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 A B S T R A C T 

Global function optimization is a vital area of applied mathematics, and it 
has numerous applications across fields such as machine learning, 
economics, and engineering design. Despite the extensive array of 
gradient-based and gradient-free optimization algorithms that leverage 
direct search strategies, the inverse approach to address optimization 
problems remains relatively unexplored. This paper focuses on the 
development of an inverse-based algorithms designed to solve global 
optimization problems that relies on the sequential resolution of inverse 
problems. The study involved executing computational experiments and 
comparing the proposed algorithm to existing methods to evaluate its 
effectiveness in optimizing the functions analyzed. In particular, the 
experiments focused on the global optimization of test functions and the 
training of neural networks. The obtained results can be used in further 
research and practical applications in diverse fields, including machine 
learning and the optimization of complex systems. 
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1. INTRODUCTION  
 
Global optimization is a significant domain in 
applied mathematics and computer science, 
and it is dedicated to discovering the best 
solution among all possible options [1]. This 
search helps improve the efficiency of resource 
use – such as time and productivity – in real-
world applications. Global optimization 
problems are prevalent across a diverse range 
of fields, including engineering design, 
economics, machine learning, and operations 
research. Meanwhile, the complexity of 
optimization problems in science and industry 
is increasing [2], which results in optimized 

functions that are characterized by 
multimodality, nonlinearity, and intricate 
relief structures. The development of methods 
to address such challenges has become a 
pressing issue that numerous researchers are 
actively engaged in.  
 
There are two primary approaches to 
addressing optimization problems, each of 
which has its own advantages and limitations. 
The first approach employs gradient methods 
that use the partial derivative values of the 
objective function to facilitate the optimization 
process. The gradient provides essential 
information regarding the fastest-descent 
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direction, facilitating efficient discovery of the 
closest extremum. However, in the case of 
multi-extreme function, this solution method 
may lead to the identification of a local 
minimum, potentially bypassing the global 
minimum. Nonetheless, this method is widely 
employed, particularly in machine learning 
applications, because it efficiently finds 
solutions in large-dimensional spaces. For 
example, gradient descent and stochastic 
gradient algorithms are employed to train 
neural networks that consist of numerous 
adjustable parameters. 
 
The second approach employs gradient-free 
metaheuristic methods. These methods 
perform an iterative exploration of the search 
space using heuristics to identify suboptimal 
solutions [3]. The collection of metaheuristic 
techniques is broad and constantly being 
enhanced with new variations because of the 
absence of a universally optimal method, as 
established by the no free lunch theorems [4]. 
Among the prominent categories of methods, 
we can identify evolutionary methods, swarm-
based algorithms, approaches drawn from 
mathematics, chemistry, and physics, and 
human-inspired techniques [5]. Evolution-
based methods are grounded in evolutionary 
concepts and employ mechanisms such as 
selection, interbreeding, and mutation to 
generate new populations [6]. Methods based 
on swarm intelligence replicate the social 
behaviors of various species in the 
environment—such as bees [7], wolves [8], 
hyenas [9], and birds [10] – often focusing on 
efficient food search. Another class of methods 
is founded on the principles of physical laws, 
chemical reactions, and mathematical models 
and encompasses techniques such as the sine-
cosine algorithm [11], the arithmetic 
optimization algorithm [12], simulated 
annealing [13], and the gravitational search 
algorithm [14]. Human-based algorithms are 
predicated on observations of human behavior 
and activities, which are exemplified by 
concepts such as group learning [15] and 
student psychology [16]. Although 
metaheuristic methods are effective for 
solving complex structured problems, their 
performance typically decreases with 
increasing dimensionality, which presents 
significant challenges for their application to 
problem problems with numerous parameters. 

Nevertheless, in addition to incorporating 
gradients, optimization algorithms can differ 
in their strategies for generating new 
argument values using either forward or 
backward approaches. In the context of a 
direct strategy, new argument values are 
calculated based on previous argument values 
and their corresponding function value. In the 
application of the reverse strategy, new 
argument values are established such that the 
function value aligns with the target value.  
Most algorithms employ a direct strategy; 
however, the reverse strategy remains 
inadequately understood. The objective of this 
study was to develop an metaheuristic inverse-
based algorithms to address the problem of 
global function optimization. 
 
2. INVERSE-BASED ALGORITHM 

 
Global optimization involves identifying the 
extremum–either minimum or maximum–of an 
objective function. In contrast to local 
optimization problems, which aim to identify a 
minimum or maximum within a specific 
neighborhood, global optimization seeks to 
determine the minimum or maximum across the 
entire domain of the function. Without 
compromising generality, we examine the 
minimization of the objective function, 
expressed as follows: 
 

min ( )
mx R

f x


 
(1) 

 
where f(x) is the objective function. The 
assumptions include the continuity of the 
objective function and the existence of a global 
minimum for problem (1). In this study, we also 
assume that the function is differentiable. 
 
A direct approach to solving optimization 
problems involves deriving new argument 
values x* based on the information provided by 
the previous argument values x and their 
corresponding function value f(x) (Figure 1). In 
the inverse approach, the argument values are 
calculated based on the target function value 
(Figure 2). Initially, the argument values are 
determined to obtain the function output of f1. 
Then, the function value is adjusted to f2, which 
requires the calculation of new argument values. 
Therefore, a single-point inverse problem is 
addressed for each iteration [17-18]: 
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( )f x y=  (2) 
 
Here, y denotes a decreasing sequence of values 
with a positive step, which is defined as a y=y-step. 
Such problems (2) are deemed incorrect, and their 
solutions are obtained by applying l1 and l2 
regularization methods [19] or expert evaluations. 
 

 
Fig. 1. Direct approach. 

 

 
Fig. 2. Inverse approach. 

 
The proposed algorithm Random Choice (RC) is 
based on the coordinate descent principle, 
where a single argument is selected for 
modification in each iteration. In this algorithm, 
the selection is determined by probability β, 
which applies equally to all arguments (Figure 
3).  
 

 
Fig. 3. Selection of the argument to modify. 

 
However, if a priori information exists regarding 
the most effective methods for achieving the 
target value, this probability can be customized 
individually for each argument. Each argument 
of the function is associated with an indicator u, 
which characterizes its feasibility for inclusion in 
calculations. This indicator assumes one of two 

values: 1, indicating the feasibility of using an 
argument, and 0, indicating that the argument 
cannot be used. The algorithm is derived from 
the stochastic method for addressing the inverse 
problem detailed in [20] and has been adapted to 
obtain the global minimum of the function. 
 

Algorithm RC 

 Input: Objective function 𝑓(𝑥),  number of 

arguments 𝑛, step size for function modification 

∆𝑦, ratio of step size reduction 𝑟, modifying the 

step reduction factor 𝑞, upper limit of the step 

reduction factor 𝑟𝑚𝑎𝑥 , indicator of the possibility 

of use in calculations 𝑢 = 1, maximum iterations 

𝑁 

 Output: 𝑥, 𝑓(𝑥) 

 Randomly generate an initial starting point 𝑥, 

 𝑦 = 𝑓(𝑥) 

 for 𝑣 = 1, 𝑁 do 

  𝑦𝑙𝑎𝑠𝑡 = 𝑦,  𝑦 = 𝑦 −
∆𝑦

𝑟
, ℎ = ∑ 𝑢𝑗

𝑛
𝑗=1  

  for 𝑚 = 1, 𝑛 do 

   if 𝑢𝑚 = 1 then 𝛽𝑚 =
1

ℎ
 else 𝛽𝑚 = 0 

  end 

  Randomly selecting argument 𝑘 according to 

probability 𝛽 

  if 𝑢𝑖 = 0 (∀𝑖 = 1, 𝑛)  then   

   𝑟 = 𝑟 ∙ 𝑞 

   if  𝑟 > 𝑟𝑚𝑎𝑥  then exit 

   else 𝑢𝑖 = 1 (∀𝑖 = 1, 𝑛), 𝑦 = 𝑦𝑙𝑎𝑠𝑡 , 

continuing to the next iteration in 

the loop 

  end  

  Computing 𝑥𝑘
∗  by resolving the equation 

𝑓(𝑥𝑘
∗) = 𝑦 

  if  (𝑓(𝑥𝑘
∗) <  𝑦𝑙𝑎𝑠𝑡) then 𝑥𝑘 = 𝑥𝑘

∗ , 𝑦 = 𝑓(𝑥𝑘
∗), 

𝑢𝑖 = 1 (∀𝑖 = 1, 𝑛) else 𝑦 = 𝑦𝑙𝑎𝑠𝑡 , 𝑢𝑘 = 0 

 end 

 
The second algorithm, developed under 
derivative choice (DC), calculates the partial 
derivatives for each argument and uses the 
normalized values of these derivatives as 
probabilities. Thus, the probability calculation  
will be performed as follows: 
 

, 1.. ,m
m

f
c m n

x


= =


 (3) 

1

.m m
m n

m m

j

c u

c u



=


=



 
(4) 
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In this algorithm, an element of randomness is 
preserved in the selection of an argument while 
incorporating the influence of the derivative, 
which is beneficial for local minimum search. 
 
3. EXPERIMENTS IN GLOBAL OPTIMIZATION 

OF TEST FUNCTIONS 

 
This study examines a solution to the global 
optimization problem of the Rastrigin function in 
the range of -100 to 100. A distinctive 
characteristic of this function is the existence of 
numerous local minima and a singular global 
minimum located at the point x = 0, where the 
function attains a value of 0 (Fig. 4). To evaluate the 
performance of the developed algorithm against 
existing methodologies, we selected the following 
methods implemented in Python libraries:  

• Basinhopping: a two-phase method that 
merges a global search algorithm with local 
minimization at each step. 

• Particle Swarm Optimization algorithm (PSO): a 
computational method that optimizes a 
problem by iteratively adjusting a population of 
particles in the search space based on their 
position, velocity, and a quality measure. 

• Genetic algorithm (GA): a metaheuristic 
inspired by evolution that optimizes 
problems using biological operators like 
selection, crossover, and mutation. 

• Dual annealing (DA): a global optimization 
algorithm based on simulated annealing, 
where a temperature parameter balances 
exploration and convergence, enhanced by 
integrating local search methods. 

 

 

Fig. 4. The Rastrigin function. 

The PSO and GA algorithms were implemented 
using the PySwarms and Deap libraries, 
respectively, and the DA and Basinhopping 
methods were implemented using the 
scipy.optimize module. The default 
hyperparameters were used for the 
Basinhopping, PSO, and DA algorithms. The 
following parameters were set for the genetic 
algorithm: population size = 500, number of 
generations = 700, crossover probability = 0.9, 
and mutation probability = 0.2. For the RC and 
DC methods, only the maximum value of the step 
reduction parameter rmax was modified: for the 
Rosenbrock function, it was set to 108, while for 
the other functions, it was set to 1018. The other 
hyperparameters were kept unchanged: the step 
size y was set to 100, the step reduction 
coefficient r was set to 1, and the modifying step 
reduction factor q was set to 2. 

 
Table 1 presents the experimental results over 
100 random realizations with the number of 
arguments of the Rastrigin function varying from 
5 to 200. The evaluation criteria for the 
algorithms include the mean value of the 
function (Mean) and the average solution time t. 
According to the obtained results, the developed 
RC and DC algorithms demonstrated the best 
criterion values for 5 and 10 arguments. With an 
increase in the number of arguments, the 
algorithms demonstrated lower function values 
than the other algorithms but required more 
time. The best metaheuristic algorithm was DA 
because it achieved the lowest value of the 
optimized function. Figure 5 shows the success 
rate for the case with 10 arguments. A successful 
identification of the function minimum was 
defined as a solution in which the absolute 
deviation of the function value from the global 
minimum did not exceed 0.1. 
 
Table 2 presents the results of solving 
optimization problems for various test 
functions included in the CEC 2022 Benchmark 
test set and described in [21]. The evaluation 
criteria include the minimum value of the 
objective function (Min), the mean value of the 
function (Mean), and the root mean square 
deviation of the function (STD). The first 
column lists the names of the functions and 
search intervals. The number of function 
arguments was set to 10. In some experiments, 
the genetic algorithm failed to solve the tasks; 
thus, the results were omitted. All methods 
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successfully optimized the simple Zakharov 
function, which does not have local minima. For 
optimizing the Rosenbrock function in a 
complex landscape, the best results were 
achieved by basin hopping and DA. Among the 

functions with numerous local extremes, the 
developed RC and DC algorithms demonstrated 
the worst performance on the Drop-Wave 
function, which is highly multimodal and 
exhibits significant complexity. 

 

Table 1. The results of optimizing the Rastrigin function. 

The number 
of arguments 

Metrics Basinhopping PSO GA DA RC DC 

5 
Mean 0.45 5.85 0.064 3.2·10-14 3.14·10-14 1.77·10-13 
t, sec. 0.37 0.25 11.72 0.59 0.19 0.19 

10 
Mean 2.09 29.85 0.157 0.02 6.39·10-12 4.55·10-13 
t, sec. 2.92 9.91 16.24 1.81 1.04 0.88 

50 
Mean 461.04 12,987.67 423.41 0.119 7.69·10-10 4.5·10-11 
t, sec. 86 1.2 52.2 7.98 52.5 45.5 

100 
Mean 255.70 56,407.38 1,047.9 0.3 1.24·10-9 1.47·10-9 
t, sec. 933 2.07 96.4 18.9 403.8 284.4 

200 
Mean 18,286.25 170,645.83 158,577.07 0.2 9.96·10-9 5.39·10-9 

t, sec. 3,431 4 191 51.3 1,997 1,606 

 

Table 2. The results of optimizing test functions. 

Function Metrics Basinhopping PSO DA RC DC 

Zakharov 
[–100, 100] 

Min 1.68·10-16 1.13·10-7 1.42·10-14 1.18·10-14 5.68·10-14 
Mean 4.47·10-15 1.97 0.02 1.37·10-14 1.54·10-12 
STD 2.43·10-15 5.44 0.14 1.2·10-15 2.3·10-12 

Rosenbrok 
[–3, 3] 

Min 3.58·10-11 4.33 2.35·10-11 3.6·10-3 1.6·10-3 
Mean 5.64·10-11 4058.84 0.08 0.37 0.29 
STD 3.64·10-12 14056.7 0.56 0.78 0.55 

Ackley 
[-33, 33] 

Min 1.15 5.75·10-6 1.02·10-8 1.82·10-14 1.46·10-14 
Mean 18.86 1.02 1.82·10-8 1.42 1.69 
STD 2.63 0.95 2.92·10-9 3.56 3.76 

Griewank 
[–600, 600] 

Min 1.88·10-11 20 1.19·10-11 0 5.69·10-4 
Mean 0.21 20.17 0.03 0.06 0.07 
STD 0.99 0.12 0.03 0.04 0.04 

Schwefel 
[–500, 500] 

Min 473.80 750.21 1.27·10-4 1.27·10-4 1.27·10-4 
Mean 1593.66 1461.23 1.27·10-4 353.64 364.61 
STD 516.47 319.91 5.26·10-9 248.04 234.5 

Alpine 1 
[–10, 10] 

Min 1.52·10-7 2.2·10-4 4.88·10-9 6.61·10-7 5.87·10-7 
Mean 0.95 0.21 4.87·10-5 5.53·10-6 5.81·10-6 
STD 3.03 0.33 6.84·10-5 3.21·10-6 3.19·10-6 

Drop-Wave 
[−5.12, 5.12] 

Min 1.71·10-14 0.06 8.88·10-15 0.71 0.52 
Mean 0.64 0.26 0.28 0.89 0.9 
STD 0.43 0.11 0.15 0.06 0.07 

 

Thus, the results of the computational experiments 
demonstrate the feasibility of employing the 
proposed algorithms to tackle global optimization 
challenges. These algorithms offer several 
advantages, including ease of implementation 
stemming from their independence from complex 
concepts such as selection in genetic algorithms or 
temperature in the simulated annealing algorithm. 
Furthermore, the proposed algorithms are 
memory-efficient as they do not require storing 
object sets, such as particles, or populations. 
Moreover, these algorithms do not require prior 
specification of the search interval, which may 
often be uncertain; instead, they suffice to define 

only the initial starting point to obtain a solution. 
One limitation of the proposed algorithms is that it 
relies on identifying the function root during 
execution, which is critical because the efficiency of 
the root-finding process directly impacts the 
optimization outcome. In addition, modifying only 
one argument per iteration may complicate the 
solution-finding process, especially for functions 
exhibiting regions with gradual variations or 
intricate landscapes. Therefore, the proposed 
algorithms can be effectively applied to specific 
tasks where they deliver optimal performance. 
Particularly, they achieved the best results when 
tested on the Rastrigin function. 
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Fig. 5. Success rate in optimizing the Rastrigin function. 

 
4. THE NEURAL NETWORK TRAINING 

ALGORITHM 

 
One of the main trends in machine learning is 
artificial neural networks, which mimic the 
functioning of the human brain and possess the 
ability to autonomously extract features from 
data, making them a powerful tool for processing 
complex information streams. Applications 
based on neural networks recognize human 
speech, detect fraud, control autonomous 
vehicles and traffic [22], and predict economic 
indicators . 
 
Training a neural network is an optimization 
problem characterized by several trainable 
weight parameters and components forming the 
objective function, as well as the presence of 
many local minima. The classical approach to 
solving this problem is gradient descent and its 
various modifications: stochastic gradient 
descent and adaptive gradient descent (e.g., 
Adagrad, Adadelta, RMSProp, Adam, etc.), and 
their improved variants. However, these 
methods have the following limitations: high 
dependence on the initially generated weight 
values and the risk of getting stuck at the local 
minimum. To address these shortcomings, 
previous studies have explored the application 
of metaheuristic algorithms, such as genetic 
algorithms [23], simulated annealing, and 
others. However, due to the large number of 
parameters to be optimized, solving a problem 
using heuristic algorithms requires significant 
computational resources and can also be 
inefficient. Thus, the development of new 
methods for training neural networks and their 
subsequent investigation is an important task. 
This study examines the application of the 

developed RC and DC algorithms to the training 
of neural networks. 
 
The structure of the neural network includes the 
input data, hidden layer neurons, output 
neurons, and desired weight coefficients (Figure 
6). The bias is also accounted for in the 
calculations by adding a column of ones to both 
feature array x and hidden layer array l. This 
study examines experiments conducted using a 
single-layer neural network and a neural 
network with one hidden layer, which is 
frequently used in data analysis [24]. 
 

 
Fig. 6. Neural network structure. 

 
The function to be optimized is the error 
function J, which reflects the deviation of 
predicted values from actual values:  
 

( ) ( )
2

1

,
n

i i

i

J w z y

=

= −  (5) 

 

where y is the vector of actual output values; z is 
the vector of predicted values; and n is the 
number of observations. 
 
To optimize the parameters of the neural 
network, the RC algorithm includes the following 
steps.  
 
Step 1. Randomly generate weights w and 
compute the error function:  
 

( ).prevJ J w=  (6) 
 

Step 2. Reduce the error function by a step size:  
 

*
prev

J
J J

r


= −  (7) 
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Step 3. Select the weight coefficient wkj (where k 
is the layer number and j is the neuron number 
in the layer) according to the probabilities . If 
no coefficient is selected, the step reduction 
factor is increased: r = r · q. If r exceeds rmax, the 
algorithm terminates; otherwise, for all weights 
w, the usage indicator u is set to 1, and the 
process returns to Step 2. 
 
Step 4. Modify the selected weight wkj by solving 
the following equation: 
 

* *( )kjJ w J=  (8) 

 

In this process, if Newton's method is applied, 
the gradients are calculated as follows: 
 

0

1

,

.

T
delta

T
delta

g X l

g l z

=

=
  (9) 

 

Where the error at the output layer is calculated 
as ( f   is the derivative of the activation function, 

f2 is the activation function of the output layer): 
 

errorz z y= − , (10) 

( )2delta errorz z f z= ,  (11) 

 
where   is the element-wise multiplication. 
 
The error at the hidden layer can be defined as 
(f1 is the activation function of the first layer): 
 

1
T

error deltal z w=  , (12) 

( )1delta errorl l f l= .  (13) 

 
For the second-level weights, the iterative 
adjustment in accordance with Newton's 
method is performed using the following 
formula: 
 

*
*
1 1

1

( )

2
j j

j

J w J
w w

g

−
= − .  (14) 

 
For the first-level weights, the formula is as 
follows: 
 

*
*
0 0

0

( )

4
j j

j

J w J
w w

g

−
= − . (15) 

 

Step 5. Compute the new error function value  
*( )newJ J w= , If Jnew<Jprev, then w=w*, u=1 for all 

weights, and Jprev= Jnew. Proceed to Step 2. 
Otherwise, set ukj = 0. Proceed to Step 2. 
 
In the case of applying the RC algorithm, the 
probabilities in Step 3 are equal; when using the 
DC algorithm, they are proportional to the 
absolute values of the partial derivatives. 
 
5. COMPUTATIONAL EXPERIMENTS ON 

NEURAL NETWORK TRAINING 

 
5.1 Single-layer neural network 
 
To conduct computational experiments with a 
single-layer neural network, data from the KEEL 
repository were used, including datasets such as 
treasury, stock, autoMPG8, baseball, concrete, 
and machineCPU. The input and output variables 
were standardized during preprocessing. Both 
the classical activation function (linear) and 
more complex ones were considered, including 
those proposed for time series modeling [25]: 
snake, sincos, ISRU, actg, ln, softsign, th, softplus, 
and cloglogm. In addition, the Himmelblau 
function, which is widely used as a benchmark in 
global optimization tasks, was also considered 
an activation function. 
 
As part of the study, two developed optimization 
algorithms, RC and DC, were considered, along 
with classical methods widely used for neural 
network training, such as Adam and SGD. 
Additionally, the metaheuristic approach DA was 
applied. The experiments were conducted over 
10 random runs. For the Adam and SGD 
methods, the learning rate was varied from 
0.00001 to 1, and the best option was selected. 
For the RC and DC algorithms, the 
hyperparameters remained unchanged: 
specifically, the step J was equal to the initial 
value of the function J divided by 10, the 
maximum step reduction parameter rmax was 
100,000, the step reduction coefficient r=1, and 
the modifying step reduction factor q=2. The 
initial weight coefficient values were generated 
within the range [0, 0.01]. 

 
Based on the results presented in Table 3, the 
following conclusions can be drawn. DA  
demonstrated one of the best performances for 
solving global optimization problems; however, 
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in most scenarios, it falls behind other methods 
when training neural networks. The best 
performance achieved by this method was 
obtained using the sincos activation function. 
Furthermore, for this activation function, the DC 
and RC methods demonstrated higher efficiency 
than the Adam and SGD. The DC method 
achieved the best results in most scenarios; 

however, in terms of computation time, both RC 
and DC were outperformed by the Adam and SGD 
methods (Figure 7). The comparison of the mean 
squared error (MSE) and mean absolute error 
(MAE) values (Table 4) reveals that the 
developed algorithms provided superior results 
for these metrics in the following datasets: 
concrete, AutoMPG8, and machineCPU. 

 

Table 3. Number of best cases with different activation functions. 

Dataset 

The number of activation functions for which the 
method demonstrated the best results in terms of 

MSE 

The number of activation functions for which the 
method demonstrated the best results in terms of 

MAE 
Adam SGD RC DC DA Adam SGD RC DC DA 

treasury 1 0 2 7 1 2 0 0 8 1 
stock 0 0 7 3 1 1 0 7 2 1 

autoMPG8 0 1 3 7 0 0 0 5 6 0 
baseball 0 3 4 3 0 0 3 4 3 0 
concrete 1 0 2 7 1 1 0 5 5 0 

machineCPU 3 5 1 2 0 1 1 4 5 0 

 
Table 4. The best results in terms of MSE. 

Dataset 
Adam SGD RC DC DA 

MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE 
treasury 6.2·10-4 4.69·10-3 9·10-4 6.1·10-3 6.5·10-4 5·10-3 6.5·10-4 4.7·10-3 0.005 0.048 

stock 0.0128 0.0273 0.013 0.028 
0.0127

8 
0.0274 0.0128 0.0274 0.036 0.158 

autoMPG8 0.0183 0.0319 0.0178 0.031 0.0175 0.0301 0.0174 0.03 0.023 0.108 
baseball 0.0378 0.0484 0.0376 0.0482 0.0384 0.0486 0.0386 0.0487 0.765 0.7 
concrete 0.0343 0.0463 0.0342 0.0463 0.0336 0.0453 0.0335 0.0452 0.02 0.113 

machineCPU 0.0421 0.0365 0.042 0.0365 0.042 0.0364 0.0418 0.0363 0.427 0.587 

 

 
Fig. 7. The solution time for the machineCPU dataset. 

 
The DA, RC, and DC algorithms demonstrated 
more efficient model training with the sincos 
activation function than classical methods; thus, 
the possibility of its application to the problem of 
time series modelling was considered. The 
temperature time-series from an Irish weather 
station [26] was used as the test dataset. The 
dataset includes 6075 daily observations from 
August 11, 2003, to May 31, 2020, with the last 
1500 observations used as the test set. The 
following data were used to train the neural 
network: 

• Output variable: maximum temperature 
(Maxtp). 

• Input variables: cbl – mean corrected 
barometer level pressure (hPa), wdsp – 
mean wind speed (kt), hm – highest ten-
minute mean wind speed (kt), maxtp_s – 
maximum temperature at the previous 
time step. 

 
The initial weights were generated within the 
range from 0 to 1. 
 
Figure 8 illustrates the actual values for the test 
dataset and the predicted values obtained using 
the RC algorithm. Figure 9 presents a boxplot of 
the MSE values, which was constructed based 
on the test dataset for 100 random realizations. 
The RC method had the lowest variability and 
mean values. At the same time, the greatest 
variability was observed for the Adam and DA 
methods. 
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Fig. 8. Actual and predicted values of the test dataset 
(RC algorithm). 

 

 
Fig. 9. Boxplots of MSE for various methods on the test 
sample. Hereinafter, plus—mean value, line—median, 
rectangle—25–75% quartile range, whiskers—minimum 
and maximum values or 1.5 interquartile range. 

 
5.2 A neural network with a single hidden layer 
 
A more complex neural network structure with a 
single hidden layer containing two neurons was 
also investigated. The activation function of the 
hidden layer was sincos, and the output layer 
used the Rastrigin function with normalization 
set to 5000. 
 
The data for the experiments were based on the 
Wilshire 2500 Total Market Index 
(https://www.wilshireindexes.com), a key 
indicator of the U.S. stock market that reflects the 
dynamics of mid-cap stocks. For training, we 
utilized daily data from 2021-01-04 to 2023-12-
29, comprising 754 points. The last 200 
observations were used as the test set. The 
following data were used for training the neural 
network: 

• Output variables: Wilshire index values on 
day t.  

• Input variables: Wilshire index values on 
days t-1, t-2, t-3, and t-4.  

 
The BoxPlot for MSE on the test dataset is 
presented in Figure 10, which shows that the RC 
and DC methods demonstrate the smallest 
variance as well as the lowest mean and median 
values. It is noteworthy that the DA method was 
the most time-consuming, with a runtime of 46.8 
s to solve the problem. For the RC, DC, Adam, and 
SGD algorithms, the average runtimes were 4.83, 
3.19, 2.77, and 1.53 s, respectively. 
 

 
Fig. 10. Boxplots of MSE for various methods on the 
test sample. 

 
 
6. CONCLUSION  
 
In this paper, we have proposed an inverse-
based algorithms designed to address the 
problem of global optimization of a function 
using a coordinate descent method that 
incorporates a stochastic selection of 
arguments. The proposed algorithms were 
applied to minimize the various test functions, 
thereby demonstrating their effectiveness 
compared with the established methods on 
specific tasks. The developed algorithms can be 
effectively applied to solve Rastrigin function 
optimization problems, as well as in neural 
network training scenarios that utilize complex 
activation functions like sincos or Rastrigin. 
Future work will focus on applying the 
proposed algorithms in the field of machine 
learning to comprehensively evaluate their 
effectiveness in typical tasks encountered in 
this domain. 
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