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ABSTRACT

Class imbalance issues are very common among real-world
datasets. Traditional oversampling approaches are inter-
polation based and are not well suited for image datasets.
These techniques lead to class overlapping and the genera-
tion of visually unappealing minority class images. Lately,
Generative Adversarial Network (GAN)-based models are
used widely for oversampling of image data; however, the
learning bias towards the majority classes lead to generation
of majority classes in excess and minority classes in rarity.
Most of the existing oversampling techniques work on data
space, whereas low-dimensional latent space for oversam-
pling is less explored. To tackle these issues, we propose a
novel latent space oversampling framework called Structure
Enforcing Adversarial Learning (SEAL). In the proposed
architecture, the generator is trained by additionally minimiz-
ing the structure loss. This boosts the generation of synthetic
samples, which retain the covariance structure of each class.
The proposed model is evaluated on four image datasets and
is compared with the state-of-the-art methods.

Index Terms— Class imbalance, oversampling, genera-
tive models, latent space, structure loss

1. INTRODUCTION

Class imbalance has always been a major issue for the ma-
chine learning (ML) community. A class imbalance arises
due to the unequal number of training samples for different
classes in a dataset. The important class in a real-world imbal-
anced dataset is the minority class(es). However, the learning
bias of most ML algorithms towards the majority class af-
fects the generalization of unseen data and tends to wrongly
classify the minority class(es). Examples of real-world imbal-
anced datasets are medical diagnosis, credit fraud detection,
and wafer defect detection.
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Class imbalance issues are usually countered using data-
level [1-4], algorithm-level [S] and ensemble learning tech-
niques [6, 7]. In data-level methods, samples are gener-
ated/removed by oversampling/undersampling techniques or
randomly re-sampling of available data. Algorithm-level or
cost-sensitive techniques assign different costs to different
classes according to their distribution. Misclassification of
minority class(es) is given a higher weightage compared to
misclassification of majority class(es). Ensemble techniques
combine several classifiers to improve the classification per-
formance of imbalanced data.

These traditional techniques work well for classical ML
models and tabular data. However, image data is more com-
plex compared to tabular data. Conventional oversampling
techniques cause class overlap and tend to generate mean-
ingless pixel values [8]. Data augmentation techniques are
widely used to balance the imbalanced image datasets. Deep
generative models are capable of learning the data distribu-
tion and they can generate real looking synthetic images. Two
of the most popular generative models are Generative Adver-
sarial Networks (GANSs) [9], and Variational AutoEncoders
(VAEs) [10]. These models can generate new samples closer
to the original data, but when these models are trained on im-
balanced data, they suffer from learning bias, mode collapse,
stability issues and generation of blurred images.

Most of the existing oversampling techniques generate
new minority samples either by interpolating between the se-
lected minority class samples or as a convex combination of
existing minority class samples. These techniques are nei-
ther exploiting the minority class data distribution nor the
structure of the data. These oversampling techniques result
in poor utilization of data space and this leads to class over-
lap. To overcome these drawbacks, Structure Enforcing Ad-
versarial Learning (SEAL) architecture for multi-class imbal-
ance learning is proposed in this paper. SEAL minimizes an
additional penalty term to boost the generation of minority
class synthetic samples. The proposed method is evaluated
on four highly imbalanced datasets and it outperforms the se-
lected state-of-the-art methods. Unlike most other oversam-
pling techniques, the proposed oversampling is performed in
low dimensional latent space.

The important contributions of this paper are as follows:
i) Structure Enforcing Adversarial Learning (SEAL) archi-



tecture, in which SEAL operates on a low-dimensional la-
tent space and performs oversampling by generating latent
space embeddings for the minority classes, ii) An additional
penalty term called structure loss, which boosts the generation
of synthetic samples that can retain the covariance structure of
the data, iii) The proposed method is applied on a real-world
wafer defect map dataset.

2. RELATED WORKS

The recent literature extends the GAN models for minority
class oversampling. Generative Adversarial Minority Over-
sampling (GAMO) [11] handles multi-class imbalance by a
three player adversarial game between a convex generator, a
discriminator and a classifier. This helps to generate samples
near the minority class boundaries and this leads to generation
of blurred samples which are difficult to classify. GAMO also
suffers from mode collapse [12]. Deep SMOTE [13] consists
of an encoder-decoder framework, a SMOTE-based oversam-
pling method, and a loss function with a reconstruction loss
and a penalty term. Deep SMOTE is intended to address the
class imbalance issue of image data, but it suffers from slow
convergence issues. There are oversampling models, which
make use of both GANs and VAEs/autoencoders. BAGAN
[14] model for imbalance learning combines an autoencoder
and a GAN for data oversampling. However, BAGAN model
has limitations, as it suffers from stability issues and also ex-
perience slow convergence [15]. Discriminative Variational
Autoencoding Adversarial Network (DVAAN) [8] combines
a Discriminative VAE (DVAE) and a GAN. DVAAN learns
a two component class conditioned mixture distribution,
DVAAN model is targeted to address binary class imbalance
[8] and not for multi-class imbalance.

3. SEAL ARCHITECTURE

The proposed SEAL architecture addresses the issue of class
imbalance and performs oversampling to generate a balanced
dataset to improve the classification performance. Our ar-
chitecture takes advantage of encoder-decoder framework of
VAE to bring down the dimensionality of the data and to cap-
ture an uncorrelated class conditional distribution in the low
dimensional latent space. The low dimensional latent data is
augmented with SEAL, which tries to effectively maintain the
structure of the data by minimizing the structure loss along
with the generator and discriminator losses. The performance
of oversampled data is evaluated by training a classifier. Fig
1(a) shows the SEAL architecture.

In the proposed architecture, a conditional GAN is
adopted and additionally penalized to perform oversampling
on a low dimensional latent space. The “structured data gen-
erator” (Fig 1(a)) block takes lower dimensional latent data
as input and computes the covariance structure of the same.
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Fig. 1: SEAL architecture. Figl (a) shows the training phase of SEAL.
Encoder-decoder framework helps in bringing down the dimensionality of
the data and “repeat samples” block is used for stabilizing the GAN training
process. “Structured samples generator” block generates samples which pre-
serve the structure of the data. These samples are used for CGAN training to
compute the structure loss and thus to boost the GAN generator to generate
samples which maintain the covariance structure of the minority class train-
ing data. Figl(b) shows the testing phase of SEAL.

This block generates new samples by sampling from a stan-
dard normal distribution and mapping them to the required
covariance structure of the minority class(es). Training of
GAN with imbalanced data may lead to instability and mode
collapse. This problem is dealt with random re-sampling (Fig
1(a) “repeat minority samples” block) of minority classes.
This re-sampled balanced dataset is used for training. Let
21, fu be the sample array and sample mean of k" minority
class latent data, then the covariance matrix X, is given by,

1
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k

Eigen spectrum of k*" minority class is given by,
Dy, = Vi SV ©)

where D), and V}, are the eigen value and eigen vector matri-
ces of k" minority class respectively. Convert to a unit vari-
ance distribution by pre and post multiplying the eigen value

matrix D, with Dk_l/2.
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The transformation Fj, = VkD,Zl/ % has a unit covariance
structure. This property is helpful in sampling from a stan-
dard normal distribution and apply F~! transform to trans-
port these samples to the required minority class covariance
structure. These samples give SEAL generator the required
boost to generate more samples that have the same covari-
ance structure as the original data. In effect, “the structured
samples block™ generated samples act as exemplary samples.
SEAL generator has to minimize the structure 108s (Lg¢pyct)
between the SEAL generated samples and structured samples.
The loss terms minimized during the training phase is given
by,
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Here z,y, z are the data sample, label and latent space
sample respectively. Equation (4) refers to the total loss min-
imized during the training process, the Lgp, Lsgar and
Lo refers to the encoder-decoder block loss, SEAL loss
and classifier loss respectively and A is a tunable parameter.
Equation (5) refers to the total SEAL loss function, SEAL loss
is a combination of structure loss and min-max loss of GAN.
Equation (6) refers to the structure 10ss, L4yt 1S @ squared
error loss computed between the GAN generator synthesised
samples and structured samples and ¢ refers to the training
batch. Minimizing the Lg;yc¢ loss compels the GAN gen-
erator to learn the covariance structure of the minority class
and to generate structured samples. Equations (7) and (8)
refers to generator and discriminator loss functions respec-
tively. Equation (9) refers to the cross entropy loss function
of the classifier, where fp, refers to the neural network clas-
sifier parameterised with 6.. Z and Y are latent space data
and ground truth respectively. Equation (10) refers to the
encoder-decoder block loss function, where 6 and ¢ refer to
the parameters of encoder and decoder blocks respectively.
The first term of Lgp is a reconstruction loss and the second

term is KL divergence between the encoder distribution and
the standard normal distribution. The goal of the encoder is
to learn the probability distribution Qg (z|X), given the input
data X. The goal of the decoder is to learn the probability
distribution Py (X |z). P(z) is the standard normal distribu-
tion. KL divergence term of loss function helps in pushing
the learnt encoder distribution Qg(z|X) as close as possible
to the standard normal distribution.

Figl(b) shows the testing phase, unseen test data is passed
through the encoder block and sent to the classifier to predict
the class labels.

4. EXPERIMENTAL RESULTS

The performance of SEAL model is evaluated using four im-
age datasets. The benchmark datasets used for evaluation
are MNIST [16], Fashion MNIST [17] and Kuzushiji MNIST
[18]. The wafer defect map dataset [19] is collected from the
wafer manufacturing plant and it contains 38000 mixed mode
wafer map defect data. There are 38 classes in the mixed-type
wafer map defect dataset, including 1 normal type, 8 single
defect types, and 29 mixed defect types. Imbalance in these
datasets is artificially introduced by selecting different num-
ber of samples from various classes. The dataset imbalance is
defined by imbalance factor I F' [20] and it can vary from per-
fectly balanced (I F' = 0.0) to extreme imbalance (I F' = 1.0).

Traditional (SMOTE [1], borderline SMOTE [2]) and
generative techniques (GAMO [11], Deep SMOTE [13]) are
chosen for conducting a comparison study. To ensure a fair
comparison, all chosen techniques are re-run on the same
environment with same train and test datasets. Evaluation
metrics Average Class Specific Accuracy (ACSA) [20] and
Geometric Mean (GM) [20] are used for evaluating the clas-
sifier trained on the oversampled dataset.

MNIST [16], FMNIST [17] and KMNIST [18] are multi-
class balanced datasets with 60000 training images and 10000
test images of dimension 28 x 28. The training dataset con-
sists of randomly selected {4000, 2000, 1000, 750, 500, 350,
200, 100, 60, 40} samples (IF' = 0.96) from the classes
{0,1,2...,9} respectively. The testing of the trained model is
carried out with both balanced and imbalanced test datasets.
Balanced test dataset is formed by 500 non-overlapping sam-
ples from each {0,...,9} class. Imbalanced test dataset is
formed with {800, 600, 500, 400, 350, 250, 200, 150, 100,
50} non-overlapping samples from classes {0,...,9}.

Wafer defect map imbalanced training dataset consists of
randomly selected {900, 800, 700, 600, 500, 400, 300, 200,
100, 50} samples (IF' = 0.89) from 10 selected classes.
Wafer samples are single channel grayscale images of size
52 x 52. Balanced test dataset is non-overlapping and formed
by selecting 100 samples from each {0,...,9} class. Imbal-
anced test dataset contains {180, 150, 120, 100, 80, 60, 50,
35, 28, 15} non-overlapping samples from classes {0....,9}
respectively. Table 1 shows the experimental results for four



Balanced test dataset

MNIST FMNIST KMNIST WAFER
ACSA GM ACSA GM ACSA GM ACSA GM
SMOTE 0.90+0.01 0.8940.01 0.81£0.01 0.79 £0.01 0.7010.01 0.6710.01 0.8010.01 0.76 £0.01
BSMOTE 0.8940.01 0.88+0.01 0.80+0.01 0.7740.01 0.7040.01 0.6710.01 0.840.01 0.7540.02
GAMO 0.8940.01 0.8840.01 0.81£0.01 0.7840.01 0.7340.01 0.7110.01 0.7940.01 0.7440.01
Deep SMOTE ~ 0.90+0.01 0.90+£0.004  0.8140.01 0.7940.01 0.7040.01 0.6710.01 0.840.01 0.7540.02
SEAL(Ours) 0.9210.01 0.91+0.01 0.82+0.01 0.80+-0.01 0.75+0.01  0.734+0.01  0.81+0.01 0.78+0.01
Imbalanced test dataset

SMOTE 0.9040.01 0.9040.01 0.81+£0.01 0.78 £0.01 0.6840.01 0.651+0.01 0.7940.01 0.75 £0.02
BSMOTE 0.9040.01 0.8940.01 0.80+0.01 0.7740.01 0.6740.01 0.6410.01 0.7840.01 0.7340.02
GAMO 0.8940.01 0.8840.01 0.80+0.01 0.7740.01 0.7140.01 0.69+0.01 0.7840.01 0.7540.01
Deep SMOTE  0.90+0.01 0.9040.01 0.81£0.01 0.7840.01 0.6840.01 0.6510.01 0.7840.01 0.7240.02
SEAL(Ours) 0.9240.01 0.924-0.01 0.82+0.01 0.80+-0.01 0.73+0.01  0.704+0.01  0.81+0.01 0.7940.01

Table 1: Performance Comparison of SEAL with other models for MNIST, FMNIST, KMNIST and Wafer defect datasets

i

(a) Imbalanced data

(b) SMOTE
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(d) GAMO (e) Deep SMOTE

(f) SEAL

Fig. 2: t-SNE visualization of (a) Imbalanced data distribution (/ F' = 0.96), (b) SMOTE, (C) Borderline SMOTE, (d) GAMO, (e) Deep SMOTE and (f) SEAL

balanced distributions respectively

selected datasets. All experiments were performed for 10 dif-
ferent runs and the means and standard deviations of the eval-
uation metrics are reported. Oversampled data visualization
with the help of t-SNE plot is shown in Fig 2. Tabulated
results show that SEAL technique outperforms the selected
traditional and generative oversampling techniques for both
balanced and imbalanced test data. Fairness of comparative
study is ensured by training a similar MLP classifier for all se-
lected methods. We can see that SMOTE group of techniques,
both traditional and generative, produced comparable results
and t-SNE plots of the oversampled data distribution also look
visually very similar. However, Deep SMOTE! has the advan-
tage of oversampling in lower dimensional space and hence
lesser complexity. Convex generator of GAMO ? deteriorates
with increase in class imbalance factor (I F'), leading to class
overlap and misclassification. t-SNE visualization evidently
shows that our technique is capable of maintaining the struc-
ture of the data and retains the elliptical fit. SEAL ablation
study was conducted by setting As;c¢ = 0 and this resulted
in a drop in performance and evaluation metrics. Ablation
study results for MNIST and Wafer defect map datasets are
tabulated in Table 2. The structure loss has improved the gen-
erated minority class data and the improved ACSA, GM val-
ues proves that the generated samples are superior.

The hardware and software setup for the experiments are
as follows: CPU - Intel® Xeon® CPU E5-2630 v4 2.20 GHz,

Uhttps://github.com/dd1github/DeepSMOTE
Zhttps://github.com/SankhaSubhra/ GAMO

MNIST WAFER
Method ACSA GM ACSA GM
SEAL\ Astruct 0.912 0.904 0.81 0.77
SEAL 0.925 0.92 0.82 0.79

Table 2: Ablation study on MNIST and WAFER dataset

GPU - Nvidia Quadro RTX 8000, GPU memory - 48 GB,
CUDA cores - 4608, python version 3.10.4, NumPy version
1.22.4, pytorch version 1.12.1, torchvision version 0.13.1 and
sklearn version 1.1.2. The parameter selection is as follows:
latent space dimension is selected between 32 to 64, learn-
ing rate is chosen between 0.0002 to 0.0015, activation func-
tions used are ReLU, leaky ReLU and sigmoid, the encoder-
decoder has 2 hidden layers, cGAN generator, discriminator
has 3 hidden layers, MLP classifier has a three layer architec-
ture and Agtrycr, A1,..,3 are set as 0.5, 1.0 respectively.

5. CONCLUSIONS

In this paper, we propose a novel Structure Enforcing Adver-
sarial Learning (SEAL) architecture. SEAL performs over-
sampling and generates low-dimensional latent space samples
for balancing the minority classes. SEAL generator is trained
with an additional penalty term called structure loss and this
added loss term helps in retaining the covariance structure of
the generated data. We compared the performance of our
technique on four multi-class image datasets and our tech-
nique outperforms all the selected baselines.
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