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Highlights

Investigating the Effectiveness of Data Augmentation from Simi-
larity and Diversity: An Empirical Study

Suorong Yang, Suhan Guo, Jian Zhao, Furao Shen

e We propose novel quantitative measures agnostic to model training to
investigate the effectiveness of DA methods based on similarity and di-
versity. Through experiments, we demonstrate that these measures
provide a framework for assessing the effectiveness of DA methods
based on the similarity and diversity of the augmented data.

e Our quantitative measures formulate the similarity and diversity mea-
sures for DA techniques. Through comparisons of our quantifying re-
sults with the practical effectiveness of DA methods, we find that the
importance of similarity and diversity varies across different datasets.

e The proposed measures are conducted in feature space, rather than raw
pixel space, which helps explain why some visually meaningless data
augmentation methods are still effective.

e While the top-performing DA methods differ across datasets, our similarity-
diversity plane reveals that the majority of these methods are concen-
trated within a particular region, namely the “candidate interval”. The
interval encompasses DA methods with the highest potential for achiev-
ing optimal performance.

e Our study has the potential to provide a more comprehensive under-
standing of the mechanisms behind DA methods, as well as guide the
design and parameter tuning of DA methods. Additionally, our study
can offer an efficient preliminary validation of augmentation method
efficacy, saving computational resources and time costs in large-scale
model training.
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Abstract

Data augmentation has emerged as a widely adopted technique for improving
the generalization capabilities of deep neural networks. However, evaluating
the effectiveness of data augmentation methods solely based on model train-
ing is computationally demanding and lacks interpretability. Moreover, the
absence of quantitative standards hinders our understanding of the under-
lying mechanisms of data augmentation approaches and the development of
novel techniques. To this end, we propose interpretable quantitative mea-
sures that decompose the effectiveness of data augmentation methods into
two key dimensions: similarity and diversity. The proposed similarity mea-
sure describes the overall similarity between the original and augmented
datasets, while the diversity measure quantifies the divergence in inherent
complexity between the original and augmented datasets in terms of cat-
egories. Importantly, our proposed measures are model training-agnostic,
ensuring efficiency in their calculation. Through experiments on several
benchmark datasets, including MNIST, CIFAR-10, CIFAR-100, and Ima-
geNet, we demonstrate the efficacy of our measures in evaluating the effec-
tiveness of various data augmentation methods. Furthermore, although the
proposed measures are straightforward, they have the potential to guide the
design and parameter tuning of data augmentation techniques and enable
the validation of data augmentation methods’ efficacy before embarking on
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large-scale model training.

Keywords: Data augmentation, interpretability, generalization, deep
learning, image classification.

1. Introduction

Data augmentation has been widely adopted in deep neural networks
(DNNs) to alleviate the overfitting risks and enhance models’ performance [1,
2]. In the context of deep learning, data augmentation (DA) refers to the
technique of artificially expanding a dataset by applying various transforma-
tions or modifications to the existing data samples. Notably, DNNs that
achieve state-of-the-art (SOTA) performance typically utilize various DA
methods, such as AutoAugment [3] and RandAugment [4].

Despite the effectiveness of DA methods, existing DA methods evaluate
their efficacy typically based on their performance on specific tasks, such
as the classification accuracy of models in image classification tasks [5, 6].
Unfortunately, assessing DA methods based on model training poses limi-
tations. Firstly, it has been observed that different image datasets exhibit
varying preferences for augmentation methods [7, 6]. For instance, Cutout 8]
has proven effective on CIFAR-10 [9], but not on ImageNet [10]. Similarly,
AutoAugment has also demonstrated that optimal combinations of augmen-
tation strategies differ across datasets [3]. Consequently, evaluating a DA
method necessitates training numerous deep models on various datasets, re-
sulting in significant computational overhead. Secondly, the lack of model
training-agnostic quantitative measures hampers the interpretability of DA
methods [11]. The underlying mechanisms of DA methods remain opaque,
and there are no established standards to guide the design and parameter
tuning of DA methods. For example, traditional DA methods aim to gen-
erate images that resemble natural scenes (or scenes that may be seen in
the test set but not in the training set), such as rotating images to simulate
geometric deformation. However, determining optimal values for parameters
of DA methods often requires training many deep models, posing practical
challenges for researchers.

Although evaluation metrics, such as Inception Score (IS) [15] and Frechet
Inception Distance (FID) [16], have been adopted to assess the quality of syn-
thetic images generated by deep generative models [17], they are not applica-
ble to explain the efficacy of DA methods, especially those that are considered
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Figure 1: Some examples of generated data by data augmentation methods.

unrealistic. These metrics (e.g., IS and FID) primarily focus on the quality
and diversity of generated images, assuming a close resemblance to real data.
However, in the context of DA research, the focus shifts from high-quality
data to the generation of varied training data, aiming to mitigate overfitting
risks. As exemplified in Figure 1, GridMask [6] generates images by delet-
ing uniformly distributed square regions, and Mixup [13] generates virtual
training samples by creating convex combinations of pairs of inputs and la-
bels. Despite the effectiveness in enhancing model performance, augmented
images generated by these methods are not simulations of natural scenes and
are visually meaningless; therefore, evaluating the quality of the augmented
images using these evaluation metrics is not reasonable. Consequently, the
disparity between evaluating deep generative models and DA methods neces-
sitates the development of a quantitative standard to assess the effectiveness
of DA techniques. Recently, [18] first proposed an empirical study on affinity
and diversity to evaluate DA methods while the calculation of both affinity
and diversity involves model training. Based on the results of model train-
ing, these two metrics lack interpretability and introduce high computational
costs, as determining affinity or diversity requires efforts equivalent to deter-
mining the final test accuracy. In light of these challenges, there is an urgent
need to establish a quantitative standard for investigating the effectiveness
of DA methods.

In this paper, we propose quantitative measures for evaluating the effec-
tiveness of data augmentation (DA) methods from similarity and diversity.
Although being straightforward, the proposed measures are highly efficient
as they are independent of model training. Due to the inconsistency in the ef-
fectiveness of DA methods across different datasets [7, 6, 8], instead of using a
single measure, we evaluate DA methods on our proposed similarity-diversity
plane. The similarity measure captures the overall resemblance between the
original and augmented data, while the diversity measure quantifies the varia-



tion in inherent complexity between the original and augmented data regard-
ing categories. Therefore, we decompose the efficacy of data augmentation
into similarity and diversity. To address the challenge of quantifying the
distance between image datasets [18, 19], particularly in supervised learning
with both image data and corresponding labels, we compare the data-label
distributions of the original and the augmented training dataset using the
optimal transport (OT) distances in a geometrically meaningful way [19, 20].
Additionally, we introduce a novel diversity measure inspired by principal
component analysis (PCA) [21] and biological diversity [22], which quantifies
the irrelevance between the original and augmented data in terms of classes.
Empirical evidence has shown that visual similarity and diversity have lit-
tle impact on the effectiveness of DA methods [13, 6], leading us to explore
feature space embeddings for measurement purposes. By formally defining
similarity and diversity measures, we focus on image-level DA methods and
evaluate 220 different augmentations on CIFAR-10 and CIFAR-100 and 143
on ImageNet datasets. The investigated DA methods include basic image
transformations that vary both broad transform families and finer transform
parameters, as well as some SOTA DA methods, such as Mixup [13], Cut-
Mix [12], Cutout [8], Randomerasing [14], GridMask [6], AutoAugment [3],
RandAugment [4], and KeepAugment [23], etc. Our experimental results
demonstrate a strong correlation between the proposed measures and the per-
formance of DA approaches, highlighting the insufficiency of a single measure,
whether it focuses on similarity or diversity, in comprehensively quantifying
the effectiveness of a data augmentation method.
In summary, the contributions of this work are as follows:

1. We propose novel quantitative measures agnostic to model training to
investigate the effectiveness of DA methods based on similarity and di-
versity. Through experiments, we demonstrate that these measures
provide a framework for assessing the effectiveness of DA methods
based on the similarity and diversity of the augmented data.

2. Our quantitative measures formulate the similarity and diversity mea-
sures for DA techniques. Through comparisons of our quantifying re-
sults with the practical effectiveness of DA methods, we find that the
importance of similarity and diversity varies across different datasets.

3. The proposed measures are conducted in feature space, rather than raw
pixel space, which helps explain why some visually meaningless data
augmentation methods are still effective.



4. While the top-performing DA methods differ across datasets, our similarity-

diversity plane reveals that the majority of these methods are concen-
trated within a particular region, namely the “candidate interval”. The
interval encompasses DA methods with the highest potential for achiev-
ing optimal performance.

5. Our study has the potential to provide a more comprehensive under-
standing of the mechanisms behind DA methods, as well as guide the
design and parameter tuning of DA methods. Additionally, our study
can offer an efficient preliminary validation of augmentation method
efficacy, saving computational resources and time costs in large-scale
model training.

2. Related Work

2.1. Basic Data Augmentation

Data augmentation is a widely used technique to improve the generaliza-
tion of DNNs. Traditional DA methods generate augmented data by simu-
lating real-scene data through image manipulation such as rotation, flipping,
translation, random cropping, etc. For instance, random cropping and hori-
zontal flipping are the most commonly used data augmentation for training
deep models. These classic methods are fundamental to obtaining highly
generalized deep models.

More advanced DA methods, such as Mixup [13] and CutMix [12], com-
bine two or more images or sub-regions of images into one. These methods
modify the input images and labels to fuse information from multiple images
and can improve the generalization of models by providing diverse training
samples. Recently, researchers have highlighted the importance of occlusion
in model generalization and proposed some image-erasing-based methods,
including RandomErasing [14], Cutout [8], Hide-and-Seek (HaS) [24], and
GridMask [6]. These methods replace random patches in the training sam-
ples with some specific values, which can reduce the sensitivity of models,
increase the perception field, and enhance the generalization performance.
Because occlusion may introduce distribution shift and remove some critical
regions in the images, KeepAugment [23] uses the saliency map to detect and
preserve the essential regions during augmentation.

Another line of data augmentation research is to leverage the power
of ensemble learning in conjunction with data augmentation [25, 26, 27].
Ensemble-based DA typically uses multiple models to guide or optimize the



generation of augmented data. Our work can be applied within this ap-
proach to further optimize and evaluate the selection and combination of DA
techniques.

2.2. Automated Data Augmentation

Furthermore, automated data augmentation, including AutoAugment [3],
Fast-AutoAugment [28], and AWS [29] that automatically searches augmen-
tation policies based on some metrics (e.g., test accuracy of a trained model)
has been proposed. Specifically, AutoAugment [3] leverages reinforcement
learning to find existing policies for the optimal combination of DA oper-
ations on various image datasets. RandAugment [4] utilizes grid search to
select and apply a combination of augmentation transformations to training
images to improve model robustness. Fast-AutoAugment [28] is motivated
by density matching between training and test datasets and proposes an
inference-only metric to evaluate the data augmentation. AWS [29] designs
an augmentation-wise weight-sharing strategy to search augmentation meth-
ods. These automated data augmentation methods introduce the concept
of evaluating data augmentation techniques, but this evaluation is based on
model training or through the use of the test set, hence lacking interpretabil-
ity and practicality (as the test set is unseen in practice). Instead, our work
aims to decompose the effectiveness of data augmentation methods into inter-
pretable similarity and diversity metrics, thus comprehensively quantifying
the effectiveness of DA methods.

2.3. FEvaluation of Data Augmentation
Among the various DA methods, the mechanism underlying the effective-
ness of these methods is not yet fully understood. To better understand the
impact of DA on the performance of DNNs, a recent study [18] first pro-
poses an empirical study on affinity and diversity. Affinity is the difference
between the accuracy of a model tested on clean data and an augmented
validation set. It can be seen as a measure of distribution shift caused by
augmentations. Specifically, affinity is defined as follows:
Ala,m, Dya] = Accuracy (m,D.,,;) /Accuracy (m, Dya) (1)

val

where a is an augmentation method, m is the model trained on the original
training set, Dyq and D, ,, are validation datasets and augmented validation
datasets, respectively. At the same time, they propose a model training-
based measure for diversity, that is, the final training loss of a model trained



with a given DA method, relative to the final training loss of the model
trained on clean data:

D[a’7 m, Dtrain] - E'D’

train

[Ltrain ] /EDtram [Ltrain ] ) (2)

where Epy  [Ligain | and Ep,,;, [Ltrain | are the final training loss of a model,
m, trained with the augmented training dataset Dy, and clean training
dataset Dyqin, respectively. a is the applied augmentation method. How-
ever, determining the affinity and diversity requires the same amount of work
as determining the final test accuracy, which is computationally expensive.
Moreover, evaluating DA methods’ effectiveness is still indirectly done by
assessing the actual performance after the entire training of deep models,
making it difficult to use when designing augmentation strategies and tuning
parameters in practice. In contrast to previous studies, our approach involves
training an embedding model for each dataset only once to embed data into
feature space. The proposed measures are based on distance measures and
are agnostic to model training, drastically reducing the GPU requirements
compared to the aforementioned study. Therefore, our method can be effort-
lessly employed in practice. To ensure the validity of our proposed metrics,
we will perform a comparison with the quantitative measures presented in
the previous study in Section 4.6.

2.4. Optimal Transport between Datasets

Optimal transport (OT) is a powerful and principled approach to com-
pare probability distributions with strong theoretical foundations and desir-
able computational properties [19]. OT considers two probability measures,
denoted as a and f in spaces P(X). The Kantorovich’s OT problem [30] is
defined as:

cap) 2 min [ clopin(e), 0

where ¢(x,y) is a cost function indicating the distance between x and y, and
U(a, B) consists of joint distributions Mi over the product space X x ) with
marginals « and 5:

Ue, B) 2 {7 € ML(X x V) : Pyym = a, Pyt = B}, (4)

where Pyym = o and Pyym = [ are the push-forward measures [30] of the
projections Py (x,y) = x and Py(x,y) = y, repectively. Minimizers of this
problem are called optimal transport plans. Since the measures are rarely
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known in practice and image datasets contain finite discrete samples, a and
/3 can be defined as discrete measures v = > | a;0,) and 8 =371 bid ),
where a and b are vectors in the probability simplex, {x(i)} € X and {y(j )} €
X, 0y and dy(;) are Dirac measures of mass 1 located at the point x and
y, respectively [31]. When smoothing the classic optimal transport problem
with an entropic regularization term, the entropy-regularized problem is as
follows:

OTa) min [ copiny)+eliwlawn). 6

where ¢(x,y) is the pairwise costs between = and y, € is the regularization
coefficient, and H(w | a ® 8) = [log(dr/dadf)dr is the relative entropy.
The entropy-regularized problem can be solved faster with the Sinkhorn al-
gorithm [32].

3. Method

In this section, we provide a comprehensive introduction to investigating
the effectiveness of data augmentation in terms of similarity and diversity
measures. Codes for reproducing our method are available at 1.

3.1. Similarity

Notably, a fundamental assumption in machine learning algorithms is
that the training and test data share the same distribution and feature space.
Thus, a model trained on the training set can generalize well on the test set.
Ideally, the best data augmentation method should generate an augmented
set to approximate the test set as close as possible, which can achieve higher
test accuracy.

Although the test set is unseen during the training process, the augmented
data can offer insights into the test set’s distribution as they are indepen-
dent and identically distributed. Motivated by this assumption, in our work,
we propose the similarity measure to determine the distance d(Dgug, Dirain),
where Dg,y and Dirgin represent the augmented and original training dataset,
respectively. However, it has been observed that the visual effect and the ac-
tual performance of DA techniques are inconsistent. Visually meaningless

Thttps://github.com/Jackbrocp/Investigating_the_Effectiveness_of Data_Augmentation



data augmentation methods, such as GridMask, can significantly improve
the performance of models. Therefore, we measure similarity and diversity
in the feature space rather than in the original image space. Feature maps
of image data are obtained by training an embedding model with clean data,
and the output of the last fully connected layer is used as the feature map.
We will show in the ablation study that the choice of embedding models does
not affect our main conclusions.

For simplicity, the original data is of the form: (x,y) € D, where x
denotes the feature map of the image data and y corresponds to the label.
The dataset D is sampled from a joint distribution P(X,)), noted as D =
{(x,y)} ~ P(X,Y). The dimensions of the label space and feature space of
both augmented and original training datasets, denoted by D,y and Dirgin
respectively, are identical because the former is generated based on the latter.
Considering the problem in Equation (3), we define the optimal transport
dataset distance as a metric between the feature-label pairs(x,y) and (2, y')
as:

d((@,y), (@,y) = (de (@, @) +dy (5,5)) """, (6)

where p € R, dy (x,2') can be defined as the Euclidean distance in the
feature space and dy (y,’) is the distance of labels. The distance of labels
dy (y,y')? is critical in supervised datasets but difficult to quantify due to
the considerable variability among data belonging to different classes. The
inter-class variation is not of a similar order of magnitude as the intra-class
variation. For instance, the distribution between husky and golden retriev-
ers can be considered an intra-class variation, while the categorical differ-
ence between a hot dog and a dog is an inter-class difference. The only
information available regarding labels is the corresponding feature maps.
Hence, we define an empirical conditional distribution on the feature space:
Cy(X) = P(X|Y =y). Let X, = {z| (a,b) € (X xY),b=1y} denote the
set of feature vectors with label y, then X, becomes a finite sample set
of C,(X). In this way, the distance between labels becomes the distance
between distributions C,(X), which can be calculated by a p-Wasserstein
distance: WE (C,,C’,/). Equation (6) can be calculated as follows:

d((z,y), (@, y)) = (dx (z,2') + W (C,,C'y)) "7, (7)

where WP (C,,C',) is a p-Wasserstein distance between labels, and €', is the
conditional distribution on the augmented set with label ¢. The calculation



of the distance between datasets can be achieved through the use of OT as
follows:

dOT (Dauga Dtram) = EILIII(iCnC’) A 2 dZ (Z, z/)P Q (Z, Zl) ) (8)
0 g X

where Z £ X x ) is the joint distribution of data and corresponding labels,
U is defined in Equation (4), z = (@,y) is from Dy.qim, and 2’ = (',y/) is
from D,,y. Equation (8) defines a proved metric and can be solved with the
Sinkhorn algorithm [19, 33]. Finally, the similarity measure can be calculated
as follows:

Similarity(paugv Dtrain) = _dOT (Dauga Dtrain) . (9)

The degree of similarity between the training dataset D4, and the aug-
mented datasets Dy, is reflected by the proposed OT distance between them.
A smaller OT distance indicates more remarkable similarity between them,
resulting in a similarity measure closer to 0 for the DA method employed.
In this case, the distribution of the augmented data is similar to that of the
training set. Based on the assumption that the training and test datasets
share the same distribution, an augmented dataset with a higher similarity
measure is more likely to approximate the test dataset, thus enabling the
improved performance of deep models. Hence, the proposed similarity mea-
sure for DA methods is theoretically linked to the ultimate generalization
performance of deep models.

When Dg,y and Dy, are identical, the proposed similarity measure
reaches the maximum value of zero. However, in the context of data augmen-
tation, a higher similarity value is not always desirable because the diversity
of the augmented data is limited. As a result, some DA methods with high
similarity values severely suffer from overfitting. For instance, if the DA
method only duplicates the training set, the maximum similarity value is
attained, while such training sets can lead to overfitting easily and hinder
the generalization performance of the model. To address this limitation, we
propose another measure, diversity, to enhance the credibility of our investi-
gation.

3.2. Diversity

Inspired by the perspective of biodiversity and statistics, we propose a
diversity measure that considers the following aspects. Firstly, diversity is a

10



measure of variation at the species level, as established in the field of biodi-
versity [22]. For image datasets, we consider the information in the images
from different classes unique and characterize the diversity as uncorrelation
between classes. Secondly, the diversity is calculated only using the effective
components in images [34]. From a statistical perspective, the covariance of
random variables is directly proportional to the correlation [35]. In PCA,
eigenvectors u of the covariance matrix represent the principal directions of
the data, while the associated eigenvalues A indicate the variation of the
points along the direction. The eigenvalues and eigenvectors of the covari-
ance matrix can characterize the uncorrelation of effective components [35].
Lastly, since visually diverse augmented data may have little correlation with
the effectiveness of DA methods, we calculate diversity in the feature space
using the same embedding model as the one used for similarity measure.

Let Ay € R™*™ denote the feature matrix of class k, where the j-th
column a; is the corresponding feature map of j-th input image data. Here,
m and n represent the dimension of the feature map and the number of
samples from class k, respectively. In this way, we formulate the feature
maps of the same class as random variables and use the eigenvalues and
eigenvectors of the corresponding covariance matrix to measure the intrinsic
diversity. Specifically, let pu = %Z? a; be the sample mean vector. We
formulate the empirical covariance matrix S of the normalized feature matrix
as follows:

aij:—Sii,z’:1,2,...,m;j:1,2,...,n (10)
AY = [a:j]mxn (11)
1
L AAT, (12)
where
B B .
a; = — a;j,t=1,2,...m (13)
n <
j=1
- .
Sii = n_lz(aij—ai) , 1= 1,27...,771. (14)
j=1
S =>" Nu;ul denotes the eigendecomposition of matrix S, where

is an eigenvalue, and w; is the associated eigenvector. The eigenvector u;
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represents a direction of the effective samples, with the associated eigenvalue
A; denoting the significance of the samples in that direction. In essence,
a larger \; implies a greater spread of data along the direction w;. Since
the diversity of the augmented data is contingent on that of the original
training data, we combine the training and augmented data from a given
class k to create A'y, while Ay signifies the original training data from class
k. In measuring diversity, we focus on the uncorrelation of effective samples
between the original training set and the augmented data with the original
training set, which can be understood as d(Diyqin, Diraintaug). We perform
eigendecomposition on Ay, and A’; to obtain ug, Ay and u'y, A}, respectively.
We sort the eigenvalues and the corresponding eigenvectors in descending
order and select the top t largest eigenvalues and the related eigenvectors for
diversity analysis. The value of ¢ is determined as follows:

o
t = arg min —Zﬁl Al >0, (15)
m’ Zi:l Aki
where 6 is a hyper-parameter and m denotes the total number of eigenval-
ues of Aj. The main information of the dataset is contained in the largest
t eigenvalues and corresponding eigenvectors, while the eigenvectors corre-
sponding to smaller eigenvalues are related to the noise [21, 36]. The value
of 6 is dataset-dependent, and we will evaluate the effect of different values
of 6 and discuss the choice of 8 in the ablation study.

For simplicity, we use Aj, and u; to denote the largest ¢ eigenvalues and
eigenvectors in class k, respectively. Meanwhile, A’ and u’;, denote eigen-
decomposition results of A’y. We then obtain the diversity measure of the
augmented data as follows:

K
1 £
diversity = 7 Z X wy — N - ]5, (16)
k=1
where K is the total number of classes, and | - | denotes the element-wise

multiplication.

It is worth noting that the smallest diversity value corresponds to the
highest degree of similarity between the augmented and training sets when
the augmented set is identical to the training set. However, a higher diversity
does not necessarily guarantee better performance. For instance, generating
images of cats for the dog category produces a high diversity score, but

12



such data will impair performance. Therefore, we assess the efficacy of DA
methods not solely on the diversity measure but in terms of both similarity
and diversity measures.

Notably, despite an overall negative correlation between these two mea-
sures, either measure is insufficient to measure method efficacy. These two
measures evaluate different aspects of DA methods: the similarity measure
promotes DA methods to generate augmented data that closely resembles the
original training set, which aids in reducing the underfitting risk; the diver-
sity measure encourages DA methods to produce diverse augmented samples,
which helps in mitigating the overfitting risk. These two parts serve as com-
plementary tools in investigating the effectiveness of DA methods.

4. Experiment

In this section, we conduct experiments to validate the proposed measures
on several widely used benchmark datasets, including MNIST, CIFAR-10,
CIFAR-100, and ImageNet.

4.1. Implementation Details and Fxperiment Settings

To obtain the performance of various augmentations, we closely follow
the training settings suggested in [8] and [4] to train various classification
models by employing a large number of DA techniques. Specifically, we
train ResNet-50 and Wide-ResNet-28-10 models on CIFAR-10 and CIFAR-
100 with a batch size of 128. All models are trained for 200 epochs with
stochastic gradient descent and momentum. The initial learning rate is set
to 0.1. The learning rate starts with a value of 0.1 and is decayed by 20%
at epochs 60, 120, and 160. The optimizer uses cross-entropy loss with 2
weight decay of 0.0005. To obtain the classification accuracy of ImageNet us-
ing different data augmentation methods, the ResNet-50 models are trained
for 112.6k steps, with a weight decay of le-4, a batch size of 1024, and a
learning rate of 0.2, which is decayed by 10% at epochs 30, 60, and 80. For
ImageNet, since images have different sizes, all images are also resized to
(224,224). Some classification accuracy results on ImageNet are from [18].
In addition, we use a reduced subset of the ImageNet training set to calcu-
late the similarity and diversity. All images are pre-processed by dividing
each pixel value by 255 and normalizing by the dataset statics. To elimi-
nate the influence of commonly used data augmentation techniques such as
random cropping and horizontal flipping, we have excluded them from our
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Figure 2: Visualization of the image embedding space using the MNIST [38] test set.
The embedding uses a pre-trained ResNet-18 [37] model on the MNIST training dataset.
The t-SNE method is utilized to visualize the image embedding space at various levels of
data augmentation. The abbreviation “w/o0” denotes the augmented test set without the
original test set, while “w/” denotes the combination of both test sets.

implementation unless explicitly stated. For MNIST, we utilize ResNet-18
as the embedding model. For CIFAR-10, CIFAR-100, and ImageNet, we use
ResNet-50 [37] as the embedding model. For more detailed implementation
and experimental settings, please refer to Appendix B and Appendix C.

4.2. Visualization Results on MNIST Dataset

To gain deep insights into the relationship between our proposed simi-
larity and diversity measures and the distribution of the dataset, as shown
in Figure 2, we use the t-distributed stochastic neighbor embedding (t-SNE)
algorithm [39] to visualize the embedding results of the MNIST [38] test
set rotated by different degrees. Through this experiment, we can see that
the similarity decreases and the diversity increases as the rotation angle in-
creases, as also corroborated by the statistical results in Table 1, indicating
the proposed measures are consistent with the similarity and diversity of the
dataset distribution.

Specifically, Figure 2(a) illustrates the clustering results of the original
MNIST test set. Figure 2(b), Figure 2(d), and Figure 2(f) present the rota-
tion augmentation with angles of 20°, 45°, and 60°, respectively. Meanwhile,
Figure 2(c), Figure 2(e), and Figure 2(g) show the embedding results of the
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Table 1: Similarity and diversity measures on MNIST-test set with different degrees of
rotation augmentations.

Rotation Angle Similarity Diversity

20° -1.49 719.02
45° -6.77 861.85
60° -12.46 1269.45

original and augmented datasets with rotation angles of 20°, 45°, and 60°,
respectively. The corresponding statistical results of similarity and diver-
sity measures using different degrees of rotation augmentations are given in
Table 1.

When we perform rotation augmentation with angles of 20°, 45°, and
60° in the first row of Figure 2, we can observe that the distribution of the
augmented datasets becomes progressively dissimilar to that of the original
dataset as the rotation angle increases. Notably, at a rotation angle of 20°,
the augmented dataset remains largely invariant, indicating high similarity
between the original and augmented datasets. However, as the rotation an-
gle increases to 45° and 60°, the overall distribution of the datasets in the
embedding space changes significantly, leading to a decrease in the similarity
measure. Especially when the rotation angle reaches 60°, the distribution
of data changes significantly, and the classification boundaries of different
categories become indistinct.

To scrutinize the connection between the diversity measure and dataset
distribution, we present the embedding results of the original and augmented
datasets with rotation angles of 20°, 45°, and 60° in the second row of Fig-
ure 2. The embedding results reveal that the augmented datasets become
increasingly complex with the increase in the rotation angle. Specifically,
for rotation angles of 20° and 45°, the distribution of each cluster is akin to
that of the original dataset. However, with a 60° rotation, the distribution
undergoes significant transformation, and some clusters even become over-
lapped. Consequently, the augmented dataset’s distribution substantially
deviates from the training data, which imparts deleterious effects on model
training.

Therefore, the proposed measures can be utilized as quantitative indi-
cators to tune the distribution of training data in terms of similarity and
diversity. In the following sections, through experiments, we will show how
similarity and diversity measures can be used to characterize and understand
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Figure 3: Investigation of the efficacy of DA methods in the similarity-diversity plane on
CIFAR-10 [9], CIFAR-100 [9], and ImageNet [10], respectively.

the effectiveness of DA methods in detail.

4.3. Investigate the Effectiveness of Augmentations

To investigate the efficacy of the proposed similarity and diversity mea-
sures, we conduct experiments using a large number of DA methods on
CIFAR-10, CIFAR-100, and ImageNet datasets, respectively. Specifically,
Figure 3 illustrates the quantifying results across 220 different augmentation
methods for CIFAR-10 and CIFAR-100, and 143 methods for ImageNet, re-
spectively. A complete list of the tested augmentation methods is presented
in Appendix H. We also provide the full quantitative results on CIFAR-10,
CIFAR-100, and ImageNet given in .csv files, which are uploaded at https:
//drive.google.com/file/d/1B9Pms1VOH8fKLxQKILFvW6fLW3Z3ns0y.

As shown in Figure 3, the similarity and diversity measures are inversely
proportional, consistent with theoretical expectations where higher similarity
tends to obtain lower diversity and vice versa. Despite the negative correla-
tion, neither similarity nor diversity can comprehensively explain the effec-
tiveness of augmentations. As presented in Figure 4, achieving the optimal
performance for different datasets does not necessarily require DA methods
with the highest or lowest similarity or diversity values. DA methods with
either the highest or the lowest similarity or diversity tend to yield inferior
performance, which means that any of these two measures can not com-
prehensively evaluate the efficacy of augmentation methods. For instance,
rotating images by 60° and flipping them vertically may produce a high diver-
sity value, but the final accuracies of these two augmentation methods are
36.9% and 39.2% on CIFAR-10, respectively. In contrast, commonly used
augmentations such as Crop and Horizaonal Flip can achieve a much higher
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accuracy of 96.2%. This indicates that excessively high similarity between
the augmented and training sets may lead to overfitting because the aug-
mented data is very similar to the training set. However, an excessively high
diversity can also lead to the distribution of augmented data considerably
different from that of the training set, making it challenging for deep models
to learn the underlying distribution and consequently leading to suboptimal
performance. Therefore, neither similarity nor diversity can comprehensively
explain the effectiveness of augmentations. Similarity and diversity are com-
plementary in investigating the effectiveness of DA methods.

While the best-performing methods on these three datasets exhibit differ-
ent similarity-diversity characteristics, we observe that they are concentrated
in a specific region of the similarity-diversity plane, referred to as the ”candi-
date interval.” Generally speaking, this region is characterized by a similarity
ranging from approximately -2.5 to -1 and a diversity ranging from 800 to 900
using ResNet-50 as the embedding model. To facilitate the selection of DA
methods based on the proposed measures, we propose a simple but effective
probabilistic indicator function to highlight the area where the best methods
are concentrated, which can be found in Appendix F. After further analyzing
the similarity-diversity characteristics of the best-performing augmentations
on these datasets, we find that the preference of these methods for similarity
and diversity measures originates from the varying degrees of ease in fitting
the datasets. As shown in Figure 3(a), the best-performing DA methods on
CIFAR-10 are mainly concentrated in areas with relatively high similarity
and diversity, which can be more clearly observed in Figure 4(a). However,
it can be observed in Figure 3(b) that augmentations for CIFAR-100 with
high diversity are more beneficial, which can also be verified in Figure 4(c)
and Figure 4(d). This is because CIFAR-100 has a more significant number
of classes and fewer training samples per class than CIFAR-10. We believe
that fitting a model to distinguish 100 categories is more complex than ten
categories and therefore requires more diverse samples to reach optimum,
making high-diversity DA indispensable for CIFAR-100. As shown in Fig-
ure 3(c), the best DA methods for ImageNet achieve relatively high similarity
and diversity measures, while higher diversity is more beneficial. This may
be because the distribution of the training set and the test set of ImageNet
are similar; to avoid overfitting, providing diverse samples under the same
distribution is more beneficial. Consequently, a key to devising DA tech-
niques is to balance similarity and diversity concerning the complexity of the
dataset, which we will further discuss in Section 5. This is also why some DA
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Figure 4: The relationship between similarity and accuracy and diversity and accuracy
is shown. The Red dashed line indicates the accuracy of the baseline model with no
augmentation at all.

techniques (e.g., GridMask and AutoAugment) utilize different parameters
and strategies on different datasets.

Finally, we summarize some simple but effective DA methods on these
three image datasets. On CIFAR-10, basic ()+randomerasing (80%), basic()+
color(0.2,10%), basic()+patchgaussian(20, 30%), and basic()+posterize(7,100%)
can obtain test accuracy 4% higher than the baseline. On CIFAR-100,
basic ()+contrast (0.7,100%), basic ()+patchgaussian (16,10%), and basic ()+
color (0.2,10%) can achieve test accuracy 13.61% higher than the baseline,
and 1.46% higher than widely used transform RandomCrop+ Horizonal Flip.

On ImageNet, AutoContrast(100%), Cutout(30,100%), and translateX (20, 100%)
can achieve test accuracy 0.22% higher than the baseline. For the details of
the data augmentation methods above, please refer to Appendix C.
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the changing trend of similarity and diversity measures.

4.4. Accuracy with Similarity or Diversity

In this section, we conduct a case study to demonstrate that the proposed
measures are consistent with the extent of variation introduced by augmen-
tations. Therefore, the proposed measures can quantitatively indicate the
extent of variation introduced by data augmentation approaches, which can
then be utilized to guide the parameter tuning of augmentation methods.

As depicted in Figure 5, we evaluate the similarity and diversity measures
of the augmentation rotate (60°) on CIFAR-10 across different ratios ranging
from 10% to 100%. By manipulating the proportion of the augmented data,
we can adjust the extent of variation introduced by augmentation techniques.
For example, the ratio of 10% means that only 10% of the total data is
rotated by 60°, while the remaining 90% is the original data. It can be
observed in Figure 5(a) and Figure 5(b) that, as the ratio of the augmented
data increases, the similarity measure decreases while the diversity measure
increases. Moreover, Figure 5(c¢) shows that the accuracy first increases and
then decreases as the ratio increases. The accuracy is the highest when the
ratio is between 50% and 60%. When the similarity and diversity measures
are both relatively high, the best generalization performance is obtained,
consistent with the results in Figure 3(a).

However, when a small amount of augmented data is used, the augmented
dataset is highly similar to the original training set, leading to overfitting
and poor generalization performance of deep models. As the ratio of aug-
mented data increases, the augmented dataset becomes more diverse, and
the generalization performance of deep models improves. Meanwhile, it is
also important to note that if the distribution of the augmented training
data deviates too much from the original training and test sets, the model’s
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Figure 6: CIFAR-10 transferred test accuracy in the similarity-diversity plane.

performance may suffer. For instance, when the ratio exceeds 60%, the test
accuracy drops sharply. Especially when the ratio reaches 100%, the test
accuracy is the lowest.

Therefore, the proposed measures have the potential to be used as indica-
tors to adjust the extent of variation introduced by augmentations in terms
of similarity and diversity.

4.5. Transfer Learning

In the context of data augmentation, the effectiveness of DA methods is
closely linked to the model’s ability to extract useful features and generalize
well on unseen data. In addition to evaluating the performance of models
based on test accuracy, the effectiveness of DA methods can also be assessed
with transfer learning [40, 41]. To further validate the efficacy of our proposed
measures, we associate the transferability of deep models with our proposed
quantitative measures. Specifically, we pre-train models on the CIFAR-100
dataset using different augmentations and fine-tune them on the CIFAR-
10 dataset. The similarity and diversity are calculated on the CIFAR-100
dataset, and the accuracy is the transferred test accuracy on the CIFAR-10
test set. Theoretically, better DA methods indicate higher transferred test
accuracy.

As shown in Figure 6, we illustrate the transferred test accuracy of 220
different DA methods on the similarity-diversity plane. We can see that our
proposed measures have demonstrated an excellent ability to investigate the
effectiveness of DA methods in terms of model transferability. For instance,
compared with the results in Figure 3(b), the test accuracy on CIFAR-100
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Figure 7: The relationship between our proposed measures and affinity, FTL on CIFAR-10
and ImageNet datasets.

and the transferred test accuracy on CIFAR-10 share a similar trend. Mean-
while, the DA methods that perform better are mainly concentrated in high-
diversity regions, which suggests that models trained with high-diversity DA
methods have a stronger feature extraction ability. Therefore, on CIFAR-100,
augmentations that achieve relatively high diversity measures are preferred.

Through transfer learning, we have further demonstrated the efficacy of
the proposed measures in evaluating the effectiveness of DA methods.

4.6. Comparison with Other Measures

In this section, we compare our proposed measures with the affinity and
final training loss (FTL) presented in [18] on both CIFAR-10 and ImageNet
datasets. Through experimental results, we show that although similarity
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Table 2: The Pearson correlation coefficient and Spearman correlation coefficient between
the proposed measures and affinity on CIFAR-10 and ImageNet. FTL: final training loss.
PCC: Pearson correlation coefficient. SCC: Spearman correlation coefficient.

Dataset ‘ Metrics PCC SCC

Similarity& Affinity  0.91  0.89
Diversity&FTL 0.75 0.58
Similarity& Affinity 0.86  0.87
Diversity&FTL 0.70 0.78

CIFAR-10

ImageNet

and diversity measures are distance-based measures of the datasets, they are
closely related to the performance of DA methods on model training and
obtain higher practical values than previous works.

Specifically, as presented in Figure 7(a), there is a high positive corre-
lation between the similarity and affinity measure. Meanwhile, we can also
observe in Figure 7(b) that DA methods with high diversity values tend to
obtain high FTL. To provide a deeper analysis of the correlation, we also
calculate the Pearson correlation coefficient [42] and Spearman correlation
coefficient [43] between our proposed measures and others in Table 2. As
presented in Table 2, there is a strong positive correlation between similarity
measure and affinity, as well as diversity and FTL. The p-value of all the
correlation coefficients is lower than 1 x 107%) indicating high confidence in
the strong positive correlation. Therefore, our proposed measures not only
investigate the effectiveness of DA methods on the model training but also
provide practical values for DA techniques.

However, affinity and FTL require the entire training process, which
brings high computation costs and low efficiency, making it difficult to be
utilized for the design of DA methods before model training. Meanwhile,
the best augmentation policies prefer jointly optimizing affinity and FTL
across various datasets [18], regardless of the differences between datasets.
Therefore, the nature of the affinity and FTL leads to a lack of transparent
methodology of how to utilize these metrics to design augmentation strategies
in practice.

In contrast, our proposed distance-based measures formally reveal that
the effectiveness of DA techniques originates from generating data with vary-
ing degrees of similarity and diversity that are appropriate for specific datasets.
Since only one embedding model for each dataset needs to be trained, the pro-
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Figure 8: Similarity measure is calculated between the augmented set and the test set
on CIFAR-10 using both ResNet-50 and Wide-ResNet-28-10. The best-performing DA
methods tend to obtain high similarity values.

posed measures can be calculated much more efficiently. More importantly,
similarity and diversity can serve as a guide for the design of augmenta-
tion approaches, parameter tuning, and initial validation of the efficacy of
augmentations. For example, by tuning the parameters of a DA method,
the similarity or diversity can be targeted to achieve the best performance
possible by pushing the method within the “candidate interval”.

For more details of the comparison between our proposed measures with
other measures commonly used for evaluating synthetic images, including
structural similarity index measure (SSIM) [44], inception score (IS) [15],
Frechet inception distance (FID) [16], and peak signal-to-noise ratio (PSNR) [45],
please refer to Appendix G.

4.7. The Similarity between the Augmented Set and Test Set

In this section, we aim to further validate the effectiveness of our proposed
measures by assessing the similarity between the augmented dataset and
the test set, despite the test set being entirely unseen during the design of
augmentation approaches. The underlying principle suggests that models
trained on a training set more similar to the test set tend to exhibit better
generalization performance.

As depicted in Figure 8, our proposed measures demonstrate that when
the distribution of the augmented dataset and test set is more similar, the
model will generalize better on that test set. Contrary to the observations
in Figure 3(a), the results indicate that DA methods achieving the highest
test accuracy tend to possess both the highest similarity and relatively high
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Figure 9: The effect of embedding models.

diversity values. In practice, since the test set is unknown during data aug-
mentation design, based on the fundamental assumption in deep learning
that the training set and the test set are independent and identically dis-
tributed, it is crucial to provide augmented data that resembles the training
set. However, to effectively mitigate overfitting, optimal DA methods should
also incorporate relatively high diversity values by introducing variations.

Thus, our proposed measures are reasonable and effective in comprehend-
ing the effectiveness of DA approaches.

4.8. Ablation Study

4.8.1. The Effect of the Embedding Models

To study the impact of different embedding models, in Figure 9(a) and
Figure 9(b), we train a DenseNet121 [46] model on CIFAR-100 and a Vision
Transformer [47] model on ImageNet to obtain the feature map, respectively.
The embedding results on the datasets using ResNet-50 can be seen in Fig-
ure 3. It can be observed that the candidate interval exists no matter which
embedding model is used. Specifically, similar to the results in Figure 3,
there is a generally inverse proportionality between the similarity and diver-
sity measures, and most of the best-performing methods are concentrated in
a specific area of the similarity-diversity plane. In Figure 9(a), CIFAR-100
also favors DA methods with high diversity. The average Spearman correla-
tion coefficient between measures in Figure 3(b) and Figure 9(a) is as high as
0.91. Similar to the results shown in Figure 3(c), in Figure 9(b), the best DA
methods for ImageNet are also concentrated in the region where both sim-
ilarity and diversity are relatively high. Despite using different embedding
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Figure 10: Quantifying results with different settings of 6.

models, we can still obtain similar results; the best-performing methods are
still concentrated in the “candidate interval”. Consequently, the similarity-
diversity metric can still be used on any model, just the specific range of the
“candidate interval” may vary slightly. We will also show in Appendix F a
simple unified probabilistic metric to identify a narrow “candidate interval”
containing the best-performing DA methods.

4.8.2. The Effect of the Parameter 6

As described in Equation (15) in Section 3.2, parameter 6 determines
the number of chosen eigenvalues and corresponding eigenvectors. Here, we
investigate the effect of the parameter 6 on the quantification of the diversity
of DA methods for CIFAR-10 with various 6 values, including 20%, 40%, 60%,
and 80%. The results obtained using 6 = 40% are shown in Figure 3(a).

As demonstrated in Figure 10, increasing the value of 6 leads to a de-
crease in the variation of diversity measure among different data augmenta-
tion methods. When @ is set to a smaller value, such as 20%, the diversity
measure does not fully capture the critical information in the dataset as in-
sufficient eigenvectors are retained. Conversely, when 6 exceeds 60%, the
diversity measure fails to capture the difference in diversity among various
data augmentation methods, as it considers the information related to small
eigenvalues that do not contribute much to the diversity of the augmented
data. Therefore, we select 6 = 40% as the optimal value for CIFAR-10.

Parameter Setting. The parameter 6 is essential for the diversity measure
yet easy to set. In the calculation of diversity measure, the feature map
A; is of the size m x n, where m represents the total number of classes
and n represents the number of samples in each category. Therefore, the
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covariance matrix S in Equation (12) is of the size m x m. The number of
eigenvalues and eigenvectors of the covariance matrix S are closely related to
m. For larger covariance matrices, more principal components are typically
required to explain the variance in the data, resulting in an increased need for
principal components. This is because larger covariance matrices typically
contain more subtle variations that require additional principal components
to capture these details and provide a more accurate data representation. For
instance, in the case of the MNIST and CIFAR-10 dataset, which has an m
value of 10, we have set 6 to 40%. If additional eigenvalues and eigenvectors
are selected, there is a higher likelihood of introducing noisy information. In
contrast, the CIFAR-100 dataset has an m value of 100, and we have set 6
to 80% accordingly, as the primary information of the dataset is contained
in more eigenvalues and eigenvectors. Consequently, 6 can be easily set
by referencing commonly used datasets in our research, including MNIST,
CIFAR-10, CIFAR-100, and ImageNet.

5. Discussion and Future Work

In this work, we propose two model training-agnostic quantitative mea-
sures that can effectively investigate the performance of DA methods. These
measures are designed to uncover the key factors contributing to successful
DA methods without large-scale model training. Our investigation reveals
that different datasets have different similarity-diversity preferences for DA
methods and that the effectiveness of DA methods originates from the simi-
larity and diversity of the augmented data. Prior research on data augmen-
tation has often focused explicitly on one of these measures while implicitly
accounting for the other. For instance, Cutout, HaS, and GridMask ensure
the similarity of augmented data by masking sub-regions in the original im-
age and increasing diversity through changes in the masking regions. To
enhance diversity, automated data augmentation uses combinations of var-
ious augmentations that involve minor changes to maintain similarity. Our
findings underscore the importance of balancing similarity and diversity to
design effective DA methods. The proposed similarity and diversity measures
can explicitly capture the adjustments of these properties. Additionally, we
observe that high-accuracy augmentations tend to be concentrated in a spe-
cific region of the similarity-diversity plane. Augmentations in the “candidate
interval” are more likely to achieve high accuracy, which informs the design
of future augmentations by adjusting the parameters of a given method to
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fall within the “candidate interval”. Besides strengths, the limitations of our
method should also be mentioned.

5.1. The Impact of Dataset Complezity on Data Augmentation Methods

While the proposed metrics directly reflect the effectiveness of DA meth-
ods, we believe that the dataset complexity plays a vital role in determining
the preferences for the DA method. However, the dataset complexity is chal-
lenging to quantify because it involves multiple factors such as dataset size,
number of categories, sample size per category, noises, label quality, etc. Our
approach tries to decompose the dataset complexity by similarity and diver-
sity measures. These two measures work in an adversarial manner, and both
are indispensable for a complete evaluation. Therefore, future work should
further analyze dataset complexity’s influence on DA approaches.

5.2. The Range of Similarity and Diversity Values

While our work has demonstrated its efficacy across various benchmark
datasets, it’s important to underscore that the range of similarity and di-
versity values may vary for certain specific datasets, such as medical MRI
images. This can lead to an inconsistency in the “candidate interval”. This
potential limitation can be mitigated by referring to our unified metric in
Appendix F, which empirically harnesses existing DA methods to adap-
tively pinpoint an approximate range for the candidate interval. Through
this approach, we aim to minimize the impact of the limitation by providing
a broader understanding of the expected metric values across diverse dataset
scenarios. In the future, based on the similarity and diversity measures, we
would explore the development of an even more robust unified metric to
evaluate the effectiveness of DA methods.

5.3. Sample Sizes in the Diversity Measure

In the calculation of the diversity measure, the sample size within each
category significantly influences the outcomes of PCA [48]. Specifically, let
the feature map be denoted as A; with the size m x n, where m is the total
number of classes and n is the total number of samples in each category. We
define the sample abundance s, as s, = ;-, which highlights the abundance
of samples in each category. Determining the appropriate value of s, is
challenging but crucial to PCA. There are only a few studies focusing on the
sample size of PCA [49, 50]. Furthermore, empirical evidence from studies
such as [51, 52] suggests that the minimum sample size should be larger than
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five times the number of variables, recommending a lower bound of 5 for
sq. Consequently, the efficacy of the diversity measure is constrained when
the sample size per category is exceedingly small. This limitation implies
that our method may not be suitable in scenarios characterized by minimal
samples per category. Therefore, future work could delve deeper into the
evaluation of data augmentation techniques specifically on smaller sample
datasets.

6. Conclusion

In this paper, we proposed efficient quantitative measures that enable
a comprehensive investigation into the effectiveness of data augmentation
methods by considering both similarity and diversity aspects. Departing
from the traditional evaluation of DA methods based solely on model per-
formance, our approach offers a model training-agnostic and easily imple-
mentable framework. To validate the efficacy of our proposed measures, we
conduct extensive experiments on multiple benchmark datasets, including
MNIST, CIFAR-10, CIFAR-100, and ImageNet. The experimental results
demonstrate that the proposed measures provide a practical framework for
investigating the effectiveness of DA methods by decomposing the perfor-
mance into similarity and diversity. Furthermore, the proposed measures
can be employed to understand the effectiveness of DA methods, guide the
design and parameter tuning of such methods, and offer an efficient initial
validation of DA methods’ efficacy. Moving forward, future research direc-
tions should explore the implications of our quantitative measures for the
design of novel augmentation methods.
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Abstract

Data augmentation has emerged as a widely adopted technique for improving
the generalization capabilities of deep neural networks. However, evaluating
the effectiveness of data augmentation methods solely based on model train-
ing is computationally demanding and lacks interpretability. Moreover, the
absence of quantitative standards hinders our understanding of the under-
lying mechanisms of data augmentation approaches and the development of
novel techniques. To this end, we propose interpretable quantitative mea-
sures that decompose the effectiveness of data augmentation methods into
two key dimensions: similarity and diversity. The proposed similarity mea-
sure describes the overall similarity between the original and augmented
datasets, while the diversity measure quantifies the divergence in inherent
complexity between the original and augmented datasets in terms of cat-
egories. Importantly, our proposed measures are model training-agnostic,
ensuring efficiency in their calculation. Through experiments on several
benchmark datasets, including MNIST, CIFAR-10, CIFAR-100, and Ima-
geNet, we demonstrate the efficacy of our measures in evaluating the effec-
tiveness of various data augmentation methods. Furthermore, although the
proposed measures are straightforward, they have the potential to guide the
design and parameter tuning of data augmentation techniques and enable
the validation of data augmentation methods’ efficacy before embarking on
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large-scale model training.

Keywords: Data augmentation, interpretability, generalization, deep
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Highlights

Investigating the Effectiveness of Data Augmentation from Simi-
larity and Diversity: An Empirical Study

Suorong Yang, Suhan Guo, Jian Zhao, Furao Shen

e We propose novel quantitative measures agnostic to model training to
investigate the effectiveness of DA methods based on similarity and di-
versity. Through experiments, we demonstrate that these measures
provide a framework for assessing the effectiveness of DA methods
based on the similarity and diversity of the augmented data.

e Our quantitative measures formulate the similarity and diversity mea-
sures for DA techniques. Through comparisons of our quantifying re-
sults with the practical effectiveness of DA methods, we find that the
importance of similarity and diversity varies across different datasets.

e The proposed measures are conducted in feature space, rather than raw
pixel space, which helps explain why some visually meaningless data
augmentation methods are still effective.

e While the top-performing DA methods differ across datasets, our similarity-
diversity plane reveals that the majority of these methods are concen-
trated within a particular region, namely the “candidate interval”. The
interval encompasses DA methods with the highest potential for achiev-
ing optimal performance.

e Our study has the potential to provide a more comprehensive under-
standing of the mechanisms behind DA methods, as well as guide the
design and parameter tuning of DA methods. Additionally, our study
can offer an efficient preliminary validation of augmentation method
efficacy, saving computational resources and time costs in large-scale
model training.
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