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Abstract. The use of hyper-heuristics to solve dynamic
multi-objective optimization problems (DMOPs) that
incorporate decision-maker's preferences is a recently
addressed research area. This paper presents the comparison
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and analysis of three hyper-heuristics to solve preferential
DMOPs: The Dynamic Hyper-Heuristic with Plane
Separation (DHH-PS) and two versions of the Dynamic
Population-Evolvability based Multi-objective Hyper-
Heuristic, incorporating Plane Separation in their process
(DPEM-HH-PS). This work analyzes the performance of
DHH-PS and both DPEM-HH-PS versions when solving
DMOPs under different dynamic and preferential
environments. This analysis aims to extend the study of
DHH-PS and examine the capability of DPEM-HH-PS as an
alternative to solve preferential DMOPs. DPEM-HH-PS
exhibited suitability for type Il DMOPs and randomly
changing instances. DHH-PS presented a better performance
for tri-objective DMOPs. The combination of genetic
algorithms and differential evolution in DPEM-HH-PS
proved effective for solving preferential DMOPs. DHH-PS
and DPEM-HH-PS were capable of adapting to different
preferential and dynamic environments.
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1 Introduction

Optimization problems can present different challenges to solve. Among these challenges, we can find problems that present
multiple objectives to satisfy within an environment that changes over time. These problems are defined as multi-objective
dynamic optimization problems (DMOP). Equation (1) presents their formal representation. Let ¥ be a vector of decision
variables, and F the set of m objective functions to optimize during a static time step t. Equality and inequality constraints are
denoted by g and h, respectively.

min F,0) = {/, &0, /,&.0,.... [, G0} (1)
stg®0D)>0,hE)=0.

We can find several methods to solve DMOPs in the literature. Among those, the dynamic multi-objective evolutionary
algorithms (DMOEA) are an alternative based on stochastic techniques to solve DMOPs. Various DMOEASs have proven to
produce good-quality solutions for DMOPs with two or three objectives [1]. The growing interest in DMOPs and alternatives to
solve them present a new area of research within optimization, focused on dynamic environments [2]. This area focuses on
identifying the best alternatives to solve a set of DMOPs. Recently, researchers have detected that hyper-heuristics are potential
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alternatives to solve dynamic optimization problems. A hyper-heuristic is defined as a methodology that selects or generates
heuristics, named low-level heuristics (LLH), to solve problems [3],[4].

One of the main benefits of hyper-heuristics is to take benefit of the strengths of specific heuristics to cover the weaknesses of
others, allowing the hyper-heuristic to obtain better results in comparison to each heuristic if used individually. A choice-function
based hyper-heuristic for multi-objective optimization, defined as HH_CF, uses meta-heuristics as LLHs to solve MOPs, the
heuristic selection is carried out using a choice function supported by performance metrics [5]. The work of Filho et al. [6]
proposes a hyper-heuristic for solving MOPs with preferences defined by a decision maker (DM), the expert (or group of experts)
in charge of selecting the better-suited alternative according to his/her/their preferences, by incorporating reference points. Hyper-
heuristics have also been used for DMOPs. The study by van der Stockt and Engelbrecht [7] analyzes the use of hyper-heuristics
supported by meta-heuristics as LLHs to solve DMOPs.

Hyper-heuristics based on LLH selection can be divided into two stages: heuristic selection, which compares the available LLHs
and selects one to be applied for a number of iterations, and move acceptance, in which the hyper-heuristic evaluates the solution
obtained by the LLH and determines whether it should replace the current solution [8]. The literature provides several methods
to carry out the heuristic selection. Among these methods, random selection, greedy techniques, or permutations are popular
options, among others [9]. In some cases, performance metrics or fitness landscape analysis (FLA) methods gather enough
information to make an appropriate selection.

Another challenge that arises when solving optimization problems is the presence of a DM. When a DM inserts its preferences
into a problem, the search should focus on the space that satisfies those preferences, called a region of interest (ROI). Therefore,
it is logical to think that incorporating preferences in a DMOP can increase its complexity. There exist multiple approaches to
incorporate preferences into a multi-objective problem using different approaches [10],[11],[12]. However, most have been tested
only in static environments, and an analysis of their effectiveness is required when facing an environment that faces changes [2].

This paper proposes to use Plane Separation (PS) [13], a preference-incorporation method previously tested to solve DMOPs
with preferences within hyper-heuristics. These hyper-heuristics use DMOEAs as LLHs. Performance metrics and FLA methods
support their heuristic selection method. Every proposed hyper-heuristic is tested under multiple dynamic and preferential
environments, and the results are compared and analyzed. This work aims to explore the capability of the Dynamic Population-
Evolvability based Multi-objective Hyper-Heuristic (DPEM-HH) to solve preferential DMOPs. This paper also seeks to extend
the study of the Dynamic Hyper-Heuristic with Plane Separation (DHH-PS) under untested instances and conditions. Both hyper-
heuristics are further described in Section 2.

The main contributions of this work are as follows: i) The use of population evolvability, an FLA method, to solve preferential
DMOPs, ii) the incorporation of PS in several hyper-heuristics, iii) the use of DMOEAs within hyper-heuristics in which they
have not been tested and iv) the analysis of the effects of PS, performance metrics and population evolvability within a hyper-
heuristic under different dynamic and preferential environments.

The remaining of this document is structured as follows. Section 2 presents previous works related to this research and the
definitions necessary to understand it. Then, Section 3 contains the design of the proposed work. Next, Section 4 presents the
experimentation and analysis of the obtained results. Finally, Section 5 presents the conclusions and possible future work.

2 Background

2.1 Dynamic multi-objective evolutionary algorithms with preference incorporation

The incorporation of preferences in a DMOP is a situation that may seem common in real life. However, the complexity of both
representing and solving DMOPs is a cause of the limited research in this field. To our knowledge, a dynamic version of the Non-
dominated Sorting Genetic Algorithm (DNSGA-I1) [1] is the first DMOEA proposed to solve preferential DMOPs. Using the
structure of NSGA-11 [14] along with change detection and adaptation mechanisms and the use of a preferential weights vector
defined a priori by a DM. DNSGA-II takes from the set of feasible solutions the one that comes closest to the established
preferences. However, the preferences of the DM do not affect the solution process, but only the final decision, so all solutions
within the feasible search space are equally evaluated.

Multiple works consider this situation. Roy and Mehnen present a version of DNSGA-II that replaces the objective functions
with desirability functions [15]. These functions are specifically adapted for a given DMOP to incorporate the preferences defined
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by the DM. In a more recent case, reference points are used to focus the DNSGA-I1 search towards a generated ROI based on the
Pareto front obtained and the set of preferences given by the DM, which determines preferential ranges for each objective [13].

Reference points are among the most commonly used preference incorporation methods to solve preferential DMOPs. Some
examples within the literature include the Sphere-dominance Preference Immune-inspired Algorithm (SPIA), a DMOEA that
generates a hypersphere within the search space of the objective functions [16]. This hypersphere centers around a reference point
defined by the DM. SPIA inserts a new layer of dominance since the solutions that are within the hypersphere dominate the
solutions that are outside, having a higher priority than Pareto dominance. The Interactive Dynamic Multi-Objective Decision
Making (InDM2) [17] is another reference-point based proposal, which allows the user to incorporate preferences interactively.
During the solution process, the DM can modify or incorporate reference points, seeking to focus the search towards a specific
area of the feasible solution space. InDM2 has been incorporated and tested in two different DMOEAs: the reference-point based
NSGA-II (R-NSGA-I1I) [18] and the Weighting Achievement Scalarizing Function Genetic Algorithm (WASF-GA) [19].

The Plane Separation preference incorporation method (PS) [13], is a recent proposal also based on reference points. PS uses a
set of upper and lower limits for each objective defined by the DM, these limits represent the maximum and minimum preference
setup for that objective. PS generates a set of reference points using these values and a population generated by a DMOEA. These
points allow PS to generate planes within the search space. The planes represent the ROI and areas with different degrees of
separation from the ROI. Then, PS sets each solution to a plane based on its location. The population replacement technique of
the DMOEA in use chooses the best individuals in each plane, based on a contribution percentage, to generate the population for
the next generation. DNSGA-II and a dynamic version of the Generalized Differential Evolutionary algorithm (DGDE3) [20]
have incorporated and tested PS with satisfying results, outperforming a reference-point based preference incorporation method
[13].

2.2 Plane Separation method

Algorithm 1 shows the process performed by PS. First, the minimum and maximum values per objective i (min; and max;) obtained
from the joint population Q are calculated, Q represents the parent and offspring merged population obtained by the heuristic H.

Algorithm 1. Plane Separation
Input: R, W, C, O, H

Output: P
1: {max, min} < CalculateMaxMin (Q)
2: 1 « 1
3: while i £ m do
4: d « Fmaxi — Fmin;
5: Ll,mini — Fmini + (Wi,min * d)
o: Ll,maxl‘ — Fmini + (Wi,max * d)
7: 1« i+l
8: end while
9: _7 - 2
10: while 7 < |S| do
11: 1«1
12: while 1 < m do
13: Lj,mini «— Ll,mini - (Ll,mini * Rj,i)
14: Lj,max; < Li,max; + (Li,max; * Rj,i)
15: 1« 1+1
16: end while
17: J o~ j+1

18: end while
19: S « InsertInPlanes (L, Q)
20: P — GetNewPopulation (S, C, H)

The vector L contains the minimum and maximum values per objective for each plane. Li,min; and Li,max; denote the minimum
and maximum values for the i-th objective of the first plane, which represents the ROI. These values are calculated considering
the distance between Fmin; and Fmax;, denoted as d, and a preferential weight vector W set by the DM. After obtaining the ROI,
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the extreme values per objective of each next plane are calculated and assigned to L. These values are obtained considering the
extreme values of the ROl and an expansion percentage R;; corresponding to the i-th objective in the j-th plane.

After generating the planes, Q splits into a set of subpopulations S, considering the position of each solution within the search
space. Each subpopulation in S contains the solutions in a plane. Finally, according to the DMOEA in use, the best solutions of
each plane are inserted into the new population P. A contribution percentage vector C defines the number of solutions contributed
by each plane towards the new population.

2.3 Dynamic hyper-heuristics

One of the main intentions of using hyper-heuristics to solve problems is to combine the strengths of different strategies to cover
their respective weaknesses and offer higher quality results than those the strategies could deliver individually.

The application of hyper-heuristics to solve dynamic optimization problems (DOPs) was firstly proposed, to our knowledge, by
Ozcan et al. [21]. Their work applies a greedy-based heuristic selection method to six different heuristics based on bit-flip
mutation, and the Davis bit-escalation method [22] and five different mutation percentages are used as the LLH set. Their proposal
uses All Moves [9] as the move acceptance criterion, which accepts all new solutions presented by the selected LLHs.

The complexity of LLHs is not limited. In some cases, meta-heuristics have been used as LLHs. The Adaptive Hill-Climbing
method (AHC) [23] is a local search strategy that selects between two different hill-climbing methods. The heuristic selection is
roulette-based, setting percentages according to the improvement or deterioration produced by each method.

Another hyper-heuristic, named HH [24], uses three different population-based meta-heuristics as LLHs to solve dynamic multi-
dimensional knapsack problems. HH uses a roulette-based heuristic selection method in which each LLH is assigned a percentage
based on its performance when applied to the current problem. HH adopts AHC within its change adaptation method. Both HH
and AHC use a change adaptation method based on the insertion of random immigrants seeking to maintain population diversity.

The Heterogeneous Meta-Hyper-Heuristic (HMHH) [7] is a proposal in which an LLH is assigned to each solution of a
population, applying it for a set of test iterations. Then, an improvement-based selection operator reassigns LLHs to each solution.
It uses five meta-heuristics as LLHSs, including genetic, differential evolution, and particle swarm optimization algorithms.
Experiments were performed using ten different heuristic selection methods based on permutations, randomness, roulette, and
ant-colony algorithms. Each variation produced satisfactory results under different dynamic environments.

To our knowledge, most of the proposed hyper-heuristics to solve DOPs within the literature focus solely on single-objective
problems. Although some hyper-heuristics focus on DMOPs, most of those proposals focus on solving scheduling problems [25].
The Dynamic Population-Evolvability based Multi-objective Hyper-Heuristic (DPEM-HH) [26] is a hyper-heuristic that tackles
DMOPs outside that environment. This hyper-heuristic incorporates an FLA method, population evolvability, to obtain
information regarding both the DMOP to solve and utilized LLHSs, seeking to select the most appropriate heuristic. DPEM-HH
used three different variations of DNSGA-II as LLHs and was tested under two different heuristic selection methods (greedy and
choice function) and an All Moves acceptance criterion [6].

Recently, a proposal presents the use of hyper-heuristics as alternatives to solve DMOPs with defined preferences. Dynamic
Hyper-Heuristic with Plane Separation (DHH-PS) [13] is a hyper-heuristic that incorporates the PS method into its process. The
authors carried out a set of experiments in multiple DMOPs under two different preferential environments in their work. DHH-
PS uses two versions of DNSGA-II and DGDE3 as LLHs. The obtained results show that the application of hyper-heuristics to
solve preferential DMOPs has the potential to produce high-quality results if they use the appropriate LLHSs.

Figure 1 shows the DHH-PS flowchart. The first step consists of generating a random initial population, after which the LLH
selection process is performed. In this step, each LLH is given a copy of the initial population and is run for a number of test
generations. After these generations, the resulting populations of each heuristic are evaluated and the LLH with the best result is
chosen based on the defined LLH selection method.

The selected LLH is executed until one of two conditions is reached. The first condition considers whether the environment has
undergone a change. If true, then the last population obtained by the LLH is compared against the current population based on
the determined acceptance criterion. The new population replaces the current population if the criterion accepts the change. The
second condition is determined by the DHH-PS stopping criterion, which is defined by a given number of elapsed generations.
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In this case, as in the first stopping condition, the last population obtained by the LLH in use is compared with the current
population using an acceptance criterion to determine whether the new population is accepted and replaces the current population.

DHH-PS uses the Plane Separation method within two processes. The first stage is during the LLH selection, in which PS is

incorporated within each heuristic. The second point at which PS is used in DHH-PS is when an LLH has been selected. The
selected heuristic has PS incorporated within its process when executed.

Start

Generate initial population

v

Select LLH
PS§

v

Execute LLH
PS

-I Accept new solution Accept new solution

yes

Stopping
criteria

New solution
accepted?

Change
detected?

New solution
accepted?

reached?

no

-I Return current solution Return current solution |—

Fig. 1. DHH-PS

2.4 Population evolvability

Usually, FLA methods focus on the properties of the problem. However, many of these methods ignore the properties of the
utilized algorithm. Both factors should be considered because certain algorithms could easily solve a complex problem, and an
easy problem could be complicated for some algorithms [27].

Evolvability allows evaluating both criteria. It can be defined as "the ability of a population to produce variants fitter than any
yet existing" [28]. This concept involves both, the problem and the algorithm used. Population evolvability (evp) extends this
notion by measuring the ability of a population to evolve positively considering two factors: i) the probability of the population
to evolve positively and ii) the evolution improvement degree. Equation (2) shows the evaluation of this FLA method.

. | ) (Py)lNP
P;EN'(P) o(f(P)) i
evp(P) = IN(P)| e "
0 ifIN"(P)=0

Let P; be the current population, f °(P) represents the best fitness value obtained in a population P, o(f(Pi)) is the standard
deviation of the fitness values of the population P;, NP is the size of Pi, N(P;) is a set of one-step offspring populations of P;
defining its neighborhood, N*(P;) is a subset of N(P;) containing only neighbors with better fitness than Pi. For minimization
problems this is denoted as N*(Pi) = {Pj; | Pij € N(Pi), f °(P;;) < f °(Pi)} in which j = 1,...,| N*(Pi)|. The range of evp is [0,+ ).
Higher values mean that the algorithm has better capability to produce high-quality solutions as it evolves the population.

3 Proposed work

As can be deduced from Section 2, research on the resolution of DMOPs with preference incorporation is an area under recent
consideration, and there still is an extensive research field to explore. This paper proposes the use of two recently proposed hyper-
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heuristics, DHH-PS and DPEM-HH. This research seeks to find new conclusions regarding the performance of DHH-PS by
testing the same configuration proposed in [13] for tri-objective problems and different dynamic environments.

The heuristic selection method in DHH-PS follows the choice function (CF) presented in Maashi et al.’s work [5]. This function,
shown in Equation (3), obtains the CF value corresponding to each heuristic r based on two criteria and a control variable a. c;
matches a two-stage ranking in which the results of each LLH are compared based on a set of performance metrics. ¢, corresponds
to the number of generations elapsed since the previous selection of r.

CF(r) = ac (r)+c,y(r) 3)

Equation (4) shows how to obtain c;. Let N be the number of LLHS; Fregrank(r) is the position of r in a ranking based on the
number of times r obtained the best value for each metric, and Oran(r) is the position of r for the metric ©. DHH-PS uses variable
space generational distance [29] as O. In the case of DPEM-HH, this work seeks to analyze the effects of adding a preference
incorporation method in its process to solve DMOPs, specifically PS.

1= 2*(N+1)-Freq, (N +6,0u(r) )

3.1 Preference incorporation in DPEM-HH

Algorithm 2 presents DPEM-HH-PS, a proposed version of DPEM-HH that uses PS to allow the hyper-heuristic to incorporate
DM’s preferences. DPEM-HH-PS follows the same process defined in its original work. However, the hyper-heuristic adds
conditionals within and outside the heuristic selection process to incorporate PS (lines 8 and 22). This proposal incorporates PS
within the hyper-heuristic following the structure presented in Figure 1.

Start

| Generate initial population |
I Copy population for each LLH }

2

Calculate average
population evolvability

v

| Select LLH PS |

—| Accept new solution | l Execute LLH | PS

Acceptnew solution I—

Stopping
criteria
reached?

—| Restore current solution Restore current solution |—

Fig. 2. DPEM-HH-PS

New solution
accepted?

New solution Change

detected?

accepted?

Figure 2 presents the DPEM-HH-PS flowchart. As can be seen, it follows a process that has similarities with DHH-PS but includes
two additional steps. First, each LLH copies the current population before the heuristic selection process. Then, each LLH
calculates its average population evolvability after executing for a set of sample generations. This value, supported with PS,
carries out the LLH selection.

Let Peyp,i be the population generated by the i-th LLH, evp; represents the population evolvability obtained for each LLH after zest
test generations have elapsed and MET the set of values corresponding to the performance metrics used for the heuristic selection.
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DPEM-HH-PS performs the process defined in the original work. However, each LLH executes PS within its process, following
the design of DHH-PS. At the end of the selection process, the last population of the chosen LLH is set as the current population.
The selected LLH is used (utilizing PS or its replacement method based on PS-control variable z;s) until the next period.

Algorithm 2. DPEM-HH-PS
Input Tps, Ttest, LLH, R, W, L, C
Output: P

1l: P « CreatelInitialPopulation()

2: while termination criteria have not been reached
3: 1if change is detected or first generation then
4 for i = 1 to |LLH|

5: Pevp,i — CopyPopulation (P)

6: for j = 1 to Ttest

7: QO « CreateJointPopulation (LLHi, Pevp,i)

8: if 7 = 1 or j = 1ps then

9: Pevp,i « PS(R, W, C, Q, LLH:)
10: else
11: Pevp,i « Replacement (O, LLH;:)
12: NP ~ CreateNeighborhood (LLH:i, Pevp,i)
13: evpi « evpi + CalculateEvolvability (Pevp,i, NP)
14: end if

15: end for

16: evpi — evpi/ Ttest

17: end for

18: MET — MetricEvaluation (Pevp)

19: LLHchosen « SelectLLH(LLH, evp, MET)
20: P — SetPOpulatiOl’l(LLHchosen, Pevp,chosen)
21: else
22: if i mod 1ps= 0 then
23: Q — CreateJointPopulation (P, LLHchosen)
24 : P — PS(R, W, C, Q, LLHchosen)
25: else
26: P ~ ExecuteLLH(P, LLHchosen)
27: end if

28: end if
29: end while

DPEM-HH-PS uses CF as a heuristic selection method, with evp replacing 6. A single value represents the value of evp. Thus,
DPEM-HH-PS uses a weighted sum method to add the values of the objective functions, following the original design.

3.2 Versions of DPEM-HH-PS

This paper proposes two different versions of DPEM-HH-PS based on the set of DMOEASs used as LLHs. The first one is based
on the original DPEM-HH configuration, which uses three different versions of DNSGA-II (DNSGA-11-A, DNSGA-I1I-B, and
DNSGA-11-AB). Each version of DNSGA-II has a different change adaptation method. DNSGA-11-A replaces a subset of the
population for new randomly-generated solutions. DNSGA-11-B replaces mutates the solutions from said subset. Lastly, DNSGA-
I1-AB combines both methods. The second version of DPEM-HH-PS utilizes the set of LLHs used by DHH-PS (DNSGA-II-A,
DNSGA-11-AB, and DGDE3). In this case, we would like to explore the effects of using a differential evolution algorithm as one
of the LLHs.

4 Experimentation and discussion

4.1 Performance metrics

As mentioned in Section 3, the choice-function heuristic selection method requires a set of metrics that evaluate the performance
of each algorithm to define the value of c1. This paper uses the following performance metrics to calculate c,, following Equation
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(4). These metrics only consider solutions within the ROI. Since the optimal Pareto front (POF*) of the DMOPs used in this
work can be mathematically obtained, we use only the subset of solutions corresponding to the ROI for the POF* when
evaluating. Then, the subset of the Pareto front obtained by an algorithm (POF) within the ROI is compared against the POF*.

Ratio of non-dominated solutions in ROl (RNIroi). Based on the original RNI equation [30]. This metric obtains a ratio regarding
the non-dominated solutions within the ROI with the size of the population P at a time step t. The range of RNI is [0,1], where a
higher value, closer to 1, is better.

|POFrov,|

5
2 ®)

RNIROI,t:

Hyper-volume ratio (HVR) [31]. It measures the ratio between the POF* and the POF by comparing the hyper-volume obtained
by both using an equal reference point. Equally than RNI, the range of HVR is [0,1], and a higher value equals better performance.

_ HV(POF)

" HAPOF,) ©

t

Variable space generational distance (VD) [29]. Measures the minimum distance between each solution from the POF with
respect to POF*. VD uses Euclidean distance d(v, POF*;) to evaluate the closeness of a solution from the POF (v) to the closest
solution from POF*. The range of VD is [0,:0), where a lower value is better, as it means that the distance between the optimal
and the obtained Pareto fronts is smaller.

% 2
B \['POFtlZvEPOFd(V: POF,) @)
i |POF)|

Inverted generational distance (IGD) [32]. A variation of generational distance that reverses the roles of POF and POF*. IGD
measures the minimum Euclidean distance between each solution from the POF* with respect to POF. IGD has a [0,0) range. A
lower IGD value means less distance from POF* to POF. Therefore, a lower IGD represents better performance.

2
IGD~ L, e por* 4(v, POF)

; (®)
\POF,|

DHH-PS uses these metrics within its choice function, using VD as 6. Meanwhile, DPEM-HH-PS combines these metrics with
evp, using said FLA method as ©. We use and present the VD obtained by each hyper-heuristic for performance analysis and
comparison between the tested hyper-heuristics. This metric has been previously used in works related to dynamic optimization
with preference incorporation [13,14]. The reason for using VD is that this metric can provide information regarding closeness
and spread with respect to a specific subset of the POF*, which represents the DM’s preferences.

4.2 Experimental design

We used six preferential test instances to evaluate and compare the performance of the proposed hyper-heuristics. FDA1, FDA4,
and FDAS from the FDA set [33] and the dMOP1, dMOP2, and dMOP3 problems from the dMOP set [29]. This set of instances
includes bi- and tri-objectives dynamic optimization problems that offer different challenges regarding how the optimal solution
set and Pareto front change with time. Equation (9) shows the handling of the time variable t for DMOPs. Let 7 be the current
generation counter, z, the change frequency (number of generations before a change) and n. the change severity (number of
distinct time step that the DMOP will present).
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t=—l—J ©)

The stopping condition for each DMOP was set to z.*n, generations, setting n. = 10 and z, = {10,25,50}. The z, vector indicates
that three different values for z. are tested for every DMOP. These tests are done to analyze the behavior of each proposed hyper-
heuristic under different dynamic and preferential environments. The maximum population size for each hyper-heuristic
(including each LLH) is set to 100.

The values set on the preferential weight vector W are defined for each instance to have the optimal solutions inside the ROI
within a feasible area of the solution search space. This work follows the preferential environments set in [13], setting the ROI
towards either low or high values for the first objective.

The first ROI sets a normalized value in W as Wy = [0.1,0.4]; Wr = [0.3,0.7] for FDA1 and dMOP3; W, = [0.65,1.0] for dMOP1
and dMOP2 and Wx, = [0.0,1.0], Wiz = [0.0,1.0] for FDA4 and FDADS. This preferential configuration focuses its search on the
minimum values of f;, the values for the other objectives consider their feasible areas with respect to the values defined on Wi.

The second ROI sets Wy = [0.6,0.9]; Wr, =[0.05,0.3] for FDAL and dMOP3; Wr, =[0.1,0.65] for dAMOP1 and dMOP2, and lastly
Wi, = [0.0,0.8], Wiz = [0.0,0.8] for FDA4 and FDAS. This preferential configuration focuses on the maximum values of fi, the
other objectives are defined in consideration of their feasible areas with respect to the values defined on Wr,.

The design of PS follows the structure defined in its original work [13]. PS generates three planes, dividing the search space into
four different areas, where the last area consists of all the feasible space beyond the last plane, each one with different closeness
towards the ROI. The expansion matrix is set as R = {0%, 15%, 30%} for each dimension, and the contribution percentage by
area is set as C = {80%, 15%, 3%, 2%} (from closest to farthest area regarding the defined ROI).

DHH-PS, and the first variant of DPEM-HH-PS, called DPEM-HH-PS-A, use as their LLH set two versions of DNSGA-II (A
and AB) and DGDE3. The second variant, DPEM-HH-PS-B, uses three DNSGA-II (A, B, and AB) versions, following the LLH
structure proposed in [26]. The properties of the operators of each LLH are as follows.

The three versions of DNSGA-II use binary tournament selection, simulated binary crossover, and polynomial distribution as
selection, crossover, and mutation operators, respectively [34]. Crossover and mutation probabilities are set to 0.9 and 1/n, let n be
the decision variable vector size. Distribution indexes for crossover and mutation are set to 10 and 20. DGDES3 follows a
DE/1/rand/bin structure. Both crossover and scaling factor are set to 0.5. The parameter values were set after exhaustive
preliminary experimentations.

When a change is detected, 20% of the population is replaced based on the change adaptation method of the LLH currently
selected. DNSGA-II-A and DGDE3 generate new randomly generated solutions. DNSGA-11-B mutates a subset of solutions to
obtain new solutions, and DNSGA-II-AB combines the process of DNSGA-11-A and DNSGA-I1I-B, replacing half of the new
subset by random solution and the other by mutated solutions.

The tested hyper-heuristics use choice function as their heuristic selection method using the metrics mentioned at the end of
Section 4.1. All new solutions are accepted, following the All Moves move acceptance criterion [6]. The number of sample
generations st is set as 20% of z.. Finally, the control variable for the choice function method is set to « = z..

The tested algorithms were implemented using the jMetal 5.2 framework and executed 30 times for each DMOP on a server
equipped with an AMD Ryzen 5 2.0 GHz processor and 12GB RAM.

4.3 DPEM-HH-PS versus DHH-PS

Table 1 presents offline median and standard deviation regarding VD obtained by each hyper-heuristic for each DMOP under all
three dynamic environments while having a preferential setup of W, = [0.1,0.4] for all instances. Table 2 shows the results
obtained for the preferential configuration Wy = [0.6,0.9]. Friedman aligned ranks test with a 0.05 significance level [35], and
Holm post-hoc method [36] are used to determine if the best solution obtained by a hyper-heuristic is significantly superior to
others. The best value is highlighted in bold and compared to the values obtained by the other hyper-heuristics. If the difference
between both values is statistically significant, * is added after the value of the respective outperformed hyper-heuristic.
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As the tables show, the three hyper-heuristics distribute among themselves the best results for the DMOPs tested. However, it is
possible to analyze the results and identify the dynamic and preferential scenarios better suited for each hyper-heuristic to solve

DMOPs. Each alternative presents a better performance in a specific subset of instances.

Table 1. Offline VD median and standard deviation with Wy, = [0.1,0.4]

v, DMOP DHH-PS DPEM-HH-PS-A DPEM-HH-PS-B
10 FDAL 1.460e+00(2.282¢-01)  1.467e+00(2.561e-01)  1.973e+00(3.045¢-01)*
FDA4 4.273¢-01(8.853¢-02)*  3.1226-01(6.394e-02) 1.536e+00(1.520e-01)*
FDAS 3.853¢-01(8.892e-02)*  2.966e-01(6.473e-02) 5.206e-01(9.022e-02)*
dMOP1 2.319e+00(8.881e-01)  2.658e+00(1.151e+00)*  3.906e+00(1.483e+00)*
dMOP2 4.358e-01(1.142e-01) 4.655e-01(1.350e-01) 6.790e-01(1.290e-01)*
dMOP3 2.301e-01(4.211e-02) 2.238e-01(6.034e-02) 3.569e-01(5.845e-02)*
25 FDAL 1.532e-01(2.734e-02) 1.680e-01(4.569e-02)*  1.574e-01(2.048¢-02)
FDA4 1.072e-01(1.682e-02) 1.164e-01(2.394e-02) 1.417e-01(2.405e-02)*
FDAS 1.158e-01(1.238¢-02) 1.114e-01(1.090e-02) 1.371e-01(1.300e-02)*
dMOP1 2.747e-02(1.244¢-02) 3.077e-02(1.121e-01)*  1.347e-01(1.219e-01)*
dMOP2 3.661e-02(2.907e-03)*  3.890e-02(3.224e-03)*  3.426e-02(3.889e-03)
dMOP3 2.347e-02(1.820e-03) 2.305e-02(3.141e-03) 7.766e-02(3.2966-02)*
50 FDAL 3.101e-02(6.285¢-03)*  3.274e-02(1.008e-02)*  2.787e-02(1.811e-03)
FDA4 8.911e-02(2.880e-03) 9.040e-02(2.534¢-03) 9.062e-02(3.481e-03)*
FDAS 8.752e-02(2.661e-03) 8.926e-02(2.826¢-03) 8.873e-02(3.588¢-03)
dMOP1 5.143e-03(1.056e-03) 5.390e-03(2.579¢-03) 8.742e-03(4.928e-03)*
dMOP2 9.783¢-03(1.196e-03)*  9.7226-03(1.1626-03)*  8.972-03(5.889¢-04)
dMOP3 6.996e-03(2.973e-04) 6.829e-03(2.574¢e-04) 7.038e-03(5.461e-03)*

Note: The best value is highlighted in bold, * indicates that the best hyper-heuristic is significantly better than that specific

hyper-heuristic

Table 2. Offline VD median and standard deviation with Wy = [0.6,0.9]

. DMOP  DHH-PS DPEM-HH-PS-A DPEM-HH-PS-B
10 FDAL 2.1856+00(2.889e-01)  1.994e+00(3.201e-01)  2.987e+00(4.744e-01)*
FDA4 9.045¢-02(2.264e-02)  9.416e-02(3.216e-02) 2.506e-01(4.097e-02)*
FDA5 8.410e-01(2.283¢-01)  8.639-01(3.170e-01) 1.435¢+00(2.333¢-01)*
dMOP1  1.050e+00(2.548e-01)  1.130e+00(3.089¢-01)  1.279e+00(4.795¢-01)*
dMOP2  2.446e-01(3.911e-02)  2.420e-01(3.844¢e-02) 2.867e-01(5.926e-02)*
dMOP3  2.578e-01(4.865e-02)  2.747e-01(4.590e-02) 4.595¢-01(1.038e-01)*
25 FDAL 2.305¢-01(4.860e-02)  2.351e-01(4.276e-02) 2.249¢-01(4.215e-02)
FDA4 1.402¢-01(2.503e-02)  1.734e-01(7.943e-02)*  3.768e-01(8.484e-02)*
FDA5 1.441e-01(1.020e-01)  1.642e-01(1.279¢-01) 2.781e-01(5.972e-02)*
dMOP1  1.058e-01(1.449e-01)*  6.005¢-02(6.643e-02) 1.360e-01(8.296e-02)*
dMOP2  2.831e-02(4.908e-03)*  2.699¢-02(4.304e-03) 2.798e-02(3.704e-03)
dMOP3  3.066e-02(4.480e-03)  3.100e-02(6.230e-03) 1.053e-01(5.268e-02)*
50 FDAL 3.980-02(6.420e-03)  4.145¢-02(9.943e-03)*  3.639e-02(1.886e-02)
FDA4 9.3466-02(4.421e-03)  9.682e-02(9.856e-03) 1.087e-01(1.127e-02)*
FDA5 9.2676-02(4.951e-03)  9.221e-02(6.135¢-03) 1.043e-01(1.167e-02)*
dMOP1  4.954e-03(2.742¢-02)  5.007e-03(3.605¢-02) 5.580e-03(4.324e-02)
dMOP2  7.503e-03(1.139e-03)*  7.024e-03(3.349¢-04) 7.383e-03(2.366e-04)*
dMOP3  8.496e-03(5.550e-04)  8.083e-03(5.456e-04) 7.968e-03(6.799¢-03)

Note: The best value is highlighted in bold, * indicates that the best hyper-heuristic is significantly better than that specific
hyper-heuristic

Initially, DHH-PS offers a better performance in environments with a low z; value (i.e., 10). However, there are cases where a z;
increase presents more benefits in favor of DPEM-HH-PS. A particular case can be seen in the results presented in FDAL, a type
| DMOP. For this instance, DPEM-HH-PS-B outperforms the other two hyper-heuristics in 7. = 50 in both dynamic environments,
as shown in Tables 1 and 2. The improvement in the quality of the solution of DPEM-HH-PS could be because a greater number
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of generations between each change means a greater number of sample generations in each heuristic selection process. With more
sample generations, DPEM-HH-PS can explore the neighborhood of the current population in greater depth and adequately
analyze its population evolvability. Having more information while performing a heuristic selection, DPEM-HH-PS can most
likely select the LLH to generate the best results.

The effectiveness of DPEM-HH-PS in dMOP2, a type Il instance, may suggest that population evolvability is effective when
dealing with this problem type. In a type Il problem, both Pareto front and optimal solutions change with time. Based on the
results obtained in dMOP1, a type 1l problem, DE algorithms as LLHs are effective since their properties can obtain better results
compared to DPEM-HH-PS-B, which only use GA. DHH-PS is particularly effective, thus focusing on performance metrics only
and not on population evolvability can perhaps be a better alternative in type 111 DMOPs.

In dMOP3, the variable that represents fi is chosen randomly after each time step. This DMOP presents a new challenge since an
algorithm must adapt to the environmental changes and the abrupt alteration of an objective function. DPEM-HH-PS is superior
to DHH-PS in most of the environments presented for dMOP3. The use of population evolvability allows LLHs to explore the
new environment and analyze the quality of neighboring solutions. This method provides the algorithm with a better adaptation
to the changes presented by dMOP3, as it can identify the likeliness of each LLH to obtain better solutions immediately
considering the current variable assignment in f,. The only exceptions to this condition occur when z, = {10,25} under Wn =
[0.6,0.9], confirming the analysis of the previous paragraph.

In previous works, all hyper-heuristics analyzed in this field only considered bi-objective problems. FDA4 and FDADS are tri-
objective DMOPs. DHH-PS can adapt better to this new condition, mainly for FDA4, a type | DMOP. Both DHH-PS and DPEM-
HH-PS-A have a similar behavior when solving FDAS5, a type 1l DMOP. The analysis made when reviewing the results on
dMOP2 supports the quality of DPEM-HH-PS, reaffirming its ability to solve DMOPs of this type.

The aggregation method used in DPEM-HH-PS is a critical factor when solving FDA4 and FDAS. Although the weighted sum
method presents accurate results for bi-objective problems, it finds difficulties when dealing with DMOPs with more objectives.

In conclusion, while DHH-PS has better behavior in most instances, there are multiple cases where DPEM-HH-PS is highly
effective, generating better results than DHH-PS. Specifically, DPEM-HH-PS shows effectiveness for bi-objective type | (FDAL
and dMOP3) and type Il (dMOP2) problems. Therefore, population evolvability is a potential adequate alternative to solve these
preferential optimization problem types, and its use is likely to produce good-quality solutions.

4.4 Analysis of both versions of DPEM-HH-PS

The second part of this analysis focuses on the results obtained by both versions of DPEM-HH-PS. DPEM-HH-PS-A uses both
GA and DE algorithms, while DPEM-HH-PS-B uses three versions of DNSGA-II as LLHs. A review of the results presented in
Tables 1 and 2 allow to observe that the performance of DPEM-HH-PS-A is better than DPEM-HH-PS-B for FDAL, a type |
problem, when 7, = 10. However, as z, increases, the quality of the results of DPEM-HH-PS-B improves, to the point of obtaining
statistically significant better results than DPEM-HH-PS-A in FDA1 for 7, = 50 in both dynamic environments.

This same situation is observed for dAMOP2, a type Il problem, when Wy = [0.1,0.4]. It is possible to imply that using a set of
genetic and differential evolution algorithms as LLHs is effective when handling quickly-changing environments for this type of
instance. On the other hand, as the time between each change increases, the functionality of a set of LLHs formed solely by GAs
seems to be a more appropriate option.

The results obtained for dMOP3 under both preferential environments show that the use of DE within the set of LLHs provides
DPEM-HH-PS-A with higher adaptability to the randomness of this instance. This outcome suggests that population evolvability
provides the hyper-heuristic a better adaptation ability for that situation, as mentioned in Section 4.3. Also, the use of DE
algorithms can explore deeper the neighborhood of the current population.

DPEM-HH-PS-A finds difficulties in solving tri-objective DMOPs (FDA4 and FDAS). This issue denotes the problems
encountered by its LLHs to solve problems with more than two objectives. DPEM-HH-PS-B emphasizes one of the main
properties of hyper-heuristics. In this case, the strengths of DGDE3 are used to cover the weaknesses presented by other LLHs
under this environment.
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5 Conclusions and future work

This work proposed the use of PS, a preference incorporation method, in various previously proposed hyper-heuristics, DHH-
PS, and two versions of DPEM-HH (one using GAs as LLHs second combines GA and DE). The capability of each hyper-
heuristic to solve dynamic problems was tested under various bi- and tri-objective DMOPs. Their preferential and dynamic
adaptation capabilities were also tested under two different preferential environments and three dynamic environments.

The obtained results allow to suppose that the use of population evolvability in hyper-heuristics can be useful when solving type
Il DMOPs with preferences, where both sets of optimal solutions and their Pareto front (and therefore the ROI) change over time.
This may be due to the ability of this FLA method to explore new areas within the solution search space while exploiting the
current area where the population is located.

In the literature, the use of PS in DMOEAs has been shown to be effective for solving DMOPs with preferences. The experiments
performed in this paper have shown that PS, as well as the performance metrics set used in this work, applied within hyper-
heuristics are also feasible and effective for solving dynamic optimization problems with preferences. Likewise, the effects of
using PS in DMOEAs in which this FLA method had not been tested were mostly positive and suggest that further study may
provide even better results.

An analysis of the experimental results favors the use of hyper-heuristics that combine GA and DE within their set of LLHSs.
However, there were conditions in which using hyper-heuristics with a GA-only LLH set may be more effective, especially when
handling low dynamic DMOPs (high 7). These results lead us to consider that although hyper-heuristics can cover a broader
spectrum of problems with different characteristics than other heuristics, it is unlikely that a single hyper-heuristic can effectively
solve in all existing problems.

As future work, we recommend developing variants of DHH-PS, using a different set of DMOEAs as LLHSs or heuristic selection
methods, such as greedy, random, or even other heuristics such as simulated annealing. For DPEM-HH-PS, we recommend using
different aggregation methods, such as the Tchebycheff method or another strategy to evaluate population evolvability. Also,
likewise DHH-PS, future researchers are suggested to try different heuristics as LLH. Another potential aspect to consider is the
use of more strict acceptance criteria.
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