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Science progresses best when observations force us to alter our preconceptions.

Vera Rubin

A tudomány akkor halad előre a leginkább, amikor a megfigyelések arra késztetnek

bennünket, hogy megváltoztassuk előfeltevéseinket.

Rubin Vera
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Abstract
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Reinforcement learning applications for selected industrial

optimization problems

by Tamás Kegyes

Exploiting the potential of the huge amount of data generated by the Industry 4.0

revolution requires more complex optimization methods. Reinforcement Learning

(RL) methods give efficient solutions for a wide range of difficult problems in

multiple areas, but nowadays it is still under-evaluated in industrial applications.

A major advance of using RL methods is that they can serve solutions not only

for a single problem but for a whole problem scheme. In this work, I give a

comprehensive overview of RL applications in the field of Industry 4.0 and present

a questionnaire guideline to identify the best-fitting RL methods based on the

problem properties.

As environmental aspects become increasingly important, disassembly problems

have become the focus of researchers. Hence, disassembly problems are not the

straight inverses of assembly problems, and the conditions are not standard, dis-

assembly optimization solutions require human control and supervision. I present

an integrated novel heuristic to target a dynamically pre-filtered action space for

the RL agent (dlOptRL algorithm) which significantly raised the efficiency of the

learning path.

Finally, I define a new problem class of constrained stochastic graph traversal prob-

lems (CSGTP), and prove that only the disassembly line balancing problems, but

also shortest path problems and Hamiltonian pathfinding problems belong to that.

I present the Q-compression method, which is applicable for solving mixed-integer

optimization problems, especially CSGTP as well by using a dynamic discrete rep-

resentation of the state space. The results contain further potential for delivering

highly automated optimization techniques in a wide range of industrial problems.
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feladatokon

ı́rta: Kegyes Tamás

Az Ipar 4.0 forradalom által generált hatalmas adatmennyiségben rejlő lehetőségek

kiaknázása összetettebb optimalizálási módszereket igényel. A megerőśıtéses tanu-

lási (reinforcement learning, RL) módszerek számos területen nyújtanak hatékony

megoldást komplex problémák széles körére, de még mindig alulértékeltek az ipari

alkalmazásokban. Az RL módszerek alkalmazásának érdemi előnye, hogy nem

csak egyetlen problémára, hanem egy egész problémasémára ḱınálnak megoldást.

Jelen dolgozatomban átfogó áttekintést adok az RL alkalmazásokról az Ipar 4.0

területén, és egy kérdő́ıv alapú útmutatót is bemutatok a legmegfelelőbb RL

módszerek azonośıtásához a megoldandó probléma tulajdonságai alapján.

A környezeti szempontok előtérbe kerülésével, a szétszerelési problémák is mind-

inkább a kutatók érdeklődésének fókuszába kerülnek. Minthogy a szétszerelési

problémák nem az összeszerelési problémák puszta inverzei, és a feltételei sem

standardak, ı́gy azok megoldása emberi iránýıtást és felügyeletet igényel. A dolgo-

zatban bemutatok egy új integrált heurisztikát, amelyben az RL ágens egy előszűrt

akciótérből választja ki a döntését (dlOptRL algoritmus), ezáltal jelentősen növelve

a tanulási hatékonyságot.

Végül bevezettem a korlátozott sztochasztikus gráf bejárási problémaosztályt, és

igazoltam, hogy nemcsak a szétszerelési problémák, hanem legrövidebb út-, és

Hamilton útkeresési problémák is ide tartoznak. Majd bemutatom a Q-tömöŕıtéses

RL módszert, ami az állapottér dinamikus diszkrét reprezentációja révén alkalmas

kevert egészértékű optimalizálási feladatok megoldására, különös tekintettel a fenti

problémaosztály elemeire. Az eredmények további potenciált rejtenek magasan

automatizált optimalizálási technikák fejlesztésére ipari problémák széles körében.

http://www.uni-pannon.hu/
http://mik.uni-pannon.hu/
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PANNONISCHE UNIVERSITÄT

Auszug
Fakultät für Ingenieurwissenschaften

Abteilung für Verfahrenstechnik

Doktor der Philosophie

Anwendungen zum verstärkenden Lernen für ausgewählte industrielle

Optimierungsprobleme

von Tamás Kegyes

Um das Potenzial der riesigen Datenmengen auszuschöpfen, die durch die Industrie-

4.0-Revolution generiert werden, sind komplexere Optimierungsmethoden erforderlich.

Bestärkendes Lernen (Reinforcement-Learning, RL)-Methoden bieten effiziente Lösungen

für eine Vielzahl schwieriger Probleme in verschiedenen Bereichen, werden jedoch in in-

dustriellen Anwendungen heutzutage noch unterschätzt. Ein großer Vorteil der Verwen-

dung von RL-Methoden besteht darin, dass sie nicht nur Lösungen für einzelne Probleme,

sondern für ganze Problemschemata bieten können. In dieser Arbeit gebe ich einen um-

fassenden Überblick über RL-Anwendungen im Bereich Industrie 4.0 und präsentiere

einen Fragebogenleitfaden, um die am besten geeigneten RL-Methoden basierend auf

den Problemeigenschaften zu identifizieren.

Da Umweltaspekte zunehmend an Bedeutung gewinnen, rücken Demontageprobleme in

den Fokus der Forschung. Demontageprobleme sind nicht einfach die direkten Gegenteile

von Montageproblemen, und die Bedingungen sind nicht standardisiert, weshalb Demon-

tageoptimierungslösungen menschliche Kontrolle und Überwachung erfordern. Ich stelle

eine integrierte neue Heuristik vor, die darauf abzielt, einen dynamisch vorfiltrierten Ak-

tionsraum für den RL-Agenten (dlOptRL-Algorithmus) anzusprechen, was die Effizienz

des Lernpfads erheblich erhöht.

Abschließend definiere ich eine neue Problemklasse von Eingeschränkte stochastische

Graph-Traversierungsprobleme (ESGTP) und zeige auf, dass dazu nicht nur Ausbal-

ancieren Probleme von Demontagelinien gehören, sondern auch kürzeste Pfadprobleme

und Hamiltonsche Pfadfindungsprobleme. Ich stelle die Q-Kompressionsmethode vor,

die geeignet ist, gemischt-ganzzahlige Optimierungsprobleme zu lösen, insbesondere ES-

GTP, indem sie eine dynamische diskrete Darstellung des Zustandsraums verwendet.

Die Ergebnisse bergen weiteres Potenzial für die Bereitstellung hochautomatisierter Op-

timierungstechniken für eine breite Palette industrieller Probleme.

http://www.uni-pannon.hu/
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Chapter 1

Introduction

Reinforcement learning (RL) has a significant opportunity to revolutionize artifi-

cial intelligence (AI) applications by serving a novel approach to machine learning

(ML) developments that allows the user to handle large-scale problems efficiently.

These techniques, together with widely used Internet of Things (IoT) tools, have

opened up new possibilities for optimizing complex systems, including domains

such as logistics, project planning, scheduling, and other industry-related domains.

Extracting this potential can result in fundamental progress in the transforma-

tion of Industry 4.0 [1]. Vertical and horizontal integration will be strengthened

during this digital transformation, flexibility should be increased, and human con-

trol and supervision should be focused [2], [3]. Furthermore, the data produced

by the integrated tools is increasing exponentially, which requires a higher level

of autonomous processes and decisions. Reinforcement learning is valuable for

developing self-optimizing and self-organizing Industry 4.0 solutions. The main

challenge of creating these applications is that several methods, techniques, and a

wide range of parameters must be defined. As the definition of these parameters

requires detailed knowledge of the nature of the RL algorithms, the first main goal

of this work is to provide a comprehensive overview of the RL methods from the

perspective of Industry 4.0 and smart manufacturing and to conclude tendencies

of how to apply RL methods for different problem types.

The increasing environmental pressures caused by human activities drive govern-

ments and organizations to limit or reduce their footprints. As an outcome, the

European Commission declared this a strategic goal. A new Circular Economy

Action Plan for a cleaner and more competitive Europe has been announced to

1
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transform the economy and society sustainably. There is a wide range of recom-

mendations and proposals on how these issues should be handled, and the key

point is to reduce consumption and increase the recycling rate. The efforts led

to the creation of the concept of circular economy, which is more complex than

just manufacturing optimization because it also covers the optimization steps of

the supply chain, disassembly, and recycling. The circular economy optimiza-

tion goal covers the recollecting and recycling processes that can be a bit more

complex because these are more stochastic and less controlled. The most basic

models assumed deterministic inputs, but advanced models started to handle the

uncertainty observed in real problems. Among others, the source materials and

their distributions are described by stochastic variables. Similarly, the disassembly

tasks, their required process times, and the demand values of the recycling steps

can also be stochastic attributes in some models.

Supply chain optimization and assembly line balancing have been intensively stud-

ied since the 1950s, while the focused analysis of disassembly lines started almost

40 years later. The second goal of my research was to explain in detail how to

construct a practical implementation for disassembly line balancing problems and

discover the advantages and disadvantages of using RL methods.

From a broader aspect, further similar optimization problems can be found, in

which formulations lead to mixed-integer (or mixed continuous-discrete) optimiza-

tion problems. The third goal of my work was to identify and describe a greater

problem class, which led me to constrained stochastic graph traversal problems.

Although efficient solutions for the classical shortest pathfinding problems are

known, these methods do not work with constraints and stochastically distributed

distances, which motivated me to turn to the reinforcement learning method. In

contrast with the most commonly used gradient-based solutions of mixed-integer

optimization problems, As the fourth goal of my research, I focused on a new

discretization approach for reducing the state space into a purely discrete space

representation. I applied the iterative policy optimization method to determine

the solution.

I identified a diverse set of problems belonging to the constrained graph traversal

class. Although the shortest pathfinding problem is a well-known combinatorial

optimization problem, its parameters are difficult to define precisely. It is easy to

see that the optimal route problem of a truck is practically a constrained shortest

pathfinding problem, where the constraints describe the working hours limits of the
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driver and the availability of parking or the fuel capacity limits. The daily planning

of an electric delivery van is a constrained Hamiltonian pathfinding problem, where

the constraints are based on the limits of the battery capacity and charging options

or the opportunities for battery exchange. Furthermore, disassembling all product

components after their life cycle is also a constrained graph traversal problem,

where a precedence graph describes component removal dependencies and the

constraints limit the use of parallel workstations. Finally, I need to point out

that, in real-life problems, these problems are rather stochastic optimization tasks

than discrete ones.

Reinforcement learning (RL) can be an obvious solution for sequential decision-

making processes such as step-by-step pathfinding. The objective function should

be implemented in the reward function and violation of constraints. However, ad-

ditional difficulties arise when considering stochastic effects or measurement un-

certainty: some continuous components must be integrated into the state space,

which becomes mixed discrete-continuous. There are successful methods to solve

the mixed integer problem using gradient-based or deep RL methods. RL tech-

niques can also solve constrained combinatorial optimization problems. Moreover,

stochastic shortest-path problems also have RL solutions. Compared to them, my

research aims to discover a new algorithm by performing discretization steps us-

ing the DBSCAN clustering method and applying a discrete RL method for mixed

continuous-discrete constrained stochastic graph traversal problems.

According to the goals of my research identified above, the structure of my dis-

sertation is as follows. Chapter 2 focuses on an extensive review of RL-based

solutions in Industry 4.0 applications and stands for the following major parts.

• First, in Section 2.1, I summarize the motivation for presenting a detailed

overview of RL applications in Industry 4.0 solutions and the applied method-

ology of the literature overview.

• Next, in Section 2.2, I give a short general introduction to the reinforce-

ment learning framework and summarize some of the main mathematical

properties behind the RL techniques. In Sections 2.2.1.2-2.2.1.9, I provide

a compact overview of 18 different RL methods. Furthermore, I present a

classification of RL methods that allows the reader to have a map for further

discussion.
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• As a next step, in Section 2.3, I summarize the key findings of the system-

atic literature review, provide a hands-on reference for further research and

discuss the conclusions of the general trends.

• Finally, in Section 2.4, I give a detailed guideline to support the reader in

following an appropriate methodology to set up an RL solution and help to

choose a suitable RL method for the different problems.

Chapter 3 discusses the disassembly line balancing problem, including an improved

RL solution, and has the following major elements:

• Section 3.1 Introduction to disassembly line balancing optimization

• First, in Section 3.2, I give a problem formulation of disassembly line opti-

mization problems. I summarize the notations, declare the objective function

components, and present an MIQP formulation with fewer decision variables.

It enables solving larger-size problems with the widely used solvers while

keeping the limitations of the decision variables.

• Section 3.3 presents all the necessary steps to prepare for an RL solution to

the previously defined disassembly problem. According to it, in Section 3.3.2,

I describe a novel algorithm called dlOptRL. It contains a built-in heuristic

to minimize the applicable action space and speed up the learning of an

RL agent. My algorithm highlights how RL methods can be combined with

problem-specific heuristics for efficient self-learning solutions. I also point out

that my algorithm belongs to the Heuristically Accelerated Reinforcement

Learning class.

• Section 3.4 describes two commonly used use cases for which I summarize

a MIQP solution as a reference and the results of the dlOptRL learning

path. I show that my solution effectively approximates the optimal solution

without prior preparations.

Chapter 4 presents a greater problem class that leads to mixed-integer optimization

problems, discusses a new RL method to solve it, and consists of the following key

components:

• In Section 4.2, I define the class of constrained stochastic graph traver-

sal problems and formulate the constrained shortest pathfinding problem
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(CSPP), the constrained Hamiltonian pathfinding problem (CHPP), and

the disassembly line balancing problem (DLBP). I also show that a solution

for CSPP can be used directly for CHPP and DLBP as well.

• In Section 4.3, I present a new multistep method called the Q-table compres-

sion method, which integrates different state space reduction steps with a

dynamic training sampling technique to deliver an adaptive policy iteration

algorithm.

• In Section 4.4, I demonstrate the applicability of my algorithm to three

selected use cases: a CSPP, a CHPP, and a DLBP example.

• In Section 4.5, I give a summary and conclusions, and I describe further

research directions and open research questions.

Finally, Chapter 5 concludes the main results of my research work due to the

following sections:

• In Section 5.1, I give a final overview of the results of my work and collect

future research questions and ideas that contain high potential.

• In Section 5.2, I present the thesis findings in an explicit form.

• In Section 5.3, I point out the applicability and usability of my scientific

results from a broader aspect.

I hope the reader will enjoy my dissertation and find it interesting and valuable.



Chapter 2

Reinforcement learning in

Industry 4.0

2.1 Introduction to Industry 4.0 applications

This chapter will present an overview of reinforcement learning methods in Indus-

try 4.0 applications. On the one hand, there are several overviews of reinforcement

learning methods from a theoretical point of view next to the fundamental book

on the topic [4]. On the other hand, a detailed semantic overview of the Industry

4.0 frameworks [5] and a categorization of the research fields of Industry 4.0 are

also described. A summary of key elements of Industry 4.0 research and several

application scenarios [6] highlighted the broad scope of smart manufacturing. Al-

though there is a lack of an extensive review of the Industry 4.0 revolution in

different aspects, several relevant articles are available on this topic [7]. A survey

on the applications of optimal control to scheduling in production, supply chain

and Industry 4.0 systems [8] focused primarily on principle-based studies. Most

industry 4.0 surveys and review articles declare the importance of optimization,

but only general approaches are usually discussed, and no detailed guidelines are

extracted. A comprehensive survey in the field of Industry 4.0 and optimization [9]

discussed recent developments in data fusion and machine learning for the indus-

trial prognosis, emphasizing identifying research trends, niches of opportunity, and

unexplored challenges. Even if it considered several ML methods and algorithms,

RL was mentioned only briefly without extracting its key fundamentals.

6
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All of this above strengthened the motivation to prepare a detailed overview of RL

applications and methods in the field of Industry 4.0 [R1]. My main goals with

this were:

• presenting a hands-on reference for researchers who are interested in RL

applications;

• giving compact descriptions of applicable RL methods;

• serving as a guideline to support them in quickly identifying the best fitting

subset of RL methods to their problems, letting them focus on the relevant

part of the literature.

My systematic review is based on examining the literature available from Scopus

following PRISMA-P (Preferred Reporting Items for Systematic reviews and Meta-

Analysis Protocols). The PRISMA-P workflow contains a 17-item checklist that

facilitates the preparation and reporting of a robust protocol in a standardized

way for systematic reviews. The literature source list was queried in February

2021 with the following keywords: TITLE-ABS-KEY ("reinforcement learning"

AND ("smart factory" OR "IOT" OR "smart

manufacturing" OR "industry 4.0" OR "CPS")).

781 from DB 2 from other source

783 after deduplication

695 screened 18 excluded

677 assessed 8 excluded w reason

669 inc. qualitative

601 inc. quantitative

Figure 2.1: PRISMA processing flow

Both the author keywords and the index keywords were involved in the analysis.

The keyword processing started with an extensive data cleansing process:

• by building up a standardized keyword unit (SKU) list and splitting complex

keywords into SKUs
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• by assigning SKUs to one of the following keyword classification types:

– Principle captured

– Industrial field of application

– Application field of solution

– Mathematical approach of application methodology

• by identifying major classification groups by classification types

781 articles were involved in the analysis. Of 14,035 original author and index key-

words, 2,579 duplications were filtered out. The remaining 11,456 keywords were

sliced into 45,824 SKUs. Finally, 12,017 keywords were assigned to classification

types that provide the main tendencies and relations of industrial applications of

reinforcement learning methods. Figure 2.1 shows the change in the size of the

assessed literature in the PRISMA steps.

2.2 Theoretical background of Reinforcement

Learning

In this section, I will summarize the fundamental concept of reinforcement learning

and present a general classification of RL methods.

There are three main paradigms in machine learning: supervised, unsupervised,

and reinforcement learning [9]. In supervised learning, the learner machine is

trained on a labeled dataset, which stands for multi-dimensional input data records

xi and the assigned scalar outcomes yi. The goal is to find the best fitting model f

that describes the relationship between the input vectors and the outcome scalars:

yi = f(xi). In unsupervised learning, the training dataset is still required, but it

contains unlabeled input records without output scalars. The learner machine aims

to discover assignment rules or hidden patterns between different subsets of input

dimensions or identify clusters in the input data where the elements within each

cluster are very similar to each other but significantly different from the elements

of other clusters. In reinforcement learning, the agent learns directly from the

consequence of its decision, no preliminary training dataset is given. Therefore,

the agent uses a hit-and-trial method to discover the environment and achieve the

best available outcome [10].
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In summary, supervised and unsupervised learning requires a preliminary dataset

with or without labeled records. In contrast, reinforcement learning can only get

results iteratively. Another significant difference is that in supervised learning the

learner machine tries to find the overall best fitting model, while in reinforcement

learning the agent tries to find the optimal point to reach the best outcome.

Reinforcement learning (RL) solves problems due to sequential learning. As Figure

2.2 represents the process, an agent takes observations of the environment and,

based on that, executes an action (At). As a result of the action in the environment,

the agent will get a reward (Rt) and can take a new observation (Ot) from the

environment, and the cycle is repeated. The problem is to let the agent learn to

maximize the total reward. The reinforcement learning concept was introduced in

[4, Section 3.1]. While in supervised and unsupervised learning, the model fitting

requires a complete set of observations, in reinforcement learning, the learning

process is sequential.

Agent

Environment

actionobservation reward

Figure 2.2: Reinforcement Learning framework

Reinforcement learning is based on the reward hypothesis, which states that all

goals can be expressed as the maximization of expected cumulative rewards. For-

mally, the history is defined as the sequence of observations, actions, and rewards:

Ht = O1, R1, A1, . . . , At−1, Ot, Rt.

The state is the information used to determine what happens next. Formally, state

is a function of history: St = f(Ht). Let Gt denote the total discounted reward

from the time step t: Gt = Rt+1 + γRt+2 + · · · = ∑∞
k=0 γ

kRt+k+1.

The state-value function v(s) gives the expected total discounted return if starting

from state s: v(s) = E[Gt|St = s]. The policy drives the agent’s behavior in

all possible cases, so it is essentially a map of states to actions. There are two

main categories in it: 1) the deterministic policy: a = π(s), 2) the stochastic

policy: π(a|s) = P[At = a|St = s]. The action-value function qπ(s, a) is the

expected return starting from state s, taking action a, and then following policy

π: qπ(s; a) = Eπ[Gt|St = s, At = a].
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Practically, the state-value function is a prediction of the expected present values

(PV) of future rewards that allows to evaluate the goodness of states, so it is a

map from states to scalars: vπ(s) = Eπ[Rt+1 + γRt+2 + γ2Rt+3 + . . . |St = s].

The optimal state-value function v∗(s) is the maximum state-value function in

all policies: v∗(s) = maxπ vπ(s). It is easy to find that if an optimal state-value

function is known, then an optimal action-value function and an optimal policy

can be derived.

The concept of reinforcement learning is based on stochastic processes and Markov

chains. The Markov property is fundamental to the mathematical foundation of

reinforcement learning methods. A state is Markov if and only if the P[St+1|St] =

P[St+1|S1, . . . , St] condition holds. By definition, a Markov Decision Process (MDP)

is a tuple of ⟨S;A;P ;R; γ⟩, where S is a finite set of states, A is a finite set of

actions, P is a state transition probability matrix, Pa
ss′ = P[St+1 = s′ | St =

s, At = a], R is a reward function, Ra
s = E[Rt+1 | St = s, At = a], γ is a discount

factor, γ ∈ [0; 1] and t time-steps are discrete. The Bellman equation practi-

cally states that the state-value function of an MDP can be decomposed into

two parts: immediate reward and the discounted value of the successor states:

v(s = St) = Rt+1 + γv(St+1).

Environments can be distinguished by their observability. Let denote Sa
t the

agent’s state at time-step t, Se
t the environment’s state. The environment can

be 1) fully observable if the agent directly observes all states of the environment

(Ot = Sa
t = Se

t ), or partially observable if the agent has indirect observations

(Sa
t = (P[Se

t = s1], . . . ,P[Se
t = sn])).

2.2.1 Reinforcement learning methods

In this section, I describe the major methods of reinforcement learning one by

one, highlighting their properties and evolutionary stages, following David Silver’s

approach from the most simple to the most complex.

2.2.1.1 Multi-armed bandit problem

The multi-armed bandit problem (MABP) is one of the simplest introductory

problems in reinforcement learning. An agent repeatedly chooses from k options
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or actions. After each choice, it receives a numerical reward based on a stationary

distribution corresponding to its selection. The objective is to maximize the total

rewards collected in a given time period or in a limited number of steps. The

problem was named in analogy to a slot machine, or ’one-armed bandit’, except

that it has k levers instead of one.

Obviously, if the q∗ action-value function is known, the k-armed bandit problem

would be trivially solvable. Therefore, those scenarios should focus on cases where

action values are not known with complete certainty, although they may have

estimates. The core challenge lies in adequately balancing exploration and ex-

ploitation. During exploration, the agent gathers information about the rewards

associated with previously unselected actions, whereas, during exploitation, it se-

lects the action that appears optimal based on its current knowledge.

If exploration is chosen too frequently, the agent may accumulate irrecoverable

losses or miss out on potential gains. Conversely, if exploration is chosen too infre-

quently, the agent may fail to discover actions with higher rewards and, as a result,

suffer long-term losses. Various sophisticated methods exist to balance exploration

and exploitation, ensuring that, under certain conditions, the agent’s performance

converges to the maximum attainable total reward. However, these conditions

are not always guaranteed to hold in practical applications. Nevertheless, the

k-armed bandit problem provides a prominent and fundamental framework for

understanding the trade-off between exploration and exploitation.

2.2.1.2 Dynamic programming

Dynamic programming (DP) covers a decision process by breaking it down into a

sequence of elementary decision steps over time. ”Dynamic” refers to the sequen-

tial approach, while ”programming” refers to its optimization objective.

In this Section, all the methods work assuming the environment is perfectly known.

The iterative policy evaluation method is described for learning the state-value

function of a given policy π. The value iteration method is used to determine

the optimal state-value function. However, actions are taken according to any

given policy π, and last but not least, the policy iteration is presented to derive

an optimal policy to the environment.
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Dynamic programming (DP) algorithms are generally limited because they assume

that they know the environment perfectly and have high computational require-

ments. However, dynamic programming methods provide the essence of the ideas

used in advanced techniques in an easily understandable form.

Iterative policy evaluation

Assume that a policy π is given and actions are taken according to it. The goal

is to determine the state-value function vπ by iterative application of the Bellman

backup: v1 → v2 → · · · → vπ. At each and every iteration step, the state-value

function should be updated in the following way:

vk+1(s) =
∑
a∈A

π(a|s)
(
Ra

s + γ
∑
s′∈S

Pa
ss′vk(s′)

)
(2.1)

On the basis of the single Bellman decomposition, the π(a|s) term provides the

probability of taking action a by following policy Π. The Ra
s term shows the

discounted direct reward from state s by taking action a, while vk(s′) term shows

the upcoming cumulative rewards, and finally Pa
ss′ describes the probability of the

trajectory occurring. It can be proven that with weak conditions, the proposed

state-value function update will converge to vπ(S) [4, Section 4.2].

Value function iteration

The iterative policy evaluation method can be extended to find an optimal state-

value function v∗(s). The main idea behind that iteration should be done by

starting from the final reward and working backwards. Assume that the solution

of subproblem v∗(s′) is known. Then by the solution of next iteration step v∗(s)

can be found by one-step look-ahead:

v∗(s)← max
a∈A

(
Ra

s + γ
∑
s′∈S

Pa
ss′v

∗(s′)

)
(2.2)

It can be easily seen that for finite state space S, the determination of optimal

state-value function for all the available states can be done in a finite number of

steps [4, Section 4.4].
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Policy iteration

The fundamental concept of policy iteration is to determine the optimal policy

by alternating between policy evaluation and policy improvement. The goal is

to find the best possible action-selection strategy that maximizes the expected

cumulative reward. In the policy evaluation step, a fixed policy π is given. The

agent computes the corresponding state-value function vπ(s) by solving the Bell-

man equation iteratively, as discussed earlier. This step determines how good a

given policy is by estimating the expected rewards when following it. Then, in the

step of policy improvement, the agent uses the given current value function vπ(s)

to update the policy by choosing actions that maximize the expected reward:

π′(s)← max
a∈A

(
Ra

s + γ
∑
s′∈S

Pa
ss′v

∗(s′)

)
(2.3)

If the policy stabilizes, so no further changes occur, the algorithm has converged

to an optimal policy π∗ [4, Section 4.3]. It has been proven that policy iteration is

guaranteed to converge to an optimal policy in finite Markov Decision Processes

(MDPs) [11]. The policy iteration learning process is demonstrated in Figure 2.3.

π V

π∗ V ∗

...

evaluation: V → V π

improvement: π → greedy(V )

Figure 2.3: Learning by policy iteration method

Asynchronous dynamic programming

Asynchronous dynamic programming (ADP) is a variation of traditional dynamic

programming methods that update different parts of the state-value function at

other times rather than updating all states simultaneously. This approach allows

for more flexible and scalable computations, making it suitable for large-scale

problems where full sweeps of the state space are computationally infeasible. ADP

methods update states in an arbitrary order, often prioritizing updates where the

most significant changes occur. These methods still rely on the Bellman equation

but can converge faster by focusing on the most needed computational effort.
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2.2.1.3 Model-free prediction methods

Unlike dynamic programming, model-free methods do not require a perfectly

known environment. Instead, they need only experience samples or sequences

of states, actions, and rewards, with no prior knowledge of the environment.

This section presents the Monte-Carlo learning method based on averaging the

experience. Then, the Temporal-Difference learning method is discussed to let

the agent learn by more frequent but smaller steps by applying bootstrapping

techniques. In contrast, the Temporal-Difference(λ) learning method extends the

Temporal-Difference method’s one-step learning to multiple-step learning.

Monte-Carlo learning

The Monte-Carlo (MC) agent solves the RL problem by applying the average sam-

ple return to learn from complete episodes. Hence, episodes must be guaranteed to

be terminated because otherwise, the learning process cannot be performed. MC

uses the most straightforward idea by assigning the empirical mean of the returns

to a specific state [4, Section 5.1]. There are two main types of MC methods:

• First-visit MC : only a state’s first visit will be involved in the calculation

during an episode. Assume that state s is visited for the first time in time

period t. Denote Gt the total return from the time period t and N(s) the

number of times that state s is visited, while S(s) the sum of Gt returns

up to the current episode. Then the estimate of the state-value will be the

empirical mean: V (s) = S(s)/N(s). As the experience grows, as N(s)→∞,

the long-term mean will converge to the state-value function: V (s)→ vπ(s).

• Every-visit MC : all visits of a state will be involved in the calculation during

an episode. Formally, the main difference from the first-visit MC is that N(s)

needs to be incremented in each time period t whenever the state s is visited.

From a computational point of view, it is important to mention that the empirical

mean is determined incrementally in practice. Denote V (n)(s) the estimate of the

value-function, while S(n)(s) the cumulative sum of returns after episode n then

G
(n)
t the total return in episode n from time period t when state s is visited and

assume that state s is visited kth times overall.



Chapter 2. Reinforcement learning in Industry 4.0 15

V (n)(s) =
1

k
S(n)(s) =

1

k

n∑
i=1

S(i)(s) =
1

k

n−1∑
i=1

S(i)(s) +
1

k
G

(n)
t = (2.4)

=
1

k
(k − 1)V (n−1)(s) +

1

k
G

(n)
t = V (n−1)(s) +

1

k

(
G

(n)
t − V (n−1)(s)

)
Figure 2.4 shows the learning process of the Monte-Carlo method. It can be easily

seen that the learning step is performed at the end of an episode.

State S1 State S2

Action A1 . . .
Action A2 . . .State St State Sn

Action An−1

Value function
update

next episode

Figure 2.4: Monte-Carlo learning method

Temporal-Difference learning

The Temporal-Difference (TD) agent learns from incomplete episodes by applying

bootstrapping. Compared to MC learning, TD uses the best guess of the total

return, or formally Rt+1 + γV (St+1) instead of episodic experience Gt to calculate

the values’ estimates V (s). This single difference indicates that the TD agent can

perform a learning step after each and every action [4, Section 6.1], as Figure 2.5

shows. As a consequence, it can be applied to never-ending episodes.

State S1 State S2

Action A1

Value function
update

. . .
Action A2 . . .State St

Value function
update

State Sn

Action An−1

Value function
update

next episode

Figure 2.5: Temporal-Difference learning method

Temporal-Difference(λ) learning

There are intermediate solutions between TD that perform updates of the value

function (VF) estimate after a one-step return and MC that performs updates

only at the end of an episode (practically ∞-step return). The main idea behind

this approach is to apply the normalized geometric series (1−λ)λn−1 to weight the

n-step returns G
(n)
t [4, Section 7.1]. In this case, the estimate of the value function

will use a weighted total return of Gλ
t = (1− λ)

∑∞
n=1 λ

n−1G
(n)
t . It can be shown
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that TD(0) is equivalent to every-visit MC learning, and TD(1) is equivalent to

the original TD learning methods. Furthermore, TD(λ) methods can be applied

both forward and backward. The algorithms shown in this section can be used

whether

• in offline mode: value function estimate updates are accumulated within

episodes but applied only at the end of the episode or

• in online mode: value function estimate updates are accumulated within

episodes and can be applied immediately.

A unified view of model-free prediction techniques is shown in Figure 2.6. First,

it was created by Richard Sutton, but David Silver prepared this version. It

highlights the two most important dimensions of learning methods: the vertical

dimension represents the depth of the updates, while the horizontal dimension

represents the width of the updates.

Dynamic
programming

Exhaustive
search

Temporal
difference

Monte
Carlo

Full
backups

Sample
backups

Shallow
backups

Deep
backups

bootstrapping, λ

Figure 2.6: Unified view of model-free prediction techniques

2.2.1.4 Model-free control methods

In the previous Section, model-free prediction methods were summarized. These

methods learn from others’ experiences, so acting policies are managed externally

and called off-policy learning. In contrast, on-policy learning allows the algorithm

to take actions based on its own policy. Hence, a primary objective steps forward:

to optimize the policy.
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In this section, the ϵ-Greedy policy iteration is described to combine the exploita-

tion of current knowledge of optimal decisions and the exploration of unknown

new potentials. Furthermore, the on-policy temporal-difference control method,

known as the SARSA method, is presented by applying bootstrapping techniques

to speed up the learning process.

ϵ-Greedy policy iteration control

ϵ-Greedy policy iteration covers a combined solution. On the one hand, the MC

method is applied to learn the action-value function Q(s; a). On the other hand,

the agent can act greedily, meaning it will choose the optimal action based on the

actual action-value function Q(s; a). This kind of action policy exploits only the

current experience and does not support the exploration of alternatives. With a

slight change in the strategy, this kind of issue can be solved: let the agent act

randomly with probability ϵ, and greedily with probability (1− ϵ) [4, Section 5.4]:

π(a|s) =


1− ϵ + ϵ

m
if a = argmax

a′∈A
Q(s, a′)

ϵ
m

otherwise

(2.5)

On-policy temporal-difference control method, aka SARSA method

Similarly to model-free prediction methods, an algorithm lets the agent learn from

incomplete episodes by applying bootstrapping [4, Section 6.4]. In this case, the ϵ-

Greedy policy iteration method needs to be modified in the following way: instead

of using the MC method, TD learning should be applied to learn the action-value

function Q(s; a) that allows one to perform a learning step after each and every

action and acting according to the most updated action-value function in a way

similar to that of the ϵ-Greedy policy iteration. The SARSA name comes from an

acronym: State s → Action a → Reward r → State s′ → Action a′. Following

the SARSA method, the update of the action-value function should look like:

Q(s; a) ← Q(s; a) + α
(
r + γQ(s′; a′) − Q(s; a)

)
. It can be proved that, under

certain conditions, SARSA action-value function converges to the optimal action-

value function: Q(s; a)→ q∗(s; a).
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2.2.1.5 Off-policy learning

There are several situations in which the learning process is not based only on

its own experience. Formally, this means that the target policy π(a|s) or state-

value function vπ(s) or action-value function qπ(s; a) is determined by observing

the results of an external behaviour policy µ(a|s).

This section shows the importance sampling (IS) to determine the most accurate

learning objective. Then, Q-learning is described as an effective alternative for

obtaining a function iteration with a lower variance.

Importance sampling

One possible way to handle the difference between the target and behaviour

policies is importance sampling when a correction multiplier is applied by pro-

cessing observations [4, Section 5.8]. If MC learning is combined with impor-

tance sampling, then the update of the value-function will look like: (St) ←
V (St) + α

(
G

π/µ
t − V (St)

)
. But because corrections are made at the end of an

episode, the product of multipliers can drive a dramatically high variance. Hence,

MC learning is not suitable for off-policy learning.

Therefore, TD learning seems much more adequate to combine with importance

sampling, because the correction multiplier should be applied for only a single step

and not for a whole episode:

(St)← V (St) + α

(
π(At|St)

µ(At|St)

(
Rt+1 + γV (St+1)

)
− V (St)

)
(2.6)

Q-learning

Another possible way to handle the difference between the target and behaviour

policies is to modify the value-function update logic as Q-learning does [4, Section

6.5]. Assume that in state St the very next action is derived by using behaviour

policy: At+1 ∼ µ(·|St). By taking action At+1 immediate reward Rt+1 and the

next state St+1 will be determined. But for value-function update, consider an

alternative successor action based on target policy: A′ ∼ π(·|St). Therefore,

importance sampling will not be necessary, and the Q-learning value function

update will look like: Q(St;At)← Q(St;At)+α
(
Rt+1+γQ(St+1;A

′)−Q(St;At)
)

.
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In a special case, if the target policy π is chosen as a pure greedy policy and the

behaviour policy µ follows the ϵ-greedy policy, then the so-called SARSAMAX

update can be defined as follows: Q(S;A)← Q(S;A) +α
(
R+ γ maxa′ Q(S ′; a′)−

Q(S;A)
)

. Last but not least, it was proven that Q-learning control converges to

the optimal action-value function: Q(s; a)→ q∗(s; a).

2.2.1.6 Value function approximation

The Reinforcement Learning methods discussed in the previous sections repre-

sented value functions by lookup tables, but in practice, operating with state- or

state-action-level lookup tables is not feasible. On the one hand, it would be very

memory and computation-intensive, and on the other hand, the learning process

would be too slow if the state and/or action spaces are large. The solution for

such large problems is to estimate the state-value and action-value functions with

function approximation: v̂(s;w) ≈ vπ(s) and similarly: q̂(s; a;w) ≈ qπ(s; a).

There are many kinds of function approximation methods that can be applied:

linear combination of features, neural network, decision tree, and Fourier bases.

In this Section, the first two types of methods are discussed. First, the gradient

descent method is presented, which can be effectively combined with Monte-Carlo

or Temporal-Difference methods for value function approximations. Then, the

deep Q-network is described, serving as a more sample-effective learning method.

Value function approximation by stochastic gradient descent

A well-known tool for the function approximation is gradient descent [4, Section

9.3]. Denote J(w) as a differentiable function of the parameter vector w. Define

the gradient of J(w) as ∇wJ(w) =
(

∂J(w)
∂w1

, . . . , ∂J(w)
∂wn

)T

. To find a local minimum

of the parameter J(w), w must be adjusted in the direction of the negative gradient

by ∆w = −1
2
α∇wJ(w) where α is the learning step-size parameter.

A practical solution is to use gradient descent with a linear combination of features

because the formulas become much simpler in this case. The representation of

the value-function will look like: v̂(S;w) = x(S)Tw =
∑n

i=i xi(S)wi, while the

objective function to minimize the mean-squared error between the true value

function and its approximation can be calculated using the formula of J(w) =

Eπ

[(
vπ(S)−x(S)Tw

)2]
. It is proven that stochastic gradient descent with a linear

combination of features converges to the global optimum. Furthermore, the update
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rule is quite simple: ∇wv̂(S;w) = x(S), and then ∆w = α
(
vπ(S)− v̂(S;w)

)
x(S).

The result shows that the adjustment parameter w stands for three components:

learning step-size · prediction error · feature value. In practice, the true value

function is usually not known, but a noisy sample of it is known at different

methods:

• for MC method, the target is Gt and hence parameter update:

∆w = α
(
Gt − v̂(St;w)

)
∇wv̂(St;w)

• for TD(0) method, the target is the TD target Rt+1 + γv̂(St+1;w) while

parameter update:

∆w = α
(
Rt+1 + γv̂(St+1;w)− v̂(St;w)

)
∇wv̂(St;w)

• for TD(λ) the target is λ-return Gλ
t and parameter update:

∆w = α
(
Gλ

t − v̂(St;w)
)
∇wv̂(St;w)

Whichever method is chosen, the RL learning process needs to update the value

function approximation with the same frequency as the original method.

Deep Q-network

Even though gradient descent-based value function approximation methods can

be very calculation-effective and updates can be managed incrementally, they are

less sample-effective, which means that the information that could be extracted

from an observation will not necessarily be exploited.

There are batch methods that work with experience replay (ER). Preliminarily, all

observed experiences should be collected. Denote D the consisting experience of

state-value pairs: D =
〈
⟨s1; vπ1 ⟩, . . . , ⟨sn; vπn⟩

〉
. Artificial observations can be gen-

erated by random sampling from the history of experience: ⟨s; vπ⟩ ∼ D Therefore,

stochastic gradient descent can be applied to it: ∆w = α
(
vπ−v̂(s;w)

)
∇wv̂(s;w).

In this way, wπ converges to an optimal least-squares solution.

One of the most commonly used RL methods was born by combining experience

replay and Q-learning with a periodically frozen target policy:

1. Using behavior policy, action at can be taken according to ϵ-greedy policy.

2. Transitions should be stored in replay memory D as ⟨st, at, tt+1, st+1⟩.
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3. Random minibatch samples of transitions (s, a, r, s′) can be generated fromD

4. Based on them, Q-learning targets will be determined by using fixed param-

eters w−

5. Minimize mean squared error between Q-network and Q-learning targets:

Li(wi) = Es,a,r,s′∼Di

[(
r + γ max

a′
Q(s′, a′, w−

i )−Q(s, a, wi)
)2
]

(2.7)

2.2.1.7 Policy gradient

In contrast to value-based methods where optimal action can be determined based

on the learned value function in a particular state, policy gradient (PG) methods

directly approximate the optimal policy:πθ(s, a) = P[a|s, θ].

It is necessary to have an objective function J(θ) to measure the goodness of

fitting policy πθ to the optimal policy. In this case, policy-based RL becomes an

optimization problem to find the optimal θ according to J(θ). Some methods use

gradients such as gradient descent, conjugate gradient, or Quasi-Newton method,

and others do not, such as hill climbing, simplex, or genetic algorithms. In general,

these kinds of methods show better convergence properties and can work effectively

with high-dimensional or continuous action spaces, and last but not least, they

can learn stochastic policies. However, policy gradient methods typically converge

to a local optimum rather than a global one. It is essential to note that the

value functions can also be used to learn the optimal θ parameter. However, once

learned, the value functions are unnecessary when selecting the optimal action.

Softmax

Let J(θ) be a policy objective function. Policy gradient descent algorithms search

for a local optimum in J(θ) by ascending the gradient of the policy: ∆θ = α∇θJ(θ)

By assuming that policy πθ is differentiable and its gradient is ∇θπθ(s, a). Likeli-

hood ratios can be transformed to the following form:∇θπθ(s, a) = πθ(s, a)∇θπθ(s,a)
πθ(s,a)

=

πθ(s, a)∇θ log πθ(s, a), where ∇θ log πθ(s, a) is called score function.

The Softmax policy method is based on the approach of weighting actions using

linear combinations of features ϕ(s, a)T θ [4, Section 13.2]. Therefore, the proba-

bilities of actions are proportional to exponentiated weights: πθ(s, a) ∝ eϕ(s,a)
T θ

The score function looks like the following: ∇θ log πθ(s, a) = ϕ(s, a)− Eπθ
[ϕ(s, ·)].
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Gaussian/Natural policy gradient

In continuous action spaces, Gaussian policy is a natural option. In this case, the

mean is a linear combination of features: µ(s) = ϕ(s, a)T θ. Fixing the variance as

σ2, the policy will be Gaussian: a ∼ N
(
µ(s), σ2

)
. The score function will look

like: ∇θ log πθ(s, a) = 1
σ2

(
a− µ(s)

)
ϕ(s).

Monte-Carlo policy gradient method aka REINFORCE

Monte-Carlo policy gradient method, or, by a more popular name, the REIN-

FORCE algorithm, updates the θ parameter by using stochastic gradient ascent.

It is firmly based on the policy gradient theorem that generalizes the likelihood

ratio approach to multi-step MDPs by replacing immediate reward r with long-

term values of Qπ(s, a) with weak restrictions on J(θ). The key idea behind that

the locally optimal policy can be found by ascending the gradient of the objec-

tive function as follows: θt+1 ← θt + α∇θt log πθt(st, at)vt, where vt is an unbiased

sample of Qπ
θt

(st, at).

Actor-critic policy gradient

In practice, REINFORCE still has a high variance. To handle it, the action value

function can also be estimated: Qw(s, a) ≈ Qπθ(s, a). In this way, there are two

sets of parameters:

• Critic: updates action-value function parameters w

• Actor: updates policy parameters θ according the actual version of critic

Essentially, the actor tries to find the probability of all the available actions and se-

lect the best one. Meanwhile, the critic evaluates the selected action by estimating

the value of the new state that results from performing the action.

2.2.1.8 Model-based methods

Model-free methods learn the value-function and/or policy directly from their

experience of a real environment. Extending the experience collection process can

increase the accuracy of RL knowledge. This can be achieved either by setting up

an artificial virtual environment and defining reward and state transition functions
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that describe the real environment well or by building a model that approximates

the real environment by learning its history.

If it is assumed that the state space S and the action space A are known, then

the model M = ⟨Pη;Rη⟩ is a representation of MDP ⟨S;A;P ;R⟩ if St+1 ∼
Pη(St+1|St, At) and Rt+1 = Rη(Rt+1|St, At). The learning model from experi-

ence is a supervised learning problem. Figure 2.7 presents the basic concept of

model-based learning methods.

Policy

Model Environment

Planning Action

Learning

Figure 2.7: Model-based reinforcement learning process

First, the model should learn, and therefore, an internal simulation environment

can be defined. Then, the model representation and the model-free RL methods

can be used. So, model-based techniques differ from model-free ones in using

internal model representation to derive rewards and state transitions.

Prioritized sweeping

Prioritized sweeping (PS) improves value iteration by prioritizing updates to states

that are expected to have the most significant impact on future decisions. Instead

of performing uniform updates across all states, it maintains a queue of priority

updates and processes them in order of significance.

The priority of a state s is typically based on the temporal difference error: p(s) =

|r + γ maxa′ Q(s′, a′)−Q(s, a)|

Prioritizing sweeping significantly improves the convergence speed compared to

standard value iteration by focusing on the most important updates and skipping

unnecessary ones [4, Section 8.4].

DYNA

DYNA is a hybrid RL approach that combines model-free and model-based learn-

ing. It uses real experiences to learn both a model of the environment and an
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Figure 2.8: DYNA framework

action-value function. The model is then used to generate simulated experiences,

which are used to update the value function, accelerating learning.

As Figure 2.8 shows, the DYNA framework involves:

• Direct RL updates: Learning from real experiences.

• Learning: Estimating state-transition probabilities and rewards.

• Planning with Simulated Experiences: Using the learned model to generate

additional training data.

By integrating these components, DYNA enables faster learning compared to

purely model-free methods.

Imitation Imitation learning (IL) is an RL paradigm where an agent learns to

make decisions by mimicking expert demonstrations rather than learning purely

through trial and error. This approach is particularly useful when designing a

reward function is difficult or when exploration-based learning is too costly or

unsafe.

There are two main types of imitation learning:

1. Behavioural cloning (BC): This is a supervised learning approach in which an

agent directly maps states to actions based on expert demonstrations. The

agent learns a policy π(s) from given expert trajectories (st, at) that approx-

imates the expert’s decision-making process: π(a|s) ≈ π∗(a|s). Behavioural

cloning is simple and efficient but suffers from compounding errors: mistakes

can propagate if the agent encounters states not covered in the given expert

data.
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2. Inverse Reinforcement Learning (IRL): Instead of directly learning a policy,

IRL infers a reward function from expert demonstrations and then optimizes

a policy based on this learned reward function. The main advantage of

IRL is its ability to generalize beyond the specific actions demonstrated by

the expert. Still, it is computationally expensive and often requires solving

multiple reinforcement learning problems.

Figure 2.9 summarizes a classification of the discussed reinforcement learning

methods in a tree structure.

RL methods
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RL

Multi-policy
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Single-policy
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Single-objective
RL

Model-based
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Every-visit MC

First-visit MC

Dynamic
programming

Asyncronous
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Figure 2.9: Classification tree of reinforcement learning methods
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2.2.1.9 Multi-agent learning systems

At Industry 4.0 applications, no single RL agent is usually set up, but multiple

ones. Multi-agent reinforcement learning (MARL) topic addresses the sequential

decision-making problem of numerous autonomous agents operating in a common

or quite similar environment, each of which aims to optimize its own long-term

return by interacting with the environment and a central system and/or other

agents.

Markov games

One way to generalize MDPs for applying multiple agents is Markov games (MG),

also known as stochastic games. Formally, the Markov game can be defined as a

tuple
〈
N ,S, {Ai}i∈N ,P , {Ri}i∈N , γ

〉
, where N = {1, . . . , N} denotes the set of

agents N > 1, S denotes the state space of all agents, and Ai denotes the action

space of agent i ∈ N . Introducing A = A1 × · · · × AN , let P : S × A → S the

transition probability function from any state s ∈ S to a particular state s′ ∈ S
for a joint action of a ∈ A, while Ri : S ×A× S → R is the reward function that

determines the immediate reward by starting from state s, taking action a and

moving to state s′. Lastly, γ ∈ [0, 1) is the discount factor. Figure 2.10 shows the

general framework of Markov games.

Environment

Agent 1

Agent 2

. . .

Agent N

(s, r1)

(s, r2)

(s, rN )

a1

a2

aN

Figure 2.10: Schematic diagram of Markov games

Markov games extend traditional reinforcement learning to environments where

multiple agents interact, either competitively or cooperatively. Each agent learns

its own policy while considering the presence and actions of other agents. There

are multiple basic ways to organize learning:
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• local learning, no centralized knowledge (see Figure 2.11a)

• local knowledge deployment, local learning, central knowledge collection

• local knowledge deployment, local learning with knowledge transfer to close

neighbourhoods (see Figure 2.11b)

• local knowledge deployment, centralized learning (see Figure 2.11c)
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Figure 2.11: Cooperation concepts of multi-agent learning systems

The complexity arises due to non-stationarity—since the environment dynamics

change as other agents learn. To resolve this problem it can be assumed that all

agents have the same or identical reward function in a fully cooperative setting:

R1 = R2 = · · · = RN = R. This is also referred to as multi-agent MDP (MMDP).

With this approach, the state- and action-value functions are identical to all agents,

which thus enables the single-agent RL algorithms to be applied if all agents are

coordinated as one decision maker. The global optimum for cooperation now

constitutes the Nash equilibrium of the game.

Nash equilibrium (NE) characterizes an equilibrium point π∗, from which none of

the agents has any incentive to deviate. As a standard learning goal for MARL,

NE always exists for discounted MGs but may not be unique in general. Most of

the MARL algorithms are contrived to converge to such an equilibrium point.

There are multiple approaches for using MARL setup:
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Distributed MARL

In distributed multi-agent reinforcement learning, agents learn in a decentralized

fashion, each updating their own policies independently, often in parallel. This

setup is particularly useful for large-scale problems where centralized coordination

is impractical due to communication constraints or computational costs.

Each agent follows its own policy πi(a|s) and updates it based on local experiences

without direct synchronization with other agents. Distributed learning methods

commonly use experience replay across agents or asynchronous policy updates to

improve sample efficiency and scalability [4, Section 15.10].

Cooperative MARL

Cooperative MARL focuses on optimizing a shared team objective rather than

individual rewards. Agents must work together to achieve a common goal, often

modelled as a partially observable Markov game (POMG). A popular method

is Centralized Training with Decentralized Execution (CTDE), where agents are

trained together but act independently using learned policies.

A key challenge in cooperative learning is the credit assignment problem, where

it is difficult to determine which agent’s actions contributed to a positive or neg-

ative outcome. Techniques such as difference rewards or multi-agent actor-critic

(MAAC) help improve coordination.

Collaborative MARL

Collaborative MARL is a broader concept where agents not only cooperate but

also actively share knowledge to accelerate learning. Unlike traditional cooperative

methods where agents optimize a shared objective, collaborative learning allows

agents to exchange experiences or gradients to improve sample efficiency.

One approach is experience sharing (ES), where agents periodically share trajec-

tories to help others learn from different perspectives. Another method is pol-

icy distillation, where multiple agents transfer their learned policies into a single

shared model.

Centralized MARL

In centralized MARL, a single learning process optimizes the policies of all agents

together, often using a shared value function or a centralized critic. The goal is to
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optimize a global objective rather than individual rewards. Centralized learning

can be formulated as:

Q(s, a1, ..., aN) = E

[
∞∑
t=0

γtRt

]
(2.8)

where Q(s, a1, ..., aN) represents the joint action-value function for all agents.

This approach benefits from full observability and coordination but suffers from

scalability issues as the number of agents increases.

Federated MARL

Federated reinforcement learning is a privacy-preserving approach where multiple

agents learn collaboratively without directly sharing raw data. Instead, they train

local policies and periodically communicate model updates to a central server that

aggregates the policies into a global model:

πglobal =
1

N

N∑
i=1

πlocal
i (2.9)

This is particularly useful in scenarios where data privacy is critical. A challenge

in federated RL is ensuring stability in policy aggregation, as different agents may

have vastly different local environments and objectives.

This summary of the major reinforcement learning methods gave a valuable and

efficient overview of the concept behind it. As my literature overview shows, there

are numerous further modifications and extensions in addition to the basic meth-

ods. Later in this chapter, I will present a questionnaire in Figure 2.15 to ensure

the appropriate methodology to set up an RL solution and to determine appro-

priately the relevant classes of RL methods that can provide a suitable solution to

be fitted to their learning problems.
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2.3 Overview of the Industry 4.0 relevant appli-

cations

In this section, I will present hands-on references in tabular format based on my

data cleansing process results and some significant outcomes of systematic litera-

ture analysis. These will highlight some general trends that can help the reader

successfully apply RL methods by preventing inappropriate trials and thereby

shortening development periods. In the final part of the section, I will present a

hands-on guideline to summarize the key conclusions.

2.3.1 Classification of applications by principle captured

The main goal of this section is to give an overview of the principal captured

problem types for which reinforcement learning was applied, to describe the major

tools that gave an impressive performance for each and every problem category,

and finally, to highlight some typical issues that need to be taken care of during

the implementation.

I identified the most relevant keywords assigned to a captured principle by per-

forming an SKU analysis. Table 2.1 lists the associated publications by principal

categories captured.

Furthermore, Figure 2.12 shows the principal classes captured by the reinforcement

learning methods. The frequency table behind in Table 2.2 does not fulfil the

essential criteria of the χ2-test. Still, it lets identify some significant deviation

from the overall distribution of RL methods by the captured principle classes.

• In the class of Prediction, Forecasting, Estimation, and Planning, the value

function approximation methods and Markov decision processes are over-

represented. This concludes that the less complex methods are the focus,

fully in line with a better understanding of the environment’s behaviour

without strong optimization aims.

• In the class of Detection, Recognition, Prevention, Avoidance, Protection,

the policy gradient methods are overrepresented, while MDPs are underrep-

resented. This shows that researchers are more interested in complex models

with higher predictive performance than basic solutions.
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Table 2.1: Publication reference by principle captured

Principle captured Referred publications

Prediction, Forecasting,
Estimation, Planning

[12], [13], [14], [15], [16], [17], [18], [19], [20], [21], [22], [23], [24],
[25], [26], [27], [28], [29], [30], [31], [32], [33], [34], [35], [36], [37],
[38], [39], [40], [41]

Detection, Recognition,
Prevention, Avoidance,
Protection

[42], [43], [12], [44], [45], [46], [47], [48], [49], [50], [51], [52], [53],
[31], [54], [55], [56], [57], [58], [59], [60], [61], [62], [63], [64], [65],
[66], [67], [68], [69], [70], [71], [72], [41], [73]

Evaluation, Assessment [74], [75], [20], [76], [77], [78], [56], [79], [80], [81], [68], [34], [82],
[83]

Classification, Clustering [84], [44], [85], [86], [87], [88], [89], [90], [37], [71], [91], [68], [92],
[93], [83], [94], [71], [95], [96], [97]

Decision making [98], [99], [84], [13], [100], [15], [101], [45], [102], [103], [19], [104],
[105], [22], [23], [106], [107], [108], [109], [26], [110], [111], [112],
[113], [114], [115], [116], [117], [118], [119], [120], [121], [122], [123],
[68], [91], [124], [71], [64], [125], [126], [63], [127], [128], [95], [129],
[130], [131], [132], [133], [40]

Allocation, Assignment,
Resource management

[98], [134], [99], [135], [136], [137], [138], [139], [140], [141], [142],
[143], [144], [145], [101], [85], [146], [102], [147], [148], [149], [150],
[151], [105], [152], [22], [153], [106], [47], [154], [106], [155], [156],
[157], [158], [24], [156], [158], [159], [160], [161], [162], [163], [164],
[165], [115], [166], [167], [168], [169], [77], [170], [121], [171], [33],
[172], [173], [89], [174], [175], [176], [132], [177], [178], [179], [123],
[180], [181], [182], [127], [183], [184], [185], [186], [187], [188], [133],
[189], [129], [190], [69], [191], [192], [193], [194], [195], [80], [196],
[62], [197], [132], [198], [199], [67], [93], [72], [200], [34], [41], [123],
[180], [181], [201], [202], [203], [198], [93], [204], [133]

Scheduling, Queuing,
Planning

[98], [205], [206], [74], [207], [14], [90], [208], [101], [21], [209], [152],
[153], [23], [210], [211], [162], [212], [112], [26], [115], [213], [214],
[89], [215], [216], [93], [217], [133], [127], [186], [218], [219], [34],
[220], [221], [95], [124], [222], [223], [224], [190]

Control [225], [42], [226], [227], [228], [207], [14], [229], [101], [16], [17],
[103], [230], [151], [231], [20], [152], [232], [107], [233], [234], [235],
[108], [236], [109], [25], [237], [29], [238], [114], [239], [240], [113],
[241], [242], [243], [244], [245], [246], [247], [248], [249], [169], [250],
[251], [171], [33], [170], [252], [253], [173], [254], [247], [255], [191],
[256], [257], [258], [219], [259], [260], [201], [132], [72], [261], [262],
[38], [95], [71], [39], [125], [202], [190], [58], [124], [263], [93], [182],
[264], [131], [265], [266], [267]

• In the classes of Evaluation, Assessment, Allocation, Assignment, and Re-

source Management, the multi-agent methods are more in focus, which shows

that this field is on the way to distributing the tasks to lower-level tools in-

stead of centralized data processes. However, while in the first class, the

distribution of further RL methods follows the overall distribution, in the

second class, the policy gradient methods are overrepresented, which comes

from the fact that allocation-related problems prefer to create an optimal

policy.
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Figure 2.12: Distribution of RL methods by principal captured classes

• In the classes of Classification, Clustering, Decision-making, Scheduling,

Queuing, and Planning, the situation is the opposite: multi-agent methods

are underrepresented, which means that research of these kinds of operations

is still focusing on a centralized solution.

• In the class of Control the Temporal Difference methods and Markov De-

cision Process contractions and multi-agent methods are overrepresented,

while complex approaches, like policy gradient methods, are underrepre-

sented.

• Discussions of specific parts of RL solution design problems occur in fewer

cases. However, these types of publications demonstrate that building an

appropriate RL application is not always trivial. I should highlight the state

space design [226], [14], [229], [146], [268], [210], [109], [27], [222], [35], [269],

[181], [219], [224], [195] and Action space design [111], [270], [248], [222],



Chapter 2. Reinforcement learning in Industry 4.0 33

Table 2.2: χ2-test table of principle captured classes by RL method types
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Prediction, Forecasting, Estimation, Planning 1.96 -0.58 0.12 -0.32 3.08 0.31 -0.39 -4.17

Detection, Recognition, Prevention, Avoidance,
Protection

-3.09 1.51 -1.11 -0.17 0.39 2.2 -1.38 1.65

Evaluation, Assessment -0.82 0.63 -0.08 -0.62 -1.21 -0.6 2.96 -0.27

Classification, Clustering -3.61 0.56 1.28 1.41 1.54 0.65 -2.88 1.05

Decision making 3.1 2.47 -0.84 1.73 0.95 0.02 -10.82 3.39

Allocation, Assignment, Resource management -2.69 -1.95 0.21 -11.18 -4.74 2.08 10.54 7.74

Scheduling, Queuing, Planning 2.17 -1.33 -2.17 1.24 1.61 -0.04 -2.63 1.16

Control 2.67 -1.34 2.35 7.52 -1.72 -4.93 4.27 -10.82

Reward construction [271], [228], [16], [272], [112], [273], [274], [248], [78],

[275], [201], [222] and Exploration strategy planning [276], [88] which can be

determinants from the whole application point of view.

2.3.2 Classification of publications by industrial field of

application

Similarly, as shown in Section 2.3.1, I also identified the most relevant keywords

assigned to industrial fields by performing SKU analysis. The associated publica-

tions are listed by industrial field categories in Table 2.3.

Similarly to the categories of principles presented earlier, I also prepared Figure

2.13 showing the industrial field classes by reinforcement learning methods. The

frequency table behind in Table 2.4 does not meet the essential criteria of the

χ2-test. Still, it allows for identifying some significant deviation from the overall

distribution of RL methods by industrial field classes.
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Table 2.3: Publication reference by industrial field of application

Industrial field Referred publications

Energy, Solar,
Power, Electric

[277], [206], [135], [136], [227], [74], [138], [278], [228], [229], [16], [85], [279],
[280], [281], [146], [102], [147], [103], [19], [282], [20], [232], [283], [268],
[233], [47], [234], [284], [210], [285], [156], [286], [236], [287], [288], [109],
[289], [110], [77], [163], [237], [290], [212], [161], [25], [291], [292], [293],
[294], [242], [245], [295], [87], [167], [173], [248], [296], [215], [169], [55], [90],
[170], [120], [33], [77], [250], [297], [298], [299], [181], [39], [261], [194], [72],
[300], [301], [223], [302], [34], [177], [303], [53], [304], [83], [254], [179], [305],
[306], [125], [307], [308], [309], [202], [310], [200], [224], [311], [259], [218],
[185], [176], [312], [178], [190], [82], [257], [266], [267]

Telecommunication,
Communica-
tion, Network-
ing, Internet,
5G, Wi-Fi, Mo-
bile

[225], [313], [277], [205], [135], [314], [84], [136], [315], [74], [138], [139], [316],
[43], [14], [143], [317], [144], [145], [208], [85], [279], [280], [281], [147], [102],
[148], [19], [318], [319], [320], [104], [209], [153], [321], [47], [106], [245],
[322], [323], [108], [24], [286], [236], [324], [288], [159], [325], [162], [291],
[111], [161], [77], [290], [289], [238], [326], [292], [327], [328], [114], [329],
[330], [241], [331], [293], [332], [168], [30], [333], [247], [167], [334], [52],
[335], [294], [336], [89], [169], [90], [213], [216], [171], [77], [122], [173], [296],
[337], [170], [299], [172], [307], [190], [40], [123], [338], [176], [202], [180],
[260], [52], [339], [177], [41], [340], [92], [181], [72], [35], [37], [341], [192],
[97], [342], [203], [199], [198], [93], [67], [250], [189], [343], [344], [312], [311],
[308], [256], [179], [302], [53], [345], [254], [183], [220]

Wireless, Radio,
Antenna, Signal

[225], [313], [277], [98], [205], [314], [84], [137], [74], [138], [43], [142], [143],
[317], [208], [346], [85], [16], [279], [281], [102], [147], [318], [319], [320], [104],
[20], [153], [232], [209], [347], [106], [348], [349], [47], [323], [108], [48], [286],
[236], [160], [288], [211], [325], [290], [110], [237], [162], [111], [332], [109],
[331], [241], [238], [350], [330], [274], [166], [250], [245], [335], [334], [295],
[333], [168], [30], [87], [246], [247], [172], [336], [351], [170], [352], [88], [175],
[337], [253], [70], [259], [307], [343], [219], [309], [180], [72], [353], [338], [181],
[93], [345], [190], [203], [250], [254], [302], [53], [311], [342], [306], [257], [301],
[220], [256], [202], [34], [217], [218], [35], [66], [130], [133], [200], [96], [310],
[193], [304], [40]

Vehicle, Un-
manned aerial
vehicle, Drone,
Aircraft

[225], [313], [315], [12], [354], [279], [230], [231], [153], [268], [234], [355],
[322], [284], [163], [327], [274], [246], [172], [93], [219], [356], [70], [259],
[307], [312], [311], [81], [261], [183], [343], [92], [199], [185], [301], [338], [222]

Cyber Physical
System, Robot

[226], [227], [45], [75], [17], [151], [231], [268], [23], [284], [235], [76], [211],
[109], [357], [290], [111], [114], [358], [240], [359], [244], [243], [251], [249],
[250], [270], [360], [352], [191], [124], [133], [68], [361], [58], [356], [260], [71],
[52], [307], [190], [266]

Manufacturing,
Factory

[207], [101], [281], [230], [151], [21], [349], [211], [362], [249], [38], [71], [363],
[95], [361], [130], [364], [81], [125]

City, Building [365], [206], [142], [366], [20], [47], [284], [357], [237], [294], [367], [246], [334],
[215], [368], [33], [342], [203], [369], [68], [370], [176]

• In the class of Energy, Solar, Power, and Electric, the applications of Q-

learning methods are over-represented, while more basic methods and policy

gradient methods are under-represented.

• In the class of Telecommunication, Communication, Networking, Internet,
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Figure 2.13: Distribution of RL methods by industrial field classes

5G, Wi-Fi, Mobile, the policy gradient methods are over-represented, and

there is a strong focus on edge computing applications.

• In the class of Wireless, Radio, Antenna, and Signal, the applications of

Markov Decision Processes are highlighted.
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Table 2.4: χ2-test table of industrial field classes by RL method types
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Energy, Solar, Power, Electric 0.52 1.7 -12.77 21.87 0.94 -11.54 2.05 -2.77

Communication, Networking, Internet, 5G, Wi-
Fi, Mobile

-8.61 -3.51 6.29 -18.79 2.23 13.24 -3.14 12.29

Wireless, Radio, Antenna, Signal 5.77 3.07 -1.73 -6.62 1.33 -1.76 2.68 -2.73

Vehicle, Unmanned aerial vehicle, Drone, Air-
craft

8.44 -1.39 -2.32 -2.89 -2.49 5.9 -6.94 1.68

Cyber Physical System, Robot -1.75 0 8.14 3.86 -2.23 -2.14 1.97 -7.86

Manufacturing, Factory -3.33 -0.55 4.16 1.36 1.23 -2.54 1.52 -1.84

City, Building -1.05 0.69 -1.77 1.21 -1.01 -1.17 1.87 1.23

• Similarly, in the class of Vehicle, Unmanned aerial vehicle, Drone, and Air-

craft, the applications of Markov Decision Process are over-represented to-

gether with policy gradient methods, while the multi-agent solutions are less

discussed.

• In the classes of Cyber-Physical Systems, Robot and Manufacturing, and

Factory, the basic Dynamic methods and Q-learning approaches are more

popular.

• Finally, in the class of City, Building the multi-agent methods are over-

represented.

2.3.3 Classification of publications by mathematical ap-

proach of application methodology

Similarly, as shown in the previous sections, I also performed the SKU analysis for

the third major dimension of keywords, which is the methodological approach to
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the solution. The most relevant keywords were identified, and then in Table 2.5,

the associated publications are listed by methodological approach categories.

Although it is not feasible to summarize all the different methodological approaches

in detail, I would like to highlight some specialities of selected cases to demonstrate

how widely RL approaches are used and motivate researchers to find a solution

for their problems from a new perspective.

As I described in Section 2.2, reinforcement learning methods are based on the

Markov property, and hence, it is fundamental to model problems as Markov deci-

sion processes (MDPs), which is so far not trivial in several cases. By formulating

an MDP man needs to take care of state space design, especially guaranteeing that

a state representation contains all the relevant information to evaluate a situation,

or with other words, anytime when the system is in the same particular action, the

environment will take its response by the same characteristic for a specific action

[98], [205], [315], [106], [348], [193].

Actor-critic methods are model-free learning methods that learn both the optimal

policy for taking action and the value function for the most accurate evaluation of

the current state. Most of the publications discuss mainly distributed autonomous

IoT device networks. In these cases, the focus is shifted towards the learning and

knowledge transfer solutions:

• Stochastic cloud-based IoT model for fog computing computation offload

and radio resource allocation. [99]

• Centralized joint resource allocation solution for handling shortage of fre-

quency resources of cellular systems by using a neural network embedded

reinforcement learning algorithm. [178]

• Determine optimal sampling time for IoT devices for energy harvesting by

saving batteries. Hence, state space contains continuous quantities, a linear

function approximation was used, and a set of novel features was introduced

to represent the large state space. [351]

• A bio-inspired RL modular architecture, called the transfer expert RL (TERL)

model, can perform skill-to-skill knowledge transfer. Its architecture is based

on an RL actor-critic model where both actor and critic have a hierarchical

structure inspired by the mixture-of-experts model. [394]
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Table 2.5: Publication reference by methodological approaches

Approach Referred publications

Markov decision
process

[98], [205], [135], [315], [140], [14], [146], [102], [103], [283],
[209], [106], [233], [348], [155], [322], [86], [26], [25], [371],
[372], [293], [276], [373], [167], [274], [216], [169], [214], [213],
[172], [77], [254], [259], [374], [311], [375], [376], [129], [377],
[193], [72], [201], [179], [378], [66], [222], [132], [258], [260],
[342], [39], [219], [345], [265], [190], [261], [266]

Multi-armed Ban-
dit

[379], [104], [380], [353], [68], [200], [63]

Dynamic program-
ming

[134], [137], [315], [143], [280], [18], [147], [282], [21], [209],
[349], [323], [157], [158], [211], [109], [86], [291], [163], [290],
[238], [29], [164], [373], [359], [333], [244], [122], [54], [121],
[214], [249], [256], [193], [308], [72], [92], [70], [342], [200],
[203], [374], [381], [95], [306], [382], [224], [191], [260], [261]

Q-learning [225], [205], [226], [135], [227], [207], [12], [229], [208], [85],
[147], [103], [46], [19], [282], [349], [383], [154], [233], [284],
[323], [210], [285], [26], [112], [212], [49], [328],[358], [329],
[293], [246], [244], [250], [355], [384], [252], [214], [118], [297],
[385], [368], [174], [298], [386], [248], [296], [369], [374], [70],
[203], [93], [264], [94], [66], [126], [189], [376], [345], [129],
[131], [224], [217], [96], [82], [221], [181], [185], [83], [52],
[387], [388], [72], [182], [256], [127], [266]

SARSA [16], [282], [242], [386], [248], [129]
Deep Q-network [135], [85], [101], [19], [349], [49], [212], [293], [296], [389],

[256], [127], [192]
Deep deterministic
policy gradient

[231], [262], [340]

Gradient descent [390], [28], [30], [218]
Deep reinforcement
learning

[225], [313], [365], [277], [136], [43], [90], [100], [354], [102],
[149], [319], [105], [21], [22], [209], [283], [348], [156], [357],
[86], [325], [212], [49], [161], [77], [238], [167], [243], [391],
[52], [335], [296], [119], [170], [392], [393], [262], [304], [201],
[181], [382], [377], [222], [223], [195], [97], [79], [275], [184],
[307], [263], [363], [301], [133], [62], [92], [303], [311], [178],
[203], [343], [340], [34]

Actor-critic [99], [17], [394], [19], [239], [351], [122], [178], [198], [340],
[35], [339], [223]

Double deep Q-
network

[85], [49], [212], [296], [389], [256], [127], [395]

Imitation [228], [357], [267]
Multi-agent [227], [396], [346], [147], [379], [282], [105], [233], [211], [325],

[291], [397], [332], [165], [247], [253], [175], [170], [363], [369],
[269], [221], [340], [220], [79], [72], [202], [34], [265], [177],
[190], [62], [178], [197]

Distributed [135], [396], [75], [147], [47], [284], [350], [121], [189], [93],
[62], [58], [263]

Centralized [149], [245], [298], [62], [189]
Cooperative [346], [18], [172], [340], [202], [83]
Collaborative [139], [383], [47], [239], [327], [398], [176], [198], [250]
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• Deep reinforcement learning-based cooperative edge caching approach. [340]

• Multiple IoT devices send data parallel but generally do not provide ad-

ditional information to the existing knowledge. So, it is not necessary to

permanently send the data. By using Actor-Critic method, it can be deter-

mined which data packages need to be sent to prevent redundant or irrelevant

communication [223]

• Mobile edge computing and energy harvesting framework of centralized train-

ing with decentralized execution by adopting MD-Hybrid-AC method. [122]

• Asynchronous Advantage Actor-Critic method for Mobile Edge Computing

because computation offloading cannot perform well in many situations, but

the optimal algorithm can be chosen for the IoT side. [198]

• Optimization of the robustness of IoT network topology with a scale-free

network model which performs well in random attacks. A deep deterministic

learning policy (DDLP) is proposed to improve stability for large-scale IoT

applications. [339]

• IoT devices lack storage capacity, therefore a joint cache content placement

and delivery policy for the cache-enabled D2D networks was constructed.

[19]

• A federated reinforcement learning architecture was presented where each

agent working on its independent IoT device shares its learning experience

(i.e. the gradient of loss function) with each other. [239]

Centralized and federated methods

As Internet-of-Things (IoT) services and applications are growing rapidly, most

current optimization-based methods lack a self-adaptive ability in dynamic en-

vironments. Learning-based approaches are generally implemented with a cen-

tralized setup to address these challenges. However, network resources may be

over-consumed during the training and data transmission process. A federated

deep-reinforcement-learning-based cooperative edge caching (FADE) framework is

presented to solve complex and dynamic control issues. FADE enables base sta-

tions (BS) to cooperatively learn a shared predictive model by considering the

first-round training parameters of the BS as the initial input to the local training
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and then uploading near-optimal local parameters to the BSs to participate in the

next round of global training [18].

Although the first investigations have focused on designing learning algorithms

with provable convergence time, other issues, such as the incentive mechanism,

were explored later: a deep reinforcement learning-based incentive mechanism has

been designed to determine the optimal pricing strategy for the parameter server

and the optimal training strategies for edge nodes [149].

Hierarchical methods

Hierarchical approaches are primarily used to solve communication channel or

information processing capacity issues. The model structure usually follows the

structure of the information path. In a two-layer approach, a local IoT device

transfers information to a local hub, which then transmits the collected data to

the central decision-maker. In this case, separated models can be set up for both

layers to find the optimal scheduling order for communication.

A new crowd-sensing framework is introduced based on a hierarchical structure

to organize different resources, and is solved using a deep reinforcement learning-

based strategy to ensure service quality [90]. A hierarchical correlated Q-learning

approach (HCEQ) is presented to solve dynamic optimization of generation com-

mand dispatch (GCD) for automatic generation control (AGC) [233]. An enhanced

version of a bioinspired reinforcement learning modular architecture is presented

to perform skill-to-skill knowledge transfer, called the transfer expert RL (TERL)

model. TERL architecture is based on an actor-critic RL model where both the

actor and the critic have a hierarchical structure inspired by the mixture-of-experts

model, formed by a gating network that selects experts who specialize in learning

the policies or value functions of different tasks [394].

Another new cloud computing model was suggested for context-aware Internet of

Things services, which is hierarchically composed of two layers: a cloud control

layer (CCL) and a user control layer (UCL). The CCL manages cloud resource

allocation, service scheduling, service profile, and service adaptation policy from a

system performance point of view. Meanwhile, the UCL manages the end-to-end

service connection and the service context from a user performance point of view.

The proposed model can support non-uniform service binding and its real-time

adaptation using meta-objects by intelligent service context management using

a machine learning framework based on supervised reinforcement learning [152].
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A new cooperative resource allocation algorithm that pairs reinforcement learning

networks with prediction neural networks to track mobile targets accurately is pre-

sented. Specifically, a hierarchical structure that performs collaborative computing

is designed to alleviate the computing pressure of front-end devices supported by

edge servers [399]. A slightly different approach is applied to a resilient control

problem studied for cyber-physical systems (CPSs) under the Denial-of-Service

(DoS) attack. The term resilience is interpreted as the ability to be robust to

external physical-layer disturbance and to defend against cyber-layer DoS attacks.

The overall resilient control system is described by a hierarchical game, where

the cyber security issue is modelled as a zero-sum matrix game, and a zero-sum

dynamic game describes the physical minimax control problem. In virtue of the

reinforcement learning method, the defence/attack policy can be obtained in the

cyber layer. Additionally, the control strategy of the physical layer can be obtained

using the dynamical programming method [400]. More publications on hierarchi-

cal RL topics are related to balancing timeliness and criticality when gathering

data from multiple sources [118], ubiquitous user connectivity, and collaborative

computation offloading for smart cities [250].

Distributed and parallel methods

It can be stated with certainty that intelligent devices have the most significant

potential for industrial applications. In this context, intelligence means some kind

of ability to make autonomous decisions and being able to perform learning steps

locally. Considerable efforts have been made to develop functional solutions to

achieve this goal.

Computation offloading can solve the problem of the high computational require-

ment of resource-constrained mobile devices. The mobile cloud is the well-known

existing offloading platform, which is usually a far-end network solution. How-

ever, this can cause other issues, such as higher latency or network delay, which

negatively affect real-time Internet of Things (IoT) mobile applications. There-

fore, a deep Q-learning-based autonomic management framework is proposed as a

near-end network solution for computation offloading at the mobile edge [135].

Another way to extend single reinforcement learning applications is to handle

multiple objectives. There are two leading solution practices for handling such

types of problems. The most obvious idea is to construct a mixed reward function

that returns a combined result according to the different objectives [261], [372],
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[163]. Another possible way is to combine multi-objective ant colony optimization

methods with RL techniques such as deep reinforcement learning or double Q-

learning algorithms [85], [144].

2.3.4 General trends of RL applications

Before the Industry 4.0 revolution began, the general methodology was based on

centralized data collection, data processing, and predictive model development

solutions. By spreading Internet of Things (IoT) devices, more computational

tasks can be delegated to them. This potential is exploited by reacting to another

significant issue: the lack of communication capability. On the one hand, com-

munication between IoT devices and central servers or nodes is relatively energy-

intensive. On the other hand, there are significant limitations on communication

channels or frequencies.

Distributing computational tasks to IoT devices requires a fundamental change:

It is impossible to assign as much human effort to data processing and predictive

model development supervision as in the past. This was the main reason for

appreciating the RL methods, which provide a general self-learning framework

that basically requires no manual or human interactions to maintain.

Early research focused on the applicability of reinforcement learning techniques

with single agents. Then, more and more complex problems were solved, and

multi-agent solutions started to be analyzed. In recent years, the focus of the

researchers has shifted to multi-agent structures. The setup of the agents and

their goals or reward functions shows very creative solutions. In a new wave of

research, the agents are defined with different roles, often with attacker-defender

objectives, and each of the agents is trained in an optimal strategy according to it.

Then, the stability and robustness of the system can be analyzed, and the weakest

items can be purposely improved.

As Figure 2.14 shows, the number of research based on Industry 4.0-related re-

inforcement learning dynamically increases, and there is no sign of a slowing ex-

pectation in it. The number of publications included in my literature analysis is

highlighted in blue on the chart.
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Figure 2.14: Industry 4.0-related RL publications by publication years

2.4 Discussion and guideline process to deter-

mine appropriate RL method to use

Based on the previous section, it can be highlighted that several reinforcement

learning methods can be applied to Industry 4.0-related problems, and it is not

trivial to determine which one provides a successful solution.

I prepared a questionnaire and presented it in a decision flow diagram in Figure

2.15 by using questions (Q), conclusions (C) and remarks (R). My primary goal was

to establish a method to help readers formulate their RL tasks. The first questions

of the questionnaire-based process verify whether the state and action spaces are

appropriately defined and how the reward can be obtained. Further questions

systematically narrow down the set of applicable RL methods. The possibility of

using simulation or learning from one’s own experience can determine the general

learning mechanism. In contrast, the nature of reward propagation can determine

a smaller subset of the RL methods that can be applicable. Using my guidelines,

researchers will likely make fewer failed attempts, and the time to solution will be

significantly reduced.

The reader should remember that the whole reinforcement learning concept is

based on Markov Decision Processes. A direct conclusion is that state space should

be constructed so that all potential states can contain all relevant information

that can influence the outcomes. Moreover, the action space should be built

similarly: the effects of an action in a particular state should be based on the



Chapter 2. Reinforcement learning in Industry 4.0 44

same deterministic or stochastic behaviour. This will let the RL agent learn the

effect mechanism behind it.

Q-01: State space is defined
according to Markov property?

R-01: Reinforcement learning methods exploit Markov property, hence it
needs to ensure that each and every potential states contain all the relevant
information that can have any influence on the outcomes, so on the rewards
and on the state transitions.

C-01: If no, then it is necessary to rework state space definition.

Q-02: Action space is de-
fined by taking care about
agent’s potential reactions?

R-02: Only the feasible actions need to be involved into the action space to
simplify it, which can significantly speed up learning convergence. Further-
more, the effects of an action in a particular state should be based on the
same deterministic or stochastic behaviour.

C-02: If no, then it is suggested to rework action space definition.

Q-03: Is there any reason that
blocks to perform simulation?

R-03: If the rewards and the state transitions can be determined (in deter-
ministic environment) or can be simulated (in stochastic environment), then
the learning process can be done in a virtual environment.

C-03: Applying a virtual environment is usually the most cost efficient
option, but it can be only as accurate as the virtual environment is. That

lets the model-based methods to the ones with the highest potential. To do
this the reward function and the state transitions need to be defined. (In

some cases a regular cross-validation to the real environment can be used.)

Q-04: Is it feasible to run trial-
and-error learning process?

R-04: If an RL agent is able to decide on the next action and hence to dis-
cover unknown or undervalued actions, then trial-and-error learning process
can be an option.

Q-05: Is it possible to learn
from external experience?

R-05: Even if it is usually quite limited, but it is also an option
for learning to observe an external system in use.

C-04: RL methods require to learn from own experience or to
observe an environment in use with rewards and state transi-
tions. If these are both not feasible, RL cannot be an option.

C-05: Only off-policy methods can be applied.

C-06: On-policy methods can be also applied.

Q-06: State and action spaces
are both discrete with a small

number of possible values?

R-06: The complexity of potential space state and possible action combi-
nation strongly determines the applicable RL methods. There are naturally
discrete problem types and situations when the state definition becomes to
discrete because of measurement limitations.

C-07: Complete updates would be too computation in-
tensive, hence approximator functions are required.

C-08: Full optimal value-functions and/or policy can be determined.

Q-07: Reward values are available
immediately after actions were made?

R-07: There are situations when the results of an action can be processed
immediately, but in other cases the rewards depend on a complete sequence
of actions and can be determined only at the end of the episode.

C-09: Learning steps can be performed only at the end of the episodes.

Q-08: The length of the
episodes are limited?

R-08: In some cases the episodes can be taken extreme long or it cannot be
guaranteed that episodes end within a limited time period.

C-10: Learning steps need to be performed step by
step after receiving rewards of each and every action.

Q-09: There are only a single RL
agent or separated multiple ones?

R-09: Sharing the knowledge and experience between RL agents can improve
the learning performance, but it is not applicable in single agent and in sepa-
rated setups.

C-11: Multi-agent solutions are suggested. There are tech-
niques with centralized knowledge sharing methods and also
with distributed methods depending on problem properties.

NoYes

NoYes

NoYes

NoYes

NoYes

NoYes

NoYes

NoYes

No

Figure 2.15: Guideline process to determine appropriate RL method to use
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Once the state and action spaces are defined, it needs to be investigated whether

performing simulations is an option or not. Suppose that the environment’s be-

haviour can be determined when an action is made in a particular state by deriving

the reward value and the state transition. In that case, an extensive learning pro-

cess can be executed using model-based RL methods cost-effectively without a

significant risk of applying untrained agents. The general rule is also valid: the

RL solution will be as adequate as the simulation. If there is an option to vali-

date the simulation results in the real environment, then this can help ensure the

solution’s adequacy.

Even if the questionnaire’s conclusions are soft-defined, a user with some basic

knowledge of RL methods can easily interpret them, or it can be a basis for an RL

method selector wizard. An assignment of the conclusions to the RL methods is

provided in Table 2.6 to simplify interpretation. It is important to emphasize that

only methods previously presented are included in the assignment. Therefore, it

is not exhaustive since many varieties of RL methods have already emerged.

Table 2.6: Assignments of conclusions to RL methods

Subject of conclusion Suggested RL methods

Model-based methods DYNA, Prioritized sweeping, Imitation

Off-policy methods Dynamic programming, Monte-Carlo, Temporal difference
(including epsilon-Greedy, SARSA, Importance sampling
and Q-learning), TD(λ)

On-policy methods Stochastic gradient descent, DQN, Softmax, Natural policy
gradient, REINFORCE, Actor-critic

Discrete methods Dynamic programming, Monte-Carlo, Temporal difference
(including epsilon-Greedy, SARSA, Importance sampling
and Q-learning), TD(λ), DQN

Updates only at end of episodes Asyncronous DP, Monte-Carlo

Updates during episodes Dynamic programming, Temporal difference (including
epsilon-Greedy, SARSA, Importance sampling and Q-
learning), TD(λ), Stochastic gradient descent, DQN, Soft-
max, Natural policy gradient, REINFORCE, Actor-critic
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2.5 Summary of Industry 4.0 applications

In this chapter, I pointed out that reinforcement learning methods have a high

potential in Industry 4.0 applications, which is a common agreement among re-

searchers. One of the biggest reasons behind this is that smart tools require a

high level of optimization that cannot be satisfied with human intervention. This

continuously raises the demand for self-learning solutions, and RL techniques have

proven their efficiency in multiple fields.

The primary goal of this chapter was to provide an overview of RL applications

in the field of Industry 4.0. As a first step, I served a high-level overview of

the general RL framework and a classification of RL methods to help facilitate

the exploration of the possibilities. Then, a more detailed summary of the most

widely used RL methods for Industry 4.0 applications was presented. Therefore,

my result can serve as a starting point for further research on RL applications.

Then, I highlighted the results of my systematic literature overview of reinforce-

ment learning applications in the field of Industry 4.0. An extensive keyword

analysis led to identifying typical patterns by choosing an adequate RL method

for particular combinations of principal captures and industrial fields. Although

there are no unique optimal RL methods, there are RL methods that provide an

efficient solution to some problems. My summary can be used as a hands-on ref-

erence for future research and help researchers shorten the preparation time for

their research.

In addition, a questionnaire was prepared that provides a methodology for set-

ting up the reinforcement learning system properly and choosing an appropriate

method for the learning problem facing the researcher. I believe that an extension

of my questionnaire can be the basis of a wizard tool that enables the user to find

the most fitting RL method for the learning task and guide through the setup

processes. On the other hand, by knowing the key properties of the different RL

methods, adopting or modifying an existing one to fit the specific needs becomes

faster, hence developing one’s own RL method.



Chapter 3

Reinforcement learning in

disassembly line balancing

problem

3.1 Introduction to disassembly line balancing

optimization

The increasing environmental pressures caused by human activities drive govern-

ments and organizations to limit or reduce their footprints. As an outcome, the

European Commission declared this a strategic goal. A new Circular Economy

Action Plan for a cleaner and more competitive Europe has been announced to

sustainably transform the economy and society. There is a wide range of recom-

mendations and proposals on how these types of issues should be handled, and the

key point is to reduce consumption and increase the recycling rate. The efforts led

to the creation of the concept of circular economy, which is more complex than

just manufacturing optimization because it also covers the optimization steps of

the supply chain, disassembly and recycling [401] [402]. A process flow overview

diagram of the circular economy is shown in Figure 3.1 [403].

Every step of the circular process has practices and methods to optimize the

operation. However, the primary goal of the circular economy is to optimize the

whole supply chain to include recycling. The classical problem of optimizing the

manufacturing supply chain is a thoroughly researched topic [404] [405] [406].

47
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1 - Material sourcing 2 - Design

3 - Manufacturing

4 - Distribution & Sales

5 - Consumption & Use

7 - Recycling & Recovery

6 - Collection & Disposal

8 - Re-manufacturing

9 - Circular inputs

Figure 3.1: Schematic flow of circular economy [403]

The circular economy optimization goal also covers the recollection and recycling

processes that can be a bit more complex because these are more stochastic and

less controlled processes. The design of the disassembly line and its balancing

problems describe the methodological background of the relevant segment of the

whole circle [407] [408] [409]. The most basic models assumed deterministic inputs,

but advanced models started handling the uncertainty observed in real problems.

Among other things, stochastic variables describe the source materials and their

distributions. Similarly, the disassembly tasks, their required process times, and

the demand values of the recycling steps can also be stochastic attributes in some

models.

The supply chain optimization and assembly line balancing topics have been in-

tensively studied issues since the 1950’s years, while the focused analysis of dis-

assembly lines started almost 40 years later [410]. A detailed historical overview

of disassembly methods [411] provided a summary table of the different solutions,

which was extended using a comprehensive classification [412] in Table 3.1. Shows

a wide range of machine learning methods for solving the disassembly line bal-

ancing problem. There are already successful RL-based solutions with attractive
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learning performance, but how to construct an effective implementation for a given

problem needs to be explained in detail.

Table 3.1: Overview of disassembly line balancing solutions

Solution method Author(s) Year Ref. Speciality

Reverse MRP S. Gupta, K. Taleb 1994 [413]

Integer programming D-H Lee, H-J Kim, G Choi, P Xirouchakis 2004 [414]

Branch and bound H-J Kim, D-H Lee, P. Xirouchakis, OK Kwon 2009 [415]

Heuristic K-N Taleb, S-M Gupta, L. Brennan 1997 [416] Single product

Heuristic K-N Taleb, S-M Gupta 1997 [417] Multi-product

Petri-net K-P Neuendorf, D-H Lee, D. Kiritsis, P. Xirouchakis 2001 [418]

Ant colony optimization Wang, Y. Rong, D. Xiang 2014 [419]

Ant colony optimization J. Wang, X. Wu, X. Fan 2015 [420] Two-stage

Ant colony optimization Y. Luo, Q. Peng, P. Gu 2016 [421] Multi-layer

Ant colony optimization H-E Tseng, C-C Chang, S-C Lee, Y-M Huang 2019 [422] Hybrid bidirectional

Artificial bee colony Y. Ren, G. Tian, F. Zhao, D. Yu, C. Zhang 2017 [423] Multi-objective

Artificial bee colony G. Tian, Y. Ren, Y. Feng, M. Zhou, H. Zhang, J. Tan 2018 [424] Dual-objective

Discrete bees algorithm W. Xu, Q. Tang, J. Liu, Z. Liu, Z. Zhou, D-T Pham 2020 [425] Human-robot collaboration

Genetic algorithm T-F Go, D-A Wahab, M-A Rahman, R. Ramli 2010 [426]

Genetic algorithm heuristic J. L. Rickli, J. A. Camelio 2013 [427] Multi-objective

Genetic algorithm H-E Tseng, S-C Lee 2018 [428] Interactive

Genetic algorithm Y. Ren, C. Zhang, F. Zhao, H. Xiao, G. Tian 2018 [429] Asynchronous

Genetic algorithm Y. Tian, X. Zhang, Z. Liu, X. Jiang, J. Xue 2019 [430] Cooperative

Genetic algorithm J-C Chen, Y-Y Chen, T-L Chen, Y-C Yang 2022 [431] Adaptive

Particle swarm opt. W-D Li, K. Xia, L. Gao, K-M Chao 2013 [432] Selective disassembly

Artificial fish swarm algo. J. Guo, J. Zhong, Y. Li, B. Du, S. Guo 2018 [433] Hybrid model

Teaching-learning-based opt. K. Xia, L. Gao, L. Wang, W. Li 2013 [434] Simplified method

Teaching-learning-based opt. K. Xia, L. Gao, L. Wang, W. Li, X. Li, W. Ijomah 2016 [435] Modified method

Graph-based method S. Smith, G. Smith, W-H Chen 2012 [436] Sequence structure graph

Graph-based method P. Mitrouchev, C-G Wang, L-X Lu, G-Q Li 2015 [437] Geometry contacting graph

Fuzzy model X-F Zhang, G. Yu, Z-Y Hu, C-H Pei, G-Q Ma 2014 [438] Fuzzy-rough set mapping

Fuzzy model H-P Hsu 2016 [439] Fuzzy knowledge-based

Reinforcement learning E. Tuncel, A. Zeid, S. Kamarthi 2014 [440]

Reinforcement learning S. Mete, F. Serin 2021 [441]

The above facts strengthened my motivation to prepare an effective RL-based

self-learning solution that can be easily adapted to different disassembly problems

[R2], [R3]. I will present a general guide on defining the reward function from the

problem parameters. Furthermore, I will highlight the importance of customizing

the action-taking method, which will be relevant whenever a general RL framework

is parameterized. According to the current outlook, the number of disassembly

lines and their optimization requirements will increase significantly, and such a

self-learning solution will adequately explain this.

My first experiences with an RL-based solution show that the most basic ver-

sion of training an RL agent is not obviously efficient: after declaring the state-

and action spaces, the central task is to define the reward function. Most RL

frameworks support this approach without the option of customizing the action-

taking method. However, a large proportion of infeasible state-action pairs should
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not be learned. For disassembly line balancing problems, it is an obvious op-

tion to dynamically filter for the possible uncompleted actions by considering the

precedence graph. Integrating such an efficient state-dependent action-restriction

method can radically reduce the learning path. The same conclusion has been

found [442]. The main idea was to apply identical constraints in formulating a

mixed-integer quadratic problem (MIQP) and provide a systematic method to

define an appropriate restriction for the action-selection step. The key result

of this chapter is to present a Q-learning solution with an integrated heuristic

for dynamic state-dependent action restriction. A disassembly line optimization

procedure with the RL method named the dlOptRL algorithm is described and

explained in detail. From a higher point of view, my algorithm belongs to the class

of Heuristically Accelerated Reinforcement Learning (HARL) methods, which is

proven by an appropriate formulation as well.

3.2 Optimization of disassembly line balancing

In this section, I will summarize the general notation of disassembly problems.

Then, I will go through the solution methods, including the problem formulation

as a linear programming task.

3.2.1 Problem formulation

Consider a disassembly line balancing model for a single product with finite supply.

There are N c elementary components in each product that must be removed. The

task of eliminating the component i is specified by its processing time T rm
i , while

a boolean flag of hi indicates its hazardousness. The general problem is to assign

all tasks to the workstations of the disassembly line to optimize the objective

function. I make the following additional assumptions:

• There are Nws
a workstations available that have been preliminarily prepared.

• All workstations are identical and capable of performing any component

removal tasks.
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• The cycle time is denoted by T c. Each workstation should complete the

assigned removal tasks for the current product in the disassembly line. The

cycle time is preliminarily defined.

• A precedence graph describes the logical dependencies of component removal

tasks. The vertices represent the components to be removed. The edges are

directed, and there are two types: AND type and OR type edges. The

removal process of a component i can be started only if all components from

which a directed AND-type path goes to the vertex of i are already removed,

and at least one of the components from which a directed OR-type path goes

to the vertex of i is removed. Typically, the precedence graph is used in its

transitive reduced form.

• A solution is described by a sequence of component removal tasks, where Cj

denotes the jth component in the disassembly sequence.

• A workstation will perform a continuous range of component removal tasks.

• The total time for the workstation k to perform all its assigned tasks is

denoted by Tws
k .

• Nws
u denotes the number of workstations used.

The main attributes of the disassembly line balancing problem are summarized in

Table 3.2.

Table 3.2: Notations of disassembly line balancing problems

N c Number of disassembly tasks

Nws
a Number of available workstations

Nws
u Number of used workstations

T rm
i Part removal time of the component i

T c Cycle time

Tws
k Total time for workstation k to perform all assigned tasks

Cj jth components in the disassembly sequence

hi boolean flag indicates the hazardousness of component i

di demand of of the component i



Chapter 3. Reinforcement learning in disassembly line balancing problem 52

3.2.2 Objective function

There are several ways to measure how well a disassembly line is balanced. Based

on the different disassembly optimization solutions collected in Table 3.1, there are

two main approaches to the objective: one is cost-benefit-based, and the other is

based on the processed quantities. Following the mixed objective approach [440],

I used a combination of three components in my analysis.

• F1 = min{∑Nws
u

k=1 (T c − Tws
k )2} minimizes the total idle time of workstations

used,

• F2 = min{∑Nc

j=1(j ·hCj
)} forces to remove hazardous components as early as

it can,

• F3 = min{∑Nc

j=1(j ·dCj
)} supports removing components with higher demand

earlier.

The preliminary defined circle time and the total sum of the component removal

times and the number of used workstations determine the total idle time: Nws
u ·

Tc −
∑Nc

i=1 T
rm
i . The shorter idle time results in a higher processed quantity.

The objective function F1 amplifies the imbalance and contains the corresponding

elements. Applying a quadratic term minimizes idle time and drastically decreases

the imbalance. The objective functions F2 and F3 depend on the component’s

property and the disassembly sequence. The hazardousness of the component

requires additional care or causes an extra risk, which motivates their removal as

early as possible. A binary boolean indicator describes the hazardousness property.

F2 prefers to remove hazardous components earlier than non-hazardous ones. F3 is

similar to the construction F2, except that demand values are not binary but non-

negative figures, and they represent the importance of disassembled components in

remanufacturing due to the benefit values. It was reviewed and shown [443] that

using the multi-objective approach for disassembly optimization problems is quite

general, and using them in the described format enables comparison of my results

to external reference solutions. Further aspects can also be considered by adding

other components to the objective to minimize the disassembly cost, maximize the

profit obtained from the disassembly, or minimize environmental pollution.

In this chapter, according to the use cases analyzed, I will use a linear combina-

tion of the three selected objectives: w1F1 + w2F2 + w3F3. In this context, the
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weights of w1, w2, and w3 play a double role. These should compensate for the

scaling discrepancies of the objectives, and the weights can determine the relative

importance of the objectives based on external preferences. The first role could

be substituted for normalizing or standardizing the objectives. However, the sec-

ond aspect cannot be replaced with an autonomous solution, although the relative

importance changes constantly in real-world problems. A dynamic weighting op-

timization that reflects the external conditions is beyond the scope of my work.

Therefore, I assume that the weights of w1, w2, and w3 are preliminarily defined

as external parameters.

3.2.3 Linear programming problem formulation

There are already formulations described for the disassembly problem in the lit-

erature [444], but I will present a new formulation with fewer decision variables.

It stands for six significant types of decision variables:

• Type 1 decision variables describe which of the removable components is

assigned to a disassembly sequence order number:

xType1
i,j =

{
1 if component i will be removed

as jth task in the removal sequence
0 otherwise

(3.1)

• Type 2 decision variables determine the process times of each step of the

disassembly sequence:

xType2
j = T rm

Ck
. (3.2)

• Type 3 decision variables describe the workstation on which the component

will be removed:

xType3
i,k =

{
1 if component i will be removed on the workstation k
0 otherwise

(3.3)

• Type 4 decision variables determine whether a workstation will be in use or

not:

xType4
k =

{
1 if workstation k will be in use
0 otherwise (3.4)
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• Type 5 decision variables determine the total idle time of each workstation

if it is in use:

xType5
k = T cxType4

k

∑
i

xType3
i,k Ci. (3.5)

• Type 6 decision variables describe the workstation assignments in the disas-

sembly sequence order:

xType6
j =

{
k if workstation k will be assigned the jth component

in the disassembly sequence
0 otherwise

(3.6)

Then constraints must be established to satisfy all the requirements collected in

Section 3.2.1:

• Constraints guarantee that each component is listed exactly once in the

removal sequence:

Nws∑
j=1

xType1
i,j = 1 ∀i ∈ {1, . . . , N c} (3.7)

• The processing time of the workstation should not exceed the cycle time

limit:
Nc∑
i=1

T rm
i · xType3

i,k ≤ T c ∀k ∈ {1, . . . , Nws} (3.8)

Before declaring the constraints of the precedence graph, the two types of prede-

cessor relations need to be declared:

• The predecessor AND relation (PAND(i)) declares a set of predecessor tasks

that all need to be finished before starting task i.

• The predecessor OR relation (POR(i)) declares a set of predecessor tasks of

which at least one needs to be completed before starting the task i.

Figure 3.2 shows predecessor AND and OR relations examples.

In this context, the definition of the required constraints can be continued:
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a

b

c

i

(a) Predecessor AND relation

a

b

c

i

(b) Predecessor OR relation

Figure 3.2: Predecessor relation types

• All the predecessor tasks with AND relation should be assigned earlier in

the sequence than the particular one:

Nc∑
j=1

j · xType1
l,j ≤

Nc∑
j=1

j · xType1
i,j ∀i ∈ {1, . . . , N c}; ∀l ∈ PAND(i) (3.9)

• At least one of the predecessor tasks with OR relation should be assigned

earlier in the sequence than the particular one:

xType1
i,j ≤

j∑
h=1

∑
l∈POR(i)

j · xType1
l,h ∀i ∈ {1, . . . , N c};∀j ∈ {1, . . . , N c} (3.10)

• Ensure that a disassembly task is assigned to exactly one workstation:

Nws∑
k=1

xType3
i,k = 1 ∀i ∈ {1, . . . , N c} (3.11)

• The workstation assignments should be in a monotone sequence:

0 ≤ xType6
j − xType6

j−1 ≤ 1 ∀j ∈ {2, . . . , N c} (3.12)
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• Integer and non-negative properties:

xType1
i,j ∈ {0, 1} ∀i, j ∈ {1, . . . , N c}

0 ≤ xType2
j ≤ T c ∀j ∈ {1, . . . , N c}

xType3
i,k ∈ {0, 1} ∀i ∈ {1, . . . , N c}

∀k ∈ {1, . . . , Nws}
0 ≤ xType4

k ≤ T c ∀k ∈ {1, . . . , Nws}
xType5
k ∈ {0, 1} ∀k ∈ {1, . . . , Nws}

xType6
j ∈ {1, . . . , Nws}∀j ∈ {1, . . . , N c}

(3.13)

By solving the MIQP problem, an optimal solution can be provided, but in prac-

tice, it can be a heavily resource-intensive process for mid- and large-scale prob-

lems. An earlier analysis of a profit-oriented linear objective shows that an exact

MILP solution cannot be reached in a reasonable time limit for disassembly prob-

lems with more than 60 components [444]. In this formulation, the number of

decision variables was quadratic to the number of components. I used a modified

formulation with 2(N c)2 + 4N c decision variables for the N c-component disassem-

bly problem. Moreover, the weighted objective leads to a quadratic optimization

problem. I used a Gurobi-based Matlab solver and experienced the same issue: no

solution was found within the same time limit1. This fact may bring alternative

solutions to the fore, especially reinforcement learning methods.

3.3 Formulation of the disassembly line balanc-

ing problem as an RL-based optimization task

From the RL methods described in Section 2.2.1, I will focus on using an action-

value function to determine the current optimal action. However, for large state-

and/or action spaces, keeping the value function updated (and hence optimal) can

be a very slow process.

Having briefly recalled, the update logic of the action-value function qπ(s; a) can

be determined by observing the results of a behaviour policy µ(a|s). Assume that

in-state St, the very next action is derived using behaviour policy: At+1 ∼ µ(·|St).

Then the Q-learning value-function update will look like: Q(St;At)← Q(St;At)+

α
(
Rt+1 + γQ(St+1;A

′)−Q(St;At)
)

.

1Similarly to [444], I applied a time limit of 3.600 seconds for executions.
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In a special case, if the target policy π is chosen as a pure greedy policy and the

behaviour policy µ follows ϵ-greedy policy, then the so-called SARSAMAX update

can be defined as follows: Q(S;A)← Q(S;A)+α
(
R+γ maxa′ Q(S ′; a′)−Q(S;A)

)
.

Last but not least, it was proven that the Q-learning control converges to the

optimal action-value function: Q(s; a)→ q∗(s; a).

3.3.1 Design of reinforcement learning solution

In this section, I will present a reinforcement learning-based solution design.

• State space: A state must contain all the relevant information from the past

and be identical to those for equivalent situations. Therefore, the current

state should contain the set of removed and remaining components, as well

as the utilization of the active workstation. So, the state vector can be

declared in a similar way to the multi-type decision variable in the MIQP

formulation:

– the performed removal steps and the remaining ones:

x̂Type1
i =

{
1 if component i has been removed
0 otherwise

(3.14)

– the current utilization of the active workstation:

x̂Type2 = total assigned removal time of last active workstation.

(3.15)

• Action space: The next action is determined by considering both the current

state and the constraints defined by the precedence graph. Formally, it will

be described by the component’s identifier, which one needs to be removed

next. It is essential to highlight that a built-in heuristic to limit potential

actions to the feasible ones can significantly speed up the solution.

• Reward : The reward function is defined as the reciprocal of the weighted

sum of the objective components:

1

w1F1 + w2F2 + w3F3

. (3.16)
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• Reinforcement Learning method : Considering that both state- and action

spaces are discrete, it is obvious to use the Q-learning method. Triplets of

the single state vector, the next action, and cumulative discounted rewards

will determine Q-table rows (practically, Q-table structure).

• Q-table growth: Some approaches suggest declaring the Q-table structure

initially, and during the learning phase, its rows need to be updated. De-

termining the total number of feasible states using a precedence graph is

far from trivial. Therefore, a dynamic Q-table growth mechanism [445] was

applied: the learning phase starts with an empty Q-table, and whenever

a new state-action pair is observed, it should be inserted into the Q-table.

Therefore, the Q-table contains only visited rows.

• Knowledge transition: Whenever the RL agent experiences a better reward

from a visited state than the former best one, the Q-table must be updated

accordingly. The learning process can be speeded up using the knowledge

transition process. In this case, the Q-table updates are made backwards

from the latter visited states of the episode to the former ones. The key

idea is to update not only the visited state-action pairs of the episode but all

further state-action pairs that lead to the visited route. In other words, the

rewards of those state-action pairs, which partially overlap with the visited

episode, can also be updated.

• If the agent should make the optimal action and not a random one, but it

is not known (not listed in the Q-table yet) because the current state has

never been visited before, then a random decision will be made as a fallback

action.

• Disabling the discount factor can simplify the Q-learning method. The rea-

son behind this is that the state defines how many actions are required to

finish the episode, so the discount factor value could be easily calculated

from the state. However, its ability to differentiate between potential routes

by considering their lengths also breaks off.

• The Q-learning method works with ϵ-Greedy decisions: the RL agent takes

a random action with ϵ probability or the known best action based on the

Q-table with (1− ϵ) probability. There are different ϵ-strategies, from which

I tested the following four:
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1. Pure ϵ-Greedy approach: during the whole simulation, the value of ϵ is

constant in all the episodes.

2. Two-step ϵ-Greedy approach: in the first phase of the simulation ϵ has a

value of 100%, and hence the RL agent takes only random actions, while

in the second phase of the simulation ϵ switches to a lower reasonable

constant.

3. Linearly decreasing ϵ approach: the value of ϵ starts from 100% at the

beginning and linearly decreases to 0% proportionally to the progress

of the simulation.

4. Sigmoid-shape ϵ approach: ϵ value goes from 100% to 0%, but in con-

trast to the linear version, it follows a sigmoid-shape curve.

Figure 3.3 shows the tested ϵ-functions by the progress of the simulation (in

proportion to the scheduled episodes).
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Figure 3.3: ϵ functions tested in ϵ strategies

3.3.2 Disassembly optimization algorithm with reinforce-

ment learning (dlOptRL)

This section will describe my newly developed dlOptRL algorithm. Its name en-

capsulates its functionality and method: a disassembly line optimization approach

utilizing a reinforcement learning-based method combined with a built-in heuristic

to determine the proper following action.

Generally, in reinforcement learning applications, all feedback arrives in the re-

ward, meaning that the agent takes a sequence of actions and will experience
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Algorithm 1 Procedure for disassembly line optimization with reinforcement learning

1: function dlOptRL(P , t, h, d, c, o)
2: Input:
3: P n× n matrix represents the precedence graph ▷ n = |P |: number of parts to remove
4: t n-length vector describes part removal times
5: h n-length vector indicates hazardousness of components
6: d n-length vector determines demand values
7: c contains cycle time
8: o 3-length vector declares the objective components’ weights
9: ▷ initialize learning parameters
10: l← 1500 ▷ learning length: number of episodes
11: Q((s1, s2), a, r)← [.] ▷ initialize Q-table
12: for i = 1 to l do ▷ execute l-episode simulation
13: (s1, s2)← 0 ▷ reset state vector components:
14: ▷ n-length s1 describes the processed steps, scalar s2 shows current workstation utilization
15: r ← 0 ▷ reset cumulative reward
16: k ← 1 ▷ set workstation assignment pointer
17: s ← 0 ▷ reset n-length component ordering vector
18: w← 0 ▷ reset n-length workstation assignment vector
19: for j = 1 to n do
20: b← (1− (((s1PAND) < (1PAND)). · (s1POR == 0))). · (1− s1) ▷ determine

applicable steps
21: ξ1 ← ∽ U(0, 1) ▷ generate a random number by standard uniform distribution
22: if ξ1 > i

l then ▷ Q-table based optimal action
23: m← max (r|q ∈ {Q(s1, s2, a, r)|s1, s2}) ▷ get maximal expected reward
24: M← {(a|q ∈ {Q(s1, s2, a, r)|s1, s2, r = m})} ▷ get maximal reward steps
25: b← b. · aM ▷ update applicable steps by intersecting maximal-reward steps
26: if |b| == 0 then
27: goto else branch in line 29 ▷ if no applicable step, fallback to a random
28: end if
29: else
30: ξ2 ← ∽ U(0, 1) ▷ generate a random number by std. uniform distribution
31: z(x)← 1

∥b∥bU ▷ calculate cumulative distribution

32: a← argmax
x

z(x) < ξ2 ▷ determine random action

33: end if
34: o(j)← a ▷ store jth action in episode ordering vector
35: s1(a)← 1 ▷ register component a as processed step
36: if c− s2 > t(a) then
37: k ← k + 1, s2 ← 0 ▷ if workstation utilization requires, move ws. pointer on
38: end if
39: w(j)← k ▷ assign workstation k to the jth component removal action
40: s2 ← s2 + t(a) ▷ add component a removal time to workstation utilization
41: end for
42: r← reward(h,d, c,o,w) ▷ get rewards
43: for j = 1 to n− 1 do
44: (ŝ1, ŝ2)← (s1, s2)|processed to step j ▷ get state vectors restricted until step j
45: if ∃(ŝ1, ŝ2, a, .) ∈ Q then ▷ the state-action pair exists in the Q-table
46: if r > maxq Q((ŝ1, ŝ2), s(j + 1), q) then ▷ current reward > best in Q-table
47: Q((ŝ1, ŝ2), s(j + 1), q)← Q((ŝ1, ŝ2), s(j + 1), r) ▷ update Q-table record
48: end if
49: else ▷ no appropriate record in Q-table

50: Q
+←− ((s1, s2), a, r) ▷ insert Q-table record

51: end if
52: end for
53: end for
54: end function
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whether it works fine. In this approach, the agent is not restricted to preserving

itself from an easily foreseeable bad action. Instead, it will realize the badness of

the actions only afterwards by getting the low reward values. My algorithm im-

plemented a heuristic within the action-choosing process to significantly decrease

the potential action space’s size. The principal idea was that all the restrictions

declared in the MIQP formulation could be used to pre-filter possible actions be-

fore the agent chooses the final one. This approach helps the agent discover only

the feasible part of the action space and not waste time exploring irrelevant paths,

significantly speeding up the learning phase.

dlOptRL algorithm requires the following inputs:

• PAND is an n×n matrix representing the predecessor AND relations of the

precedence graph of the disassembly problem, where n = |P | is the total

number of parts to remove. According to the edge types of a precedence

graph, the matrix elements have a binary applicable value set. The value of

P (i, j) is defined by the type of e(vi, vj) as follows: 0 means that there are

no direct predecessor AND dependencies between part i and j (represented

by vi and vj on the precedence graph) during the disassembly process; 1

describes an existing predecessor AND relation between part i and j.

• POR is an n×n matrix representing the predecessor OR relations of the dis-

assembly problem’s precedence graph similar to the construction PAND.

• t is an n-length vector that describes part removal times

• h is an n-length binary vector that indicates hazardousness of each compo-

nent

• d is an n-length vector that determines the demand values of parts

• c is a constant that describes cycle-time

• o is a 3-length vector that contains the objective components’ weights

After entering into an outer loop that iterates the episodes, some technical vari-

ables (counters and pointers) should be initialized, and an inner loop that rep-

resents a single episode should be started. First, the applicable steps should be

determined by considering the current state of disassembly. Then, a decision

should be made about how the next action will be determined. The agent will
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try to follow the known best option that will be successful in the case of a double

condition being met, namely:

• the agent is on a known track, and hence at least one applicable step is

known, and

• the generated standard uniform random number is over the uniformly de-

creasing threshold

If both of the above conditions are satisfied, the agent will exploit its cumulative

knowledge and choose the optimal action that will result in the highest reward.

Otherwise, the next action will be randomly selected from the applicable actions.

The desired action will be registered in the short-term episode history.

After the episode ends, the agent will retrieve the reward. Then, it must check

whether the visited state-action pairs are registered in the long-term Q-table. If

an appropriate row is available in the Q-table, then the discounted reward value

will be compared to the one stored in the Q-table. If the agent realizes that the

newly experienced path provides a greater reward than the known best one, it

must be updated. This is also a minor modification to the original Q-learning

method, where the rows of the Q-table contain the average reward values. For a

deterministic disassembly problem, the MAX aggregation function can be used,

and it lets the agent immediately learn whenever a new best route is visited.

Finally, if the observed state-action pair is not listed yet in the Q-table, then it

should be added to the table.

3.3.3 Formulating dlOptRL algorithm as a HARL method

Since finding an optimal solution using RL methods can be very time-consuming,

in recent years, many researchers have made efforts to speed up the learning process

by improving the action selection method [446]. There are successful references for

extracting domain knowledge by integrating special heuristics into an RL method

[447]. It was shown [448] that the value function can be mathematically combined

with a heuristic function if
[
Ft(st, at) ▷◁ ξHt(st, at)

β
]
, where F : S × A → R is

an estimate of a value function, while H : S × A → R is the heuristic function.

It can be easily seen that a sufficiently large negative value of ξ can practically

avoid the selection of inappropriate actions. Regarding the dlOptRL algorithm,
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the heuristic function can be defined as 0 when the component is disassembled

according to the precedence graph and −Ω otherwise, where Ω is greater than the

theoretical maximum objective value of the concrete disassembly problem.

3.4 Application examples for disassembly line bal-

ancing problems

The literature analyzes several benchmark problems. In this section, I will present

two of them and summarize the performance of my reinforcement learning-based

solution by comparing it to classical methods. Then, I will highlight the main

advantages of RL-based optimizations in further problems.

3.4.1 Small scale benchmark problem - Personal computer

disassembly

There is a small-scale problem in the literature [440] [449] about disassembling

personal computers. Eight salvageable components are identified in a PC. The

parts themselves, their removal times, demand values and hazardousness indicators

are collected in Table 3.3.

Table 3.3: Personal computer disassembly tasks and parameters

Task no. Disassembly task Removal time Demand Hazardousness

[sec] [$/1000 items] [Y/N]

1 PC top cover 14 360 No

2 Floppy drive 10 500 No

3 Hard drive 12 620 No

4 Backplane 18 480 No

5 PCI cards 23 540 No

6 RAM modules (2) 16 750 No

7 Power supply 20 295 Yes

8 Motherboard 36 720 No

A precedence graph describes the logical dependencies of the order of the disas-

sembly task in Figure 3.4.
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Figure 3.4: Precedence graph of personal computer disassembly problem

By choosing a combined objective function of F = 1
w1F1+w2F2+w3F3

, where the

components are the same as defined in Section 3.2.2, the optimal global solution

can be determined using an MIQP solver. Note that the weights allow prioritizing

the objective components to align with the user’s needs. Therefore, the concrete

weighting values are less important from a scientific perspective, and hence, the

researchers often set them equally. Although there are multiple reasons not to

follow this, I also applied equal weights in this use case to let the results compare to

existing benchmarks. Table 3.4 presents the published global optimum to remove

the components.

Table 3.4: Optimal solution for personal computer disassembly problem

Sequence order 1 2 3 4 5 6 7 8

Component to remove 1 5 3 6 2 8 7 4

Part removal time [sec] 14 23 12 16 10 36 20 18

Assigned workstation 1 1 2 2 2 3 4 4

Workstation idle time [sec] 3 2 4 2

First, by solving the MIQP problem, I found that the optimal objective value is

Fopt = (32 + 22 + 42 + 22) + 7 + 19025 = 19065. The result of dlOptRL can be

evaluated by comparing it with the known optimal objective as a reference value.

As a first approach, I implemented a simple Q-learning-based algorithm controlled

purely by the reward function. I had only a single restriction in choosing the next

part for removal. Every component needs to be selected precisely once in the

disassembly sequence. I realized that this approach practically results in very low

efficiency, such as testing a random permutation of parts to see whether it meets

the criterion of the precedence graph or not.
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This kind of experience gave me the motivation to integrate the constraints (that

were collected in the MIQP formulation) into the next action determination step

by restricting the set of potential actions only to the applicable ones, which is

practically the intersection of three sets:

• parts that are not removed yet,

• parts of which all AND type predecessor parts are already removed,

• parts of which at least one OR type predecessor part is removed.

This limitation of the action space indicates a significant change in the learning

speed: in the small-scale use case, the agent found the optimal solution after very

few steps.

3.4.2 Mid scale benchmark problem - Cell phone disas-

sembly

Another case study problem is about disassembling cell phones. Twenty-five sal-

vageable components of a cell phone have been identified. The parts themselves,

their removal times, demand values, and hazardousness indicators are collected in

Table 3.5.

A precedence graph describes the logical dependencies of the disassembly order in

Figure 3.5. This leads to a less trivial solution than in the previous use case [440].

This led me to use my new formulation that works with a significantly smaller

vector size of decision variables as described in Section 3.2.3.

The solution to the degraded MIQP problem is presented in Table 3.6. In this

case, the optimal objective value is: Fopt = 15 + 75 + 815 = 905. The pure Q-

learning algorithm could not deliver a feasible solution without limiting the action

space to the applicable actions. In contrast, the dlOptRL algorithm provides a

feasible solution from the very first episode. Of course, this does not mean the

early solutions are efficient enough. By performing multiple simulations, I found

that the dlOptRL algorithm could find a reasonably good approximation for the

optimal solution. As described in Section 3.3.1, I tested four different static ϵ-

strategies for the RL agent’s decision. Figure 3.6 shows the learning performance

results following the different approaches.
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Table 3.5: Cell phone disassembly tasks and parameters

Task no. Disassembly task Removal time Demand Hazardousness

[sec] [$/1000 items] [Y/N]

1 Antenna 3 4 Yes

2 Battery 2 7 Yes

3 Antenna guide 3 1 No

4 Bolt (type 1) a 10 1 No

5 Bolt (type 1) b 10 1 No

6 Bolt (type 2) 1 15 1 No

7 Bolt (type 2) 2 15 1 No

8 Bolt (type 2) 3 15 1 No

9 Bolt (type 2) 4 15 1 No

10 Clip 2 2 No

11 Rubber seal 2 1 No

12 Speaker 2 4 Yes

13 White cable 2 1 No

14 Red/blue cable 2 1 No

15 Orange cable 2 1 No

16 Metal top 2 1 No

17 Front cover 2 2 No

18 Back cover 3 2 No

19 Circuit board 18 8 Yes

20 Plastic screen 5 1 No

21 Keyboard 1 4 No

22 Liquid crystal display 15 6 No

23 Sub-keyboard 15 7 Yes

24 Internal circuit 2 1 No

25 Microphone 2 4 Yes
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Figure 3.5: Precedence graph of cell phone disassembly problem
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Figure 3.6: Learning performance of the tested ϵ-strategies

The weighted total objective values are plotted instead of cumulative rewards for a

more straightforward interpretation. Although the continuous ϵ-Greedy approach

presents the best performance with the lowest objective values in the first phase of

the simulation, it reaches the worst solution at the end of the simulation. The other

methods start with a high ϵ-value to discover the search space more intensively.

The linearly decreasing ϵ approach gets the best overall objective value. Therefore,

I will use it further. Another advantage is that it does not need a custom parameter

for its operation, simplifying the dlOptRL algorithm.
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Figure 3.7: Objective values (reciprocal reward values) by iterations
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In contrast to the small-scale use case presented in Section 3.4.1, the dlOptRL

algorithm does not reach the global optimal solution of the mid-scale benchmark

problem. I executed 100 identically parameterized simulations to provide cross-

validated results. Figure 3.7 shows the empirical results by presenting:

• the range of the observed objectives,

• 50-episode moving averages of median objectives,

• 50-episode moving averages of upper/lower quartiles of objectives,

• best objective of learned routes by episodes.

Although the global optimum was not found, all the simulations show a stable

convergence in objective values. The median value of the objectives is 985, which

is 8.8% worse than the global optimum. The best solution of the dlOptRL

method has an objective of 917 and is presented in detail in Table 3.7. A widely

used indicator to compare two sequences is the concordance ratio. Calculated by

counting all pairs of items in the same order in both sequences and dividing by the

total number of pairs of items. Out of the
(
25
2

)
= 300 different item pairs, 293 have

concordant orders, 7 have discordant orders, and the concordance ratio is 97.67%

As the multiple steps of the best objective curve show, the learning process is

continuous. There is a significant difference between the moving average values

and the known best reward value, highlighting the ”cost of learning”. If the agent

decides to explore an unknown path instead of the known best one, it will cause

some loss in overall performance, but it leaves open the chance to find a better

path than the current best one.

Table 3.6: Optimal solution for cell phone disassembly problem

Sequence order 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25
Component to remove 2 7 1 8 3 6 9 14 13 17 21 22 25 16 15 23 18 19 20 4 5 10 11 12 24
Part removal time [sec] 2 15 3 15 3 15 15 2 2 2 1 5 2 2 2 15 3 18 5 10 10 2 2 2 2
Assigned workstation 1 1 2 2 3 3 4 4 5 5 5 5 5 5 5 6 6 7 8 8 9 9 9 9 9
Workstation idle time [sec] 1 0 0 1 2 0 0 3 0

Table 3.7: Best RL solution for cell phone disassembly problem

Sequence order 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25
Component to remove 2 7 1 6 8 3 9 13 14 17 15 21 22 25 16 23 18 19 20 4 5 10 11 12 24
Part removal time [sec] 2 15 3 15 15 3 15 2 2 2 2 1 5 2 2 15 3 18 5 10 10 2 2 2 2
Assigned workstation 1 1 2 2 3 3 4 4 5 5 5 5 5 5 5 6 6 7 8 8 9 9 9 9 9
Workstation idle time [sec] 1 0 0 1 2 0 0 3 0
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3.4.3 Comparison of RL-based solution to the mixed-integer

solution and further research directions

In this section, I will summarize the central experiences of the two described solu-

tion methods for disassembly line balancing problems, as well as further research

directions, which can have significant potential to improve the robustness and

adaptivity of the solution.

As the disassembly line balancing problem is NP-hard [412], it cannot be guaran-

teed that an optimal solution will be found in the polynomial calculation time. In

my formulation, the number of decision variables in the MIQP problem is quadratic

to the number of components. I validated the formulation on the small-size PC

disassembly problem, and the MIQP solver provided the optimal solution within a

second. However, for the midsize cell phone disassembly problem, the MIQP solver

processed 983,557 branches in 3,600 seconds. The first feasible solution was found

after 539,992 iterations. In contrast, the RL-based solution reached a complete

Q-table in 2 seconds for the small-size problem. Furthermore, it performed 10,000

episodes of the midsize problem in 382 seconds and grew a Q-table with 8,845

rows. Table 3.8 summarizes the key performance measures of the simulations.

Table 3.8: Summary of use case solutions

PC problem CP problem
Solution type MIQP RL MIQP RL
Execution time [sec] < 1 2 3,600 182
Final objective 19,065 19,065 1,2691 9172

Gap to global optimum 0 0 331 12
Relative gap to global optimum (%) 0% 0% 40.22% 1.33%

1 Terminated because of the execution time limit.
2 Median objective of 100 simulations.

The difference between the two solutions is that the MIQP solver requires a pre-

liminary training process, whereas the RL-based solution is learned online. As

my MIQP formulation shows, the component removal times, the hazardous indi-

cators, the demands, the cycle time, and the objective component weights are all

necessary to start the MIQP solver. In practice, it is often easier to set up an

empirical reward function by measuring idle times and component removal orders

and then letting the RL agent start learning. Furthermore, it is a complex task

to implement an efficient MIQP solver, and it is costly to buy one, while my RL

solution is easy to implement. In the case of multiple identical disassembly lines
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or if there is a virtual twin of them, the RL learning process is easy to parallelize.

The results show that the RL agent reliably converges to the optimal solution.

The dlOptRL algorithm delivers feasible solutions from the beginning and finds

a competitive disassembly setup within a reasonable training time limit.

3.5 Summary of disassembly line balancing op-

timization

In this chapter, I showed that disassembly line optimization problems have be-

come more important, leading researchers to devote more attention to developing

dedicated solutions. Optimization challenges have many formulations, objectives,

restrictions, and a wide range of problem sizes. I presented a compact formulation

for the disassembly optimization problem that requires fewer decision variables to

solve larger problems with the same solver limitations.

I showed that the standard approach of reinforcement learning application, when

only the reward function must be declared, has a low convergence rate in the

learning path. I described a Q-learning-based solution with an integrated heuristic

named dlOptRl algorithm that lets the reinforcement learning agent learn the

solution very effectively. I demonstrated the learning capability of my algorithm

in two selected use cases that proved the real-life applicability of my approach.

The presented solution shows a possible way to fine-tune reinforcement learning

algorithms to increase their learning performance for disassembly problems and

other fields.

Furthermore, I have shown that my algorithm formally belongs to the Heuristi-

cally Accelerated Reinforcement Learning class. It delivers a working example of

translating an MIQP problem into a heuristic function.

My algorithm has further potential for adapting to slowly changing disassembly

environments or completely stochastic problems. The presented method can be

used for other problem classes that need ordering complex actions into a sequence,

such as the Traveling Salesman Problem (TSP), network/map discovery, or Vehicle

Routing Problem (VRP), especially in stochastic cases where the state space is

mixed continuous-discrete.
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I identified further research directions that have significant potential to improve

the solution’s robustness and adaptivity.

• The dlOptRl algorithm can be extended to a multi-agent approach for

parallelizing the learning process by updating a central Q-table.

• A new indicator for measuring the proportion of undiscovered routes (ac-

tions) would be worth introducing, and an adaptive episode length determi-

nation process could help better approach the global optimum.

• The removal times of the disassembly components have higher uncertainty

than the assembly process times because the condition of a used product is

more heterogeneous than a uniform new one. This implies applying stochas-

tic removal times instead of deterministic ones.

• Using a moving time window or resetting the Q-table periodically can raise

the adaptivity of the RL solution.

• The RL-based solution is less sensitive to measurement inconsistencies and

one-time issues. Therefore, even if these observations are involved in the

Q-value aggregations, their effects will be marginal in the long term.

• By directly measuring the rewards, the cumulative measurement errors can

decrease compared to a MIQP formulation, where the errors will be accu-

mulated.

The next phase of our ongoing research focuses on analyzing the behaviour of the

RL-based solution in these contexts to verify them. I also recommend such an

analysis for other researchers in the disassembly domain.
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Q-compression method

4.1 Introduction to constrained graph traversal

problems

In this chapter, I focus on a special problem class that covers constrained graph

traversal problems. Its interest comes from the property that its formulation leads

to a mixed-integer (or mixed continuous-discrete) optimization problem, especially

when distances are rather stochastic than deterministic. Although efficient solu-

tions for the classical shortest pathfinding problems are known, these methods

do not work with constraints and stochastically distributed distances. This moti-

vated me to turn to the reinforcement learning method. In contrast with the most

commonly used gradient-based solutions of mixed-integer optimization problems, I

developed a new discretization approach for reducing the state space into a purely

discrete space representation. I applied the iterative policy optimization method

to that.

I identified a diverse set of problems belonging to the constrained graph traversal

problem class. Although the shortest pathfinding problem is a well-known com-

binatorial optimization problem, its parameters are difficult to define precisely

[450]. It is easy to see that the optimal route problem of a truck is practically

a constrained shortest pathfinding problem [451], where the constraints describe

the working hours limits of the driver and the availability of parking or the fuel

capacity limits [452]. The daily route planning of an electric delivery van is a con-

strained Hamiltonian pathfinding problem, where the constraints are based on the

72
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limits of the battery capacity [453] and the charging options [454] or the battery

exchange opportunities [455]. Furthermore, disassembling all product components

after their life cycle is also a constrained graph traversal problem, where a prece-

dence graph describes component removal dependencies and the constraints limit

the use of parallel workstations [456]. Finally, I would like to highlight that in real-

life problems, these kinds of problems are rather stochastic optimization tasks than

discrete [457].

The classical methods for the shortest pathfinding problem, such as Dijkstra’s

[458], Floyd-Warshall [459], and Bellman-Ford algorithms, deliver the optimal so-

lution in a reasonable time but are not able to handle stochastic distance distribu-

tions and complex constraints. The mixed-integer linear or quadratic programming

technique can be an option in multiple cases because it supports the integration

of constraints but is sensitive to stochastic parameters and the size of the problem

[460]. The genetic algorithm demonstrated its power in stochastic search problems

and converges to the Pareto-optimal solution. It not only provides the best solu-

tion but also alternatives. However, it requires built-in heuristics to retain cycles

in the path, and its performance strongly depends on the proper parameteriza-

tion setup [461]. In summary, there are no general methods to solve constrained

stochastic graph traversal problems, so I propose using the reinforcement learning

approach, which can handle both stochastic challenges and constraints well [462].

Reinforcement learning (RL) can be an obvious solution for sequential decision-

making processes such as step-by-step pathfinding. The objective function should

be implemented in the reward function, as well as in violation of the constraints

[463]. However, additional difficulties arise when considering stochastic effects or

measurement uncertainty: some continuous components must be integrated into

the state space, which becomes mixed continuous-discrete. There are success-

ful methods to solve the mixed-integer problem using gradient-based or deep RL

methods [464]. RL techniques can also solve constrained combinatorial optimiza-

tion problems [465]. Moreover, stochastic shortest-path problems also have RL

solutions [466]. Compared to them, my research aims to discover a new algorithm

by performing discretization steps using the DBSCAN clustering method and ap-

plying a discrete RL method for mixed continuous-discrete constrained stochastic

graph traversal problems [R4].
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4.2 Constrained graph traversal problem formu-

lation

Due to the rapid development of technology and economics, optimization prob-

lems are increasingly focused on increasing efficiency. Numerous proven methods

exist for finding optimal solutions for specific tasks, but there are cases where the

classical methods cannot be applied directly or do not perform well. I present a

special optimization problem class for which no general solution is known. I will

formulate the problem and show that multiple real-world problems belong to the

class.

Consider a weighted directed graph G = (V , E ,D). The vertex set is denoted

by V = {v1, v2, . . . , vn}, while the edge set is described by E = {e1, e2, . . . , em}
and finally the corresponding positive distances are in D = {d1, d2, . . . , dm}. The

function d : E → D can be used as an assignment to identify the corresponding

distance of an edge: di = d(ei) for all i ∈ 1, 2, . . . ,m. The graph is assumed to

be connected and simple in the context that there are no self-loops or multi-edges

in it. The edge that connects the vertex i and the vertex j can be referred to as

(vi, vj).

Suppose that the graph G has two privileged vertices: s and t are the starting

and target vertex. A path is defined as a series of edges: P = (e1, e2, . . . , ek) =

((v0, v1), (v1, v2), . . . (vk−1, vk) ⊂ E . The shortest pathfinding problem (SPP) is to

find a path from s to t with the shortest total distance: min |P| = min
∑k

i=1 di,

where v0 = s, vk = t and di is the distance value of the edge ei = (vi−1, vi).

Further limitations can be added to the shortest pathfinding problem: assume that

the traveller can cover only a limited distance in one go. Therefore, the shortest

path should be divided into subroutes or ranges that do not exceed their distance

limit L:

P = ∪li=1Pi (4.1)∑
i∈Pj

di ≤ L for all j ∈ {1, 2, . . . , l} (4.2)

In the formulation, index i goes on the edges of the shortest path, while index j

goes on the ranges. Equation 4.1 declares that the disjoint union of the ranges

forms the shortest paths. Equation 4.2 limits the range length for all ranges, of

which the number is assumed to be l. It is easy to see that the total length of the
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shortest path is equal to the total length of the ranges or the sum of the length of

the involved edges: |P| = ∑l
j=1 |Pj| =

∑k
i=1 di.

An important relevance of a constrained shortest path problem in practice is the

truck routing problem. In this case, the traveller should split his route into feasible

ranges due to the driver’s working hours limits and parking availability or fuel

capacity limits. A secondary goal is to minimize the number of ranges in the

whole path. To reach this, it is mandatory to extend the objective of the classical

shortest pathfinding problem and declare the common scale for it, which can be

the cost:

min z =
(
cd

l∑
j=1

|Pj|+ crl
)

(4.3)

, where cd represents the distance proportional cost of the completed path and cr

covers the range cost (e.g. battery recharge cost). This type of problem will be

called the constrained shortest pathfinding problem (CSPP).

Other problems can be transformed into a CSPP. Consider a connected directed

graph G = (V , E). The Hamiltonian pathfinding problem is to find a continuous

path in the graph that visits all the vertices exactly once. The problem can be

reduced to a shortest pathfinding problem. A reversible transformation t̂ can be

performed on graph G to prepare graph Ĝ as follows:

• Every possible loop-free route v ⊆ V declares a vertex v̂ in the transformed

graph, including v̂0 = () which represents the empty subset.

• êij = (v̂i, v̂j) is an edge in the transformed graph if and only if:

– The path in G represented by v̂i ⊂ V is a sub-path of the one represented

by v̂j ⊂ V :

v̂i ⊂ v̂j

– The path of v̂j is longer exactly by one edge than the path of v̂i:

v̂i ∪ (vy) = v̂j, where vy ∈ V

– By marking with vx ∈ V the last element of v̂i, the additional edge of

path v̂j is at its end compared to the path of v̂j:

(vx, vy) ∈ E
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– The initial vertex can be freely chosen from all vertex v ∈ V

((), (v)) ∈ Ê for all v ∈ V

• As in my formulation of the classical Hamiltonian pathfinding problem, there

were no distances in the original graph G. However, the SPP formulation

requires distances from the edges, so a constant value 1 can be assigned to

all existing (v̂i, v̂j) edges of the transformed graph Ĝ. However, in real-world

problems, distances are given: d̂(v̂i, v̂j) = d(vx, vy) and I am interested in

solving the shortest Hamiltonian pathfinding problem (SHPP).

• Finally, an optimal solution to the shortest pathfinding problem of Ĝ will pro-

vide the shortest Hamiltonian path with an objective function of min |H| =
min

∑k
i=1 di.

The graph Ĝ can be simplified by merging vertex pairs v̂a and v̂b into a single

transformed vertex if both contain the same original vertices and their last elements

are identical. (For example, (v1, v2, v3) can be merged into (v2, v1, v3), but cannot

be merged into (v3, v2, v1)). The merging concept comes from the observation that

it does not matter in a route what the vertex visiting order was, only the fact

whether a vertex was visited or not, and the last visited vertex, which determines

where the traveller can move on. Denote by v̂max ⊂ V̂ those transformed vertices

that contain all v ∈ V . Then it can be shown that finding a Hamiltonian route in

graph G indicates a path from v̂0 to v̂max in Ĝ, and vice versa.

Similarly to CSPP, another constraint can be introduced to limit the distance the

traveller can cover in one go. Formally, the Hamiltonian path H should be split

into subroutes or ranges that do not exceed their distance limit L: H = ∪li=1Hi,

where
∑

i∈H|
di ≤ L for all j ∈ {1, 2, . . . , l}. It is easy to see that |H| = ∑l

j=1 |Hj|.

The constrained shortest Hamiltonian pathfinding problem (CSHPP) objective

will contain two terms. The first one minimizes the total weighted route of the

traveller, while the second term enforces performing the whole route with the

smallest number of required ranges:

min z =
(
cd

l∑
j=1

|Hj|+ crl
)

(4.4)
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, where cd represents the proportional cost of the distance of the completed path

and cr covers the range cost.

A relevant practical problem is the daily route planning of an electric delivery van.

The van should visit all target addresses, considering the limits of the battery

capacity and the charging options or battery exchange opportunities.

Another type of problem that can be transformed into a CSPP is the disassembly

line balancing problem. The problem was described in Section 3.2.1 in detail. In its

simplest form, I consider a disassembly line for a single product with a finite supply.

Each product has n elementary components to remove, represented by a vertex

set V . The task of eliminating the component vi ∈ V is specified by its processing

time ti ∈ T , while a boolean flag of hi ∈ H indicates its hazardousness, and finally

di ∈ D declares its demand value. The general problem is determining the order

of disassembly of the components and assigning every task to the workstations of

the disassembly line to optimize the objective function. The predefined cycle time

is denoted by tc ∈ R, and each workstation should complete its assigned removal

tasks within the cycle time. A directed precedence graph P = (V , E , (T ,H,D))

describes the logical dependencies of component removal tasks. As I mentioned

above, the vertices represent the components to be removed. A component vi can

be removed only if all components from which a directed edge goes to the vertex vi

have already been removed. Typically, the precedence graph is used in its transitive

reduced form. Consider a feasible solution that declares the order of component

removals: the component represented by the vertex vi should be removed as the

rith element, and wj
i determines which component should be removed on the

workstation i as the jth task. Then, the objective function can be formulated as

follows:

min
(
ci

l∑
i=1

(tc −
lj∑

j=1

twj
i
)2 + ch

n∑
i=1

hiri + cde

n∑
i=1

diri

)
(4.5)

The first term determines the quadratic idle times of the used workstations, which

supports minimizing idle times and decreasing imbalance. The second and third

terms depend on the component property and disassembly sequence and aim to

remove the hazardous components and the components with higher values earlier.

The three terms are weighted by the idle cost of ci, the hazardous cost ch, and the

demand cost of cde, which have multiple goals behind them: compensating for the

scaling discrepancies of the objectives and determining the relative importance of

the objective components based on external preferences. The cost of idle time ci
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integrates the distance proportional cost cd, and the range cost cr used in Equation

4.3 and Equation 4.4.

It is easy to see that the disassembly line balancing problem is a special modified

case of a constrained Hamiltonian pathfinding problem since all the components

should be removed. However, on the one hand, the disassembly of the components

depends not only on the last removed components but also on the previously

removed components. On the other hand, the objective function is more complex,

with a quadratic term in it. Similarly to the Hamiltonian pathfinding problem, a

reversible transformation t̃ can be constructed to formulate a problem as a CSPP

to produce graph G̃ = (Ṽ , Ẽ , (T̃ , H̃, D̃)), for which the objective function becomes

to the following form:

min z =
(
ci

l∑
j=1

(tc − |H̃j|)2 + ch

n∑
j=1

h̃jj + cde

n∑
j=1

d̃jj
)

(4.6)

The problems described in the real world are rather stochastic than deterministic.

In routing problems, distances are measured on a time scale that depends on

traffic, weather, and other external conditions, while in disassembly problems, the

component removal times depend on product conditions.

In the formulation of stochastic shortest pathfinding problems, the directed graph

has the same structure as in the deterministic case, so the vertex set and the

edge set are identical, but the related distances are probability variables: Di ∼
LogNormal(µdi , σ

2
di

) for all i = 1, . . . ,m.

4.3 Q-table compression method

This section presents a discretization method integrated into the Q-table-based

policy iteration algorithm to solve mixed continuous-discrete problems with a re-

inforcement learning approach. First, I recall the action-value-based policy itera-

tion methods, especially the every-visit Monte Carlo method and the Q-learning

concept. Then, I declare the basic requirements for a state compression solu-

tion. Finally, I describe the Q-table compression process in detail by providing

the pseudo-algorithm to support its implementation.
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4.3.1 Reinforcement learning method for graph traversal

problems

As I presented in Section 2.2, Reinforcement learning solves problems due to se-

quential learning: the agent observes the travelled path, which is a sequence of

the visited vertices and needs to decide on the next action that should define the

next vertex to visit. Therefore, RL techniques can provide an obvious solution for

graph traversal problems by determining a sequence of vertices to find an optimal

(shortest) path.

For a graph traversal problem, the action space is the vertex set: At ∈ V , the

observation space is the subroute performed: Ot = ((v0, v1), (v1, v2), . . . (vt−1, vt) ⊂
E , while the reward is the increase in the partial objectives: Rt ∈ R = zt − zt−1

The state value function v(s) gives the expected total discounted return if starting

from state s: v(s) = E[Gt | St = s]. The Bellman equation practically states that

the state value function can be decomposed into two parts: immediate reward

(Rt+1) and discounted value of successor states γv(St+1).

The policy covers the agent’s behaviour in all possible cases, so it is essentially a

map of states to actions. There are two main categories in it: deterministic policy

(a = π(s)) and stochastic policy (π(a | s) = P[At = a | St = s]).

I will use an action-value function to determine the current optimal action. How-

ever, it can be a very slow process for large state- and/or action spaces to keep

the value function updated (and hence optimal). Denote by N(s, a) the counter

of visiting the state s with an action selection of a. Then consider the func-

tion Q(s, a) : S × A → R, which accumulates the expected total discounted

reward starting from state s and chooses action a. According to the every-visit

Monte Carlo policy evaluation process, if the agent performs a new episode and

receives rewards accordingly, then the counter must be incremented: N(St, At)←
N(St, At) + 1, and the Q-value function must be updated for all visited (St, At)

pairs: Q(St, At) ← Q(St, At) + 1
N(St,At)

(
Gt − Q(St, At)

)
. It is proven that if the

agent follows the update of the Q value function combined with a simple ϵ-Greedy

action selection method, then the Q-value function approaches the optimal policy

as the number of observations tends to infinity.

The Q-learning value-function update will look like the same as described in Sec-

tion 3.3: Q(St;At)← Q(St;At) + α
(
Rt+1 + γQ(St+1;A

′)−Q(St;At)
)
.
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My solution used the every-visit Monte Carlo method to determine the optimal

policy. However, this can be easily replaced by Q-learning, but in that case, it is

necessary to choose a suitable α-strategy.

4.3.2 Q-table compression process

In this section, I collect the basic requirements of a discretization function, then

present the Q-table compression process in detail, and highlight some hints and

guidelines for implementation.

In general, Q-table methods are used for discrete problems. However, there are

cases where the discrete problems partially become continuous by considering some

stochastic effect or measurement uncertainty. One option to decrease the complex-

ity of such a problem is to divide it into sub-problems. It can be done by intro-

ducing sub-goals and solving these problems separately [467]. Another option is

to merge those observed states into a common one that differs from each other

only insignificantly. This can be done by introducing a grid representation in the

continuous observation space [468]. This section presents an integrated method for

dynamically redefining the state space and transforming the Q-table to align it to

the changes. I assume a stochastic Markov Decision Process with a mixed-integer

state space and discrete action space.

oij denotes the jth observation in episode i, and it is an element of the observation

space O. The goal is to define a discrete representation S that will be used as a

state space in the reinforcement learning process. Formally, I am looking for an

iteratively refined mapping function F i : O → S.

I can declare the following requirements for the functions F i.

• Assume that the optimal action is determined for each and every oij, and it

is denoted by aij. If aij ̸= akj then F(aij) ̸= F(akj ). This practically means

that the mapping function only merges observation states if their optimal

actions do not differ.

• The mapping function F should be consistent in that sense that if action aij

moves the agent from the observation state oij to oij+1 then action aij should

move the agent from F(oij) to F(oij+1).
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• |S| ≪ |O|, or in other words, the size of the state representation S should

be significantly smaller than the observation space O. The smaller S is the

better representation.

The first requirement prevents merging states that have different optimal actions.

The second defines the transitivity of the mapping function. The last requirement

states that the potential for using the described representation function depends

on the efficiency of dimension reduction. If no significant reduction can be reached,

then the method cannot increase the efficiency of the learning process.

I designed a modified Q-table-based policy iteration method according to the above

requirements by integrating a discretization step. In the most straightforward RL

framework, the agent observes its states directly and takes its actions accordingly.

In my approach, the agent takes observations, determines the simplified state, and

takes actions based on it. So observations determine the state, but observation

space differs from state space: the first one is a mixed continuous-discrete space,

while the last one is purely discrete. The key component in the process is the state

space definition and its projection.

I suggest maintaining a compression-based Q-table learning process due to the

following steps, which are summarized in Figure 4.1:

get state

choose action method

get random action

get optimal action

take action

save observation

update statecheck exit criterion

check update criterion

get observation history

update discretization

discretization function

discretize observ. hist.

update Q-tableQ-table

optimal

random

false

true

Standard reinforcement learning loop

Regular discretization update

Figure 4.1: Q-compression process flow
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There is a standard reinforcement learning loop in the process. The agent queries

its current discretized state (get state). The learning process is based on the

ϵ-Greedy algorithm: the agent decides whether to take a random or best-known

action (choose action method). The agent randomly chooses an action with

probability ϵ of the feasible actions (get random action) or chooses the optimal

action from the feasible actions with (1 − ϵ) probability (get optimal action).

In this case, the agent determines the expected cumulative rewards to reach the

target state for all feasible actions first and then chooses the action with the best

total expected reward (or if there are multiple actions with the same total ex-

pected reward, then randomly selects one out of them). If the Q-table does not

contain a relevant entry for the current state because the trajectory is undiscov-

ered, then the action selection falls back to the random method. The parameter

value of ϵ decreases from 1 to 0 linearly as the number of episodes approaches its

predefined limit. It should be highlighted that the restriction on potential actions

improves the efficiency of the learning process compared to enabling any action

and producing a bad reward for unfeasible actions.

Once the action is chosen, the agent performs the selected action, determines the

new observation state, and registers the reward (take action). After that, the

agent saves the quadlet (old state, action, new state, reward) into the observation

history (save observation) and determines the new discretized state by applying

the discretization function for the observation (update state). Finally, the agent

checks whether the target state has been reached (check exit criterion). If

not, then the cycle repeats.

Next to the standard reinforcement learning loop, the agent needs to update the

discretization regularly and, on top of that, compress the state space size. The

discretization update process is quite resource-intensive. Therefore, it is suggested

that it be performed after a batch of episodes. Once the update criterion is sat-

isfied (check update criterion), the agent queries the observation history (get

observation history). To let the agent act adaptively, the history can be acces-

sible due to a moving observation window to get the most relevant part of the his-

tory and not process the old, invalid records from there. The primary goal at this

stage is to create a new/updated discretization ruleset that fits the requirements

described above in this subsection and projects the mixed continuous-discrete ob-

servation space to a discrete state space (update discretization). Denote by

st = (vt, ut) ∈ V ×R an observation, where vt shows the currently visited vertex
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of the graph and ut describes the current range utilization. The agent takes the

observations in a loop, fixes the discrete part of the observation space, and queries

all matching records: (vi, ui)|vi = vfixed. Then, it uses the DBSCAN algorithm to

split the continuous part of the observations into ranges. The number of ranges is

finite and somewhat limited, but definitely discrete:
⋃jt

i=1Ri = R and
⋂jt

i=1Ri = ∅.

Multiple clustering algorithms were empirically tested to find the most suitable

method for determining the optimal number of ranges and optimizing their hyper-

parameters. Hierarchical clustering with dendrograms, the k-means elbow method,

the Bayesian information criterion, and the Akaike information criterion methods

were also examined, but DBSCAN achieved the most stable partitioning. Figure

4.2 demonstrates the result of applying the DBSCAN algorithm to determine clus-

ters in two selected discretization steps. It is observable that the clusters effectively

separate the density peaks of the range utilization values.
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Figure 4.2: Demonstration of applying DBSCAN for clustering range utiliza-
tion for two selected discretization steps
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The agent repeats the discretization process for all elements in the loop. After

updating the discretization function, the agent applies it to the observation his-

tory to produce a discretized version of it: F⟩ : V × R → V × {R1, R2, . . . Rjt}
(discretize observation history). Finally, the agent truncates and rebuilds

the Q-table from the discretized observation history using the discretized states

(update Q-table). The algorithm 2 presents the Q-compression method in pseudo-

code format.

Algorithm 2 Q-table compression reinforcement learning method

1: function Q-Compression(D, lsim, lrange)
2: inputs:
3: D: n× n matrix ▷ represents the graph distances
4: lsim: constant parameter ▷ define simulation length
5: lrange: constant parameter ▷ define single range limit
6: ▷ initialize learning parameters
7: Q()← [.] ▷ initialize Q-table
8: O()← [.] ▷ initialize observation history
9: for i = 1, 2, . . . , lsim do ▷ loop for iterating episodes
10: (v, u)curr ← (vstart, 0) ▷ reset state (current vertex, range util.)
11: while vcurr ̸= vtarget do ▷ check episode exit criterion
12: ξ ← ∽ U(0, 1) ▷ generate standard uniform random number
13: a← {v|D(vcurr, v) > 0} ▷ get feasible action options list
14: if ξ < i

lsim
then ▷ optimal action selection criterion

15: m← max
(
r = Q(s, a)|s = (vcurr,F(u))}

)
▷ get maximal

expected cumulative reward from Q-table
16: vmax ←

{
a|Q(s, a) = m, s = (vcurr,F(u))

}
▷ get all

maximal-reward actions from Q-table
17: if |vmax > 0| then ▷ If no applicable action found then

fallback to random action
18: a← a ∩ vmax ▷ restrict optimal action list to optimals
19: end if
20: end if
21: a← ∽ U(a) ▷ choose next action from options
22: vnext ← a, d ∽ D(scurr, a), unext ← u− d ▷ determine next obs.
23: r← Reward(scurr, a, d) ▷ get reward

24: O
+←− ((scurr, a, snext, r) ▷ save observation into history

25: vcurr ← vnext, ucurr ← unext ▷ update state
26: end while
27: if mod (i, lrange) == 0 then ▷ Q-table update due criterion
28: Update-Q(O) ▷ call discret. and Q-table update sub-process
29: end if
30: end for
31: end function
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Algorithm 1 Q-table compression reinforcement learning method cont.

1: function Reward(scurr, a, d, lrange)
2: inputs:
3: scurr: pair of current vertex and range utilization
4: a: single vertex ▷ action a determines the next vertex to visit
5: d: dynamic value ▷ measures distance realized on performed action a
6: lrange: constant parameter ▷ define utilization limit
7: rd ← cd · d ▷ get reward term of distance proportional cost
8: rr ← cr(d == ucurr) ▷ get reward term of range proportional cost
9: ro ← co(lrange < ucurr) ▷ get reward term of range overutilization cost
10: return rd + rr + ro
11: end function
12:

13: function Update-Q(O)
14: inputs:
15: O: list of quad-tuples ▷ stores the observation history up to episode i
16: for v ∈ V do ▷ loop for iterating vertices
17: Ov ← {O(scurr, a, snext, r)|scurr = (v, .)} ▷ filter for relevant obs.
18: F(u|v)← Average

{
DBSCAN

(
Ov(r)

)}
▷ calculate expected reward

for the intervals discretized by DBSCAN
19: end for
20: Q()← [.] ▷ reset Q-table
21: for j = 1, 2, . . . , |O| do ▷ loop for iterating obs. history
22:

(
(v, u)curr, a, r, (v, u)next

)
← Oj(scurr, a, r, snext) ▷ read jth obs.

23: s̃curr ←
(
vcurr,F(ucurr)

)
▷ determine discretized current state

24: s̃next ←
(
vnext,F(unext)

)
▷ determine discretized next state

25: Q(s̃curr, a)
+←− 1

|O(s̃curr,a,.,.|

(
r + γ maxanext Q(s̃next, anext)−Q(s̃curr, a)

)
▷

calculate expected reward for the intervals discretized by DBSCAN
26: end for
27: end function

4.4 Results and Discussion

In this section, I present three application examples that demonstrate the usability

of the Q-compression method. The first use case is a constrained shortest pathfind-

ing problem (CSPP), the second is a constrained shortest Hamiltonian pathfinding

problem (CSHPP), and the last is a disassembly line balancing problem (DLBP).

The performance of the Q compression method is presented and compared with

a simple grid-based discretization method and the optimal solution of the deter-

ministic version of the problems.

If it is assumed that the constrained graph traversal process is a sequence of

decisions to determine which vertex should be visited next, then two pieces of
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information influence the decision: the currently visited vertex and the range uti-

lization. In Table 4.1, I summarize the key components of the class of constrained

graph traversal problem.

Table 4.1: Constrained graph traversal problem components by problem types

Vertex setup (state space)

CSPP current vertex

CSHPP visited vertices + current vertex

DLBP removed components

Edge context (action space)

CSPP integrates the vertex connectivity

CSHPP integrates the vertex connectivity

DLBP integrates the precedence graph

Constraints (restrictions for action selection)

CSPP range utilization ≤ battery capacity

CSHPP range utilization ≤ battery capacity

DLBP workstation utilization ≤ cycle time

Objective

CSPP min
(
cd
∑l

j=1 |Pj|+ crl
)

CSHPP min
(
cd
∑l

j=1 |Hj|+ crl
)

DLBP min
(
ci
∑l

i=1(tc −
∑lj

j=1 twj
i
)2 + ch

∑n
i=1 hiri + cde

∑n
i=1 diri

)

As described in Section 4.2, Hamiltonian pathfinding problems (including disas-

sembly problems) can be transformed into the shortest pathfinding problem. The

Q-compression method is executed on the original graph in the CSPP case and

on a transformed graph in the other two cases. In CSHPP, the transformed graph

vertices correspond to a feasible subpath that ends in a specific vertex in the

original graph. In DLBP the last vertex of the sub-path has no influence. There-

fore, the transformed graph’s vertices correspond to the feasible subpaths only

independently from the previous vertex.

The edges represent the connectivity of two vertices: whether a feasible transition

exists from one vertex to the other. Edges integrate information about vertex

connectivity in the CSPP and CSHPP cases and the precedence graph in the

DLBP case.

The constraints describe the restrictions on range utilization in the CSPP and

CSHPP cases and the workstation utilization in the DLBP case.
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In the CSPP and CSHPP cases, the objective stands for a weighted sum of the

total distances of the travelled path and the number of performed ranges. In the

DLBP case, the objective is more complex: it is a weighted sum of the quadratic

idle time of the workstations and the products of component disassembly order

and their hazardousness and demand values.

Aligning with the traditional setup of RL solutions, I use the opposite of objec-

tives for reward. Therefore, optimization problems become maximization tasks. I

present my results by retransforming rewards into original objectives.

4.4.1 Constrained shortest path finding use case

The first use case is a simple shortest pathfinding problem. Figure 4.3 presents a

directed graph. The edges are labelled with their average lengths. However, these
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Figure 4.3: Distance graph of shortest pathfinding use case

distances are stochastic, which was simulated by multiplying random values from

a log-normal distribution with parameter values of µ = 0 and σ = 0.01. The goal

is to find the shortest path from vertex 1 to vertex 8, considering an additional

constraint: the traveller can only go through L = 4.5 units in one go. Man can

easily see that the expected overall shortest path has a length of 7 units. The

path 1→ 3→ 6→ 8 should be divided into three sub-paths to remain within the

range limit, while the path 1→ 2→ 5→ 6→ 8 should only be split into two.

The objective function is a slightly modified version of Equation 4.3 by standing

for three terms:

min z =
(
cd

l∑
j=1

|Pj|+ co

l∑
j=1

(|Pj > L) + crl
)

(4.7)
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The first term measures the total length of performed distances. The second term

counts the ranges that exceed the limit value of L. Converting the range-limit

constraint into an objective term transforms it into a soft condition. The third

term describes the number of ranges into which the entire route was divided. The

final objective function is a weighted sum of these three terms. In my use case, I

set the cd distance proportional cost to 1, the co overutilization cost to 100, and

the cr range cost to 10.

There were 20 simulations performed with 500 episodes each for both the Q-

compression and grid-based methods. The granularity of the grid was set to 0.01.

Figure 4.4 shows the distance distribution histogram by edges with a granularity

of 0.01 unit.
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Figure 4.4: Removal time distributions by personal computer components

The ϵ-Greedy decision mechanism was applied with a linearly decreasing ϵ-strategy.

The frequency of updating the discretization and the Q-table was set to 50 episodes.

Figure 4.5 presents the simulation results.

The optimal solution to the deterministic problem has an objective value of 27.

The readers can observe that in some cases, the empirical episode reward is lower

than this, which comes from the stochastic property of the problem. Both the

grid-based discretization method and the Q-compression method improve their

performance as ϵ approaches 0. Still, the Q-compression finds a better objec-

tive value on average than the grid-based method (29.26 vs. 36.95). Table 4.2

summarizes the increase in Q-table size by episodes for the grid-based and Q-

compression methods. It shows that the Q-table continuously grows using the
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Figure 4.5: Q-compression method performance on constrained shortest
pathfinding use case

grid-based discretization method, even with decreasing momentum. In contrast,

the Q-compression method keeps the Q-table compact, which definitely supports

the better learning capability observed in the achieved objective values.

Table 4.2: Q-table size comparison for CSPP by episodes

Discretization

method

Episode

50 100 150 200 250 300 350 400 450 500

Grid-based 135 203 254 292 320 340 356 366 372 375

Q-compression 39 42 43 43 43 43 43 43 43 43

4.4.2 Constrained Hamiltonian path finding use case

The second use case is a Hamiltonian pathfinding problem [469]. Figure 4.6

presents a directed graph. Since no distances are declared from the edges, the

average length of all edges was set to 1. To ensure the feasibility of the problem,

non-existing edges are replaced with new edges with an average length of 100.

Similarly to the CHPP use case, multiplicative stochastic noise was applied from

a log-normal distribution with values of the parameters µ = 0 and σ = 0.05. The

goal is to find the continuous path from the vertex 1 to the vertex 5 by visiting

all the other vertices exactly once. The range limit is set to L = 10. Note that an
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Figure 4.6: Directed graph of Hamiltonian pathfinding use case

entire feasible Hamiltonian path does not exceed the range limit. Furthermore, it

is easy to validate that 1 → 4 → 7 → 2 → 3 → 6 → 5 is a suitable solution (and

the only one).

The objective function is identical to the previous one formulated in Equation 4.7.

The weighting parameters are as follows: cd = 1, cu = 100, cr = 10. The other

settings are identical to the descriptions of the CSPP use case.

There were 20 simulations performed with 2,000 episodes each for both the Q-

compression and grid-based methods. The granularity of the grid was set to

0.1. The frequency of updating the discretization and the Q-table was set to 100

episodes. Figure 4.7 presents the simulation results. The optimal solution to the
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Figure 4.7: Q-compression method performance on constrained Hamiltonian
pathfinding use case
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deterministic problem has an objective value of 16. The Q-compression method

approaches the optimal solution better by reaching an average objective value of

17.01 than the grid-based method, which produces an average objective value of

224.38. However, both show constant convergence to it. Table 4.3 shows the size

of the Q-table by episodes. The readers can observe that the grid-based method

grows the Q-table to an average size of 3, 647 records, whereas the Q-compression

method leads to less than half the size having 1, 735 records on average.

Table 4.3: Q-table size comparison for CHPP by episodes

Discretization

method

Episode

100 200 300 400 500 600 700 800 900 1,000

Grid-based 649 1,127 1,526 1,863 2,167 2,425 2,650 2,844 3,008 3,145

Q-compression 411 615 788 944 1,093 1,223 1,339 1,428 1,504 1,563

Discretization

method

Episode

1,100 1,200 1,300 1,400 1,500 1,600 1,700 1,800 1,900 2,000

Grid-based 3,266 3,362 3,442 3,504 3,554 3,589 3,613 3,630 3,640 3,647

Q-compression 1,615 1,651 1,678 1,698 1,713 1,723 1,730 1,733 1,735 1,735

4.4.3 Disassembly line balancing use case

The third use case is a computer disassembling problem from the literature [440]

[449]. The problem was described in detail in Section 3.4.1. Similarly to the

previous use cases, multiplicative stochastic noise was applied from a log-normal

distribution with µ = 0 and σ = 0.05 parameter values. There are eight salvageable

components of a PC. Parts, removal times, demand values and hazardousness

indicators are collected in Table 3.3.

A precedence graph describes the logical dependencies of the order of the disas-

sembly task in Figure 3.4. The objective function comes from Equation 4.6 with

a minor modification to sanction over-utilization of the workstation:

min z =
(
ci
∑l

j=1(tc − |H̃j|)2 + colmin(max(|H̃j| − tc), 0) + ch
∑n

j=1 h̃jj + cde
∑n

j=1 d̃jj(4.8)

The reader should be reminded that the first term is quadratic idle time. It

minimizes both the number of workstations used for disassembling the products
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and their imbalance. The second term is the soft criterion to keep the worksta-

tion utilization under the limit. If any workstations break the limit, a significant

penalty will be imposed. The third and fourth terms force removing hazardous

components and components with a higher demand value earlier. Following the

referenced literature, the weights of ci, ch, and cd are set at 1, while co has a value

of 100. The cycle time (corresponding to the range limit L of previous use cases)

is declared externally: tc = 40.

I performed 20 simulations with 1,000 episodes each for both the Q-compression

and grid-based methods. The granularity of the grid was set to 0.1. The frequency

of updating the discretization and the Q-table was set to 100 episodes. Figure 4.8

shows the removal time distribution histogram with unit granularity 0.1 by the

components of the personal computer.

0 5 10 15 20 25 30 35 40 45
0

200

400

600

800

1,000

1,200

1,400

1,600

1,800

2,000

Removal times

N
u
m
b
er

of
ob

se
rv
at
io
n
s

Component 1
Component 2
Component 3
Component 4
Component 5
Component 6
Component 7
Component 8

Figure 4.8: Removal time distributions by personal computer components

Next, Figure 4.9 presents the simulation results. The optimal solution to the de-

terministic problem has an objective value of 19, 065. In this use case, the reward

curves of the two discretization methods diverge. The Q-compression method

significantly better approaches the optimal solution by reaching an average objec-

tive value of 19, 122.29. In contrast, the grid-based method produces an average

objective value of 22, 747.21.

As Table 4.4 shows, the grid-based method grows the Q-table to an average size of

2, 672 records, while the Q-compression method keeps the Q-table very compact

by having 146 records on average, which definitely supports the better learning

capability that can be observed in the achieved objective values.
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Figure 4.9: Q-compression method performance on personal computer disas-
sembly use case

Table 4.4: Q-table size comparison for DLBP by episodes

Discretization

method

Episode

100 200 300 400 500 600 700 800 900 1,000

Grid-based 702 1,158 1,522 1,834 2,087 2,320 2,485 2,609 2,716 2,807

Q-compression 144 151 152 150 147 147 146 146 146 146

4.5 Summary of constrained graph traversal prob-

lems

In this chapter, I gave an overview of some graph traversal problems and showed

that they have a common root, namely the constrained shortest path finding prob-

lem. Then, a multistep Q-table compression method was presented to provide a

human-interpretable solution for mixed-integer problems. The main result of this

method is that it provides an algorithm to find an optimal abstraction level by

providing a reduced state space with significantly smaller element sizes. I demon-

strated the ability of my method on stochastic restricted graph traversal use cases

and found that it produces a more compact Q-table than the grid-based discretiza-

tion technique. As the optimization problem is more complex, the difference in

performance is more significant.
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I tested the methodology’s performance on three selected use cases: a constrained

stochastic shortest pathfinding problem, a constrained stochastic Hamiltonian

pathfinding problem, and a stochastic disassembly line balancing problem. In

all three use cases, I compared the performance of my developed method for dis-

cretizing the mixed continuous-discrete state space to the classical grid-based par-

titioning approach. My DBSCAN-based Q-table compression method achieves a

better objective function value while keeping the state space size manageable.



Chapter 5

Conclusions and future research

5.1 Conclusions

In Chapter 2, I prepared a comprehensive review of the literature on RL methods

and their uses in Industry 4.0 tasks. After that, I created a categorization for both

RL methods and Industry 4.0 problems based on their nature and topics, and by

showing the general trends that can be discovered from publications, I summarized

which RL techniques promise more significant potential for which types of tasks.

Then, based on the prerequisites and operating mechanisms of the different RL

techniques, I prepared a general methodological guide in a decision tree structure

to select the appropriate RL method based on the problem’s properties.

Then, in Chapter 3, I pointed out that with the transition to a circular econ-

omy, the development and optimization of disassembly chains play an increasingly

important role. After a literature review of the problem’s various formalizations

and solution methods, I created a Q-table-based reinforcement learning solution,

which proved to be especially suitable for a deeper examination of the procedure’s

parameters and for exploring its practical limitations. During the research, it was

possible to effectively combine the problem-reflective heuristics with the general

Q-learning methods, which I showed that satisfying the RL formalization, the

heuristic can show a general way to develop Q-table-based solutions for mixed-

integer optimization tasks.

Finally, in Chapter 4, I focused on developing the Q-compression method and

framing our research so far into a more general concept.

95
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I analyzed a special class of graph traversal problems, where the distances are

stochastic, and the agent is restricted to take a limited range in a time. I showed

that constrained shortest Hamiltonian pathfinding problems and disassembly line

balancing problems both belong to constrained shortest pathfinding problems,

which can be represented as mixed-integer optimization problems.

Reinforcement learning methods have proven their efficiency in multiple complex

problems. However, researchers concluded that the learning time increases radi-

cally by growing the state- and action spaces. In continuous cases, approximation

techniques are used, but these methods cannot be applied in mixed-integer search-

ing spaces.

I developed the Q-table compression technique as a multi-step method with di-

mension reduction, state fusion, and space compression techniques that project a

mixed-integer optimization problem into a discrete one. Then, the RL agent is

trained using an extended Q-learning method to provide a human-interpretable

model for optimal action selection.

My approach was tested in selected constrained stochastic graph traversal use

cases, and comparative results were collected.

In general, reinforcement learning methods are easily applicable to various indus-

trial problems by providing easily implementable solutions for complex optimiza-

tion tasks. Although the global optimum cannot be guaranteed, they deliver a

continuously improved optimal solution from an early stage.
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5.2 Thesis findings

The following list contains my new scientific results in three thesis findings.

1. A multidimensional classification of reinforcement learning (RL)

methods for applications in Industry 4.0 facilitates the identifica-

tion of prevailing research trends. Furthermore, a questionnaire-

based guideline supports the adoption of an appropriate method-

ology for the setup of RL solutions and helps to select the most

suitable RL method to address specific problems.

1.1 I performed a systematic literature review that included keyword stan-

dardization and categorization into three major dimensions: principles

captured, industrial field, and mathematical approaches to the applica-

tion methodology.

1.2 I made an analysis to identify the main research trends and the corre-

lations between the problem types, the applied RL methods, and the

industrial fields.

1.3 Based on these, I created a questionnaire guideline to support the adop-

tion of an appropriate methodology for the setup of RL solutions and

help select the most suitable RL method to address specific problems.

1.4 The guideline can be improved to being a fundamental basis of an

automated RL method selection application.

Related publications: [R1].

2. The newly developed reinforcement learning-based dlOptRL algo-

rithm can solve disassembly line balancing problems and effectively

supports the optimal operation of sustainable disassembly lines.

2.1 I prepared the general formulation of the disassembly line balancing

problem for the reinforcement learning methods including the state-

and action spaces and the reward function.

2.2 I developed the dlOptRL algorithm that belongs to the Heuristically

Accelerated Reinforcement Learning methods to solve disassembly line

optimization problems more effectively than the original reinforcement

learning method.
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2.3 Hence there are limitations in most available linear and quadratic solvers,

I reformulated the disassembly line balancing problem as a mixed-

integer quadratic optimization problem using significantly fewer deci-

sion variables to provide a reference solution to evaluate the perfor-

mance of the dlOptRL algorithm.

2.4 I derived a step-by-step procedure for generating the RL formulation

directly from the MIQP formulation.

2.5 I demonstrated the applicability of the dlOptRL algorithm in small-

and medium-scale disassembly line optimization use cases. I pointed out

that my algorithm provides a real alternative compared to the classical

Mixed-Integer Quadratic Programming solution.

Related publications: [R2], [R3].

3. The Q-compression method is a newly developed, generally ap-

plicable reinforcement learning-based approach for solving mixed-

integer optimization problems using a discrete dynamic representa-

tion of the state space across a wide range of complex optimization

problems.

3.1 I defined the class of restricted stochastic graph traversal problems and

showed that many scheduling and routing problems belong to that. I

also defined the exact method to transform the problems into a con-

strained stochastic shortest pathfinding problem and, hence, standard-

ize the formulation.

3.2 I developed the Q-compression method to find a dynamic discrete repre-

sentation of a mixed-integer optimization problem using the DBSCAN

algorithm and solve it using the reinforcement learning method.

3.3 The Q-compression method improves the built-in heuristic of the dlOp-

tRL algorithm to reduce the action space and provides a human-

interpretable model without time-consuming preliminary steps.

3.4 Finally, I demonstrated the usability of the algorithm in different se-

lected problems and verified its advance to the grid-based discretization

method.

Related publications: [R4], [R5].
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5.3 Utilization of new scientific results

The overview and questionnaire guidelines in my first thesis help researchers and

developers shorten the preparation time by allowing them to focus on the most rel-

evant methods. They can also be the basis for a later automatic method selection

procedure.

My second thesis delivered the dlOptRL algorithm, which offers a complete

solution for disassembly line balancing problems that can learn directly from an

ongoing operation or a simulated virtual twin.

My third thesis declares the constrained stochastic graph traversal problem class,

which involves several essential optimization problems and can definitely be ex-

tended by further ones. This class enables the easy transfer of a solution method

from one member problem to another. The Q-compression method presents a

human-interpretable solution without time-consuming preliminary steps, and there-

fore, its implementation time can be significantly reduced. The algorithm can

potentially adapt to changing environments by modifying its observation time

window.

5.4 Open questions and further research ideas

In the course of my research, I managed to identify several topics promising further

significant potential for results. In this section, I present the open questions on

which I would like to continue my research during the upcoming periods.

1. I presented a questionnaire guideline to help guide the follow-up of an ap-

propriate methodology to set up an RL solution and to support selecting the

most suitable RL method to address specific problems. This can be extended

to a more general RL setup wizard tool by involving the state- and action-

space setup, the reward function specification, and after the appropriate RL

method selection, its hyperparameter setup.

2. An interesting and deep problem is to modify the dlOptRL algorithm for

a multi-agent setup. If the different agents work on a common problem, the

reward function should balance the agents’ performance to find an overall
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optimum. Otherwise, agents become selfish and are not allowed to perform

worse individually but cannot reach a better overall performance.

3. In the other case, efficient knowledge transfer is far from trivial when the

agents work separately but in a similar or identical environment. There

are multiple choices: publishing the observation history enables the agents

to learn faster, but if the environments have differences, then the agents

should recognize this, and the external experience should be processed only

conditionally.

4. The relevancy of the constrained stochastic graph traversal problem class

could be increased if further problem types could be traced back to the

shortest pathfinding problem.

5. The applicability of the Q-compression method could be increased by devel-

oping a solution to estimate how close the current optimum is to the global

one. Of course, the global optimum cannot be determined because it is

generally a computationally complex problem. If it were feasible, then the

Q-compression method would be unnecessary. So, the question is, how could

such an estimation be determined?

6. An obvious possibility would be to transform Q-compression into an adap-

tive learning solution. Its relevance comes from the challenge of changing

environments. The first option is to use a moving time window of observation

history in the Q-table update phase. In this case, the optimal width of the

time window is an open question and should depend on the intensity of the

environment changing, but relevant indicators should also be constructed to

measure it.

I would be delighted if my supervisors and colleagues could support my further

research on these open questions.



Acronyms

AC Actor-critic

ADP Asynchronous dynamic programming

AI Artificial Intelligence

BC Behavioural cloning

CCL Cloud Control Layer

CHPP Constrained Hamiltonian Pathfinding Problem

CPS Cyber-Physical Systems

CSHPP Constrained Shortest Hamiltonian Pathfinding Problem

CSPP Constrained Shortest Pathfinding Problem

DDLP Deep Deterministic Learning Policy

DLBP Disassembly Line Balancing Problem

DoS Denial-of-Service (attack type)

DP Dynamic Programming

DQN Deep Q-network

ER Experience Replay

ES Experience sharing

HARL Heuristically Accelerated Reinforcement Learning

HCEQ Hierarchical Correlated Q-learning

I4.0 Industry 4.0

IL Imitation learning

IoT Internet of things

IRL Inverse Reinforcement Learning

IS Importance sampling

LP Linear Programming
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MAAC Multi-agent actor-critic

MABP Multi-armed Bandit Problem

MARL Multi-agent Reinforcement Learning

MC Monte-Carlo (learning method)

MDP Markov Decision Process

MG Markov Games

MILP Mixed-Integer Linear Programming

MIQP Mixed-Integer Quadratic Programming

ML Machine Learning

MMDP Multi-agent Markov Decision Process

NE Nash Equilibrium

PG Policy gradient

POMG Partially observable Markov game

PRISMA-P Preferred Reporting Items for Systematic reviews and Meta-

Analysis Protocols

PS Prioritized sweeping

PV Present Value

RL Reinforcement Learning

SKU Standardized Keyword Unit

TD Temporal-Difference (learning method)

TERL Transfer Expert Reinforcement Learning

TSP Traveling Salesman Problem

UCL User Control Layer

VF Value function

VRP Vehicle Routing Problem
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