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Abstract—The accuracy and robustness of machine learning
models against adversarial attacks are significantly influenced
by factors such as training data quality, model architecture, the
training process, and the deployment environment. In recent
years, duplicated data in training sets, especially in language
models, has attracted considerable attention. It has been shown
that deduplication enhances both training performance and
model accuracy in language models. While the importance of
data quality in training image classifier Deep Neural Networks
(DNNs) is widely recognized, the impact of duplicated images
in the training set on model generalization and performance
has received little attention.

In this paper, we address this gap and provide a compre-
hensive study on the effect of duplicates in image classification.
Our analysis indicates that the presence of duplicated images
in the training set not only negatively affects the efficiency
of model training but also may result in lower accuracy of
the image classifier. This negative impact of duplication on
accuracy is particularly evident when duplicated data is non-
uniform across classes or when duplication, whether uniform
or non-uniform, occurs in the training set of an adversarially
trained model. Even when duplicated samples are selected in
a uniform way, increasing the amount of duplication does not
lead to a significant improvement in accuracy.

Index Terms—Adversarial training, deduplication, convolu-
tional neural networks, deep learning

1. Introduction

Machine learning (ML) is a data-driven process that
heavily relies on training datasets to develop efficient and
robust models. During training, an ML model learns patterns
and relationships within the dataset. High-quality data con-
tributes to more accurate and reliable models, whereas poor-
quality data can introduce errors or biases [1]. Numerous
studies [1], [2], [3], [4] indicate that vulnerabilities often
stem from the dataset itself rather than the model. These
works emphasize that issues such as poor data quality,
bias, sparsity, or misrepresentation can significantly affect

model performance and robustness, leading to vulnerabilities
independent of the model’s architecture.

Thus, conducting a thorough analysis and evaluation
of dataset quality is crucial for ensuring the development
of effective data preprocessing methods. Preprocessing in-
volves cleaning raw data through various steps, including
removing redundancies and outliers. The recently proposed
DeepSeek language model [5], which has garnered signifi-
cant attention, also highlights the importance of high-quality
data in building efficient models. One concern that may
hinder the efficiency of a language model is the presence of
duplicate entries in text datasets, as discussed in [6], which
emphasizes the importance of removing duplicates before
training.

Similarly, duplicate images frequently appear in real-
world datasets. Consequently, a similar conclusion can be
drawn that duplicates may affect ML models for image
processing, particularly in image classification tasks. How-
ever, the impact of duplication on image classification has
received limited attention. Previous studies on image clas-
sification have primarily examined the effect of training set
images being duplicated on the test sets [7], [8].

We hypothesize that the existence of duplicates within
the training set in image classifier DNNs will also prohibit
general learning and will negatively affect efficiency, accu-
racy, and robustness against attacks like adversarial attacks
[9], [10]. However, existing literature does not examine the
impact of duplicates in training data, which leaves their
effects unexplored.

In this work, we address these gaps in the literature
by conducting a comprehensive study on the impact of
duplicates in image classification. We examine the impact
of varying levels of duplication on model generalization and
training efficiency by considering both uniform and non-
uniform duplication scenarios. We also evaluate the impact
of repetitive data within the dataset of an adversarially
trained model [11], shedding light on its influence on ro-
bustness and accuracy.



1.1. Our Contribution

The previous works studying the effect of repetitive
data within datasets indicated that duplication can increase
accuracy and result in better generalization while being
susceptible to memorization. In this paper, our primary goal
is to obtain a complete understanding of the impact of
image duplication in the training set on generalization. We
show that duplication in image classifier datasets does not
always yield better generalization and can negatively affect
it, especially in non-uniform duplications and adversarial
settings.

Our primary goal is to present a comprehensive analysis
of how duplicates affect the accuracy of image classification.
We will first conduct a theoretical analysis of the impact
of duplication in different scenarios. Assuming data is se-
lected from two Gaussian distributions, we will evaluate
the impact of adding duplicate data. Selecting both non-
uniform and uniform duplication with regard to duplicated
data point labels, our analysis shows that non-uniform du-
plication leads to biased decision boundaries and reduces
model generalization to unseen data. Our empirical results
on the CIFAR-10 dataset, when randomly selected images
have been duplicated, show no considerable accuracy im-
provement. A similar experiment on the adversarially trained
model on the CIFAR-10 dataset shows an accuracy drop
when adding duplicated images. The implementations are
publicly available [12]. The main contributions of this paper
include:

o A theoretical analysis on the effect of duplication in
generalization in standard and adversarially trained
models will be given in Section 3.

e An experiment-based analysis of the impact of repet-
itive data, focusing on data collected from two Gaus-
sian distributions, examining the effects of duplica-
tion when the duplicated data is either uniform or
non-uniform, will be given in Section 4.1.

e An experimental-based analysis of the impact of du-
plication when data is selected from the CIFAR-10
dataset in both standard models trained on CIFAR-
10 and an adversarially trained model on CIFAR-10
will be given in Section 4.2.

The paper is structured as follows: Section 2 reviews
the related work on the impact of duplicates on the general-
ization error. Section 3 presents the theoretical perspective
on how data duplication affects generalization error. Section
4 provides an experimental-based analysis of the impact of
repetitive data. Section 5 concludes the paper.

2. Related Work

Data duplication, which often occurs in the real world,
poses a critical concern in training datasets intended for
the training of an ML model [13]. As mentioned earlier,
despite its importance, this issue has received relatively
less attention in image classification than in other areas,
such as Large Language Models (LLMs). In the context of

LLMs, much research has been conducted on the impact
of duplicate data [13], [14], [15]. Lee et al. [15] show that
duplication in training data of language models results in
the memorization of duplicated data. Carlini et al. argue
that memorization has adverse effects on the privacy and
fairness of LLMs. Memorization makes LLMs vulnerable to
membership inference [16] and data extraction [17] attacks.
Abadi et al. [13] address the duplication issue in Feder-
ated Learning (FL) based LLMs across clients, introducing
a privacy-preserving data de-duplication mechanism. This
body of work emphasizes how duplicates can skew model
training and performance in LLMs, leading to overfitting and
reduced generalization. In LLMs, it has also been shown that
deduplicated datasets reduce the memorization frequency
and improve generalization [15].

In contrast, the impact of duplication in image classifi-
cation has not been systematically studied. Only a limited
set of studies have focused on this issue. For example, Barz
and Denzler [7] highlight a considerable volume of exact
duplicates and near-duplicates between the test and training
sets in CIFAR-10 and CIFAR-100 [18] datasets.

Their studies show that when they tested on ciFAIR (the
duplicate-free version of CIFAR), the models experienced a
substantial drop in classification accuracy; in particular, in
CIFAR-10, there is a 9%—14% drop in accuracy when they
removed repeated images between test set and train set. In
contrast, with LLM, where memorization resulting from data
duplication harms generalization [13], [15], limited research
on image classifier DNNs suggests that duplication may
actually enhance generalization [7], [19].

Similarly, [20] explores whether memorization resulting
from duplication of training data in a test set is necessary for
achieving generalization in models, especially in the deep
learning context. The main limitation of their observation
is that they mainly examine the effect of the duplication of
train sets in the test set rather than evaluating the impact of
having duplicated data when training. A limitation that we
aim to address in this work.

Another study by Li et al. [8] introduces a frame-
work called CE-Dedup, which evaluates the impact of near-
duplicate images on Convolutional Neural Networks (CNN)
training performance. The authors propose a hash-based
image deduplication method to balance the trade-off be-
tween dataset size and model accuracy. Their experiments
demonstrate that removing redundant images can reduce
dataset size by up to 75% with an accuracy loss, leading to
more efficient training. However, this work mainly focuses
on a deduplication method rather than providing a detailed
analysis of the effects of duplication on model performance.

In this paper, we present a comprehensive analysis of the
impact of data duplication across various scenarios, demon-
strating that while duplication in image classifiers always
sacrifices efficiency, it does not necessarily lead to improved
accuracy. More focus is on the effect of duplication in
training sets on direct generalization. Our experiments on the
CIFAR-10 dataset reveal that exceeding a certain threshold
of duplicated randomly selected images leads to overfitting.
In adversarially trained models, duplication further degrades



accuracy. This shows that, above the mentioned threshold in
standard training or an adversarial training setting, dedupli-
cation increases efficiency (as discussed in [8]) and results
in better generalization.

3. Theoretical Perspective on the Impact of
Duplicates on Generalization Error

3.1. Generalization Error

Generalization refers to a model’s ability to perform well
on unseen data, balancing between bias and variance. The
generalization error can be decomposed into three compo-
nents: bias, variance, and irreducible error. Geman et al. [21]
decomposed the Mean Squared Error (MSE) loss function
in terms of a prediction model’s bias and variance, as stated
in Theorem 1 [21].

Theorem 1. For a prediction model f(x) trained on a
dataset D to estimate the target function f(x) using an
MSE loss function, the bias-variance trade-off is given by:

Evpo |4 = f(@)?] = Eep [(EDW - f@ﬂ

+E.p [(f - ED[ﬂ)?
+02. (1)

This can be simplified as:

e = Bias?[f] + Var[f] + Irreducible error. )

In this framework, bias decreases as the model complex-
ity increases, allowing it to learn more patterns. However,
this often leads to higher variance (overfitting), where the
model becomes sensitive to the specific training data, poten-
tially reducing generalization performance. In other words,
the risk of overfitting typically decreases as the number
of samples increases or the complexity of the model is
reduced. However, reducing model complexity or increasing
the number of samples can lead to higher bias. The trade-off
between bias and variance is critical for improving model
generalization without overfitting, particularly in repeated
patterns or data duplication scenarios.

Proposition 1. In a typical scenario, increasing the amount
of data generally reduces variance. However, in the case of
a duplicated dataset, the variance of the classes that do
not have duplicated data in the training set may increase,
while the variance of the classes with more duplicated
data progressively decreases. Regarding bias, duplication
amplifies bias in favor of the duplicated class. This dynamic
underscores that generalization can either improve or dete-
riorate depending on the balance between variance and bias
in the context of duplication.

In Section 4, we validate the bias-variance trade-off in
a model trained on data with duplication established in
Proposition 1.

3.2. Generalization Error in Adversarial Settings

Typically, models exhibit susceptibility to adversarial
attacks [9], [10], [22], with adversarial training serving as
a common defense mechanism. It involves augmenting the
training dataset with adversarial examples (perturbed inputs)
so the model learns to recognize and correctly classify
them. This improves the model’s resilience to adversarial
perturbations by making the model robust to a wider range
of potential attacks. As we will discuss, duplicated data
might benefit adversaries. Thus, it is vital to analyze the
effect of data duplication in the adversarial settings.

Assume f(z) = Ep[f(x)] and the target function is
f(z). The bias-variance trade-off for the mean squared
error (MSE) loss function becomes more complex when
noise v and adversarial perturbations 3(x), generated by an
adversarial algorithm, are introduced. In adversarial machine
learning, generalization becomes more challenging due to
adversarial perturbations. These perturbations aim to exploit
vulnerabilities in the model, often leading to a trade-off
between robustness and generalization.

According to [23], the vulnerability of ML models
under adversarial attacks can be attributed to the bias-
variance trade-off. The relationship between generalization
and adversarial vulnerability can be analyzed using the
bias-variance decomposition in the context of adversarial
settings, as stated in Theorem 2 [23].

Theorem 2. Assume f(z) = Ep[f(z)] represents the ex-
pected model prediction over the dataset D, and f(x) is the
true target function. When adversarial perturbations [3 (z)
are introduced, the MSE loss function for a model f(x)
trained on D with noise vy is given by:

Ev.o [(y = f@+ B(2))?] = 3
Evp [(f(@) = f(@) = c2)?] + Varly] + Var{f) + Es.p[c]]

Where: ~
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and
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In this equation, ¢, represents the interaction between
the model’s gradient and the adversarial perturbation, while
¢, captures the variability in the model’s predictions under
adversarial conditions. These terms illustrate how adver-
sarial perturbations can increase both bias and variance,
thus impacting generalization in adversarial settings. This
equation highlights that in an adversarial-trained model,
beyond the typical trade-off between bias and variance, there
is an additional term E, p[c].

Proposition 2. The impact of the additional term E,, p|[c,]
becomes significant when dealing with duplicated data.
Specifically, duplicated data exacerbates the variability in-
troduced by adversarial perturbations, leading to a com-
pounding effect on bias and variance. This makes a model
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Figure 1: Comparison of accuracy results (left subfigure) and the percentage of duplications from class +1 to the total
number of duplications (right subfigure, denoted as Duplication Ratio for +1 (D-ratio +1)) with varying levels of data
duplication (denoted as Duplication Rate (D-rate)) in a uniform duplication setting.

overly sensitive to specific perturbations within the dupli-
cated data, reducing its ability to generalize effectively in
adversarial settings to clear data.

Section 4.2 discusses our experimental results on the
accuracy and robustness of a model in an adversarial setting
when we have duplicated data in the training set, validating
the assertion in Proposition 2.

4. Experimental Analysis of the Impact of Du-
plication in the Training Set

In this section, we validate the theoretical analysis pre-
sented in the previous section using experimental results.
First, we conduct theoretical experiments using data sam-
pled from two Gaussian distributions. Then, we perform
experiments on the CIFAR-10 dataset [24] in both standard
and adversarial settings. Notably, in our paper, the standard
setting refers to training a model, known as the standard
model, without any adversarial training or robustification.
In contrast, the adversarial setting denotes training a model
that has been made robust using adversarial training [9].

In our paper duplication refers to the process of repeat-
ing and adding certain data points to the training set. In
our experiments, we selected duplications using two types
of methods. The first method, uniform duplication, includes
uniformly selecting data from the dataset at random and
adding them to the dataset. The second method, non-uniform
(biased) duplication, selects data points from one class more
favorably than other classes.

4.1. Generalization Error with Gaussian-

Distributed Data

This section analyzes the effects of repetitive data across
various scenarios, using two-dimensional Gaussian data gen-
erated with class means of [0,0] and [1,1], a shared co-

0.5

variance matrix of 11 and 100 samples per class.

1
0.5
Then, duplicated data with varying Duplication Rates (D-
rate), ranging from 10% to 90% of the dataset, have been
added to the dataset to analyze the effect of duplication.
Additionally, the Support Vector Machine (SVM) with a
Radial Basis Function (RBF) kernel is used to compute
decision boundaries in the experiments. The definitions of
the RBF kernel, the optimization problem, and the mathe-
matical details of the probability density functions for the
two distributions are presented in Appendix A.

The impact of duplication on the decision boundary and
generalization appears to be influenced by two key factors.
The first factor is the randomly selected duplicates’ pattern
and proximity to the decision boundary. The second factor is
the proportion of duplicated data points from a single class
relative to the total dataset size, referred to as D-ratio +1,
which will be examined in Section 4.1.1 and Section 4.1.2.

4.1.1. Uniform Duplication. When uniform duplicates are
added, the SVM’s objective function experiences an increase
in the effective density of data points near the mean vectors
p; and p5. This can cause the decision boundary to shift
slightly towards regions with more duplicates. As the data
is selected randomly (not favoring any specific class), this
can, by chance, cause D-ratio +1 to deviate from 50%
but will generally remain close to it. The detailed results
are shown in Figure 1. We refer to the original dataset
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Figure 2: Comparison of accuracy results (left subfigure) and the percentage of duplications from class +1 to the whole
number of duplications (right subfigure) with varying levels of data duplication in a non-uniform setting.

as data without any duplicates. Acc. (Orig.) -1 and Acc.
(Orig.) +1 refer to the accuracy of class -1 and class +1
in the original dataset respectively, which means the rate of
correctly identifying elements from class -1 and class +1,
respectively. Acc. (Dup.) -1 and Acc. (Dup.) +1 represent
the accuracy for these classes after duplicates are added
to the original dataset. Overall Acc. (Orig.) and Overall
Acc. (Dup.) denote the overall accuracy for the original
and dataset with duplication, respectively.

A comparison of Figure la and Figure 1b reveals a
correlation between D-ratio +1 and accuracy. Initially, class
+1 has an accuracy of 87%, while class -1 has 54%. When
D-ratio +1 is exactly 50% (e.g., at D-rate = 50), duplication
increases accuracy, resulting in a 3% increase. However,
when D-ratio +1 deviates from 50% (e.g., at D-rate = 30),
it benefits one class while harming the other, ultimately
reducing overall accuracy. Specifically, at D-rate = 30, D-
ratio +1 is 58%, increasing class +1 accuracy from 54%
to 61% but decreasing class -1 accuracy from 87% to
77%, leading to a 2% drop in total accuracy. The other
important observation is that the effect of uniform duplicates
on the accuracy of individual classes and the overall dataset
remains within approximately the range of up to 10% around
the original accuracies.

This demonstrates that deviation from uniform duplica-
tion can introduce class bias, as described in Equation 2 and
Proposition 1, ultimately degrading accuracy. Another key
observation from Figure la is that increasing the number of
duplications does not necessarily enhance generalization.

Therefore, uniform duplication generally has a positive
effect on accuracy, except when there is a deviation from
uniformity. To better understand how such deviations impact
accuracy, we conducted an experiment where the number of
duplications was biased toward a specific class.

4.1.2. Non-uniform Duplication. Here, a non-uniform du-
plication strategy is applied by assigning different selection
probabilities to the classes. Samples with label 1 are selected
with a probability of 0.7, while those with label —1 are
selected with a probability of 0.3. As shown in Figure 2
when duplicates are added from one class, say C;, the opti-
mization problem’s constraints are more heavily influenced
by C;, resulting in a decision boundary that skews towards
Cs. This non-uniformity in the distribution of duplication
increases the classifier’s bias towards C; and negatively
impacts generalization.

This figure clearly illustrates how non-uniform dupli-
cation introduces bias, leading to an increase in accuracy
for one class while decreasing accuracy for the other. For
instance, at D-rate = 40, the original accuracy of Class -1
is 0.85, while Class +1 starts at 0.67. After duplication, the
accuracy of Class -1 drops to 0.61, whereas the accuracy of
Class +1 increases to 0.83. Consequently, the overall accu-
racy decreases from 0.76 to 0.72. Another key observation
is that, in this setting, increasing the number of duplications
further exacerbates bias and leads to a decrease in overall
accuracy (Figure 2a).

4.2. Generalization Error with CIFAR-10 Dataset

In this section, we present an experimental-based anal-
ysis of the impact of data duplication when training models
on the CIFAR-10 dataset. Our primary focus is to systemat-
ically analyze how randomly selected repetitive data influ-
ences classification accuracy in both standard models and an
adversarially trained model, which is trained under Projected
Gradient Descent (PGD) attacks constrained by an /5 norm
with € = 0.5. We introduce varying levels of duplicated data
during training and evaluate model performance under each
duplication setting.
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Figure 3: The effect of adding repetitive samples to the
training set on test accuracy, the accuracy of the model
on the training set including duplicated samples (repetitive

accuracy), and the accuracy of the model on the training set
excluding duplicated samples (non-repetitive accuracy).

4.3. Results and Observations in Standard Model

Since the dataset is selected randomly, the distribution of
duplicated samples from CIFAR-10 does not favor any par-
ticular class. As previously discussed in Section 4.1.1, this
theoretically may lead to improved classification accuracy.
However, the actual impact will be examined here.

Our key findings are summarized in Figure 3, which
shows the test and training accuracy for models trained with
varying levels of data duplication. The experiments reveal
that without duplication, the test accuracy is 70.72%. With
30% duplication (D-rate = 30), the test accuracy improves to
74.12%, reflecting a modest 3% increase. This suggests that
increasing the number of duplications, which adds more data
for training and reduces efficiency, does not lead to a sub-
stantial improvement in accuracy. Increasing the duplication
rate from 30% to 60% results in only small improvements,
increasing test accuracy from 74.12% to 75.11%. However,
beyond this point, additional duplication yields diminishing
returns, and in some cases, even slight performance degra-
dation. This shows that excessive duplication may introduce
redundancy without contributing significant diversity to the
training process.

4.4. Results and Observations in Robust Model

Adversarially trained models exhibit a more complex
response to data duplication, where repetition does not
improve robustness. Unlike standard models, which benefit
from uniform repetition across classes, adversarially trained
models are sensitive even to uniform duplication. Such rep-
etition undermines adversarially trained models’ accuracy.

This is illustrated in Figure 4, which shows the im-
pact of duplication on both accuracy (i.e., the ability to
correctly classify clean data) and adversarial accuracy (i.e.,
robustness—the ability to correctly classify data with ad-
versarial perturbations) across different levels of uniform
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Figure 4: Impact of repetitive data in the training set on
training accuracy, test accuracy, and the robustness (adver-
sarial accuracy) of an adversarially trained model.

repetition. Without duplication, test accuracy is 41.16%. At
30% duplication, accuracy decreases to 27.39%, and at 60%
duplication, it further drops to only 20.90%. This suggests a
significant negative effect of duplication on accuracy, with-
out improving adversarial accuracy (or robustness). Further-
more, this supports our claim in Proposition 2 that repetitive
data negatively impacts accuracy.

This suggests that adding duplications in adversarially
trained models does not lead to a general improvement in
robustness or accuracy, and in fact, it may hinder the model’s
ability to classify clean and adversarial data correctly.

5. Conclusion and Future Work

This paper investigates the impact of duplicated sam-
ples in image classifier DNNs. First, a theoretical analysis
explores how duplication influences generalization. Then,
experimental studies are conducted. Our findings suggest
that while duplication can sometimes aid in refining deci-
sion boundaries, it does not always improve generalization.
In particular, under non-uniform duplication or adversarial
training conditions, duplicated data may negatively impact
generalization. The observations from our experiments con-
clude that duplication not only negatively impacts effi-
ciency—since more data must be trained—but also requires
careful handling, as it can harm the model’s generalization
ability depending on the distribution and nature of the
repetitive data.

Our results are based on selecting duplications from a
Gaussian distribution and training a DNN on CIFAR-10
as a toy example. Future work can explore the impact of
duplication in more practical scenarios, such as FL, where
duplication is more likely due to clients lacking knowledge
of each other’s datasets. Another research direction involves
developing methods for private deduplication. Additionally,
duplication may have privacy implications, as duplicated
samples could be more easily revealed. However, the actual
effect on privacy requires further investigation.
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Appendix A.
Theoretical Model: Gaussian Data Generation
and SVM Classification

The data is generated using two Gaussian distributions
with mean vectors p; and p,, and a shared covariance
matrix 3. The probability density function for class Cy
where k € {1,2} is given by:

1 1 Te—
p(x|Cr) = WGXP <—2(X — ) X (x - Nk)) )
“)
where x € R? is a data point in d-dimensional space.
In the experiments, an SVM with a Radial Basis Func-

tion (RBF) kernel is used to compute the decision bound-
aries. The RBF kernel is defined as:

K(x;,x;) = exp (—v[x; — Xj\Q) , (5)

where v > 0 is a parameter that controls the width of the
Gaussian function.

The SVM solves the following optimization problem to
find the optimal separating hyperplane:

R S
min 5wl +C;&, (6)

n
1=

subject to the constraints:
yi(w'o(x) +b) 21-&, & =0, ™

where w is the weight vector, b is the bias term, &; are the
slack variables, C' is the regularization parameter, and ¢(x)
is the feature transformation induced by the RBF kernel.


https://github.com/alireza1375/Duplication.git
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