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ABSTRACT. Derivative-free optimization (DFO) has emerged as a
powerful technique for solving optimization problems where the gradi-
ent of the objective function is either unavailable, expensive to com-
pute, or non-smooth. This article explores the application of DFO
methods to optimize custom loss functions in machine learning and
other fields. The paper also highlights the challenges and potential
improvements in the current DFO approaches, offering insights for
further research and practical applications.
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AHOTAIIA. Onrumizanist 6e3 noxigaux (DFO) Habysna 3HAUHOT HO-
IYJISPHOCTI SIK TOTY2KHUIA IMiJIX1/T 0 PO3B’si3aHHs 3a/1a9 OIITUMI3aIlil,
y KX TOXiIHA IIIHOBOI (PYHKINI € HEJOCTYITHOIO, HAITO CKJIAIHOIO
abo Jopororo [y obuncaents, abo K cama (PYHKITST HE € TJIaIKOIO.
s crarTsa npucBAYeHa JIOCIITKEHHIO 3aCTOCYBAaHHS METOJIIB OITHU-
Mizaril 6e3 MOXiTHUX JI0 HAJAINTYBAHHs CIEIiajli30BaHuX (QyHKILH
BTPAT y MAITMHHOMY HABYAHHI Ta CyMiXKHEX rajy3ax. OkpeMy yBary
MIPU/IIEHO ICHYIOYNM BUKJIMKAM, 3 IKHMU CTUKAIOThCs cydacui DFO-
METO/IM, 30KpeMa — MpobjaeMaM MacIITabOBAHOCTI, BUOOpY Timep-
mapameTpiB, eEeKTUBHOCTI MONMIYKY B IPOCTOPAX BUCOKOI PO3MipHO-
CTi, & TAKOXK aJIAIITAIl] O MyMHUX a00 Herepe0aTyBaHUX (DYHKITIf.
V crarTi TAaKOXK OOrOBOPIOIOTHCS MEPCIEKTUBH BIIOCKOHAJIEHHS IIAX
METO/IiB, BKJIIOYAIOYH 1HTErPaIiio 3 eBPUCTUIHAMY iIXOJaMU, MeTa-
€BPUCTUKAMH, & TAKOXK MOYKJIMBOCTI MOETHAHHS 3 METOJIAMU HABYA-
HHS 3 TiakpinenuasM abo 6afteciBCbKOl onTuMisartii.

KJ/Tt04OBI CJIOBA: onTuMizariist 6€3 MOXiTHUX, MAIIMHHE HABYAHHSI,
ONITUMI3AIliS «IOPHOI CKPUHBKU».
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1. INTRODUCTION

Neural networks have become the backbone of modern artificial intelligence,
powering applications in computer vision, natural language processing (NLP),
reinforcement learning (RL), and beyond. The success of deep learning is largely
attributed to the availability of large-scale datasets, powerful computational
resources, and sophisticated optimization techniques that allow neural networks
to learn complex patterns from data. Most commonly, gradient-based optimi-
zation methods such as stochastic gradient descent (SGD) and its numerous
variants — including Adam, RMSprop, and Adagrad — are used to update
network parameters by leveraging the gradient of the loss function with respect
to the model weights. These techniques have proven highly effective when deali-
ng with standard loss functions that are differentiable and smooth, such as mean
squared error (MSE) for regression tasks or cross-entropy loss for classification
problems.

However, in many real-world applications, the use of standard loss functi-
ons is insufficient or even inappropriate. Custom loss functions may be requi-
red when dealing with domain-specific objectives, non-traditional evaluation
metrics, or real-world constraints that are difficult to express in a differentiable
form. Examples include loss functions that depend on ranking metrics (such
as mean average precision in information retrieval), loss functions involving
discrete variables (such as edit distance in text generation), or loss functions
that integrate external black-box evaluations (such as real-world reinforcement
learning rewards or adversarial robustness measures). In such cases, computi-
ng exact gradients can be challenging or even impossible, rendering traditional
gradient-based methods ineffective.

Derivative-free optimization methods offer a promising alternative by opti-
mizing neural networks without requiring explicit gradient information. Unlike
gradient-based approaches, which rely on the chain rule and backpropagation,
DFO methods operate by evaluating different candidate solutions and updating
model parameters based on function values alone. These methods are parti-
cularly useful when dealing with non-differentiable, noisy, or black-box objecti-
ve functions. Various classes of DFO techniques exist, including evolutionary
algorithms (such as genetic algorithms and covariance matrix adaptation evoluti-
on strategy), Bayesian optimization, Nelder-Mead simplex methods, and direct
search techniques (such as pattern search and Powell’s method). Each of these
methods has its own strengths and weaknesses, making them suitable for di-
fferent types of optimization problems [1,2].

The use of DFO for training neural networks presents both opportunities and
challenges. On the one hand, DFO methods can optimize models in scenarios
where gradient-based methods fail, such as when dealing with loss functions
defined by simulation-based or experimental evaluations. They can also be hi-
ghly effective in optimizing hyperparameters or architectures alongside network
weights [3]. On the other hand, DFO methods tend to require more functi-
on evaluations than gradient-based methods, making them computationally
expensive for high-dimensional problems. Additionally, since DFO techniques
often rely on heuristic or probabilistic search strategies, they may exhibit slower
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FIGURE 1. Example of gradient-based optimization.

convergence compared to gradient-based alternatives in smooth, well-behaved
loss landscapes [4].

In this article, we explore the application of derivative-free optimization
techniques for training neural networks with custom loss functions. We provide
an overview of the key DFO approaches, discuss their theoretical foundations,
and analyze their practical applicability. Through empirical experiment, we
demonstrate the effectiveness of these methods in optimizing neural networks
when standard gradient-based approaches are infeasible. By examining real-
world use case, we highlight the scenarios in which DFO can offer superior
performance, as well as its limitations and trade-offs. Our goal is to provi-
de a comprehensive understanding of how derivative-free optimization can be
leveraged to extend the capabilities of neural network training beyond the confi-
nes of traditional gradient-based methods [5].

2. OPTIMIZATION TECHNIQUES’ COMPARISON

The process of optimizing neural networks is fundamental to achieving high
performance in machine learning tasks, and the choice of optimization techni-
que significantly impacts the efficiency, accuracy, and convergence speed of the
model. Traditionally, gradient-based optimization methods have been the domi-
nant approach, particularly in deep learning, where backpropagation enables
efficient parameter updates by computing gradients of a loss function. However,
when dealing with complex loss functions that are non-differentiable, noisy,
or dependent on external black-box evaluations, DFO methods provide an
alternative framework. Each optimization technique offers distinct advantages
and drawbacks, making the choice of method crucial for specific applications [6].

Gradient-based optimization has long been the standard method for traini-
ng neural networks due to its efficiency in large-scale problems with differenti-
able loss functions. The most common approach, stochastic gradient descent,
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updates model parameters in the direction of the negative gradient of the loss
function with respect to the weights.

Variants such as Adam, RMSprop, and Adagrad introduce adaptive learning
rates, momentum, and other heuristics to enhance convergence and stability
(see Figure 1).

These methods leverage backpropagation, a core algorithm that propagates
errors backward through the network to compute exact gradients [7]. This
approach works exceptionally well when the loss function is smooth and di-
fferentiable, as it ensures rapid convergence to an optimal or near-optimal soluti-
on. However, its effectiveness is contingent upon the existence of well-defined
gradients. When the loss function contains discontinuities, non-differentiable
components, or is defined through external processes such as simulations or
adversarial interactions, gradient computation becomes infeasible, rendering
traditional methods ineffective [8].

Another drawback of gradient-based methods is their tendency to converge to
local minima, especially in highly non-convex optimization landscapes. Although
deep neural networks often rely on heuristics such as batch normalization and
learning rate schedules to escape poor local minima, there are cases where these
techniques fall short, particularly when optimizing irregular or highly constrai-
ned objectives [9]. Furthermore, gradient-based methods can struggle when
dealing with noisy objectives, as small perturbations in the function evaluati-
ons can lead to unstable updates. These limitations necessitate alternative
approaches, particularly in scenarios where gradients cannot be computed analy-
tically or efficiently.

Derivative-free optimization methods circumvent the reliance on gradients by
directly evaluating function values to explore the parameter space. One of the
most powerful categories of such techniques is evolutionary algorithms, whi-
ch take inspiration from natural selection and biological evolution. Methods
such as Genetic Algorithms (GA) and Covariance Matrix Adaptation Evoluti-
on Strategy (CMA-ES) operate by evolving a population of candidate solutions
over multiple generations. These algorithms utilize mechanisms such as mutati-
on, crossover, and selection to refine solutions progressively. In a comparati-
ve study [10], CMA-ES achieved higher average performance than Adam and
SGD in optimizing non-differentiable benchmark functions such as Rastrigin
and Ackley, though at the cost of significantly more function evaluations (see
Table 1). Unlike gradient-based optimization, which follows a deterministic path
dictated by gradients, evolutionary algorithms employ stochastic exploration,
making them highly effective in avoiding local minima and handling complex
loss landscapes [11].

One major advantage of evolutionary algorithms is their ability to optimize
highly non-linear, discontinuous, and black-box loss functions. They can effi-
ciently search large parameter spaces without requiring gradient information,
making them suitable for problems where loss functions are defined by simulati-
ons, rule-based evaluations, or external feedback loops. Additionally, evoluti-
onary methods are inherently parallelizable, as multiple candidate solutions
can be evaluated simultaneously, enabling efficient computation on modern
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Differentiability Convergence Robustness - Sample
Method Required Speed to Noise Scalability Efficiency
SGD/Adam Yes High Low High High
CMA-ES No Moderate High Moderate Low
Bayesian Opt. No Low High Low High
Nelder-Mead No Low Moderate Low Low

TABLE 1. Summary of Comparative Performance Across Optimizers.

distributed systems. However, this flexibility comes at a cost [12]. Evoluti-
onary algorithms tend to require significantly more function evaluations than
gradient-based methods, making them computationally expensive. As the search
progresses through multiple generations, the number of required evaluations
grows, leading to higher computational costs compared to SGD-based appro-
aches. Furthermore, fine-tuning hyperparameters such as mutation rates and
population sizes are non-trivial and often problem-specific, requiring careful
experimentation to achieve optimal performance [13].

Another powerful derivative-free optimization technique is Bayesian optimi-
zation, which differs from evolutionary algorithms by constructing a probabili-
stic model of the objective function. Instead of randomly exploring the parameter
space, Bayesian optimization strategically selects points to evaluate based on a
balance between exploration and exploitation. This is achieved through the use
of a surrogate model, typically a Gaussian Process (GP), which approximates
the unknown loss function [14]. An acquisition function is then used to determi-
ne the next evaluation point by considering both regions of high uncertainty
and promising areas where improvements are expected.

Bayesian optimization is particularly useful in situations where function
evaluations are expensive, such as hyperparameter tuning for neural networks
or optimization problems involving costly real-world experiments (see Figure
2). By intelligently selecting the most informative evaluation points, Bayesi-
an methods can find near-optimal solutions with significantly fewer functi-
on evaluations compared to exhaustive search techniques. In experiments on
tuning neural network hyperparameters, Bayesian optimization required up
to bx fewer evaluations than random search to reach similar performance
levels [15]. However, Bayesian optimization also has limitations. One of its pri-
mary drawbacks is its scalability; as the number of dimensions increases, the
computational complexity of maintaining and updating the surrogate model
grows exponentially, making it less practical for high-dimensional problems li-
ke deep neural network training [15|. Additionally, Bayesian methods rely on
assumptions about the function’s smoothness, which may not always hold in
highly irregular optimization landscapes.

In contrast to both evolutionary algorithms and Bayesian optimization, the
Nelder-Mead simplex method is a direct search technique that optimizes functi-
ons using a geometric simplex of points [16]. This algorithm iteratively modifies
the simplex through operations such as reflection, expansion, contraction, and
shrinkage, allowing it to navigate the optimization landscape without requiring
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FIGURE 2. Example of Bayesian optimization algorithm.

gradients. The Nelder-Mead method is particularly effective for low-dimensional
problems where function evaluations are relatively inexpensive. It has been wi-
dely used in engineering and applied sciences for optimizing smooth and uni-
modal functions.

Despite its simplicity, the Nelder-Mead method has notable limitations. It
does not scale well to high-dimensional spaces, as the number of required functi-
on evaluations increases rapidly with the number of parameters [17]. Additi-
onally, it can struggle with highly non-convex or discontinuous loss functions,
often getting trapped in local minima. Due to these limitations, it is rarely used
for large-scale neural network training but may still be useful in tuning smaller
architectures or optimizing auxiliary parameters.

A related family of techniques includes pattern search and Powell’s method,
which systematically explores the parameter space by evaluating function values
along specific directions. Powell’s method, in particular, refines search directions
iteratively to accelerate convergence. These methods share similar strengths and
weaknesses with Nelder-Mead, being suitable for medium-scale problems but
becoming inefficient in very high-dimensional spaces.

When comparing these optimization methods, several key factors determine
their suitability for different problems. Gradient-based optimization remains
the fastest and most efficient approach for large-scale deep learning tasks wi-
th differentiable loss functions, making it the default choice in most scenarios.
However, in cases where gradients are unavailable or unreliable, derivative-
free methods provide viable alternatives. Evolutionary algorithms are parti-
cularly effective for global optimization problems where avoiding local minima
is critical, while Bayesian optimization is ideal for expensive function evaluati-
ons that require strategic sampling. Direct search methods like Nelder-Mead
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and Powell’s method, though simple, are best suited for small-scale or well-
structured optimization problems [18,19].

In practical applications, hybrid approaches often yield the best results. For
example, evolutionary strategies can be used for coarse optimization before refi-
ning solutions with gradient-based methods. Similarly, Bayesian optimization
can assist in tuning hyperparameters before employing SGD for final network
training. The optimal choice of method ultimately depends on the problem’s
complexity, computational constraints, and the nature of the loss function being
optimized.

3. EXPERIMENT WITH P-STATISTIC

Next, we will examine the effectiveness of DFO in an experiment utilizing a
custom loss function.

The Petunin statistic, or p-statistic, is a measure of closeness between samples,
proposed by Yuriy Petunin. It is used to test the hypothesis that the distributi-
on functions of two samples are equal.

In [20] two populations G and G’ and the corresponding distribution functi-
ons F and F are considered.

Let x = (z1,22,...,2,) € G and & = (29,25, ..., 7;,) € G, also x(1) < x(9) <
. < xy) and iL'/(l) < x’(2) <. < x'(m) be the corresponding ordinal statistics.
Suppose that Fg(u) = Fgr(u), then

Aii) = P(2) . ) = pii = u 1
p(Aij) = Play, € (2a), 7)) = Pij = 7~ (1)
If we have a sample z’ € (x’(l),$’(2), ves x’(m)), we can find the frequency h;; of

the random events A;; and the confidence intervals (pgjl.) , pg)) for the probability

pij at a given significance level 3, i.e. B = {p;; € (pg),pl(-?))}, p(B) =1-3.
Then

2

2
1 hijm + % — g\/hi]’(l — hij)m + gZ

(2)

Pij = m+ g2

2 2
@ _ hijm+%+9\/hij(1—hij)m+gz 5
by = m+ g2 (3)

where g satisfies the condition ¢(g) = 1—3/2 (¢(g) is the density of the normal
distribution). Let’s set g = 3. Let us denote by N all confidence intervals
Lij = (pg;),pl(?)) (N =n(n —1)/2) and L is the number of intervals I;; that
contain the probability p;;, i.e. p;j € I;j. Let h = p(x,z’) = L/N.

The statistic h is called the p-statistic (Petunin statistic), it is a measure of
the closeness p(z,z’) between the samples x and 2.

The p-statistic, which is an example of proximity measure based on confi-
dence limits might be a useful loss function due to its robustness to outliers. Si-
nce it focuses on the central bulk of the data through confidence limits, it is less
sensitive to extreme values that could otherwise dominate other loss functions.
This makes it an excellent choice for tasks where robustness is critical, such
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FIGURE 3. Generative Adversarial Network architecture.

as those involving noisy or imbalanced datasets. Furthermore, the proximity
measure compares entire distributions rather than just individual data points
or errors, which is especially valuable in tasks like generative modeling, where
the goal is to match the distributions of generated and real data. Additionally,
the use of confidence intervals means that this measure is well-suited for situati-
ons where uncertainty needs to be quantified, or where probabilistic predictions
are essential.

However, there are considerations to keep in mind. First, the proximity
measure could be computationally more complex because it involves order stati-
stics and the calculation of confidence intervals. This makes it potentially more
expensive in terms of computation compared to simpler loss functions like mean
squared error or cross-entropy, so it may not be the best choice for large datasets
or real-time applications. Another potential challenge is the interpretability of
this loss function. Unlike more traditional loss functions, such as MSE or cross-
entropy, the proximity measure might be harder to understand and explain.
While it could offer advantages in specific domains, its use may require more
effort to communicate and justify its application.

The p-statistic could be used as a loss function for training neural networks
in scenarios where it is needed to compare the distributions of model outputs or
predictions with some target distributions, or if it is needed to measure how well
the neural network approximates a given distribution of data. One of potential
scenarios in which p-statistic could be helpful as a neural network loss function
is Generative Adversarial Networks distributions’ matching.

A Generative Adversarial Network (GAN) is a type of machine learning
model used for generative tasks, where the goal is to generate new, synthetic
data that resembles a given set of real data. The architecture of a GAN consists
of two neural networks: the generator and the discriminator (see Figure 3),
which are trained in opposition to each other, hence the term «adversarials.

The generator network is responsible for producing fake data, such as images,
from random noise or a latent space. The generator’s aim is to create data that
is indistinguishable from real data, based on the distribution it has learned from
the training set.

The discriminator network, on the other hand, is trained to distinguish
between real data (from the training set) and fake data (produced by the
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generator). It outputs a probability score that represents the likelihood that
the input data is real. Essentially, the discriminator’s job is to correctly identi-
fy whether the data it receives is authentic or generated.

The two networks engage in a game-like process. The generator tries to «fool»
the discriminator by generating increasingly realistic data, while the discrimi-
nator tries to get better at distinguishing real from fake data. This adversarial
training process continues until the generator produces data that is so realistic
that the discriminator can no longer reliably tell the difference between real
and fake.

The training process of GANs typically involves optimizing the two networks
in a way that the generator improves its ability to create more convincing fake
data, and the discriminator improves its ability to correctly classify real versus
fake data. This interplay between the generator and discriminator helps GANs
generate high-quality, synthetic data that is often used in applications like image
generation, text-to-image synthesis, super-resolution, and style transfer.

In this experiment, the primary goal is to investigate the effectiveness of using
the p-statistic as a loss function in a Generative Adversarial Network. Typically,
GANSs are designed to generate data that resembles real-world samples, with
the discriminator distinguishing between real and fake data, and the generator
attempting to produce increasingly realistic data. Traditional loss functions like
binary cross-entropy, Wasserstein distance, or Kullback-Leibler (KL) divergence
are commonly used to compare the real and generated data at the sample level
or the distribution level.

The p-statistic loss function, however, takes a different approach. Instead
of directly comparing individual samples, the p-statistic utilizes confidence
intervals and order statistics to evaluate how closely the generated data di-
stribution aligns with the real data distribution. This method is expected to
offer better robustness, especially in cases where the data contains noise or is
imbalanced. This experiment evaluates whether the p-statistic loss can improve
the generator’s ability to produce realistic data when compared to more tradi-
tional loss functions.

The experiment aims to assess the effectiveness of the p-statistic-based loss in
training a GAN, and to compare its performance against the more conventional
loss functions. The key objectives are to determine whether the generator, when
trained with the p-statistic loss, produces data that closely matches the real
data distribution, and how the generator trained with the p-statistic performs
in terms of image quality, distribution matching, and overall performance.

The GAN architecture used for this experiment consists of two main compo-
nents: the generator and the discriminator. The generator takes random noise
as input and aims to generate images that resemble real data, such as MNIST
digits. The discriminator’s task is to classify images as either real or fake, based
on their similarity to real data.

Two different loss functions were used to train the GAN. The first was the
p-statistic-based loss, which uses a proximity measure based on confidence
intervals and order statistics to assess how closely the generated data matches
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FIGURE 4. Learning curve of p-stat loss function.

the distribution of the real data. The second loss function was binary cross-
entropy, a standard loss function used in GANSs for training the generator and
discriminator in adversarial settings.

Training was carried out for 100 epochs, with the goal of optimizing the
generator to produce realistic data. The fitness score and visual inspection of
the generated images were used to evaluate the quality of the generated samples.

During the course of the training, the p-statistic-based loss showed consistent
convergence. This suggests that the p-statistic loss is less prone to overfitting
early in training and focuses more on aligning the overall data distribution
rather than focusing purely on individual samples (see Figure 4).

When inspecting the generated images, the results showed that the generator
trained with the p-statistic loss produced diverse and realistic images, especially
in the later stages of training. The p-statistic-based generator exhibited good
generalization, producing varied images.

Additionally, the p-statistic-based loss demonstrated improved robustness to
noisy or imbalanced data. When training on datasets with noisy labels or class
imbalance, the generator trained with binary cross-entropy exhibited fluctuati-
ng performance, often failing to learn the underlying distribution effectively. On
the other hand, the generator trained with the p-statistic-based loss maintai-
ned stable performance, producing high-quality images even in the presence of
noisy or imbalanced data.

The experiment demonstrated that using the p-statistic-based loss for trai-
ning a GAN resulted in solid distribution matching and high-quality generated
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samples. The generator trained with the p-statistic loss showed good diversity
in its generated samples and was able to closely mimic the distribution of real
data.

One of the key strengths of the p-statistic loss is its ability to focus on
the overall distributional similarity rather than on the pixel-level accuracy of
individual samples. This characteristic makes the p-statistic loss particularly
useful in scenarios where the goal is to generate data that aligns with the real
distribution in a more global sense, rather than simply matching individual
sample characteristics.

Overall, the results of this experiment highlight the potential of the p-statistic
as an alternative loss function for GANs, offering better performance in certain
contexts, especially when distributional similarity is paramount. Future work
could focus on optimizing this approach to speed up convergence, as well as
testing it on more complex datasets and real-world applications.

4. CONCLUSIONS

Optimizing neural networks with custom loss functions presents unique cha-
llenges that cannot always be addressed using conventional gradient-based
methods. While backpropagation and its associated optimization algorithms,
such as stochastic gradient descent and Adam, have been the cornerstone of
deep learning, they rely on the assumption that the loss function is differentiable
and can be efficiently computed. However, in many real-world applications, loss
functions may be discontinuous, noisy, or defined by black-box processes, maki-
ng traditional approaches ineffective. This limitation has led to the increasing
interest in derivative-free optimization techniques, which do not require gradi-
ent information and can optimize models based solely on function evaluations.

Derivative-free optimization methods, including Bayesian optimization, evo-
lutionary algorithms, and direct search techniques such as Nelder-Mead and
Powell’s method, offer alternative strategies for training neural networks when
gradients are unavailable or unreliable. Evolutionary algorithms, such as genetic
algorithms and covariance matrix adaptation evolution strategy, leverage popu-
lation-based search strategies that enable global exploration and are parti-
cularly effective for highly non-convex and discontinuous objective functions.
Bayesian optimization, on the other hand, provides a probabilistic framework
for strategically selecting function evaluations, making it highly useful in cases
where function evaluations are expensive and limited in number. Simpler di-
rect search methods, like the Nelder-Mead simplex method and pattern search,
offer efficient alternatives for low-dimensional problems but struggle to scale
effectively in high-dimensional neural network training scenarios.

To illustrate the effectiveness of derivative-free optimization in real-world
neural network training, we conducted an experiment where a Generative Adver-
sarial Network was trained using a p-statistic-based custom loss function. Unlike
conventional GAN training, which relies on differentiable losses such as binary
cross-entropy or Wasserstein distance, our approach used a p-statistic metric to
evaluate the similarity between generated and real samples. This custom loss
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function was based on statistical hypothesis testing, making it non-differentiable
and difficult to optimize using standard backpropagation.

This experiment highlights the practical applicability of derivative-free opti-
mization in deep learning. By leveraging statistical metrics as custom loss
functions, we can train models in scenarios where gradient-based approaches
fail. However, the increased computational cost of derivative-free methods remai-
ns a key limitation, suggesting that future research should focus on developing
more efficient hybrid optimization strategies that integrate gradient-based refi-
nements with evolutionary or probabilistic search methods.

In conclusion, while gradient-based methods remain the dominant approach
for optimizing neural networks, derivative-free optimization provides an essenti-
al toolset for handling complex, custom loss functions that challenge traditional
techniques. By carefully selecting and adapting optimization methods to speci-
fic problem constraints, researchers and practitioners can expand the appli-
cability of neural networks to a broader range of tasks, improving performance
in scenarios where traditional optimization methods fall short. Moving forward,
continued advancements in DFO methodologies, coupled with increasing compu-
tational power, will further enhance our ability to train neural networks effecti-
vely in diverse and complex environments.

The author declares that there is no conflict of interest concerning the publication of this
article.
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