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Abstract

Training neural networks traditionally involves supplying a sequence of
mini-batches sampled from the training data. Additionally, to encourage
better generalization, augmentations are uniformly applied to these mini-
batches. In this work, we propose a novel scoring function that quantifies
the difficulty of each augmentation and analyze the effect of augmentation
curriculum learning. Although previous research has focused on identify-
ing optimal augmentation policies or finding adversarial augmentations
for robust training, our work investigates how to manage the dynam-
ics of augmentations, and specifically how to adjust the distribution of
augmentations throughout the training process. To employ the augmen-
tation curriculum learning, the training algorithm must resolve 2 prob-
lems : (1) sort the augmentation by their difficulty (2) update the augmen-
tation distribution through the training process. The empirical analysis,
conducted on various network architectures with images from CIFAR-10,
CIFAR-100, and subsets of ImageNet, demonstrates a distinct advantage

of our method.
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1 Introduction

1.1 Background and Motivation

To effectively teach complex tasks, teachers often opt to design a curricu-
lum that organizes concepts integral to the final objective. This curricu-
lum establishes a logical sequence, typically reflecting the increasing com-
plexity of concepts. By introducing students to examples of gradually in-
creased difficulty, it enables them to build upon prior knowledge, thereby

facilitating the understanding and assimilation of more abstract concepts.

We adopt the basic machine learning framework, where the relevant ma-
terial is the set of training examples. The first challenge requires the selec-
tion of an appropriate difficulty function in this domain. Previous work
focused on measuring the difficulty of images, thus gradually increasing
the set of images being learned by including more difficult data in the
training set [21]. In our work, we choose a different path: instead of sim-
ply using data augmentation during training, as is customary with image
data, we propose sorting the difficulty levels of the augmentations used
in the training process. Learning proceeds as usual, with data randomly
sampled at each step. Curriculum learning is achieved by progressively

increasing the difficulty of the augmentations applied to the training data.
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1.2 Curriculum learning

Training machine learning models in a meaningful order, from easy sam-
ples to hard ones, using curriculum learning can provide performance im-
provements over the standard training approach based on random data
shuffling, without incurring additional computational costs. Curriculum
learning strategies have been successfully employed across all areas of ma-
chine learning and in a wide range of tasks. Although curriculum learning
approaches can be divided into different types based on the components

involved, the most common way to categorize these methods is as follows:

* Vanilla CL: Introduced by Bengio et al. [5], improves model perfor-
mance by feeding increasingly difficult samples during training, us-
ing predefined rules to distinguish between easy and hard examples,
such as progressing from simple geometric shapes to complex ones

or from shorter to longer sequences.

* Self-paced learning (SPL): Differs from Vanilla CL by dynamically
determining the order of training samples based on the model’s per-

formance, continuously adjusting the difficulty during training [65].

e Balanced CL (BCL): This approach extends traditional Curriculum
Learning (CL) by introducing multiple ordering criteria, ensuring
that training samples are not only presented from easy to hard but

also balanced and diverse across image regions or classes [54].

* Self-paced CL (SPCL): Self-paced curriculum learning (SPCL) com-
bines predefined criteria with learning-based metrics to determine

the training order of samples and has been applied to tasks like ma-
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trix factorization [29], multimedia event detection, weakly-supervised

object segmentation [64], and person re-identification [38].

* Teacher-student CL: This approach splits training into two tasks: a
student model learning the main task and a teacher model determin-
ing the optimal learning parameters for the student, with the curricu-

lum applied through a policy network guiding the student [30].

e Implicit CL (ICL): This approach applies a curriculum-like strategy
without explicitly designing one, where the training process natu-
rally progresses from easier to harder tasks, such as gradually in-
creasing the complexity of convolutional [51] activation maps or re-

ducing the number of labeled samples for classification [1].

¢ Progressive CL (PCL): Progressive Curriculum Learning (PCL) fo-
cuses on gradually increasing the model’s capacity or task difficulty
during training, rather than ordering samples by difficulty, with ex-
amples like Curriculum Dropout [32] and progressive growth of Gen-

erative Adversarial Networks [67].

1.3 Augmentations technique

Data augmentation is a set of techniques that generate high-quality arti-
ficial data by manipulating existing samples. By leveraging these tech-
niques, Al models can significantly improve their performance in tasks
involving scarce or imbalanced datasets, thereby substantially enhancing
their generalization capabilities. The most common way to categorize the

augmentation techniques is as follows:
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* Model-free: Methods that do not rely on a predefined model archi-

tecture but rather apply general techniques to augment the data.

— Single-image
+ Geometrical transformation: translation, rotation, flip, scale
[60].
+ Intensity transformation: blurring and adding noise, Cutout
[9], Random Erasing [68].
+ Intensity transformation: Jittering [60].
— Multiple-image
+ Non-instance-level: SamplePairing [27], Mixup [66], BC Learn-
ing [56], CutMix [62], AugMix [24], PuzzleMix [34], Co-
Mixup [33].
+ Instance-level:Scale and Blend [18], Context DA [11], Sim-
ple CutPas [19], Continuous CutPas [61].

* Model-based : Methods that use specific models or architectures,
where the augmentation process is based on the characteristics of

the model itself.

— Unconditional: DCGAN [16], [15].

— Label-conditional: BDA [57], ImbCGAN [10], BAGAN [39], DA-
GAN [4].

— Image-conditional: AugGAN [26], Plant-CGAN [71], StyleAug
[28], Shape bias [17], Em0GAN [69], J-encoder [48], StyleMix
[25].

* Optimizing policy-based: Approaches that focus on optimizing a

policy (either through reinforcement learning or adversarial learn-
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ing) to determine how data augmentation should be performed dur-

ing training.
— Reinforcement learning-based: AutoAugment [7], RandAug-
ment [22], MADAO [23].

— Adversarial learning-based: ADA [13], CDST-DA [45], Ada-
Transform [55], Adversarial AA [67], IF-DA [37].



2 Related Work

2.1 Curriculum learning

Incorporating a curriculum to accelerate learning is a common strategy in
both human education and animal training [36, 42, 53]. In various fields, it
is standard practice to introduce concepts in increasing order of difficulty,
determined by the human instructor or based on problem-specific factors
[2, 41, 63]. With the resurgence of deep learning as a powerful tool across
numerous applications, the use of curriculum learning (CL) to manage the
sequence of examples presented to neural networks during training has

gained increasing attention [14, 20].

In related work, some approaches train teacher and student networks si-
multaneously, where the teacher dynamically samples mini-batches for
the student based on the student’s current outputs. Unlike our approach,
these methods design the curriculum around the student’s evolving hy-
pothesis, showing improvements for noisy datasets [31] or smaller datasets
[12]. However, they do not demonstrate an enhanced generalization on

the original dataset.
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2.2 Data augmentation strategies

Data augmentation has played a central role in the training of deep vision
models. The most effective augmentation strategies are dataset-specific.
First, manually designed strategies where dominant. For instance, on
MNIST, many of the top-performing models employ elastic distortions,
scale, translation, and rotation [6, 47, 50, 58]. On natural image datasets,
such as CIFAR-10 and ImageNet, random cropping, image mirroring and

color shifting / whitening are more common.

Later, automated approaches for discovering data augmentation strategies
emerged. These include data augmentation policies learned directly from
data, such as Autoaugment [7], and random selection of augmentation
operations from a predefined set, with a fixed number of transformations
and magnitudes, as seen in RandAugment[8]. Later developments intro-
duced adversarial augmentations, like AugMax[59], which focus on more
challenging and distorted versions of the input data to maximize training

loss.

Additionally, generative adversarial networks (GANs) have been utilized
to identify optimal sequences of data augmentation operations [44]. GANs
have also been employed to generate training data directly [3, 40, 43, 52,
70], though this approach has not proven to be as effective as learning

predefined sequences of augmentation operations [46].

In this paper, we propose a method for discovering the difficulty of aug-
mentations directly from the data. Our approach is inspired by recent
advancements in curriculum learning, where varying input difficulty is

introduced, emphasizing the importance of learning in an ordered man-
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ner. In our case, we treat the entire dataset as it has equal difficulty but
argue that the difficulty of the augmentations varies, requiring a different

approach.



3 Our Method-ACL

The curriculum learning approach explored in this work addresses how to
leverage prior knowledge about the difficulty of augmentations to sample
them non-uniformly and thus boost the rate of learning and the accuracy
of the final classifier. The paradigm of CL is based on the intuition that
the learning process benefits when the learner is exposed to examples that

progressively become more challenging.

3.0.1 Notations and Definitions

Let X = {X;}N, = {(x;,;)}Y, denote the data, where x; € R? denotes
a single data point and y; € [K] its corresponding label. Let A = {A;}M,
denote the set of augmentations where A; denotes the i'th augmentation.
Let hy : R* — [K] denote a target classifier, and mini-batch B C X de-
note a subset of X. In the most common training procedure, which is a
robust variant of Stochastic Gradient Descent (SGD), hy is trained sequen-
tially when given as input a sequence of mini-batches [Bj, ..., B;] Shalev-
Shwartz and Ben-David [49], and for each data point, an augmentation is

sampled from a uniform distribution and then applied.

We define a scoring function to be function f : A — R that quantifies
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the difficulty of an augmentation A; by counting the number of times the
augmentation exceeds the minimum cross-entropy loss on the training set,
with respect to the set of augmentations and the set of optimal hypotheses
considered, as outlined in Algorithm 2. This approach yields an order of
difficulty, such that augmentation A; is more difficult than augmentation
A;if f(A;) < f(A;). The main challenge of Curriculum Learning (CL) is

choosing f, as it encodes the prior knowledge of the teacher.

We define a pacing function g : [I] — [M], where I is the number of train-
ing iterations and M the number of augmentations. The pacing function is
used to determine the subsets of augmentations A}, .. ., A’I C A tosample
from , i.e., from what set of augmentations to uniformly sample at each
iteration during the training, such that |A}| = gg(i). In CL, the i-th sub-
set A} includes the first gy(i) elements of the augmentations, sorted by the
scoring function f in ascending order of difficulty . Although the choice
of the augmentation can be encoded in the distribution each B; is sampled

from, adding a pacing function simplifies the exposition and analysis.

3.0.2 Augmentation Curriculum Learning Method

Together, each scoring function f and pacing function gy define a curricu-
lum. Pseudo-code for the Augmentation Curriculum Learning (ACL) al-
gorithm is given in Algorithm 1. In order to narrow down the specific
effects of using a scoring function based on ascending difficulty level, we
examine two control conditions. Specifically, we define 3 additional scor-
ing functions and corresponding algorithms: (i) The anti-curriculum al-
gorithm uses the scoring function f' = — f, where the augmentations are

sorted in descending order of difficulty; thus, harder augmentations are
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sampled before easier ones. (ii) The random-curriculum algorithm uses
a scoring function where the augmentations are randomly scored. (iii)
The manually designed curriculum algorithm uses scoring function based
solely on augmentation intensity, where lower intensity results in a higher

score, without considering augmentation type of teacher’s score.

Algorithm 1 Augmentation Curriculum learning method

Input: pacing function gy, scoring function f, data X, number of itera-
tions I, augmentation set A.

Output: sequence of augmented mini-batches <— {By, ..., Br}.

sort A according to f, in ascending difficulty order
result < [
foralli=1,..,1do
B; < sample mini-batch from X
B; < ]
size <— (i)
A; <+ A1, .., size]
for each (x;, ;) in B; do
uniformly sample A; from A;
append (A;(x;),y;) to B;
end for
append B; to result

end for

return result
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3.0.3 Scoring Functions

The primary challenge in curriculum learning is determining the function
that accurately represents the difficulty of each augmentation. Previous
methods of CL essentially measured the cross entropy loss of example.
Our approach to defining the hardness function is by counting how many
times each augmentation achieves the lowest cross entropy loss on the
train-set among all augmentations when applied to a model trained with-
out augmentations, denoted as 0y : R? — [K], to avoid biasing the model
toward any specific augmentation. In mathematical terms, for augmenta-

tion A;, we define the score function f(A;) as follows:

f(Ai) = ]Exf'nyX [1{CE(Oﬁ(Ai(xj))/yj)Smink#i CE(ON(Ak(xj))/]/j)}}

where CE denotes the cross-entropy loss between the predicted output
04(A;(x;)) and the true label y;. The indicator function takes the value of
1 if the cross-entropy loss for augmentation A; is less than or equal to the
minimum cross-entropy loss for all other augmentations Ay (where k # i),

and 0 otherwise.

Using this type of scoring allows us to separate the inherent difficulty of a
data point from the augmentation, ensuring that augmentation difficulty

remains independent of the varying difficulty of the data.

A higher value of f(A;) indicates that augmentation A; is easier, as it leads

to lower cross-entropy loss compared to other augmentations.

Later, we developed a more refined method that also tracks the number of
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times each augmentation yields the highest loss.

f(Ai) = By ynx [1{CE<019<A,-<xj>>,yj>§mink¢i CE<oﬁ<Ak<xj)>,yj>}]

— Eyjynx [1{CEm<Ai<xj>>,y,->2maxk# CE<oﬂ<Ak<xj>>,yj>}]

The score we assign to each augmentation is the difference between the
number of times it was the easiest and the number of times it was the
most difficult. The advantage of this approach lies not only in leveraging
additional information but also in resolving tie cases, where some aug-
mentations did not accumulate enough scores to make a distinct difference
between them. The additional scoring helps establish a complete ranking

that has no ties in most cases.
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Algorithm 2 Smart scoring function

Input:pretrained classifier 1y, data X set of augmentations A = [A1, ..., AN]

Output: Difficulty-ordered augmentations [A;q, ..., Ain]
augments <— {A;:0,..., Ay : 0}
easy_augments < {A;:0,..., Ay : 0}
hard_augments <— {A;:0,...,Ayx : 0}
for all (x;,y;) in X do
minimal_loss < oo
maximal_loss - —co
minimal_augmentation <- none
maximal_ augmentation <— none
foreach A; € Ado
cls_loss < Cross_Entropy(hg(A;(x:)), yi)
if cls_loss < minimal loss then
minimal_loss <— cls_loss
minimal augmentation <— A;
end if
if cls_loss > maximal_loss then
maximal loss < cls_loss
maximal augmentation <— A;
end if
end for
easy_augments[minimal augmentation] +=1
hard_augments[maximal_augmentation] += 1
end for

for each aug in augmentation_dictionary do

1

augments[aug]| — Jataset_size

X (easy._augments|aug] —
hard_augments[aug])

end for

A’ + augmentation array sorted by augments values in descending or-

der

return A’




4 Empirical Results

4.1 Experiment and results

In this section, we empirically evaluate the performance of Augmented
Curriculum Learning (ACL) across four use cases: (i) applying ACL with
large set of augmentations across various dataset-classifier pairs, includ-
ing CIFAR-10, CIFAR-100, and ImageNet datasets, using ResNet-18 and
Wide-ResNet architectures. The large set of augmentations contains 13
different types of augmentations where some more suited for natural im-
age classification tasks, while others may be less applicable in this context.;
(ii) applying ACL with self supervision i.e using the trained neural net to
order the augmentations and then apply ACL; (iii) applying ACL with
different sets of augmentations on CIFAR-100 and measuring accuracy on
augmented test set, such that the same set of augmentations is applied
to both the training and test data; (iv) applying ACL with baseline set of
augmentations across various dataset-classifier pairs, including CIFAR-
10, CIFAR-100, and ImageNet datasets, using ResNet-18 and Wide-ResNet
architectures. The baseline set of augmentations contains augmentations
that are more suited for natural image classification tasks recommended

by Cubuk et al. [7].

15
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Our findings show that the direct application of ACL improves neural
network performance in both scenarios: when using a specifically cho-
sen augmentation set and when employing a broader group of augmen-
tations. Notably, ACL not only improves performance on a simple test
set but also shows improvement on augmented test sets, which present
a more challenging problem and shows that the model is more robust in
this way. Furthermore, in the self-supervision experiment, we demon-
strate that the model can independently calculate its own scoring function
while still benefiting from the advantages of ACL. In next sections, we will
present significant findings that suggest different teachers (VGG, Resnet,
Wide Resnet) yield nearly identical scores, further supporting the efficacy
of self-supervision. Later, we empirically show that the arrangement of
augmentations aligns with human intuition and is likely invariant to the

choice of the teacher network.

4.1.1 Large augmentation set

The first experiment (Figure 4.1) compares various augmentation schedul-
ing techniques using a pretrained Inception model. The augmentation set
used for training is derived from Cubuk et al. [7] and includes the follow-
ing transformations: ShearX/Y, TranslateX/Y, Rotate, Invert, Crop, Equal-
ize, Contrast, Color, Brightness, Sharpness, and Cutout, each applied with
different intensity variations. The results demonstrate that ACL provides
a clear and significant advantage, with faster initial learning and conver-
gence to a better solution. Additionally, we observe that the performance
of ACL with a random scoring function is similar to vanilla approach, in-

dicating that the main reason for the improvement achieved by ACL is due
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Figure 4.1: CIFAR100 dataset, ResNet18 architecture, trained on large
augmentation set, each applied at 3 different intensities, and fixed pacing
function. Bars represent the average final accuracy, error bars indicate the

STE over 5 iterations.

to its beneficial augmentation scoring function. It is also evident that grad-
ually increasing the intensity of augmentations alone is insufficient, and
that the ACL scoring function goes beyond simply arranging augmenta-
tions in increasing order of intensity, instead creating a more sophisticated
ordering. Notably, despite being optimized independently, the learning
rate hyperparameters for all methods are the same, confirming that the

improved performance is due to the use of an effective scoring function.
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Figure 4.2: Augmentation Curriculum Learning applied to various
architectures and datasets with large set of augmentations, each applied
at 3 different intensities. Bars represent the average final accuracy, error

bars indicate the STE over 5 iterations.

4.1.2 Self supervision

In the second experiment (Figure 4.3), we show that the algorithm can be
applied in an unsupervised manner. Instead of selecting a teacher (pre-
trained network), the neural network is first trained without augmenta-
tions for several epochs to estimate the scoring function, after which the
model is trained on the augmented data using ACL. The results indicate
that the self-supervised version of ACL also offers a distinct advantage,
with a better convergence compared to both the vanilla approach and ran-

dom scoring.
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Figure 4.3: Self-supervised Augmentation Curriculum Learning applied
to various architectures. Bars represent the average final accuracy, error

bars indicate the STE over 5 iterations.

4.1.3 Robustness improvement

In the third experiment, we investigated the extent to which the use of
Augmentation Curriculum Learning (ACL) enhances the robustness of
neural networks. A common approach to improving network robustness
for certain augmentation is to apply the augmentation to the training set
and train the network on this augmented data. In this experiment, we
applied the same set of augmentations to both the training and test

datasets.
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Table 4.1: Comparison of ResNet-18 accuracy on various types of

augmented training and testing sets.

ANTI
AUGMENTATION CURRICULUM VANILLA
CURRICULUM

COLOR DISTORTION | 57.13 +£0.21 | 56.04 £0.19 | 53.91 £0.24
ROTATION 61.31 =0.14 | 59.45+0.11 | 60.17 & 0.09
ERASE 43.21 +£0.11 39.5+0.16 | 41.22 £0.13
COLOR&ERASE

59.2 +0.09 58.1 +£0.11 54.1 +£0.12
&ROTATE

The table summarizes the results of four experiments utilizing different
augmentations such that each one compares between ACL, anti ACL and
vanilla . As can be seen in Table 4.1 , the use of ACL consistently yields

improvements across all cases.
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4.14 Baseline augmentation set Results
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Figure 4.4: Augmentation Curriculum Learning with various architecture
and datasets, using a "baseline” augmentation set consisting of
augmentations that are better suited to natural images. Bars indicate the

average final accuracy, and error bars indicate the STE over 5 iterations.

In the fourth experiment, we leveraged insights from [7] regarding natu-
ral images and applied augmentations specifically suited for natural im-
age datasets, including rotation, cropping, translation, and erasure, each
with several intensity variations. For instance, the crop augmentation was
implemented with 10 different variations, each varying in crop size, sim-
ilar approach was used for other augmentations. The results of this ex-
periment (Figure 4.4) are consistent with those presented in (Figure 4.1),
demonstrating that Augmentation Curriculum Learning (ACL) offers a
clear and significant advantage. Furthermore, as previously noted, the
goal of ACL is to control the dynamics of the selected set of augmenta-
tions, without relying on how well each augmentation type is suited to
the dataset. The results are consistent with existing literature on augmen-
tations, demonstrating that the method achieves higher accuracy when

applied to augmentation sets thar more suited for natural images, as op-
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posed to a general augmentation set (Figure 4.1).

4.2 Neural net properties

4.2.1 Single augmentation arrangement

In the previous section, We defined the score for augmentation i as the ex-
pected value of the indicator function for the event that the i-th augmen-
tation achieved the smallest loss, compared to all other augmentations, on

a given image.
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Figure 4.5: CIFAR-100 dataset, Inception-based non-normalized simple
score for crop augmentations at different intensity levels. The X-axis

indicates crop size, and the Y-axis represents the augmentation score.

The experiment shows that the arrangement of augmentations aligns with
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human intuition which is: the higher the crop size the harder the augmen-
tation is. The results indicate that for a single augmentation type, such as

crop, the augmentation difficulty increases as the crop size grows.

4.2.2 Baseline augmentation sort

In this part, We present the scoring of the baseline augmentation set, which
consists of four types of augmentations, which are more suited to natural
images Krizhevsky et al. [35], each applied at ten different intensity levels,

except for the flip augmentation, which can only be performed in one way.

Bascline score

Figure 4.6: CIFAR-100 dataset, Inception-based, non-normalized simple
score for: crop (green), rotation (blue), erase (red) and flip (purple)
augmentations at different intensity levels. The X-axis indicates crop size,

and the Y-axis represents the augmentation score.

The results indicate that for each augmentation the order aligns with their
intensity, reflecting human intuition. Additionally, the arrangement of
augmentations from easy to hard is not continuous but exhibits an internal
complex structure. For instance, a 5-degree rotation is found to be easier
than a crop with a padding size of 4. The non-trivial order of augmenta-

tions suggests that the difficulty of each augmentation is shaped by factors
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beyond intensity and rely on the inherent nature of each augmentation.

4.2.3 Neural net agreement

One of the key challenges in methods where a teacher guides a student (in
our case, a trained network assisting in the training of another network) is
the selection of the teacher, as different teachers may yield varying results
when instructing the student. To demonstrate that our method is being
invariant to changes in the teacher, we calculated the similarity of scores
across different teachers by calculating the cosine distance between the

scores for each pair of teachers .
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Figure 4.7: This matrix shows the cosine similarity between score vectors
calculated by different models on the CIFAR-100 dataset with the
baseline augmentation set. The value at position (i, j) is the cosine

similarity between the scores computed by model i and model ;.

As can be observed in (Figure 4.7), the different teachers produce nearly
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identical scores, suggesting that the proposed method is invariant to the

choice of convolution neural network teacher.

4.2.4 Smart scoring vs Simple scoring

As noted in an earlier section, there are two methods to calculate the score
of each augmentation: a “simple” method and ”“smart” method. The dis-
tinction between these methods lies in how different groups of augmen-
tations influence the model’s training. More specifically, for each dataset,
augmentations can generally be divided into two groups: one that is well-

suited to the dataset and another that is less suitable [35].

When the augmentation set includes both suitable and less suitable aug-
mentations, the simple scoring approach tends to bias the scores signifi-

cantly toward the more compatible (easier) augmentations.
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Figure 4.8: Comparison of Non-Normalized Scores on CIFAR-100 Using
the Inception-Based Model: Left — Smart Scoring Function, Right —

Simple Scoring Function.

The ”contrastive” augmentation set comprises horizontal flip and four
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types of augmentations: two that are well-suited to the dataset (easy aug-
mentations: erase (blue) and crop (green) and two that are less suited (hard
augmentations: blur (red) and shear&translate (black)). Each augmenta-

tion is applied across five different intensity levels.

As can be seen in (Figure 4.8) when using ”simple” scoring method over
85% of the score concentrated in horizontal flip and the two easier aug-
mentations (first 11 bars), with the remaining augmentations receiving
less attention, which results in a less distinct ranking for the more chal-
lenging augmentations that leading to less effectively learning in the part
where the harder augmentations start to appear (iteration 2000) which
cause lower final accuracy compared to smart loss (Figure 4.9). In con-
trast, when using the ”"smart” scoring method, the easier augmentation
score is around 50% of the total score , and thus the more difficult aug-
mentations receive higher “recognition” in the scoring process, producing

a clearer ranking among them.
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Figure 4.9: CIFAR100 dataset, ResNet18 architecture, ”contrastive”
augmentation set with fixed pacing function. Bars represent the average

final accuracy, error bars indicate the STE over 5 iterations.

A similar phenomenon, where hard augmentations do not receive suffi-
cient scores, can be observed when training ResNet-18 using a large aug-

mentation set comprising 13 different augmentations (Figure 4.10).
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Figure 4.10: CIFAR100 dataset, ResNet18 architecture, large
augmentation set with fixed pacing function. Bars represent the average

final accuracy, error bars indicate the STE over 5 iterations.

Based on these findings, in the general case it is recommend to use the
smart scoring method. However, in cases where it is known that the
augmentations are highly compatible with the dataset, the simple scoring

method may also be appropriate.



CHAPTER 4. EMPIRICAL RESULTS 29

4.3 Scoring function optimization

Calculating the score can become computationally expensive as the size
of the dataset (m) and the number of augmentations () increase. Using

algorithms 2 and 3, the scoring computational complexity is O(mn).

Let X; ; be an indicator variable that denotes which augmentation achieved
the lowest loss on the image. Specifically, X; ; = 1 if for the i-th image, the
j-th augmentation results in the lowest loss, and X;; = 0 otherwise. We

denote fl,y = = Y7, X;  and  p = E[unm).

Proposition Let fi,;, be the estimated parameter vector and y be its expec-
tation. To reduce the number of points required to calculate the scoring

function, such that the difference between fi,;, and y is within € with prob-

In(%)

ability at least 1 — §, we choose  m = —5~.

For the i'th augmentaion fl,,, ;,, Hoeffding’s inequality provides:

P (|fim,i — pil > €) < 2exp (—2m€2>

Thus, for the general case we get that:

lP(max |7 — uil 26) Sﬂ’(Ulﬁz—M 26)

<< .
1<i<n i—1

n
<Y P(|pi—pil > €) <2nexp (—277162)
i=1
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NEURAL
REGULAR OPTIMIZED
NET VANILLA
SCORING SCORING
TYPE
RESNETI18 74.13 +£0.07| 73.62 +0.13| 71.81 &+ 0.06
WIDERESNET| 85.51 £+ 0.076| 85.12 4 0.093| 84.46 4 0.071
VGG11 67.92 £+ 0.041| 67.35 4+ 0.082| 65.62 + 0.048

Table 4.2: Final accuracy comparison on the CIFAR-100 dataset using the
ResNet18 architecture. smart scoring function vs. optimized smart

scoring function.

As shown in Table 4.2, by optimizing the scoring function calculation, we
achieve results nearly identical to the standard method, while still preserv-
ing the advantage of ACL over vanilla training. This optimization allows
for a 60% reduction in scoring computation time for CIFAR-100 (from 537
seconds to 214 seconds) and an 85% reduction for ImageNet-50 (from 1,351

seconds to 217 seconds).



5 Summary and Conclusion

We investigate the challenge of Curriculum Learning (CL) in environments
with diverse data augmentations. Our approach is motivated by the prin-
ciple that the learning process should progressively expose the neural net-
work to training examples, ordered by increasing difficulty. By leveraging
a teacher model to quantify the complexity of each augmentation, we de-
sign a training process that gradually introduces more challenging sam-
ples over time. Through extensive empirical evaluation across multiple
datasets, we demonstrate that different teacher models consistently rank
the augmentation difficulty similarly, minimizing dependency on specific
teacher choices. Our findings show that Augmentation Curriculum Learn-
ing not only outperforms alternative methods on both standard and aug-
mented test sets, but also introduces a novel and effective approach to

quantify the complexity of augmentations.
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