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Abstract

Solving dynamic multi-objective optimization problems (DMOPs) is becoming in-
creasingly important due to the growing need in industrial applications to make
optimal decisions under changing conditions. Problems of this type involve mul-
tiple competing objectives that change over time, making it difficult to track the
Pareto front effectively. This thesis proposes RL-KGB-DMOEA as a new algorithm
to address this challenge. The proposed algorithm uses a Reinforcement Learning-
based framework (RL-DMOEA), allowing an agent to choose from a set of prediction
methods selectively. Here, the Knowledge-Guided Bayesian Classification Algorithm
(KGB-DMOEA), as a nonlinear prediction mechanism that uses clustering of histor-
ical Pareto optimal solutions and naive Bayesian classification to predict promising
solutions in new environments, is integrated into RL-DMOEA. The goal is to reduce
the computational time of KGB-DMOEA with minimal impact on performance.
Therefore, an agent is tasked to selectively choose between the computationally
more intensive KGB-DMOEA prediction method and less expensive linear prediction
methods, namely the Knee-Based Method and the Center-Based Method. In addi-
tion, a boundary detection mechanism is used to exclusively select KGB-DMOEA in
boundary regions of the decision space, as linear prediction methods tend to be less
effective in such situations. In combination with a decaying epsilon-greedy action
selection policy, with the intent to promote early exploration, promising empirical
results were obtained. It could be demonstrated that RL-KGD-DMOEA can signi-
ficantly reduce execution time compared to using standalone KGB-DMOEA, while
maintaining comparable performance on DF1 benchmark problems.

Keywords: Dynamic Multi-Objective Optimization, Evolutionary Algorithm, Cluster
algorithm, Reinforcement Learning, Prediction Model



Zusammenfassung

Die Losung von dynamischen Mehrkriteriellen-Optimierungsproblemen (DMOPs)
gewinnt zunehmend an Bedeutung, da es in Industrieanwendungen vermehrt not-
wendig ist, optimale Entscheidungen unter sich verdndernden Bedingungen zu tref-
fen. Probleme dieser Art beinhalten mehrere konkurrierende Ziele, die sich im Laufe
der Zeit dndern, was es schwierig macht die Pareto-Front effektiv zu verfolgen. In
dieser Arbeit wird ein neuer Algorithmus, RL-KGB-DMOEA, vorgeschlagen, um
dieser Herausforderung zu begegnen. Der vorgeschlagene Algorithmus verwendet
einen auf Reinforcement Learning basierendes Framework (RL-DMOEA), welches
es einem Agenten ermoglicht, aus einer Reihe von Vorhersagemethoden selektiv
zu wahlen. Dabei wird der Knowledge-Guided Bayesian Classification Algorithm
(KGB-DMOEA), als nichtlinearer Vorhersagemechanismus, welcher mittels Clus-
tering von historischen Pareto-Optimal-Losungen und der Verwendung eines na-
iven Bayes’schen Klassifikator, vielversprechende Losungen in neuen Umgebungen
vorhersagt, in RL-DMOEA integriert. Um die Rechenzeit des KGB-DMOEA bei
minimaler Auswirkung auf die Leistung zu reduzieren, wird ein Agent beauftragt,
selektiv zwischen der rechenintensiveren KGB-DMOEA Vorhersagemethode und
weniger teuren linearen Vorhersagemethoden, namentlich der Knee-Based Methode
und der Center-Based Methode, zu wihlen. Zusétzlich wird ein Mechanismus zur
Erkennung von Randsituationen eingesetzt, um in Randbereichen des Entscheidung-
sraums ausschliellich KGB-DMOEA auszuwéhlen, da lineare Vorhersagemethoden
sich in solchen Situationen als weniger effektiv erweisen. In Verbindung mit einer ab-
klingenden Epsilon-Greedy-Aktionsauswahlstrategie, die dazu dient eine frithe Ex-
ploration zu férdern, wurden vielversprechende empirische Ergebnisse erzielt. Es
konnte gezeigt werden, dass RL-KGD-DMOEA die Ausfithrungszeit im Vergleich
zur alleinigen Verwendung von KGB-DMOEA signifikant reduzieren kann, wobei
die Leistung in den getesteten DF1-Benchmark-Problemen vergleichbar bleibt.

Schliisselworter: Dynamische Mehrkriterielle-Optimierung, Fvolutiondrer Algorith-
mus, Cluster-Algorithmus, Reinforcement Learning, Vorhersagemodell
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1. Introduction

Darwinism is dynamic. It is about
change, not stasis; about process,
not pattern; about tales, not
tableaux; about becoming, not being.

Henry Gee [Gee01]

Dynamic Multi-Objective Optimization Problems (DMOPs) involve the optimiza-
tion of multiple time-dependent objectives and constraints. They have attracted
increasing attention due to their widespread practical applications, such as pri-
ority scheduling [IT18], vehicle routing [LYZ21], or model calibration [Mos+18§],
highlighting their real-world benefits. However, solving Dynamic Multi-Objective
Optimization Problems is generally considered a challenging endeavor due to the
dynamic nature of these problems. Therefore, it is of great theoretical and practical
significance to propose effective methods to address DMOPs.

Research in the field of Dynamic Multi-Objective Optimization (DMOO) involves
proposing algorithms capable of effectively tracking changes in the dynamic prob-
lem environment. The goal is to adhere to environmental changes detected during
the optimization process and to recover adaptation losses due to environmental
changes as quickly as possible. This concept of dynamic evolutionary adaptation is
illustratively shown in Fig. [I.1. Traditionally Static Multi-Objective Evolutionary
Algorithms (SMOEAS), inspired by biological evolution and natural selection, have
been widely used to solve Multi-Objective Optimization Problems (MOPs) in static,
as well as in dynamic contexts [ABB17]. However, as SMOEAs are not well-equipped
to handle dynamics, they often perform poorly in solving DMOPs [Ye+22].

For better handling of dynamics, Dynamic Multi-Objective Evolutionary Algorithms
(DMOEAS) have been proposed, extending existing SMOEA approaches with addi-
tional dynamic processing techniques. DMOEAs can roughly be divided into three
categories. Diversity-Based enhancement strategies, Pprediction-Based mechanisms,
and Memory-Based methods [JZY22], which are all approaches that aim to adapt
the optimization process to changes in the problem environment.

Most notably, Prediction-Based DMOEAs have demonstrated competitive perform-
ance in handling environmental changes [Ye+22|. These performance increases are
achieved by building prediction models based on historical and existing information.
Researchers using Prediction-Based DMOEAs argue that, although objectives or
constraints might dynamically change in DMOPs, the dynamic nature of problems
in adjacent times may still share certain similarities. Thus, if properly exploited,



1. Introduction
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Figure 1.1: Illustration of the dynamic nature of
evolutionary algorithms applied to computer simulations,
emphasizing the process of adaptation to changing
environments. Own illustration.

search experiences gained from previous environments can provide knowledge that
can be leveraged for accelerated optimization of adapted problem environments.

With the Knowledge Guided Bayesian Classification DMOEA (KGB-DMOEA), Ye
et al. [Ye+22] proposed a novel DMOEA that uses a Naive Bayesian Classifier (NBC)
as a prediction model to predict promising solutions when environmental change is
detected. This approach has shown to be effective in solving DMOPs, surpassing
most previous Prediction-Based DMOEASs in terms of performance. The remarkable
results of KGB-DMOEA stem from a fundamental difference setting it apart from
other Prediction-Based DMOEAs. Unlike most other Prediction-Based DMOEAsS,
KGB-DMOEA uses information from all previously encountered problem environ-
ments. This is done, by examining historical solutions and transferring extracted
knowledge to new environments, rather than only using information from the most
recent environments, as was previously the most common approach [ABB17].

However, the KGB-DMOEA also has limitations. Most notably, the use of a single
prediction model. This is problematic, as the suitability of a prediction model de-
pends on various factors, such as the severity of the environmental change in general,
and the linearity or non-linearity of change patterns exhibited by a given optimiz-
ation problem, in particular [JZY22]. Thus, using a single prediction model may
not be suitable for all encountered dynamic problem environments and may lead to
suboptimal performance in some cases.

Another potentially limiting aspect of KGB-DMOEAs is the knowledge transfer
process. As KGB-DMOEAs always examines all historical information, albeit com-
pressed as clusters, the optimization process may be computationally expensive,
especially when the number of historical environments is large. This computational
cost may be unnecessary in cases where the environmental change is not severe or
behaves linearly, where simpler prediction models may be sufficient.

The problem of not dynamically adapting the prediction model used to the problem
environment is not unique to the KGB-DMOEA. This problem is a generally acknow-
ledged issue in the current body of research and addressed in various publications
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[SLM16] [RMP17]. However, most approaches that aim at dynamically adjusting
the employed prediction model lack learning capabilities or feedback mechanisms
[Zou+21], which can be very valuable in helping to ensure correct prediction model
selection after detecting environmental changes.

Reinforcement Learning (RL) is a machine learning technique effective in solving a
wide range of problems in fields such as robotics [KBP13], automation [Par+22], or
calibration [Tia+20]. In recent times, RL also garnered the interest of researchers
in the DMOEA community. Zou et al. [Zou+21] attribute this to the sequential
decision-making process of RL systems, where an agent’s goal is to exacerbate be-
havior that maximizes a reward function by interacting with its environment. In
other words, the agent tries to learn which actions to take to reach a defined goal.
This goes hand in hand with dynamically adapting the prediction model used in a
DMOEA to a given environment, as an agent’s goal can be defined as choosing a
prediction model best suited to a given environment state.

RL techniques have been used in evolutionary optimization literature to enhance
algorithm performance and solve real-world problems. However, integrating RL
methods into DMOEAs is still considered in its infancy [Zou+21]. Therefore, the
motivation of this thesis is to integrate KGB-DMOEA into a RL-based DMOEA
framework as a decision-making module that can dynamically adapt the prediction
model used to the environment at hand.

The assumption here is that a RL agent should be able to learn, from a set of
prediction models, the best prediction model to use for a given environment state
when change is detected. A similar approach has been most notably proposed by
Zou et al. [Zou+21] in which a RL-based DMOEA framework is used to choose from
a given set of prediction models based on the severity of environmental changes
detected. However, the author’s approach does not take the computational time of
the prediction models into account, which can be very valuable in helping to ensure
overall computational efficiency. In addition to that, the authors do not explicitly
inquire about managing the trade-off between exploration and exploitation, which
is a critical factor in RL. As RL uses sequential decision-making, the agent must
maintain a balance between exploration and exploitation. In other words, the RL
agent must be guided in such a way that there is a balance between exploring the
potential benefits of given actions (prediction model choice) and exploiting actions
already known to be beneficial for a given environment state [SB9S].
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1.1 Research Question and Key Contributions

This thesis aims to propose an improved version of the KGB-DMOEA that maintains
its benefits, which mainly are sophisticated solution prediction through evaluation
of all historical information available, while mitigating its potential drawbacks, i.e.,
high computational cost, with RL. Based on this, the following research question is
formulated:

"How can Reinforcement Learning be used to decrease the computational cost of the
KGB-DMOFEA while maintaining its performance?”

For this, a novel algorithm is proposed that combines KGB-DMOEA with RL. The
goal is to have a RL agent as a decision-maker that dynamically adapts the prediction
model used to the environment at hand. This is done based on the severity of
the environmental change detected. Depending on that, a RL agent can either
choose to use KGB-DMOEA as a prediction method or more straightforward and
computationally less expensive prediction models.

Exerting computational pressure while maintaining performance is one of the main
goals of the proposed algorithm. For this, the agent is rewarded based on the time
taken and the quality of solutions predicted by chosen prediction methods. Further-
more, the proposed algorithm checks for boundary situations, e.g. situations where
the direction of solutions for the following environment is unclear. For these cases,
KGB-DMOEA is the default prediction model. With this, the risk of false predic-
tions damaging algorithm performance is mitigated, especially in high-dimensional
problem spaces.

As a last, a decaying epsilon-greedy action selection probability is used [NTB21]| to
balance the exploration and exploitation trade-off. The idea here is that the agent
should explore the benefits of prediction models early in the optimization process
while exploiting those methods known to provide good results later in the optimiza-
tion process. This is especially important for high-dimensional problems when using
KGB-DMOEA, as the performance of the KGB-DMOEA algorithm needs to have
sufficient historical information available.

The components presented have, to the best of my knowledge, not been previously
used in combination with KGB-DMOEA and therefore, key contributions of this
thesis are summarized as follows:

1. A hybrid DMOEA that combines KGB-DMOEA with RL is proposed to im-
prove KGB-DMOEA performance while mitigating computational cost.

2. The introduction of a reward function, depending on the prediction speed
and solution quality of a chosen prediction model, to promote high overall
algorithm performance.

3. A boundary detection mechanism to use KGB-DMOEA as a default prediction
model in boundary situations, mitigating the risk of reduced performance due
to inaccurate predictions.

4. Employing a decaying epsilon-greedy action selection probability to promote
broad exploration at early algorithm stages to capture potentially useful his-
torical solutions.
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1.2 Thesis Structure

Following this introduction, an overview of the required knowledge for the topics of
this thesis is given in Chapter [2l The chapter leads gradually towards DMOEAs
and concludes with an introduction to the core elements of RL. Chapter |3| presents
the literature relevant to this thesis and outlines the research gap addressed with
this work. Subsequently, the proposed algorithm is described in Chapter {4 First,
the general framework is presented, followed by the individual components of the
algorithm. In Chapter [5] an experimental study is conducted, in which the perform-
ance of the proposed algorithm is compared to an implementation of KGB-DMOEA.
Chapter [6| gives an outlook to potential future work. Finally, the thesis is concluded
in Chapter



2. Theoretical Background

The following chapter is divided into four major sections. Section is dedicated
to optimization and the challenges of solving optimization problems. First, the
general optimization problem is introduced and then extended by a multi-objective
definition in subsection and a dynamic multi-objective definition in subsection
2.3] The last section|2.4]is devoted to Reinforcement Learning and briefly introduces
its core elements.

2.1 Optimization

Optimization is a key aspect of the decision-making process that involves the sys-
tematic identification and selection of the optimal solution to a given problem with
regard to a set of constraints [Dan96]. It is a fundamental concept that is central to
many fields, including engineering [MN21], economics [HN87] or operations research
[SKNT11].

At its core, the optimization process involves evaluating various solution options
and selecting the one that is considered the most optimal by min- or maximizing an
objective function using tools and techniques drawn from fields such as computer
science, mathematics, or statistics. This process applies to a wide range of prob-
lems, such as strategically planning infrastructure [Hug+05|, determining the most
effective method for early disease detection [Su+21], or the most efficient schedule
for completing tasks [AJA16]. Essentially, any question that seeks to identify the
best or most favorable option can be considered an optimization problem.

Definition: The Single-Objective Optimization Problem.

In general, a single-objective optimization problem, with the goal of minimizing a
given objective function, can be mathematically formulated as follows [Lia+15]:

min f(z)
s.t. gi(z) <0, i=1,2,...,m (2.1)
hi(z) =0, ji=12,...,p

lkgxkguk, k:1,2,...,n

Where f(x) is the objective function to be minimized, g;(z) and h;(x) are the in-
equality and equality constraints, respectively, with [, and u; being lower and upper
bounds of the variables zy,.

Thereby the decision space of a given optimization problem is defined by all possible
value combinations of the decision variables x,. The objective space, on the other
hand, is defined by all possible values that the objective function f(x) can take.
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Figure 2.1: 3D plot of the Ackley function,
by Surjanovic and Bingham [SB13].

The solution of an optimization problem, where one would want to minimize a given
objective function, is the set of decision variables z; that minimizes the objective
function f(z) with regard to given constraints and variable bounds. This solution
is known as the optimal solution.

The Ackley function, a widely used test function in optimization, can be used as
an example of an optimization problem [Ack12]. The function exhibits a flat outer

region and a deep hole at the center when plotted in three dimensions, as depicted
in Fig. The function is defined as follows [Ack12]:

f(l') _ _20670.2 0.5(z2+23) 60.5(005(271':):1)+cos(27rx2)) +20+¢ (22)
Where z = [x1, 9] is a two-dimensional vector of decision variables, and e is the
base of the natural logarithm. The function has a global minimum at = = [0, 0],

where f(z) = 0. The optimization of this function can be challenging, especially
for classical optimization algorithms such as Hill-Climbing, which are prone to get
trapped in one of the many local minima of the function [KWCO01].
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2.1.1 Implications of Problem Hardness for Algorithm Selection

In the context of optimization, problem hardness refers to the difficulty of finding
the optimal solution to a given optimization problem [SLC11]. This difficulty can
be due to various factors, such as the complexity of the objective function or the
size of the decision space [WKW16]. Where in some cases, it is possible to directly
solve for the optimal solution by taking the derivative of the objective function, this
may not be feasible for more complex or unknown objective functions. In such cases,
the optimal solution can often only be approximated iteratively by using specialized
optimization algorithms.

The time complexity of an algorithm, as a function of the size and features of the
input, is a standard measure of problem hardness [Wei+09]. Thereby, easy problems
are defined as problems that can be solved in polynomial time [Wei+09|, meaning
that the time required to solve the problem increases at most polynomial with the
size of the inputs, thus allowing problems to be solved in a reasonable amount of
time, even for large problem scales. To understand the significance of polynomial
time complexity, consider the plot in Fig. [2.2] which compares the growth rates of
various functions as input size increases.
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Figure 2.2: A log-scaled plot comparing growth rates of
various functions as input size increases, by Weise et al.

[Wei+09].

Alternatively, hard problems are defined as problems that require exponential time
or worse to solve, making them infeasible for large inputs, even for relatively small
problem scales [Wei+09]. One example of a hard optimization problem is the single-
source-shortest path problem [Tho99], in which the goal is to find the shortest path
between a given source vertex and all other vertices in a graph. This problem is
typically solved using algorithms such as Dijkstra’s algorithm [Dij59], which uses
a priority queue to explore the vertices in the graph in an order that guarantees
that the shortest path is discovered first. While Dijkstra’s Algorithm has a time
complexity of O(V?) for a graph with V' vertices [Cor+-01], this can still be infeasible
for extensive graphs. In such cases, faster but less accurate algorithms, such as the
A* Search Algorithm [HNRG68] or the Bellman-Ford Algorithm [BG09], may be used
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2.1. Optimization 2. Theoretical Background

to find a satisfactory, though not necessarily optimal, solution to the shortest path
problem.

With this in mind, the implications of problem hardness in optimization are signi-
ficant, as many real-world optimization problems are in fact hard. Despite this, it
is often necessary to solve these hard optimization problems in a reasonable amount
of time to make informed decisions and improve processes and systems. As a result,
it is important to consider the problem hardness of a given optimization problem
and choose the appropriate algorithms to find a satisfactory solution with regard to
time or computational budgets.

2.1.2 Metaheuristics as a Solution Approach for Hard Problems

When faced with an optimization problem, it is essential to consider the problem’s
hardness and select the appropriate algorithm to find a satisfactory solution with
regard to time complexity. Therefore, most of the time, rather than striving for
the optimal solution, the goal is to find a reasonably good solution in an acceptable
amount of time [Wei+09]. This often leads to a trade-off between solution quality
and algorithm runtime, as shown in Fig. 2.3
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Figure 2.3: Ilustration of the optimization time vs. solution
quality trade-off, original by Weise et al. [Wei+09|, adapted.

Metaheuristics are a class of algorithms that have gained widespread popularity due
to their ability to effectively find good, though not necessarily optimal, solutions
to hard optimization problems within a reasonable time frame [Wei+09]. These
algorithms work by iteratively exploring the decision space and using heuristics to
guide the search process. Thereby, this class of algorithms can effectively search the
decision space and find near-optimal solutions even for problems with large decision
spaces or non-derivable objective functions [Wei+09]. Examples of metaheuristics
include simulated annealing , which uses a random search process inspired
by the annealing of metals; genetic algorithms [KCK21], which use principles of
natural evolution to generate and evolve solutions; and particle swarm optimization
IBM17], which uses the movement of a group of particles to search for solutions.
Even though these algorithms do not guarantee finding the optimal solution, they
are able to find solutions that are close to optimal in a reasonable amount of time
and are hence widely used for solving a variety of optimization problems.
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2.2 Multi-Objective Optimization

Multi-Objective optimization problems involve finding a solution that simultan-
eously optimizes multiple conflicting objectives [Mie99]. An example of a multi-
objective optimization problem is the design of an airplane, where the goals may
include minimizing airplane weight, to reduce fuel consumption and increase range,
while also maximizing structural strength for passenger safety. These two objectives
conflict with each other, as increasing structural strength typically increases weight.
Problems of this type are common in real-world applications, as they often involve
complex systems with multiple competing goals and constraints.

Definition: The Multi-Objective Optimization Problem.
The Multi-Objective Optimization Problem can be formally defined as follows [Ben09]:

For a given set of decision variables x € R", with lower and upper bounds [; < x; <
u;, and a set of conflicting objective functions X = {fi(z), fao(z), ..., fm(z)}, find a
solution z} that simultaneously optimizes all objective functions subject to given
problem constraints.

This problem can be written as:

s.t. g1(z) <0, 95(x) < 0,~--,gp(93> <0 (2.3)
hy(z) = 0 hz(x) 0,....,hg(z) =0
l; < x; <y,

As Multi-Objective Optimization Problems (MOPs) typically involve multiple con-
flicting objectives that need to be optimized simultaneously, it is not possible to find
a single solution from a given decision space that optimizes all the objectives in the
objective space simultaneously [Wei+09]. Instead, there are usually multiple pos-
sible solutions that represent trade-offs between the different objectives, requiring a
decision-maker to determine which solution should be implemented. The decision-
maker, who is expected to be an expert in the problem domain, must consider the
trade-offs between conflicting objectives and choose the solution that best aligns
with their preferences and problem-specific constraints.

Over the years, various approaches have been developed to solve MOPs, which can be
classified into four categories, including No-Preference Methods, A Priori Methods,
A Posteriori Methods, and Interactive Methods, which mostly differ in the way they
involve preference information from the decision-maker [Hwa79].

e No-Preference Methods: No-Preference Methods do not involve the decision-
maker and identify a neutral compromise solution without preference inform-
ation [Hwa79).

e A Priori Methods: A Priori Methods require the decision-maker to clearly ex-
press their preferences as a weighting before starting the optimization process,
[Hwa79]. However, this can be challenging as the system’s complexity and
limited understanding may render it difficult for a decision-maker to formulate
preferences beforchand [Hwa79).

10
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e A Posteriori Methods: A Posteriori Methods generate a set of Pareto-Optimal
solutions from which the decision-maker must choose a preferable solution.
This approach allows for the understanding of the complete Pareto-Optimal
Front. However, this approach can be resource-intensive as preferences are
unclear beforehand, and more solutions need to be analyzed [HwaT79).

e Interactive Method: Interactive Methods involve the decision-maker in a dy-
namic way, alternating between preference allocation and optimization, pro-
gressively and iteratively refining the solution determination towards the do-
main of interest [Hwa79].

A Posteriori Methods, which do not require previous preference information from
a decision-maker, can provide insight into the entire solution space of the problem
and are therefore often preferred for solving multi-objective optimization problems
[Mie98]. These methods aim to compute all or a representative set of Pareto-Optimal
solutions, which is a set of solutions that represents the best possible trade-offs
between different objectives.

Definition: The Pareto-Optimal Set (POS).

A solution z* € ) is called Pareto-Optimal solution if there is no other solution y € 2
such that F(y) is strictly preferred to F'(z*). The set of all such Pareto-Optimal
solutions is defined as [Ben09]:

POS={z€Q|fyecQ Fy) < F(x)} (2.4)

In other words, the Pareto Optimal Set (POS) is the set of all solutions that cannot
be improved upon in terms of the performance measures represented by the objective
functions of F'(z), without making some performance measures worse.

Definition: The Pareto-Optimal Front (POF).

The Pareto Optimal Front (POF) is the representation of the POS in the objective
space, defined as follows [Ben09:

POF = {F(z) | = € POS} (2.5)

The POF is used to visualize the trade-off between different objectives, typically
taking the form of a curve when there are two objectives, a surface when there are
three objectives, and a hyper-surface when there are more than three objectives.
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In Fig. [2.4] the relation between the POS and the POF is depicted. The green-
marked points in the decision space represent solutions that strictly dominate the
remaining solutions. By connecting the function values of these solutions in the
objective space, one can approximate the POF, which represents the best trade-offs
between the given objectives.

Paretoset @  Pareto front
Pareto set approximation ®  Pareto front approximation

X2 decision y2 objective
+ space space
) ~o
° Qo
1 «
® 9 .0
Q -
* X1 > y1
(x1, %, ...,%n) f (y1, ¥2, ..., ¥k)
search « evaluation

Figure 2.4: The relation between decision space and
objective space for MOPs, by Montalvo et al. [Mon+10].

In this regard, it should be noted that solving MOPs a posteriori is a challenging
task, as it usually involves iteratively uncovering the POF by searching the decision
space for those variable combinations that yield an improvement concerning the
objective function values. This can be particularly costly when the decision space is
large or when the objective functions being evaluated are computationally intensive,
as is often the case when large simulation models are used as objective functions, to
give an example. Furthermore, it is important to note that, except for well-defined
test problems, the true POF for MOPs of any difficulty is not explicitly known.
Therefore, in multi-objective optimization, one usually refers to approximating the
POF. Consequently, the main goal of research in multi-objective optimization is
to develop efficient algorithms that allow the POF to be determined with minimal
computational resources [Wei+09).
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2.2.1 Multi-Objective Evolutionary Algorithms

In recent years, Evolutionary Algorithms (EAs) have gained popularity as a popu-
lation based optimization metaheuristics due to their effectiveness in solving various
optimization problems across different fields [CLM13]. One area where EAs have
seen significant growth is in the field of multi-objective optimization, where the use
of EAs was first suggested in the 1960s [ES15a), but it wasn’t until the mid-1980s
that the first actual implementation of a Multi-Objective Evolutionary Algorithm
(MOEA) was developed [DFS97].

MOEASs are particularly well-suited for solving problems that are impossible to solve
using traditional optimization methods, as they do not require the optimization
problem to be differentiable, convex, or even have a closed-form solution [MH21].
Instead, MOEASs rely on a search process that involves generating and evaluating
numerous candidate solutions, known as a population. These algorithms work by
simulating the process of natural selection, in which the fittest individuals of a
population are selected to reproduce and pass on their traits to the next generation.
Thus, MOEAs are effective in solving MOPs since they deliver an approximation of
the POS in a single algorithm run, rendering them as a good choice for a posterior
MOP solving.

This class of metaheuristic algorithms has been shown to be effective at finding
reasonably good solutions to a wide range of optimization problems. Thus, MOEAs
have been used to solve optimization problems in various fields, including engineering
[ACM12], finance [CCOT7], and biology [MBM11]. However, they can be computa-
tionally expensive as they usually require many function evaluations to uncover the
POF. Therefore, it is essential to carefully design MOEAs to balance the trade-off
between solution quality and computational cost.

2.2.2 (General Multi-Objective Evolutionary Algorithm Framework

In both research and real-world application, MOEAs share more or less the same
framework [KCK21]. Thereby, the objective of a MOEA is to iteratively converge to
the true POF of a problem, which typically consists of a diverse set of points from
the problem’s decision space.

At each iteration, the fitness (objective function values) of each individual in the
current population is evaluated, and a set of Pareto-Optimal solutions is determ-
ined and referred to as P.y.rent(t), where ¢ represents the generation number. Most
implementations of multi-objective evolutionary algorithms also use a secondary
population to store all or some of the Pareto-Optimal solutions found throughout
the generations [Pan+11|. This secondary population is called Pgpown(t), to reflect
potential changes in its membership during the execution of the algorithm. Pppun(0)
is defined as () (the empty set), and after a defined termination condition is met,
which usually is a maximum amount of generations to evaluate, Py,own as the final
overall set of POS is returned by the algorithm.
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2.2. Multi-Objective Optimization 2. Theoretical Background

To converge to the POF, variations of the three main operations, selection, crossover,
and mutation, are usually performed in each iteration of MOEAs [Has+19]:

e Selection: Selection refers to the process of choosing which individuals in
the current population will be selected to produce an offspring for the next
generation [Has+19]. Various selection methods are known in the literature
with some examples including tournament selection, where a fixed number of
individuals are chosen at random from the current population, and the best
(based on their fitness) are chosen to produce offspring [MG95]. Whereas,
roulette wheel selection involves assigning a probability to each individual
in the population based on their fitness and selecting individuals to produce
offspring with a probability proportional to their given probability [LL12]. The
choice of selection method can have a significant impact on the efficiency and
effectiveness of the optimization process.

e Crossover: Crossover, also known as recombination, refers to the process of
combining the genetic material (decision space variables) of two individuals to
produce offspring with traits from both parents. For instance, one common
crossover method is single-point crossover, which involves randomly selecting
a single crossover point and swapping the genetic material between the two
parents at that point to create the offspring [Gwi|.

e Mutation: Mutation refers to the process of randomly altering the genetic
material of an individual, bringing diversity into the population, which can be
beneficial for the optimization process as it allows the algorithm to explore new
areas of the decision space and potentially find better solutions. One common
mutation method is bit-flip mutation, which involves randomly selecting a
single bit in the binary representation of the decision variables and flipping it
to create the offspring [ES15b].

The general framework of a MOEA introduced above is illustrated in Fig. The
algorithm begins with the creation of an initial, usually randomly generated, popu-
lation of individuals, each with a unique set of decision space variables. The fitness
of each individual is then evaluated according to the objectives of the optimization
problem. Selection is then performed to choose which individuals in the current
population will produce offspring for the next generation. Crossover combines the
genetic material of two individuals to create offspring with traits from both parents.
Mutation randomly alters the genetic material of an individual to introduce diversity
into the population. The process is repeated with the new generation of individuals
until a satisfactory solution is found or a predetermined stopping criterion is met.

With the general MOEA framework in mind, the following two main issues generally
have to be considered when designing MOEAs [ABS17]:

e How can individuals be selected such that non-dominated solutions are pre-
ferred over those which are dominated?

e How can diversity be maintained to retain as many elements of the POS as
possible in the population?
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Figure 2.5: Flowchart of the working principle of
(Multi-Objective) Evolutionary Algorithms. Own
illustration.

To address the first question, specific selection schemes that prioritize non-dominated
solutions over dominated ones are typically used in MOEAs. For instance, one evid-
ent approach would be selecting non-dominated solutions with a higher probability
after each algorithm iteration, making them more likely to be selected as parents
for reproduction. Another selection scheme would be "crowding”; in which solutions
that are more densely populated in the decision space are given a higher probability
of being selected as parents [Deb-+02].

Regarding the second question, various diversity maintenance techniques can be
used, such as introducing random perturbations to the population [Deb+02] or using
“elitism” to preserve a fixed number of the best solutions in the population [Deb-+02].
These techniques help to ensure that the population remains diverse and prevents
the algorithm from converging too quickly on a suboptimal solution.

Balancing these two objectives however, can pose a demanding challenge, as they
generally conflict with each other. For example, to maintain diversity in the popu-
lation, it may be necessary to include individuals that are not as fit, in terms of the
objectives being optimized. However, this also results in a population that includes
more dominated solutions, hindering the convergence towards the true POF. On
the other hand, focusing more on selecting non-dominated solutions may result in
a population that is less diverse but has a higher overall quality. Finding the right
balance between these two objectives can therefore be a challenging task, as it may
require making trade-offs in order to achieve a satisfactory result. These issues at

hand are illustrated in Fig.
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Figure 2.6: Visualization of the dynamics between
convergence and diversity, by Das and Panigrahi [DP09).
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2.3 Dynamic Multi-Objective Optimization

Real-world problems not only involve the challenge of optimizing multiple objectives
at the same time, but they also often involve dynamic changes. Using the aircraft
example presented in Section [2.2] we can now modify the example to consider the
aircraft’s wear and tear additionally. Thus, the goal is not only to minimize the
aircraft’s weight to reduce fuel consumption while maximize structural strength for
passenger safety, but also to determine the POF that varies with the wear of the
aircraft. Thus, when the additional dimension of time is considered, the problem is
extended to locate the moving POF in the objective space.

Definition: The Dynamic Multi-Objective Optimization Problem (DMOP).

A DMOP is defined as the problem of finding a vector of decision variables x(t)
that satisfies a set of constraints and optimizes a vector of objective functions that
change over time. Without loss of generality, a typical DMOP can be formalized as

follows [ABB17]:

min  F(x,t) = {fi1(x,t), fa(x,t), ..., far(x, 1)}

x(t)

s.t. gl(xvt) S 0792(x7t) S 07 "'7gp($at) S 0 (26)
hi(z,t) =0, ho(x,t) =0,..., hy(x,t) =0

Where ¢ represents the time or the dynamic nature of the problem, M is the number
of objectives to be minimized, and the functions g and h represent the set of inequal-
ity and equality constraints, respectively. It is to be noted that even though dynamic
multi-objective optimization also encompasses dynamically changing inequality and
equality constraints, the focus of this thesis will be on unconstrained problems only.

Definition: The Dynamic Pareto Optimal Solution.

For a given decision vector x*(i,t), it is said to be a Pareto-Optimal solution if there
is no other feasible decision vector x(j,t) such that [ABB17]:

f(jvt)—<f(i7t)*\f(j7t)EFM (27)

Where < represents the Pareto Dominance relation.
Definition: The Dynamic Pareto-Optimal Set (DPOS).

Therefore, the set of all Pareto-Optimal solutions in the decision space at time ¢t
is referred to as the Dynamic Pareto-Optimal set, denoted as POS(t)* such that
[ABB17]:

POS(t) = {a} | 3£, t) < f(a,0)", fla,) € Fur} (2.8)
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Definition: The Dynamic Pareto-Optimal Front (DPOF).

The Dynamic Pareto-Optimal Front at time ¢, denoted as POF(t)*, is the set of
POS with regard to the objective space at time ¢ such that [ABB17]:

POF(t) = {f(i.t)" | Bf(j.t) < f(i,1)", f(5,1) € Far} (2.9)

Definition: Change Severity.

To define the dynamic nature of a problem, it is also necessary to determine what
change severity is. Change severity measures how significant the environmental
changes are in terms of their magnitude. It compares the landscape before and after
a change to determine the relative strength of the landscape change [Ric13].

Definition: Change Frequency.

Furthermore, the change frequency is also an essential factor to consider when defin-
ing the dynamic nature of a problem. The change frequency refers to how frequently
the environment changes. It is commonly measured as the number of generations
or the number of fitness function evaluations between two consecutive landscape
changes [Ric13].

Classifications of DMOPs.

There are several ways to classify DMOPs based on various characteristics of the
changes that occur in the problem. These classifications are often based on the
frequency of changes, the severity of changes, the predictability of changes, and the
relationship between the POF and the POS [ABB17].

e Frequency-Based classification: In Frequency-Based classification, DMOPs
are classified based on the frequency with which changes occur in the problem
[ABB17]. When the frequency of changes is high, it becomes more difficult
to adapt to them as there is limited time to adapt. Conversely, suppose the
frequency of change is low. In that case, algorithms have more time to adapt
and converge to the POF of a given environment, resulting in a potentially
easier problem to solve.

e Severity-Based classification: Severity-Based classification is a way to cat-
egorize DMOPs based on the magnitude of changes occurring in the problem
[ABB17]. When the severity of changes is low, it is generally easier for al-
gorithms to adapt and converge to the POF. This is because the information
from the previous environment can be used to improve the convergence speed
of the algorithm. On the other hand, if there are many severe changes, each
problem instance may be unrelated to the next. In this case, it may not be
possible to use information from the previous environment, sometimes even
requiring a complete restart of the algorithm [ABB17].
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e Predictability-Based classification: Predictability-Based classification repres-
ents another method of categorizing DMOPs based on the regularity of changes
that occur in the problem [ABB17]. When changes are predictable, they follow
a consistent pattern or trend. These changes can be further divided into two
categories: cyclic changes, which are periodic and repeat over time, and acyclic
changes, which are not periodic and do not repeat [ABB17]. Predictability can
be an important factor to consider when trying to solve a DMOP, as it can
impact the ability of the algorithm to adapt to the changing environment. For
example, if changes are predictable, the algorithm may be able to anticipate
and prepare for said changes, leading to faster convergence towards the POF.
On the other hand, if changes are random and not predictable, the algorithm

may struggle to adapt, leading to slower convergence or failure to find the
POF.

e POF-POS Relation-Based classification: Farina, Deb and Amato [FDA0O4a]
proposed a classification system for DMOPs based on the relationship between
the POF and the POF in the presence of changes. They identified four different
types of DMOPs based on this relationship:

— Type I: The POS changes while the POF is unaffected.
— Type II: Both the POF and the POS are affected by the changes.
— Type III: The changes affect the POF, but the POS is unaffected.

— Type IV: The changes affect neither the POF nor the POS.

Farina, Deb and Amato [FDA0O4a] also noted that, even in Type IV DMOPs, where
the POS and the POF are fixed and do not change over time, other regions of
the fitness landscape may still be changing. This can occur for example, when the
feasible space changes over time, as seen in Fig.
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Figure 2.7: Visualization of different types of DMOPs, by
Jiang, Zou and Yao [JZY22].
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2.3.1 Dynamic Multi-Objective Evolutionary Algorithms

DMOPs have garnered significant attention in recent years due to their widespread
practical applications. As EAs were first applied to static problems and later to
dynamic but single-objective optimization problems, only more recent efforts have
been made to extend these approaches to the dynamic multi-objective case [JZY?22].
SMOEAs have been traditionally used for solving DMOPs [JZY22], but they often
lack in performance due to their inability to account for the dynamic nature of said
problems. To address this issue, researchers have proposed DMOEAs by extending
existing SMOEAs with additional techniques for processing dynamic environments.
While other optimization techniques, such as Particle Swarm Optimizers (PSO)
[Zhe+22], have also been adapted for dynamic environments, EAs remain the most
widely used method in this field [JZY22].

It is to be noted that MOEA and SMOEA refer to the same types of algorithms.
For clarity, SMOEA will be used to refer to MOEAs for the remainder of this thesis.

2.3.2 General Dynamic Multi-Objective Evolutionary Algorithm
Framework

The general framework of a DMOEA is shown in Alg. 1| [Che+22]. The framework
consists of three main components: the actual optimization process, which usu-
ally employs a SMOEA, the detection of environmental changes, and the response
strategy to said environmental changes. In line 1 an initial, usually random, pop-
ulation is generated of size N. With line 2, the optimization process is executed
using any SMOEA. While the stopping criterion is not met, the algorithm checks
for environmental changes as seen in lines 3-4. If the environment has changed, the
algorithm executes a response strategy in line 5. With this response strategy the
goal is to relocate the population, so that quick convergence to the POF of the new
environment is achieved. If the environment has not changed, this response strategy
is skipped with line 6, and a SMOEA is employed again with line 7.

Algorithm 1 General Dynamic Multi-Objective Evolutionary Algorithm (DMOEA)

Input: Population size N
Output: Population P

initpop(NV);
optimize the MOP by using a SMOEA;
while stopping criterion not met do
if environment changes then
response();
else
optimize the MOP by using a SMOEA;
end if
end while
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The response to environmental changes is executed only if the environment has
changed and can generally be executed in two ways: (1) by restarting the optim-
ization process from scratch or (2) by using knowledge about the previous search
to accelerate optimization after a change [ABB17]. However, the second approach
requires algorithms to maintain adaptability in order to respond to changes in the
environment properly. This is because convergence during the optimization process
may lead to a lack of diversity, which can impact the algorithm’s ability to adapt to
changing environments [ABB17]. Balancing the conflicting goals of convergence and
diversity is crucial in order to effectively track the POF in dynamic environments.

The response strategies used to adapt to changing environments can broadly be
classified into three main categories [ABB17]: Diversity-Based strategies aim to
maintain a diverse population to enable adaptation; Memory-Based strategies util-
ize information from previous searches to guide optimization in new environments;
Prediction-Based strategies use prediction models to predict patterns of environ-
mental change and guide the optimization process accordingly. Each approach has
its strengths and limitations, and the most suitable strategy depends on the char-
acteristics of the dynamic optimization problem at hand [ABB17].

However, as Prediction-Based DMOEAs learn a trend prediction model which is
used to guide the evolutionary search in subsequent environments, they exhibit
advantages in convergence and diversity, especially when environmental changes
exhibit predictable patterns [Ye+22] [JZY22].

2.3.3 Knowledge Guided Bayesian Classification Algorithm

The Knowledge Guided Bayesian Classification DMOEA (KGB-DMOEA) is a novel
Prediction-Based DMOEA proposed by Ye et al. [Ye+22]. KGB-DMOEA has
demonstrated exceptional performance in various commonly used DMOO bench-
mark problems. By using transfer learning [WKW16|, which constitutes human
learning inspired methods to transfer knowledge from one problem domain to an-
other, Ye et al. [Ye+22] combine EAs with knowledge transfer and prediction-
methods in order to effectively solve DMOPs. Unlike most previously existing
Prediction-Based DMOEAs, KGB-DMOEA does not only reuse knowledge from
adjacent environments to learn its prediction model, but rather it retains know-
ledge over all earlier search experiences [Ye+22]. This positive knowledge transfer
of all historical solutions significantly improves the performance of KGB-DMOEA
compared to previously used methods.

It does so by accumulating knowledge from each optimization episode and on the
detection of change in the environment, previously accumulated knowledge is re-
constructed, examined and then used to guide the search for the POS of the new
environment. The search experience of each historical environment is thereby treated
as a piece of knowledge, and all historical optimal solutions are reconstructed and
examined using a Knowledge Reconstruction-Examination (KRE) strategy to de-
termine their usefulness. The useful solutions are then used as positive samples
to train a probabilistic classifier, specifically a Naive Bayesian Classifier (NBC),
which can filter out high-quality solutions from numerous randomly generated ones,
thereby guiding the search for optimal solutions in the new environment. This pro-

cess is illustrated in Fig.
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Figure 2.8: Process schematic of the Knowledge Guided
Bayesian Classification Algorithm, by Ye et al. [Ye+22].

Algorithm 2 Knowledge Guided Bayesian DMOEA (KGB-DMOEA)
Input: The target DMOP Fy(x).
Output: The set of POS in different environments: PS.

1: Initialize PS = @,t = 0;

2: Randomly initialize population: initPop(N);

3: while stopping condition is not met do

4: POS; = SMOFEA(F¢(x), initPop);

5: PS = PSUPOS;;

6: if environment changes then

7 t=t+1;

8: (POPusefula POPuseless) = KRE(PS),

9: CnBc = NBCO(POP yseful, POP yseless);

10: Xtest ¢ Generate numerous random solutions;

11: Yiest < Predict the class of Xiest with CNBC;

12: initPop < The solutions € Xyest that are marked as “4+1”7 in Yyiest;
13: end if

14: end while

The Overall KGB-DMOEA Framework

To further illustrate the process of KGB-DMOEA, the pseudocode is given in Alg.
[Ye+22]. The algorithm begins in line 1 by initializing an empty set PS, which is
used to store the approx. POS of each environment at time ¢, initialized as 0. In line
2, an initial population initPop with size N is randomly generated and is used as the
starting point for a SMOEA to search for POS; of the current environment in line
4. In line 5, the POS; is then added to PS and if an environmental change occurs, ¢
is incremented by one as seen in lines 6 and 7. PS is then fed into the KRE strategy,
which divides the solutions into useful (POP ygeru1) and useless (POP yseless) sets
with line 8. These sets are subsequently used to train a Naive Bayesian Classifier
(CnBc), which is then used to predict the labels (Yiest) of randomly generated test
samples (X¢est). The solutions in Xyest that are labeled as useful in Yiest are then
selected to construct a high-quality initial population for the new environment.
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Algorithm 3 Knowledge Reconstruction-Examination (KRE)

Input: The historical POS set PS

Output: The solution sets with useful knowledge POP ygeru1 and with useless know-
ledge POP yseless-

Initialize the number of clusters N, size = |PS];
Set p; € PS as a cluster C; and centroid ¢;;
while size > N, do;
Find two clusters with the smallest Euclidean distance among all clusters
with Eq. (2.10), noted by C; and Cj;
Ci = CZ U Cj;
Remove Cj;
Update the centroid ¢; with Eq. (2.11);
size — —;
end while
10: C:CIUCQU"'UCNC;
11: (F1,Fa,...,Fn) = Nondominated_Sorting(c);
12: The clusters C; with corresponding centroids € F; are merged into POP ygetur;
13: The clusters C; with corresponding centroids ¢ F; are merged into POP ysejess;

Knowledge Reconstruction-Examination (KRE)

Using KRE, when change in the optimization problem is detected, it is determined
which historically optimal solutions might be useful for the current optimization
episode. This process is explained in more depth with Alg. 3|[Ye+22]|. The algorithm
begins in line 1 with initializing the number of clusters N, and size as the length
of the historical POS archive PS. In line 2, each solution in PS is considered as a
cluster C; with its corresponding centroid c¢; being initialized as itself. Starting from
line 4, the algorithm iteratively merges the two clusters with the smallest Fuclidean
distance, until the number of clusters is equal to N, as seen in lines 5-9.

The Euclidean distance between clusters Cy and C,, is calculated using the following
equation [Ye+22]:

(2.10)

Where ¢y and c, are the centroids of clusters Cy and C,, respectively, and d are
the dimensions of the decision variable. The two most similar clusters, C; and C;,
are then combined into C;, and C;j is removed. The value of the new centroid c; is
subsequently updated as follows [Ye+22]:

|Cil

1
=1

Where |C;| refers to the number of solutions in C; and z; is the [th solution in cluster
C;. Then the size is decreased by one in line 8. Subsequently, the centroids of the
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condensed clusters are evaluated in the new problem environment to perform non-
dominated sorting [Bao+17], which is used to divide the clusters into multiple sets:
(F1,Fs, ..., Fy) with line 11. Clusters in F; strictly dominate all other clusters.
This means that solutions contained in the clusters C; with centroids € F; are more
likely to yield better objective function values in the current environment and are
thus merged into POP ygefu1, with all other clusters in (Fa, ..., Fy) being merged
into POP geless @8 seen in lines 12 and 13.

Naive Bayesian Classifier (NBC)

The NBC is a probabilistic classifier, based on the application of Bayes’ theorem
with the assumption of naive feature independence [Leu07]. It has been shown to
be effective in several practical applications, such as data classification [SY19] and
medical diagnosis [BK12|, and performs well on small-scale data [Ye+22]. Another
advantage of NBC as a prediction model is short training times, which renders them
good prediction models for usage within DMOEAs [Ye+22].

The theory behind naive Bayesian classification can be summarized as follows [Ye+-22):

Given a set of classes S = {y1, 92, ..., yr} and a sample = {a;, as, ..., aq}, which is a
d-dimensional vector representing the values of d attributes a, as, ..., agq, the goal of
the NBC is to predict the class y; to which z belongs with the highest a posteriori
probability, i.e. x is predicted to be class y; if and only if there exists ¢ such that
[Ye+22]:

P(yilr) = max{P(y|x), P(yz|2), .., P(yslx)} (2.12)

This can be done using Bayes’ theorem [Ye+22]:

Plaly:) P(y:)
P(y;|z) = 2.13
(wla) = =7p (213
As the denominator P(x) in equation is the same for all classes, to compare the
value of P(y;|x), it can be assumed that the values of the different feature attributes
are conditionally independent [Leu07], meaning the occurence of a sample x, does

not influence the occurrence of a sample z;, hence the name naive, i.e.,

P(aly) =~ | | Plarly:) (2.14)

k=1

The probabilities { P(x1|y;), P(z2|y;), ..., P(x4|y;)} can be estimated from a training
set. Using these probabilities, the trained NBC can then classify an unlabeled sample
x.

The process of training and utilizing the NBC is outlined in Alg. 4l The algorithm
starts by labeling all solutions in POP ygefu as +1 and all solutions in POP ygeless as
—1. These labeled solutions are then combined into Xirain and Yipain, and the NBC
is trained using these data. The trained classifier can then be used to predict the
class of randomly generated solutions in new environments to identify high-quality
solutions that can guide the search for optimal solutions in the new environment
[Ye+22].
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Algorithm 4 Naive Bayesian Classifier (NBC)

Input: The solution sets with useful knowledge POP ygefu1 and with useless know-
ledge POP yseless-

Output: A trained Naive Bayesian classifier Cngc.

Label,cer < label all solutions x € POP yeeru1 as "+1”7

Labelgeless < label all solutions £ € POP ygeless as 7-17;

Xtrain = POPuseful U POPuseless;

Yirain = Labelygeru U Labeluseless;

Cnsc ¢ train NBC by using training data (X¢rain — Ytrain);

2.4 Reinforcement Learning

Reinforcement Learning (RL) refers to a subclass of machine learning algorithms
involving a so-called agent interacting with an environment to achieve a desired
goal [SB98]. The concept of RL is based on the idea that an agent can improve its
behavior over time in a given environment through feedback received in the form of
rewards or punishments. As such, RL is a form of learning where the agent is not
given explicit instructions on achieving its goal but instead has to learn from its own
experience, which closely resembles human learning.

For instance, in robotics RL can be beneficial, as it allows robots to learn behavi-
ors that are difficult to explicitly formulate in software [KBP13]. In the context of
DMOO, RL has been recognized as a promising approach for solving dynamic prob-
lems that involve multiple conflicting objectives [Zou+21]. As traditional MOEAs
have proven ineffective for tackling these kinds of issues, RL has recently been used
by a few researchers to guide MOEAs in tracking the POF in dynamic scenarios
|Zou+21] [Hua+20].

This section provides a brief overview of the basic concepts of RL without delving
into more advanced techniques. This decision allows us to focus on the core principles
of RL and establish a foundation for the methods used in this work.

2.4.1 Elements of Reinforcement Learning

A Reinforcement Learning system consists of two primary components: an agent
and an environment, which interact through an interface with each other. The
agent is the system that acts within the environment in order to achieve a specific
task. The agent performs actions based on the current state it is in. The set of all
possible actions the agent can take at any given time can be defined as the action
space A = {ay,as,...,a,}, where a, represents all possible actions [SB98]. The set
of all possible states the agent can find itself in can be defined as the state space
S = {s1,82,...,8m}, where s, represents all possible states [SB98|. Both the action
space A and the state space S can be either discrete or continuous, however for the
purpose of this thesis, only discrete action and state spaces will be considered.

At each discrete time step t, the agent receives a reward r from the environment
based on the action it took in the previous time step. The reward r is a scalar
value that serves as a feedback signal to the agent. Thereby, the agent’s goal is to
maximize the cumulative reward received throughout a given task [SB9S].
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Two key concepts are essential for determining the action an agent takes at a given
time step, the policy and the value function. The policy describes the strategy
employed by an agent to decide what action to take for a given state. This policy
can be either deterministic or stochastic [SB98], meaning that it can either provide
an explicit action or a probability distribution over the action space A, respectively.

The second key concept is the so-called value function, which assesses the value of a
given state s. This can be either done with a State-Value-Function v, (s) or a State-
Action-Value-Function ¢, (s, a) [SB98|. The State-Value Function v,(s) specifies how
high the expected reward for the agent is based on the state s. Wherein the State-
Action-Value function ¢, (s, a) determines how good it is for an agent to choose an
action a in a state s and then follow its policy [SB98]. The concept of policy and
value function is illustrated in Figure 2.9

State, Reward Quality

=

Policy

Environment

0

Action

Figure 2.9: A diagram showing the RL process. Own
illustration.

Some RL algorithms allow an agent to learn about its environment by building a
model of it [SBI8|. This allows the agent to make predictions about future states or
the rewards it can expect to receive for specific actions. These methods are known
as model-based approaches [Moe+23]. In contrast, model-free algorithms do not
attempt to learn the dynamics of the environment but instead focus on directly or
indirectly learning a policy that maximizes rewards through trial and error [SB98§].
In this thesis, only model-free approaches will be considered, as they pose a reduced
scope of environment complexity.

One of the challenges in RL is balancing the conflicting goals of ezploration and
exploitation . Exploitation refers to the agent’s tendency to choose actions
that it knows will lead to high rewards. In contrast, exploration refers to the agent’s
need to try out new actions and discover potentially even more rewarding actions.
If the agent only focuses on exploitation, it may miss out on better opportunities
for reward that could be discovered through exploration. On the other hand, if the
agent spends too much time exploring, it may not make the most of the knowledge it
has already gained. Finding the right balance between exploration and exploitation
is crucial for the agent to achieve the highest possible long-term reward .
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2.4.2 Markov Decision Processes

A Markov Decision Process (MDP) is the mathematical framework used to formalize
a RL problem [SB98]. Thereby, a MDP is defined as the stochastic process that
satisfies the Markov Property [SB98|, which states that the future state of the process
depends only on the current state and not on the sequence of events that preceded
it [SB9§|. In other words, the future state of the process is independent of the past
states, given the present state. This can be formalized with the tuple (S, A, P, R, )
consisting of a state set S, an action set A, the transition probability function P,
the reward function R, and the weighting factor v [SB9S].

:| Agent ll

state reward action

Rr+1 (
S.. | Environment ]4—

\,

Figure 2.10: The interactions between Agent and
Environment, by Sutton and Barto [SB9S].

Figure illustrates this with the Agent-Environment interaction in RL systems.
At each time step t, the agent chooses an action A; € A(s) based on its current state
S; € S. As a result, the agent receives a reward R;,1 € R and a new state S, € S
from the environment. This generates a so-called trajectory with the following form

[SBIS]:

S07A07R1)817A17R27827A2,R3,u~ (215)

For a RL problem to be considered a MDP, and therefore formally correct, it must
satisfy the Markov Property, which postulates that a given state S; must be only
dependent on the previous state S;_; and the action A, ; [SB98]. In other words,
a state has the Markov Property if it contains all future-influencing information of
the past.

For this thesis, the Markov Property is assumed to hold for the given problem of
using a RL agent as a prediction method selector for a DMOEA, as this significantly
reduced the complexity of the environment description. However, for a more general
approach to RL in DMOEA, the Markov Property would have to be proven.
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The probability of transitioning from one state s to another state s’ by performing
an action a is described by the transition probability function p [SB9S]:

p(s'|s,a) = Pr{S; = §'|S;_1 = s, A1 = a} = p(s',r|s,a) (2.16)

The resulting reward r is then given by [SB9S]:

r(s,a) = E[Si—1 = s, A;—1 = q] (2.17)

With F being the expected return of the agent. The goal of an agent is to increase
the expected return of the reward received until reaching a terminal state. This can
be also described as to maximize the expected return GG¢, which can in the simplest
case be defined as the sum of the rewards [SB98|:

Gt - Rt+1 + Rt+2 + Rt+3 “+ ...+ RT (2].8)

Where T denotes the last time step and therefore the end of a so-called episode.

In episodic tasks, the interaction with the environment is divided into independent
sections on its own. Tasks without terminal states are referred to as continuous tasks.
In order to avoid the calculated return from Equation approaching infinity due
to an unrestricted time horizon, generally future rewards are weighted as follows

[SBIS]:

Gt = Rt+1 + ’YRH_Q + '}/2Rt+3 + .= Z ’}/kRH_k_H (219)
k=0

Where 0 < v < 1 denotes the weighting factor, which indicates how strongly future
rewards are included. With a weighting factor of v = 0, only the current reward is
considered. With v = 1, no weighting is applied, so all future rewards are included
equally. Setting a weighting factor between 0 and 1, results in the relative importance
of future rewards decreasing.

Ultimately, the goal of an agent is to maximize the expected return Gy by choosing
the best action a; for a given state s; [SB98|. There are numerous approaches in
the RL literature with differing methods to maximize the expected return G, all
generally varying in the use of policies and value functions used to reach maximum
Gy [SB9§|. For this thesis, Q-Learning as one of the most used approaches in RL is
used [CL20], as it a simple model-free approach and yet effective for RL [Zou+21].
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2.4.3 Q-Learning Algorithm

As described in subsection 2.4.1]and mathematically formalized in subsection[2.4.2]in
RL, an agent aims to learn feedback by interacting with a dynamic environment. In
other words, RL focuses on how the agent determines the action in the environment
to achieve maximum cumulative reward [SB9S].

Q-Learning is a model-free, Reinforcement Learning algorithm, that is generally
considered as one of the breakthroughs algorithms in RL [CL20]. With off-policy
algorithms such as Q-Learning, the agent learns based on experience tuples that were
collected with a given policy [CL20]. This is then used to estimate the accumulative
rewards of performing an action a for a given state s [CL20].

The Q-Learning algorithm is based on the following mathematical formalization
|[CL20]:

Given, S = {s1, $2, ..., S, } denoting a set of states, and A = {aq, as, ..., a, } denoting
a set of actions, and r; as the immediate reward for executing action a;, one can
iteratively update the Quality-value () for a given combination of state s; and action
at, at time ¢ with following formula [CL20]:

current quality estimate of next quality  current quality

reward

——N—
~ =
Qs ar) < Qlsy,ar) + o, [T+ Y max Q(si+1,a) — Q(se,ar) |
——_—— ~~ ~—~ a
new quality learning rate discount factor

(2.20)

Where « is the learning rate and v is the discount factor. The learning rate «
is a parameter that controls the extent to which the newly acquired information
overrides older information. The discount factor ~ is a parameter that controls the
importance of future rewards.

For further clarification, the Q-Learning algorithm is depicted in Alg. |5/[CL20]. The
algorithm begins by initializing the Q-Values for each State-Action pair in a so-called
Q-Table and any necessary parameters with line 1. It then enters a loop for each
episode, where an episode is a single run of the agent through a given environment,
with line 2. The algorithm then initializes the current state s;, at the start of each
episode in line 3. With line 4, it then enters a loop for each step t of a current
episode. At each step, the algorithm chooses an action, a;, from the current state,
s¢, using a policy as seen in line 5. Continuing with line 6, the agent then takes
this action and observes the reward, .1, and the next state, s;;. The Q-Value for
the previous State-Action pair is then adjusted using the observed reward and the
maximum Q-Value of the possible actions in the next state. This is done using the

equation shown in[2.20;

A defining step of the Q-Learning algorithm is to choose the action a; depending
on s; using a policy as shown in line 5. As introduced in a policy can be
broadly defined as a rule set which action to take. As described with the Q-Learning
algorithm, the agent iteratively updates (learns) the quality pairs Q(S, A), meaning
the expected reward of executing an action a € A at a given state s € S. Now a
fundamental problem is how to choose the action a; at each step t of the episode.
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Algorithm 5 Q-Learning Algorithm

1: Initialize Q (s, a;) arbitrarily and parameters;
2: for each episode do
3: Initialize sy;

4: for each step of episode do

5: Choose a; from s, using policy;

6: Take action a; and observe 7,1 and s;1;
7 Adjust Q value with

8: St £ St+1

9: end for

10: end for

This is where the policy comes into play. One widely used Q-Learning policy is the
e-greedy action selection policy [CL20], which is a policy that chooses the action with
the highest Q-Value with probability € and a random action with probability 1 — €
[CL20]. Meaning with an € = 1 a RL agent will always choose the action it deems
best at a given time ¢ and with an € = 0 it will always choose a random action from
Q(S, A). In other words, € balances the ezploitation of the current knowledge of an
agent versus exploring new actions, that could potentially provide higher quality.
The e-greedy policy is depicted in Alg. [10] [CL20].

Algorithm 6 e-greedy Action Selection
Input: The current Q-Table Q(S, A), the current state s;
Output: An action a;

n < random.uniform(0,1);
if n < € then;

a; < random action a € A;
else

a; < maz Q(sy,.);
end if
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3. Related Works

In recent decades, a variety of DMOEAs have been proposed as efficient tools for
DMOPs. This chapter gives an overview of the most relevant DMOEA approaches.
First, Diversity-Based approaches are presented in section[3.1l Subsequently, section
3.2 presents DMOEA approaches using Memory-Based response strategies. After
that, an overview of Prediction-Based strategies is given in section (3.3l A summary

of relatively new Dynamics-Based approaches, where RL falls under, is presented in
section 3.4, Finally, in section[3.5] the research gap filled with this thesis is outlined.

3.1 Diversity-Based Strategies

In the DMOEA literature, two approaches for introducing diversity, namely diversity
increase strategies as well as diversity maintenance strategies have been widely
used [JZY22]. Diversity increase strategies involve immediately adding randomly
generated solutions to a given population as soon as change is detected [JZY22].
Whereas diversity maintenance strategies refer to the hypermutation of some existing
solutions on the detection of change [JZY22].

The difference between both strategies can be exemplified with the DNSGA-II
algorithm by Deb et al. [DRKO7], where the authors integrated these two ap-
proaches into their own previously proposed Non-Dominated Sorting Genetic Al-
gorithm (NSGA-IT) [Deb+402]. NSGA-II is a SMOEA which is similar to the general
MOEA framework presented in section and is often used as a SMOEA for com-
parison purposes of DMOEA implementations [Zou+21]. With DNSGA-II-A and
DNSGA-II-B, Deb et al. proposed two varying DMOEAs, with the main difference
between the two being that on the detection of environmental change, DNSGA-II-A
replaces approx. 20% of a given population with randomly generated solutions, un-
related to the existing population [JZY22]. Wherein contrast, DNSGA-II-B replaces
approx. 20% of the population with mutated solutions of randomly chosen existing
solutions. With this, the algorithm generates adds solutions to the population that
are related to the existing one.

DNSGA-II-A has shown to be well-suited for handling severe environmental changes
that result in a significant loss of diversity, as the algorithm significantly diversifies
the population through the introduction of new solutions [JZY22]. In contrast,
DNSGA-II-B is more appropriate for dealing with subtle environmental changes, as
it introduces small variations to the population through the use of mutated solutions
[JZY22]. As a result both diversity introduction mechanisms have been integrated
into numerous classical EAs for handling DMOPs according to Jiang, Zou and Yao
[JZY22] [ABB17] [RY13].
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With this in mind, in the following subsection first, DMOEA research employ-
ing diversity increase is presented, followed by diversity maintenance strategies in

subsection [3.1.2]

3.1.1 Diversity Increase Strategies

Goh and Tan [GT09] proposed a more rigorous method for introducing diversity
into the population. Rather than simply replacing existing solutions with randomly
generated ones, their approach involves having the randomly generated solutions
compete against representatives of the existing solutions [GT09]. Only the winners
of these competitions are then used to populate the new environment.

Zhou et al. [Zho+07a] evaluated two new approaches for introducing diversity into
dynamic multi-objective optimization problems: random reinitialization and Gaus-
sian mutation. These approaches involve completely replacing the entire population
with new solutions, rather than just making changes to a small portion of it. Addi-
tionally, no past solutions are retained for new environments. Studies have shown
that simply randomly reinitializing the entire population is not effective in dynamic
environments, as it lacks previous knowledge [Zho+07a]. However, using a Gaus-
sian mutation technique on the entire population has been found to be effective,
especially in situations where the environment is not rapidly changing.

An exploration strategy for increasing diversity was introduced by Peng et al. in
2015, which is based on the population centroids of the previous and current environ-
ments [Pen+15a]. The approach consists of determining the direction in which each
variable is moving towards the optima, and then using this information to sample
new variable values along those directions.

Zheng et al. [Zhe+22] proposed an approach for introducing diversity through the use
of both hypermutation and random reinitialization. This approach involves creating
a new population for the new environment using both hyper-mutated solutions of
past elite solutions from an archive and randomly generated solutions. The probabil-
ity of using past elite solutions in the new environment, when using hypermutation,
is correlated with the number of elite solutions in the archive. Specifically, when
there are more elite solutions from the previous environment, the likelihood of them
being used in the new environment increases.

Wang and Li [WL10] proposed a diversity introduction approach similar to that of
Zheng et al. [Zhe+22|. Their approach also involves a combination of hypermutation
and random reinitialization, but differs mainly in the hypermutation schemes used.
Furthermore, the authors include incorporating a specified proportion of Gaussian-
modified solutions from previous solutions into the population. When combined
with other techniques, this strategy has shown to be effective on a range of DMOPs,
as reported in [WL10].

Ma et al. [Ma+21] recently proposed a method for introducing new, randomly gen-
erated solutions to the population that are distributed across different regions of the
objective space, in order to ensure diversity in the population.

In summary, a variety of approaches have been proposed for introducing diversity
into the population in DMOPs. These approaches range from simple techniques,
such as random reinitialization [Zho+07a] or Gaussian mutation [WL10] to more
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complex methods involving competition between existing and randomly generated
solutions [GT09], or sampling new solutions based on the population centroids of
previous and current environments [Pen+15a].

3.1.2 Diversity Maintenance Strategies

According to Jiang, Zou and Yao [JZY22|, the ALife-inspired algorithm [AF05] was
the first DMOEA to utilize Pareto dominance coupled with diversity maintenance
strategies for dynamic multi-objective optimization. The algorithm uses artificial
operators to emulate interactions between individuals in a population with variable
size. These interactions include meeting, fighting, and reproduction and help to pre-
serve diversity within the population resulting in the capability to adapt to changes
of dynamic environments.

Zeng et al. [Zen+17] introduced an orthogonal design-based evolutionary algorithm
that is able to maintain high diversity over time for dynamic environments. The
reproduction procedure for this algorithm involves randomly selecting one of two
types of crossover operations: orthogonal crossover [Zen+17] based on orthogonal
design or linear crossover [Zen+17|. By introducing a diverse set of solutions into
the offspring population, the algorithm is able to explore a wider range of the search
space. This method of maintaining diversity has been shown to be successful in solv-
ing bi-objective dynamic multi-objective optimization problems, as demonstrated in
research conducted by Zeng et al. [Zen+17].

Chen et al. [Che+20] proposed the use of an additional objective focused on main-
taining population diversity during the search for dynamic multi-objective optim-
ization problems. The authors propose to measure population diversity using an
entropy metric, as described in [Che+20]. The goal is to optimize both the main
objective functions and the diversity objective, thus maintaining a diverse popula-
tion throughout the optimization process. Studies have shown that this approach is
effective for certain types of benchmark problems, as reported in [Che+20].

Wang and Dang [WDO08| proposed the use of a uniform design-based crossover for
population reproduction in order to maintain high population diversity over time.
The key idea behind this approach is that uniform design can prevent close parents
from being crossed over, enabling wider exploration in the search space and helping
the algorithm to adapt to environmental changes. Additionally, they also trans-
formed dynamic multi-objective optimization problems into smaller ones through
objective redefinition in order to improve search efficiency [WDOS].

Chen, Li and Yao [CLY18] proposed a two-archive structure with one archive focused
on maintaining diversity and the other focused on population convergence. The
algorithm utilizes two archives that evolve together over time, enabling it to manage
a varying number of objectives. While the results reported by the authors are

encouraging, the computational inefficiency of this structure was acknowledged in
[CLY18].

Overall, the research on diversity maintenance strategies has shown that diversity
maintenance provides a valid alternative to diversity increase strategies.
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3.2 Memory-Based Strategies

Another approach for handling environmental changes in dynamic multi-objective
optimization is to store solutions from past environments in a memory pool [JZY?22].
These solutions may be useful for the current environment, mainly if it is similar
to a past one [JZY22]. This approach involves selectively saving solutions from the
evolving population and then retrieving and merging them back into the popula-
tion as needed. It is important to note that both Memory-Based strategies and
Prediction-Based approaches rely on past solutions to guide the search in new en-
vironments. However, Memory-Based strategies differ in that they do not use a pre-
dictive model. This section will briefly cover Memory-Based approaches to provide
a comprehensive overview of current research.

Koo, Goh and Tan [KGT10] proposed storing non-dominated sets found in previous
environments in a memory pool. Upon the occurrence of a change, a specified num-
ber () of past solutions are uniformly sampled from the memory pool by iteratively
removing the most crowded solution in the decision space from a copy of the memory
pool until v solutions remain. These v past solutions, along with other solutions
generated using normal mutation, make up a large portion of the population for new
environments.

Goh and Tan [GT09] proposed a DMOEA that utilizes a memory pool to store
solutions from previous environments. In this approach, similar to Koo, Goh and
Tan [KGT10] proposed algorithm [JZY?22], v random solutions are selected from the
previous population, with a preference for extreme solutions along the objectives.
These solutions are then added to a memory pool of fixed size just before an envir-
onmental change. When the memory pool is full, the oldest solutions are removed
to make room for new ones.

An approach was proposed in Peng et al. [Pen+15b] where non-dominated solutions
for each previous environment are stored in a memory pool with a fixed size. When
the memory pool reaches its capacity, the first-in-first-out rule is applied. In new
environments, the solutions in the memory pool are utilized to replace the lowest-
performing individuals of the current population.

In their work, Zhou, Jin and Zhang [ZJZ13] proposed a dynamic environmental evol-
utionary model that incorporates information about past environments and search
experience in order to guide the search in new environments. This approach allows
the population to build a record of its experiences and use this knowledge to adapt
to changes in the environment.
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3.3 Prediction-Based Strategies

Predictive models can be used to anticipate the location of new optimal solutions
in dynamic environments that exhibit a regular pattern of predictability [JZY?22].
By using historical information to predict the changing POS or POF in new envir-
onments, Prediction-Based DMOEASs can rapidly adjust the composition of a given
population, leading to faster convergence.

Depending on the complexity of environmental changes the predictive models used
can generally be divided into linear and non-linear models [JZY22]. In the following,
the most common predictive models in DMOEA are reviewed first for linear models

in and thereafter for non-linear models in [3.3.2]

3.3.1 Linear Predictive Models

Zhou, Jin and Zhang [ZJ713] introduced the population prediction strategy (PPS),
which uses previous midpoints of POS and previous manifolds to predict the next
midpoint and next manifold [ZJZ13]. The general assumption of this approach being,
that some similarities exist between manifolds of previous environments. Then, the
population for the new environment can be generated by combining the predicted
POS center and manifold. The algorithm is widely adopted in numerous DMOEAs
[PZ714].

Koo, Goh and Tan [KGT10] proposed a predictive model that generates solutions as
part of a population. The model includes the concept of a predictive gradient, which
is a weighted sum of the previous gradient and changes in the population centroid
calculated from a memory pool.

Wu, Jin and Liu [WJL15] proposed a special directed search strategy (DSS) [WJL15].
In this method, the predicted direction of which the Pareto front is used to reinitialize
a new population for solving DMOPs.

Multiple linear predictive models have also been proposed in order to improve pre-
diction accuracy. rongMultidirectionalPredictionApproach2019 developed a model
selection approach in which the type of change in the Pareto-Optimal set is detected
and the most suitable predictive model is used based on the detected type. This
approach involves using multiple predictive models for population prediction.

Liang et al. [Lia+19] proposed a method for dealing with environmental changes us-
ing predictive models based on their similarity to historical changes. They developed
a procedure for assessing the similarity of changes and classifying them accordingly.
If a change is similar to any historical changes, a Memory-Based technique is used
for population prediction. If the change is not similar to any historical changes, a
simple predictive model is used.
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3.3.2 Nonlinear Predictive Models

Nonlinear predictive models are designed to represent more complex and non-linear
nature of environmental changes [JZY22]. These models generally are more effective
at capturing the intricacies of such changes, but they may also be more difficult to
compute during algorithm execution with the requirement of more data to accurately
model the relationships between variables compared to linear predictive models.

Jiang et al. [Jia+18a] argued that incorporating transfer learning approaches into
evolutionary algorithms can greatly improve the ability to track the moving POS and
POF of DMOPs [Jia+18a|. They employed a domain adaptation method to build
a predictive model that learns from past populations to locate the POS [Jia+18a].
This idea has also been combined with other strategies and applied to estimation of
distribution algorithms for solving DMOPs.

Liu et al. [Liu+14] proposed a combination of the population prediction strategy
approach [ZJZ13] and transfer learning [WKW16] to improve population prediction.
This approach aims to improve the accuracy of predicting the changing

Fan, Li and Tan [FLT20] used transfer learning to address the challenges of expens-
ive DMOPs. In their study [FLT20], transfer learning was employed to improve
prediction accuracy by leveraging "knee points”, or specific points of inflection in
a curve. This approach may be particularly useful for situations in which the cost
of evaluating the objective functions is high and efficient optimization is necessary
[FLT20].

In more recent times, Ye et al. [Ye+22] introduced Knowledge Guided Bayesian Clas-
sification for DMOEA (KGB-DMOEA). This method involves clustering historical
solutions based on similarity and using Bayesian classification to classify randomly
generated solutions based on their potential usefulness. The resulting initial popu-
lation can then guide a standard SMOEA in a new problem environment.

3.4 Dynamics-Based Strategies

Generally, having an understanding of environmental changes can help DMOEAs
at effectively addressing them. Dynamics-Based approaches constitute a relatively
new branch of response strategies in DMOEA [JZY22], attempting to cope with
environmental changes by evaluating their impact on the optimization procedure.

One way for algorithms to adapt response strategies is by dynamically adjusting
those strategies based on the severity of change detected in the optimization envir-
onment [JZY22]. The most common Dynamics-Based strategies do this based on
the severity of detected change and are reviewed in the following subsection. It is to
be noted that other approaches for Dynamics-Based response strategy adaption are
known in literature [JZY22], however in the interest of maintaining the scope and
focus of this thesis, only change severity-based strategies will be reviewed.
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Change Severity Based Strategies

Sahmoud and Topcuoglu [ST19] developed an algorithm for solving DMOPs that is
based on detecting the type of environmental change. The algorithm calculates the
magnitude of the change by comparing the number of non-dominated solutions in the
previous and current environments. If the ratio of the difference to the population
size is greater than a predefined threshold, the change is classified as Type-I or Type-
IT [ST19]. Otherwise, it is considered a Type-IIT or Type-IV change. The algorithm
subsequently uses DNSGA-II-A [DRKO7] in the first case, and NSGA-II [Deb+02]
with hypermutation in the latter.

Zhang [Zha08| developed an environmental recognition rule that is based on the
severity of changes and can be used to classify a new environment as identical,
similar, or dissimilar to the past environment. The classification result determines
the appropriate actions to be taken.

Azzouz, Bechikh and Said [ABS17]| proposed a severity-based change response ap-
proach that is based on the idea that if a severe change occurs, it is more likely that
a better solution can be generated from the current solution because the current
solution is more likely to be very close to the new POF. They employed a local
search technique to create trial solutions from the population and gauge the degree
of the change. When the change is minor, it is then advised to use more archived
solutions than randomly generated ones in the new population. In case of severe
changes, more randomly generated solutions are suggested. The effectiveness of this
approach in monitoring the shifting POS and POF when incorporated into NSGA-II
was shown by Azzouz, Bechikh and Said [ABS17].

Recently, Zou et al. [Zou+21] put forward a method for identifying the degree of
environmental changes by assessing the extent of variation in the objective values of
detectors. They constructed a Reinforcement Learning strategy to adapt to these
changes based on the classification of the change into three levels: light, medium,
and severe. These categories are considered as states in the Reinforcement Learning
procedure. Three actions including a knee-based prediction, a center-based predic-
tion, and local search are applied to shift the population to the new POF. The
Reinforcement Learning strategy chooses a sequence of actions based on the states
provided.
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3.5 Research Gap

The field of DMOEA has seen significant research in recent years, focusing on de-
veloping new algorithms and strategies to handle environmental changes during the
optimization process. One of the main approaches for addressing these changes is
Prediction-Based methods, which rely on historical data to anticipate the location of
new optimal solutions. These methods, coupled with diversity maintenance mech-
anics, effectively solve DMOPs [JZY22]. However, there is relatively little research
on Dynamics-Based strategies for addressing environmental changes in DMOPs.

Dynamics-Based approaches aim to cope with environmental changes by evaluating
their impact on the optimization procedure, and have shown promising results in
identifying changes in the optimization environment. Work by Zou et al. [Zou+21]
recently addressed the issue that most existing Dynamics-Based methods apply pre-
diction response mechanisms at the time of environmental change without consider-
ing the prior history of the environmental change, resulting in the waste of valuable
environmental information as Zou et al. [Zou+21] state. Their approach uses RL to
formulate a goal-directed agent that chooses an optimal prediction method from a
set of Prediction-Based methods depending on the magnitude of the environmental
change, thereby improving the agent’s ability to gauge the utility of a prediction
method through experiences. However, the approach’s shortcoming is that it does
not take the computational time of the prediction models into account, which can
be very valuable in ensuring overall computational efficiency. Furthermore, there
is a lack of explicit inquiry into managing the trade-off between exploration and
exploitation, which is a critical factor in RL.

On the other hand Ye et al. [Ye+22] proposed a novel DMOEA that, through the use
of a KRE coupled with a NBC as a prediction model presented promising results in
dynamic benchmark problems. KGB-DMOEA has shown to be effective in solving
DMOPs, surpassing most previous Prediction-Based DMOEAs in terms of perform-
ance. This is achieved through the use of and transferring extracted knowledge to
new environments.

Despite the noted successes of the KGB-DMOEA, it does possess certain limitations
that merit consideration. One such limitation is the utilization of a single prediction
model with the NBC. This presents an issue as the appropriateness of a prediction
model is dependent on various factors, such as the intensity of the environmental
change and the nature of the change pattern exhibited by a particular optimization
problem, as discussed by Jiang, Zou and Yao [JZY22]. Thus, the exclusive utiliza-
tion of a single prediction model may not be appropriate for all dynamic problem
environments encountered and may result in suboptimal performance. Addition-
ally, another possible constraint of KGB-DMOEA is the knowledge transfer process.
As the algorithm consistently examines all historical information, compressed into
clusters, the optimization process may be computationally intensive, particularly
when the number of historical environments is substantial. This computational bur-
den may be unnecessary in situations where the environmental change is not severe
or follows a linear pattern, for which simpler prediction models may suffice.

Therefore, the main motivation of this thesis is to address this gap by propos-
ing a new algorithm that combines the strengths of Prediction-Based methods and
Dynamics-Based strategies.
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4. Proposed Algorithm

The following chapter presents a detailed description of the proposed algorithm. In
the first section[4.1] the general framework of the proposed algorithm is introduced.
Following this, section presents the change severity detection method, on which
basis environmental states are defined. Section lays out the possible actions
the RL agent can take based on the detected severity of a given problem landscape
change. A boundary detection mechanism is introduced in section to mitigate
the risk of false predictions in high-dimensional decision spaces. In section [4.5] the
State-Action table of the proposed algorithm is presented. The reward function,
which is used as a feedback signal in RL, is presented in section [4.7, Section
describes the policy applied for the RL agent. Finally, relevant hyperparameters are
reviewed in section [4.8]

4.1 General Framework of the Proposed Algorithm

DMOPs are a challenging class of optimization problems that involve multiple con-
flicting and time-varying objectives. The purpose of this thesis is to study improve-
ment potentials of the KGB-DMOEA as a Prediction-Based DMOEA by wrapping
KGB-DMOEA into RL, with the premise that a RL agent should learn from dy-
namic changes in the environment and then determine the appropriate action to
take in the new environment. The overall approach is illustrated in Fig. [4.1]

Environment (DMOP) Jﬁ

Action Reward State
(Prediction Method) (Prediction Quality & (Change Severity)

G000 Prediction Time) @
& @

Agent

Figure 4.1: Concept of the general proposed algorithm. Own
illustration.
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For this, Q-Learning is used where the agent asses the quality of executing an action
for a given environmental state and then decides on an action based on its policy.
One of the key contributions of this work is the addition of a decaying e-greedy policy,
which is used to encourage comprehensive exploration at the start of optimization
runs and will be introduced in more detail in section At this stage, it is also
important to clarify that the optimization problem and the computer system on
which the same problem is solved are both considered as the environment for Q-
Learning.

The proposed algorithm is based on the RL framework proposed by Zou et al.
[Zou+21] and extends it with KGB-DMOEA. In Fig. [4.2] the flowchart of the pro-
posed algorithm is depicted. The flow of the proposed algorithm can be divided into
four parts. The first part consists of the initialization of the starting population and
all algorithm parameters. The second part of the proposed algorithm is the main
outer loop that follows the general framework of DMOEASs of checking for environ-
mental change, and in case of no detected change optimizing the given DMOEA with
a standard SMOEA. As soon as change is detected, the proposed algorithm jumps
into the third part of the algorithm, which is checking for boundary situations. This
boundary detection mechanism is a key change compared to the by approach Zou
et al. [Zou+21] introduced in more detail with [4.4] as this gives the possibility to
use other methods for boundary situations.

For this work, the KGB-DMOEA algorithm is always used in boundary situations,
with the assumption that a knowledge-based algorithm should always result in bet-
ter handling of boundary situations than simple linear prediction algorithms. This
assumption is based mainly on two observations. (1) For many optimization prob-
lems, especially when constrained, optimal solutions often fall on the boundaries of
a given feasible space [SM97]. Simple linear prediction models usually base the pre-
dicted population by evaluating a distance measure based on the POF or POS, from
a last environment to a new changed environment. However, in dynamic scenarios,
the severity of change is a key factor, as it is possible for change to be severe enough
that a simple linear model would "overshoot” the boundaries of a given problem and
therefore land directly on the boundaries of a given decision space. This can result in
significant performance degradation in cases of the true POS lying just enough before
the boundaries of a problem that subsequent SMOEA has to revert the "overshoot-
ing” of the linear prediction model. This problem is further explained in section
and visualized with Fig. |4.5. (2)Furthermore, in dynamic contexts, history matters,
especially at boundary situations. To exemplify this issue, one can use the concept
of residual stress found in metals as an analogy [Wit07]. In engineering, residual
stress refers to remaining stress in a solid material even after the original cause of the
stresses has been removed [Wit07]. This can happen when a material is bent over
a certain threshold, hindering it from relaxing to its original position. Transferring
this back to boundary situations in DMOO, one can argue that when optimizing for
a given time period ¢ and hitting a variable boundary (threshold), the system under
optimization might behave differently in the subsequent periods ¢,1,....t,. Having
this in mind it stands to reason, to use the KGB-DMOEA exclusively in such a situ-
ation, as the training of the NBC employed in KGB-DMOEA should better capture
the behavior of the system under optimization in such situations.
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Figure 4.2: Hlustration of the RL framework for the
proposed algorithm. Own illustration.
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If no boundary situation is detected, the fourth part of the proposed algorithm is
executed, which is the RL part. In this part, the RL agent is trained with Q-
Learning and the action selection policy is applied. The proposed algorithm is then
repeated until a given termination criterion is met. With this structure, the proposed
algorithm should for the most time run the outer loop and optimize a given problem
landscape with a standard SMOEA. In case of a detected change, the RL part of the
algorithm is executed. Only for the exception to boundary situations, where the RL
part of the algorithm is skipped and KGB-DMOEA is used as a fail-safe mechanism.

For a more precise description the pseudocode in Alg. [7|presents a general outline of
the proposed algorithm.The algorithm begins with the initialization of the historical
solution archive, P S, that is initialized as an empty set, the discrete time variable
t is initialized to 0, and the variables py,qe and e are initialized to 0 in line 1.
With line 2 the sets of Q-Values, Q(s, a), for each pair of state, s, and action, a,
are initialized as empty sets. The sets of Q-Values are stored in a table which can
be referred as the Q-table. Line 3 generates an initial population of size IN using
the tnitpop function. The algorithm then enters a while loop that continues until
a stopping criterion is met as seen in line 4. If a change is detected (line 5), the
variable ¢ is incremented by 1 (line 6). If a boundary situation is detected (line
7), the DMOP is optimized using the KGB-DMOEA method (line 8). If there is
no boundary situation detected (line 9), the current state, s, is observed using a
change severity detection method (line 10). An action, a, is then selected from
the set of actions, {a1,as,as}, using an action selection policy (line 11). The
prediction score, p;, and execution time, p, are then calculated (line 12). The
values of Prmazr and Wmae are updated if p; is greater than p,,q. or pg is greater
than fyaz, respectively (lines 13 and 14). A reward, 7(Pmazs Pty Bmawzs t), 1S then
calculated based on the maximum prediction score and execution time, as well as
the current values of prediction score and execution time (line 15). The next state,
s’, is observed (line 16) and the Q-Values, Q(s, a), are updated using a Q-Learning
update rule (line 17). If no change is detected (line 5), the MOP is optimized using
a SMOEA method (line 18). The algorithm continues to iterate until the stopping
criterion is met.

A similar approach was proposed by Zou et al. [Zou+21] for integrating RL into
DMOEA. However, the proposed algorithm of this thesis differs from the approach
devised by Zou et al. [Zou+21] in the following key aspects:

1. The proposed algorithm integrates KGB-DMOEA, as a non-linear prediction
model to respond to environmental changes. As KGB-DMOEA explicitly
transfers historical information (POS) of all previous problem landscapes, it
can be assumed that KGB-DMOEA offers better solution prediction capabil-
ities compared to simpler linear response strategies, as introduced in the work
of Zou et al. [Zou+21].

2. As the goal of this thesis is to examine methods to reduce computational cost
of KGB-DMOEA, without compromising too much on performance, the pro-
posed algorithm employs a unique reward function based on predicted solution
quality and computational cost measured in wall clock time. The rationale here
being that by rewarding a RL agent not only for prediction solution quality,
but also for the time it took to predict those solutions an agent should be able
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Algorithm 7 Algorithm of the proposed algorithm
Input: DMOP, F;(x); population size, IN; population sample size, n;
learning rate, a; discount factor, y; exploration probability, €;
exploration factor, €g4; cluster size, N.; boundary threshold, 6;
Output: approximated POS;

1: Initialize PS =0, t = 0, prmaz = 0, tmaz = 0;

2: Initialize sets of Q-Values Q(s,a) = () for each (s, a) pair;

3: Randomly generate initial population initpop(IN);

4: while stopping criterion not met do

5: if change detected then

6: t=1t+ 1;

7: if boundary situation detected then

8: Optimize DMOP with KGB-DMOEA;

9: else

10: Observe current state s with change severity detection method;
11: Select action a from (@i, as, az) with action selection policy;
12: Calculate prediction score p; and execution time fug;

13: Update Pmax = Pt if Pt > Pmax;

14: Update pimaz = pt if e > Pmaa;

15: Calculate reward r(Pmazs Pts Bmazs Ht);

16: Observe next state s’;

17: Update Q-Values Qs, a) with Q-Learning update rule;

18: end if

19: else
20: Optimize MOP with a SMOEA;
21: end if

22: end while

to learn what prediction method is sufficiently good given a change event in
the optimization problem.

3. Furthermore, a boundary detection mechanism is introduced as an essential
component of the proposed algorithm to mitigate the risk of false predictions.
In high-dimensional decision spaces, one can generally assume boundary situ-
ations to be more likely and costly to algorithm performance. Simple linear
prediction models, struggle to predict the direction of change at boundary situ-
ations. Change in such situations can either approach marginally toward the
boundaries of the decision space or revert in a direction more towards the center
of the decision space. To mitigate this problem, the proposed algorithm em-
ploys a boundary detection mechanism to detect boundary situations and uses
KGB-DMOEA in such situations. As KGB-DMOEA is a non-linear prediction
method, it is able to stabilize the prediction of the POS in such situations, if
it has previously encountered similar situations.

4. As alast significant difference to the approach presented by Zou et al. [Zou+21]
a decaying epsilon-greedy action selection probability is used for the proposed
algorithm of this thesis. The epsilon decay in the proposed algorithm encour-
ages the RL agent to explore more freely in the early stages of the optimization
process and balance the trade-off between exploration and exploitation.
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4.2 Change Severity Detection Mechanism

Detecting change is a crucial part in dynamic multi objective evolutionary optim-
ization and can broadly be defined as the identification of a change in the problem
landscape. Farina, Deb and Amato [FDA04b] proposed to classify change as change
the relation between the POS and POF for a given time step and the previous time
step, as described in section [2.3]

To be able to specify change, we can retake the POF-POS Relation-Based classific-
ation proposed in[2.3, There Farina, Deb and Amato [FDA04b] proposed to classify
change as change the relation between the POS and POF for a given time step and
the previous time step. With following Types of changes:

e Type I: The POS changes while the POF is unaffected.

e Type II: Both the POF and the POS are affected by the changes.

e Type III: The changes affect the POF, but the POS is unaffected.

e Type IV: The changes affect neither the POF nor the POS.
For the change types from type I to type III having the same POS; at the next
time step t + 1 would result in deviation. Having this in mind we can define change

as the deviation of the objective function values for the same population which was
calculated for this thesis as follows:

APOFt - Ft(POStest> - E*l(POStest) (41)

Where POS,.s is a randomly sampled percentage 7, evaluated in the new envir-
onment Fy(POS), of the previous population POS; — 1. This percentage 7 is an
important parameter of the change detection method, as it determines the compu-
tation cost of the change detection method.

Furthermore, we can define the severity of change by comparing it to the mean of
changes encountered so far for a given optimization problem:

§ = APOF — APOF, (4.2)

Where APOF is the mean of the change encountered so far and APOF; is the
change encountered in the current time step. ¢ is consequently a measure of the
change severity relative to the mean changes encountered so far.

With this we define change relative to the change encountered so far. This is used
for the proposed algorithm to define three states for Reinforcement Learning, similar
to the approach of Zou et al. [Zou+21]:

e State 1: Low severity change: 6 < APOF.
e State 2: Mid severity change: APOF < § < APOF % 1.5.

e State 3: High severity change: 6 > APOF x 1.5.
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4.3 Actions of the Proposed Algorithm

The main limitation of the KGB-DMOEA that this thesis seeks to address is the
comparatively high computational burden of the KGB-DMOEA. This computational
burden stems from the fact that the algorithm by Ye et al. [Ye+22] has to extract
and examine knowledge before using this knowledge as inputs for the NBC. In prac-
tice, this means the comparison of various solution clusters accumulated so far. This
results in a certain overhead, that simple linear prediction models do not encounter,
as they predict the next population by directly comparing the previous two popu-
lations only. This overhead of the KGB-DMOEA is to be avoided, especially when
a linear prediction model could have been sufficient to predict the next population
to a comparable accuracy as KGB-DMOEA. For this reason, two additional linear
prediction methods are added, besides to KGB-DMOEA, for the proposed algorithm
to be chosen with the help of an agent during change detection. In the following
sections, these linear models are briefly presented and explained.

4.3.1 Knee-Based Prediction

One popular linear predictor used in DMOEA is the Knee-Based Prediction method
|Zou+21] [Bra+04]. The method has proven to be a simple yet effective approach
to predict the next population of a problem at hand [ZTJ15] [Zou+21]|. To predict
the next population, the knee points of two adjacent approximated POFs are first
determined with a distance measure such as the Minimum Manhattan Distance
(MMD) as devised by Zou et al. [Zou+21]. The algorithm for MMD knee selection
is shown in Alg. [8l With this algorithm, the knee points of a POF are determined
by calculating the minimum and maximum value of each objective function for the
current approximated POF and then calculating the distance of each solution to the
minimum and maximum value of each objective function.

Algorithm 8 Minimum Manhattan Distance Knee Selection (MMD)
Input: the current approximated POS;;
Output: the MMD Knee solution set, @;

1: for m =1 to M do

2: Determine the minimum value fM in objective m from POS};

3 Determine the maximum value f in objective m from POS;;
4: for i =1 to |A| do
)
6

Dist; = Dist; + fﬁg—%,
end for
7: end for
8: Chose the MMD knee solution with the smallest value of Dist;;

9: Copy the MMD knee solution into set @);

With these Knee-Points the moving direction of the POF can be determined by
calculating the distance between the knee-point clusters K; to the knee-point clusters
K; — 1 as such [Zou+21]:

Dy = ||[Ky — K| (4.3)
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Where D; is the Euclidean distance computed between the knee-point clusters K,
and K; ;. The location of the next POF can then be predicted by shifting all
individuals of the current POS by D, in the direction of the knee-point clusters K
and K;_; [Zou+21]:

POS;,1 = POS, + Dy + & (4.4)

Where & ~ N(0,d) refers to Gaussian noise with a mean of zero and a standard
deviation d [Zou+21]. The process of predicting the shifting direction of the POF

is shown in Fig. [4.3

Objective Space
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v
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f1(x)

Figure 4.3: Hlustration of predicting the shifting POS using
the Knee-Point of previous Pareto fronts. Own illustration.

4.3.2 Center-Based Prediction

As a second linear prediction Method, the Center-Based Prediction method is used
|Zho+07b|. This prediction method is similar to the Knee-Based prediction method
but varies in the base that is taken for distance calculation. Instead of calculating
the distance between the knee-points of the previous and current POF, the distance
between the cluster centroids of the previous and current POS is calculated with the
following formula [Zou+21]:

1
C’t = m Zi’t € POSt(L’t (45)
th+1:$t+k‘Ct—Ct_1’+6t (46)

Where C; and C;_; represent the cluster centroids for the time steps ¢ and ¢ — 1,
respectively. x;,1 represents the predicted individual at ¢4 1 time step. This process

is shown in Fig. [4.4]
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Figure 4.4: Illustration of the Center-Based prediction
method for different time steps t. Own illustration

4.4 Boundary Detection Mechanism

The primary objective of this thesis is to develop an algorithm that exhibits com-
parable performance to the KGB-DMOEA algorithm while mitigating the compu-
tational overhead. This is to be achieved by using simpler linear methods as devised
in the sections [4.3.1] and [4.3.2] However, these models are struggles when dealing
with boundary situations. When a population reaches a boundary during the op-
timization process, simple linear models disregard the direction of the population
movement, which can result in a population that falls directly on the boundaries of a
problem. In dynamic context, this is especially problematic in situations where the
population "overshoots” the current true POS, as the SMOEA employed in DMOEA
has then to correct for the overshooting. Especially in fast, high-dimensional envir-
onments, this can lead to a complete loss of the tracking ability of the DMOEA

To preserve performance, it is, therefore, crucial to mitigate the risks of false predic-
tions, particularly in border regions. Therefore, a boundary detection mechanism
is introduced into the proposed algorithm, aiming to detect such situations and ex-
clusively use KGB-DMOEA for such cases. The rationale behind this decision is
that KGB-DMOEA, as a nonlinear prediction model, should be better capable of
handling situations at the extremes of the decision space.

The boundary detection mechanism is implemented by adding an additional para-
meter @, that is used as a threshold towards the boundaries of a given problem. Once
the centroid of a POS; crosses this threshold, the boundary detection is triggered

and KGB-DMOEA is always used. Fig. [4.5]illustrates this concept and Alg. [9]shows
the pseudo code of the boundary detection mechanism.
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Figure 4.5: lustration of the devised boundary detection
method. Once the centroid of a population crosses the
threshold, § KGB-DMOEA is used. Own illustration.

Algorithm 9 Boundary Detection
Input: POS;; x;; xy;
Output: Boolean Boundary Situation

1: Cy =1 /1en(POS) * > (POS, axis=0);

2: dist to x; + C} - xy;

3: dist to x, < x, - Cf;

4: if any(dist to z; < @) or any(dist-to-xu < 6) then
5: return True;

6: else

7 return False;

8: end if
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4.5 State-Action Table

The State-Action table is a crucial component of the proposed algorithm. It is
used to store the information about the State-Action pairs Q(S, A) of a Q-Learning
algorithm. As described in section the states used in the Q-Learning algorithm
are defined by the severity of change an agent faces when change is detected in the
environment. Table shows the states and actions used in for this thesis.

State Action

(

51(6 < 6) Q(s1,a1) (

32(5 <6< 1.5) Q(s2,a1) Q(s2,a2) @
s3(0 > 0 % 1.5) Q(s3,a1) (

Table 4.1: State-Action Table (Q-Table).

When environmental change is detected the RL agent chooses an action a; based on
the current state s; and the Q-Table. The Q-Table is updated after each episode, as
described in section 2.4.3] The Q-Table is initialized with zeros for every algorithm
run and updated after each step using the Q-Learning update formula described in
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4.6 Action Selection Policy

Another main component of the predefined algorithm is the decaying epsilon greedy
action selection strategy. Unlike the classical epsilon greedy, the probability of the
agent to perform an action that is not optimal according to Q value in the current
state is reduced over time. Thus, the goal is to determine the rewards of different
prediction methods at the beginning of an algorithm run, and in the later course of
an algorithm run to increasingly use prediction methods that have proven successful
in the past. Essentially, the probability of an agent to pick an action that is not
optimal for a given state decreases exponentially. Algorithm Alg. depicts the
adapted decaying epsilon greedy policy, where.

Algorithm 10 Decaying e-greedy Action Selection

Input: The current Q-Table Q(S, A); action selection probability €; epsilon decay
€d;

Output: An action a;

n < random.uniform(0,1);
if n < e then;

a; < randomactiona € A;
else

a; < mazxQ(S,.);
end if
€ < €% €4;
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4.7 Reward Function

Reinforcement Learning agents learn via feedback, which is given by the environment
by means of an reward or punishment. This reward is a scalar value that allows the
agent to learn which action returns the most reward in relation to a state. Thus,
the reward function is key to controlling the behavior of an RL agent and is mainly
responsible for the behavior of an agent.

Since this thesis aims to obtain a similar performance as with the KGB-DMOEA
algorithm but to decide which prediction method to choose depending on the time,
two main factors are defined to determine the reward for the agent. One is the
prediction quality, which can be measured with any measure, and the wall clock
time, which measures how long the execution of the prediction method took.

For the purpose of this thesis following reward function is used:

Pt Mt

(4.7)

ry =
Pmaz Hmaz

Where p, is the prediction quality of the prediction method used in the current
step, Pmaz 1S the maximum prediction quality of all prediction methods used in the
current algorithm run, y; is the wall clock time of the prediction method used in the
current step and fi,,4, being the maximum wall clock time of all prediction methods
used in the current algorithm run. With this, the reward function is normalized to
the best-determined prediction quality of a given run and the worst-determined wall
clock time of a given run. Higher prediction quality is rewarded, which serves as a
base reward, and the wall clock time acts as a detrimental factor. As the metric for
prediction quality Hypervolume is used as introduced in [5.2.4]

4.8 Hyperparameters

Another important point that should not be neglected are the used hyperparameters
of the proposed algorithm, which can have an influence on the algorithms’ perform-
ance depending on the optimized problem. As the proposed algorithm combines RL
with the KGB-DMOEA, the hyperparameters of the proposed algorithm employ the
same hyperparameters. Additionally, the hyperparameter ¢; for the epsilon greedy
action selection decay as well as the hyperparameter p as the boundary threshold
are added. Tab. lists the hyperparameters of the proposed algorithm.

Hyperparameter Description

Population size, N Number of individuals in a population.

Population sample size 7, Percentage of population that will be sampled to detect change.

Cluster Size, N, Number of Knowledge Clusters for KGB-DMOEA

Boundary Threshold p, Minimum distance a given PO.S; is required to have towards the decision space bounds.

Learning Rate o, Learning Rate of a RL agent. Higher values result in better performance but slower learning convergence.
Discount Factor 7, Weight factor of future rewards.

Epsilon e, Probability that a RL agent does not choose maxzQ;(a). Manages the exploration vs. exploitation trade-off.
Change Detection Threshold, d, | Delta a sampled population objective values from do have to pass to detect change.

Table 4.2: Parameters of the proposed algorithm.
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5. Experimental Study

This chapter presents the results of the experimental study conducted for this thesis.
Section first introduces the benchmark problems used in the experiments. Sub-
sequently, the metrics used to determine performance are introduced in Section [5.2
The implementation of the tested algorithms and any necessary adaptations for
conducting this work is described in Section [5.3] In Section the implemented
algorithm is validated. The experimental setup, with experimental results and a
discussion, are outlined in Section

5.1 Benchmark Problems

Artificial benchmark problems have played a crucial role in evaluating the effect-
iveness of DMOAs for solving DMOPs. These benchmark problems allow for the
analysis and understanding of the strengths and limitations of a DMOA, enabling
modifications to be made for performance improvements. Additionally, using bench-
mark problems enables the comparison of different DMOAs, facilitating the identi-
fication of the most suitable DMOA for a given problem class.

The introduction of benchmark problems for DMOPs is a relatively recent develop-
ment and a research area in the field of DMOP in and of itself. The first benchmark
problems for DMOPs were introduced in 2001 with the works of Jin and Sendhoff
[JS04]; the authors proposed the first benchmark problems by dynamically varying
the weights for multi-objective functions. Since then, several benchmark problems
have been proposed [JY17] [Jia+18b], gradually increasing in complexity and real-
ism.

Jiang et al. [Jia+18b], 2018 introduced the DF problem suite, a widely used bench-
mark suite containing 14 different dynamic multi-objective problems. Thereof are
nine bi-objective and five tri-objective problems. The differences between each prob-
lem are summarized in Table as described by the original authors Jiang et al.
[Jia+18b]. With the introduction of this problem suite, the authors tackled the lack
of a standardized benchmark suite for DMOPs that is representative of real-world
scenarios, represented in irregular Pareto fronts, disconnectivity, and time-dependent
POF shapes [Jia+18b]. For this reason, the DF problem suite is used in this thesis.

To better understand the problem suite, one can look at Fig. [5.1) which depicts the
DF4 problem. DF4 has dynamics both on the POF and POF, with the length and
curvature of the POF and the POS changing over time.



5.1. Benchmark Problems

5. Experimental Study

Problem | Objective Dynamics Remarks

DF1 2 mixed COI'lVGXIty—CO'I 1cavity, dynamic POF and POS
location of optima

DF2 9 position-related variable switch, static convex POF, dynamic POS,
location of optima severe diversity loss

variable-linkage, .

DF3 2 mixed convexity-concavity, location of optima dynamic POF and POS

DF4 2 variable-linkage, POF range, bounds of POS dynamic POF and POS

DF5 9 number of knee ‘reglons, dynamic POF and POS

local of optima
DF6 2 n'nxed cs)nvemty—'c oncav1ty.,' dynamic POF and POS
multimodality, location of optima

DF7 2 P.OF range, convex POF, static POS centroid, dynamic POF and POS

location of optima
mixed convexity-concavity, static POS centroid,
DF8 2 solutions distribution, location of optima dynam@ POF. and POS,
variable-linkage

DF9 2 number of dlscqnncctcd POF segments, dynamic POS and POF, variable-linkage
location of optima ’

DF10 3 mixed copvexnty—copcawty, dynamic POS and POF, variable-linkage
location of optima

DF11 3 size of POF region, POF range, dynamic POS and POF,
location of optima concave POF, variable-linkage

DF12 3 nulnb(n" of POF hOICS’ dynamic POS, static concave POF, variable-linkage
location of optima

DF13 3 number of disconnected POF segments, dynamic POS and POF, POF can be continuous convex,
location of optima concave, or several disconnected segments

DF14 3 . degene.rate POF’. e dynamic POS and POF variable-linkage

number of knee regions, location of optima

Table 5.1:

Summary of the DF problem suite, by Jiang et al. [Jia+18b].

0.5

x1

fo+2t

fi+2t

Figure 5.1: Depiction of the POS and POF for the DF4
problem. As t increases, the length and curvature of both
POS and POF changes, by Jiang et al. [Jia+18b].
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5.2 Performance Metrics

In order to measure the performance of DMOEAs in solving benchmark problems;,
there is a need to define a set of performance metrics. This subsection will discuss
the most common performance metrics used in the literature.

5.2.1 Generational Distance

The Generational Distance (GD) is a commonly used performance indicator that
measures the distance from an approrimated POF; to the true POF; at the time ¢.

For a given set of calculated objective value vector A = {as,as,..., a4} and a set
of reference points (true POF;), Z = {21, 22, ..., 2z|}. It can be formally defined as
follows [Liu+19]:

1|

GD (de> Up (5.1)

Where d; represents the euclidean distance (p = 2) from a; to its nearest reference
point in Z. Basically, this results in the average distance from any point A to the
closest point in the POF;. Fig. (a) depicts the working principle of the GD
between the true POF; and the approximated POF;.

5.2.2 Inverted Generational Distance

The Inverted Generational Distance (IGD) is the inverse of the GD. It measures the
distance from any point in Z to the closest point in A. It is defined as follows:

1/p
|Z|

IGD(A) = 72 de (5.2)

Where d; represents the euclidean distance (p = 2) from z; to its nearest reference
point in A. Fig. depicts the working principle of the IGD, any point z; to its
nearest reference point of the true POF;.

5.2.3 Mean Inverted Generational Distance

Taking the average of the IGD over an optimization run results in the Mean Inverted
Generational Distance (MIGD). With this all historical environments are considered.
It can be defined as follows [Ish+15]:

MIGD(POF}, POF,) = | Z IGD(POF}, POF,) (5.3)

ITl i

With POF} being the true POF of a given DMOPat time ¢t and POF; being the
approximated POF at time t. With T being the set of discrete-time steps in a
given run and |T'| being the cardinality of T. Therefore, MIGD is nothing else
than the average of the IGD over all time steps, concluding that a lower value for
MIGD indicates better performance of a given DMOEA in terms of convergence
and diversity.

93



5.2. Performance Metrics 5. Experimental Study
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Figure 5.2: Illustration of the GD and IGD. Own illustration .

5.2.4 Hypervolume

So far, all performance indicators have been based on the assumption that the true
POF; is known at time ¢t. However, in real-world applications, this is generally not
the case. Therefore, the Hypervolume (HV) was introduced as a performance metric
that is independent of the true POF;. It is defined as follows [GFP21]:

HV(POF) =VOL( |J [fi(x), 2] % cc. X [fu(), 2L]) (5.4)

z€POF;

With VOL being the Lebesgue measure and zf(i = 1,2, ...m) referring to a reference
point used for the HV computation. In other words, the HV is the volume of
the area dominated by the POF; and a given reference point. Fig. depicts the
working principle of the HV. The area A which is delimited by the points z;(a)—z3(a)
constitutes a smaller HV than the area B delimited by the points 21 (b) — 2z3(b).

5.2.5 Mean Hypervolume

The Mean Hypervolume (MHYV) is the average HV over an optimization run and is
defined as follows [GFP21]:

MHV (POF) = % Y HV(POF,) (5.5)

With |T'| being the set of discrete-time steps in a given run and |T'| being the
cardinality of T. Therefore, M HV can be described as the average of the HV over
all time steps, concluding that a higher value for M HV indicates better performance
of a given DMOEA in terms of convergence and diversity.
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Figure 5.3: Hlustration of the HV metric. Own illustration.

5.3 Implementation

Both the KGB-DMOEA and the proposed algorithm were implemented in Python
[RDO06], a versatile programming language with a large scientific community and
libraries that facilitate the implementation process. An essential library used for the
implementation and testing of the algorithms is pymoo (Multi-Objective Optimiza-
tion in Python) [BD20], which was developed by Blank and Deb [BD20] and provided
a standard interface for implementing multi-objective evolutionary algorithms. For
this thesis, this library was mainly used to access the DF benchmark suite, the
performance indicators described in section [5.2] and the NSGA-II as a SMOEA for
both the KGB-DMOEA and the proposed algorithm.

Another library used for the implementation was the sci-kit learn library [Kral6],
which provides a wide range of machine learning algorithms. The implementation
of the NBC is based on the naive Bayes classifier from this library.

The KGB-DMOEA implementation was based on the algorithm as described by
Ye et al. [Ye+22] in their original paper, with the only difference being the use
of the NSGA-II as the SMOEA for optimization once change is detected. In the
original paper, the authors used the Multi-Objective Evolutionary Algorithm Based
on Decomposition (MOEA /D) [ZL07] instead. This change was made as the NSGA-
IT was readily available in the pymoo library while MOEA /D was not, however it has
no impact on the validity of the results as both algorithms used the same SMOEA.

Furthermore, it is to be noted that the implementation of the Knee-Based prediction
method as well as the Center-Based prediction method are based on the descriptions
provided by [Zou+21].

Table|5.2|gives an overview of the software and hardware used for the implementation
and subsequent experiments. To ensure maximum reproducibility, all experiments
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Software / Hardware Version
(ON Ubuntu 22.04.1
Kernel 5.15.0-56
CPU Intel i7-4790K (8) @ 4.400GHz
RAM 24.00Gb
Python 3.10.6
pymoo 0.6.0
Scikit-learn 1.2.0

Table 5.2: Software and Hardware used for the implementation, testing and experi-
ments.

for this thesis were conducted on a single core of a desktop computer without parallel
processing under the same conditions with no other system load.

5.4 Validation

Before the proposed algorithm can be used for an experimental study, the imple-
mentation must be validated. For this, the DF1 problem is used. With DF1, the
POS moves upwards on the zo-axis as t increases, as depicted in Fig. [5.4] This
benchmark problem is tested with two decision variables z = [z1, 22], and with an
environmental change severity of n, = 10, meaning a fast environment, and a change
severity 73 of 5, meaning low environmental change is used as a minimal example,
to ensure that the algorithm is working as intended.
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Figure 5.4: Depiction of the POS and POF for the DF1
problem, by Jiang et al. [Jia+18b].
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In Fig. the evolution of the proposed algorithm can be seen. Fig (a) 1. is show-
ing the proposed algorithm after 10 generations. The algorithm correctly detected
change and one can see the current aproximated POS; as blue marked points. As
the true POS for the DF1 problem is expected to be at the lower end of the decision
space, the algorithm correctly approximates the POS. Furthermore, it can be seen
in Fig (a) 1. that the KGB-DMOEA successfully determined the knowledge clusters
of the current problem state (red marked crosses). With these historical knowledge
clusters KGB-DMOEA is capable of retaining knowledge of a previous POS. Fig
(b) 2., one can see the NBC after training. By testing the historical knowledge
cluster, in the new environment, and subsequently generating a lot of random num-
bers the NBC could succesfully discern from useless and usefull solutions, and use
this knowledge to predict a new population as can be seen in Fig 3 (c), where the
whole decision space is sampled. It is to be noted that the lower left boundaries of
the DF'1 decision space are not sampled as much, as the NBC successfully predicted
that this region is most likely not the PO.S of the next change interation, therefore
solutions are sampled more on the top right of the decision space. Fig (d) 4. shows
the second change event, where the POS now moved to towards the top of the DF1
decision space. In this case, the KGB-DMOEA correctly predicted the next POS
and the knowledge clusters are now distributed over two areas in the decision space.
Therefore, one can say that the KGB-DMOEA is successfully retaining knowledge
of the previous POS.
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Figure 5.5: Evolution of the optimization process of the proposed algorithm (1).
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In the second plot series in Fig. [5.6) the optimization run is continued. Here Fig
1 (b) one can see that the true POF' is successfully predicted. Furthermore, in
Fig. 3 (c), it can be clearly seen how the KGB-DMOEA algorithm works after a
certain amount of change events. The algorithm successfully retaines knowledge
over the whole decision space, as can bee seen with the knowledge clusters. This
is useful information for nonlinear change in the problem, as KGB-DMOEA can
use the fix points to guide the search in new environments. Fig 4 (d), shows the
Center-Based prediction as an example for linear prediction models that is used. Ic
can be seen how based on the previous POSs the moving direction of the decision
space is successfully predicted.

In summary, the evaluation shows that the proposed algorithm is correctly imple-
mented and that the different components of the algorithm work as expected. With
the proposed algorithm, can be used in an experimental study to compare the per-
formance of the KGB-DMOEA algorithm with other the propsed algorithm.
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Figure 5.6: Evolution of the optimization process of the proposed algorithm (2)
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5.5 Experimental Setup

In the following section the experimental setup is described and the experimental
results are presented and discussed. The experimental setup is divided into two
parts. The first part briefly describes the settings of the DF1 benchmark suite used
in the experiments, while the second part describes the hyperparameter settings of
the the proposed algorithm as well as KGB-DMOEA. Thereafter, the results are
presented and subsequently discussed.

5.5.1 Benchmark Suite Parameter Settings

In terms of benchmark suite settings there are mainly the following two aspects
to consider. The first aspect is the number of environmental changes that a given
optimization problem will undergo, while the second aspect is the severity these
changes have. For the purpose of this thesis the recommended benchmark suite
settings as devised by Jiang et al. [Jia+18b] are used. These are as follows:

e Number of decision variables: 10

e Frequency of change / Generations between change (73): 10 (fast changing
environments), 30 (slow changing environments).

e Severity of change (n;): 1 (small changes), 3 (medium changes), 5 (severe
changes).

e Number of changes: 30
e Stopping criterion: 100(307; + 50) fitness evaluations

e Number of independent runs: 20

5.5.2 Algorithm Parameter Settings
The following subsection describes the hyperparameter settings used for the exper-
imental study:

e Population size, N: 100

e Population sample size n: 0.2

e Cluster Size, N.: 13

e Boundary Threshold p: 0.1

e learning rate a: 0.9

e discount factor v: 0.6

e epsilon action selection e: 1

e epsilon decay ¢4: 0.90

e boundary threshold p: 0.05
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These hyperparameters are used for the proposed algorithm, to be compared with
the KGB-DMOEA. Thereby, the cluster size N, is the only shared hyperparameter
between the two compared algorithms and is set to 13 for both KGB-DMOEA and
the proposed algorithm. The hyperparameters value for the RL part of the algorithm
are as described by Zou et al. [Zou+21].

5.5.3 Results

In the following section the experimental results of the study are presented. To
obtain these results both the KGB-DMOEA and the proposed algorithm were tested
on the full DF1 benchmark suite for each 20 individual runs, to mitigate the potential
of randomness influencing the results. Each problem of the suite was run for 30
change events, with a change frequency of 10 and 30, and a change severity of 1, 3
and 5.

As an example Fig. depicts the experimental results for the DF1 suite with a
change frequency of 30, and a change severity of 3, meaning medium level change
events. In the first graph in the top left corner the average runtime (over 20 runs),
for each DF problem can be seen. In purple one can see the KGB-DMOEA al-
gorithm and in orange the proposed algorithm. It can be seen that the proposed
algorithm is faster than the KGB-DMOEA algorithm. This is due to the fact that
the proposed algorithm has multiple faster prediction methods available with the
knee-based prediction and the center based prediction. On the other hand KGB-
DMOEA is fixed to a single prediction method and on top of that has to perform
the knowledge-reconstruction examination on each change event. Taking a look at
the second graph in the top row, one can see the average IGD of both algorithms on
log scale. The log scale was used on this graph, to represent different IGD scales on
the same graph. Taking a look it can be seen that the performs better on average
compared to the proposed algorithm, but the proposed algorithm yield comparable
results. This effect is also represented on the HV which can be seen in the third
graph on the top right. It is important to note that for the HV, higher values
translate to better performance, and it can again be seen the KGB-DMOEA has
a slight performance edge. Taking a look at the bottom graphs of the figure it is
evident where the proposed algorithm lacks. Compared to KGB-DMOEA the pro-
posed algorithm has a higher standard deviation for all evaluated metrics, namely
time, IGD and HV. This is due to the fact that the proposed algorithm has multiple
prediction methods available, which can lead to more diverse results from change
event to change event and therefore also result in higher deviation.

Similar results can be observed when examining the performance in faster envir-
onments, as shown in Fig. [5.8] Again as expected, the proposed algorithm per-
forms considerably faster as KGB-DMOEA, while showing comparable perform-
ances. The main difference that can be observed between KGB-DMOEA and the
proposed algorithm in fast environments is the higher runtime standard deviation
of the proposed algorithm. Again this can be mainly attributed to the different
prediction methods used, mainly when the proposed algorithm uses the integrated
KGB-DMOEA often.

In table the relative results of the proposed algorithm to the KGB-DMOEA
are presented. For this the performance results of KGB-DMOEA were taken as
the base and the performance metrics of the proposed algorithm therefore depict
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Problem | avg time | avg time_dev | avg_igd | avg_igd_dev | avg_hv | avg_hv_dev
DF1 0.3529 3.0815 2.7667 3.8491 0.7896 3.5319
DF2 0.2879 1.5892 3.7694 2.9808 0.7797 2.2338
DF3 0.5159 0.3916 0.8726 0.9145 0.967 1.7882
DF4 0.1847 0.6885 1.0152 1.0789 0.9879 1.5183
DF5 0.3897 1.0647 0.5606 0.6934 1.1905 0.8054
DF6 0.7895 0.7975 1.409 1.1382 1.6074 1.4597
DF7 0.8485 1.6208 2.138 2.8795 0.8536 3.8252
DF8 0.3894 0.1672 1.2038 0.6667 0.9208 0.6957
DF9 0.7133 1.2719 0.9144 1.0728 0.8953 1.1852
DF10 0.2318 0.5033 1.1251 0.9071 0.8841 1.0639
DF11 0.312 6.6963 1.0036 0.785 0.9418 2.9518
DF12 0.3161 1.2453 0.7994 1.3 1.1716 1.6076
DF13 0.3377 2.3498 1.1502 2.4599 1.0359 1.9496
DF14 0.3144 1.3513 0.4078 0.2988 2.1164 1.0576

Table 5.3: Relative Results of the RL-KGB-DMOEA on the
DF Benchmark Suite, Change Frequency 10, Change
Severity 3. Lower values indicate better performance, except
for "avg_hv”, where higher values indicate better
performance.

the percentage increase or decreases compared to KGB-DMOEA. Taking a look
at the column "avg _time” one can see that the proposed algorithm is faster than
KGB-DMOEA in all cases. The speed increase range from up to 50% to 80% as
can bee seen with the DF10 problem for example. Taking a look at the "avg_igd”
column one can see that the performance losses are comparatively low in most cases,
with significant performance losses only in DF1, DF2, DF6 and DF8 where the
proposed algorithm showed up more than 20% worse performance. However for most
benchmark problems the results show that the proposed algorithm is comparable in
performance to KGB-DMOEA and sometimes even performs better with faster wall
clock time as seen in DF5. Here the proposed algorithm was able to result in around
40% increase in performance while also exhibiting a 60% lower
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Problem | avg time | avg_time_dev | avg_ igd | avg_igd dev | avg hv | avg_hv_dev
DF1 0.4989 4.1235 2.8381 4.7805 0.8991 7.3182
DF2 0.5011 3.3619 5.9095 2.7949 0.8096 3.4359
DF3 0.308 1.1715 0.8936 1.7182 1.0465 2.1429
DF4 0.2794 6.2241 1.0701 1.1842 0.994 24727
DF5 0.4066 5.2989 0.5675 0.3136 1.0418 0.5294
DF6 0.4683 0.427 2.4555 4.2081 0.7545 1.4606
DF7 0.5591 4.6427 2.5217 2.6449 0.857 4.9124
DF8 0.4141 0.5054 1.0728 0.7463 0.9879 0.6812
DF9 0.5344 1.0897 1.2084 1.4464 0.862 0.7364
DF10 0.3022 1.0885 0.9062 0.6382 0.962 1.0765
DF11 0.409 3.4889 0.9988 0.8322 0.9838 1.1285
DF12 0.3121 3.3079 0.8785 1.6425 1.0277 2.0524
DF13 0.405 3.3619 0.8959 1.0185 1.0381 0.9146
DF14 0.4151 2.6123 0.4238 0.2259 1.4557 0.3315

Table 5.4: Relative Results of the RL-KGB-DMOEA on the
DF Benchmark Suite, Change Frequency 30, Change
Severity 3. Lower values indicate better performance, except
for "avg_hv”, where higher values indicate better

performance.
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6. Future Work

In future work, the limitations of the approach used in this thesis for the proposed
algorithm will be further investigated.

One major limitation is the lack of a parameter sensitivity study. A sensitivity study
would provide a better understanding of how the proposed algorithm is affected

by different hyperparameters, and would also help to confirm its viability as an
alternative to the KGB-DMOEA method.

Another limitation is the limited scope of benchmark problems on which the al-
gorithm has been tested. Testing the performance on a wider range of benchmark
problems would provide a more comprehensive evaluation of the algorithm’s capab-
ilities.

Additionally, the proposed algorithm was only tested in environments without stochastic
effects. Therefore, it would be beneficial to test the proposed algorithm under

stochastic conditions to see if its performance potential holds in comparison to the
KGB-DMOEA.

Another potential avenue for future research is the use of model-based reinforcement
learning, where the agent also learns the behavior of the given optimization problem
directly. This can help improve the algorithm’s performance by focusing on the
unique characteristics of the optimization problem.

Finally, future work could also include investigating other prediction method combin-
ations and reward function designs, as well as exploring the potential for real-world
applications of the algorithm. Further research could also investigate the use of
more advanced reinforcement learning algorithms such as deep Q-learning [Gu-+16],
which would allow for more complex state and action spaces.



7. Conclusion

DMOPs are optimization problems that involve multiple time-dependent objectives
with significant practical relevance. To handle dynamics, DMOEA have been pro-
posed, using dynamic processing techniques to handle environmental changes.

Knowledge Guided Bayesian Classification is a state-of-the-art DMOEA that ex-
tracts knowledge from historical environments and uses naive Bayesian classifica-
tion as a prediction method to predict promising solutions to adapt to environ-

mental change. This method effectively solves DMOPs, outperforming most previ-
ous DMOEA in benchmark problems.

However, using this single prediction model is a significant limitation of KGB-
DMOEA as it may not be suitable for all encountered changes in the problem en-
vironment. Furthermore, the processing of historical information needed to train
the prediction model may slow down the optimization process, which can be an
unnecessary overhead in cases with linear changes in the problem environment.

In this thesis, an improved version of KGB-DMOEA was proposed to reduce the run-
ning time of the KGB-DMOEA without sacrificing too much performance. For this
purpose, a Q-Learning agent was used to select the appropriate prediction mech-
anism for environmental change based on the experience obtained from previous
environments. With this approach, the agent could learn which prediction mechan-
ism would render the best results in the current environment regarding prediction
quality and running time.

For this, the needed fundamentals, including the general optimization problem, its
extension to a multi-objective-, and a dynamically changing multi-objective defin-
ition, were first outlined in chapter 2. Furthermore, we introduced the Knowledge
Guided Bayesian Classification Algorithm and the basics of Reinforcement Learning
within this chapter.

In chapter 3, we discussed relevant related work of this research field and highlighted
the research gap this thesis aimed to fill. In chapter 4, we proposed the improved
algorithm, which uses a reinforcement learning framework to dynamically select
appropriate response strategies based on both performance and runtime.

One essential contribution of this work was the introduction of a boundary de-
tection mechanism to detect when the optimal solutions of a given problem are
located at the boundaries of the problem’s search space. This mechanism was used
to always select KGB-DMOEA at the problem boundaries, assuming that problem
behavior on the boundaries is less predictable and, therefore, always worth the com-
putational overhead of extracting knowledge from historical environments. Another
essential contribution was the introduction of decaying epsilon-greedy exploration



7. Conclusion

to the Q-Learning agent, which was used to balance exploration and exploitation in
the agent’s decision-making process. This was done to ensure that the agent would
widely explore the benefits of prediction methods for a given environment at the
start of an optimization run but would exploit the knowledge gained from previous
environments as the optimization process progressed.

In chapter 5, we introduced the DF benchmark problems as a tool to evaluate
the performance of dynamic multi-objective evolutionary algorithms and presented
commonly-used performance metrics. We then described the implementation of the
algorithm and conducted a performance study on the DF benchmark suite. With
extensive experiments in the commonly used DF benchmark suite, it was shown
that the proposed algorithm was able to perform at comparable levels to the KGB-
DMOEA while reducing the running time of the KGB-DMOEA by up to 60% in some
cases. The experiments conducted verify the efficacy of the proposed algorithm.

Although the proposed algorithm was able to reduce the running time of the KGB-
DMOEA without sacrificing too much performance, there is still room for further
research in this area. For one, the proposed algorithm was only tested on the DF
benchmark suite, a synthetic environment without stochastic effects. It would be
interesting to see how the proposed algorithm would perform in a real-world scenario
with a stochastic effect. Furthermore, the proposed agent was only trained using
Q-Learning, which is a relatively simple reinforcement learning algorithm. It would
be interesting to see how the proposed algorithm would perform if trained with more
advanced reinforcement learning algorithms.
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