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Abstract

Many real-world global optimization problems are presented by a black-box model, therefore there is no
information on properties of the objective function and its derivatives. Differential evolution (DE) is one
of search algorithms, which demonstrates the high performance in solving global black-box optimization
problems. Usually DE shows good global convergence, but it is slow in the local convergence. A local
search can efficiently find a local optimum with high accuracy but cannot identify a basin of the global
optimum. In the study we have proposed a hybrid of DE and the Broyden—Fletcher—Goldfarb—Shanno
(BFGS) algorithm. In BFGS derivatives are substituted by their approximations using the finite difference
method. We have tested 3 different schemes of the cooperation of DE and BFGS. Using a set of benchmark
optimization problems, the experimental results have shown that the hybridization can improve the
performance of the standard DE algorithm. At the same time the choice of the hybridization scheme affects

the results.
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1. Introduction

Many real-world global optimization problems are presented by a black-box model, therefore there
is no information on properties of the objective function and its derivatives. In this case different blind
search methods, heuristics, and metaheuristics are applied (Zhan et al., 2022). Evolutionary algorithms are
one of the most popular and efficient metaheuristics for solving hard optimization problems. Evolutionary
algorithms are stochastic and population-based approaches (Del Ser et al., 2019).

Differential evolution (DE) is one of search algorithms, which demonstrates the high performance
in solving global black-box optimization problems (Storn & Price, 1997). DE uses the difference-based
mutation of random solution vectors and demonstrates the ability of global exploration of the search space.
When a basin of the global optima was found, DE converges to the optima using the selection operator (Das
& Suganthan, 2011). Because of the stochastic behaviour, DE demonstrates poor local convergence in the
basin of attraction. A local search can efficiently find a local optimum with high accuracy but cannot
identify a basin of the global optimum. Broyden—Fletcher—Goldfarb—Shanno algorithm (BFGS) is known
as one of the fastest local search algorithms (Fletcher, 1987). BFGS is a quasi-Newton method that uses
approximation instead of computing the exact Hessian matrix. At the same time BFGS uses first order
derivatives, which can be replaced with their numerical estimates.

The performance of evolutionary algorithms can be improved by their hybridization with other
methods. One of the most popular approaches is a combination of local and global search algorithms [also
known as memetic evolutionary algorithms (Hart et al., 2005; Vakhnin & Sopov, 2020)]. In the study we
have proposed a hybrid of DE and the BFGS algorithm.

A cooperation of DE and BFGS in the hybrid can be implemented in different ways:

= using the BFGS method for the final improvement of the best-found solutions, obtained by the
DE algorithm,

= using the BFGS method for the intermediate improvement of trial solutions in the main DE’s

loop,

* and alternating DE and BFGS methods during the run.
2. Problem Statement

The problem statement of global black-box optimization can be stated in the following way (1):
f(x) » min, f:R™ > R, (1)
X€ER™
here f(x) is an objective function, f: R™ - R, x = (x4, ..., x,) is an n-dimensional solution, the search

space (S) is defined by box constrains x} < x; < x¥,i = 1,7, x} and x* are the lower and upper values.

The solution to the problem (1) is

x:Vx €S cRY, f(x") < f(x). )
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We do not set any requirements for the objective function f and don’t use any properties of the
objective function and its derivatives in search algorithms. Thus, the objective function is viewed as a black-

box model.

3. Research Questions

In the study we use implementations of DE and BFGS algorithm with pseudocodes presented in

Table 1 and 2.

Table 1. Pseudocode of the DE algorithm

Line Pseudocode
1 Generate an initial population randomly
2 while stop criteria is not satisfied do
3 Perform mutation
4 Perform crossover and get a trial vector
5 Perform selection
6 end while

Table 2. Pseudocode of the BFGS algorithm

Line Pseudocode

1 Set a starting point, the accuracy, and initial approximation of Hessian

while stop criteria is not satisfied do
Calculate a search direction using the finite difference approximation of gradients
Calculate the step length along the direction using the line search for satisfying Wolfe conditions
Update the Hessian approximation

AN L BN

end while

Three hybrids of DE and BFGS mentioned above have been implemented as described below:

= The first algorithm (titled as DE_BFGS 1) performs DE and BFGS consequentially. The best-
found solution from the DE run is used as the starting point in the BFGS algorithm for making

the final local improvement.

= The second algorithm (DE_BFGS 2) runs the BFGS algorithm after performing crossover (step

4 in Table 1) for each trial solution.

» The third algorithm (DE BFGS 3) alternates DE and BFGS methods. We apply the BFGS
algorithm after every 10 generations of DE. DE continues its evolution with the updated

population.

Because of many variants of hybrid implementations, it’s necessary to estimate the performance of

them and to choose the best one.

4. Purpose of the Study
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The purpose of the study is the experimental comparison of the proposed ways of hybridization. For
making that, it’s necessary to complete software implementation of algorithms, to obtain statistical data on

numerical experiments, and to proceed the data for establishing the best hybrid.

5. Research Methods

In this study, we have compared four different approaches, including the original DE algorithm and
three hybrid schemes. All of them were tested on 4 benchmark problems: Ackley, Griewank, Rastrigin, and
Rosenbrock functions (Awad et al., 2016).

The number of variables of each problem is equal to 10 and 20. We have used the maximum number
of fitness evaluations as the stopping criteria. The maximum number of fitness evaluations is 200000 for
problems with 10 variables and 1000000 for problems with 20 variables. All algorithms are evaluated over
40 independent runs. The comparison of algorithms is based on medians of the best-found values and errors.
The error measure is used to show the distance from the known global optimum if an algorithm hasn’t
reached the minimum of the objective function.

All algorithms in the comparison are implemented using the Python programming language with no
external packages. We have used a multi-CPU parallelization for improving the computational performance

in our numerical experiments.
6. Findings
The results of experiments are presented in Tables 3 and 4.

Table 3. The experimental results for problems with 10 variables
Algorithm DE DE BFGS 1 DE BFGS 2 DE_BFGS 3
Function f Error f Error f Error f Error
Ackley 3.1E-15 4.2E-15 9.0E-18 7.1E-18 1.8E+1 3.7E+1 1.3E-6 3.2E-6
Griewank 7.4E-3 5.4E+0 7.3E-3 5.4E+0 5.2E-8 1.2E-3 9.1E-15 4.5E-8
Rastrigin 1.9E+0  14E+0 94E-1 1.0E+0  49E+1  69E+0  99E+0  3.1E+0
Rosenbrock  ¢.1E-28  1.4E-15 6.1E-4 4.0E-2 34E+5 1.2E+1 2.3E+4 7.9E+0

Table 4. The experimental results for problems with 20 variables
Algorithm DE DE BFGS 1 DE BFGS 2 DE_BFGS 3
Function f Error f Error f Error f Error
Ackley 4.1E-9 6.3E-9 3.1E-12 3.7-12 1.8E+1 5.6E+1 4.9E-3 6.3E-3
Griewank 6.6E-2 1.3E+1 3.7E-2 1.3E+1 1.1E-2 6.6E+0 1.0E-13 2.8E-7
Rastrigin =~ 23E+1  32F+1 84E+0 2.8E+0 1.10E+2 1.0E+1  42E+l  6.5E+0
Rosenbrock 1.9E-4 1.0E-3 5.5E-3 3.9E-2 1.2E+6 1.9E+1 3.4E+5 1.4E+1
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Figures 1-4 shows the variance of the results in the runs using box-plot diagrams. As we can see
from figures 1, 2, 3, and 4, DE BFGS 1 and DE BFGS 3 give more stable results. At the same time,
DE BFGS 1 wins 2 of 4 times on hard multimodal problems. The standard DE outperforms hybrids with

the Rosenbrock function, this can indicate that BFGS performs not well with ravines.
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Figure 1. The variance of the results on Ackley (left) and Griewank (right) with 10 variables
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Figure 2. The variance of the results on Rastrigin (left) and Rosenbrock (right) with 10 variables
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Figure 3. The variance of the results on Ackley (left) and Griewank (right) with 20 variables
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Figure 4. The variance of the results on Rastrigin (left) and Rosenbrock (right) with 20 variables

We have also visualized the convergence in one run to demonstrate how algorithms improve the

best-found solution. An example on the Rastrigin problem with 10 variables is shown in Figure 5.
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Figure 5. The convergence plot on the Rastrigin problem

Plots for DE and DE _BFGS 1 are combined, because DE_ BFGS 1 doesn’t use BFGS in the main
run. As we can see in Figure 5, DE BFGS 2 uses too greedy search and cannot escape a local optimum.

DE BFGS 3 can be slower than DE, but as we can see from the average results, it outperforms DE.

7. Conclusion

In the study, we have compared the performance of different schemes of combining global and local
search in order to estimate how the hybridization affects the performance of DE. BFGS have been used as
a local search in the hybrid. The experimental results have shown that the hybridization improves the
performance on hard multimodal problems but yields to the standard DE on the unimodal problem with a
ravine.

DE BFGS 2 has shown the lowest performance, because the intensive local search leads to
premature convergence. DE BFGS 1 has shown that the original DE converges not well in the basin of
attraction of the identified optimum, thus the usage of a local search after the run of DE is necessary.
DE BFGS 3 has a potential for improvement, because there are many different options for setting its
parameters.

In further work, we will try different ways of implementing DE BFGS 3, including a self-adaptive
scheme. Also, the standard DE can be substituted by more advanced global search algorithms (for example,

SaDE or SHADE). Finally, the set of benchmark problems can be extended.
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