x, y) = − log
nye

zy∑K
k=1 nkezk

,

Here, nk denotes the number of samples in class k counted from the dataset D, and

zk represents the k-th logit produced by fabc(x).

The key idea behind the Balanced Softmax loss is to adjust the loss contributions

based on the class frequencies. Specifically, it penalizes the majority class samples

more heavily while reducing the penalty on minority class samples. This approach

helps to create a more balanced classifier, mitigating the bias towards the majority

class that typically arises in imbalanced datasets.

The inclusion of the auxiliary balanced classifier fabc addresses the class imbalance

by modifying the training dynamics. The Balanced Softmax loss ensures that the
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classifier pays more attention to underrepresented classes by scaling the loss in-

versely with the class frequencies. This mechanism allows the model to learn a more

balanced decision boundary, improving its generalization across all classes.

The main classifier f continues to be trained with the standard cross-entropy loss,

ensuring that the feature representations extracted by the neural network are not

biased by the re-balancing adjustments. By decoupling the tasks of representation

learning and classifier adjustment, this two-branch network architecture leverages

the strengths of both approaches, enhancing the overall performance on imbalanced

datasets.

3.1.3 MixMatch

MixMatch[24] is a semi-supervised learning algorithm designed to efficiently utilize

both labeled and unlabeled data to improve the performance of machine learning

models. It achieves this by combining several key techniques: data augmentation,

label guessing, and mixup. We study the MixMatch algorithm and its components

in details.

Key Concepts and Techniques

Data Augmentation: Data augmentation involves generating new training examples

by applying random transformations to existing data. This helps to increase the

diversity of the training set and improve the generalization of the model.

Label Guessing: For unlabeled data, MixMatch generates ”guessed” labels by aver-

aging predictions made by the model on different augmentations of the same unla-

beled example. This process provides a proxy for the true labels of the unlabeled

data.

Mixup: is a technique that creates new training examples by interpolating pairs of

examples and their labels. This encourages the model to behave linearly between

training examples, improving its robustness.

Algorithm

The MixMatch algorithm combines these techniques into a coherent training proce-

dure:

Input:

• Xl: Labeled data with labels.

• Xu: Unlabeled data without labels.

• α: Mixup parameter controlling the interpolation strength.
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• T : Temperature parameter for sharpening the guessed labels.

Augmentation and Label Guessing:

• For each mini-batch, perform data augmentation on both labeled and unla-

beled data.

• Apply the model to multiple augmentations of each unlabeled example to

generate multiple predictions.

• Average these predictions to create soft pseudo-labels for the unlabeled data.

• Apply a sharpening function to these soft labels to produce more confident

pseudo-labels:

sharpen(qi, T ) =
q
1/T
i∑
j q

1/T
j

,

where qi are the soft labels and T is the temperature.

Mixup:

• Combine the labeled and pseudo-labeled data.

• Apply the mixup operation to generate new training examples:

x̃ = λxi + (1− λ)xj,

ỹ = λyi + (1− λ)yj,

where λ is sampled from a Beta distribution: λ ∼ Beta(α, α).

Loss functions:

• Compute the cross-entropy loss on the labeled data.

• Compute the mean squared error loss on the pseudo-labeled data.

• Combine these losses into a single loss function to optimize the model:

L = Lsupervised + Lunsupervised,

Lsupervised =
1

|Xl|
∑

(x,y)∈Xl

H(ỹ, f(x̃)),

Lunsupervised =
1

|Xu|
∑

(x,ỹ)∈Xu

∥ỹ − f(x̃)∥22.

Training: Stochastic gradient descent (SGD) or any other optimization method is

used to minimize the combined loss function.
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Advantages

MixMatch leverages unlabeled data effectively through label guessing and consis-

tency regularization, improving model performance even with limited labeled data.

By using mixup, MixMatch encourages the model to generalize better and be more

robust to input variations and noise.

The mixup algorithm can be modified and applied to different learning tasks easily.

The combination of augmentation, mixup, and label guessing helps the model to

generalize well to unseen data.

Conclusion

MixMatch is a powerful semi-supervised learning algorithm that combines data aug-

mentation, label guessing, and mixup to make efficient use of both labeled and un-

labeled data. Its ability to improve model performance with minimal labeled data

makes it particularly useful in scenarios where labeled data is scarce but unlabeled

data is abundant. The algorithm’s robustness and generalization capabilities have

made it a popular choice for semi-supervised learning tasks.

3.1.4 Median of Means

The Median of Means (MoM)[25] is a robust method for estimating the mean of a

distribution, particularly useful when dealing with heavy-tailed data or outliers. In

most of the machine learning algorithms to tackle noisy data or imbalanced data an

approximation is made that The feature vectors are normally distributed in

the feature space. However in presence of noisy and imbalanced data this may

not hold true. In that case the sample mean won’t be an accurate guess for the

population mean. So we study other mean estimating methods like MoM.

In MoM we divide the data into several groups, computes the mean of each group,

and then takes the median of these means, thus reducing the influence of outliers

and providing a more reliable estimate of the mean.

Median of Means Algorithm

Given a sample X = {x1, x2, . . . , xn} of size n, divide the data into k disjoint groups

(or batches) of equal size b = n/k.

Calculate the mean of each group. Let X̄i denote the mean of the i-th group. Thus,

you obtain k means: X̄1, X̄2, . . . , X̄k.

Compute the median of the k group means to obtain the final estimate of the

population mean.
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Mathematical Formulation

Let X be a sample from a distribution with unknown mean µ. The sample X is

divided into k groups, each containing b observations. Denote the observations in

the i-th group as X(i) = {x(i−1)b+1, x(i−1)b+2, . . . , xib}.
The mean of the i-th group is:

X̄i =
1

b

ib∑
j=(i−1)b+1

xj.

The Median of Means estimator µ̂MoM is then defined as the median of the X̄i’s:

µ̂MoM = median(X̄1, X̄2, . . . , X̄k).

Properties of Median of Means Estimator

Robustness: The MoM estimator is robust to outliers. Even if some groups contain

outliers, the median operation ensures that their influence is limited.

Concentration: The MoM estimator has good concentration properties. With high

probability, it is close to the true mean µ of the distribution.

Variance: The variance of the MoM estimator is controlled, making it a reliable

choice for estimating the mean, especially in the presence of heavy-tailed distribu-

tions.

Bias: The MoM estimator can be slightly biased, especially for small sample sizes.

However, the bias decreases as the sample size increases.

Conclusion

The Median of Means method provides a robust and reliable way to estimate the

mean of a distribution, particularly in the presence of outliers or heavy-tailed data.

By dividing the data, computing group means, and taking the median, this method

effectively reduces the influence of outliers and improves the accuracy of the mean

estimation.

3.2 Proposed Method

We detailed the algorithm used in the following sections. Starting with a warmup

stage to get initial representation of the features and get the initial class estimations

of the data points. We then use the co-teaching framework to use features from

one model to train the other model. We first compute the instant class centroids

using our proposed method. To get a better representation of the class centroids over



28 CHAPTER 3. OUR CONTRIBUTION

training epochs we keep a moving average following Stochastic feature averaging. We

now use the small distance criteria to separate the clean samples from noisy samples

by fitting a Gaussian Mixture model. Once we have the labelled and unlabelled data

we can train the model using the MixMatch framework for semi-supervised learning.

Finally we test or model on the test dataset to understand the generalization of the

model.

Figure 3.1: Architecture for our model

3.2.1 Instant centroid estimation

A straightforward method for estimating class centroids involves calculating the

mean of all feature vectors for each class after every training epoch. This approach,

known as instant centroid estimation, can be problematic in the presence of label

noise, as it includes noisy samples in the calculation, leading to inaccurate estimates.

To address this challenge, it is essential to utilize as many clean samples as possible

when computing class centroids. Previous work suggests that both majority and

minority classes typically exhibit similar ranges of predicted confidence from the

auxiliary balanced classifier. Additionally, clean samples generally show higher con-

fidence levels compared to noisy ones. This insight suggests selecting a subset of

clean samples for each class based on a confidence threshold θn, to achieve a more

accurate centroid estimate.

Specifically, the centroid for class k can be computed as follows:

ck = Normalize

(
1

Nk

∑
x∈Dk

I(fabc(x) > θn)g(x)

)
,

Here, I(·) is an indicator function, Nk is the number of selected samples, g(x) returns

the latent representation of x, and fabc(x) gives the predicted confidence from the



3.2. PROPOSED METHOD 29

auxiliary balanced classifier as discussed above.

In practice, we expect that as training progresses, more samples will achieve high

predicted confidence. Therefore, we set a dynamic threshold θnt that increases with

each iteration t.

But notice that if sample mean is used to estimate the population mean we use

an underlying assumption that the feature vectors are normally distributed which

might not be the case. So instead we use robust MoM estimator for computing the

mean. So, the centroid of class k is calculated as:

ck = Normalize (MoM(I(fabc(x) > θn)g(x))) .

By using this method of instant centroid estimation, we can derive relatively reliable

centroids for selecting clean samples. However, the precision of the estimate may

still be influenced by the limited number of samples in minority classes.

The robust class centroid estimation method mitigates the effect of label noise by

focusing on high-confidence clean samples, dynamically adjusting thresholds to im-

prove accuracy throughout the training process. This approach ensures more reliable

centroid calculations, crucial for effective learning, especially in imbalanced datasets

with noisy labels.

3.2.2 Final centroid estimation

CMoM = α · CMoM + (1− α) · Ct,

Here, CSMoM = [c1, ..., cK ] represents the running estimate of the class centroids, Ct

denotes the instantaneous centroid estimates (calculated in the previous subsection)

after the t-th training epoch, and α is the smoothing factor. This averaging process

in the latent representation space captures the dynamic nature of training in deep

neural networks (DNNs) and provides a robust estimate of the centroid.

Running average of the second moment for class centroids are:

C
(2)
MoM = α · C(2)

MoM + (1− α) · C2
t ,

Here, C2 refers to the element-wise square. Thus, a diagonal covariance matrix can

be approximated by ΣMoM = diag(C
(2)
MoM − (CMoM)2). Consequently, the posterior

distribution over the class centroid can be represented as a Gaussian distribution

N(CMoM ,ΣMoM).
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3.2.3 Choosing clean samples

Since we have the posterior distributions we now sample C̃ from N(CMoM ,ΣMoM).

Then we calculate the Euclidean distances between the estimated class centroid ĉk

and samples of class k, we use the following formula:

dist(c̃k, xi) = ||c̃k − g(xi)||22.

This process is repeated S times, and the average distance is computed. As a result,

the training samples are well-clustered based on their distances to the class centroid.

These distances are then modeled using a two-component Gaussian mixture model

(GMM) as discussed above:

dist ∼
2∑

j=1

ϕjN(µj, σ
2
j ),

where µj and σj represent the mean and variance of the j-th Gaussian component.

Assuming µ1 < µ2, clean samples are expected to cluster around the class centroids,

while noisy samples are more dispersed. The probability that a sample xi is clean

is defined as:

P (clean | xi) =
ϕ1N(µ1, σ

2
1)∑2

j=1 ϕjN(µj, σ2
j )
.

Samples with P (clean | xi) > 0.5 are considered clean, while the rest are categorized

as noisy. The training dataset D is thus divided into a clean sample set Dclean and

a noisy sample set Dnoisy.

So we get two subsets of the training data as labelled data and unlabelled data.

3.2.4 Overall Algorithm

The overall algorithm combined with all the different components discussed in this

section is given in Algorithm 1.
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Algorithm 1 Training Algorithm

Require: Training dataset D = {(xi, yi)}Ni=1, model parameters θ, sampling rate S,
warm-up epochs T0, and total training epochs T .

1: // Warm-up
2: for t = 1, . . . , T0 do
3: L = ℓCE(D, f) + ℓBS(D, fabc)
4: θt = SGD(L, θt−1)
5: end for
6:

7: for t = T0 + 1, . . . , T do
8: // Sample selection
9: Dclean = ∅, Dnoisy = ∅

10: Compute threshold τt = γtτ̂
11: for k = 1, . . . , K do
12: Compute class centroid as in section 3.2.1
13: Update CMoM and C ′

MoM as in section 3.2.2
14: Sample c̃k ∼ N(CMoM,ΣMoM)
15: disti,s = ||c̃k − g(xi)||2, where xi ∈ Dk

16: Dcleank , Dnoisyk = GMM(dist)
17: Dclean = Dclean ∪Dcleank , Dnoisy = Dnoisy ∪Dnoisyk

18: end for
19: // Semi supervised learning
20: LSSL = MixMatch(Dclean, Dnoisy, f)
21: LABC = MixMatch(Dclean, Dnoisy, fabc)
22: L = LSSL + LABC

23: θt = SGD(L, θt−1)
24: end for



Chapter 4

Experimental Results and

Observations

This chapter presents the results of our extensive experiments and our observations

and interpretation of those results. We initially did a comparative study for the

existing state of the art methods for learning with noisy and imbalanced datasets.

We have based our model on stochastic feature averaging paper and modified it.

We experimented with different values for the hyperparameter k for the number of

blocks in the MoM estimation. We have mainly worked with two datasets CIFAR-

10 and CIFAR-100 and compared the overall accuracy performance and accuracy

performance for majority, and minority classes.

4.1 Imbalanced noisy CIFAR dataset

The CIFAR-10 and CIFAR-100 datasets are widely used benchmark datasets in

machine learning and are designed for fine-grained object recognition tasks. The

CIFAR-10 dataset has 50000 training data and 10000 test data. There are 5 equal

training batches and 1 test batch. There are 10 classes. CIFAR-100 consists of

100 classes, each containing 600 images, resulting in a total of 60,000 images. The

dataset is divided into a training set of 50,000 images and a test set of 10,000

images. Each image in CIFAR-10 and CIFAR-100 have a fixed size of 32x32 pixels.

The images are RGB (color) images, i.e., they have three color channels (red, green,

and blue) for each pixel.

Since CIFAR datasets are commonly used as a benchmark dataset for evaluating

the performance of various machine learning , we test our method on this datasets.

But our method is designed to help in better learning in a class imbalanced scenario,

whereas the CIFAR datasets are inherently balanced in nature. To simulate training

data with long-tailed noisy labels, we induce artificial class imbalance and artificial

32
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noise. We have defined the imbalance ratio as ρ and the noise ratio as γ. The

number of samples for the k-th class is set to Nk = N

ρ
k−1
K−1

, creating a long-tailed

dataset. Label noise is then introduced using a noise transition matrix T , where:

Tij = P (Y = j | Y ∗ = i) =

1− γ if i = j

Nj

N−Ni
γ otherwise

For our experiments, we utilize an 18-layer PreAct ResNet model, For CIFAR-10

dataset we classify the classes with class labe 0, 1 as majority class, the classes with

class label 8, 9, 10 as minority class and the rest of the classes as medium class. For

CIFAR-100 dataset we classify the classes with at-least 100 data-points as majority

class, classes with less than 20 data-points as minority class and the rest of the

classes as medium class.

Figure 4.1: Class distribution of data points in the Imbalanced CIFAR100 dataset

4.2 Implementation details

For training purpose, we take a 18-layer PreAct ResNet model. ResNet-18 is a part

of the ResNet (Residual Network) family of Convolutional Neural Networks. The

basic building block of this family of neural networks is the ’residual block’ which

has skip connections across layers to promote better flow of information between

layers. Some modifications are made to adapt the network to the CIFAR data

image size of 32x32 pixels, like the initial 7x7 convolutional layer with stride 2 and
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max pooling is replaced with a 3x3 convolutional layer with stride 1 and no max

pooling. ResNet-18 has been shown to achieve high accuracy on CIFAR-10 and

CIFAR-100 datasets and is widely used as a baseline model for benchmarking image

classification performance on these datasets.

Our model is trained using stochastic gradient descent (SGD) with a α of 0.9, a

weight-decay of 5× 10−4. Our batch size is 128, and an initial learning rate of 0.02.

The training process runs for 200 epochs. The model is warmed up for 30 epochs.

Learning rate is reduced to 1/10-th of initial learning rate after 150 epochs. In our

experiments, we vary the imbalance ratio ρ within {10, 50, 100} and vary the noise

level γ within {0.2, 0.3, 0.4, 0.5}.

4.3 Comparison results

The baseline methods for us correspond to the simple cross-entropy loss function as

well as different state of the art methods for noisy and long tailed learning.

4.3.1 Overall accuracy

The overall accuracy for the datasets CIFAR-10 and CIFAR-100 are presented in

the tables below.

Table 4.1: Overall accuracy on CIFAR-10 dataset

Imbalance ratio 100 50 10

Noise rates 0.2 0.3 0.4 0.5 0.2 0.3 0.4 0.5 0.2 0.3 0.4 0.5

Baseline (CE) 60.76 54.1 40.95 36.62 63.85 55.21 49.88 44.37 77.43 72.3 63.28 59.31

DivideMix 66.61 63.99 62.68 58.14 75.29 73.59 71.42 67.7 88.13 87.95 86.47 87.29

HAR 56.82 50.29 42.93 36.53 65.17 61.11 57.14 54.23 80.95 77.38 68.92 63.12

RCAL* 75.81 72.76 69.78 65.05 - - - - 86.46 84.58 83.48 80.80

RoLT+ 72.59 70.07 67.84 64.62 77.26 76.29 76.07 75.87 87.93 88.16 87.59 87.28

SFA 79.31 77.0 75.31 72.5 85.16 83.25 82.49 78.65 92.49 91.51 90.99 89.36

OURs 80.21 78.13 76.2 72.84 86.56 84.58 83.16 79.36 93.6 92.66 90.76 90.36

*The result for RCAL[22] has been used directly from the paper.

From 4.1 We see that our method based on Instant centroid estimation by median

of means using samples with predicted score greater than τ achieves superior per-

formance in CIFAR-10 dataset. It beats the benchmark methods by about 1%.

This improvement in the result might be attributed to the fact that for non normal

datasets MoM which is a sub Gaussian estimator[26] performs better than the sam-

ple mean method if the data is noisy or long tailed. This is an empirical observation

and its theoritical analysis based on the distribution of the samples in the fature

space remains to be done.
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Table 4.2: Overall accuracy on CIFAR-100 dataset

Imbalance ratio 100 50 10

Noise rates 0.2 0.3 0.4 0.5 0.2 0.3 0.4 0.5 0.2 0.3 0.4 0.5

Baseline (CE) 30.17 26.81 19.53 15.24 33.1 24.61 22.87 17.15 46.25 41.33 34.49 30.17

DivideMix 41.91 38.43 33.93 30.57 49.25 45.1 41.37 35.78 62.54 58 53.57 49.61

HAR 27.09 22.23 18.45 13.94 29.91 25.48 21.64 17.32 45.2 39.57 29.44 27.31

RCAL* 39.85 36.57 33.36 30.26 - - - - 54.85 51.66 48.91 44.36

RoLT+ 45.02 41.63 38.27 34.57 51.39 47.62 43.04 39.01 64.08 60.26 56.61 52.11

SFA 47.14 45.15 40.59 36.4 51.33 49.21 45.42 40.94 64.88 61.59 58.34 54.42

OURs 47.79 45.37 40.16 35.76 52.01 49.92 46.04 41.42 65.94 62.58 59.32 55.5

*The result for RCAL has been used directly from the paper.

In 4.2 for the CIFAR-100 dataset the performance gain deteriorates as the imbal-

anced ratio and noise ratio goes up. Since, MoM is a little skewed for less number

of samples so empirical evidence suggests that might be the reason why the perfor-

mance deteriorates. Although the overall accuracy are still almost as good as the

state of the art methods in most of the test cases.

4.3.2 Class wise results

We further analyse the class wise results for majority classes and minority classes as

detailed below. It is important to analyse the class wise results to better understand

the specifics of the model. While learning with imbalanced data is is important to

gain acceptable generalizations from the minority classes too, otherwise it is as bad

if not worse as learning without the minority class samples at all.

Table 4.3: Majority class accuracy on CIFAR-10 dataset

Imbalance ratio 100 50 10

Noise rates 0.2 0.3 0.4 0.5 0.2 0.3 0.4 0.5 0.2 0.3 0.4 0.5

Baseline (CE) 94.51 92.34 86.75 80.40 90.81 83.03 77.76 71.22 94.25 90.36 87.23 85.37

DivideMix 74.64 75.29 80.56 76.83 85.61 84.58 80.70 78.14 92.31 92.62 95.21 93.46

RoLT+ 87.58 83.57 82.14 75.31 86.31 82.56 83.52 86.31 92.14 93.10 95.35 95.64

SFA 92.40 90.21 90.12 89.97 96.80 96.50 94.70 91.15 97.55 98.05 96.10 94.25

OURs 96.50 92.50 91.57 91.05 96.20 95.95 94.75 93.30 97.10 97.50 96.80 96.95

Table 4.4: Minority class accuracy on CIFAR-10 dataset

Imbalance ratio 100 50 10

Noise rates 0.2 0.3 0.4 0.5 0.2 0.3 0.4 0.5 0.2 0.3 0.4 0.5

Baseline (CE) 46.41 38.59 22.96 14.03 50.34 47.27 31.83 27.7 51.74 44.61 48.56 44.18

DivideMix 57.26 55.91 54.61 50.1 71.08 67.54 66.16 63.35 84.14 84.03 82.58 83.97

RoLT+ 61.09 62.21 63.53 57.29 76.71 75.38 74.27 74.32 86.97 84.21 83.94 84.24

SFA 70.56 69.39 69.11 65.66 79.9 79.07 77.03 75.97 92.77 91.93 92.73 91.47

OURs 79.07 69.1 70.54 68.1 80.57 80.8 78.1 74.03 93.43 91.43 91.9 92.37
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On experiments in CIFAR-10 dataset as shown in 4.3 and 4.4, We observe that

the results for both majority and minority classes the accuracy are better than

most of the state of the art methods. Specifically the majority class accuracies for

imbalanced ratio 100 are significantly better than the comparison methods. Still

while comparing with SFA we could not find any clear trend to suggest that our

method is performing better or worse in one particular class or the other.

Table 4.5: Majority class accuracy on CIFAR-100 dataset

Imbalance ratio 100 50 10

Noise rates 0.2 0.3 0.4 0.5 0.2 0.3 0.4 0.5 0.2 0.3 0.4 0.5

Baseline (CE) 41.56 39.61 36.52 35.14 40.59 33.21 31.65 29.48 52.74 50.74 43.25 34.51

DivideMix 50.92 44.63 40.18 40.21 56.47 48.02 48.92 42.42 71.65 67.52 60.43 51.44

RoLT+ 55.73 57.61 52.71 47.27 61.76 59.24 56.72 56.37 65.28 71.65 65.73 56.9

SFA 65.28 61.69 59.44 55.17 67.32 62.7 60.27 54.76 68.4 65.04 62.87 58.76

OURs 65.03 61.64 58.71 54.94 65.95 63.6 61.37 55.59 70.01 65.53 62.63 59.46

Table 4.6: Minority class accuracy on CIFAR-100 dataset

Imbalance ratio 100 50

Noise rates 0.2 0.3 0.4 0.5 0.2 0.3 0.4 0.5

Baseline (CE) 18.16 14.23 , 9.2 7.82 22.68 16.62 15.33 12.31

DivideMix 19.36 20.32 17.16 16.61 27.04 23.8 19.03 22.3

RoLT+ 23.15 21.08 16.38 19.37 30.83 26.39 20.78 17.94

SFA 23.91 22.78 18.94 15.82 31.26 28.47 25.82 19.63

OURs 22.97 20.59 16.45 13.68 30.26 25.11 23.76 18.79

In CIFAR-100 we observe from 4.5 and 4.6 that for the minority class a clear trend

that our method perform worse than the SFA. This empirically further strengthens

our claim that due to low number of samples in such classes the MoM estimation

works sub optimally.

We don’t include the results for the medium classes in the paper as the don’t provide

any observable trends or meaningful insights.

4.3.3 Ablation Study

We experiment with the hyperparameters k (number of blocks for MoM) and n

(number of times MoM is performed and taken average upon) to see its effect on

the experiment results. We experiment this in CIFAR-00 dataset under two settings

viz. Imbalanced ratio 50, noise ration 0.4 and imbalanced ration 10, noise ratio 0.5.
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Table 4.7: Ablation study on two setup

ImbFactor NoiseRatio 50 0.4 100 0.5

NumBlocks 1 5 10 20 1 5 10 20

3 45.42 45.4 45.97 45.71 54.42 54.78 54.68 54.92

5 45.6 45.42 45.89 46.03 55.39 55.26 55.33 55.5

10 45.41 45.23 45.69 46.04 54.83 54.92 55.3 55.2

20 45.02 45.21 45.32 45.64 54.51 55.17 55.02 54.98

Theoretically, as the number of samplings increase the mean estimation will

become more and more robust. This is because in the median of means method

the sample is divided into k blocks of similar size, their means calculated and then

the median of those means are taken as estimate for the population mean. If in

this random sampling process the shuffled groups exhibits any trend then the MoM

estimator will be biased. To address this and design a robust estimator the MoM

can be performed for all the possible permutations for the k groups and their average

taken as the robust MoM estimate. Since that is practically impossible so instead

taking n number of samples solves the problem. So it is evident as n increases the

estimate should become better and better.

From 4.7 we observe that there is a little increase in the accuracy as we increase the

number of samplings. We observe the best results for number of blocks 5 and 10. We

think this is due to the fact that even in the smaller classes there are enough data

to perform well on this many blocks but increasing the number of blocks further

results in lesser number of samples in each block and that affects the efficiency of

the MoM estimator.
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Conclusions and Future Work

In our work, we have proposed an intuitive approach, giving a strategy that is easy

to understand and apply. Our proposed method can be combined in other existing

works that use a similar approach. Our method clearly outperforms the baselines in

the CIFAR-10 dataset and outperforms the baselines in low to medium imbalanced

setup on CIFAR-100 dataset.

We would try to examine whether our proposed method for calculating mean esti-

mate has sound theoretical backing. We claimed empirically that the results in the

datasets with very few samples in many classes affects the estimation but it remains

to be proved in its entirety. If that is indeed the case a line of work can be to use

MoM for the classes where there is an acceptable amount of data and use normal

mean or some other estimator that is robust to data scarcity for the other classes.

There are statistically better sub Gaussian mean estimators than MoM. Their im-

plementation can be studied and experimented with in our setup.

After doing the comparative study for the existing approaches we have identified

a few lines of work for further enhancement of the model. (i) To use a different

and more robust loss function for the balanced classifier such as focal loss. This

might improve the representation of the features. (ii) Instead of warm up with CE

and BCE losses we can use a learning method that does not rely on the labels for

learning like contrastive learning, this might help in learning with high level of noise.

(iii) To examine the effectiveness of the Gaussian Mixture model in identifying the

clean samples and investigate applicability of alternative approaches in our setup.

(iv) The semi supervised learning uses MixMatch. There has been some advances

in the area of SSL like FixMatch, ReMixMatch, UDA, FocalMatch etc. We intend

to use those methods with our setup and check their effectiveness.
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