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Abstract

Modern production lines are facing challenges, when it comes to maintaining
efficiency. These challenges are due to various reasons, including unpredictable machine
failures, fluctuating demand, and buffer congestion. These issues result in increased
costs and delays, that traditional scheduling methods struggle to handle. As
manufacturing systems become more complex, there is a growing need for adaptive
control strategies that can optimize production in real-time. In this diploma thesis, we
present a deep reinforcement learning approach to optimizing production line control,
leveraging SimEvents in Simulink and the Matlab Reinforcement Learning Toolbox. The
production system consists of sequential machine stages, buffers, and an assembly
mechanism, where inefficiencies, such as buffer congestion and machine downtime,
lead to increased operational costs. A Proximal Policy Optimization (PPO)-based
reinforcement learning agent was designed to handle machine operations by monitoring
key system variables, including buffer levels and machine states. The agent is designed
to minimize delays and prevent buffer accumulation, enabling it to learn adaptive
scheduling policies that improve overall efficiency and minimize cost. Through a series of
simulations, our approach proves to be more effective than traditional optimization
methods and yields solutions very close to optimal solutions, which can be obtained for
small problem instances by dynamic programming methods. The results of extensive
experimental testing show that reinforcement learning successfully improves
manufacturing efficiency through better decision-making, pointing to new ways of
running production systems.




MepiAnyn

OL cUYXPOVEC YPAMMEG TIAPAYWYNCG avTlpeTwTi{ouv TPOKARCEL;, 0oov adopd ot
dlatrpnon tng amodotikotntag. AUTEG ol TIPOKAN ol odeilovtal oe dlddopoug Adyoug,
omwg ot anpoPAettteg BAABEC pnxavwy, ol dlakupavoelg tng Atnong Kat n cupdopnon
Twyv evoldueowy amobespdtwy. Autd ta ¢nTAPAta odnyouv o AUENUEVO KOOTOG Kal
kabuotepnoelg, T oOmoia ol TapadoolakeE HEBODOL  XPOVOTPOYPAUMATIOHOU
duokoAsvovtal va dlaxelplotouv. Kabwg ta cuotipata mapaywyng yivovtal oAogva kat
o TepimAoKa, UTIAPXEL AUEAVOHEVN AVAYKN YO TIPOCAPHOOTIKEG OTPATNYIKEG EAEYXOU
TIOU UTIOPOUV va BeATIOTOTOOUY TNV TIApAywyn C€ TPAyHatikd Xpovo. Ztnv mapovod
SUTAWHATLKA Epyacia, TTapouclAloUHE LA TIPOCEYYLON BABLAC EVIOXUTIKAG HABNoNgylatn
BeAtloTomOINCN TOU EAEYXOU YPAUPWY TAPaywyng, aglomolwvtag to SimEvents oto
Simulink kat to Matlab Reinforcement Learning Toolbox. To cUotnua Tapaywyncg
aroteAeital amo JladoXIKEG HNXAVEG, EVOLAPECOUC XWPOUC amoBespdiwyv Kal &vav
HNXaviopo cuvappoAoynong, 0TIou Ol AVATIOTEAECUATIKOTNTEG, OTIWC N cUPPOPNON TWV
ATOBEPATWY Kal 0 XPOVOC AdpAvELaC TWV PNXavwy, odnyolv o€ AUENUEVO AELTOUPYLKO
KOOTOC. 2ZXEDLAOTNKE €vag TIPAKTOPAC EVICXUTIKAG HABNoNg, Baclopévog atov alyoplBpuo
Proximal Policy Optimization (PPO), o omoiog dlaxelpidetal tTn Asttoupyia TwWY Pnxavwy,
TapakoAovBwvtag Pacilkeg HETAPANTEC TOU OUOTAPATOG, OTMWCG TA Eemimedd Twv
evOLAUECWY ATIOOE PATWY KL TIC KATACTACELG TWV Pnxavwy. O TipAKTopac £Xel oxedlAoTEL
yla va EAAXIOTOTIOLEL TIC KABUOTEPNOELC KAL VA ATIOTPETIEL TN CUCCWPEUCN AToBepdTwy,
ETITPETOVIAC TOU va pabaivel TIPOCAPHOCTIKEG TIOALTIKEC XPOVOTIPOYPAMUATICHOU TIOU
BEATIWVOUV TN OUVOAIKA aTOdOCn KAl HEWWVOUV TO KOotog. Méoa amd pua oespd
TIPOCOUOLWTEWY, N TIPOTEIVOHUEVN TIPOCEYYLON ATIOJEIKVUETAL TILO ATIOTEAECUATLKI ATIO TIC
Tapadoclakég HeBOdoug BeAtioTomoinong Kat amodidel AVoeLg TTIOAU KOVTA o€ BEATIOTEG
AUOELG, OL OTTOIEG UTTOPOUV VA ETUTEUXOOUV YIaA PIKPA CTIYHLOTUTIA TOU TIPORANUATOC HECW
HEBOOWYV duvaulkoU Tpoypappatiopol. Ta amoTteEAECUATA EKTETAUEVWY TIEIPAPATIKWY
SOKIPJWYV BeiXxvouv OTL N EVIOXUTIKA HABNoN BEATIWVEL ETIITUXWCE TNV ATodoTKOTNTA TNG
TapaAywyne Heow KaAltepnc ANPng amoddcswyv, UTOdEIKVUOVTAC VEOUC TPOTIOUC
dlaxeiplong Twy cuoTNUATWY TIAPaAywync.
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CHAPTER 1: INTRODUCTION

CHAPTER 1: INTRODUCTION

In the last few years, there has been a significant effort to make production lines work
more efficiently and reduce costs, especially in the case of industrial environments
where things are always evolving. As production systems get more complicated, the
classic approach of control and production planning, fails to handle the case of systems
with increased complexity due to significant difficulties in modeling and using the
analytical tools which are essential for providing a feasible solution. To tackle these
issues, intelligence-based approaches, including, but not limited to, neural networks [1],
fuzzy logic [2], reinforcement learning (RL) [3], have been used to propose viable
solutions. In the case of RL, production systems can adjust, while they are operational,
resulting in reduced cost and enhanced efficiency.

1.1 Objectives of the Thesis

This thesis focuses on building a flexible system to improve production line
performance by cutting down delays, easing buffer congestion, and reducing costs.
Production lines are complex setups, where issues like changing demand, machine
breakdowns, or uneven product flow can cause inefficiencies and raise expenses.
Traditional fixed scheduling methods often cannot handle these changes, so there is a
need to explore more adaptable and data-based approaches.

To face those challenges, this thesis aims to design and implement a Reinforcement
Learning (RL) agent capable of learning and adapting in real time, without relying on
predefined rules or strict mathematical models. The system is developed in a simulated
manufacturing environment using SimEvents and Simulink, where the RL agent interacts
with the production line, observes system states such as buffer levels and machine
statuses, and learns near-optimal control policies. The main objective is to showcase that
this learning-based approach can outperform classical methods in both adaptability and
efficiency, showing the way for more intelligent and autonomous production systems.

1.2 Contributions of the Thesis

In this diploma thesis, we present a solution to the problem of controlling production
systems by developing an RL-based solution. This solution is based on a Proximal Policy
Optimization (PPO) reinforcement learning agent and it is implemented using SimEvents
in Simulink. A scenario using a production line is studied, made up of a series of machine
stations with different operation modes (working, idle, or out of order). There are buffers
between the machines, acting as product storage entities and temporal clients. The
overall goal is to produce adequate number of products to satisfy the demand, while
simultaneously keep the overall cost to the minimum. The PPO-based approach
considers among other, buffers levels, the status of the machines and based on the
available information, it adjusts the machine’s setting accordingly.
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The results of the proposed approach are encouraging, and they are compared to the
results of conventional optimization approaches (dynamic programming), to highlight the
efficiency of our approach.

By integrating PPO into the production model, this thesis aims to demonstrate that
reinforcement learning can provide a viable alternative to conventional optimization
methods, especially in the case where modelling and solving the problem at hand might
be difficult or in some cases impossible using the traditional methodologies. The
outcomes include reduced waiting times for products and clients, optimized machine
utilization, and enhanced production flow. Furthermore, this work explores the scalability
of the approach and discusses how it could be applied in real-world manufacturing
settings, showing the way for more efficient and adaptable production systems.

1.3 Structure of the Thesis

This thesis is organized into six main chapters, each covering a distinct aspect of the
research, from background and methodology to results and conclusions, as depicted in
Figure 1.1.

{ Introduction HLilerature Review HSystem DescriptionH Agent Integration H Results H Conclusions }

Figure 1.1 Structure of thesis

In Chapter 1, the problem of production line optimization is introduced and the
limitations of traditional methods in handling dynamic production environments are
highlighted. This chapter also outlines the objectives and motivation behind using
reinforcement learning as a solution.

A review of existing literature on production line optimization and reinforcement
learning is presented in Chapter 2. Various static and dynamic optimization approaches
are discussed, followed by an overview of RL applications in industrial settings.

Chapter 3, describes the design and implementation of the production line model
using SimEvents in Simulink. The key system components, including machines, buffers,
and the assembly mechanism, are detailed. Configuration of every system component is
being discussed.

The structure and functionality of the PPO-based RL agent, as well as the reward
function and observation signals, are presented in Chapter 4. Actions and observations
definitions are discussed. The selection of the Proximal Policy Optimization (PPO)
algorithm is justified by comparing it with other RL methods. The integration of the agent
with the production line model in Simulink is described in detail.

In Chapter 5 we look at the test results in detail, showing how well the system works.
The analysis compares how the PPO solution performs against older optimization
methods and dynamic programming approaches. Through studying how the PPO agent
makes decisions, we see how it manages machine states to lower costs. The chapter also
points out the limits and problems found during the research.
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Chapter 6 summarizes the key contributions of the thesis and provides suggestions

for future research. Potential extensions include real-world implementation, and
scalability considerations.
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CHAPTER 2: LITERATURE REVIEW

2.1 Optimization of Production Lines

Optimizing production lines, is crucial in manufacturing, as it directly influences a
company's profitability and competitive edge. A production line usually has a series of
machines or workstations, with buffers between them to hold products temporarily. A
sample production line is presented in Figure 2.1.

Entity FIFO

W

@ FIFo

Workstation Machine Buffer Machine Buffer

()
/

Figure 2.1 Basic Production Line Setup with Machines and Buffers.

To keep everything running smoothly and avoid problems like delays and idle
machines, it's important to manage how the machines work and how products move
through the line. In the past, a common way to optimize production lines was through
static scheduling. This means making a set plan of time for what each machine should
do, based on certain fixed rules. Static scheduling can work well, when everything goes
as planned, but it has trouble adjusting, if something unexpected happens, like a machine
breaking down or a sudden change in how many products are needed. As a result, static
scheduling can lead to increased backorders, bigger delays in the holding spaces, and
bad machine usage, which increases costs.

To deal with the problems of static scheduling, methods using dynamic optimization
are been used [4]. These methods, decide in real-time based on the latest information of
the system, allowing the production line to adjust as things change. Some of these
methods include heuristic scheduling, model predictive control, and discrete event
simulation, which help decide what tasks to assign and how to move products through
the line more efficiently [5].

While these methods are often better than static scheduling, they also come with
some disadvantages, as they need a lot of planning and can sometimes be hard to use in
large systems. Recent progress and evolution of artificial intelligence in our days,
especially in reinforcement learning (RL), could offer a reasonable alternative to optimize
production lines.

RL methods are different, because they learn the best ways to make decisions by
interacting directly with the system, rather than following a set plan. This ability to learn
and adjust makes reinforcement learning a strong candidate to handle the challenges of
complex and changing production environments. The main differences between the two
methods can also be seen in Table 2.1 that follows [6].
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Feature

Static Scheduling

Dynamic Scheduling

Decision Timing

Pre-planned

Real-time, based on system feedback

Adaptability Limited High—adjusts as conditions change

Complexity Relatively simple Can be complex, especially for large
systems

Suitability Works in static enviroments Ideal for dynamic environments

Table 2.1 Differences between static and dynamic scheduling

2.1.1 Static Scheduling Approaches

Static scheduling has been the standard and most straightforward way to manage
production lines for most of the years. These methods rely on a fixed schedule that
decides when each machine should start and stop. It works by considering factors like
production speed, machine capacity, waiting times, etc. For instance, in industries where
the volume of products and production times remain consistent, static scheduling helps
maintain a smooth workflow.

The proposed approach is problematic in handling unexpected changes that might
happen. Machines can break down, people might suddenly want more or fewer products,
and there can be problems getting supplies. Static schedules are pretty stiff and do not
have the wiggle room to adjust when these surprises come up. As a result, things start to
get delayed, products pile up in waiting areas, and machines either sit around doing
nothing or work inefficiently. A well-known example of static scheduling is the job shop
scheduling problem, where you allocate specific tasks to machines with predetermined
processing times [7].

To provide a better explanation, a simple example of a job shop problem following a
static scheduling approach is presented. Consider a small workshop with just 2 machines
and 2 jobs, where everything is known in advance, as depicted in Table 2.2.

Time Hour 1 Hour 2 Hour 3
Machine A Job 1 Job 2 Idle
(Cutting) Cut Cut

Machine B Idle Job 1 Job 2
(Drilling) Drill Drill

Table 2.2 Simple Static Job Shop Schedule

Machine A: Cutting Machine
Machine B: Drilling Machine
Job 1: Make a Square Block

1. Cut(Machine A) - 1 hour

2. Drill (Machine B) - 1 hour
Job 2: Make a Rectangle Block

1. Cut(Machine A) - 1 hour

14
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2.Drill (Machine B) - 1 hour.

In the problem described, three basic assumptions are made: (i) The schedule is
created before starting work, (ii) No changes are made during execution, (iii) A fixed
number of jobs, fixed processing times, predetermined order are considered.

This issue has been extensively studied, and techniques, such as the Earliest Due Date
(EDD), Longest Processing time, FCFS or Shortest Processing Time (SPT) have been
employed to develop the most efficient schedules possible [8].

But even with these techniques, the major drawback of static schedules persists.
Once something disrupts the plan, the entire system begins to struggle.

Even considering the aforementioned problems, static scheduling is still used in a lot
of manufacturing setups today, mostly because it is straightforward to implement and
requires neither constant oversight nor significant computational resources. However, as
production environments become increasingly complex and unpredictable, their
limitations are becoming more apparent, emphasizing the need for more flexible
methods, such as dynamic scheduling and approaches based on reinforcement learning.

2.1.2 Dynamic Optimization Techniques

The problematic behavior of static scheduling approaches in the case of unexpected
changes, led to the use of dynamic optimization techniques. Unlike static scheduling,
which follow a set plan, dynamic optimization adapts to unexpected changes. The
system keeps track on what is happening and tweaks the schedule instantly. This means
it can easily face unexpected events that could occur in such systems, like machines
breaking down or changes in demand, in a more efficient way than static scheduling [9].

Dynamic optimization techniques use real-time data and information, like how
machines are performing, storages levels, waiting times and others, to take the best
actions. For instance, if a machine suddenly fails, a dynamic scheduling system can
quickly reschedule tasks to the other machines or change the order of production to
avoid delays. Or, if there is a sudden surge in demand, the system can make it a top
priority, without needing someone to manually do the whole schedule.

A method for dynamic optimization is heuristic scheduling, where you apply
straightforward rules or draw on past experiences to quickly come up with a solid
solution. Simple rules, like "do the job that'll take the least time first," are easy to use and
do not need a lot of computer power, making them perfect for quick decisions. But, these
rules often do not find the best solution and can struggle in complicated or changeable
environments where the rules might not fit as well .

Another technique is model predictive control (MPC), which uses a model to predict
what will happen next and makes decisions based on that. MPC fine-tunes the current
schedule, while considering how it might affect future production. For instance, it might
hold off on a task for a bit, if it thinks that will lead to a better overall outcome. While MPC
works well, it can be a heavy lift for computers and might not work as well for big
production systems, where the model can get too complicated [10].

15
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Simulation-based approaches are increasingly adopted in industrial settings,
particularly when it is challenging to predict how machines and buffers will interact. In
these complex environments, purely analytical models can become unwieldy or
impractical, making simulation a more viable option. Simulations allow adjustments by
running through different scenarios and picking the best one in real time. But, to be useful,
simulations need accurate models of the production system and enough computational
power to run these scenarios quickly enough to keep up with the production pace [11].
All those optimization techniques and their advantages and disadvantages are
highlighted in Table 2.3 that follows.

Technique Description Strengths Limitations
Heuristic Usessimplerules Fast, low May miss optimal
Scheduling or past computational solutionsin
experiences to cost complex
quickly make environments
decisions
Model Predictive Predicts future Optimizes both High
Control system behavior current and future computational
and adjusts performance cost, needs
current tasks accurate models
Simulation- Runs simulations  Effective in highly = Requires accurate
Based to test different complex systems  models and
approaches scenarios and significant
select the best computing power
action

Table 2.3 Comparison of Dynamic Optimization Techniques.[11]

Overall, dynamic optimization techniques are a big step up from static scheduling,
because they are more flexible and can react to changes better. But they have got their
own challenges, especially when it comes to using them in bigger, more complicated
production setups. The need for detailed models, the heavy computer demands of
making quick decisions, and the possibility of not always finding the best solutions are all
things that need to be worked out.

2.2 What is Reinforcement Learning and its Applications in Industry

This is where reinforcement learning could really shine. Unlike traditional dynamic
optimization methods, reinforcement learning can learn the best decisions directly
through experience, without needing detailed models or simple rules. The key conceptis
presented in Figure 2.2. Guided by a reward function that tells the agent what is good and
what is bad and by interacting with the environment (production line) over time, a
reinforcement learning agent can figure out strategies that adapt to changing conditions
and make things run more smoothly. This makes it an exciting new way to optimize
production lines and could provide a solution that works well, even in big, complex
systems, where static and traditional dynamic scheduling methods fall short.
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Action

Agent

Reward

Figure 2.2 Reinforcement learning process

Reinforcement learning takes a totally different track from the usual ways of optimizing
things. Instead of sticking to set schedules, using quick-and-dirty rules, or relying on
models to predict what will happen next, RL learns the best ways to do things through trial
and error. It is a simple, yet powerful, idea: an RL agent interacts with its environment,
tries out different moves, sees what happens, and slowly gets better at making decisions
based on the actualresult. This process for learning from experience is what makes RL so
exciting for tricky, ever-changing setups, like production lines [12].

Reinforcement learning (RL) is gaining momentum across all sorts of industries by
providing a way to tackle optimization problems that the old methods just cannot handle.
Some of the sectors that reinforcement learning is being widely used are shown in Figure
2.3 below.

DTRs proficiency est.  adaptive adaptive
diagnosis recommendation traffic signal decision
EHR/EMR education games  gontrol control
pricing, trading [healthcarel (education} Eransportatioﬂ energy 1 recommendation
portfolio opt. e-commerce, OR
risk mgmt customer mgmt
business
finance management
deep reinforcement learning
computer sclance
systems engineering
art
topics in maths, physics
computer games robotics computer NLP | chemistry, music
science vision drawing, animation
Go, poker sim-to-real recognition seq. gen.
Dota, bridge co-robot detection translation
Starcraft control perception dialog, QA,IE,IR

Figure 2.3 Reinforcement learning various applications [12].

By learning directly from interacting with its environment, RL can adjust to complex
and ever-changing systems in ways that fixed schedules or simple rules cannot. Its ability
to improve overtime makes it perfect for situations where you need to make quick
decisions and conditions are constantly changing. RL has shown significant success in
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robotics, where robots use sensor data to adjust their movements and perform tasks
such as assembly, sorting, and material handling. [13].

In logistics and supply chain management, RL is used to figure out the best delivery
routes, keep track of what is in the warehouse, and react to what customers want at any
given moment [14].

Energy management systems also lean on RL to balance how efficiently things are
made with saving energy, and when it comes to keeping machines in good shape, RL helps
decide the best time to service them. These uses show how RL can make the most out of
environments that are always changing, to reduce costs, and make things run better [15].

Applications of RL to manufacturing include fine-tuning of production lines by
controlling when machines are on or off, deciding what tasks to do when, and keeping
delays to a minimum, all while getting better based on what is happening right now. In the
following section we will present in more detail how RL can be applied in manufacturing
[12].

2.2.1 Use of RL in Manufacturing

Manufacturing systems are complex, constantly changing, and often hard to predict,
which makes them a great fit for reinforcement learning (RL). Unlike the traditional
approach of optimizing with set plans and simple rules, RL can keep learning and
adjusting, as things change without needing external intervention. This is particularly
useful in production systems, where unexpected machine breakdowns, diverse product
types and constantly shifting demand can complicate operations. Over time, RL agents
get better at figuring out how to make things run more smoothly, reduce on delays, and
keep costs low [16].

One of the most significant ways RL is used in manufacturing, is for controlling
machines and figuring out schedules. Machines on a production line can be in different
states - working, idle, or being fixed - and deciding when to switch between these states
can make a big difference in production systems performance. An RL agent can learn,
when it is best to keep machines going, when to let them rest to save energy, or when to
schedule maintenance to avoid surprises. By paying attention to what is happening in
real-time, like how full the buffers are and how products are moving, the agent can tweak
machine states to keep things flowing smoothly and avoid jams.

Another application for RL is in job-shop scheduling, where you have got to process
different jobs on various machines in a particular order. The classic scheduling methods
have a hard time adjusting to unexpected events, whereas RL systems can continuously
fine-tune job assignments by learning tasks to prioritize and which machines should
handle them. This helps reduce waiting times, dodge bottlenecks, and make the process
more efficient [17].

Quality control is another area where RL shows much promise in manufacturing. As
products go through the production line, their quality can be affected by all sorts of things,
i.e. how the machines are set up, the temperature, or how long they are processed, etc.
RL can help regulate these settings to ensure products meet the standards, without
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needing constant manual adjustments. For example, an RL agent could learn how to
adjust machine settings on the fly to get the best product quality, while keeping waste to
a minimum [18].

In automated assembly lines, RL agents can manage robotic arms, conveyors, and
assembly stations to make everything work together more efficiently. For instance, a
robotic arm powered by RL can learn the best way to pick up, move, and put together parts
while steering clear of crashes or slowdowns. As time goes on, the system gets better at
dealing with different sizes and positions of parts, making it more adaptable to changes
in how things are made [19].

Energy optimization is also becoming a key issue. Manufacturing uses extensive
energy amounts, so figuring out how to use less, without having an effect in productivity,
is a top priority. RL agents can help by learning when to turn off machines during slow
times or how to balance production schedules with the available amount of energy by
minimizing the cost. This not only saves money on energy, but also helps make the whole
manufacturing process more sustainable [20].

RL's ability to adapt to continuous changes and learn from what is happening right now
is a total game-changer for manufacturing. As production systems get more complicated,
RL's role in making things run more efficiently, keeping costs down, and being more
flexible, will only grow [16].

2.3 Categorization of RL Algorithms

To make decisions and improve over time, RL relies on specific learning algorithms.
These algorithms help the RL agent balance exploration (trying new actions to discover
better outcomes) and exploitation (using known strategies that have worked well before).

Environment

(e.g. production system)

Ti+1
S a¢

Learning algorithm

adjusts

> Strategy

RL-Agent

Figure 2.4 Interaction of an RL agent with an environment [21].
The interaction shown in Figure 2.4 is based on the following components.

Observation (s;): At any given time t, the agent observes the current state s; of the
environment. In a manufacturing context, this state could include key variables like:

e The status of machines (working, idle, or failed).
e The number of products in buffers.

e Current production demands or bottlenecks.
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e Energy consumption metrics.

This observation provides the information the agent needs to understand how the
production line is operating at that moment.

Action Selection (a;): Based on the observed state s;, the agent selects an action a,
using its strategy (or policy), which is continuously refined by the learning algorithm.
Examples of possible actions in a production line include:

e Turning a machine on or off.

e Prioritizing certain tasks or products.

e Rescheduling jobs to different machines.

e Adjusting machine speed or production flow.

The selected action isintended to optimize the system’s performance by reducing delays,
avoiding bottlenecks, or minimizing costs.

Interaction with the Environment: The selected action a, is applied to the environment
(the production system). For example, if the agent decides to switch a machine to idle
mode, the environment will reflect this change by altering the machine’s status and
updating the production flow accordingly.

Reward Feedback (r,,q): After the action is taken, the environment responds by
providing feedback in the form of a humeric reward r;, 1. The reward tells us how good
(high value) or bad (low value) the action was based on some criteria. In a production line,
the reward could be based on:

e Reducing storage levels.

e Maximizing machine utilization.
e Saving energy.

e Meeting production deadlines.

Updating the Strategy: The chosen learning algorithm processes the feedback (reward
r:.1) and then updates the agent’s strategy to improve future decision-making. During
that process, the agent learns to take actions that maximize rewards in the long term by
observing how the environment responds to different decisions. This process allows the
agent to develop good and sometimes near-optimal scheduling and control strategies.

Reinforcement learning (RL) algorithms can be broadly categorized based on whether
they rely on a model of the environment to make decisions or not. This distinction is
crucial, as it affects how the agent learns, explores, and optimizes its actions.
Understanding the key differences between model-based and model-free algorithms
helps clarify why certain approaches work better in specific environments, such as
production lines or dynamic manufacturing systems.

2.3.1 Model-Based Learning

Model-based RL algorithms, work by creating and using a model of the environment,
which helps predict how the system will respond to different actions. This model acts like
a virtual version of the real world, letting the agent run through and assess different
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actions before trying them out. The idea is to cut down on expensive trial-and-error by
"testing" decisions in the model and using what it learns to tweak its strategy [22].

As presented in Figure 2.5, in this setup, the model usually uses mathematical
equations to describe the system changes, showing what happens when you move from
one state to another and what rewards you might get.

Rather than just being used for simulation, the model helps to solve the Markov Decision
Process (MDP) by using planning methods like value iteration or policy iteration. These
methods find the best strategy (optimal policy) for making decisions. With this model, the
algorithm can predict what might happen next and pick actions that lead to the highest
long-term rewards.

This approach, called model-based reinforcement learning, is especially helpful in
situations where making real-world decisions is expensive, dangerous, or difficult. For
example, itis very usefulin industries with heavy machinery or where stopping production
would cause big problems.

Enviroment model
simulation

Physical Enviroment

——Learning— Algorithm ———ACtion——» . A
or Simulation

—Feedback——

Figure 2.5 Model-Based algorithm

Note: By the term "simulation" in model-based algorithms, we refer to a mathematical
process carried out by the algorithm before taking actions that are evaluated by the
reward function. This process attempts to simulate the environment's response to the
algorithm's upcoming actions.

The performance of the model-based RL depends on the accuracy of the actual model.
If the model cannot handle the real world's complexities or unpredictability, the agent's
choices might not be good or could even cause problems. Additionally, creating a good
model can take a lot of computing power, which makes this method trickier to use in
systems that change a lot or are big.

Model-based RL can be split into two types:

(i) Given the model: The way the system works is already known, and the agent uses this
information to make its decisions. This works in the case where the rules are clear-cut,
like in games like chess (for example, AlphaZero). (ii) Learn the model: The agent figures
out how the system works, by playing around in the environment and collecting data. This
is handy in situations where you do not have a clear model to start with or where things
are too complicated to spell out ahead of time.

2.3.2 Model-Free Learning

Model-free RL algorithms do not depend on a detailed model of the environment. They
learn from the interaction with the system, monitoring what actually happens after they
take action, and using that feedback to improve their choices. This approach is
convenient in constantly changing and hard to predict environments, where putting
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together accurate models is tough or where things keep shifting. It is also useful in cases
where the environment's model is so complex or large that it cannot be efficiently stored
or used in practice.

Figure 2.6, shows how model-free learning focuses on figuring out the best values or
policies. The agent tries out different moves, keeps track of which ones lead to better
outcomes based on what it's experienced, and slowly zeroes in on the best way to do
things.

Physical Enviroment

Algorithm ———ACtion——» - .
or Simulation

o—Feedback——

Figure 2.6 Model-Free Algorithm

The main advantage of model-free algorithms, is that you do not need to know how the
system works beforehand, which makes them perfect for real-world applications, like
production lines. In these setups, things like machines breaking down, products piling up
in buffers, and demand going up and down can be all over the place. Getting to the point
where the agent learns well can take a while and use a lot of computing power, because
it needs to interact with the environment a ton to gather enough info to learn effectively
[22].

2.3.3 On-Policy vs. Off-Policy Learning

Another important categorization of algorithms can be on-policy and off-policy
learning algorithms. This categorization, defines how an algorithm explores its
environment and learns from the gathered data, which directly impacts the stability,
efficiency, and applicability of the learning process in real-world scenarios [23].

e On-policy algorithms, explore the environment by following a specific policy and
improve that policy based only on the data collected from it. The agent interacts
with the environment using the current policy, evaluates the outcomes, and
adjusts its decisions to improve that same policy. This focused approach, often
results in more stable training, as the agent is always refining the policy itis actively
using. However, it can be less efficient, because the algorithm can only use recent
interactions to make updates.

e Off-policy algorithms are more flexible. They explore actions not only by following
the current policy, but also by collecting data from other strategies, like random
actions. These algorithms evaluate and improve their policy based on a bigger
range of data, which often includes historical data stored in replay buffers. This
gives off-policy algorithms the ability to learn from a wider range of experiences
and achieve higher efficiency.
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2.4 The Role of Hyperparameters

Hyperparameters are key settings in reinforcement learning (RL) algorithms that
directly influence the agent’s learning process and performance. Unlike parameters
learned during training, hyperparameters are fixed before training and determine how the
agent interacts with the environment, updates its knowledge, and explores new
strategies. Selecting appropriate hyperparameters is crucial to achieving efficient and
stable learning. Below, we explore some of the most important hyperparameters and their
impact on training performance [24].

Learning Rate («):

The learning rate controls the size of updates to the policy or value function after each
training step. It governs how quickly the agent adapts its understanding of the
environment based on new observations.

e A high learning rate, allows faster adaptation, but risks overshooting a stable
point, leading to unstable training.

e A low learning rate ensures more stable and gradual updates, but may result in
slower learning and convergence.

In environments with highly dynamic or noisy conditions, setting a lower learning rate
often helps maintain stability. However, many RL implementations use adaptive learning
rate schedules, where the learning rate decreases over time to balance exploration in the
early stages with fine-tuning in later stages.

Batch size:

The mini-batch size refers to the number of samples (time steps or experiences) used
in each training iteration to update the policy. Mini-batches are created by splitting the
experience data collected during the experience horizon.

e Small mini-batch sizes allow for faster updates, but may result in noisy gradient
estimates, leading to instability in training.

e Large mini-batch sizes reduce the variance in updates by averaging over more
data, leading to smoother and more stable learning.

An appropriate mini-batch size balances speed and stability. In highly variable and
changing environments, bigger mini-batch sizes ensure updates capture a wide range of
experiences, avoiding bias from short-term changes.

Clip Factor:

The clipping factor is another important hyperparameter, as it controls the stability of
policy updates throughout the learning process. It limits how much the policy can change
during each training iteration by limiting the probability ratio between the old and new
policy.

¢ A small clipping factor keeps policy updates small, making learning slow and
steady to avoid instability.

e Alarge clipping factor allows bigger updates, which could speed up learning but
might cause instability.
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In complex environments, like production lines, where sudden policy changes could
occur, a small clipping factor is typically preferred to ensure smooth and steady
improvements.

In conclusion, the list of hyperparameters can be big and differ based on the algorithm
we are using. The important thing to keep in mind, is that we need proper tuning of these
parameters to ensure that the agent can learn efficiently without becoming stuck in
suboptimal strategies. In complex environments like production line optimization, these
settings help ensure smooth learning while adapting to dynamic system conditions.

2.5 Policy-Based Methods vs Value-Based Methods

Reinforcement learning (RL) algorithms split into value-based and policy-based
methods, each with its own pros and cons (Figure 2.7). Knowing how these methods differ
helps pick the best one for optimizing production lines. This section compares those two
methods in depth.

VR
Value qu.(}m I ’olzk

Function '
Actor
Critic

/

\ /

Figure 2.7 Reinforcement Learning Approaches [25].

2.5.1 Overview of Policy-Based Method

Policy-based methods learn how to pick the best action in each situation without
trying to figure out how good each action is. They usually think of actions as a set of
choices, with each choice having a certain chance of being picked. The aim is to tweak
these chancesto getthe best overall results over time. These methods work wellin places
where there are a lot of different actions to choose from, or where the actions are not just
simple yes-or-no decisions [26]. Some well-established policy-based methods are
presented below:

Advantage Actor-Critic (A2C): It mixes learning, how to choose actions (actor) with
guessing how good those actions are (critic). This makes the adjustments more stable
and helps get to the best solution faster.
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Trust Region Policy Optimization (TRPO): It keeps big changes to how actions are chosen
in check, so things do not go in an unexpected manner, but it may require significant
computational power.

Proximal Policy Optimization (PPQ): It is a simpler way to keep changes to how actions
are chosen under control, although it is not computationally intensive. It builds on what
TRPO does, but makes it easier to use.

Several more algorithms can be mentioned here such as DDPG, SAC, TD3. These
algorithms rely on off-policy updates and are often used in robotics and dynamic control
tasks, due to their ability to handle complex continuous actions [27].

Policy-based methods are great for dealing with actions that need to be adjusted
smoothly, like how fast machines should run or how full buffers should be. They also
handle situations that keep changing well, because they focus on making the best series
of choices over time.

2.5.2 Overview of Value-Based Method

Value-based methods are instrumental in evaluating the suitability of various actions
or situations to facilitate decision-making processes. Instead of directly determining a
good course of action, these methods employ an indirect approach by estimating a value
function that surmises the potential rewards associated with specific actions in a given
context [28]. The agent then picks actions that promise the best results based on what
has been learned. These methodologies may include:

Q-Learning: This basic value-based RL method learns a Q-function, which shows the
long-term reward for doing something in a specific situation. It updates this Q-function
using the Bellman equation, but only works well, when you have a set number of choices.

Deep Q-Learning (DQN): It builds on Q-Learning by using a deep neural network to guess
the Q-function, which lets it handle situations with many different or complicated details.
However, continuous actions still need to be broken down into smaller pieces, which can
be inefficient.

Double DQN: It makes DQN work better and more steadily by using two networks—one
to pick actions and one to judge them. This helps avoid overestimating how good specific
actions are, making it more reliable for demanding tasks.

Value-based methods are highly effective, when presented with a well-defined set of
options. However, they encounter challenges in situations, where actions can be
modified seamlessly. Breaking down continuous actions into smaller components can
result in excessive complexity and hinder effective management.

In optimizing production lines that require precise and smooth adjustments, value-
based methods tend to be less effective. The effort required to break down actions into
manageable pieces, along with their difficulty in handling smooth adjustments, makes
them less ideal than methods that focus on determining the most appropriate course of
action directly.
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2.6 Overview of PPO Algorithm

Proximal Policy Optimization (PPO) is a policy-based reinforcement learning
algorithm that combines stability, scalability, and computational efficiency. It can handle
both discrete and continuous observation and action spaces and it is a simpler, but
effective, version of Trust Region Policy Optimization (TRPO), and it keeps policy updates
steady, without needing a lot of computing power. This makes it perfect for real-world
uses, like making production lines work better. [30]

Action Space and Observation Space Handling

In our production line optimization, discussed later, the action space includes 32
distinct actions. PPO excels in managing such action spaces by using softmax
distributions, allowing the agent to choose from a large set of possible setups efficiently.
On-Policy Learning for Real-Time Adaptation

PPO works as an on-policy algorithm, meaning it updates the policy with data from the
agent’s latest interactions with the environment. This helps the agent adapt fast to
changing conditions, like machine breakdowns or sudden shifts in product demand.
Unlike off-policy algorithms such as DDPG or SAC, PPO’s on-policy approach makes sure
policy updates match the current system state, making it perfect for real-time
optimization in dynamic settings.

Stochastic Policy for Effective Exploration

PPO uses a stochastic policy, meaning it picks actions based on probabilities instead
of fixed choices. This lets the agent try out different strategies during training, avoiding
getting stuck in less-than-ideal solutions. Stochastic policies work well in production
lines, where testing various machine setups and strategies helps find the most efficient
options.

Stable Learning with clipping mechanism

A big challenge in reinforcement learning involves preventing policy updates from
becoming too large, which could cause unstable behavior or slow learning. PPO tackles
this with a clipping mechanism that limits how much the policy can change at once. The
clipping parameter keeps the new policy close enough to the old one. By controlling the
size of updates, PPO ensures steady learning, even in unpredictable environments with
sudden changes or varying rewards. This stability is important in production settings,
where sudden changes in machine operations could mess up the whole process.

Keeping Exploration Going with Entropy Regularization

To maintain a balance between experimentation and maintaining established
practices, PPO incorporates an entropy term into its objective function. This encourages
the agent to explore fewer common actions, thereby preventing it from settling on an
inferior solution prematurely. In the context of production line optimization, this enables
the agent to continue seeking novel methods of controlling machinery and utilizing
buffers, potentially leading to more cost-effective or efficient production processes.

Summarizing, PPO’s inherited advantages for training, are depicted in Figure 2.8.
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Figure 2.8 PPO agent advantages [31]

2.6.1 Actor-Critic Framework
PPO operates using an actor-critic network structure, where:

e Actor Network is responsible for generating actions based on the current policy.
e Critic Network, evaluates the expected cumulative reward (value function) from a
given state, to help improve the actor's decision-making.

The actor proposes actions for each time step, while the critic provides feedback by
estimating the quality of the current state or the anticipated reward based on the selected
action [32]. The actor’s policy is updated based on the critic’s feedback, ensuring that
only actions that are likely to lead to higher rewards are reinforced. This interaction
between actor and critic is highlighted in Figure 2.9.

Actor Critic
fully fully fully fully fully fully
connected connected connected connected connected connected
ReLU ReLU
O state sl ._\?4_‘.“?4.
state = : weiip- actions . : \\,.{/ \\.:.,l ;. wie- () value
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(a) (b)

Figure 2.9 Overview of the actor-critic structure, illustrating how the actor selects actions, while the critic

evaluates them to guide updates. [25].

As far as it concerns the network layer structure and functions, we have the input layer,

the hidden layers and the output layer for both actor and critic networks.

Input Layer:

e Both the actor and critic networks share the same input layer, which takes in the

observation vector s. This vector contains key state variables relevant to the

environment.

e The input layer feeds this information into hidden layers, which learn to capture

patterns and relationships between the features.

Hidden Layers:

—
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e The actor and critic networks typically have multiple fully connected (dense)

hidden layers.

e Each hidden layer is followed by an activation function (commonly RelLU) to
introduce non-linearity, allowing the network to learn more complex relationships

between inputs.

e These layers are responsible for learning how various features (i.e., machine
status, buffer congestion etc.) and influence good action selection and expected

future rewards.
To sum up the structure of a neural network is depicted in Figure 2.10:

Input layer Hidden layers i Output layer
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Figure 2.10 General architecture of neural networks, with input, hidden, and output layers [33]

Output n

Actor Network Output Layer:

e The actor’s output layer uses a softmax activation function to produce a

probability distribution over the action space [30].

e This probability distribution ensures that the network outputs a valid probability

for each action, allowing the agent to select an action based on the likelihood of

achieving higher rewards.
n(a | s) = softmax(Wout - hhidden)
where:

e Wout is the output weight matrix of the actor network.
e hhidden is the activation vector from the final hidden layer.

o softmaxfunction transforms the output scores into a probability distribution over

actions.

Critic Network Output Layer:

e The critic outputs a single scalar value V(s), representing the estimated

cumulative reward from the given state s.

e Thisvalue helps guide the actor’s policy updates by comparing the actual rewards

received with the expected value.

V(s) = Wout - hhidden
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To sum up, adding hidden layers helps the model understand complex connections
between different production factors. The actor’s output layer makes sure the agent picks
the best action while encouraging exploration through probability-based choices. The
critic’s output layer gives the actor reliable feedback to improve the policy, keeping the
agent from getting stuck in poor choices. This balanced mix of layered learning allows
PPO to handle the changing and complex environment of a production line, leading to
smart decisions and smooth learning updates.

2.6.2 Objective Function and Generalized Advantage Estimation (GAE)

The key aspect of PPO lies in its objective function, which aims to maximize the
expected reward, while preventing large, destabilizing policy updates [34].

The standard PPO objective can be written as :

L(8) = E[min(r(0) - A,clip(r(0),1 —€,1+¢€) - A)]

Where:

e frepresents the policy parameters.
e wO(a | s) isthe probability of taking action a in state s under the current

policy.
e mlold(a|s) isthesame, butunder the previous version of the policy.
o 1(0)= % is the probability ratio of the new and old policies.

e Aisthe advantage estimate
e cistheclipfactor

The clipping mechanism is the fundamental component of PPO. By clipping the
probability ratio r(8), the algorithm restricts the magnitude of policy updates. This
mechanism guarantees stable and controlled learning, thereby preventing overshoots
during the training process.

PPO often relies on Generalized Advantage Estimation (GAE) to compute the
advantage term A. GAE finds a balance between bias and variance, making the policy
updates more reliable. The advantage is defined as the difference between the actual
return and the estimated value:

At =6 + (A6 + 1+ -+
Where:

e §; isthe temporal difference (TD) error, capturing the discrepancy between the
estimated value and the actual reward received.

e yisthediscount factor for future rewards.
e A controls the trade-off between bias and variance.

This interaction is schematically presented in Figure 2.11 :
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Figure 2.11 Flow of the Proximal Policy Optimization (PPO) algorithm, illustrating the interaction between
the actor-critic networks, environment, and policy updates using the clipped objective [35].
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CHAPTER 3: PRODUCTION LINE
IMPLEMENTATION

3.1 Production Line Description and Analysis

The central focus of this thesis is the design and optimization of a production line
model. The production line serves as the foundation of the system, where raw materials
undergo sequential processing by machines, products temporarily reside in buffers, and
client orders are fulfilled through an assembly process. The primary objective of this
production line modelis to simulate a realistic manufacturing process and investigate the
application of reinforcement learning (RL) in enhancing its operational efficiency.

To achieve this, SimEvents in Simulink was chosen as the modeling environment, due
to its discrete-event simulation capabilities and integration with MATLAB, which allows
seamless implementation of control algorithms [36].

Traditional simulation tools can be cumbersome when modeling complex systems like
production lines. They often require extensive customization to manage various events,
such as machines starting or stopping, products moving through buffers, or real-time
decision-making. SimEvents, however, offers a distinct approach. Designed specifically
for event-driven modeling, it is the perfect choice for capturing the details of production
lines. SimEvents simplifies modeling machine operations, buffer usage, product
movement, and real-time decisions, eliminating the challenges of traditional simulation
tools.

The choice of SimEvents has the significant advantages that are depicted in Figure 3.1.
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Figure 3.1 Synchronization and data exchange between SimEvents’discrete-event dynamics and Simulink’s
continuous-time simulation for hybrid system modeling [37].

Discrete-Event Modeling: SimEvents models systems, where changes occur at discrete

points in time, such as product arrivals or machine breakdowns, which aligns with the

nature of production lines.

Scalability: The modular design of SimEvents models facilitates the addition or
modification of machines, buffers, and assembly mechanisms, without disrupting the
overall system.
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Pre-Built Components: SimEvents offers pre-built components for queues, servers, and
entity routing, thereby expediting the development process and ensuring optimal
simulation performance.

Visualization and Debugging: Simulink’s user-friendly graphical interface facilitates
straightforward debugging and analysis of product movement through the production
process.

Integration with MATLAB: SimEvents facilitates seamless interaction with MATLAB-
based control logic, facilitating the direct implementation of the Proximal Policy
Optimization (PPO) agent for dynamic scheduling and optimization. This functionality is
particularly advantageous, as MATLAB provides pre-built reinforcement learning agents
for numerous algorithms. Consequently, Simevents offers a time-saving solution.

3.1.1 Desing Philosophy and System Overview

The production line model was designed with ease of use, scalability, and adaptability
in mind. It was structured into distinct components, including machines and buffers, and
the sequential movement of products through the line. Additionally, it incorporates
realistic production challenges, such as bottlenecks, machine failures, and varying job
durations. This approach serves as the foundation for our production line simulation, as
depicted in Figure 3.2 [2].

B, , ..... » M, M, M, M, M, |- “"f:"BI

Figure 3.2 Production Line without assembly [20].

Key Design Principles:

Modularity:

We have designed each machine and buffer as individual components, allowing for easy
setup and expansion. This modular approach enables us to add more machines or larger
buffers without the need to restart the entire process.

Scalability:
The system can handle production setups, without considering their size as a problem.

Event-Driven Simulation:

We used SimEvents to run the simulation based on independent events. When a product
comes in, ajob finishes, or a machine breaks, the system updates itself. This is a realistic
approach considering the limitations and functionalities of a real production floor.

Handling Uncertainty:

Real production lines encounter unexpected challenges, such as varying product arrivals
and machine breakdowns. To simulate these scenarios, we introduced randomness into
the model. This includes varying product arrival times and the probability of machine
failures. By incorporating these elements, we can assess how the system would respond
to the fluctuations inherent in actual production.

A set of specific system components was used from the blocks of the SimEvents library,
as they are depicted in Figure 3.3, for setting up a sample production line.
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— (
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Figure 3.3 SimEvents Blocks used for production line model simulation

The Entity Generator block is used to simulate products and clients (entities) arrival into
the system at adjustable rates.

The Entity Server is utilized to represent the machines of the production line. Each
machine corresponds to a processing stage, where products undergo specific tasks,
before proceeding to the subsequent stage. Machines function based on predefined
processing times and can transition between states, such as operational, idle, and
malfunctioning.

The Entity Queue is used to represent buffers. These are placed between machines to
store products temporarily, when downstream machines are unavailable. They are also
used to store waiting clients.

The Entity Gate is used to prevent entities flowing, when the upstream machine is not in
working state. We use the machine status signal of the machine to either block or allow
products (entities) to flow.

The Stateflow chart is used to implement the control logic and transitions between the
states of each machine.

The Composite Entity Creator is used to represent the assembly logic. This block takes
two different entities (products and clients) and creates a new one with the attributes of
both. Here, we match clients and products to create sales.

The Scope is used for the visualization of the outputs of the simulation. It is used to
observe different type of signals, such as buffer capacities and machine states.

3.2 SimEvents-Based Production Line Model

The production line model was implemented using SimEvents in Simulink, which
provides a robust framework for modelling discrete-event systems. By treating production
processes as sequences of events - such as product arrivals, machine processing, and
failures - the system dynamically simulates real-world manufacturing behavior.

This section details the key SimEvents components, their configuration, and their roles in
simulating product flow and production performance.
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3.2.1 Product and Client Generators

The simulation commences with the generation of products and client orders. Product
generators introduce raw materials into the system, simulating the supply of production
inputs. Similarly, client generators introduce demand by generating orders from clients at
predefined rates. Both generators are configurable, enabling the simulation of diverse
production conditions, such as consistent demand or fluctuating orders.

One key parameter is the generation rate, the time between consecutive product
generations and also the rate of clients being generated [38]. These two play a pivotalrole,
as they are directly responsible for the quantity of products and clients that will traverse
the production line.

For our case, we have chosen the following rates:

The client generation rate is determined using an exponential distribution. This is
commonly used in modeling interarrival times, where the time between the arrival of two
consecutive clients follows a probabilistic distribution that reflects realistic variability.

As shown in Figure 3.4, mul = 4.5 represents the mean interarrival time between two
consecutive clients. This is the average time, in simulation units (e.g., seconds), between
client arrivals, whereas dt = -mul * log(1 - rand()) generates the actual interarrival time
(dt) for each client using an exponential distribution. That means that clients do not arrive
at fixed intervals, but instead at varying intervals that average to 4.5 time units. This
configuration is depicted in Figure 3.4.

Block Parameters: Client Generator X
Entity Generator

Generate entities using intergeneration times from dialog or upon arrival of
events. Optionally, specify entity types as anonymous, structured, or bus.

Entity generation  Entity type  Eventactions  Statistics
| Generation method: Time-based v

Time source: MATLAB action v
Intergeneration time action:

1(mul = 4.5; % Mean intergeneration time
2 dt = -muI * log(1 - rand()); % Exponential distribution

Figure 3.4 Client generator block configuration

Forthe case of products, one productis generated every 2.7 time units, therefore creating
a steady input flow. Unlike the client generator (which uses a probabilistic distribution),
this generator provides a constant and predictable product supply, useful for modeling
stable production conditions.

3.2.2 Attributes and Event Actions

In SimEvents, upon the creation of an entity, the user has the ability to give certain
attributes, using the entity generator block via the “Entity Type” tab in the block [39].

The products of the production line at hand have two attributes (Figure 3.5), namely
processing time and product number.
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Block Parameters: Product Generator X
Entity Generator
Generate entities using intergeneration times from dialog or upon arrival of
events. Optionally, specify entity types as anonymous, structured, or bus.

Entity generation Entity type Event actions Statistics
Entity type: Structured v

Entity priority: 300

Entity type name: Product

Define attributes

+| (X 2 o4
Attribute Name Attribute Initial Value

1 processingTime 2

2 productNumber "

Figure 3.5 Product Attributes

The processing time encompasses the duration a product spends traversing each
machine in its production cycle, from initial input to final output and subsequent
movement to the next processing station.

To assign realistic variability to the processing times, each product is given a random
duration drawn from an exponential distribution, which is commonly used to model time
between events in production systems.

Specifically, for a given average processing time p, the processing time T for a product is
computed as: T=-pln(1-u)

where u is a uniformly distributed random number in the interval (0,1) and In denotes the
natural logarithm.

Using the “Event actions” (Figure 3.6), we can initialize or give random values to those
attributes.

This is analogous to the client generation rate. Each product generated will be assigned a
random processing time with an average value of 2. For instance, if a product has a
processing time of 2.5, it implies that for our production line comprising five machines, it
will require 5*2.5=12.5 time units to traverse through all the machines.

This task s straightforward to implement, using a server block which has a service time
source parameter. We simply enter the attribute of each product, allowing each product
to spend a different amount of time being processed compared to other products, making
the simulation even more realistic.

The second attribute, “productNumber,” is utilized for monitoring specific entities.
This functionality proved instrumental in verifying the correctness of the assembly logic
introduced later (Figure 3.6).

%assign productNumber aatribute to every
persistent productiumber
if isempty(productiumber)
productiumber = @;
end

% Assign productNumber attribute
entity.productiumber = producthumber + 1;
productNumber = producthumber + 1:

Figure 3.6 Assignment of product attribute using event actions
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We initiate the process by assigning “productValue=1” to the initial product and
subsequently incrementing the value for each subsequent product. Consequently, the
first product will have “productValue=1,” the second product will have “productValue=2,"
and so on.

3.3 Overview of Machine States

Each one of the five machines in our production line has three possible states. The
working state, the idle state and the failed state.

The working state is when the machine is actively processing products, the idle state
is when the machine is available, but currently not processing products, and the failed
state is when a machine has encountered a failure and needs to be repaired.

3.3.1 Stateflow Chart Setup and MachineStatus Signal

The most efficient and straightforward method to represent the states was by
employing stateflow chart blocks. The logic employed for all machines was identical. We
defined the three states and their transitions. The default state that every machine should
commence in is the working state (indicated by the blue arrow). The setup is depicted in
Figure 3.7.

Based on the state of the machine, we update the machineStatus signal. This signal
serves two crucial purposes. Firstly, it will be subsequently provided to the agent as an
observation signal. Secondly, it is utilized in conjunction with the entity gate block to
enable or disable the flow of products through the production line, based on whether the
upstream machine is operational or not.
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ailed

entry:

machineStatus1 = 0;

repairTime1 = -meanRepairTima1 * log(1 - rand());

|[a1‘lser{tirneToFailure1. sec]]|

[after{repairTime1, sec)]

Idle
entry:
machineStatus1 = -1;

lorking

! 1.
entry.

machineStatus1 = 1;
timeToFailure1 = -meanFailureTime1 * log(1 - rand())

[agentAction1 == 1]

[agentactiond == 0]

Figure 3.7 Machine states definitions using stateflow chart
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3.3.2 State Definitions
According to Figure 3.7 we have defined three different states:
1. Working State:
o The machine is actively processing products.
o Entry action: machineStatus = 1 (indicates the machine is working).

o The transition to failure is governed by an exponential distribution using
timeToFailure = -meanFailureTime * log(1 - rand()), simulating real-world stochastic
failures.

2. Failed State:

o The machine has encountered a failure and is undergoing repairs.

o Entry action: machineStatus = 0 (indicates the machine is not operational).

o Repairtimeis also calculated using an exponential distribution:
repairTime = -meanRepairTime * log(1 - rand()). Once the repair is complete, the
machine transitions back to Working.

3. Idle State:

o The machine is powered off or not actively processing any products.

o Entry action: machineStatus = -1 (indicates the machine is idle).

o Transitions between the Idle and Working states depend on the control action from
the RL agent.

3.3.3 Entity Gate Interaction with Machine States

Overall the interaction between different machine states, is handled through an Entity
Gate interaction mechanism, using switches, as the one depicted in Figure 3.8.

Open .~
o—

Closed

Figure 3.8 Gate block acting as a switch
The procedure is executed and managed according to the rationale outlined in Figure
3.9. When the signal arriving into a switch attains the desired value, it closes and permits

the flow of products. Conversely, when the signal does not possess the desired value, the
gate remains open, preventing any product flow [40].
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Figure 3.9 Entity Gate managing products flow based on machine Status signal

Specifically, if a machine is in a working state (machineStatus=1), the gate permits the
movement of products. Conversely, if the machine is not in a working state
(machineStatus=0 or machineStatus=-1), the gate is closed, and no products can flow
until the upstream machine achieves a working state. This behavior is determined by the
parameterization of the enable gate block, which allows entities to pass only when it
receives a positive value (machineStatus=1).

3.3.4 Failure and Repair Modeling using Exponential Distributions

In the production line model, failures and repairs are modeled using exponential
distributions. The idea behind this is that the time between failures and repair durations
are often random, but follow a memoryless property, making exponential distributions
ideal.[40].

Failure Time(timeToFailure):

e Formula: timeToFailure = -meanFailureTime * log(1 - rand())

e The mean time to failure time (MTTF) defines the average time between
machine failures.

e An exponentially distributed variable is used to model the random nature
of failures, ensuring that some machines fail sooner or later than others.

Similarly, repair time(repairTime):

e Formula: repairTime = -meanRepairTime * log(1 - rand())

e The mean time to repair (MTTR) defines the average time needed to fix a
machine.

e Exponentialdistribution ensures that repair durations vary, reflecting real-
world conditions, where some repairs take longer than expected.
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3.3.5 Transitions Between States

We will later cover this more analytically, once we have introduced the reinforcement
learning agent, but here is a brief description of how the transitions between states occur:

As mentioned, the agent we will later present takes the following possible actions:

Based on observed sighals, it will either decide if a machine should be put to working state
(1), orif amachine should be put to idle state(1). Also

From Working > Failed:

e Triggered by the condition [after(timeToFailure, sec)], indicating that the
predefined failure time has elapsed.

From Failed » Working:

o Triggered by the condition [after(repairTime, sec)], representing the completion
of the repair.

From Working - Idle:

e Triggered by the RL agent’s action [agentAction == 0], meaning the agent has
decided to turn the machine off to optimize performance or reduce energy
consumption.

From Idle » Working:

o Triggered by the RL agent’s action [agentAction == 1], meaning the agent has
decided to power the machine on to resume production.

Self-Loop Transitions:

We can see that the machine remains in the current state, until the respective condition
(failure, repair, or control action) triggers a transition.

This setup models real-world production scenarios, where machine performance can
be unpredictable, and adaptive decision-making is crucial for efficient system operation.

3.4 Queue Block Configuration (Buffers)

In any production line, buffers play a critical role in ensuring smooth product flow by
temporarily storing products, when downstream machines are busy or unavailable. The
capacity of each buffer must be set to a value chosen, after considering the balance
between preventing production bottlenecks and minimizing excess storage costs. In our
model, we have set the buffers capacities to the value of 50. The choice for those
capacities is explained below.

3.4.1 Buffer Capacities Selection

One of the primary reasons for this choice is that a buffer capacity of 50 units provides
sufficient space to temporarily store products during peak production periods or in cases
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where a downstream machine encounters delays or failures. This mitigates the risk of
upstream machines becoming blocked and entering idle states.

Another crucial factor is cost minimization. While larger buffers offer greater flexibility,
they also lead to increased storage and handling expenses. A buffer size of 50 represents
a strategic trade-off, ensuring adequate flexibility, while avoiding excessive costs.

Finally, this capacity was determined through simulation experiments and trials,
demonstrating its effectiveness in balancing demand fluctuations and processing
variations, while minimizing the risk of frequent overflows.

3.4.2 Queue Types in Buffer Management

In SimEvents, the Queue block provides different queue management options that
determine how products are stored and processed within the buffer. These options are
listed under the Queue Type selection, as shown in Figure 3.70 and each method has
distinct characteristics that impact production line performance.

Block Parameters: B1 X
Queue

Store messages or entities in a queue. The block can queue items based on
arrival order or priority. The item at the head of the queue departs when the
downstream block is ready to accept it. You can specify the queue capacity.

Main Event actions Statistics

) overwrite the oldest element if queue is full

Capacity: bufferCapacityl

Queue type: FIFO e

Entity arrival source: Input port v

OK Cancel Help Apply

Figure 3.10 Configuration of Queue Block

Available queue types are shown in Figure 3.11:
FIFO (First-In, First-Out):
e The first product to enter the queue is the first to leave it.

e Products are processed in the order they arrive, maintaining the sequence of
production[41].

LIFO (Last-In, First-Out):
e The mostrecently added productis the first to be processed.
e This approach prioritizes the newest arrivals while older products wait longer.
Priority-Based Queuing:
e Products are prioritized based on custom-defined criteria (e.g., priority levels or
urgency).
e Higher-priority products are processed first, regardless of arrival order.

Queue type: |FIFO

Figure 3.11 Queue Types in Simevents
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3.4.3 Selection of FIFO

As Figure 3.12 suggests, when using FIFO, products are enqueued at the back and
served from the front in arrival order.

Back Front

1
\,‘__ _ng_geue
Enqueue R

Figure 3.12 Illustration of the FIFO (First-In, First-Out) queue mechanism. Products are enqueued at the
back and served from the front in arrival order. [41]
Maintains production order: The FIFO (First-In, First-Out) method ensures products get
processed in the order they arrive, supporting a smooth and steady production flow. This
proves especially important when the order of processing affects product quality and
consistency.

Prevents products deterioration: FIFO minimizes the time products spend in the buffer,
reducing the risk of degradation or quality loss. This is especially important in industries,
where product freshness is an important factor.

Simple and efficient implementation: FIFO is easy to set up and uses minimal
computing power compared to other complex scheduling methods. It delivers a
predictable product flow without requiring complicated rules.

Ensures equitable resource allocation: By handling items based on the order they
arrive, FIFO avoids long delays for certain products and promotes fair resource access.
This helps prevent starvation, a frequent problem in LIFO-based systems.

3.4.4 Potential Drawbacks of the other options

o LIFO: While LIFO can be useful in scenarios where the most recent arrivals need
immediate processing, it could cause significant delays for older products,
leading to inefficiencies and quality issues [42].

o Priority Queues: Priority-Based systems are beneficial when certain products

require urgent processing, but they introduce complexity and may lead to
starvation of lower-priority items, if not carefully managed.

By choosing FIFO, the system ensures that production runs smoothly, without
unnecessary complexity, making it easier for the reinforcement learning agent to monitor
and manage buffer levels efficiently.

3.4.5 Importance of the Queue Block in SimEvents

The Queue block in SimEvents represents the buffer, where entities (products or
clients) are stored temporarily. It is critical to the simulation, as it models real-time
product accumulation, overflow, and flow regulation between machines. This block
offers several key outputs through its statistics tab, which can be used for performance
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monitoring and decision-making. Figure 3.13 shows the available outputs Simevents
offer.
Main Fvent actions Statistics

[CJ Number of entities departed, d

Number of entities in block, n

[ Average wait, w

[[J Average queue length, |

[ZJ Number of entities extracted, ex

Figure 3.13 Statistics tab

1) Number of entities departed (d): Keeps track of how many entities (products
or clients) have passed through the buffer, providing insights into production
throughput.

2) Number of entities in block (n): Tracks the current number of entities waiting
in the buffer. This signal is particularly important, because it is used as an
observation signal for our reinforcement learning (RL) agent to assess buffer
congestion and adjust machine states accordingly. For example, in Figure
3.14 below we can see the products flow in the first buffer and how that queue

statistic signal help us monitor products and clients in our line.
T \ | | |

Products in Buffer1

1 I

0 200 400 600 800
TIME STEPS

Figure 3.14 Products flow in buffer 1

3) Average wait time (w): Represents the average time an entity spends in the
buffer, which is useful for analyzing delays and system efficiency.

4) Average queue length (l): Shows how often the buffer operates near
capacity, helping in evaluating whether buffer sizes are adequate.
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3.5 Server Block Configuration (Machines)

The server block is a crucial component of the production line model, representing the
processing stations, where entities (products) undergo procession. The configuration of
this block directly affects the production flow, machine utilization, and system efficiency.
This section details the key parameters, functionality, and their role in optimizing machine
behavior.

3.5.1 Main Settings of the Machine Server

The server block, as all of the blocks in SimEvents, has parameters someone can
change and experiment with. Here, we will discuss those parameters and the
parametrization we chose and the reasons behind those choices. The parameters of
server block are shown in Figure 3.15 below:

Block Parameters: M1 X

Entity Server

Serve multiple entities independently for a period of time and then attempt to
output each entity through the output port. If the output port is blocked, the
pending entity stays in this block until the port becomes unblocked. You can
specify the service time, which is the duration of service, via a parameter,
attribute, or signal.

When the block permits preemption, an entity in the server can depart early
through a second port.

Main Event actions Preemption  Statistics

Capacity:

1

Service time source: Attribute ~
Service time attribute name: processingTime ~

Cancel Help Apply

Figure 3.15 Server block parameters
Capacity:
The server capacity is set to 1, meaning each machine processes one product at a

time. This is ideal for ensuring sequential processing, which is common in many real-
world production lines.

For scenarios where parallel processing is possible, the capacity could be increased to
reflect multi-product handling capabilities, but that is not our case.

Service Time Source:

The service time source setting in the server block shown in Figure 3.16 defines how
the processing time for each entity (product) is done. This configuration is important for
accurately simulating varying processing durations. SimEvents provides the following
options for specifying service time:
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Service time source: |Attribute

Service time attribute Si gna'i port

Attribute
MATLAB action

Figure 3.16 Service Time Source Options

1) Dialog:
With that option, service time is fixed and specified directly within the block’s
parameter settings. This option is best for systems, where processing times are
constant or predetermined (e.g. each product always takes exactly 2 seconds to
process).

2) Signal Port:
In that case, the service time is provided dynamically through an external signal
connected to the block. This setting could be useful, when service times are
influenced by external conditions or real-time inputs, such as machine
temperature or product-specific attributes.

3) Attribute:
Here, the service time is defined as an attribute of the entity entering the server.
Each entity carries its own service time, which can vary based on a distribution
(e.g., exponential or normal).
The reason we chose this option is because by using the attribute processingTime,
we ensure that each entity carries its unique processing duration, allowing for a
realistic representation of variability in the system.

4) Matlab action:
The service time is calculated using a MATLAB script or function that is executed
during simulation. Could be useful for scenarios, where the service time depends
on complex calculations or multiple factors beyond simple distributions.

3.5.2 Statistics for Monitoring and Optimization

Similar to the queue block, the statistics tab provides key performance indicators
related to machine operation, allowing real-time monitoring and optimization through
feedback loops. Those statistics are presented in Figure 3.17, as follows:

Main Event actions Preemption Statistics
) Number of entities departed, d
) Number of entities in block, n
) Pending entity present in block, pe
) Number of pending entities, np
) Average wait, w
Utilization, util
) Number of entities extracted, ex

Figure 3.17 Statistics tab for server block

» Utilization, util: Tracks how often the machine is actively processing products
versus being idle. This metric is crucial for identifying underused or overworked
machines. Also used to get a grasp of how effective our systemiis.

» Pending entity present in block, pe: Indicates whether any product is currently
waiting for processing within the machine server.
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» Average wait, w: Used to track the average duration that entities spend waiting in
the server block before being processed. This value is important for identifying
potential bottlenecks in the production line.

3.6 Assembly Mechanism in Manufacturing

The assembly process is a fundamental part of manufacturing systems, where
individual components, subassemblies, and parts are combined to create a finished
product. It is a crucial stage in many production lines, directly impacting efficiency,
product quality, and overall manufacturing success.

Assembly processes can vary in complexity, ranging from manual assembly, performed
by workers, to fully automated systems that utilize robotics, conveyor belts, and
advanced machinery [43].

A critical aspect of the assembly process is ensuring that all required components
arrive at the assembly station on time. Any delays or mismatches can disrupt the
workflow, leading to production bottlenecks, increased idle time, and reduced overall
output. For example, in an automotive manufacturing facility, such as the one depicted in
Figure 3.18, components, like the engine, transmission, and electronic systems, must be
delivered precisely when needed. This synchronization is essential for maintaining a
seamless production flow and minimizing downtime.

"”‘
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Figure 3.18 Assembly production line in a car factory [44]

The assembly process is not just about physical parts, though. In industries focused
on services or logistics, "assembly" can also mean matching different entities, like pairing
products with client orders or combining production tasks. These kinds of assembly
processes need good scheduling and resource management to balance what is available
with what is needed and get the best performance overall.

When designing an effective assembly system, there are several things to keep in mind:
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>

>

Resource Coordination: Making sure all the necessary parts or entities are at the
assembly station at the same time.

Buffer and Inventory Management: Keeping buffer sizes and inventory to the
right level to avoid running out or having too much.

Assembly Speed and Efficiency: Minimizing assembly time while preserving
high product quality.

Error Detection and Rework: Having ways to spot and fix defects during or after
assembly to keep up the production standards.

In modern manufacturing, automated assembly transforms production by boosting
efficiency and cutting costs. Advanced technologies, such as robotic arms (Figure 3.19),
automated guided vehicles (AGVs), and programmable logic controllers (PLCs), increases
operational speed and reduces the need for human involvement.

Figure 3.19 Robotic Assembly Line [45].

Plus, those smart scheduling systems are effective in cutting down on downtime and

ramping up production.

In conclusion, the assembly process serves as a critical link in the production chain,

ensuring the seamless integration of all necessary components, as illustrated in Figure
3.20, to manufacture the final product. Its efficiency directly impacts key factors, such as
production speed, cost-effectiveness, and the overall quality of the finished product.
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Figure 3.20 Before and After Assembly [46].

3.6.1 Assembly Logic in our Model

In our production line model, the assembly mechanism is utilized to match waiting
clients with processed products to generate orders. Specifically, two distinct entities—
clients and products—are combined to form a new entity: an order. The creation of an
order requires the simultaneous availability of both a processed product and a ready
(waiting) client. This ensures that each product leaving the production line is immediately
assigned to a client, signifying a completed order. The logic behind this product-client
matching is critical for the efficient operation of the system, as any imbalance between
product supply and client availability may result in delays, idle machinery, or buffer
congestion.

To implement this logic, we relied on the Composite Entity Creator block from SimEvents.

Figure 3.21 that follows shows the assembly mechanism implemented in our production
line model.

[T

[
FIFO

Processed Products

LA

2
=

FIFO

Clients
ReadyClients——1

Figure 3.21 Assembly process in our production line

This block combines entities arriving simultaneously from its input ports into a single
composite entity. Specifically, processed products from the upstream buffer and waiting
clients from their respective buffer arrive at the Composite Entity Creator. When both
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entities are available, the block merges them into an "Order" entity, which represents a
successful product-client match.

The matching logic ensures that products are not left waiting indefinitely in the
production line and that clients are not underserved. By coupling the flow of products and
clients, the system maintains a steady production pace, while optimizing resource
utilization and minimizing bottlenecks.

So, at the end, we have the new entity “Orders”, that includes the attributes of both
combined entities coming out of the system.

This matching mechanism mirrors real-world manufacturing systems, where
production output must be aligned with customer demands to minimize waste and
inefficiencies.

3.6.2 Composite Entity Creator Block

As previously discussed and illustrated in Figure 3.22, the Composite Entity Creator
Block in SimEvents was utilized to simulate the assembly process.

The configuration of this block was straightforward. It functions by receiving entities from
multiple input ports and merging them into a single composite entity. In our setup, these
input ports correspond to:

e Port1: Processed products from the production line
e Port 2: Ready clients awaiting product allocation

Each time an entity arrives at both input ports simultaneously, the block combines them
into a composite entity labeled "Order". This newly formed entity retains attributes from
both the product and the client, facilitating downstream operations, such as order
tracking and performance analysis.

Block Parameters: Composite Entity Creator1 X
Composite Entity Creator

Create one new entity for each set of entities arriving
simultaneously at all input ports. The departing entity includes
information about the structure and attributes of the arriving
entities.

Parameters

Number of input ports: 2

Entity type name: Order

) Bus object

Define input entity names

Input entity name
1 Product
2 Client

Cancel Help Apply

Figure 3.22 Composite Entity Creator Block Configuration
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3.6.3 Synchronization and Deadlock Avoidance

In most production systems, where multiple products must be matched, ensuring
synchronization without introducing bottlenecks is crucial [47]. In our model,
synchronization is achieved through the Composite Entity Creator Block, which
guarantees that an order (composite entity) is generated only when both a processed
product and a ready client arrive simultaneously in their respective buffers. However,
careful consideration is required to prevent scenarios, where one type of entity—either
products or clients—remains idle indefinitely, leading to system inefficiencies.

To maintain synchronization, while minimizing the risk of deadlock, the following
strategies are implemented:

1. Balanced Generation Rates: The production rates of both clients and products
are carefully calibrated to sustain a steady flow and prevent significant
mismatches.

2. FIFO Buffers: As depicted in Figure 3.26, both clients and processed products are
temporarily stored in queue blocks, before being sent to the Composite Entity
Creator Block. These buffers operate on a First-In, First-Out (FIFO) basis,
ensuring that entities are processed in their arrival sequence, thereby maintaining
order and preventing disruptions.

3.7 Summary

In this chapter, we analyzed the design and implementation of the production line
model using SimEvents in Simulink, covering its major components and configuration
decisions. Thisincludes the generation of products and clients, the use of state machines
for machine behavior, buffer and queue configurations, and the integration of an
assembly mechanism to create product-client orders. All this can be shown in Figure
3.23, where our whole production line SimEvents model is presented.
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The main takeaway message is that every part of the production line creates a dynamic
and ever-changing environment for the reinforcement learning (RL) agent. It faces real
challenges, like shifting buffer levels, unexpected machine breakdowns, and the
unpredictable timing of product and client arrivals. The integration of RL provides the
opportunity to make real-time decisions, such as when to switch machines on or off, to
optimize performance.

The following key observations and signals were identified as critical for the RL agent’s
decision-making:

e Machine Status Signals: These are generated through the stateflow charts and
reflect whether each machine is working, idle, or failed. They determine when
machines can process products and when upstream product flow should be
halted.

o Buffer Levels: The levels of entities in buffers serve as indicators of congestion or
underutilization. Managing inventory levels is crucial to avoiding bottlenecks in
production.

Additionally, aspects, such as mean time to failure (MTTF) and mean time to repair
(MTTR), introduce stochastic behaviors that are difficult to optimize using traditional
approaches. This dynamic and unpredictable environment showcases the importance of
adaptive learning through reinforcement learning.
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CHAPTER 4: REINFORCEMENT LEARNING AGENT
IMPLEMENTATION

4.1 Choice of Reinforcement Learning Algorithm

Before proceeding with anything else, the first step is to selecting the appropriate
reinforcement learning approach . Given the nature of production lines and our objectives
for near-optimal operation, we opted for policy-based methods rather than value-based
ones [29]. The main reasons are summarized below:

A Variety of Actions: In a production line, there are humerous decisions to be made
regarding the best functioning of machines. Value-based methods, like Q-Learning or
DQN, need to categorize these options systematically and monitor their performance in
every situation. This might be challenging, since there is a variety of choices. Policy-based
methods primarily concentrate on determining a good course of action, thereby
facilitating and expediting the process, even in the presence of numerous options.

Making Choices Directly: Policy-based methods are capable of immediately selecting
the most suitable action for each situation, eliminating the need for prior estimation of
the potential benefits of each action. This is of paramount importance in the case of a
production line, in situations where rapid and precise decisions are required regarding the
operation of machines and the status of their buffers. As a result, the overall performance
is smoother and more efficient.

Handling Changes: Production systems often face sudden issues, like machine
breakdowns or shifts in demand. Policy-based methods adjust quickly by using real-time
data. Value-based methods, however, may need a lot of recalculating when changes
happen, making them less flexible.

Trying New Things: Policy-based methods, especially those using entropy regularization,
keep exploring new actions to find better solutions. This has an impact in production
settings where testing different processes is key. Value-based methods might stick to
weaker solutions too soon, especially when there are many options, because they do not
explore as much.

Keeping Things Stable: Value-based methods are more appropriate and work fine for
smaller problems but can become trickier in bigger problems due to overestimating
certain actions. Policy-based methods, like PPO with its clipping factor, manage updates
carefully, making them more reliable for large production setups.

Based on these points, policy-based methods seem better for improving production line
operations. They handle a wider range of options, easily adapt to changes. They boost
efficiency, scale well, and remain steady, outperforming value-based methods.

So after selecting policy-based methods, we have to choose the specific reinforcement
learning algorithm we are going to use.
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We selected the Proximal Policy Optimization (PPO) algorithm for our problem for the
following reasons:

Stability in Policy Updates: The clipping mechanism ensures that PPO does not take
large steps that could destabilize the policy, which is crucial in dynamic environments.

Effective in Large Action Spaces: PPO is capable of handling large, discrete action
spaces, making it ideal for production systems with multiple machines requiring
simultaneous decisions.

Scalability: PPO can scale well to complex systems, which is beneficial for future
extensions beyond simulation

4.2 Transition from Simulink Model to RL Environment

In the earlier chapters, we looked at how the production line model was built and run
using SimEvents in Simulink. This model acts as a changing environment where
reinforcement learning can take place. Now, the next step is to connect this model with a
reinforcement learning (RL) agent that can help make better decisions in real time [48].

This transition includes capturing observations from the production line model and
providing them as inputs to an RL agent, which learns to make fairly good control
decisions. In this chapter, we will focus on developing the Proximal Policy Optimization
(PPO) agent, the design of its observation space using the key signals identified, and the
reward function that is used for the learning process. By using PPO, we aim to show how
the RL agent can learn smart strategies that help manage buffer congestion, cut down
costs, and make the production line more the efficient.

The reinforcement learning agent is designed to learn a good(and possibly even
optimal) policy for managing machine states and minimizing production costs. These
costs primarily accumulate due to buffer overflows and increased waiting times. Unlike
static or heuristic-based scheduling approaches, the RL agent continuously interacts
with the system, dynamically observing its state and making data-driven decisions to
maximize long-term rewards.

4.2.1 Overview of the Environment Setup

To implement reinforcement learning within the production line system, we developed
an environment using the rlSimulinkEnv function in MATLAB, which establishes a
connection between the dynamic Simulink model and the PPO agent. The production line
model, introduced in Chapter 3, serves as the interactive environment, where the
reinforcement learning (RL) agent engages with machine states and buffer conditions.

In reinforcement learning, the environment provides state observations to the agent,
receives action inputs, and returns rewards based on system performance. The key
components of this setup are as follows:

e Observation Space: The environment continuously monitors real-time system
data, including machine statuses and buffer levels, which collectively define the
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system's current state. These observations are critical for enabling the agent to
make informed decisions.

e Action Space: The agent is granted control over the operational status of each
machine (active or idle) and can regulate product flow accordingly. The available
actions are represented as binary vectors, as elaborated in Section 4.3.2.

¢ Reward Signal: The reward function assesses system performance, following
each action executed by the agent. Key factors influencing the reward include
waiting clients, waiting processed products, and unit buffer costs (further
detailed in Section 4.4). These signals guide the agent’s learning process,
encouraging decisions that optimize production efficiency.

The Simulink-based environment dynamically changes, as the agent interacts with it.
For example, when an action is taken to switch a machine to the idle state, downstream
product movement is affected, which in turn influences the reward calculation and the
observation signal at the next time step.

The Simulink environment is connected to the RL framework by specifying the model,
observation space, action space, and the block where the agent receives and processes
data, using the following code appeared in Figure 4.1:

%% Step 1: Define the Environment

mdl = 'productionLine’;

agentBlk = [mdl '/RL Agent'];

env = rlSimulinkEnv{mdl, agentBlk, obsInfo, actIn-Fo);|

Figure 4.1 Enviroment and reinforcement learning framework connection

This is exactly where our connection between our model and our agent happens.
Obsinfo, actinfo and agentBlk are all later described in this chapter.

Note: ‘productionLine’ is the exact name of our Simulink model. This must match exactly
in order for the agent to be connected to our environment

4.2.2 Adding the RL Agent Block and Initial Configurations

To insert the RL agent into the production line model, we used the RL Agent block in
Simulink, which acts as an interface between the Simulink environment and the PPO
agent. The RL Agent block shown in Figure 4.2 is where the agent receives observation
signals, sends actions, and collects rewards.
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Figure 4.2 RL agent block in Simulink

The RL Agent block is connected to the Simulink model at critical points, where
observations and actions are exchanged. Specifically, it is linked to the following signals:

o Observation Signhals: Machine statuses, buffer levels.

o Action Signals: The block outputs control decisions (whether machines
should be working or idle) to the production line system.

o Reward Signal: The reward from the environment is fed back into the block
to guide learning.

The “IsDone” signal serves as a termination condition, indicating when an episode
should end, such as when a maximum time step is reached or when a specific reward
threshold is met. This mechanism ensures that the agent focuses its learning within
meaningful episode boundaries.

In the following sections, we will cover how these observation and action signals are
defined, encoded, and decoded within the Simulink environment, enabling seamless
interaction between the agent and the production line.

As every Simulink block, RL agent block has its own parameters that can be configured.
(Figure 4.3).

56

—
| —



CHAPTER 4: REINFORCEMENT LEARNING AGENT IMPLEMENTATION AND INTEGRATION

Block Parameters: RL Agent >
RL Agent (mask) (link)

Simulate reinforcement learning agent using a Simulink model as a
training and simulation ervironment.

¥ Block Diagram

observation

reward acton

isdone

|: RL Agent

isdone

reward action

observation

Environment

Agent
Agent object A M i Generate greedy policy blocl

Additional Input/Output Ports
() External action inputs
[J Last action input

) Cumulative reward output

Signal Attributes

Figure 4.3 RL Agent block parameters

The RL Agent Block requires precise configuration to ensure seamless communication
between the PPO agent and the production line model. The key configuration parameters
include:

e Agent Name (RL Agent Block Name): The name assigned to the RL Agent Block
in Simulink (e.g., RL Agent, as depicted at the bottom of Figure 4.4) must exactly
match the name specified in the MATLAB script when defining the Simulink
environment.

For instance, in the MATLAB script, when creating the Simulink environment using
rlSimulinkEnv, the variable agentBlk should explicitly reference this block name to
establish a correct linkage between the RL agent and the model. This integration is
illustrated in Figure 4.4.

agentBlk = [mdl '/RL Agent'];

Figure 4.4 Agent block connection to environment

o Agent Object: The Agent Objectfield inside the block specifies the variable name
of the agent created in MATLAB (e.g., agent).

In our case, this refers to the PPO agent defined using the rIlPPOAgent function, as shown
in Figure 4.5. This variable contains the agent’s network, configurations, and learning
parameters [49].

% Create PPO Agent
agent = rlPPOAgent(actor, critic, agentOpts);

Figure 4.5 rlPPOAgent Matlab function
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The block also allows for additional settings like external action inputs or cumulative
reward outputs, which can be toggled based on the specific needs of the system.

4.3 Observation and Action Spaces

To ensure proper communication between the PPO agent and the production line
model, we need to define two essential components:

1. Observation Space: The signals sent to the RL agent that reflect the current state
of the production line.

2. Action Space: The set of actions the agent can take to control the production
system.

4.3.1 Observation Space Definition and Signals

In our case, there are 11 observation signals. These include machine status signals for
each of the five machines and buffer level signals for the six buffers in the model.

Specifically, we utilize the statistic "number of entities in block, n" from the queue
blocks. This signal represents the number of entities (products or clients) currently
presentin each buffer, allowing us to monitor waiting clients, waiting processed products,
and the exact number of entities in each buffer at any given time.

The observation signals are as follows:

e 6 buffer levels: These include the four intermediate buffers and the two final
buffers, which store processed products and waiting clients. The value range from
0 to 50 (maximum buffer capacity).

e 5 machine status sighals: Each machine status signal can take one of the
following values:

o -1 (Failed)
o 0(ldle)
o 1 (Working)
These signals form the observations vector for the agent.

As a result the total number of possible observations in the enviroment is: 51* 3° =17
billion distinct states. Because the number of possible observations is so huge it is
impossible for the algorithm to check and learn from every single one. Instead of trying to
explore them all, we use tools like neural networks to help the agent recognize patterns
and learn how to act, even from just a small amount of experience.

Before being fed to the agent, the observations are processed using the
gatherObservations function that we implemented. The gatherObservations function,
presented in Figure 4.6, is responsible for collecting and normalizing key signals from the
production line, before passing them to the RL agent.

This normalization is particularly important, when using actor-critic architectures, as it
ensures that all observation values fall within a common range. This, in turn, enhances
training stability and improves the convergence of the reinforcement learning algorithm.
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Figure 4.6 Observation signals fed into the agent via gatherObservations function
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The code for that function is presented in Figure 4.7 below and its pretty straightforward:

function observations = gatherObservations(entitiesInBufferl, entitiesInBuffer2, entitiesInBuffer3, ...
entitiesInBufferd, ReadyProducts,, ReadyClients, ...
machineStatusl, machineStatus2, machineStatus3, ...
machineStatus4, machineStatus5)
% Define maximum buffer capacity
maxBufferCapacity = 50;

% Normalize buffer levels
bufferLevels = [entitiesInBufferl; entitiesInBuffer2; entitiesInBuffer3; entitiesInBufferd] / maxBufferCapacity;

% Normalize ready products and clients
readyStates = [ReadyProducts; ReadyClients] / maxBufferCapacity;

% Normalize machine states to [@, 1]
machineStates = [machineStatusl; machineStatus2; machineStatus3; machineStatus4; machineStatus5];

% Combine normalized observations into a single vector
observations = [bufferLevels; readyStates; machineStates];
end

Figure 4.7 gatherObservations custom Matlab function

Each buffer level is divided by the maximum capacity to obtain a normalized value
between 0 (empty) and 1 (full).

Similar to buffer levels, the ready products and clients are normalized between 0 and 1.

The machine states are not normalized, since their values are limited compared to buffer
levels.

Finally, all normalized signals are concatenated into a single observation vector of
dimension 11, matching the specifications defined by the observation space (obsiInfo).

Now that these elements have been configured in our model, it is essential to ensure
that the signals are correctly interpreted and fed into the agent. This is where the
riINumericSpec is used.

riNumericSpec is a MATLAB function used to define the observation space in
reinforcement learning environments. It specifies the structure, range, and
characteristics of the numerical observations that the agent receives from the
environment.

The rINumericSpec function ensures that:
¢ The dimensionality of the observation vector is correctly defined.
¢ Thevalues of the observations remain within specified limits.

e The agent correctly interprets the meaning and constraints of each observation
dimension.

So, we used this function in the following way as shown in Figure 4.8:

% Define observation specifications
obsInfo = rllumericSpec([11, 1], ...
"LowerlLimit', [@; @; ©; ©; @, ©; -1; -1; -1; -1; -1], ...
'UpperLimit', [1; 1; 1; 1; 1; 1; 1; 1; 1; 1; 1]);
obsInfo.Name = 'Production Line States';

Figure 4.8 riNumericSpec usage and initialization
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The first argument defines the dimension of the observation vector, [11, 1] indicates that
the observation space is a column vector with 11 elements.

LowerLimit: Specifies the minimum allowable value for each observation dimension.
After normalization, it is obvious that the first 6 signals (buffer levels) are going zero as the
lowest possible value and the machine statuses are going to have -1.

Similarly, upper limit specifies the maximum allowable value for each observation
dimension. First 6 signals are going to have maximum possible value of 1(if buffer is full)
and machine statuses are going to have maximum value of 1(working state).

After all, we have ensured observations are correctly defined and properly connected
with our agent and we are ready to move to the actions of the agent.

4.3.2 Action Space Definition

The action space represents how the agent controls the production line. For our
problem, the agent needs to decide whether each machine should be put to working or
idle at any given time step, based on the observations signals.

The action space is structured as a binary decision space for five machines, meaning
that each machine has two possible actions:

0: Put the machine in the idle state.
1: Keep the machine in the working state.

In reinforcement learning, the action space defines the possible actions the agent can
take at each step. For our production line model, the action space is discrete, because
the agent needs to make binary decisions (on/off) for each of the five machines. To handle
this discrete nature, we use rlFiniteSetSpec, which is specifically designed for
environments, where the action space consists of a finite set of discrete actions.

rlFiniteSetSpec specifies a finite set of allowable actions, therefore is ideal when the
agent’s actions belong to a fixed set like ours. Actions definitions using rlFiniteSetSpec
are shown in Figure 4.9:

%% Define Action Specifications Using dec2bin

actions = dec2bin(®:31, 5) - '8';

actInfo = rlFiniteSetSpec(mat2cell(actions, ones(1l, 32), 5));
actInfo.Name = 'MachineActions';

Figure 4.9 Actions Definition

To gain a deeper understanding of how actions are defined and distributed across the
machines in our production line, we consider the following approach:

The MATLAB command dec2bin(0:31, 5) generates the binary representation of integers
ranging from 0 to 31. Since our system consists of five machines, each action is encoded
as a 5-bit binary string, where each bit represents the operational state of a corresponding
machine.

For example:
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e 00000 represents turning all machines off.
e 11111 represents keeping all machines on.

e 10101 represents machines 1,3,5 on and machines 2,4 off.

The expression - '0' converts the binary strings into numeric arrays:
So are actions would look like this at that point:

[00000;00001;00010;...11111]

Then we use : “mat2cell(actions, ones(1, 32), 5)”

This splits the 32x5 action matrix into 32 individual rows, each representing a separate
action .

The function mat2cell takes two arguments:
e ones(1, 32) specifies that each row of the matrix should be split into its own cell.

e 5 indicates that each action configuration has 5 binary decisions (one per
machine).

The result is a cell array where each cell contains a 1x5 action vector.

actinfo = rlFiniteSetSpec(mat2cell(actions, ones(1, 32), 5));

The rlFiniteSetSpec function takes the cell array of discrete actions as input and defines
the agent’s action space.

Agent Output Example

Soto summarize, there are 32 possible combinations of actions. The agent selects one
of these 32 combinations at each time step.

When the agent selects an action during a time step, it outputs an index corresponding to
one of the 32 possible actions. For example, suppose the agent selects Action Index 21.
Using our action space mapping, we get:

dec2bin(21,5)>[10101]
This means:
Machine 1: ON (1)
Machine 2: OFF (0)
Machine 3: ON (1)
Machine 4: OFF (0)
Machine 5: ON (1)
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4.3.3 Decoding Actions to Individual Machines

This raises an important question: How do we distribute these actions to the individual
machines, given that they are encoded as a 5-bit binary vector?

The solution is straightforward: we must decode the binary vector and assign each bit to
the corresponding machine’s control signal.

To achieve this, we developed a custom MATLAB function designed to efficiently
distribute the actions. The setup of this function is presented in Figure 4.10.

—M obsaruat tion |
]
e M
:
1
— i raward ‘adtion tion ‘ ‘ackion} m
z
decodeAction
()
actond H
(
1
acbons H
— s
distributeActions Function

&

Figure 4.10 Actions get decoded and distributed to each machine

The code of the function is presented in figure 4.11 that follows.

function [actionl, action2, action3, actiond4, action5] = decodeAction(action)
% Assign each binary digit to the respective machine's action
actionl = action(1);
action2? = action(2);
action3 = action(3);
actiond = action(4);
action5 = action(5);
end

Figure 4.11 decodeAction Function

Suppose the agent output is the action vector [1 01 0 1]. The function decodeAction
will distribute this vector as follows:

[action1, action2, action3, action4, action5] = decodeAction([101 0 1]);
action1=1-> Machine 1 ON
action2 = 0 > Machine 2 OFF
action3 =1 > Machine 30N
action4 = 0> Machine 4 OFF
action5=1-> Machine 5 ON

63

—
| —



CHAPTER 4: REINFORCEMENT LEARNING AGENT IMPLEMENTATION AND INTEGRATION

So, now we have ensured that each machine receives its correct ON/OFF (0/1) signal
based on the agent’s output.

And here comes the stateflow chart in play (Figure 4.12) :

[A1] agentAction1 machineStatus1

MACHINE1

Figure 4.12 Action 1 being fed to stateflow of machine1
Each action Is being fed to the stateflow chart of each machine.
Action 1 goes to stateflow of machine 1, action 2 goes to stateflow of machine 2, etc.

Once the action is fed into the stateflow, it decides on what state should the machine
move to.

If agent has output 1, the machine moves to working state, whereas if agent has output 0,
the machine is being set to idle until a new action comes.

4.4 Reward Function Setup

In reinforcement learning, the reward function is one of the most important parts,
because it tells the agent what it should aim for. It acts like feedback, giving the agent a
number (reward) that shows how good or bad its actions are in reaching the goal.

The reward function is designed to guide the agent toward making the system run more
efficiently, while avoiding actions that slow things down. In a production setup, this
means reducing wait times, using machines efficiently, preventing buffers from
overflowing, and keeping costs low. The agent continuously learns from these rewards,
improving its decision-making over time.

Itis crucial to design the reward function carefully, so it truly reflects real-world goals.
If it is not well thought out, the agent might focus too much on one thing, while ignoring
others, which could lead to problems—like getting stuck in a strategy that seems good in
the short term butis not the best overall (also known as getting trapped in local optima or
minima) [50].

In our model, the reward function discourages excessive buffer usage and long wait
times for products or clients. This helps keep the production line running smoothly, while
minimizing overall costs. The next section explains exactly how this reward system is set

up.

4.4.1 Reward Function Logic in Simulink

As mentioned earlier, the reward function plays a crucial role in our reinforcement
learning setup. It helps guide the agent’s learning by evaluating system performance at
each time step and providing feedback. This allows the agent to understand whether its
actions are making the production process more efficient.
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In Simulink, the reward function logic is built into the model, using a custom MATLAB
function block, called rewardFunction. This function processes key signals from the
production line, such as buffer levels and the number of waiting clients.

The rewardFunction continuously tracks the system’s state and calculates the reward
based on congestion in the intermediate buffers, the number of ready products, and the
number of waiting clients. The goal is to minimize buffer costs, while keeping production
as efficient as possible. To encourage better decision-making, the agent receives a
negative reward (penalty), when buffers become full or clients wait too long. This pushes
the agent to develop optimal machine control strategies.

The setup is illustrated in Figure 4.13.

[EntitiesE1] EnfitiesB1

[EntitiesB2] EnfiliesB2

EnfiiesB3

[EntitiesB4] EntitissB4 4 reward
calculateReward

ReadyProducts] ReadyProducts

ReadyClients1] ReadyClients

12:34

rewardFucntion

0 goge

Figure 4.13 Reward function integration into Simulink Model
4.4.2 Implementation of the Reward Function

As shown in Figure 4.13, the reward function is implemented using a custom MATLAB
function inside the rewardFunction block. The function is connected to the following
input signals from the production line model:

o EntitiesB1, EntitiesB2, EntitiesB3, EntitiesB4: Represent the number of entities
in the 4 intermediate buffers.

¢ ReadyProducts: Tracks how many finished products are waiting in the final buffer.
¢ Ready Clients: Indicates how many clients are waiting.

o Digital Clock: Provides the simulation time (t) to calculate the time step (dt),
ensuring that the reward calculation accounts for changes over time.

Key Aspects of the Reward Function
1.Inputs:

The reward function receives buffer levels (EntitiesB1, EntitiesB2, etc.), the number of
ready products and clients, and the simulation time (t) as inputs.

2.Time Interval (dt):
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The time interval (dt) between time steps is calculated as:
dt =t — lastTime

The variable lastTime stores the last simulation time, allowing us to compute how much
time has passed between reward calculations.

This dt scaling is crucial, as it ensures that the penalties for buffer congestion and
waiting clients are related to the duration of the delay. The longer a product or client waits,
the higher the penalty.

3.Cost Weights:
Different cost weights are applied to buffers, ready products, and ready clients:

= Buffer cost: Buffers 1 to 4 are penalized with a cost of 0.5 per
product.

= Ready products cost: A cost of 1 is applied to products waiting to
be processed.

= Ready clients cost: Clients waiting for products are penalized
more heavily, with a cost of 1.3 per client.

4.Reward Calculation Formula: The total costis computed as:

Total Cost = Y,(Buffer Level X Buf fer Cost + Ready Products X Products Cost
+ Ready Clients X Clients Cost) X dt

The reward is the negative of this total cost: Reward=-Total Cost
5.Digital Clock Block Usage:

The Digital Clock block outputs the current simulation time (t), which is used to
compute the time interval (dt). The sample time is set to 0.1 to ensure that the reward is
updated frequently, but without excessive computational overhead. This setup ensures
that longer delays result in higher penalties, encouraging the agent to minimize waiting
times.

All the above were included in the reward function that can be seen below in Figure 4.14 :
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function reward = calculateReward(EntitiesBl, EntitiesB2, EntitiesB3, EntitiesB4, ReadyProducts, ReadyClients, t)
persistent lastTime
if isempty(lastTime)
lastTime = t;
reward = 8;
return;
end

dt = t - lastTime;
lastTime = t;

bufferCost = 8.5;
productsCost = 1;
clientsCost = 1.3;

totalCost = (EntitiesBl + EntitiesB2 + EntitiesB3 + EntitiesB4) * bufferCost ...
+ ReadyProducts * productsCost ...
+ ReadyClients * clientsCost;

reward = -totalCost * dt;
end

Figure 4.14 Reward Function

By implementing the reward function this way, we ensure that the agent :
e Keep buffers from getting congested.
e Minimize the time products and clients wait.

e Optimize machine states and overall system performance.

To sum up, our production line model, after integrating the reinforcement learning agent
and the custom function blocks, follows in Figure 4.15:
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4.5 Actor-Critic Network Architectures

As we earlier discussed in ‘2.6 Overview of PPO Algorithm’, the Proximal Policy
Optimization (PPO) algorithm relies on an actor-critic architecture, where the actor is
responsible for choosing actions and the critic evaluates the quality of those actions. In
our implementation, both the actor and critic networks are neural networks, each
designed to process observation inputs and provide necessary outputs for learning The
interaction between those networks was discussed earlier and also presented in figure
4.16:

Critic

St VaMe /
state f—w . |
" [v(s,| Function action

71

|reward

Environment

Figure 4.16 Actor-Critic Interaction [57].

4.5.1 Actor Network Design and Layers

The actor network takes the observation vector from the environment and generates a
probability distribution over the action space. The structure of the actor network in our
MATLAB code is as follows in Figure 4.17:

% Actor Network with initialized weights
actorlet = [
featureInputlayer(obsDim, 'MNormalization', 'none', 'Mame', 'obsInput')
fullyConnectedLayer(128, 'Name', 'fcl', ...
'"WeightlLearnRateFactor', 1, ...
'WeightsInitializer', 'glorot')
reluLayer( 'Name", 'relul’)
fullyConnectedLayer(64, 'Name', 'fc2', ...
'WeightlLearnRateFactor', 1, ...
'WeightsInitializer', 'glorot')
reluLayer( 'Name', "relu2')
fullyConnectedLayer(actDim, 'Name', 'fcOutput', ...
'WeightsInitializer', 'zeros')
softmaxLayer('Name', "actionProb')];

Figure 4.17 Actor network
Let’s brake the actor network and explain its structure.

featurelnputLayer: Takes in the 11-dimensional observation vector (defined by obsDim)
without normalization, as the gatherObservations function already handles
normalization.

fullyConnectedLayer1 (fc1): Contains 128 neurons and uses the Glo rot initializer to set
initial weights.
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ReLU activation 1 (relu1): Introduces non-linearity to enable the network to learn
complex patterns.

fullyConnectedLayer 2 (fc2): Contains 64 neurons, reducing the dimensionality to a
more abstract representation.

Output Layer (fcOutput): Maps the internal representation to the number of possible
actions (actDim = 32), with initial weights set to zero.

Softmax layer (actionProb): Converts the output to a probability distribution over the 32
possible actions, ensuring the sum of probabilities equals 1.

Overall, the actor network learns a policy that maps the current state (observations) to
an action probability distribution, allowing the agent to select actions based on
likelihood.

4.5.2 Critic Network Design and Layers

The critic network estimates the expected cumulative reward (value) from the current
state. Its architecture mirrors the actor network, with minor differences in the output layer
(Figure 4.18) :

% Critic Network with initialized weights
criticlet = [
featureInputlLayer(obsDim, 'Normalization', 'none', 'Name', 'obsInput')
fullyConnectedLayer (128, 'Name', 'fcl', ...
'"WeightlLearnRateFactor', 1, ...
'WeightsInitializer', 'glorot')
reluLayer('Name', 'relul')
fullyConnectedLayer (64, ‘Name', 'fc2', ...
'WeightlLearnRateFactor', 1, ...
"WeightsInitializer', 'glorot')
reluLayer('Name', 'relu2')
fullyConnectedLayer(1, 'Name', ‘value', ...
'WeightsInitializer', 'zeros')];

Figure 4.18 Critic Network
The only difference between the actor network and the critic network is that the critic
network outputs a single scalar value (V(s)) representing the expected return from the
given state of the environment.

Overall, the critic guides the learning process by estimating how good the current state
is, providing feedback to the actor on which actions lead to higher future rewards.

4.5.3 Actor and Critic Representations

Now that we have decided on the actor and critic network architectures and layers, we
need to connect them to the reinforcement learning framework. This is handled by the
following code shown in Figure 4.19:

% Create actor and critic representations
actor = rlDiscreteCategoricalActor(actorNet, obsInfo, actInfo);
critic = rlValueFunction(critichet, obsInfo);

Figure 4.19 Actor and critic representations.
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The riDiscreteCategoricalActor defines an actor network that selects actions from a
discrete action space. In our case, the action space consists of 32 possible combinations
of on/off signals for the five machines.

Why categorical?

The actor chooses from a finite set of discrete actions, so a categorical distribution is
suitable, allowing it to sample actions based on their probability.

How it Works:

For each time step, the actor receives the observation vector from the environment.
The observation vector passes through the actor network, and the output layer (softmax)
produces probabilities for each action.

The action with the highest probability is typically selected during training.

So for actor = rIDiscreteCategoricalActor(actorNet, obsInfo, actinfo); :

= actorNet: The neural network architecture defined in Section 4.4.1.
= obslinfo: Specifies the structure and limits of the observation space.
= actlInfo: Defines the action space with the 32 discrete actions.

Similarly for the critic, the rlValueFunction defines the critic network that estimates

the expected cumulative reward from the current state, known as the state value V(s).

The critic guides the actor by evaluating how good the current state is in terms of
expected rewards. This helps the actor update its policy to favor actions that lead to better
states.

How it works?

For each time step, the critic receives the same observation vector as the actor. The
observation vector passes through the critic network, and the output layer produces a
scalarvalue V(s). This value is used to calculate the advantage estimate A(s,a), which tells
the actor whether taking a specific action was better or worse than expected.

So for critic=rlValueFunction(criticNet, obsInfo);

= criticNet: The neural network architecture defined in Section 4.4.2.
= obslinfo: Specifies the structure and limits of the observation space.

With these actor and critic representations configured, the PPO algorithm can
effectively train the agent by updating the policy based on both short-term feedback
(immediate rewards) and long-term performance (value function estimates).
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4.6 PPO Agent Configuration

In this section, we set up the PPO agent by adjusting key settings that control how it
learns. The effectiveness of PPO depends on fine-tuning parameters, such as the learning
rate, horizon (how far it looks ahead), clip factor, and other important factors. Here, we
will go over the specific choices we made and explain why they are crucial for optimizing
our production line’s performance.

4.6.1 PPO Hyperparameter Setup

The PPO agent is created using the rlPPOAgent function, which requires the actor and
critic networks, along with a set of hyperparameters to guide the training process. Below
in Figure 4.20 is the configuration and a brief explanation of each parameter:

% Step 3: PPO Agent Options

agentOpts = rlPPORgentOptions(...
'ExperienceHorizon’, 2048, ...
Mi Size’, 512, ...

, rloptimizerOpticons(®LearnRate’, le-4, 'GradientThresheld', 1), .
s', rlOptimizerOptions('Learnfate’, Se-5, "GradientThreshold', 1));

Figure 4.20 PPO Agent Hyperparameters

Before diving into the details of each parameter, it is important to note that not all
hyperparameters available for tuning are shown in this Figure. Some additional
hyperparameters for our agent are kept at their default values.

If we wanted to train our agent using only the default settings, we could simply use:
agentOpts = rlPPOAgentOptions();

For each hyperparameter we want to tune, we need to specify its name followed by the
desired value. The hyperparameters we experimented with are as follows:

Experience horizon: The experience horizon is set to 2048, which defines how many time
steps of experience are collected, before performing an update. A larger horizon helps the
agent better estimate long-term rewards, which is importantin our production line, where
costs and waiting times accumulate overtime.

Mini Batch Size: The mini-batch size is configured to 512, which controls the size of data
batches used during each gradient update. A larger batch size improves stability, but can
slow down learning, so our choice balances stability and training speed.

ClipFactor: The clip factor is set to 0.1, representing the core mechanism of PPO. A small
clip factor prevents the policy from being updated too aggressively, ensuring stability.

EntropyLossWeight: To encourage exploration, the entropy loss weight is set to 0.02,
adding a penalty, if the agent’s action probabilities become too deterministic. This
exploration is critical during the initial learning stages, helping the agent discover optimal
strategies.

DiscountFactor: The discount factor, set to 0.995, defines the importance of future
rewards. A value close to 1 emphasizes long-term rewards, making the agent focus on
system-wide optimization rather than short-term gains.
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AdvantageEstimateMethod: We use Generalized Advantage Estimation (GAE) to
compute the advantage function A(s,a) balancing bias and variance in the estimation.

GAEfactor: The GAE factor is set to 0.95, giving more weight to long-term future rewards,
while maintaining stability.

Actor and critic learning rates: The learning rates for the actor and critic networks are
set differently to allow for stable updates. The actor’s learning rate is slightly higher (1e-4)
to adapt faster to changing environments, while the critic’s learning rate is lower (5e-5) to
ensure stable and accurate value estimates. Both optimizers include a gradient threshold
to prevent excessively large updates during training, which could destabilize the learning
process.

These hyperparameters were selected through extensive testing to balance
exploration, stability, and learning efficiency. Our production line has complex, long-term
dependencies, so parameters like a large experience horizon and a near 1- discount factor
were necessary to achieve optimal performance. Once the hyperparameters are set, the
PPO agent is created using the following code (Figure 4.21).

% Create PPO Agent
agent = rlPPDAgent(actor, critic, agentOpts);

Figure 4.21 Creation of PPO agent using rlPPOAgent function

When we call rIPPOAgent with these arguments, MATLAB initializes a PPO agent with
the specified actor, critic, and configuration options. Now, the agentis ready to be trained.
Training options and setup is fully covered in the upcoming section.

4.7 Training Setup and Execution

To successfully train the PPO agent within the production line environment, specific
training options and parameters were configured to ensure convergence, stability, and
efficiency. This section covers the setup of training options, the process of monitoring the
training progress, and the mechanism for saving the trained agent for future use.

4.7.1 Training Options and Parameters

The training process was configured using the rlTrainingOptions function in MATLAB.
This function allows for the customization of key training parameters that controlhow long
the agent trains and how performance is evaluated. The main parameters configured are
as shown in Figure 4.22.

%% Step 4: Training Options

trainOpts = rlTrainingOptions(...
'MaxEpisodes', 28000, ...
'MaxStepsPerEpiscode’, 2000, ...
'ScorefveragingWindowlength', 100, ...
'Verbose', true, ...
'Plots’, "training-progress', ...
'StopTrainingCriteria', 'AverageReward', ...
'StopTrainingValue', -108);

Figure 4.22 Training options
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Max Episodes: The maximum number of training episodes was set to 20,000 to
give the agent sufficient time to explore and learn near-optimal policies.

Max Steps Per Episode: Each episode has a maximum of 2,000 steps to ensure
the agent can observe meaningful production line behavior, without overly long
training sessions.

Score Averaging Window Length: The average reward is calculated over the most
recent 100 episodes. This helps monitor the agent's performance and detect
whether it is improving consistently.

Verbose Output: This option was enabled to print detailed updates during
training, making it easier to monitor the agent’s progress in real time.

Stop Training Criteria: Training is automatically stopped, when the average
reward over 100 episodes reaches a specified threshold (-1000 in this case). This
value was chosen based on our expected reward structure and system goals.

These options were carefully chosen to balance efficient training and ensure the
agent can learn optimal behavior within the given options (Figure 4.23).

% Train the agent
trainingStats = train(agent, env, trainOpts);

Figure 4.23 Training the agent with the specified training options

4.7.2 Saving and Loading the Trained Agent

After training is complete, the trained agent is saved to a file for future use and
evaluation using the following MATLAB commands shown in Figure 4.24:

% Save the trained agent
save('trainedAgent_dec2bin.mat’', ‘agent');
save('trainingStats_dec2bin.mat’, 'trainingStats');

Figure 4.24 Saving the trained agent

These files contain the agent’s learned policies, actor and critic networks, and training
statistics. The saved agent can be reloaded and used in future simulations or real-world
implementations without requiring retraining using the command:

load('trainedAgent_dec2bin.mat’,'agent’);

With the completion of training, we have a PPO agent that has learned to optimize
machine states, minimize production delays, and balance buffer loads. In the next
chapter, we evaluate the effectiveness of this agent through simulation results and
comparisons with traditional optimization methods.
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CHAPTER 5: RESULTS AND DISCUSSION

5.1 Introduction to the Evaluation Metrics

In this section, we introduce the key metrics used to evaluate the performance of the
PPO agent. These metrics provide valuable feedback on how well the agent optimizes the
production line and minimizes costs. They will be analyzed and discussed in the following
sections.

5.1.1 Total Reward

When evaluating a reinforcement learning agent’s performance, the first thing that
typically comes to mind is analyzing the reward behavior.

The total reward is one of the most important metrics in reinforcement learning. It
represents the sum of all rewards the agent accumulates across each episode. Tracking
this total reward helps determine whether the agent is improving. If the reward steadily
increases, it usually indicates that the agent is learning effectively and making meaningful
progress toward its goal. However, if the total reward remains low or fluctuates without
improvement, it suggests that the agent is not learning efficiently. In such cases,
adjustments may be needed, such as fine-tuning hyperparameters, modifying agent
options, or making other changes to improve reward behavior.

The total reward presented in this section refers to the discounted cumulative reward,
with a discount factor y = 0.995, in accordance with the agent's training objective. This
ensures consistency between the learning goal and the evaluation metric.

In our setup, the total reward is simply the negative of the total cost (reward = -cost).
This means that a higher total reward (less negative) indicates a reduction in wasted time
and inefficiencies in the system. Our reward function penalizes buffer congestion and
long wait times for both products and clients. As the total reward increases over multiple
episodes, the total cost decreases.

This metric provides valuable insights into the following improvements:

e Reduced buffer congestion: The agent optimizes product flow, preventing
bottlenecks and overflows.

¢ Improved machine utilization: Efficient machine operation reduces idle time
and ensures machines are used optimally.

e Lower waiting times for products and clients: The agent minimizes delays in
buffers, leading to lower costs and improved system efficiency.

In this chapter, we’ll show how the total reward changes over time as the agent trains.
We’ll also compare the reward from the PPO agent to a perfect-case scenario (the
baseline) to see how close it gets to the best possible performance.
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5.1.2 Buffer Occupancies

Keeping these levels under control is important, as it helps avoid slowdowns in
production and makes sure client needs are met. If buffers get too full, it means there’s
congestion, which can cause delays. But if buffers are mostly empty, it might mean the
system is not being used well.

To see how well the agent is learning, we’ll look at how buffer levels change during
training:

e Early episodes: Buffer occupancies may fluctuate significantly due to poor flow
management, with processed products or waiting clients accumulating in
buffers.

¢ Mid-training: Gradualimprovements are expected, as the agent learns to manage
machine operations more effectively.

e Late episodes: The agent should have optimized the flow, resulting in stable and
balanced buffer occupancies with minimal congestion.

By comparing buffer occupancies in initial episodes with later episodes, we can observe
how the agent learns to balance product flow.

5.2 Optimal cost Baseline via Dynamic Programming

To see how well the PPO agent performs, we first set a baseline using Dynamic
Programming (DP). DP is a strong optimization method that looks at every possible
situation and action, then works out the best solution by breaking the problem into
smaller steps. Unlike reinforcement learning, which learns through trial and error, DP
finds the exact policy that gives the lowest possible cost for the system.

Soinour problem, we use itto compare it’s resutls with the training results of a simplified
production line model we will later introduce.

5.2.1 Simplified Model Description

To effectively compare the performance of the PPO-based reinforcement learning
agent with an optimal solution from dynamic programming method, we must simplify the
production line model. The simplified model consists of:

e Two machines
e Three buffers (two final buffers and one intermediate buffer)

And is presented in Figure below 5.1:
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This simplification allows us to apply dynamic programming (DP) to find an optimal
scheduling policy and resulting reward as, Dynamic programming is used for smaller-
scale models due to its ability to systematically evaluate all possible states and actions,
providing a good benchmark.

The simplified system configuration is as follows:
e Machine 1 and Machine 2: Sequential machines
¢ Intermediate Buffer: Holds products between Machine 1 and Machine 2.
¢ Two Final Buffers: Holds waiting clients and processed products
Key Assumptions:
e Each machine processes one product at a time.
e Processing times follow an exponential distribution, as in the original model.
e Buffers have same capacities with the original model.

e Machine failures and repairs are also modeled using exponential distributions.

5.2.2 Optimal Cost for Simplified Model Using Dynamic Programming Method

In this section, we look at the optimal cost found using the dynamic programming
(DP) method for the simpler version of the production model. The goal of the DP algorithm
is to lower the average cost at each time step, while also considering machine
breakdowns, repairs, how fast products are made, and the cost of storing inventory. To do
this, we set up the problem as a Markov Decision Process (MDP) and solve it using value
iteration.

State Space Representation
The system is characterized by the following state variables:
¢ x: Inventory level of intermediate products.
¢ y: Inventory level of finished products (positive) or backorders (negative).
¢ i, €{0,1}: Operational state of Machine 1 (1 if operational, O if under repair).
¢ i, €{0,1}: Operational state of Machine 2 (1 if operational, O if under repair).
Thus, the state space is given by:
S = (x,i,y,02), 0< x < My -M, <y < M,, iy, i € {0,1}
where My = M, = 50.

Note: In the dynamic programming model, the variable y captures both finished product
inventory (when y>0) and customer backorders (y<0) using a single variable. This
representation is fully consistent with the RL environment, where these two quantities
appear as separate observation signals (ReadyProducts and ReadyClients). In practice,
the agent combines these two inputs to recover the same information carried by the
signedy, ensuring full compatibility between the state spaces of both methods.
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Decision Variables

At each time step, for each machine that is operational (i, =i, =1) the system must
decide on production actions for the two machines:

ea, € {0,1},a, € {0,1}

Therefore we have a total of 4 actions (00, 01, 10, 11), just exactly as our reinforcement
learning setup, where:

* a,=1->Machine 1 processes an intermediate product.
* a, =0-> Machine 1 remains idle (not processing products).
* a,=1->Machine 2 processes an intermediate product into a finished product.
* a,=0~> Machine 2 remains idle.
Cost Function
The total cost function consists of:
1. Inventory Holding Costs:
Ch(x,y) = hix + hymax(y,0) + b max(—y,0)
where:
* h, is the cost per intermediate product in inventory.
* h, is the cost per finished product in inventory.
¢ b is the backorder penalty per missing unit.

This cost function is also used in the reinforcement learning model, but in the form of a
reward function defined as the negative of the total cost. This way, minimizing cost in the
dynamic programming model is equivalent to maximizing reward in the PPO agent.

2. Failure and Repair Costs (implicitly modeled in transition probabilities).
The total expected cost at a given state is:
C(S,a) = Cu(x,y)

Transition Rates
The system dynamics are governed by the following transition probabilities:
* Production Transitions:

- If Machine 1 is operational (i, = 1), procession occurs with probability p,.

- If Machine 2 is operational (i, = 1), it processes products with probability p.,.
* Demand Effects: Finished goods inventory decreases by 1 unit with probability A.
* Machine Failures: Machine 1 fails with rate f,, and Machine 2 fails with rate f,,.
* Repairs: Machine 1 is repaired with rate r,, and Machine 2 is repaired with rate r,.
The total event rate is given by:

v=A4+m Attt fitfotrri+r

In this model, v denotes the total transition rate out of a given state, summing the rates of
all possible events: arrivals, productions, failures, and repairs. In the Bellman update,
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dividing by v serves to normalize the cost per unit time, which is standard in average cost
formulations for Markov decision processes.

Bellman Equation
The Bellman update equation is:
V(S) = max,[C(S,a) + ZP(S"|S,a)V(S)]
Value Iteration Algorithm
To compute an optimal policy, we employ the Value Iteration Algorithm:
1. Initialize the value function:
Vo(S) = 0,¥VS
2. Iterate until convergence:
Vie1(S) = max, [C(S,a) + ZP(S"|S,a) Vi(S)]
3. Stopping Criterion: The process stops when:
maxs |Vis1(S) — V(S)| < €

where ¢ is the predefined tolerance level.

Results of dynamic programming method

After executing the code for the dynamic programming method, we get the following
results: The average optimal cost per time step is calculated to 0.26102, with 1541
iterations needed to converge, as shown in Figure 5.2.

Final Results:

Number of iterations: 1541

Final difference: 0.000001

Optimal average cost per time step: 0.26102

Figure 5.2 Dynamic Programming results
The convergence of DP cost per step is shown in figure 5.3 below:

Convergence of DP Cost per Step
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Figure 5.3 Convergence of DP Cost per step
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Initially, the cost fluctuates, but stabilizes at 0.261, which represents the optimal
average cost per step. This confirms that the algorithm successfully minimizes
production costs under system constraints.

So, in conclusion, the dynamic programming method achieves an optimal cost of
0.261 cost units per time step. These results demonstrate that dynamic programming
effectively determines an optimal production policy, while accounting for machine
failures, repairs, and demand uncertainty.

5.2.3 Training Results of the Simplified Model

The training results of the simplified model are presented in Figure 5.4 below:

Training Progress of PPO: Episode Reward and Average Reward for simplified model
I I I I I I I
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Figure 5.4 Training results of PPO agent for simplified model

We can see the agent achieving and average reward of -540.99 with about 13 hours and
4500 episodes needed, as seen in Figure 5.5.

ot [ stop Traming
Episode number 4323/20000

Start tme 19-Feb-2026 19:13.12

Duration 132033

Fnal result Training i progress

Training Information

Agent Status
nPPOAgent Training

Episode Information (IPPOAgent):
Episode reward -563 89
Average reward -540.9959

Figure 5.5 Training stats for simplified model

5.2.4 Comparison of Agent Results with Dynamic Programming Solution

Previously we calculated the optimal cost achieved both by dynamic programming
method and reinforcement learning agent setup.
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We know that each episode has 2000 time steps. The agent achieves average reward of -
540.99, so average cost of 540.99 cost units per episode. That’s translated to 540.99 cost

540. .
0% 0.2704 cost units per
2000

units per 2000 time steps. So, the cost units per time step is
time step.

In Section 5.2.2, we found that the optimal cost achieved by the dynamic programming
method was 0.261 cost units per time step, so the final results are presented in Table 5.1

below:
Method Cost per Total cost per Iterations/
Step episode(2000 Episodes
steps) to
converge
Dynamic 0.261 522.0 1541
Programming Iterations
PPO Agent 0.2704 540.99 ~ 1600
episodes

Table 5.1 Comparison of dynamic programming and reinforcement learning results

The results show that the DP method achieves a lower cost per step (0.261), which
serves as the optimal baseline. The PPO agent learns a near-optimal policy, reaching a
cost per step of 0.2704, which is roughly 3.8% higher than DP, showcasing that our agent
is well trained and executes near optimal scenario.

In conclusion, the results for the simplified model validate both dynamic programming
(DP) and reinforcement learning (RL) approaches for optimal production control. Since
DP successfully finds an optimal policy, and PPO achieves a near-optimal solution with a
small gap, we expect these findings to extend to larger production systems, like our more
complex production line (5 machines, 6 buffers). Thus, while additional computational
effort is required, we anticipate that the PPO agent will still find near-optimal policies in
the larger production system, making reinforcement learning a viable solution for real-
world industrial applications.

5.2.5 Comparison of Extracted Policies from Both Methods

In this section, we compare optimal policies extracted using Dynamic Programming
(DP) and Reinforcement Learning (RL) for the simplified production line. DP computes the
exact optimal policy through value iteration, providing a benchmark for the system’s
behavior, while RL learns an approximate policy through interaction with the environment,
as implemented in the trained agent.

The comparison aims to evaluate the alignment between the two methods, focusing
on their decision-making at critical points in the state space, specifically near the DP
switching curves, where the policy transitions between decisions (e.g., turning machines
on or off).
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Before presenting the extracted DP policy, it is essential to understand the meaning of
the state variables. As earlier mentioned in 5.2.2, the intermediate buffer level (x)
represents the number of semi-finished products stored in the buffer between the two
machines, whereas the backorder level (y) represents unmet customer demand, where
negative values indicate backorders (unfulfilled demand), and positive values indicate
excess stock. A high negative y value means that production does not meet demand,
while a positive y value suggests overproduction.

DP Policy

Figure 5.6 depicts an optimal policy extracted using Dynamic Programming (DP) for the
production system. Each subplot represents the machine's operational status as a
function of the intermediate buffer level (x) and backorder level (y). The blue regions
indicate states, where the machine is actively working, while the white regions indicate
states where the machine is not working. These policies are computed through value
iteration, ensuring an optimal balance between production rates, buffer costs, and
backorder penalties.
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Figure 5.6 Dynamic Programming Policy

Examining the extracted DP policy, several patterns emerge in machine operation.
When analyzing the case where only Machine 1 is available, a similar pattern is observed.
Machine 1 mainly operates when backorders are significantly negative (approximately in
the range of -50 to 0), indicating high demand pressure. However, without Machine 2 in
the system, its activation region becomes slightly narrower, reaching up to an
intermediate buffer level of around 16 (compared to 19 when both machines are
available). This suggests that Machine 1 adjusts its behavior in the absence of additional
production capacity by covering a slightly different region of the state space.

The case where only Machine 2 is working further confirms its strong dependence on
backorder levels. The clear separation between the working and non-working states in
this scenario shows that Machine 2's decisions are unaffected by the intermediate buffer
level, as it consistently activates across all x-values from 0 to 50 when backorders are
negative.
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From these observations, the DP policy reveals a structured and optimal decision-
making pattern. Machine 1's operation is influenced by both intermediate buffer levels
and backorders, while Machine 2 follows a strict backorder-driven policy. The decision
boundaries are well-defined, ensuring minimal cost, while maintaining system efficiency.
These structured activation regions confirm that DP successfully finds an optimal
balance between production, buffer, and backorder costs, leading to a highly efficient and
interpretable policy.

The switching curves that follow on Figure 5.7 highlight the structured nature of the DP
policy, showing clear boundaries where machines transition between active and inactive
states.
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Figure 5.7 DP Switching Curves

Machine 1 operates based on both intermediate buffer levels and backorders,
remaining active longer when the buffer is low, and demand is high. In contrast, Machine
2 follows a strict backorder-driven policy, activating only when backorders are negative,
regardless of buffer levels.

When only one machine is available, Machine 1 slightly extends its working region to
compensate for the absence of Machine 2, while Machine 2’s decision boundary remains
unchanged. This confirms that Machine 2 responds purely to demand, while Machine 1
balances production and storage constraints.

RL Policy

The RL policy is obtained by loading the trained Proximal Policy Optimization (PPO)
agent, which has learned an approximate policy through interaction with the
environment. To extract the policy, we follow a structured approach, ensuring that all
possible states are systematically evaluated.

First, we iterate over all possible values of the intermediate buffer level (x) and the
backorder level (y), covering the full state space. At each state, the trained RL agent is
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queried with the state variables, and the agent returns an optimal action. The extracted
decision is stored in a matrix corresponding to the respective machine availability.

The decisions are stored in matrices that map each state to an action, forming a
complete representation of the RL policy. These matrices are then visualized using
heatmaps, where blue regions indicate production activity, while white regions denote
inactivity.

The resutls are presented in Figure 5.8 below :
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Figure 5.8 RL Policy

Similar Patterns with DP:

e Both policies show that Machine 1 operates when the intermediate buffer is low,
and demand (backorders) is high.

e Machine 2 primarily follows a backorder-driven strategy, working mostly when
there is a deficit in demand (negative y).

e When only one machine is available, Machine 1 compensates by extending its
operating region, while Machine 2 remains strictly reactive to demand.

Differences:

e The RL policy is slightly less structured than the DP policy, showing some
deviations in decision boundaries.

e The DP policy has clear switching curves, while the RL policy exhibits more
flexible, but noisier transitions.

Even though there are some small differences, the RL policy mostly matches the DP
policy. This shows that the trained agent has learned a good way to make decisions. The
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differences we see happen because reinforcement learning is based on approximations,
unlike dynamic programming, which finds the exact mathematical solution.

5.3 PPO Agent Results

In this section, we look at how well the PPO agent performs after training and how well
it handles the production line compared to how the system worked at the beginning. We
check the agent’s progress using key performance indicators, like how the total reward
changes over time and how well it manages the buffers.

By following these indicators, we can clearly see improvements in how smoothly products
move through the system, how much buffer congestion is reduced, and how overall costs
go down. This section also includes a comparison between the PPO agent and the A2C
algorithm to better understand how effective the PPO agent is.

5.3.1 Total Reward Evolution Over Episodes

As mentioned earlier, the evolution of total reward over training episodes provides key
insights into the learning process of the PPO agent and its ability to optimize machine
scheduling and buffer management in the production line. The results we are presenting
in this section illustrate the progression of the total reward in our production line.

Reward Progression and Learning Behavior

Our PPO agent results are presented in Figure 5.9 below:

Training Progress of PPO : Episode Reward and Average Reward for full model
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Figure 5.9 Total Reward progression over episodes
Let’s see how those results are exactly interpreted and why they show that our agent has
been successfully trained.

The graph clearly shows three distinct learning phases:

e Exploration Phase (0 - ~500 episodes):
Initially, the agent explores different actions randomly, leading to highly negative
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rewards due to inefficient scheduling, frequent buffer congestion, and
suboptimal machine operation. The episode reward fluctuates heavily,
indicating that the agent is testing different strategies without yet having a clear
understanding of which actions are beneficial.

Learning and Optimization Phase (500 - ~1200 episodes):

As training progresses, the agent starts recognizing patterns in the environment,
leading to a gradual increase in total reward (becoming less negative). The
fluctuations begin to smooth out, suggesting that the agent is starting to stabilize
its decision-making. This phase marks the shift from random exploration to more
structured learning, as the PPO algorithm adjusts the policy towards optimizing
machine utilization and buffer flow.

Convergence and Policy Stability (1500+ episodes):

Beyond 1500 episodes, we observe a consistent behavior in the average reward,
showing that the agent has successfully learned an effective scheduling policy.
The episode-to-episode fluctuations decrease, and the average reward
stabilizes, indicating that the agent has found an efficient way to balance
machine states and product flow.

Training stats are presented in Figure 5.10 that follows:

Training Progress -
]

Episode number 12000/12000
Start time 02-Mar-2025 22:07:41
Duration 28:40:30

Final result Training finished with
maximum number of
episodes

Training Information

Agent Status
riPPOAgent Training finished

Episode Information (rIPPOAgent):
Episode reward -963.82

Average reward -1078.2815

Figure 5.10 PPO training stats

Training lasted 28 hours for a total of 11.000 episodes (22.000.000 steps)

We also observe that the final average reward achieved by the PPO agent is about (-1070)

per episode (per 2000 time units/ time steps).

In the next section, we will further analyze how this improved policy translates into better

buffer management, showing the agent’s impact on balancing products and clients flow

over different training phases.
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5.3.2 Buffer Management Improvement

As earlier mentioned, one of the key goals of the reinforcement learning agent is to
improve buffer management by balancing the flow of products and clients in the system.
Initially, the agent has no understanding of how to properly regulate production, leading
to inefficient product accumulation and poor client servicing. Over time, through trial and
error, it learns an optimal strategy to maintain balanced buffer levels, ensuring smooth
production flow and reducing overall costs.

Episodes 0-100: Poor Buffer Regulation (Episodes 1-50)

At the beginning of training, the agent fails to regulate buffer levels properly, causing a
severe imbalance. The processed products buffer accumulates excessively, as machines
continue producing, without considering the system's actual needs. Meanwhile, very few
clients are waiting, as the processed products buffer is always near to full, so when a
client reaches the client’s buffer, it immediately gets matched with one processed
product.

As shown in Figure 5.11 and Figure 5.12 below, this imbalance results in high operational
costs due to overproduction and inefficient flow management.
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Figure 5.11 Processed products accumulated in early episodes
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WAITING CLIENTS DURING ONE EPISODE (2000 STEPS)
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Figure 5.12 Waiting clients in early episodes

Episode 100-150: Early Exploration Phase

In Figures 5.13 — 5.14, we notice that the agent starts experimenting with different
production strategies. The buffer for processed products still fluctuates, but in lower
levels compared to initial episodes and there is also a noticeable increase in the number
of waiting clients. This suggests that the agent is beginning to explore different machine
operation patterns, shifting towards a better balance between supply and demand.
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Figure 5.13 Processed products in early exploration phase
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Figure 5.14 Waiting clients increasing in early exploration phase

Episode 500: Later exploration phase:

By episode 500, we are still in exploration phase, but now the agent is trying actions
that accumulate the clients buffer and keep the processed products at minimal levels as
shown in Figures 5.15 and 5.16. This is the point where our agent has the most negative
reward, since the client’s buffer have the highest cost compared to products buffers. We
can see almost zero products waiting in the buffer and clients reaching the maximum
capacity of their buffer.
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Figure 5.15 Processed Products being minimized as the agent is still exploring
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WAITING CLIENTS DURING ONE EPISODE (2000 STEPS)
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Figure 5.16 Waiting clients accumulating heavily reaching maximum buffer capacity

Summarizing, the agent in those first 500 episodes was exploring the enviroment and
the impact of its actions. It explored by accumulating processed products and minimizing
clients, then it tried accumulating clients and minimizing processed products. Now that
the exploration phase is complete, the agent starts trying to balance waiting clients and
processed products, aiming to minimize the cost of the system.

FINAL RESULTS
Episode 11.000: Optimal Buffer Balancing

By episode 11.000 (Figures 5.17 and 5.18), the system exhibits clear signs of optimal
flow regulation. The buffer for processed products no longer experiences extreme peaks,
as seen in earlier training phases. Similarly, the number of waiting clients is significantly
more stable. This suggests that the agent has successfully learned to synchronize
machine operations with real-time buffer conditions, preventing both overproduction and
supply shortages.
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PROCESSED PRODUCTS DURING ONE EPISODE (2000 STEPS)
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Figure 5.17 Processed products at the end of training
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Figure 5.18 Waiting clients at the end of training
Numerical Breakdown for training results:

= Processed Products Buffer: Most of the time, no processed products are
accumulated. Occasionally, we have some fluctuates to 5-6 units, and then the
system immediately recovers bringing products back to near-zero values. This
behavior means products are moving efficiently without unnecessary buildup.

= Waiting Clients Buffer: Typically remains between 0 and 5 clients, with very few
peaks to 10 that are immediately brought down to near zero clients, with no
prolonged congestion or overflow.

Overall, we can see the agent significantly improving the system, but someone could
ask: Why does not the agent minimize waiting clients and products to zero?
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Achieving zero waiting clients or a completely empty processed products buffer is not
feasible, due to the fundamental nature of the system:

1. Exponential processing times and variability

o The machines' processing times follow exponential distributions,
meaning that some products are processed quickly, while others take
longer. This randomness in service time prevents a perfectly synchronized
system, as some fluctuations are unavoidable.

2. Client Arrival Following an Exponential Distribution

o Client demand also follows an exponential distribution, meaning arrival
times are not the same for every client. Some periods experience high
demand spikes, while others see fewer arrivals, leading to natural buffer
fluctuations.

3. System Imperfections and practical constraints

o In real-world production settings, achieving perfect synchronization is
unrealistic, due to machine breakdowns, stochastic service times, and
unexpected variations. Even in an ideal simulation, random variations in
entity movement and processing times prevent a perfectly flat buffer
profile.

5.4 Simulation of Trained Agent Across Different Scenarios

In this section, we focus on testing and validating the performance of the trained
Proximal Policy Optimization agent across multiple scenarios to evaluate its robustness
and generalization capabilities. After completing the training process and achieving
results of total reward and buffer management, it is essential to ensure that the saved
agent performs similarly with same efficiency, when exposed to both familiar and altered
conditions. To do so, we loaded the trained agent into our enviroment and tested it
through different scenarios, but also with the initial conditions it was trained, to verify its
efficiency. During scenario testing, learning was turned off. The agent was evaluated in
inference mode, using a fixed policy obtained after training. No further learning or policy
updates occurred during the 100 test episodes. This allows for a consistent and fair
assessment of generalization and robustness.

5.4.1 Baseline Scenario : Reproduction of Training Conditions

The first step in validating the trained PPO agent is testing it under the exact same
conditions in which it was initially trained. This scenario is important, as it serves as a
baseline to confirm that the agent has retained its learned policy and can achieve similar
results when reloaded without requiring any further retraining.

To make this test, the trained PPO agent is loaded in the same simulation environment,
with identical parameters and settings. The load and simulation of the training agent for
all the scenarios that are going to be covered is done in the exact same way and is
presented in Figure 5.19 below:
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%% Step 4: Simulate the agent for 100 episodes
simOptions = rlSimulationOptions(...
'MaxSteps', 2000, ... % 2000 steps per episode
"MumSimulations', 108); % 10 episodes

disp('Starting simulation for 1@ episodes...');
experience = sim{env, agent, simOptions);
disp('Simulation completed.’);

Figure 5.19 Simulation settings for trained agent

The simulation was executed for 100 episodes, with each episode consisting of 2000
steps. The rlSimulationOptions function was used to define the simulation parameters,
and the sim function was employed to run the agent-environment interaction. The
simulation results were recorded for further performance analysis.

The calculation of total reward per episode was calculated using the code shown in Figure
5.20 that follows:

%% Step 5: Calculate and display total rewards per episode
totalRewards = arrayfun(@(x) sum(x.Reward), experience);
fprintf('\nAverage Total Reward over 10@ Episodes: %.2f\n', mean(totalRewards));

for ep = 1:length(totalRewards)
fprintf('Episode %d - Total Reward: %.2f\n", ep, totalRewards(ep));
end

Figure 5.20 Calculation and display of total reward per episode

The arrayfun function was used to compute the sum of rewards for each episode.

Returning to our simulation, we tested the trained agent over 100 episodes under the
exact same conditions used during training. The results were as expected—during the
simulation, the agent achieved an average reward similar to what it attained when fully
trained. This confirms that the agent’s learned policy is functional and transferable when
deployed in the same environment.

As discussed earlier in Chapter 5, the agent achieved an average reward of -1070
during training. As shown in Figure 5.21, the simulation of the trained agent over 100
episodes resulted in an average reward of -1079, further validating the agent’s
performance.
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Figure 5.21 Simulation of trained agent in initial conditions

5.4.2 Scenario 1: Higher Demand

In the current scenario, we test the agent in different conditions than the conditions it
was trained. Specifically, we have increased the demand in our system, by changing the
client’s generation rate from 1 client every 4.5 time units to 1 client every 4 time units.

The results are shown in Figure 5.22, where we can see that the agentachieved an average
reward of -1203 reward, showcasing that the agent adapted reasonably well to that
increase in client demand (approximately 12%).
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Figure 5.22 Agent's performance in higher demand conditions

5.4.3 Scenario 2: Faster Production

For this last scenario, we test the agent under more pressure, by increasing the
product’s generation rate, by increasing it from one product per 2.7 time units, to one
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product per 2.3 units. The results are very satisfying, since the average reward is -1076,
which suggests that the agent’s policy is robust in handling more demanding product
arrival rates, maintaining near-optimal efficiency. The results are presented in Figure 5.23
below.
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Figure 5.23 Agent's performance in higher production rate conditions

5.4.4 Summary of Scenario Testing

In summary, the scenario testing and simulation of the trained agent for a total of 100
episodes demonstrates that the trained PPO agent exhibits strong robustness and
generalization across various conditions. In the baseline scenario, where the agent was
tested under the exact training conditions, it achieved an average reward of -1079, closely
matching the -1070 reward from the training phase, confirming that the agent retained its
learned policy after being reloaded. In Scenario 1, where client demand was increased by
12% (reducing client generation time from 4.5 to 4 time units), the agent managed to
achieve an average reward of -1203, indicating a reasonable ability to adapt despite the
higher workload. Lastly, in Scenario 2, where product generation rate was increased from
2.7 to 2.3 time units (17%), the agent achieved a reward of -1076, demonstrating strong
resilience and minimal performance degradation under faster production conditions.
Overall, the results validate the agent’s ability to handle both familiar and altered
operating environments effectively.

5.5 Comparison between PPO vs A2C

In this section, we compare how the Proximal Policy Optimization (PPO) algorithm
performs against Advantage Actor-Critic (A2C) to see how different reinforcement
learning methods handle production line optimization. Both algorithms are policy-based,
but they use different training methods and have varying levels of stability and efficiency.

We chose PPO as our main algorithm, because it works well with large discrete action
spaces and tends to be more stable. To see how it truly measures up, we also ran A2C
under the same settings. This comparison focuses on how quickly each algorithm learns,
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how their rewards change overtime, and how effectively they manage machine states and
buffer levels.

The next parts of this section explain how we set up A2C for our system, then compare
PPO and A2C in detail. We specifically look at total reward trends and buffer management
to highlight any differences.

5.5.1 Overview of A2C Implementation and Changes

A2C is a policy-based reinforcement learning method that updates the policy using the
gradient of an actor network, while a separate critic network estimates the value function
to reduce variance and stabilize learning. Unlike PPO, A2C applies updates
synchronously across multiple agents, making it simpler but potentially less stable than
PPO.

The A2C implementation follows a similar structure to the PPO agent, but with key
modifications in agent options and hyperparameters:

Entropy Regularization:
e InPPO, the entropy loss weight was set to 0.02, ensuring controlled exploration.

e InA2C, weincreased the entropy loss weight to 0.1 to encourage more exploration
and reduce premature convergence. This change was needed, since with lower
entropy loss weight values, the A2C agent was getting stuck early in local minima.

Learning Rates:
e PPO utilized different learning rates for the actor (1e-4) and critic (5e-5) networks.

e A2C used aslightly higher learning rate of 2e-4 for the actor and 1e-4 for the critic,
allowing faster updates.

Training Update Frequency:
e PPO utilized a large experience horizon (2048 steps) and mini-batches (512
samples per update), stabilizing policy updates through a clipped loss function.

e A2Cfollows a more online learning approach, performing updates every 32 steps,
meaning the network adapts quickly, but may require more training episodes to
converge.

Finally, we also had to change the agent definition in the training script. Instead of
using rlPPOAgent, we define the A2C agent using rlACAgent. The same was done for the
training options. Instead of rIPPOAgentOptions, we used rlACAgentOptions.

These modifications demonstrate the different ways PPO and A2C approach
reinforcement learning. The next section presents a direct performance comparison
between the two agents.

5.5.2 Performance Comparison of PPO and A2C

To compare the performance of the Proximal Policy Optimization (PPO) and Advantage
Actor-Critic (A2C) algorithms, we analyze their reward progression and stability during
training. Both agents were trained under the same conditions, using our production line
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environment, allowing for a direct comparison of their effectiveness in optimizing the
production line. The results of the A2C agent can be seen in Figure 5.24 that follows.

Training Progress of A2C: Episode Reward and Average Reward
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Figure 5.24 A2C agent results

Phase 1: Initial Exploration (0 - ~3000 episodes)

At the beginning of training, A2C starts exploring, leading to fluctuating and highly
negative rewards. The average reward starts around -4000 and shows some signs of
improvement. The higher entropy loss weight (0.1) forces the agent to keep exploring,
preventing it from settling into efficient behaviors early, as PPO did. Unlike PPO, which
steadily increases its reward after exploration phase, A2C experiences a further drop in
performance, with rewards falling below -7,000 as it keeps exploring. The higher entropy
loss weight was needed, because we tried several lower values for that hyperparameter,
and the agent was getting stuck early in local minima. At this stage, A2C is still struggling
to balance machine operations and buffer management effectively, leading to an
inefficient system, where waiting clients and congested buffers accumulate.

Phase 2: Learning and Optimization Phase (3000 - ~5000 episodes):

After the performance drop, A2C gradually recovers, and the average reward improves.
However, even at this point, fluctuations in rewards remain, suggesting that the policy is
still unstable. Unlike PPO, which maintains a consistent performance gain, A2C
continues to show variability in decision-making.

Phase 3: Convergence and Policy Stability (5000+ episodes):

Beyond 5000 episodes, we observe a gradual upward trend in the average reward,
indicating that the agent is beginning to recover from its earlier performance drop. The
agent successfully learns a functional policy, with the average reward stabilizing around
-1500. However, unlike PPO, the episode-to-episode fluctuations remain significant,
reflecting instability in the agent's policy. This lack of consistency is largely due to the
higher entropy loss weight, which encourages continued exploration at the cost of
reduced stability. While the agent improves its ability to manage machine states and
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product flow, its decision-making remains less reliable compared to PPO, resulting in
slower convergence and less stable performance over time.

In Figure 5.25, we can see that A2C training took about 48 hours, significantly slower
that PPO that needed 27 hours of training. Also, PPO managed to effectively optimize our
production line, achieving an average reward of -1000 whereas A2C not only did take more
time to train, but it also did not achieve the training results of PPO (-1500 reward).
I | StopTraning |
Episode number. 18610/20000
Start time: 17-Feb-2025 15:25:13

Duration 48:00:08

Final result: Training in progress

Training Informatien

Agent Status

Training

Episcde Information (rlACAgent):
Episode reward -1530.46

Average reward: -1551.846

Figure 5.25 Training stats for A2C

In the Table 5.2 below, we have the comparison of the two agents after training

METRIC A2C PPO

Final Reward -1500 -1070

Learning Stability Higher fluctuations, Steady learning curve,
instability smaller fluctuations

Exploration Excessive (entropy loss Controlled (entropy loss
weight=0.1) weight=0.02)

Training Updates Online updates (every 32 Batch updates (2048
steps) steps)

Convergence Speed Very slow (48 hours) Faster, consistent

imporvements (28 hours)

Table 5.2 Comparison of A2C and PPO agent training results

In conclusion, while A2C does eventually learn a functional policy, its instability and
slow convergence make it less effective for this production line optimization task. PPO

proves to be the superior algorithm, achieving a much more reliable and optimized
scheduling policy for our production line.

5.6 Limitations and discussion

While reinforcement learning works well for optimizing production lines, there are still
a few important limits to consider.

A key challenge is the heavy computational cost of training. The PPO algorithm needs
many training episodes to become stable, and this can be slow, especially when
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simulating multiple machines that interact with each other. Using parallel computing or
more efficient exploration methods, might help speed this up.

Another challenge is that the reward function depends on fixed cost values. Butin real
factories, these costs can change depending on things like production demand, material
availability, or market changes. If the reward function were more flexible, the system
could adjust better to these changing conditions.

Also, while the PPO agent managed to find a good balance between buffer usage and
product flow, it still depends a lot on settings like the learning rate, exploration level, and
batch size. Small changes to these hyperparameters can make a big difference, and
finding the best combination often takes a lot of trial and error. A solution to that could be
the usage of tools that automatically tune these hyperparameters and make the process
easier and of course more efficient.

Even with these limitations, this study shows that reinforcement learning is a flexible and
adaptable option compared to older scheduling methods. Because the agent learns
directly from the system’s feedback, it offers a strong way to improve how the production
line works. With better reward design, faster training, and real-world testing,
reinforcement learning could become an even more useful and scalable solution for
industrial automation.
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6.1 Summary of Contributions

In this thesis, we developed and implemented a reinforcement learning-based control
strategy using the Proximal Policy Optimization (PPO) algorithm to optimize production
line performance. Through the combination of dynamic SimEvents modeling in Simulink
and reinforcement learning, we addressed key challenges related to buffer congestion,
machine utilization, and client waiting times. The system demonstrated significant
improvements over traditional methods by dynamically adapting machine states based
on real-time conditions and feedback.

We also established a baseline using dynamic programming to evaluate the optimal
cost for smaller configurations of the production line. The agent’s performance was
compared to this baseline, showing that the PPO algorithm was able to achieve near-
optimal results, validating in that way the effectiveness of reinforcement learning for
industrial optimization problems.

Additionally, we evaluated and compared PPO’s performance with another RL
algorithm, Advantage Actor-Critic (A2C), highlighting the effectiveness of PPO in handling
large, multi-variable systems and optimizing long-term rewards.

6.2 Future Extensions

Several areas of improvement and extension are suggested for future research:

= Expansion to Larger Systems: While this work focused on a production line with
five machines, future research could explore scalability to larger systems with
more complex configurations. Techniques like hierarchical reinforcement
learning could be considered to decompose the problem into manageable
subproblems.

= Exploration of Alternative RL Algorithms: While PPO proved effective, future
work could test other RL algorithms. Discrete-action algorithms, such as Deep Q-
Networks (DQN) and Advantage Actor-Critic (A2C), can be tested and evaluated
for stability and further performance improvements. Also, continuous-action
algorithms, like Twin Delayed Deep Deterministic Policy Gradient (TD3) and Deep
Deterministic Policy Gradient (DDPG), could be explored under the following
condition. Applying these algorithms would require changing the way actions are
defined and distributed in the production line model by the agent. Instead of
having binary (0 for idle or 1 working) decisions for machine states, the action
space could be designed to represent continuous signals. For example, those
signals could be a percentage of machine power, processing speed, or other
parameters. This modification could potentially allow for finer control over
machine operations.

= Hyperparameter Tuning: We noticed that even small changes to hyperparameters
made a big difference in how well the agent performed. Moving forward, we could use
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automated techniques, like Bayesian optimization, to find the best settings for different
production scenarios.

= Real-World Implementation: A critical next step is to validate the results in a
real- world production line. Integrating the agent into real-time control systems
and adapting it to real-world variations (e.g., sensor noise, unexpected failures)
will be key.

= Multi-Agent Systems: As production lines become more complex, we could
introduce multiple agents, each managing its own set of machines. This can lead
to better overall performance and make the system easier to scale.

Overall, this thesis is an important step toward establishing production line
optimization through adaptive and data-driven decision-making. The future extensions
mentioned earlier offer solutions and ideas for further research and practical
implementation, with the ultimate goal of bridging the gap between simulation-based
models and real-world environments.
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