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Abstract

Class imbalance is a common phenomenon in
multiple application domains such as healthcare,
where the sample occurrence of one or few class
categories is more prevalent in the dataset than
the rest. This work addresses the class-imbalance
issue by proposing an over-sampling method for
the minority classes in the latent space of a Reg-
ularized Auto-Encoder (RAE). Specifically, we
construct a latent space by maximizing the condi-
tional data likelihood using an Encoder-Decoder
structure, such that oversampling through con-
vex combinations of latent samples preserves the
class identity. A jointly-trained linear classi-
fier that separates convexly coupled latent vec-
tors from different classes is used to impose
this property on the AE’s latent space. Further,
the aforesaid linear classifier is used for final
classification without retraining. We theoreti-
cally show that our method can achieve a low
variance risk estimate compared to naive over-
sampling methods and is robust to overfitting.
We conduct several experiments on benchmark
datasets and show that our method outperforms
the existing oversampling techniques for han-
dling class imbalance. The code of the proposed
method is available at: https://github.
com/arnabkmondal/OversamplingRAE
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1 Introduction

1.1 Background and Motivation

The framework of empirical risk minimization (Shalev-
Shwartz & Ben-David, 2014) for classification does not
yield good estimates in the presence of class imbalance,
which refers to having a skewed distribution over the class
or label priors (Wei et al., 2013; Yuan et al., 2018; Ku-
bat et al., 1998; Rao et al., 2006). Many real-world ap-
plications such as fraud/fault detection (Wei et al., 2013)
and clinical anomaly detection (Yuan et al., 2018) inher-
ently possess the problem of imbalance because the class
of interest will be naturally sparse. In such cases, the usu-
ally employed monte-carlo estimates for class conditional
empirical risk for the minority classes will be very biased,
leading to overfitting on minority class samples (Li et al.,
2020). Therefore, it is important to address the problem of
class imbalance in real-world classification problems ap-
pearing in application areas such as healthcare.

The problem of class-imbalance is well recognised in the
literature and several solutions have been proposed (see
Sec. 2 for a detailed discussion). Two of the most common
approaches involve loss function modification (Li et al.,
2021; Cao et al., 2019; Wang et al., 2016; Lin et al., 2017a;
Zhang et al., 2017b; Sarafianos et al., 2018; Dong et al.,
2018; Li et al., 2019; Cui et al., 2019; Park et al., 2021;
Kini et al., 2021), and data resampling (Hart, 1968; Wil-
son, 1972; Tomek, 1976; Laurikkala, 2001; Mani & Zhang,
2003; Kubat & Matwin, 1997; Garcı́a & Herrera, 2009;
Koziarski, 2020; Lin et al., 2017b; Vuttipittayamongkol &
Elyan, 2020; Chawla et al., 2002; Han et al., 2005; Nguyen
et al., 2011; He et al., 2008; Stefanowski & Wilk, 2008;
Abdi & Hashemi, 2016; Batista et al., 2004; Ramentol
et al., 2012; Sáez et al., 2015; Mariani et al., 2018; Mul-
lick et al., 2019; Wang et al., 2020; Dablain et al., 2022).
In the former class of methods, the objective is to design
novel loss functions that suit better for long tailed distri-
butions whereas in latter methods, the objective is to bal-
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ance the dataset via resampling. The current work focuses
on proposing a new resampling (specifically oversampling)
strategy that could address the shortcomings of the existing
resampling methods.

The objective of the oversampling methods is to learn the
distribution of the minority classes and oversample from
it to reduce the inherent skewness present in the dataset.
Classical methods such as synthetic minority oversampling
technique (SMOTE) (Chawla et al., 2002) algorithm syn-
thetically generates data from the minority class by interpo-
lations between the nearest neighbors of a given point from
the minority class. Despite being intuitive and simple, they
are not very effective with high dimensional data (e.g., im-
ages) owing to the ‘curse of dimensionality’ (Dablain et al.,
2022). Recently, deep generative models such as Gen-
erative Adversarial Networks (GANs) (Goodfellow et al.,
2014) and Variational Auto-Encoders (Kingma & Welling,
2013) have been used to address the class imbalance prob-
lem for high dimensional data by conditionally generating
more samples from the minority class. While they improve
upon the classical methods by a considerable margin, it
may result in a lack of diversity in the generated minor-
ity samples (due to mode collapse (Shahbazi et al., 2022)),
especially in the limited data regime. Additionally, retrain-
ing on the oversampled points may or may not aid the fi-
nal classification since, in many of such methods (Dablain
et al., 2022; Mariani et al., 2018), the classifier and sampler
operate independently.

Motivated by the above observations, we seek to build a
‘good’ oversampling method with the following properties:

• Oversampling is carried out in a lower-dimensional
latent space than in the original data space (unlike
(Chawla et al., 2002; Han et al., 2005; Mullick et al.,
2019)) to avoid the ‘curse of dimensionality’.

• The oversampling strategy is independent of an ex-
plicit distance metric and is class preserving by con-
struction (unlike in SMOTE (Chawla et al., 2002) and
DeepSMOTE (Dablain et al., 2022)). In other words,
the latent space is learned in a way that is conducive
to oversampling and classification.

• Instead of learning the decision boundary
(of the classifier) after minority oversam-
pling (like BAGAN (Mariani et al., 2018) and
DeepSMOTE (Dablain et al., 2022)), oversampling
should be done simultaneously while learning the
decision boundary. We believe this will lead to a
robust classifier.

1.2 Contributions

Our goal is to learn a low-dimensional representation of
data that facilitates oversampling in a class-preserving

manner. Specifically, the contributions of this work are
listed as follows:

1. We present a method for oversampling that uses con-
vex combinations of the latent vectors of a regularized
autoencoder learned by maximizing conditional data
likelihood.

2. Under the proposed oversampling technique, the la-
tent space is regularized to preserve the class (via con-
struction) by concurrently learning a linear classifier
on the latent space along with the mixing coefficients
required for oversampling.

3. We theoretically establish that the class preserving mi-
nority oversampling via convex combinations reduces
the variance of the estimated empirical risk and results
in a robust classifier in terms of the Lipschitz constant.

4. We conduct extensive experiments on several datasets
showing superior performance over many recent
benchmark methods to validate our claims. We ob-
serve a gain in ACSA of about 12%, 8% and 7% on
CIFAR10, ImageNet-100 and CelebA datasets respec-
tively.

2 Related Work

The approaches for mitigating class-imbalance can broadly
be classified into following categories: data resampling
methods (Hart, 1968; Wilson, 1972; Tomek, 1976; Lau-
rikkala, 2001; Mani & Zhang, 2003; Kubat & Matwin,
1997; Garcı́a & Herrera, 2009; Koziarski, 2020; Lin et al.,
2017b; Vuttipittayamongkol & Elyan, 2020; Chawla et al.,
2002; Han et al., 2005; Nguyen et al., 2011; He et al., 2008;
Stefanowski & Wilk, 2008; Abdi & Hashemi, 2016; Batista
et al., 2004; Ramentol et al., 2012; Sáez et al., 2015),
feature resampling methods (Ando & Huang, 2017; Chu
et al., 2020), learning-objective modification methods (Li
et al., 2021; Cao et al., 2019; Wang et al., 2016; Lin et al.,
2017a; Zhang et al., 2017b; Sarafianos et al., 2018; Dong
et al., 2018; Li et al., 2019; Cui et al., 2019; Park et al.,
2021; Kini et al., 2021), cost-sensitive learning methods
(Domingos, 1999; Fan et al., 1999; Karakoulas & Shawe-
Taylor, 1998; Viola & Jones, 2002; Ting, 2002; Zhou &
Liu, 2006), Meta-learning approaches (Wang et al., 2017;
Wu et al., 2018; Shu et al., 2019; Lee et al., 2020; Liu
et al., 2020a), ensemble learning (Liu et al., 2008, 2020b;
Freund & Schapire, 1997; Guo & Viktor, 2004; Chawla
et al., 2003; Seiffert et al., 2009; Wang & Yao, 2012;
Galar et al., 2013; Barandela et al., 2003; Wang & Yao,
2009; Błaszczyński et al., 2010), semi and self-supervised
learning approaches, (Yang & Xu, 2020; Kim et al., 2020;
Lee et al., 2021), curriculum learning based methods (Hu
et al., 2019; Zheng et al., 2018; Wang et al., 2019), data-
augmentation methods (Zhao & Lei, 2021) and representa-
tion learning based approaches (Huang et al., 2016; Kang
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et al., 2020; Chen et al., 2021). Here, we review only the
relevant data resampling literature in detail. For an exten-
sive review of other methods refer to the latest survey by
Das et al. (2022).
Classical approaches for oversampling: These resam-
pling methods are classifier-independent in that they first
re-sample without involving the classifier, which is trained
with the balanced data post hoc. They can be broadly di-
vided into three categories: Undersampling methods (Hart,
1968; Wilson, 1972; Tomek, 1976; Laurikkala, 2001; Mani
& Zhang, 2003; Kubat & Matwin, 1997; Garcı́a & Her-
rera, 2009; Koziarski, 2020; Lin et al., 2017b; Vuttipit-
tayamongkol & Elyan, 2020) that reduce the size of ma-
jority class, Oversampling methods (Chawla et al., 2002;
Han et al., 2005; Nguyen et al., 2011; He et al., 2008;
Stefanowski & Wilk, 2008; Abdi & Hashemi, 2016) that
increase the size of minority class, and Hybrid meth-
ods (Batista et al., 2004; Ramentol et al., 2012; Sáez
et al., 2015) that combine both under and over sam-
pling. Out of these three strategies, oversampling has
gained a lot of attention due to the remarkable success
achieved by Synthetic Minority Over-sampling TEchnique
(SMOTE) (Chawla et al., 2002) and ADAptive SYNthetic
(ADASYN) sampling (He et al., 2008). Both of these
techniques generate novel data instances from the minor-
ity class by interpolation between a given samples and
its nearest neighbors defined by a certain distance metric.
ADASYN seeks to generate examples close to the original
samples that were incorrectly classified using a k-Nearest
Neighbors classifier. Whereas, the standard SMOTE does
not distinguish between easy and hard samples to be clas-
sified. A few variants of SMOTE (Han et al., 2005;
Nguyen et al., 2011) focus on samples near the optimal
decision boundary and generate samples in the opposite di-
rection of the nearest neighbors’ class. However, for high-
dimensional data such as images, these classical pixel-
based oversampling methods not only suffer from ‘curse
of dimensionality’ but also are memory intensive as they
require access to the entire training split for computing
nearest neighbors. Recent research (Koziarski et al., 2019)
has shown that SMOTE-based algorithms cannot handle
multi-modal data with a large intra-class overlap or noise.
To mitigate this issue, Radial-Based Oversampling (RBO)
(Koziarski et al., 2019) avoids using k-nearest neighbors in
favour of imbalance distribution estimation with radial ba-
sis functions.
Deep Generative Model-based Resampling approaches:
Deep neural generative frameworks such as GAN (Good-
fellow et al., 2014), VAE (Kingma & Welling, 2013) and
their variants (Arjovsky et al., 2017; Gulrajani et al., 2017;
Makhzani et al., 2016; Tolstikhin et al., 2018; Dai & Wipf,
2019; Mondal et al., 2020, 2021) have been extensively uti-
lized for sampling from high dimensional data (Yi et al.,
2019). Owing to this, the work in (Douzas & Bacao, 2018)
uses conditional Generative Adversarial Networks (cGAN)

(Mirza & Osindero, 2014) to generate data from the minor-
ity class of various imbalanced datasets. However, such a
framework may not be ideal (Mariani et al., 2018; Mullick
et al., 2019) due to boundary distortion (Santurkar et al.,
2018) and mode-collapse (Shahbazi et al., 2022). To over-
come these problems, BAGAN (Mariani et al., 2018) uses
an autoencoder to initialize the GAN modules and includes
all accessible images of majority and minority classes dur-
ing adversarial training; this allows the generative model
to acquire valuable features from majority classes and ap-
ply them to minority class images. Generative Adversarial
Minority Oversampling (GAMO) (Mullick et al., 2019) ex-
ploits a three-player adversarial game among a convex gen-
erator, a classifier, and a discriminator. The convex gen-
erator creates new samples from minority classes as con-
vex combinations of existing examples (in the pixel space)
to deceive both the discriminator and the classifier into
misidentifying the generated samples. As a result, syn-
thetic data is generated at critical locations around the pe-
ripheries of different classes. Consequently, the classifier-
induced boundaries are adjusted in such a way that the mi-
nority classes are less likely to be miscategorized. Deep
Generative Classifier (DGC) (Wang et al., 2020) is a deep
latent variable model that aims to capture the cause of the
target label in the latent variable. To mitigate the class
imbalance problem, DGC takes advantage of both model
perturbation and data perturbation. DeepSMOTE (Dablain
et al., 2022) uses the reconstruction loss and a supervised
penalty to train an encoder-decoder pair and then performs
SMOTE in the latent space during inference.
Uniqueness of our work: The uniqueness of our work
lies in the formulation and realization of “class preserv-
ing oversampling”. In particular, we layout the theoret-
ical framework to achieve class preserving oversampling
(Section 3.1) and then we show that the proposed formu-
lation can be realized using a Regularized Auto Encoder
(RAE) (Section 3.2). To ensure class preservation, we reg-
ularise the latent space of an auto-encoder using convex
combinations and a linear classifier. The concept of em-
ploying a linear classifier to regularise the latent space of
an auto-encoder is not new; for instance, (Le et al., 2018)
uses a linear projection of the latent vector to solve a re-
gression task along with reconstructing the input to obtain
high performance on the regression task. However, there
is no concept of class-preservation involved in this work.
Similarly, using convex combination of latent vectors has
also been explored in prior literature. (Zhang et al., 2017a;
Verma et al., 2019) show that using a convex combination
of feature maps for training helps in obtaining meaning-
ful representations which is further helpful in downstream
tasks. (Berthelot et al., 2018) uses convex combination of
latent vector to generate a real sample from the decoder,
they show that this aids in learning meaningful represen-
tations and it makes the latent space ‘smooth’. However,
none of these works ensure class preservation. Further-
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more, we note that while the RAE described in this work is
one way of realising the suggested formulation, there may
be additional methods as well.

3 Proposed Method

3.1 Class Preserving Oversampling

Our goal in this work is to learn latent representations
of the input data such that we can sample from it in a
class-preserving manner. Mathematically, consider a la-
belled dataset DX�Y = f(xi; yi)gNi=1

iid� p(x; y), where,
xi 2 Rd and yi 2 f1; � � �Cg denotes ith-datapoint and its
corresponding class-label, respectively with p(x; y) denot-
ing their true joint distribution. GivenDX�Y , our objective
is to learn a latent space Z 2 Rm with a corresponding dis-
tribution q(z) such that oversampling in the Z space pre-
serves the class labels.

We propose to oversample in the Z space by taking convex
combinations of latent vectors corresponding to the same
class. Let zi; i = 1; 2; :::; t denote the latent vectors corre-
sponding to datapoints xi; i = 1; 2; :::; t all with the same
class-label. Then the novel (oversampled) latent point z0 is
obtained as follows:

z0 =

tX
i=1

�izi s.t.
X
i

�i = 1 and �i � 0 (1)

However, such a method for sampling does not enforce
class preservation, that is, the class label of z0 may not be
same as that of zi. Classes of the oversampled latents can
be preserved by learning a latent space such that the class-
conditional latent densities have non-overlapping supports
and the classes are linearly separable in the latent space.
Formally, let Ri = fx j h(z) = ig denote the set of all in-
put samples x that gets mapped to class y = i under an ora-
cle linear classifier h(z). Suppose q(z j x 2 Ri) represent
the class-conditional latent distribution for class i, then we
seek Supp

�
q(z j x 2 Ri)

�
\ Supp

�
q(z j x 2 Rj)

�
= �

8 i 6= j where, Supp(�) denotes the support of the distri-
bution. Practically, this can be achieved by jointly learning
the latent space along with a linear classifier that assigns
the same label to latent vectors corresponding to a given
class and their convexly combined (oversampled) counter-
parts (Proposition 1). We propose to achieve it in a reg-
ularized auto encoder framework as described in the next
section.

3.2 Regularized Autoencoders with class preserving
latent space

The aforementioned objective can be potentially achieved
by inducing a latent space where all the data points corre-
sponding to a particular class are mapped to a single latent

Figure 1: Architecture of the proposed methodology. It is
a regularized autoencoder, where the latent space is regu-
larized using a linear classifier to facilitate distance metric
free class preserving oversampling of the minority classes.
The decoder network maximizes the conditional data like-
lihood to avoid degeneracy in the latent space.

vector. This results in producing de-generate representa-
tions, which defeats the purpose of oversampling. To avoid
such de-generate representations, we propose to learn the
latent space by maximizing the conditional data-likelihood
p(x j z0) such that the class-preservation constraints are
met. Specifically, we parameterize the data distribution
conditioned on the oversampled latent space with a decoder
network p�(x j z0) and the conditioned latent distribution
using an encoder network q’(z j x). Additionally, the
class-preserving constraint detailed in the previous section
is imposed on the latent space (output of the encoder) us-
ing a linear classifier hw(z). The following optimization
problem is solved to maximize the likelihood of the data
conditioned on the latent vector with the class-preserving
regularization:

max
�;’;!

Ez0 log p�

�
x

���� z0
�

(2)

s.t. Supp
�
q’(z j x 2 Ri)

�
\ Supp

�
q’(z j x 2 Rj)

�
= �

8 i 6= j where, Ri = fx jhw(z) = ig and hw(z) = wT z

The maximization of the conditional log-likelihood term
in the above optimization problem ensures that the learned
latent vectors (z) are not de-generate. All the three net-
works, namely the encoder, decoder, and the classifier, are
trained jointly with implicit minority oversampling by tak-
ing convex combinations of latent vectors corresponding
to the same class during training. Upon convergence, the
latent space (and hence the classifier) will be robust to
class imbalance since they have been trained along with
implicit class-preserving minority oversampling; this has
been demonstrated empirically in the experiment section
(c.f. Section 5). In the subsequent sections, we present
implementation details and analyze our method with theo-
retical performance guarantees.
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3.3 Implementation Details

Our model consists of an encoder network (E’) for q’(z j
x) and a decoder (D�) network for p�(x j z0); the latent
space is regularized using a linear classifier (L!), which
takes t-number of zi’s (from the same class) and the corre-
sponding z0 as inputs and predicts the corresponding label.
The true label of z0 is set to be the same as that of zi’s for
class preservation as discussed earlier.

The mixing coefficients � used for oversampling (Eq. 1)
can be chosen arbitrarily from any distribution, albeit, in
Section 4, we argue that learning them leads to enhanced
performance. To this end, we employ a Mixer network
(M�) which takes the latent vectors zi’s as input and gives
� as output from a softmax layer. The mixer network is
trained to produce the � which would make it hard for the
linear classifier (L!) to correctly classify the sampled latent
vector. To achieve this, the mixer net is made to minimize
a cross-entropy loss which is calculated by keeping the la-
bel of z0 different from that of zi’s. Intuitively, this would
force the mixer net to generate samples (through �) that are
‘difficult’ for the linear classifier to classify. Formally, the
loss for the mixer network Lmixer is:

Lmixer = �
CX
k=1

y
(k)
j log ŷ0(k) j 6= i (3)

where, ŷ0(k) = L!(z0)(k) denotes the kth element of out-
put of the linear classifier and y

(k)
j is the indicator of the

true class. Note that, from Equation 1, ŷ0(k) is a function
of � and so is Lmixer.

To train the decoder network, that seeks to maximize p�(x j
z0), we use standard adversarial loss (Gulrajani et al., 2017)
between the output of the decoder (~x) and true data sam-
ples (x). We seek a distributional match between the in-
put data and decoder output but not a sample-by-sample
match since data points corresponding to oversampled la-
tent codes do not exist in the given dataset. This demands
the use of a critic network denoted by C . We use the
loss outlined in WGAN-GP (Gulrajani et al., 2017) for its
superior stability and convergence to train the the critic net-
work. Accordingly, the loss functions for the decoder and
critic networks are given by:

Ldecoder = � E
~x�PG

[C (~x)] (4)

Lcritic = E
~x�PG

[C (~x)]� E
x�Pdata

[C (x)] +

� E
x̂�Px̂

�
(krx̂C (x̂)k2 � 1)2

�
(5)

where, PG denotes the distribution of decoder’s output
and Pdata denotes the marginal of true data distribution.
Px̂ is the distribution of points sampled uniformly along
straight line between points sampled from the data distri-
bution Pdata and the decoder distribution PG.

Next, the linear classifier (used for latent regularization and
final classification) is trained via (t+1) categorical crossen-
tropy loss terms (one for z0 and t for each of corresponding
zi’s):

Lclf = �
tX
i=1

CX
j=1

y
(j)
i log ŷ

(j)
i �

CX
j=1

y
(j)
i log ŷ0(j) (6)

where ŷ
(j)
i = L!(zi)

(j), ŷ0(j) = L!(z0)(j) are the class-
wise outputs of the linear classifier for zi and z0, respec-
tively and y

(j)
i is the indicator for the jth true class for the

zi. Lastly, the encoder network is using the above defined
Lclf and an additional mean absolute error loss between the
generated image from the decoder and the original image.
Hence the encoder loss is given by:

Lencoder = �clf � Lclf + �mae � Lmae (7)

where, Lmae =
X
i

kxi �D� � E’(xi)k1

The overall block diagram of the proposed method can be
found in Figure 1. For all our experiments, we have set
�clf = 5 and �mae = 0:01. A detailed description of
the training procedure is described in Algorithm 1 of the
supplementary.

4 Theoretical Analysis

In this section, we analyze and derive theoretical guaran-
tees on different parts of the proposed design. The proofs
for all the propositions can be found in the Supplementary
material.

The first proposition is to show that the constraint enforced
in Eq. 2, preserves class labels. Without loss of generality,
we show it for a binary classification problem.

Proposition 1 (Label Preservation). In a binary classifica-
tion problem, let S0 = fzi j yi = C0g and S1 = fzi j
yi = C1g. Also suppose S0 and S1 are linearly separa-

ble. Then,
N0P
i=1

�izi2S0
2 C0 and

N1P
j=1

�jzi2S1
2 C1, where

�i; �j 2 R+ and
N0P
i=1

�i =
N1P
j=1

�j = 1.

From the above proposition, it is clear that if the data points
from different classes are linearly separable (in some space
Z), then oversampling via convex combinations according
to Eq. 1 preserves the class, in that particular space. Ac-
cordingly, in our method, we focus on learning a latent
space that by construction induces linearly separable class-
conditional distributions. Note that prior works (Zhang
et al., 2017a; Verma et al., 2019; Berthelot et al., 2018) take
inter-class convex combination as opposed to intra-class
convex combination, which does not ensure class preser-
vation in the proposed setting.
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Our next claim is that oversampling via convex combina-
tions can result in a reduced variance in the empirical risk,
which is desired for better generalization. Let us define,
R̂(‘;D) and R̂�(‘;D) to be the empirical risk of a clas-
sifier without and with convex oversampling on a dataset
D � P of size N , respectively.

R̂(‘;D) =
1

N

X
i

‘(zi) (8)

R̂�(‘;D) =
1

N

X
i

‘
�
�T zi

�
(9)

where, � = [�1 : : : �n]T such that
P
i �i = 1 and zi =

[z1 : : : zn]T where zi’s are sampled i.i.d fromD and belong
to same class. Then we have the following proposition:

Proposition 2. For a convex function ‘(�) : Rd ! R+

whose variance is upper bounded by a constant B, there
exists some � such that:

VP

h
R̂�(‘;D)

i
� VP

h
R̂(‘;D)

i
(10)

where VP[�] is the variance operator.

Proposition 2 asserts that if the mixing coefficients are cho-
sen appropriately, the variance of estimate of empirical risk
for the oversampling case will be less than that of without
oversampling. This can be used directly to give the follow-
ing proposition.

Proposition 3. Let ‘(�) denote a bounded loss function.
Fix a hypothesis class F of predictors f : Z ! RC , with
induced class H� � [0; 1]Z of functions h(z) = ‘(�T z).
Suppose H� has uniform covering number N1. Then, for
� chosen appropriately and any � 2 (0; 1), with probability
atleast 1� � over D � P,

R(f) � R̂�(‘;D)+O

0@
s

V�N (‘) �
log
M�N
�

N
+

log
M�N
�

N

1A
(11)

whereM�N = N1
�

1
N ;H

�; 2N
�

and V�N is the empirical
variance of the loss values f‘(�T zi)gNi=1

Note that the given PAC bound is tight for the oversampling
case as compared to the without oversampling case because
of Proposition 2, making the risk estimate closer to the true
risk. Additionally, both Prop. 2 and 3 are valid for a range
of � (as seen in the proof of Prop. 2) which motivates the
need for the mixer network to learn � in our method.
Next, we analyze the robustness of the proposed method
in terms of the Lipschitz constant, specifically, a classifier
with unbounded lipschitz constant is prone to overfitting
and outliers, leading to high generalization errors. How-
ever, if the lipschitz constant of a classifier is bounded then
the interpolations will be smooth and hence the the gener-
alization error will be low as shown in the following propo-
sition.

Proposition 4. Consider a dataset (xi; yi)
N
i=1 where xi is

i.i.d uniform on the sphere Sd�1 =
�

x 2 Rd j kxk = 1
	

,
yi is uniform on f�1;+1g and N � c � d for some c 2 R.
Let h��(x) = wT� (�x1 + (1 � �)x2) be the optimal linear
classifier, where, w� 2 Rd and x1;x2 have the same label.
Then h��(x) has an upper bound on the lipschitz constant.

The assumptions required for this proposition to hold are
same as those mentioned in Theorem 5.58 of Vershynin
(2010). As note by them, the assumptions can be relaxed
and extended to datasets where xi are i.i.d from a centered
Gaussian with covariance 1

dId and where yi are i.i.d with
random signs. This is similar to the definition of ‘generic’
datasets defined by Bubeck et al. (2021). We further note
that the bounds obtained in this proposition hold for any
dataset that satisfies the conditions of a generic dataset.
Therefore, if one chooses to sample � from a fixed (non-
learnable) distribution, whose support lies outside the given
range, then the given bounds need not hold true.

Proposition 4 can be used to derive conditions under which
the bound on lipschitz constant for the oversampling case
will be tighter than that of without oversampling case. This
idea is presented in the following Corollary.
Corollary 1. Let N be the size of original dataset and M
be the size of dataset after oversampling. Then for N �
M � (1+r)N , there exists some � for which the bound on
Lip(h��(x)) is tighter than Lip(h�(x)) (lipschitz constant
for without oversampling case) for some r 2 R+.

The above corollary tells us that if oversampled in right
amount, the trained linear classifier will be more robust
than the one trained without oversampling. The upper
bound on number of oversampled points (M ) can be in-
terpreted as follows: naively sampling beyond a certain
threshold leads to decrease in diversity of sampled points
which will lead the classifier to overfit.

Thus in summary, we showed that our method which over-
samples in a class-preserving manner does not only results
in lower empirical risk and tighter PAC bounds, but also is
robust to overfitting and outliers. We confirm our hypothe-
sis by extensive experiments in the next section.

5 Experimental Results

5.1 Dataset Description and Baselines

To validate the efficacy of the proposed method,
we consider the following five real-world datasets
— MNIST(Lecun, 2010), Fashion MNIST (Xiao
et al., 2017), SVHN (Netzer et al., 2011), CIFAR-10
(Krizhevsky, 2009), and CELEB-A (Liu et al., 2015) as
in the recent baselines (Mullick et al., 2019; Wang et al.,
2020; Dablain et al., 2022). Since these datasets are
not significantly imbalanced, following the prior works
(Mullick et al., 2019; Wang et al., 2020; Dablain et al.,
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Table 1: Performance (Mean � Std. Dev.) of our method on Balanced test dataset

Dataset Metrices Ours
DeepSMOTE

(Dablain et al., 2022)
GAMO

(Mullick et al., 2019)
BAGAN

(Mariani et al., 2018)
DGC

(Wang et al., 2020)

MNIST
ACSA 96.79 � 0.09 92.60 � 0.50 94.97 � 0.32 92.76 � 0.45 94.60 � 0.31

F1 96.78 � 0.09 92.44 � 0.54 94.90 � 0.33 92.62 � 0.49 94.53 � 0.33
GM 98.20 � 0.05 95.83 � 0.29 97.19 � 0.18 95.92 � 0.26 96.90 � 0.21

FashionMNIST
ACSA 84.79 � 0.15 82.78 � 0.06 83.29 � 0.40 79.93 � 1.42 82.34 � 0.38

F1 84.30 � 0.18 82.11 � 0.11 82.63 � 0.44 79.23 � 1.74 81.48 � 0.35
GM 91.30 � 0.09 90.11 � 0.04 90.41 � 0.24 88.40 � 0.86 89.02 � 0.21

SVHN
ACSA 78.66 � 0.47 70.67 � 0.31 74.60 � 0.45 70.19 � 1.13 68.91 � 1.89

F1 78.42 � 0.48 69.64 � 0.26 74.05 � 0.49 70.85 � 2.81 68.16 � 1.95
GM 87.62 � 0.29 82.68 � 0.20 85.14 � 0.28 81.86 � 0.17 80.77 � 1.35

CIFAR10
ACSA 57.94 � 0.15 41.51 � 0.58 45.65 � 0.73 43.35 � 1.73 41.39 � 1.12

F1 57.13 � 0.15 38.51 � 0.52 43.05 � 0.97 40.40 � 1.47 39.75 � 1.24
GM 74.31 � 0.10 62.30 � 0.46 65.49 � 0.55 63.73 � 1.07 60.49 � 1.01

CELEBA
ACSA 74.65 � 0.26 62.70 � 0.84 66.80 � 0.29 66.22 � 0.84 67.55 � 0.56

F1 74.02 � 0.32 60.05 � 1.03 65.09 � 0.27 63.11 � 0.23 65.62 � 0.47
GM 83.67 � 0.15 75.39 � 0.59 78.27 � 0.20 77.57 � 0.13 77.54 � 0.33

CIFAR100
ACSA 26.41 � 0.15 23.33 � 0.08 12.68 � 0.39 22.99 � 0.70 24.64 � 0.11

F1 23.99 � 0.19 22.19 � 0.11 09.67 � 0.30 22.74 � 0.66 22.29 � 0.10
GM 51.20 � 0.11 48.11 � 0.08 35.45 � 0.55 48.42 � 0.90 45.76 � 0.05

ImageNet100
ACSA 25.15 � 0.13 12.66 � 0.17 07.90 � 0.28 17.16 � 0.69 08.82 � 0.12

F1 22.31 � 0.11 11.55 � 0.14 06.44 � 0.25 15.72 � 0.32 07.64 � 0.07
GM 44.81 � 0.32 35.42 � 0.22 27.97 � 0.48 41.25 � 0.56 23.90 � 0.01

Table 2: Statistical significance: p-values obtained from
Shaffer post-hoc tests and Bayesian Wilcoxon signed-rank
tests for pairwise comparison of the proposed method with
the baseline oversampling-based approaches for the ACSA
metric. We have combined the results from imbalanced and
long-tailed recognition test cases.

Our vs.
Shaffer

post-hoc
Bayesian Wilcoxon

signed-rank
DeepSMOTE 5:15� 10�14 2:40� 10�3

GAMO 1:27� 10�6 1:15� 10�2

DGC 7:01� 10�12 2:96� 10�2

BAGAN 2:91� 10�14 1:80� 10�4

2022), we introduce imbalance by randomly sub-sampling
disproportionate number of samples from different classes.
As can be seen from Table 7 in the supplementary material,
the imbalance ratio of the majority class and the smallest
minority class is 100:1 for MNIST and Fashion MNIST.
For SVHN, CIFAR-10, and CelebA, the imbalance ratio
is approximately 56:1. For CelebA, following the prior
works (Wang et al., 2020; Dablain et al., 2022), five
non-overlapping classes (black hair, brown hair, blond,
gray, and bald) were selected. Further to evaluate the
proposed method’s performance over a large number of
classes we consider CIFAR-100 (Krizhevsky, 2009) (cf.
Table 8 in supp.) and ImageNet-100 (previously used in
(Kalantidis et al., 2020; Van Gansbeke et al., 2020; Ravula
et al., 2021)) (cf. Table 9 in supp.).

As in prior work (Wang et al., 2020), two kinds of test
datasets were considered. In the first setting, the ratio
of test examples across different classes follow a similar
ratio as present in the training split (Imbalanced Test
data). In the second setting, we keep an equal amount of
data across all the classes in the test split (Balanced Test
data). We compare the performance of our method with
several state-of-the-art deep resampling methods: BAGAN
(Mariani et al., 2018), GAMO (Mullick et al., 2019), DGC
(Wang et al., 2020), and DeepSMOTE (Dablain et al.,
2022).
Additionally, we test our approach on tabular datasets
(Alcalá-Fdez et al., 2011) to see how it performs in a
variety of settings. The results on tabular datasets are
presented in the Table 13 of the supplementary material.

5.2 Performance Metrics

For quantitative evaluation of classification performance, it
is imperative to select unbiased performance metrics for the
majority or minority classes. Like previous works (Mullick
et al., 2019; Wang et al., 2020; Dablain et al., 2022), we
consider the following three metrics: Average Class Spe-
cific Accuracy (ACSA), macro-averaged Geometric Mean
(GM), and macro-averaged F1 score (F1) as these are not
biased towards any specific class (Sokolova & Lapalme,
2009; Mullick et al., 2020).
Further, to quantify the goodness of the learned latent space
for tasks beyond minority classification, we study the qual-
ity of the images generated by the decoder from the learned
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Table 3: Density/Coverage performance comparison of the baselines with our method

MNIST FashionMNIST SVHN CIFAR10 CelebA
Density Coverage Density Coverage Density Coverage Density Coverage Density Coverage

BAGAN (Mariani et al., 2018) 0.257 0.338 0.563 0.132 0.010 0.005 0.393 0.054 0.143 0.006
GAMO2PIX (Mullick et al., 2019) 0.521 0.346 0.769 0.403 0.106 0.080 2.240 0.438 0.743 0.229
DeepSMOTE (Dablain et al., 2022) 0.345 0.305 0.396 0.287 0.076 0.126 1.138 0.287 0.316 0.141

Ours (Proposed Method) 0.729 0.511 1.177 0.379 0.104 0.117 2.042 0.362 0.919 0.341

Table 4: Ablation Studies: Contribution of each component in classification performance.

Linear
Classifier Oversampling Decoder Mixer

Network
CIFAR10 CELEBA

ACSA GM F1 ACSA GM F1

✗ ✓ ✓ ✗ 20.58 31.21 13.51 29.28 42.34 26.39
✓ ✗ ✓ ✗ 35.51 47.41 29.20 63.94 67.83 57.04
✓ ✓ ✗ ✓ 52.16 69.04 50.93 73.20 82.33 72.86
✓ ✓ ✓ ✗ 54.51 71.94 53.07 74.38 83.45 73.98
✓ ✓ ✓ ✓ 57.94 74.31 57.13 74.65 83.67 74.02

Table 5: ACSA of the proposed method at various values
of bottleneck layer dimensionality, m.

Dataset m
ACSA

m=4 m=2 2 �m
MNIST 64 97.23 97.44 97.53

FMNIST 64 85.70 85.82 86.04
SVHN 128 80.11 80.75 80.26

CIFAR10 256 57.64 57.20 56.44
CelebA 256 75.98 75.50 74.32

latent space. Note that this is not the primary objective
of our method since the goal is not to learn a generative
model. Nevertheless, we report density and coverage met-
rics (Naeem et al., 2020) between the output of the decoder
and the true data, to quantify quality and diversity, respec-
tively. Density is unbounded. A higher density score indi-
cates better quality. Coverage is bounded by 1, and a higher
coverage score indicates better diversity. Additionally, we
report the Fréchet Inception Distance (FID) (Heusel et al.,
2017) between the true data samples and outputs of our de-
coder in Table 11 of the supplementary material.

5.3 Model Architecture and Compute Resource

The proposed method uses a small Convolution-based
architecture for Encoder, Discriminator, and Transpose
Convolution-based architecture for the Decoder network.
These architectures are derived from prior work (Dai &
Wipf, 2019; Mondal et al., 2021). The output layer of the
linear classifier contains neurons equal to the number of
classes in the dataset. The mixer network is a simple multi-
layer perceptron (MLP). Refer to the supplementary mate-
rial (Table 16, Table 17) for details of the architecture. For

baseline methods, either exact or equal capacity architec-
tures were used. The proposed method, GAMO (Mullick
et al., 2019), and DGC (Wang et al., 2020) are one-stage
frameworks with a built-in classifier. BAGAN (Mariani
et al., 2018) and DeepSMOTE (Dablain et al., 2022) first
augment the minority classes and then train a standalone
classifier on the balanced data. Following (Dablain et al.,
2022), for these two methods we use a Resnet-18 archi-
tecture (He et al., 2016) for the classifier. For all of our
experiments, we have chosen t = 2, as the performance as
measured by ACSA is similar for t = 2; 3 and 4 (see Figure
3 in the supplementary).

All the experiments in this paper, including the hyper-
parameter search and reproducing the baseline methods,
were conducted on a machine with Intel® Xeon® Sil-
ver 4216 CPU (@ 2.10 GHz), 128GB RAM and 48GB
NVIDIA RTX A6000 GPU.

5.4 Results

In Table 1 we compare our method with other oversam-
pling methods (mentioned in Section 5.1) on Balanced test
dataset. Refer to the supplementary material Table 10 for
performance on imbalanced test set. For each method,
we compute and report the mean and standard deviation
(error) over three runs. As can be seen, majority of the
time, single-stage methods (GAMO and DGC) exhibit su-
perior performance over two-stage methods (BAGAN and
DeepSMOTE). This might be ascribed to the fact that the
samples generated using two-stage methods are not guaran-
teed to be useful for learning the decision boundary among
the classes. Finally, the proposed method outperforms all
of the baselines by a significant margin on all the consid-
ered metrics. Similar comparisons and observations are
made with the classical oversampling methods as seen in




