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Abstract: Importance sampling, a variant of online sampling, is often used in neural network training
to improve the learning process, and, in particular, the convergence speed of the model. We study,
here, the performance of a set of batch selection algorithms, namely, online sampling algorithms that
process small parts of the dataset at each iteration. Convergence is accelerated through the creation of
a bias towards the learning of hard samples. We first consider the baseline algorithm and investigate
its performance in terms of convergence speed and generalization efficiency. The latter, however,
is limited in case of poor balancing of data sets. To alleviate this shortcoming, we propose two
variations of the algorithm that achieve better generalization and also manage to not undermine the
convergence speed boost offered by the original algorithm. Various data transformation techniques
were tested in conjunction with the proposed scheme to develop an overall training method of the
model and to ensure robustness in different training environments. An experimental framework
was constructed using three naturally imbalanced datasets and one artificially imbalanced one. The
results assess the advantage in convergence of the extended algorithm over the vanilla one, but,
mostly, show better generalization performance in imbalanced data environments.

Keywords: imbalance; batch selection; sampling; convergence speed; generalization

1. Introduction

The rapid growth of deep learning in recent years is being attributed to the vast
development of hardware capabilities, as well as the abundance of available training data.
Specifically, the latter is extremely important for the training process of a deep learning
model. The vast quantity of data is very helpful for a neural network to achieve a good
generalization performance, but the particularities of the data also play a significant role.
One basic trait of a dataset is its underlying distribution and its divergence with the
theoretical (perfect) distribution of the task at hand. Sometimes, this distribution suffers
from imbalances that can make the training of a network difficult, but, more importantly, it
can affect, negatively, its generalization performance [1,2]. A distribution can be balanced
when the amount of samples per different and unique observations in a dataset is uniformly
distributed. This issue has been referred to in the literature as class imbalance in the context
of a classification problem.

Usually, in a dataset that exhibits some imbalance, there exists two types of classes.
There are the classes with a plethora of observations, named majority classes, and classes
with a lack of observations, named minority classes. This phenomenon appears quite often
in real world datasets and tasks due to various reasons; the most common one being the
existence of rare instances of a specific sample that holds great interest for the specific
problem. For example, in the field of fraud detection (i.e., fraudulent creditcard detection),
there can be many legal transactions with credit cards and only a handful where a fraud
actually occurs. However, these rare instances are the backbone of the said task and what a
machine learning algorithm should strive to learn. How the model learns to distinguish
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between majority and minority classes is the objective of a wide variety of techniques that
battle against this imbalance.

There are various methods that tackle the data imbalance problem, many of which are
discussed in the Related Work section (Section 2). In this work, we are going to elaborate
on Batch Selection with Biased Sampling (BSBS), a sampling method used for faster conver-
gence, which was originally introduced in [3]. The method focused on balanced datasets
and tried to improve the training process by giving more attention to harder samples.
However, in the real world, the vast majority of datasets are imbalanced. In this paper,
we are going to examine these kind of datasets and propose two variations to the main
BSBS algorithm.These extensions endow BSBS with higher generalization performance
on imbalanced datasets. In the experimental part of the paper, we utilize multiple data
transformation methods to test the algorithm on different aspects of the same dataset. It is
also shown that a hybrid method combining these data-transformation techniques with the
enhanced BSBS approach behaves best as far as generalization performance is concerned.

The main contributions of this paper can be summarized in the following points:

• A novel set of algorithms consisting of the original BSBS scheme that achieve better
F1-score and balanced accuracy on four different imbalanced datasets.

• An analysis of 11 different data-transformation methods and their interaction with the
proposed batch selection algorithms, as well as a comparison with 2 state-of-the-art
online sampling methods.

• The proposal of a hybrid method that combines the proposed algorithms with the
best data transformation techniques, without affecting the convergence rate of the
original algorithm.

The rest of the paper is structured as follows. Section 2 presents related work and
Section 3 describes the new methodologies used in this paper. Section 4 outlines the
experimental framework, where all the aforementioned techniques are tested. Results
are displayed and discussed in Section 5. Finally, conclusions and further research are
summarized in Section 6.

2. Related Work

In this section, we are going to discuss some popular methods regarding imbalance,
some of which are going to be employed later on during the experiments. The advantages
and disadvantages of each method are going to be highlighted, along with our contribution
in the literature. The methods for addressing dataset imbalance are mainly divided into
two main categories. The first type involves transforming the dataset and its underlying
distribution into a more balanced state. The second is based around the learning algorithm
(i.e., classifier) and the way it tackles the imbalance without changing the training dataset.
Both types of methods have been used in the literature in various ways, some of which will
be described below.

The most common techniques to tackle imbalance are dataset transformation methods.
Their goal is to change the structure of the dataset by adding, removing, or transforming
samples of the dataset in order to make it easier for models to learn to distinguish the
minority classes. Such techniques are oversampling, undersampling, and the combination
of the two, all of which are discussed in what follows.

Oversampling is one of the most popular techniques that address imbalance. Random
oversampling (ROS) is the most simple version of it, where the samples of the minority
classes are duplicated multiple times in order to reach the number of samples of the majority
classes. It is a method that does not require any heavy computational cost and can be used
successfully alongside deep learning networks, as well as many classical machine learning
techniques. However, there are some disadvantages of ROS. The main drawback occurs
when the minority classes display very low diversity. This happens in situations of extreme
imbalance, when the number of samples of the minority class is very low. The multiple
replications of the small in variety minority classes leave the overall distribution far from
a realistic one, which may lead to overfitting. Various techniques have been developed
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to alleviate this issue. One of the most used is SMOTE [4]. This method utilizes the k-
nearest neighbors (k-NN) algorithm [5] to select similar samples of the minority classes and
constructs new samples randomly by mixing them together. Thus, SMOTE produces new
synthetic data that enrich the dataset altering the underlying distribution to a more realistic
one. Many variants of SMOTE have developed over the years. Borderline-SMOTE [6] is a
variant that strives to improve the oversampling process by selecting samples that lie close
to the border of each class. These samples are more apt to be misclassified than samples
far from the borderline. Thus, borderline-SMOTE finds the borderline examples of the
minority classes and oversamples them. Another recent variant of SMOTE is the K-means-
SMOTE [7], which utilizes the K-means algorithm to divide the samples into clusters. Then,
it selects the clusters with the greater imbalance and computes a sampling weight for
each cluster. The sampling weight is later used to calculate the number of new samples
to be generated from the minority classes for each of the selected clusters. The sampling,
finally, is performed using the SMOTE algorithm. Another useful oversampling technique
is Adasyn [8], which is considered an improvement of SMOTE, as it uses k-NN to find k
neighbor samples of each minority sample. However, the difference lies in the amount
of samples that are generated. Adasyn calculates the number of samples to be generated
based on the distribution of the neighborhood of each minority sample.

Undersampling is the other popular data transformation technique that tackles im-
balance. In contrast to oversampling, undersampling removes samples from the majority
class. Specifically, the simplest algorithm, random undersampling (RUS), selects samples
from the majority classes at random and removes them until both majority and minority
classes have the same amount of samples. In general, undersampling is considered worse
compared to oversampling because deep learning techniques work better with more data.
However, there are cases where undersampling can outperform oversampling [9]. Another
undersampling algorithm is the Edited Nearest Neighbors (ENN) [10]. ENN uses the k-NN
algorithm to find the neighbors of all the samples of the majority classes. Then, it removes
the samples, wherein the majority of their neighbors belong to a different class. In other
words, it removes samples from the majority classes that lie close to the borderline of
classes. Tomek links [11] is another undersampling algorithm similar to ENN. The goal of
this method is to find the Tomek links in the dataset and remove them. The definition of a
Tomek link is a pair of two samples, one belonging in the majority and one in the minority
class, wherein both are the closest neighbor of the other. Removing them, the borders of
each class are easier for a model to learn and, as a result, improve the classification perfor-
mance. An undersampling method that utilizes data clustering is ClusterCentroids [12],
which keeps N samples from the majority class by performing a N-means clustering of the
majority class and keeping the N centroids as the new majority samples.

An interesting concept that is often beneficial for imbalanced datasets is to combine the
two aforementioned methods, undersampling and oversampling, in an effort of utilizing
their individual advantages. This can successfully create a dataset that makes it easier for a
model to learn the underlying distribution of the task. With oversampling, more samples of
the minority class are added to the dataset, and, while using undersampling, a part of the
majority class is removed in order to make it clearer to distinguish each class better. In this
work, we will look into two such algorithms, SMOTETomek [13] and SMOTEENN [14].
Both methods, firstly, use SMOTE to oversample the minority classes and, then, use Tomek
links and ENN, respectively, to clean up the majority classes. It is shown in various cases
that this combination of under- and oversampling is performing better than using just one
of the two [15].

Apart from the dataset transformation methods, there is another way to tackle imbal-
ance, and that is through the learning algorithm. In other words, the goal is to construct
algorithms (classifiers) that pay more attention to the minority classes in order to balance
out the disparity in training data. These methods usually take a different approach during
training or adjust the inference accordingly while keeping the dataset the same. Below are
outlined some widely used algorithmic methods for imbalance.
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One of the most common algorithmic methods is cost-sensitive learning [16], whose
main focus is to create models that pay more attention to minority classes to boost the
model’s performance towards them. This can be achieved in various ways that depend on
the nature of the classifier at hand. Regarding neural networks [17], this is usually referred
to as class weights. These weights are included in the computation of the loss function, so
that samples of the minority classes, with higher class weight, affect the total loss more.
Trying to minimize such loss function, the network eventually learns to display smaller
error regarding the minority classes. However, apart from the loss function, cost-sensitive
learning can be applied to the optimization update of the neural network. For example,
the learning rate or the gradients can be adapted in order to help the model learn the
minority samples.

In recent years, the development of very deep neural networks trained on large
datasets has brought to light an obstacle. It is becoming very difficult to process the dataset
all at once. This is where online training methods come into play. Specifically, regarding the
imbalance problem, instead of transforming the large dataset with under- or oversampling,
it is better to sample small parts of the dataset to be processed by the model at each training
iteration. In neural networks, this is usually manifested with the use of batches (small parts
of the dataset), which are used for the training update. Online Sampling can be beneficial
for various reasons and can be implemented in different ways, some of which will be
discussed below.

An interesting attempt at online sampling (OS) was curriculum learning [18], which
was inspired by human behavior. The basic concept is to choose easy samples at the start
of the training procedure and slowly keep introducing harder ones, as a human would.
This results in significant improvement of the training. Later, an advancement was made
with automated curriculum learning [19], where a policy defines the order of the samples
being fed to the network as training inputs. The trained policy is modified to minimize
the loss of the model. Beneficial, though, can also be the opposite idea of curriculum
learning. It was introduced with hard example mining [20], which focuses on selecting
harder samples for the network to learn in order to obtain trained faster due to the greater
gradients. Online sampling is, also, called batch selection in the context of neural networks.
In [21], an algorithm is presented that follows the general concept of hard example mining
(focusing on hard-to-learn samples during training). Each sample has a probability to be
selected in the current batch proportional to its loss. Consequently, samples with greater
loss have better chances of being selected into the batch and, as a result, into the training
process. Our approach is based on this idea and develops it further to be more efficient
training-wise as well as performance-wise.

In general, online sampling is primarily used to boost the convergence speed of
neural networks. In other words, it greatly improves the training performance of the
model. Importance sampling , a variant of OS, shows great promise in accelerating the
training of deep neural networks [22–25]. Important sampling can also help in reducing
the variance of the updates (i.e., SGD) [26], which affects positively the optimization
performance of the network. However, with respect to the scope of imbalance, the training
performance (e.g., training loss) is not the primary objective; instead, the validation metric
is how well the model can generalize training with the imbalanced dataset. In [27], it is
shown that sampling and weighting samples by difficulty can be very effective for the
validation performance of a model as well. This indicates that OS can help alleviate the
imbalance problem and train better models. In [28], the authors train neural networks with
a bilevel optimization scheme, which improves model fairness. Another recent approach
is submodular batch selection [29], which is based on submodular function maximization
and produces state-of-the-art results in various setups.

In image classification, an important technique for improved generalization perfor-
mance is data augmentation. This is a method similar to online sampling, which focuses
on creating new images by changing the original ones at the step of sampling during
training. Augmentation can help alleviate the problems of imbalanced datasets by cre-
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ating new samples of the minority class. Many works have been developed over the
years around augmentation on imbalanced datasets [30,31] and have been used in various
applications [32,33].

Finally, it is important to note that it is possible to combine most of the techniques
that are mentioned above. Every type of such methods offers something different to the
training process. Thus, hybrid methods try to construct a combination of these methods
that can achieve better results than each individual method alone. A popular approach is
ensembling. For example, SMOTEBoost [34] is a mix of SMOTE oversampling and boosting.
Another similar hybrid method is RUSBoost [35], which, instead of SMOTE, utilizes the
RUS algorithm. Apart from boosting, bagging can also be combined with imbalance
techniques [36]. In [37], two hybrid methods, EasyEnsemble and BalanceCascade, are
presented, which use undersampled datasets with a set of classifiers applying the concept
of ensembling.

All the aforementioned methods have been used in various applications and display
different advantages and disadvantages. Below, Table 1 summarizes some basic advantages
and disadvantages of the general methods that are described in this section. Our approach
belongs to the algorithm-based methods, but is able to work in conjunction with the data
transformation ones for increased performance. The proposed algorithm tries to be scalable
to bigger datasets while needing less preprocessing (advantages of online sampling), but,
at the same time, it strives to incorporate some of the advantages of oversampling and
undersampling (removal of redundant samples, creation of synthetic data).

Table 1. Advantages and disadvantages of all the methods in literature.

Methods Advantages Disadvantages

Oversampling - More data useful for NNs
- Can add synthetic data

- Increases learning time
- Preprocessing computational cost

Undersampling - Removal of redundant samples
- Less storage needed - Can discard useful data

Cost sensitive learning - Better with larger datasets - Difficult hyperparameter tuning

Online Sampling - Less preprocessing
- Scalable to very large datasets - Longer training time

3. Methodology

In this section, we present batch selection with the biased sampling (BSBS)algorithm,
along with its two variants. The overall approach builds upon the concept that, if a
model gives more attention to harder samples, convergence speed will be increased. Our
aim is to derive enhanced extensions of the algorithm, that—in addition to convergence
acceleration—will boost generalization efficiency regarding the imbalance problem.

3.1. Batch Selection with Biased Sampling

An original version of the BSBS approach appeared in [3]. Training of a neural network
can be formulated as a non-convex optimization problem aiming to minimize a loss function.
Given a dataset, the optimization goal is to minimize the sum of the losses across all data
samples. The training process usually consists of two steps that are repeated through a
certain number of epochs:

• Sampling a batch of samples according to a distribution P
• Applying the update with regard to the chosen optimizer algorithm (i.e., SGD)

The algorithm batch selection with biased sampling focuses on the first step. At
the end of each epoch, BSBS finds k samples with the lowest loss (easy examples) and
swaps them out, replacing them with the k highest loss samples (difficult ones). Essentially,
during each epoch, the model sees the hard samples twice while the easier ones none.
Here, we are going to introduce some notation. Let X be the dataset, HLk ⊆ X be the k
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highest-loss samples, and LLk ⊆ X be the lowest-loss ones. Consequently, at each epoch,
the trainset changes from the original X, so it is better to refer to the trainset as Xt at the t
epoch. The trainset can be written in the following form:

Xt = (X− LLk
Xt−1

) ∪ HLk
Xt−1

= LLk ′
Xt−1
∪ HLk

Xt−1
, (1)

with LL′Xt−1
being the samples that do not belong in LLk

Xt−1 . It is preferable to use the
second part of the Equation (1) because it makes the implementation easier. However,
to compute HL and LL accurately, an extra forward pass is needed at the end of each epoch.
This creates a large overhead, which is quite time consuming. It was shown that a good
approximation of those sets can be derived from the batch loss (BL), which is the loss
obtained after each batch update. BL is not ideal because samples, which were selected in
the initial batches of the epoch, might have a substantial difference in loss at the end of the
epoch compared to the loss depicted in BL.

Nonetheless, because the algorithm only needs the k highest and lowest-loss samples
and not the actual loss values, it is possible to take advantage of BL, as shown in [3]. For the
LL set, the lowest losses of BL are located and swapped out. For the HL, an exponential
moving average (EMABL) of BL is computed to find the highest losses. The EMABL can be
written as:

EMABLt = lm ∗ EMABLt−1 + (1− lm) ∗ BLt, (2)

with lm ∈ [0, 1] being the momentum of the exponential moving average of batch loss
(BL). Before writing the two sets in formulas, the notation of the k highest (or lowest)
elements of a set will be introduced. Let S be a set with k or more elements. Then,
the highest k elements of S will be noted as Ĥk(S) and the lowest k elements of S as L̂k(S).
Below, Equations (3) and (4) show the formula for the approximation of the LL and HL
sets, respectively:

LLk
t = L̂k(BLt), (3)

HLk
t = Ĥk(EMABLt). (4)

In order to implement this, two arrays must be created for BL and EMA, respectively,
which store the losses of each sample of the dataset. To find the k highest (or lowest)
elements of these arrays, the introselect algorithm [38] is used. The full algorithm can be
summarized in pseudocode in Algorithm 1. The hyperparameter lm for the momentum of
the moving average is set to 0.7 and the initialization of the moving average to zeros.

Algorithm 1: Batch Selection with Biased Sampling
Parameters: dataset D, number of epochs T, number of datapoints N, batch size B,
loss momentum lm, number of datapoints to be swapped k, indexes of samples
inds.Initializations: inds = [0, . . . , N − 1], lm = 0.7

for t = 0 to T do
Xt = D[inds];
for b = 0 to N/B do

b_inds← SelectBatch(Xt, b)
losses(b_inds)← ForwardPass(Xt[b_inds])
UpdateWeights(losses)
BL[b_inds]← losses
EMA[b_inds] = lm ∗ EMA[b_inds] + (1− lm) ∗ losses

end
HL← Ĥk(EMA)
LL← L̂k(BL)
inds← HL ∪ LL′

end
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3.2. BSBS with Re-Enters

The purpose of the variants of BSBS is to alleviate some shortcomings of the algorithm
that might arise while it strives to speed up the convergence. The main obstacle of BSBS
concerns the easy samples of the dataset (i.e., the samples that constantly, at least at the
first stages of training, display quite low loss). When a sample has low loss for a certain
duration, then the algorithm will remove it from training continuously. If the removal of
the same samples continues for many epochs, then this has shown, empirically, that it hurts
the generalization performance. Additionally, the absence of a sample from batches results
in outdated stored loss values (BL). The danger is that with many network updates the
actual losses of the removed samples might tend to rise. That does not happen, though,
with all samples that are swapped temporarily from the trainset. A sample of the LL set,
even though it does not update its loss value, is bound to return to the trainset because later
updates will eventually reduce the loss of at least k samples to a value less than the outdated
value of the removed sample. This prevents removed samples from being removed for
all epochs. However, it has been observed in some datasets that some samples might
display extremely low loss values at some point in time and subsequently removed from
the training procedure for many epochs. This phenomenon can be problematic regarding
generalization in an imbalanced setting and, for this reason, BSBS is improved with the
implementation of re-enters.

BSBS with re-enters revolves around finding the samples that are left the most out
of training and putting them back in the next epoch. We are specifically interested in the
samples that are continuously left out (i.e., for many consecutive epochs) because these
samples have the most outdated stored loss values. To find them, we construct a matrix
where the number of the consecutive out-of-training epochs is stored for each sample. Then,
a threshold is defined, which controls if samples should be re-entered in the next set of
batches. Let the matrix of consecutive out-of-training epochs be ST (swapped times) and
the threshold of a re-enter Esw. When STi (of the ith sample) surpasses the threshold, then
we modify the stored loss in BL in order to prevent the sample i from getting categorized in
the LL set. There can be various ways to do that. In this implementation, we changed the BL
value of those samples to the mean value of all losses. The reason for that was to guarantee
that the re-entered samples will not fall neither in LL nor in HL. Thus, the samples will
be added just once in the next training epoch. The full algorithm of BSBS with re-enters is
displayed in Algorithm 2.

3.3. Noisy BSBS

Apart from re-enters, BSBS can be improved regarding generalization in another way.
As mentioned in Section 2, one of the problems of extreme imbalanced datasets is the limited
variety of minority samples. This makes it difficult for the network to learn a distribution
close to the ideal. Inspired by algorithms, such as SMOTE [4], as well as techniques such
as augmentation [39–41], which are often used in deep learning, we propose Noisy BSBS,
another variant to the main algorithm. Noisy BSBS revolves around adding noise to a part
of the features of the samples in order to artificially construct new samples for the training.
The algorithm, at first, creates a random noise mask, Mi, for each sample, consisting of
{0, 1}, with equal probability for both. This mask designates the features of each sample
in which noise will be added. Therefore, there is a 50% chance that a feature will become
noisy or left as it is. The reason for this probabilistic noise is that we do not want the model
to learn a steady noise and risk the chance of overfitting to it. The type of noise that is used
is following a normal (Gaussian) distribution with zero mean and standard deviation equal
to 0.2. However, the noise is not added to the whole dataset. We select the LL′ set before
the swaps to be the noisy set. As a result, the final trainset for each epoch is the noisy LL′

set and the clean HL set. This can be written in the following form:

Xt = Noisy(LL′) ∪ HL. (5)



Algorithms 2023, 16, 65 8 of 20

The idea behind the choice of that particular set was to force the network to learn
both the original and the noisy version of the difficult samples (HL set). In this way, we
increase the diversity of the difficult samples. Not only that, but, adding noise to the
medium difficulty samples (samples that do not belong neither in LL nor in HL) increases
the probability to find another hard sample. However, finding hard samples from noisy
data might imply some danger. The noisy sample might not resemble a realistic instance of
the problem at hand due to the noise. This is why the amplitude of the added noise is very
significant to the performance of the algorithm. Algorithm 3 presents Noisy BSBS in detail.
It is important to note that the two variants of BSBS can work together. The combined
version is called Noisy BSBS with re-enters, and both components work independently. This
means that the “noisy” part still adds noise at the start of the epoch, while the “re-enter”
part returns the most forgotten samples at the end of each epoch. To distinguish them better,
the following abbreviations are introduced: BSBS with re-enters will be BSBS-R, Noisy BSBS
will be NBSBS, and the combination of both will become NBSBS-R. In the following section,
the performance of the three will be compared and analyzed.

Algorithm 2: BSBS with re-enters
Parameters: dataset D, number of epochs T, number of datapoints N, batch size B,

loss momentum lm, number of datapoints to be swapped k, indexes of samples
inds, swapped times ST, re-enter threshold Esw.

Initializations: inds = [0, . . . , N − 1], lm = 0.7
for t = 0 to T do

Xt = D[inds];
for b = 0 to N/B do

b_inds← SelectBatch(Xt, b)
losses(b_inds)← ForwardPass(Xt[b_inds])
UpdateWeights(losses)
BL[b_inds] = losses
EMA[b_inds] = lm ∗ EMA[b_inds] + (1− lm) ∗ losses

end

r_inds← select(ST ≥ Esw)

µ = ∑i BLi
N

BL[r_inds] = µ

HL = Ĥk(EMA)
LL = L̂k(BL)
inds = HL ∪ LL′

ST[LL]+ = 1
ST[inds] = 0

end
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Algorithm 3: Noisy BSBS
Parameters: dataset D, number of epochs T, number of datapoints N, batch size B,

loss momentum lm, number of datapoints to be swapped k, indexes of samples
inds, standard deviation of noise σ.

Initializations: inds = [0, . . . , N − 1], lm = 0.7, σ = 0.2
for t = 0 to T do

Xt = D[inds];
if t > 0 then

Mt = random{0,1}(prob = 0.5)
noise = sample(N (0, σ2))
Xt[LL′] = Xt[LL′] + Mt ∗ noise

end
for b = 0 to N/B do

b_inds← SelectBatch(Xt, b)
losses(b_inds)← ForwardPass(Xt[b_inds])
UpdateWeights(losses)
BL[b_inds] = losses
EMA[b_inds] = lm ∗ EMA[b_inds] + (1− lm) ∗ losses

end
HL = Ĥk(EMA)
LL = L̂k(BL)
inds = HL ∪ LL′

end

4. Experimental Framework

In this section, the experimental framework will be presented. BSBS, BSBS-R, NBSBS,
and the combination of the last two will be compared with each other. We will apply
and test the above algorithms along with 11 data transformation techniques, which were
mentioned in Section 2, in order to create a better environment for testing imbalanced
datasets and to ensure the robustness of the overall procedure. The techniques consist
of four undersampling methods (RUS, ENN, ClusterCentroids, and Tomek links), five
oversampling methods (ROS, SMOTE, Adasyn, borderline-SMOTE, and KMeans-SMOTE),
and two hybrid ones (SMOTEENN and SMOTETomek). The combination of the data
transformation methods and BSBS (and its variants) will also be examined to see if the
combination of the two leads to better generalization performance of the models. All the
data transformation algorithms were run with their default hyperparameters (for more
details, see the code repository at the end of the paper).

The experiments revolve around four datasets, three of which are naturally imbalanced,
and one is artificially imbalanced. The naturally imbalanced datasets are the ozone level
detection dataset [42], the adult dataset [42], and the default of credit card clients [42].
The artificially imbalanced dataset is MNIST [43], which will be modified in order to
become imbalanced. Each dataset has a different imbalance ratio in order to assess the
performance of the methods in different situations. Imbalance ratio is defined as the
fraction of the number of samples of the majority classes over the number of samples of
the minority classes. More details about each dataset are given in the following section.
The architectures of the networks, which were trained for each dataset, can be found in the
Appendix. For each setup, the weights of the networks are initialized to the same values.
All networks are being trained with the Adam optimizer [44] with 0.001 learning rate using
the categorical cross-entropy loss function. For the first three datasets, the networks were
trained for 10 epochs, while for MNIST, they were trained for 15.

The experimental process can be summarized in the following steps:
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1. The dataset is processed by a data-transformation method (of the ones mentioned
above). For example, we apply ROS on the ozone dataset and the samples of the
minority class are duplicated in order to reach the number of samples of the major-
ity class

2. The transformed dataset, then, is fed to the neural network to start the training process
and apply NBSBS-R.

3. At the start of each epoch a noise mask is computed and applied to the dataset.
The only exception is the first epoch, where we do not have any loss values yet.

4. Then, the usual training of a neural network ensues, where stochastic gradient descent
(or some variant) is applied to every batch at that epoch.

5. At the end of each epoch, the new losses are stored, and the samples are evalu-
ated either as easy or hard. Finally, the easy samples are swapped out and a new
epoch starts.

4.1. Metrics

To assess the performance of the trained models the following metrics were used:
accuracy, balanced accuracy, F1 macro, and ROC AUC macro (Equations (9)–(11)). These
metrics can accurately depict how well the model behaves in an imbalanced environment.
In order to calculate these metrics, we must first compute three utility metrics precision,
recall, and specificity in order to calculate the above metrics.

Precision =
TP

TP + FP
, (6)

Recall =
TP

TP + FN
, (7)

Speci f icity =
TN

TN + FP
, (8)

with TP indicating the “True Positives”, FP the “False Positives”, TN the “True Negatives”
and FN the “False Negatives”. The formulas of the metrics are as follows (Equations (9)–(11))

Accuracy =
TP + TN

TP + TN + FP + FN
, (9)

Balanced Accuracy =
1
2
∗ (Recall + Speci f icity), (10)

F1 =
2 ∗ Recall ∗ Precision

Recall + Precision
. (11)

For the ROC AUC score, we computed the area under the curve created by plotting
the true positive rate (also known as recall) against the false positive rate. We used the
macro version of the metrics instead of the micro due to the fact that it depicts better the
performance of a model regarding imbalance. It is important to note that, for the rest of
the paper, the hyperparameter k will be written as a percentage of the total number of
samples in the dataset. In every dataset, four values of k were tested (0, 0.1, 0.15, 0.2), with 0
meaning without BSBS. The first comparison of performance will be between BSBS and its
variants to see if there is an improvement. The second part of comparisons revolves around
how BSBS performs with every data transformation method mentioned above. This way
we can assess how BSBS can help the generalization performance in different scenarios
and analyze which data transformation method is more suitable with it. The format of
the results will be presented in the tables below. For each data transformation technique,
the first row is a run with no BSBS, while the second row shows the best experiment of
BSBS out of all values of k and out of all variations (re-enters or noisy).
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4.2. Hyperparameter Tuning

The hyperparameters that the variations of BSBS introduced are: the re-enter threshold
Esw and the variance of the noise σ. Both of the hyperparameter optimal values have been
determined after exhaustive grid search (50 runs). The Esw was set to the 0.2 of the total
epochs. It seems that it is an adequate choice for a default setting. However, when the
training dataset is quite large and the training epochs are more than 1000, then it would
be better to decrease it to 0.1 of the total epochs. Regarding the variance of the noise σ, it
was set to 0.2. For datasets that are not normalized, this value has to change dramatically
in order to make an impact on larger features, but, usually, this is not the case in neural
networks. For the setup that was selected, the datasets should be normalized for the best
performance of the algorithm. Otherwise, a normalization layer should be added at the
beginning of the networks. The number was selected after some searching in order to
actually affect the features without distorting them. It would be interesting for future work
to test different kinds of noise (not Gaussian).

5. Results and Discussion

The results for each dataset are presented in the subsections below, as well as some
details about the implementations of each experiment. There is also a discussion about the
effects on the convergence of the training and a comparison regarding the generalization
performance between other online sampling methods. The rest of the section report results
for many dataset transformations in order to ensure the robustness of the method and
search for a hybrid combination that performs the best.

5.1. Ozone Level Detection

The first dataset used in the experiments is the ozone level dataset [42] (one-hour peak
version). The dataset consists of 2536 samples with 73 features. There are two classes, ozone
day and normal day, with the first being the minority. After some samples were removed
due to many missing values, the final imbalance ratio is around 32:1. Because the dataset
does not have a specified test set, a stratified five-fold cross-validation was employed to
ensure the overall robustness of the generalization metrics. Before training, the dataset was
normalized using standardization. The architecture used in this experiment is shown in
Table 2. Table 3 shows the results of the experiments that were run.

We can see that, in most cases, BSBS improves even by a small amount the metrics,
especially balanced accuracy and F1-macro. We can see that re-entering samples (that
were thought of as easy) really helps in boosting the performance in most of the runs.
In 9 out of 12 cases, the variants of BSBS performed better than the original algorithm.
The ClusterCentroids, Tomek links, and Adasyn experiments showed that the original
BSBS was better than the additions. Regarding the best performance, Tomek links with
BSBS(0.15) were the best, accuracy-wise. ROS combined with NBSBS-R(0.1) achieved the
best balanced accuracy around 0.842, while SMOTE combined with NBSBS-R(0.2) reached
the best F1-macro score. ROS and SMOTE seem to have benefited from the stochastic noise
that our algorithm added to some features.It is important to note that the undersampling
techniques seem to work better without the noise counterpart of the algorithm, in contrast
with the ovesampling ones. This may result from the fact that adding noise to a reduced
dataset makes it quite more unrealistic. On the other hand, with an oversampled dataset,
the network can learn more meaningful and complex representations from both natural
and noisy features.

Table 2. Model architecture for the ozone and the adult datasets (dense model).

Layer Units Activation

Dense 100 ReLU [45]
Dense 30 ReLU
Dense 2 Softmax
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Table 3. Results for the ozone dataset.

Dataset Transformation BSBS(k) Re-Enters Noisy Accuracy Balanced
Accuracy F1-Macro ROC-AUC

None - - - 96.96 51.79 52.43 88.63
0.1 X X 97.13 57.26 59.86 89.32

RUS - - - 76.45 78.24 51.87 87.96
0.1 X - 81.97 81.49 81.97 88.06

ENN - - - 96.96 52.45 53.41 88.46
0.1 X - 97.07 62.58 64.67 89.47

ClusterCentroids - - - 64.60 77.24 45.64 86.74
0.1 - - 64.71 77.32 45.73 87.14

Tomek Links - - - 96.96 52.42 53.34 88.77
0.15 - - 97.18 56.73 59.54 89.07

ROS - - - 93.77 83.60 66.79 90.26
0.1 X X 95.56 84.21 67.98 90.30

SMOTE - - - 94.15 82.52 67.38 90.19
0.2 X X 95.72 83.49 70.40 90.31

Adasyn - - - 93.93 83.15 66.79 90.21
0.2 - - 94.69 83.79 67.97 90.44

Borderline-SMOTE - - - 94.75 80.12 67.81 90.61
0.2 X - 96.10 80.30 70.20 90.40

KMeans-SMOTE - - - 95.13 79.14 67.77 89.60
0.1 X X 95.94 77.82 69.38 89.66

SMOTEENN - - - 91.34 82.44 64.50 89.86
0.15 X X 93.50 83.56 67.17 89.92

SMOTETomek - - - 94.21 82.09 66.99 90.29
0.1 X X 95.18 82.87 68.13 90.32

Bold indicates the best performance in a specific metric.

5.2. Adult

The second dataset is the adult dataset [42], also known as the census income dataset.
The purpose of this dataset is to predict whether income exceeds 50 K/yr based on census
data. The dataset has 32,561 training samples and 16,281 test samples with 14 features.
The samples with missing values were removed from the training set and the test set
due to their small number. A log-transformation was applied to the features “capital-
gain” and “capital-loss” because of their great range. Then, the numerical features were
normalized with a MinMax scaler, while the categorical features were transformed into
one-hot encoding. There are two classes in the dataset, one majority and one minority.
The imbalance ratio between majority and minority is around 3 to 1. The architecture of
the model is the same as the one in the ozone dataset (see Table 2). Table 4 summarizes the
results. It is clear that, in most situations, the variants of BSBS have improved the balanced
accuracy and F1-macro of the model, with the best F1-macro score being achieved by
NBSBS-R(0.2)without any data transformation technique, while the best balanced accuracy
was reached by NBSBS-R(0.2) in combination with SMOTE. The ROC-AUC scores are very
close to each other without any improvement. The only setup where BSBS was better than
its variants was when combined with ClusterCentroids, which show a similarity with the
ozone dataset. However, the undersampling methods now seem to work better with the
noisy setup and without re-enters unlike the oversampling ones.
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Table 4. Results for the Adult dataset.

Dataset Transformation BSBS(k) Re-Enters Noisy Accuracy Balanced
Accuracy F1-Macro ROC-AUC

None - - - 84.41 78.39 78.43 89.82
0.2 X X 84.01 79.83 78.52 89.57

RUS - - - 81.20 81.35 77.21 89.69
0.1 - X 82.35 81.41 77.59 89.47

ENN - - - 82.31 81.38 77.83 89.65
0.1 - X 82.51 81.14 77.72 89.57

ClusterCentroids - - - 77.96 79.31 74.08 86.90
0.15 - - 78.24 79.22 74.47 86.39

Tomek Links - - - 84.38 78.94 78.39 89.78
0.15 X X 83.71 80.47 78.10 89.52

ROS - - - 80.74 81.33 76.81 89.84
0.2 X X 82.01 81.04 77.13 89.63

SMOTE - - - 81.16 81.23 77.14 89.66
0.2 X X 82.55 81.87 77.26 89.52

Adasyn - - - 79.26 80.96 75.79 89.47
0.15 X X 81.48 80.92 76.45 89.39

Borderline-SMOTE - - - 78.49 80.91 75.02 89.06
0.15 X - 80.68 81.09 76.08 89.19

KMeans-SMOTE - - - 82.26 80.23 77.42 89.33
0.15 X X 82.43 80.42 77.58 89.89

SMOTEENN - - - 81.36 81.17 76.94 89.53
0.15 X - 80.50 81.28 76.98 89.37

SMOTETomek - - - 80.69 81.33 76.83 89.62
0.1 X - 82.23 81.30 77.34 89.71

5.3. Default of Creditcard Clients

Another tabular dataset that was used in this work is default of creditcard clients [42].
This dataset aimed at the case of customer default payments in Taiwan and compares the
predictive accuracy of probability of default among six data mining methods. The dataset
contains 30,000 samples with 24 features. Similarly, with the ozone level detection dataset,
this dataset does not have a specified test set, so a stratified five-fold cross-validation was
also employed. There are two classes with a big difference in samples per class, resulting in
an imbalance ratio of 3.5 to 1. The architecture of the model can be seen in Table 5.

Table 5. Model architecture for the default of credicard clients dataset (Dense model).

Layer Units Activation

Dense 100 ReLU
Dense 30 ReLU

Dropout (0.5) - -
Dense 2 Softmax

One-hot encoding and feature scaling (standardization) was also applied. Table 6
exhibits the results of the experiments of this dataset. The variants of BSBS seem to
have achieved better performance than its original version, except from SMOTE, where
BSBS(0.2) performed the best. Regarding overall performance, RUS combined with BSBS-
R(0.1) reached the highest balanced accuracy, while ENN with BSBS-R(0.15) achieved the
highest F1-macro score.
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Table 6. Results for the default of creditcard clients dataset.

Dataset Transformation BSBS(k) Re-Enters Noisy Accuracy Balanced
Accuracy F1-Macro ROC-AUC

None - - - 82.06 66.00 68.45 77.52
0.15 - X 81.62 67.95 69.56 76.58

RUS - - - 77.66 70.73 69.21 77.37
0.1 X - 77.77 71.28 69.02 76.93

ENN - - - 80.36 70.42 70.47 77.50
0.15 X - 80.12 70.61 70.98 77.26

ClusterCentroids - - - 47.10 61.06 46.64 73.18
0.15 - X 49.87 61.89 48.94 73.08

Tomek Links - - - 82.00 66.77 69.03 77.51
0.15 X X 81.74 67.55 69.37 77.15

ROS - - - 77.46 70.67 69.10 77.54
0.1 - X 77.45 71.18 69.24 76.74

SMOTE - - - 81.74 67.97 69.72 77.25
0.2 - - 81.45 68.30 69.56 76.85

Adasyn - - - 81.75 67.74 69.63 77.03
0.15 X - 81.38 68.48 69.31 76.58

Borderline-SMOTE - - - 81.76 68.05 69.69 77.33
0.1 X - 81.42 68.46 69.71 76.94

KMeans-SMOTE - - - 81.68 67.87 69.53 76.99
0.1 X X 81.71 68.06 69.69 76.93

SMOTEENN - - - 78.74 70.17 69.32 76.58
0.2 X X 79.71 70.10 69.81 76.42

SMOTETomek - - - 81.76 67.50 69.37 77.42
0.2 X X 81.75 67.79 69.59 77.09

5.4. MNIST

MNIST [43] is the artificial imbalanced dataset used in the experiments. It consists of
60,000 grayscale 28× 28 images of handwritten digits for training and 10,000 for testing.
There are 10 classes (0–9 digits), and it is fairly balanced. In order to make it imbalanced,
a sample removing scheme was selected, similar to [46]. For each of the classes, a new
dataset will be created, where, from the selected class, 90% of the samples will be removed.
In other words, MNIST will be transformed into 10 datasets, where the ith dataset has the
ith class as the minority class . Testing the algorithms with different minority classes for
the same dataset gives us a more clear view of the performance of the models. Moreover, it
ensures the robustness of the results. Regarding preprocessing, the images were scaled to
[0.1] by dividing them with 255. The architecture of the model can be seen on Table 7.

Table 7. Model architecture for the MNIST dataset (CNN model).

Layer Units Activation

Conv2D 32 (3 × 3) ReLU
Conv2D 64 (3 × 3) ReLU

MaxPooling - -
Flatten - -
Dense 128 ReLU

Dropout (0.5) - -
Dense 10 Softmax
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In Table 8, the results of the experiments are displayed. The scores of the metrics
are the average of the 10 versions of the dataset that we were created. It seems that
ROS with NBSBS-R(0.1) performs the best in every metric. For each data-transformation
method, the variants of BSBS have outperformed the vanilla version. In the majority of the
situations, BSBS-R seems to achieve better scores than NBSBS, with the exceptions of RUS,
ClusterCentroids, TomekLinks, and SMOTETomek.

Table 8. Results for the MNIST Dataset.

Dataset Transformation BSBS(k) Re-Enters Noisy Accuracy Balanced
Accuracy F1-Macro ROC-AUC

None - - - 98.92 98.91 98.91 99.98
0.1 X - 99.09 99.08 99.08 99.99

RUS - - - 96.86 96.85 96.85 99.68
0.15 - X 98.08 98.08 98.07 99.97

ENN - - - 89.21 89.24 88.42 95.09
0.1 X - 98.77 98.76 98.76 99.98

ClusterCentroids - - - 96.02 95.99 96.03 99.90
0.2 - X 97.83 97.81 97.83 99.96

Tomek Links - - - 98.90 98.89 98.89 99.98
0.2 - X 99.09 99.08 99.08 99.99

ROS - - - 99.00 98.99 98.99 99.98
0.1 X X 99.17 99.16 99.16 99.99

SMOTE - - - 98.97 98.96 98.96 99.98
0.2 X - 99.12 99.11 99.11 99.99

Adasyn - - - 98.93 98.92 98.92 99.98
0.2 X X 99.10 99.09 99.09 99.99

Borderline-SMOTE - - - 98.91 98.90 98.90 99.97
0.2 X - 99.07 99.06 99.06 99.99

KMeans-SMOTE - - - 98.90 98.89 98.89 99.98
0.2 X - 99.09 99.08 99.08 99.99

SMOTEENN - - - 80.36 80.50 78.84 89.84
0.1 X - 98.79 98.78 98.78 99.98

SMOTETomek - - - 98.97 98.96 98.96 99.98
0.2 - X 99.13 99.12 99.12 99.99

To observe the results more clearly, Figure 1 exhibits the mean increase in balanced
accuracy and F1-score for each of the datasets across all data-transformation techniques. It is
evident that NBSBS-R helps the generalization performance of most setups that were tested.

5.5. Effects on the Convergence

In principle, the BSBS algorithm is used to improve the convergence speed of the
neural network. With the addition of the three new variations of the algorithm—(BSBS-R,
NBSBS, and NBSBS-R)—it is imperative to examine how these affect the convergence of
the model in general. Usually, the convergence speed is measured the number of epochs
it takes to reach a certain score in loss (or accuracy) with respect to the trainset. In order
to show that, we will plot the training curve of the accuracy over the epochs of the model.
Three data transformation methods were selected for this, ROS, SMOTE and Adasyn. We
chose these three because they construct a bigger dataset (oversampling), which will better
display the comparison of training speeds. Four setups are compared: training without
BSBS, a BSBS(0.1), a NBSBS-R(0.1), and, lastly, a NBSBS-R(0.2). In Figure 2, the training
curves are displayed. All BSBS methods are converging much faster, and we can see, in the
SMOTE graph, in the middle, that NBSBS-R is a little faster than BSBS at the first epochs,
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which shows that the variants could be able to achieve better speed at certain situations.
Overall, it is clear that the convergence boost that BSBS provides does not decrease when
using the variants. On the contrary, it can be beneficial sometimes, although this has to be
proven with more experiments and is left as future work.

5.6. Comparison with Other Sampling Methods

We tested our algorithm (without any data-transformation applied) with known online
sampling algorithms, which have the ability to cope with dataset imbalance. Specifically,
online batch selection [21] was selected because it seems to be the first study that incorpo-
rates the adaptive batch selection idea. Another sampling technique that was tested was
submodular batch selection [29]. The results on the four imbalanced datasets can be found
on Tables 9 and 10 for F1-score and balanced accuracy, respectively. We can see that NBSBS-R
performs better than the other methods in both metrics in most of the cases.

Apart from generalization performance, the computational cost of a method is an im-
portant characteristic. Below, Table 11 shows the mean training time of the three algorithms
that are compared. We can see that our approach is the fastest among the three and in some
datasets it finishes training in half the time of the rest. This is being attributed to the fact
that the loss that categorizes samples as easy or difficult is an approximation instead of the
actual batch loss.
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Figure 1. The mean increase in Balanced Accuracy (on the top) and F1-score (on the bottom) for the
four datasets among all the different data-transformation techniques.
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Figure 2. The training curves of the models for three different data-transformation methods (ROS at
the top, SMOTE at the middle, Adasyn at the bottom).

Table 9. F1-score comparison on the generalization with other online sampling methods.

Methods Ozone Adult Credit Card MNIST

Online Batch Selection [21] 58.27 76.92 68.91 98.32
Submodular [29] 59.22 77.46 68.87 99.09
NBSBS-R (ours) 59.86 78.52 69.56 99.08

Table 10. Balanced accuracy comparison on the generalization with other online sampling methods.

Methods Ozone Adult Credit Card MNIST

Online Batch Selection [21] 57.12 76.88 67.75 98.64
Submodular [29] 57.18 77.97 67.21 99.07
NBSBS-R (ours) 57.26 79.83 67.95 99.08
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Table 11. Comparison of mean training times for each dataset.

Methods Ozone Adult Credit Card MNIST

Online Batch Selection 38.4 ± 0.7 217 ± 1.5 79.4 ± 1.4 527.4 ± 2.2
Submodular 29.1 ± 0.6 156.7 ± 1.5 67.5 ± 1.1 408.3 ± 1.2

NBSBS-R (ours) 9.0 ± 0.9 45.9 ± 1.346 38.1 ± 1.2 204.5 ± 2.7

6. Conclusions

To summarize, this work tackles the problem of imbalanced datasets. These types of
datasets are common in real world applications. The objective is to develop methods and
algorithms in order to train neural networks that achieve better generalization performance.
In this study we presented the sampling algorithm BSBS and proposed two extensions: the
first one is through re-enters, while the second one is through added noise in some features
of specific samples. The algorithm selects hard examples with certain criteria so that it
boosts the learning ability of the network while learning the minority samples adequately.

Through the experimental evaluation, we demonstrated that the proposed algo-
rithm NBSBS-R performs better than the original in four datasets. A variety of data-
transformation techniques were tested, and it was shown that our algorithm improved
their performance when used in combination. Across all four datasets, the improvement
was from +0.2% up to +5% in some cases regarding balanced accuracy and F1-score. It was
also shown that the best setup is, usually, a hybrid method of using a data transforma-
tion method (such as SMOTE, RUS, ROS, SMOTETomek, or ENN) alongside NBSBS-R.
A comparison was also made with other online sampling methods that showed that NBSBS-
R achieves higher F1-score and balanced accuracy. Finally, it was shown that the hybrid
method does not suffer any drawbacks regarding the convergence speed, which the original
algorithm strives to achieve.

For future work, it would be interesting to incorporate to the main algorithm an
adaptive batch size selection. Then, the model can also choose the number of selected
samples per batch during the training process along with which samples to include. This
can be very beneficial in both performance and computational efficiency. Small batches
may lead to better generalization, while bigger ones can accelerate the training time. Other
future directions can be the reduction of the memory needed for NBSBS-R to store the
sample losses. This can lead to reducing the computational cost and the training time of
the algorithm.
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Abbreviations
The following abbreviations are used in this manuscript:

ROS Random Oversampling
RUS Random Undersampling
k-NN K-Nearest Neighbors
SMOTE Synthetic Minority Oversampling Technique
ENN Edited Nearest Neighbors
OCC One-Class Classification
SVDD Support Vector Data Description
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SVM Support Vector Machines
OS Online Sampling
SGD Stochastic Gradient Descent
BSBS Batch Selection with Biased Sampling
BL Batch Loss
LL Low Loss (set)
HL High Loss (set)
EMA Expontential Moving Average
NBSBS-R Noisy BSBS with Re-enters
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