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ABSTRACT NADA is a synthetic dataset of 1500000 (128 x 128 pixels) images of geometric shapes
with non-elementary multivariate parameter distributions designed to benchmark and test novel probabilistic
deep learning models. Benchmarking uncertainty-aware techniques is critical in real-world scenarios,
especially in high-stakes domains such as automated driving or health data analysis. This is because
the most robust and reliable Al methods are rooted in Bayesian reasoning and uncertainty analysis, yet
there is no consensus on how to test or compare them. In particular, the public, synthetic, and real datasets
currently available in the literature are inadequate for benchmarking most probabilistic methodologies:
first, due to a lack of control over population variability; and second, due to an oversimplification of
the distributional properties of latent variables. From this perspective, NADA is organized into three main
From this perspective, NADA is organized into three main repositories, specifically developed to challenge
uncertainty-aware methods and provide a unified benchmark reference dataset across three key areas:
1) characterization of complex latent space and evaluation of disentangling ability (NADA_Dis: 300 000
images); 2) identification of different types of aleatoric and epistemic uncertainties (NADA_AIEp: 500 000
images); and 3) detection of out-of-distribution elements for reliable Al (NADA_OOD: 700000 images).
Each repository includes the dataframe describing the image parameters (e.g., rotation, position, shape,
color, deformation, and noise), the dataset-generating hyperparameters (e.g., marginal distributions and
correlation matrix), and evaluation plots to assess data quality. In addition, the dataset is coupled with
an open-source Python synthetic generator, allowing easy modification and adaptation to specific research
questions.
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DATA DOI/PID 10.5281/zenodo.14361220
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BACKGROUND

The emerging popularity of computational models based
on deep neural networks poses a challenge to researchers
in terms of efficient training and standardized performance
testing. With the growing use of deep learning as decision

support in areas closely related to our daily lives, health,
and safety, the need to test the reliability, reproducibility,
and level of trustworthiness of these models is also growing,
especially with respect to the need to estimate the uncertainty
of predictions in several fields such as medicine, biology,
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automation, and bioengineering [1], [2], [3], [4], [5], [6],
[7]. In particular, probabilistic neural networks based on
Bayesian mechanisms (generative networks, Bayesian neural
networks [8], [9], etc.) are at the cutting edge of cur-
rent scientific research but require specific and appropriate
databases to be tested and analyzed. These difficulties are
further exacerbated when the networks have to deal with
images, both for classification and for regression problems,
as there are even fewer standardized databases available.
Indeed, despite the availability of numerous databases in
the literature, most are not explicitly designed to be used
to determine the predictive power of probabilistic models or
to estimate the reliability of models capable of producing
reliability estimates.

Public databases based on real data collections are closer
to the application reality of a model but do not provide
detailed information on the distributions of the latent vari-
ables that characterize images. In addition, while complex
and natural images can provide a more effective benchmark
for case-specific techniques, the development of foundational
core methodologies must be rooted in simpler but effective
test data. ImageNet [10] must certainly be included among
the most popular examples. It is a large and freely available
visual database designed for use in visual object recognition,
containing more than 14 million hand-annotated images
divided into more than 20000 categories. The Karlsruhe
Institute of Technology and Toyota Technological Institute
(KITTT) dataset [11] consists of hours of traffic scenar-
ios recorded from a moving platform with various sensor
modalities, including camera images, laser scans, and high-
precision GPS measurements. The natural images dataset
[12] contains 6899 freely available images from eight distinct
classes (airplane, car, cat, dog, flower, fruit, motorbike, and
person). Among the natural image datasets, one of the most
famous and used is Modified National Institute of Standards
and Technology (MNIST) database [13], a dataset of size-
normalized and centered handwritten digits available from
National Institute of Standards and Technology (NIST),
which has become a standard benchmark for learning, clas-
sification, and computer vision systems, consisting of a
training set of 60000 examples, and a test set of 10000
examples. Recently, the extended MNIST (EMNIST) dataset
[14], made of digits and letters, and the fashion MNIST
dataset [15], made of Zalando’s article images, have been
introduced, for more challenging classification tasks.

Conversely, most of the available synthetic datasets usu-
ally provide very simplistic distributions that do not allow
a detailed investigation of the potential of probabilistic
networks to detect anomalies, outliers, or latent spaces
of non-uniform and independent variables. Indeed, most
synthetic datasets are created to test the disentanglement
properties of unsupervised models. Among them, dSprites
[16] is a popular dataset of 737280 2-D shapes generated
by combining exactly once six ground truth independent
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features (color, shape, scale, rotation, and x and y positions).
The 2-D geometric shapes dataset [17] consists of nine
classes of 2-D geometric shapes (triangle, square, pentagon,
hexagon, heptagon, octagon, nonagon, circle, and star),
each one made of 10k RGB images generated by selecting
randomly and independently the perimeter, the position,
the rotation, the background, and the filling color. The
XYSquares dataset [18] is specifically constructed to test
the disentanglement capabilities of VAE frameworks that
use pixel-wise losses. It is built from three non-overlapping
red, green, and blue 8§ x 8 pixels squares, each moving
along the x and y coordinates of a 64 x 64 pixel grid.
Finally, the synthetic shapes dataset [19] comprises 600
high-quality images (circles, squares, and triangles) devoted
to shape recognition tasks. However, these datasets have
limitations, for example, the samples are taken only from
uniform distributions, and therefore, they do not give the
possibility of carrying out systematic analyses related to the
specific characteristics of the datasets.

Therefore, even though users often rely on public datasets
of natural images to study uncertainty in specific tasks
(e.g., the LIDC dataset is used to evaluate uncertainty in
U-Nets [20], and Mimori et al. [21] proposed an evaluation
framework for class probability estimates in the presence
of label uncertainty for DL models using a public medical
image dataset [22]), it is also common practice to define ad
hoc synthetic data tailored to the specific task [21], [23].
All the aforementioned strategies, however, lack standard-
ization and user control due to noise in real data and task
overspecialization in synthetic datasets and are therefore
not appropriate for the systematic analysis and testing of
foundational uncertainty-aware techniques.

In this article, we present NADA (Not-A-DAtabase), an
open-source datasets generator, which is able to create
in a few minutes entire complex datasets from scratch.
In addition, we present three synthetic datasets (NADA-
SynShapes), generated with NA_DA, tailored to answer three
distinct questions in the testing and development of novel
ML methodologies.

1) [NADA_Dis: 300000 Images]: Is the model able to

correctly characterize a complex latent space?

2) [NADA_OOD: 700000 Images]: Does the model de-

tect out-of-distribution images?

3) [NADA_AIEp: 500000 Images]: Does the model dis-

tinguish between different types of uncertainties?

The datasets provided are synthetically generated through
the use of a Python package, which we have developed and
released under Attribution-NonCommercial-NoDerivs 4.0 In-
ternational License (NA_DAtabase.git). The different types
of uncertainties (reducible/irreducible) are modeled using
non-trivial multivariate distributions to match the specific re-
search questions. The collected data are then evaluated using
auxiliary test functions that ensure correct data generation
and display the provided empirical distributions.
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Each synthetic dataset therefore includes the generated
images, a dataframe describing the generation parameters,
the dataframe containing all dataset properties to ensure
the reproducibility of the generated images, and a folder
containing the plots to evaluate the data quality.

COLLECTION METHODS AND DESIGN

The data provided are generated using a synthetic image
generator that we developed to study the performance of
probabilistic machine learning models [24]. The images
were generated using multithreaded parallelization on an
AMD Ryzen 7 5800H (3.2 GHz, 8 cores, 16 threads) CPU
with 16 GB of RAM, taking approximately 3 h per folder.
For each research question (NADA_Dis, NADA_OOD, and
NADA_AIEp), we select the dataset parameters to define the
required dataset characteristics.

Define Dataset Hyperparameters
The dataset hyperparameters are given as follows.

1) Dataset Size: Number of images generated.

2) Sampling Strategy: Technique for sampling the mul-
tivariate probability distribution. Possible values are
Monte Carlo, Latin hypercube, and (Sobol’) low dis-
crepancy sequence.

3) Random Seed: Random seed can be specified to ensure
full reproducibility of data generation.

4) Resolution (128 x 128): The resolution in pixels of
the dimensions of the image (the canvas is a square).

5) Background Color: The color in hexadecimal value
of the background of the image. Allow out of bor-
der: If TRUE, shapes can extend beyond the image
boundaries.

6) Mark Rotation: If TRUE, the shapes are marked with
an inner hole corresponding to the rotation value.

Class imbalance can be obtained by arbitrarily specify-
ing the probability of each individual shape and color
combination.

Define Images Marginal Distribution

As regards the characteristics of the individual images, the
features that can be managed (described in Fig. 1) are color,
shape, radius, rotation, position (x and y), and deformation.
Deformation is a special uncertainty latent variable that acts
on the image to change it from the original shape (i.e.,
an arbitrary regular polygon) to the circle. This is directly
related to the ability of the model to correctly identify
deformed shapes as unreliable predictions.

Introduce Aleatoric/Epistemic Uncertainties

Other uncertainties that affect the model include classifica-
tion/labeling noise (quantifies the uncertainty in predicting
a class for a given instance), blur (Gaussian), white noise
(Gaussian), and additive/multiplicative noise (affects the
regression values in an additive/multiplicative way). The
aforementioned uncertainties can be summarized by the
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equation

./\/lé,;l(x) RR(X)+ea+er
=R(x)+ (ear+ean) + (epm+erap) (1)

where ./\/lé 5 is the model, which depends on trainable

parameters (é) and non-trainable hyperparameters (fz), X is
the input value (e.g., images in this dataset), R is the real re-
lationship the model is trying to approximate, and € 4, e are
the aleatoric/epistemic uncertainties that pollute the results
[25]. The aleatoric uncertainty € 4 is also called irreducible
uncertainty because it does not depend on the amount of
data available, and increasing the size of the training set
does not shrink it. Such aleatoric uncertainty € 4 can be fur-
ther subdivided into aleatoric experimental uncertainty/noise
€a,~n and aleatoric inherent uncertainty €4 ;. The first is
described as labeling noise/regression noise, which randomly
contaminates the results and limits predictive power. A more
comprehensive and rigorous discussion of the different types
of uncertainty can be found in the review by Del Corso
et al. [25], while implementations of several uncertainty-
aware techniques are freely available in the GitHub repos-
itory ShedLight_UQ. The dataset NADA_AIEp_3_Label in-
corporates €4,n. The second depends on the randomness
contained in the real relationship R and is not modeled in
this dataset.

The epistemic uncertainty g, on the other side, stands
for the reducible uncertainties, which can be reduced by
increasing the amount of available data. It can be further
subdivided into epistemic model uncertainty e s (the dif-
ference between the optimal model and the relation) and
epistemic approximation uncertainty eg 4, (the difference
between the optimal model and the empirical one obtained
due to a finite number of data). Several reducible amount
of uncertainties are introduced in the following datasets, in-
cluding deformation (NADA_AIEp_2_Deformation) or white
noise (NADA_AIEp_I1_White_Noise).

Define the multivariate distributions

The Dataset Generator allows detailed control over the
multivariate distributions of the generation parameters and,
thus, the latent space. In particular, using the Gaussian
copula formalism and Sklar’s theorem [26], a multivariate
distribution can be uniquely characterized by its marginal
distributions and a positive definite matrix representing the
monotonic correlations among the marginals. Therefore,
each dataset is generated by defining each marginal and then
introducing their correlation to obtain a multivariate distri-
bution. Continuous marginal distributions are selected from
the maximum entropy distributions given their minimum and
maximum values, their mean, and their standard deviation.
Therefore, according to Shannon’s entropy theory, they can
be selected from uniform, Gaussian, and truncated Gaussian
distributions [27]. The implementation of the multivariate
distributions is based on classical uncertainty quantification
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FIG. 1. Image generation user-defined parameters: color (described by hex color codes), shape (arbitrary regular shapes given the number of vertices),
radius (from 0% to 50% of the image), rotation (0°-360°), asymmetry can be induced in shape by enabling a corresponding option), position (center
position in percentage from the top left of the image), and deformation (0%—100%, from the original regular shape to the circumscribing circle).

libraries (OpenTURNS [28]) and is detailed in the technical
report of the referenced GitHub repository [24].

VALIDATION AND QUALITY

The repositories provided in this article are generated using
a validated synthetic image generator [24], and therefore,
the empirical distributions are guaranteed to match the
theoretical distributions.

However, to assess the quality of the datasets and to
provide a tool to evaluate newly generated data, we have
implemented and provided two auxiliary software scripts.

1) test_empirical distribution(): Imports
the generated data, plots the empirical distributions
and evaluates their monotonic correlation for each
combination of variable and color/shape;

2) test_function_show (): Plots a view of 12 im-
ages randomly selected from the entire dataset and
links them to their generation parameters to validate
the correct data generation procedure.

As shown in Fig. 2, using these tools, we evaluated the
quality of each generated dataset by comparing the em-
pirical distribution of each marginal against the expected
theoretical one. In addition, we evaluate (and plot) the
correlation between variables to verify that they correctly
follow the expected multivariate distributions. Similarly, we
plot the percentage of each color and shape to verify
that the generated data has the desired balance of classes.
Each dataset provided in this article has been evaluated
according to this procedure to ensure output quality, and the
corresponding plots are provided in the respective dataset
folder. To ensure the quality of each generated image
(i.e., to prove that each image corresponds to the correct
parameter contained in the dataframe), we also manually
validate 240 images randomly selected from each dataset
using the test_function_show () script. The plots of
the reference images are provided in the respective dataset
folder.

RECORDS AND STORAGE
The full dataset, the synthetic data generator, and the
auxiliary evaluation packages are freely available.
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FIG. 2. Examples of multivariate correlation analysis evaluation plots on
the empirical distributions of the generated dataset.

In particular, the dataset can be downloaded from
10.5281/zenodo.14361220 under the  Attribution-
NonCommercial-NoDerivs 4.0 International License.
According to Fig. 3, the datasets are provided in a folder
containing the dataframe (combined_dataframe.cvs)
describing for each image the unique ID and the gener-
ating parameters (i.e., the latent variables/ground truths).
The synthetic data are contained in the dataset_images
folder. To speed up file indexing and retrieval, the generated
images are organized into subfolders named according to the
following convention: shape-[# sides]_color-[R-G-B]. Each
subfolder contains images stored as single PNG files, each
comprising multiple tiles arranged in a 10 x 10 grid. These
files are named using the format combined_|[first index]_[last
index]. The figure consists of 100 tiles arranged in ten rows
and ten columns. The first tile is located at the top-left
corner. Tiles are ordered column-wise: once the tiles in one
column are placed from top to bottom, the next column
starts from the top of the following row. To facilitate tile
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loading, a Python script (aux_data_load.py) is included with
the dataset.

The same folder contains additional data frames (cont—
inuous_distribution_matrix.csv, sampler_
properties_matrix.csv, etc.) describing the
properties of the dataset (e.g., number of samples,
multivariate correlation matrices, and frequencies) for
reproducibility. The subfolder dataset_partial
contains the dataframes describing the images belonging to
each color and shape combination.

The built-in synthetic dataset generator allows users to
generate images from the dataframe that defines the prop-
erties of the dataset, eliminating the need to exchange
thousands of .png files. In addition, the graphical interface
of the dataset generator allows for easy modification of the
provided dataset to better fit the research question. More
details on the software implementation can be found in the
associated technical report [24].

[NADA_Dis] Dataset Disentanglement and Autoencoding
The main goal of modern deep architectures is to be in-
creasingly efficient in performing classification and regres-
sion tasks, especially on high-dimensional datasets. When the
training set is large, noisy, and non-homogeneous, deep ar-
chitectures extract increasingly complex features and build
a high-level representation to perform their regression and
classification tasks. The problem with these representations
is that they often lack semantic meaning, which has a nega-
tive impact on interpretability, explainability, reliability, and
even performance. As Bengio [29] argued, one solution to
overcome this problem is to force the networks to produce a
disentangled representation of latent variables with seman-
tic significance. Autoencoders, and especially VAE, represent
a very efficient type of architecture in the disentanglement
task [30], which are unsupervised or semi-supervised learn-
ing models that possess a low-dimensional latent space in
which the architecture is forced to select a limited number
of explanatory features capable of accurately reconstructing
the output. It should be noted that the disentangling ability is
highly correlated with the complexity of the intrinsic charac-
teristics of the dataset (correlation between the variables, non-
uniform distribution, etc.). However, most available datasets
provide such a simplified latent representation that they do not
adequately challenge novel disentangling approaches.
Therefore, we introduced NADA_Dis as a dataset com-
posed of three sub-datasets of increasing latent space com-
plexity, each consisting of 100000 (128 x 128 pixels)
unique elements (Table I). To make the disentanglement tests
more effective, we selected four shapes (circles, triangles,
squares, and hexagons) and three main features on which
to perform controlled variations (position/center, size/radius,
and rotation). All shapes are white and the background
color is black. The differences between the three datasets
are represented by the distributions of the selected features
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TABLE I. NADA_Dis (Disentanglement) Repository

Size 100 000/100 000/100 000 ‘ Backgr. ‘ #000000-Black

Colors #FFFFFF-White

Shapes 0-Circle, 3-Triangle, 4-Square, 6-Hexagon
U(20,80) U(20,80)

Center (x) | N(20,80)(50, 15) Center (y) | N(20,50)(50, 15)
N20,80) (50, 15)* N(20,80) (50, 15)*
U(s 20) U 0,360)

Radius N(5,20)(12.5,3.7) Rotation | ¢(0,360)
Nis,20)(12.5,3.7)8 u(§0,360)

Corr. *p = 0.5, p = 0.3 [Spearman]

Note: The repository contains three datasets (100000 elements each) of
black and white images of circles, triangles, squares, and hexagons to
test model disentanglement capabilities. The first dataset has uniform and
independent latent variables. The second dataset contains more complex
truncated Gaussian distributions, while the third adds a multivariate corre-
lation between center positions (*) and radius/rotation ).

and the correlations of the features between them as follows
(Fig. 4).

1) NADA_Dis_I: The shapes of the first dataset have a
uniform radius distribution between 5% and 20% of
the full image size (U5 20))- Their position (Center (x),
Center (y)) is evenly and randomly chosen between
20% and 80% of the total image size U(z,50). The
rotation can take place from 0° up to 360° (U 360))-

2) NADA_Dis_2: The second dataset retains the rotation,
translation, and radius properties of the first but re-
places the uniform distributions with truncated normal
distributions with a mean of 50% and a standard
deviation of 15% for the center (Mzo,so)(50, 15)) and
a mean of 12.5 and a standard deviation of 3.7% for
the radius (NV5,20y(12.5,3.7)).

3) NADA_Dis_3: The third dataset inherits the charac-
teristics of the second plus a multivariate monotonic
correlation of p = 0.5 between the x/y positions of the
center (*) and of p = 0.3 between the radius and the
rotation (%).

[NADA_OOD] Dataset Out of Distribution (OOD)

OOD detection evaluates the ability of a deep learning
or machine learning model to identify inputs that do not
belong to the training distributions and thus may induce
unreliable predictions. Studying the behavior of a model
in the presence of out-of-distributions is challenging and
of great interest because it has a direct impact on the
reliability and performance of the models. Recently, sev-
eral methods, mainly based on the use of softmax vectors
and confidence measures, have been developed for neural
network image OOD detection [31]. Most OOD detection
studies have been performed on public image datasets, such
as Imagenet-1k [10], CIFAR-100 [32], and ResNet50 [33].
However, they have the disadvantage of not being able to
systematically investigate the dynamics that most influence
out-of-distribution detection, due to poor control over the
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FIG. 3. Folder structure of each dataset presented. The main folder contains a subfolder (dataset_images) with the generated images. The comma-
separated value file combined_dataframe.csv contains the description of each image for disentangling or training/test. The other csv files are used to
fully characterize the dataset and can be loaded into the provided GUI to generate a fully reproducible variation of the dataset using an in-house image
generator coupled with efficient multi-thread parallelization.

of rotation to be examined.

TABLE Il. NADA_OOD (Out of Distribution) Repository

FIG. 4. NADA_Dis (disentanglement) contains images with standard (i.e.,
uniform) and more complex (e.g., multivariate truncated Gaussian) variable
distributions to explore the disentangling ability of the model. The figures
are marked with a circle to encompass the asymmetry and allow the angle

Size 100000/6 x 100 000 | Background Color | #000000-Black
Colors #3698BF-Blue, #F2A172-Orange, #3C5D42-Brown
Shapes 0-Circle, 3-Triangle, 4-Square, 6-Hexagon
Blue: 09,08, ---, 0.4
Probability | Orange: 0.05, 0.1, - - -, 0.3
Brown: 0.05, 0.1, ---, 0.3
U(20,50)> U(20,50)>
U(26,56) U(26,56)>
Center (Xx) Center (y) .
U(50,80) U(50,80)
Radius 7(.10’202’511155?’19)’ Rotation Uo,360)

Note: The repository contains a training dataset (100000 images) and six
test datasets (100000 images each) with increasing differences in center

position, radius, and color probability compared to the training set.

probabilistic distributions that characterize the features of

the training and test sets.

For this reason, we defined NADA_OOD as a main training
dataset of 100000 (128 x 128 pixels) unique elements
and six test datasets (100000 unique elements each) with
increasingly shifted distributions (Table II). All datasets
contain shapes that are randomly selected from among:
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Training set Out-of-Distribution test

FIG. 5. Training set (100 000 elements) including larger images with the
center in the upper left of the image. The NADA_OOD dataset contains
six progressively different test datasets (100 000 elements each) with a
progressive shift from the original distribution to the complementary one.

circles, triangles, squares, and hexagons. The background is
black (Fig. 5).
1) NADA_OOD_Train: Each shape is drawn with a spe-
cific color: blue (90%), orange (5%), or brown (5%).
The radius is sampled uniformly between 10% and
20% (U(10,20)) and the center of the shape is evenly
distributed between 20% and 50% (U(20,50)) of the
image size (setting the origin in the upper left corner).
2) NADA_OOD_Test x: The six OOD test datasets
represent a progressive shift from the original color/
radius/position  distributions, from NADA_OOD_
Test_0, which has the same parameters as the training
set, to NADA_OOD_Test_5, which consists mainly
of OOD images. Formally, the ¢th dataset has a
decreasing amount of blue shapes (p; = 0.9 — 0.1 -17)
and an increasing amount of orange and brown shapes
(pi = (0.05 - (i + 1))). The center positions move
progressively from top-left to bottom-right (center
x/y position = U(2046.1,50+6-1)) While decreasing their
radius (radius = U(10-.4,20—-4))-
Models can be trained on NADA_OOD_Train and tested
on NADA_OOD_Test_0. Then, on increasingly complex test
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sets (monotonically increasing from NADA_OOD_Test_1I to
NADA_OOD_Test_5), the models can be tested for both per-
formance degradation and capability to discriminate OOD.

[NADA_AIEp] Noisy Data, Aleatoric, and Epistemic
Uncertainties

The need to extract information from noisy data and signals
is a paramount concern in all scientific fields where measure-
ment and approximation techniques are used. In particular,
in the field of artificial neural networks, noisy datasets dra-
matically affect the accuracy, reliability, and repeatability of
model performance, leading to poor prediction results, over-
fitting, and limited interpretability of results. Another issue
that specifically affects classification tasks is label noise, as
noisy labels severely degrade the generalization performance
of deep neural networks. Learning noisy labels is called
robust learning and is becoming an important task in modern
deep learning applications [34], [35]. In the context of
robust learning, Bayesian probabilistic neural networks can
play a key role by quantifying the uncertainty associated with
potentially incorrect labels and effectively extracting as much
information as possible from datasets with reduced reliability
[9]. To study the robustness of deep architectures to noise,
several datasets have been created, such as natural images
with synthetic noise (NISN) [36], which consists of 3000
images from Flickr corrupted with different sources of noise
(Gaussian, salt and pepper, Poisson, and speckle). Other
widely used datasets are the corrupted versions of MNIST
(MNIST-C) [37], Cifarl0 (Cifar-10C) [38], and Imagenet
(Imagenet-C) [38]. Imagenet also has a perturbed version
(Imagenet-P) [38]. Like Imagenet-C, Imagenet-P consists of
images with 75 common visual corruptions derived from
noise, blur, weather, and digital distortions. In general,
quantifying the robustness and reliability of networks in the
presence of noise is challenging. Moreover, quantifying the
uncertainty of a model in its classification and regression
tasks and distinguishing between the different types of un-
certainty (aleatoric and epistemic) is an emerging research
topic.

Therefore, we defined NADA_AIEp as a set of five syn-
thetic datasets (100000 unique images each, 128 x 128
pixels) with different types of noise and uncertainties (Table
IIT). All datasets contain shapes that are randomly selected
between: circles, triangles, squares, and hexagons. Colors
are randomly selected from: blue, orange, and brown. The
background is black. The radii can vary between 10% and
20% of the image size (U(10,20))- The center position can
vary between 20% and 80% of the image size ({(20,80))
(Fig. 6).

1) NADA_AIEp_0_Clean: Dataset clean of noise to use

as a possible training set.

2) NADA_AIEp_I1_White_Noise: Epistemic white noise

dataset. Each image is perturbed with an amount
of white noise randomly sampled from 0% to 90%

(Uo,90)-
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TABLE Illl. NADA_AIEp (Aleatoric/Epistemic) Repository

Size 5 x 100000 | Background Color | #000000-Black
Colors #3698BF-Blue, #F2A172-Orange, #8C5D42-Brown
Shapes 0-Circle, 3-Triangle, 4-Square, 6-Hexagon
(0) None; (1) white noise U(19,90);
Unc. (2) deformation U, g¢); (3) triangle <= square;
(4) combined (1 + 2+ 3) (random color), p = 0.2
Center (x) | U(20,80) Center (y) U(20,80)
Radius u(loyg()) Rotation U(0’360>

Note: The repository contains five datasets (100000 images each)
with different amounts of aleatoric and epistemic uncertainty. (0)
Standard dataset; (1) noisy dataset (white noise); (2) deformed
images (original randomly stretched to circumscribed circle); (3)
labeling noise (triangle to square with random color attribute); and
(4) combined uncertainties.

Noise Deformation Combined

FIG. 6. NADA_AIEp (aleatoric epistemic) repository. Different types of
images obtained by applying different types of uncertainties. The datasets
include noisy data (obtained from white noise), deformation (from the
original image to the circumscribing circle), labeling noise, and combined
uncertainties to test uncertainty disentanglement.

3) NADA_AIEp_2_Deformation: Dataset with Epistemic
deformation noise. Each image is deformed by a
random amount, uniformly sampled between 0% and
90% (U(0,90))- Notice that 0% corresponds to the
original image, while 100% is a full deformation of
the circumscribing circle.

4) NADA_AIEp_3_Label: Dataset with label noise. For-
mally, 20% of triangles of a given color are mis-
classified as a square with a random color (among
blue, orange, and brown) and vice versa (squares to
triangles). Label noise introduces aleatoric uncertainty
because it is inherent in the data and cannot be
reduced.

5) NADA_AIEp_4_Combined: Combined dataset with all
previous sources of uncertainty.

White noise and deformation are types of noise that
generate epistemic uncertainty because the model, provided a
large dataset and a good architecture, can reduce them. In the
classification phase, the essential difference between noise
that generates aleatory and epistemic uncertainty is whether
or not the discriminative features that can assign an item
to a particular class are preserved in the data. For example,
in the case of label noise, there is an error in the ground
truth, and no model improvement can reduce or resolve this
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error. In the case of deformation and white noise, the data on
which the model is trained are highly perturbed but retain
the features that make it belong to a particular class (for
example, in deformation, the number of vertices remains the
fundamental feature that can distinguish a triangle from a
square, even when highly perturbed). In this case, given a
large dataset, the model can, by appropriately setting the
hyperparameters, identify the fundamental features that can
assign each element to its specific class, neglecting the
superfluous or confusing ones.

INSIGHT AND NOTES
The NADA dataset and generator were developed to support
the study of the behavior of probabilistic classical machine
learning and deep learning architectures, to facilitate the
deployment of novel methodologies, and to provide a robust
benchmark for training and testing. In particular, we have
identified three cutting-edge topics in the field of probabilis-
tic supervised learning, and we have tailored three reposito-
ries (15 datasets, 100000 images each) to study them in a
systematic way. The size of the dataset is more than sufficient
to train deep learning models (e.g., for shape classification,
a convolutional ANN can be trained on approximately 10%
of the available data, as reported in NA_DAtabase.git).
Moreover, the variety introduced by the dataset’s size can
be leveraged to test the effects of random subsampling or
the dataset-size dependence of uncertainty-aware techniques.
The provided repositories allow us to investigate: the ability
of networks to produce disentangled representations on high-
dimensional and complex datasets (NADA_Dis), the ability
to perform out-of-distribution detection (NADA_OOD), and
to test the performance of a network to extract information
from highly perturbed datasets affected by different types of
uncertainties (NADA_AIEp). These are just a few examples
of how NADA can be used to address research questions
related to probabilistic machine learning and supervised
model benchmarking. However, the integrated open-source
generator (coupled with an easy-to-use graphical interface)
allows each dataframe to be tailored to the specific research
question or a completely new dataset to be defined from
scratch given arbitrary multivariate parameter distributions.
While simple compared to most real-world applications,
the datasets provide a tool to preliminary explore founda-
tional uncertainty-aware methods in a systematic manner.
Once a novel technique has been proven effective in such
a simplified setting, it can be tailored to domain-specific
tasks using ad hoc datasets that encompass the variability and
complexity of real-world data. In future work, we will inte-
grate conditional generative Al tools to provide more realistic
textures and get closer to natural images while maintaining
full control over the generation of latent variables.

SOURCE CODE AND SCRIPTS
The Python package for synthesizing data and modify-
ing generated images can be downloaded from GitHub
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(NA_DAtabase.git) under the Afttribution-NonCommercial-
NoDerivs 4.0 International [24]. In addition, notebooks and
implementations of several uncertainty-aware techniques can
be downloaded from the GitHub repository: ShedLight_UQ.
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