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Chapter 1

Abstract

This thesis investigates the application of the Proximal Policy Optimization (PPO)
algorithm for logistical optimization problems. The higher goal is that the PPO
algorithm could be used to train a model that can be applied to logistical optimiza-
tion problems, such as problems that arise in a container terminal or a warehouse.
Before the model can be applied to the problems for the container terminal and
warehouse, the model should first be able to solve more simple problems such as
a maze, Traveling Salesman Problem (TSP), Vehicle Routing Problem (VRP) or
Container Stacking Problem (CSP). The algorithm will be developed by solving
these simpler problems. This research aims to improve the PPO algorithm so that
the model can solve more complex problems than initially possible. This research
develops the model by solving Maze and TSP instances. This thesis aims to ex-
plore various improvement techniques that can augment the quality of the PPO
model. One significant finding of this research is identifying the necessity for en-
tropy regularization to overcome local optima. Furthermore, this thesis examines
deploying a second model to address unsolvable mazes, leading to a higher solv-
ability. Additionally, this thesis introduces a hyper-heuristic approach, trained with
the PPO algorithm, that effectively learns to combine the initial heuristics to reach
near-optimal solutions and outperforms every single heuristic.
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Chapter 2

Introduction

This research is done on behalf of ICT Group. ICT Group is a company that de-
livers industrial technology solutions for a wide range of customers. Some sectors
where ICT Group is active are automotive, healthcare, and logistics. Currently, ICT
Group is researching a new optimization tool that should be applicable to different
logistical problems.

The motivation for this research comes from the logistics division within ICT
Group, which is active in sectors such as container terminals and warehousing. Ex-
ample of warehousing problems are batchting or the routes for order picking. In a
container terminal, all kinds of logistical challenges arise. Examples are choosing
which cranes to use for loading and unloading a ship, equipment assignment, and
route planning for transporting containers over the yard. Another example is choos-
ing the stacking location for containers at the terminal, also known as the container
stacking problem (CSP). ICT Group is active in this sector and provides software
solutions for container terminals. Their software determines, among other things,
where each container should be stacked. However, ICT Group believes that the
quality of the current solution can be improved by using Reinforcement Learning
(RL). For that reason, ICT Group is researching the development of a Reinforce-
ment Learning based optimization tool that could be used for solving optimization
problems corresponding to container terminal and warehousing problems.

The CSP has been a widely studied problem for the past decades. Exact solu-
tions for the CSP using solvers are only possible for smaller instances. For real-life
instances, these solvers will not work due to the problem’s size and the uncertainty
in the model. In practice, information about containers and the terminal is uncer-
tain until the ship’s unloading is started. Starting the solver and waiting until a
solution is found when a ship arrives is impossible. One way to tackle the CSP is
by using metaheuristics. Euchi, Moussi, Ndiaye and Yassine (2016) used an Ant
Colony optimization model for the port of Le Havre.

Metaheuristics are able to find a local optimum. Domain knowledge could steer
the model in a good direction when constructing the solution. One disadvantage of
using metaheuristics is that it takes time to construct a solution for a single instance.
This disadvantage makes a metaheuristic not suitable for the real-life CSP. When
using a metaheuristic for the CSP, the solution should be constructed before a ship
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arrives. This is undesirable because some of the relevant information necessary to
construct the solution is unknown before the ship arrives. For example, the order
in which the containers are taken off the ship is unknown in advance and the order
of unloading itself could be seen as an optimization problem. It is also unknown in
advance which cranes are available to unload the ships. Besides this lack of infor-
mation on the forehand, there is also a chance for unforeseen events such as delays
or containers not being in the exact location on the ship as they are on paper. For
these reasons, it is desirable to have a model that is able to quickly generate a new
solution based on new available information about the environment.

Besides metaheuristics, for example, rule-based decision algorithms could be used
(Gunawardhana, Perera and Thibbotuwawa, 2021). Rule-based decision algorithms
are currently seen in practice in container terminals for the CSP. The advantage of
rule-based decision algorithms is that expert knowledge is used to make the algo-
rithm. It is a common practice to measure the goodness of these decision algorithms
based on simulations. These decision algorithms can only take into account a limited
number of variables, whereas a Reinforcement Learning model could theoretically
take into account more variables. For this reason, ICT Group has the idea that
rule-based decision algorithms could be improved by using Reinforcement Learning.

Taking these considerations into account, a RL algorithm will be used in this re-
search. The major advantage of using an RL model is that the model can be trained
beforehand. After training, the model is able to generate a solution from a given
input state quickly. In the case of the CSP, a solution is generated the moment a
container is picked up. This solution is based on the most recent information about
the environment.

One of the algorithms being researched is Proximal Policy Optimization (PPO).
ICT Group chose to research PPO because PPO is proven to be useful for complex
problems and deals well with large state and action sizes, which will be further dis-
cussed in the literature review.

The real-life CSP is a complex problem that involves many specific business rules.
Furthermore, PPO has different aspects that can be tuned, impacting the model’s
performance. The combination of a complex problem with a complex model may
make it difficult to optimize this at once. It could be hard to detect where the
model could be improved when it does not work. In this research, the model will be
trained and tested in several environments. These environments are a Maze and the
Traveling Salesman Problem (TSP). One purpose of developing the model on these
test environments is to monitor the performance of the PPO model. This will help
to get insights into how different aspects of the PPO model work. Another reason
for using these test environments is that if ICT Group has a future project that
could be solved with RL, these test environments could be used as starting points
for building new algorithms. Elements of the Maze and the TSP can be found in
many logistical decision problems. Therefore, building a good algorithm for solving
them will help solve more complicated real-world problems.

ICT Group already implemented a basic framework of a PPO algorithm. Differ-
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ent test environments were built in order to work towards the container terminal.
However, the algorithm fails to learn in these test environments. This research aims
to extend and improve the existing PPO algorithm to make it applicable to larger
and more complex problem instances. This is done by developing, training, and
testing with the help of the Maze and the TSP environments.

The remainder of this thesis is structured as follows: Chapter 2 provides a lit-
erature review. In Chapter 3, the PPO algorithm will be explained in detail. This
is done by addressing relevant background information about RL and explaining
the specifications of PPO. Chapter 4 provides details of the implementation of the
model used in this research. This explains the motivation for the choice of hyperpa-
rameter values, network architecture, and other specifications not discussed in the
PPO chapter. Chapters 5 and 6 present the research about the Maze and the TSP
environment, respectively. These chapters cover the changes to the environments
and the model used to improve the model’s performance. In chapter 7, the results of
the improvements are summarized. Chapter 8 discusses the modeling choices made
in this research, the model’s limitations are also given in this chapter. Chapter 9
covers recommendations for future research.
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Chapter 3

Literature review

Reinforcement Learning is successful in various fields. Some fields where RL made
breakthroughs are the development of self-driving cars (Aiswarya, Mariah, Katra-
gadda and Makam, 2023), playing Chess (Schrittwieser et al., 2020), and cancer
treatment (Hou, Lee and Keidar, 2022). A more recent example of RL being used in
practice is ChatGPT. RL also made progress on combinatorial optimization prob-
lems such as the TSP (Bresson and Laurent, 2021) and the Vehicle Routing Problem
(VRP) (Nazari, Oroojlooy, Takáč and Snyder, 2018). Through the years, different
types of RL algorithms have been developed. Common methods are Proximal Pol-
icy Optimization (PPO), Deep Q-learning, or Deep Deterministic Policy Gradient
methods. In this research, PPO will be used.

PPO was developed by researchers of OpenAI (Schulman, Wolski, Dhariwal,
Radford and Klimov, 2017). The researchers have adjusted existing policy gradient
methods such as Vanilla Policy Optimization and Trust Region Policy Optimiza-
tion. These adjustments were made in order to make these policy gradient methods
more practical, easier to implement, and faster. PPO has been successful in different
fields, one example being esports. PPO has been used to train an agent which is
able to defeat the world champions of the game Dota 2 (OpenAI, 2019). This PPO-
based model was the first AI system to defeat world champions at an esport. Other
fields where PPO has been successful are telecommunication (Liu, Quan, Cheng,
Xu, Deng and Gao, 2022) and stock trading (Chen, Shih, Lai, Chang and Huang,
2023). Jin, Duan, Song and Li (2023) did research on the use of a PPO algorithm for
the CSP. In their research, their algorithm outperformed heuristics and rule-based
approaches. Furthermore, Kozlica, Wegenkittl and Hirländer (2023) compared PPO
with Q-learning for a sorting problem. In their research, PPO outperformed the Q-
learning model.

The first environment of this research is the Maze environment. Solving a maze
using RL is studied by Osmankovic and Konjicija (2011) and Sharma, Kaur and
Prashar (2023). They used a Q-learning model to solve a single instance of a maze.
This research aims to develop a solver that can solve any random maze.

The second problem in this research is the TSP. One method used for the TSP
is a hyper-heuristic. A hyper-heuristic automates the process of selecting lower-
level heuristics to solve the problem. This approach is used for a competitive TSP
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(Kendall and Li, 2012). Müller and Bonilha (2021) used a hyper-heuristic to im-
prove the TSP solution found by ant colony optimization.

Another method used for the TSP is Reinforcement Learning. Wang, Xiao, Wang
and Ruan (2023) compared the use of Q learning, SARSA, and Double Q learning
for the TSP. A difference with their research is that they trained their model on
single instances of the TSP. Other researchers built models that are able to solve
random TSP instances after they are trained successfully (Bello, Pham, Le, Norouzi
and Bengio, 2016), (Kool, Van Hoof and Welling, 2019) and (Bresson and Laurent,
2021). These models are composed of different RL techniques in order to improve
the model’s quality. These techniques include using more complex network struc-
tures, encoding and decoding algorithms, and optimizing the found solution after
the model is used. RL could also be combined with a hyper-heuristic. In that case,
the policy for choosing a heuristic is trained with RL. Kallestad, Hasibi, Hemmati
and Sörensen (2023) successfully implemented a hyper-heuristic for the TSP com-
bined with RL, their model is trained using PPO.

The algorithms with more complex structures are able to achieve higher perfor-
mance compared to the hyper-heuristic approaches. Bello et al. (2016) argue that
because a hyper-heuristic operates on the search space of heuristics instead of the
search space of solutions, a hyper-heuristic may not be able to achieve as good of
a performance as their model. The scope of this research is to investigate the use
of PPO, the combination of different complex Reinforcement Learning techniques is
outside the scope of this research. A RL-based hyper-heuristic has been proven to
be successful and will therefore be used in this research for the TSP.
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Chapter 4

PPO

In this section, the PPO algorithm will be explained. First, relevant background
information about Reinforcement Learning will be treated. Then, Actor-Critic style
Reinforcement Learning will be explained because this is the basis for PPO. Lastly,
the model characteristics specifically used in PPO will be covered.

4.1 Background

4.1.1 Reinforcement Learning

Reinforcement Learning is a subclass of Artificial Intelligence where an agent is
trained to make decisions in order to maximize total reward. RL has been success-
ful in various different fields, one example is the use of RL for training a model
that achieved superhuman level in playing Atari 2600 games, Chess, Shogi or Go
(Schrittwieser et al., 2020). The agent learns by interacting with the environment.
Eventually, after sufficient training, the agent is able to determine which actions to
choose at a given state that maximizes the expected return.

4.1.2 Markov Decision Process

Reinforcement learning models are usually defined by a Markov Decision Processes
(MDP). A MDP is a mathematical foundation for RL algorithms. Components of
a MDP are:

S State space is the set containing all possible states of the environment.

A Action space is the set containing all possible actions in the environment.

P (st, at, st+1) Transition function P is the interaction of the agent with the envi-
ronment. This transition can either be deterministic or stochastic. In case of
a deterministic transition, the function P (st, at) : S ×A 7→ S returns the next
state based on a given state-action pair. In case of a stochastic transition, the
function P (st+1|st, at) : S × A × S 7→ [0, 1] returns transition probabilities,
that is the probability that a state is the next state for a given state-action
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pair. Note that the deterministic transition function can be seen as a spe-
cial case of the stochastic transition function where p(st+1) = 1 for the next
state and 0 for all other states. All environments used in this research have
a deterministic transition function. In context of the container terminal, the
transition function is usually stochastic.

r(st, at, st+1) S×A×S 7→ R Reward function returns the reward after the agent in-
teracts with the environment. Because all transitions are deterministic, reward
is only defined at one future state st+1. Without lose of generality, reward will
be written as r(st, at) in this research.

The following components are derived from a MDP and are needed in for RL.

π(st) is the policy at state st, this is the probability distribution for all actions
at state st.

R(τ) as described in Equation 4.1 is the discounted return of one trajectory with
discount factor γ. Maximizing the return of any trajectory is the main objective
of Reinforcement Learning. The challenge is to determine which actions to take to
maximize return. The return of any state within a trajectory can be calculated with
the formula described in Equation 4.2. Note that the infinity range for the sum does
not imply that there are infinite time steps. The infinity implies that the summation
is taken using the remaining steps in the trajectory.

R(τ) =
∞∑
t=0

γtrt where γ ∈ [0, 1] (4.1)

R(st) =
∞∑
l=0

γlrt+l where γ ∈ [0, 1] (4.2)

V π(st) as described in Equation 4.3 is the value function. This is the expected
discounted return in state st where actions are taken according to policy π.

V π(st) = E [R(st)] (4.3)

Qπ(st, at) as described in Equation 4.4 describes the expected discounted return,
given action at will be taken in the next step.

Qπ(st, at) = γE [R(st+1)] + r(st, at) (4.4)

Aπ,γ(st, at) as described in Equation 4.5 is the discounted advantage function,
which is an expectation how good an action is in comparison to other actions at this
state under policy π and discount factor γ. If the advantage is negative, action at
is expected to be a worse action than average under policy π. If the advantage is
positive, action at is expected to be a better action than average under policy π.

Aπ,γ(st, at) = Qπ(st, at)− V π(st) (4.5)
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4.1.3 Policy gradient methods

In reinforcement learning, two primary categories of learning methods exist: value-
based methods and policy-based methods. In value-based methods, the model’s
principal objective is to learn the value function. This is achieved by iteratively
updating its value function. During training, actions are typically chosen using an
ϵ-greedy policy. After training, the optimal policy is derived by selecting the actions
that lead to the states with the highest value. In policy-based methods, the principal
objective of the model is to learn the optimal policy directly. The model accom-
plishes this by updating its policy during training, with actions typically chosen
according to the current policy. After training, the optimal policy can be extracted
by selecting actions with the highest probability.

A notable distinction between value-based and policy-based methods lies in their
exploration process. In value-based methods, the model distinguishes only between
optimal and non-optimal actions. With ϵ-greedy action selection, the model has a
high probability of visiting the current optimal state, while other states are visited
with uniformly lower probabilities. The exploration process is independent of the
agent’s confidence in the optimality of a specific action. In contrast, policy-based
methods not only differentiate between optimal and non-optimal actions but also
consider the probability distribution of actions. The exploration process is directly
tied to the agent’s confidence in the optimality of a particular action.

PPO is an Actor-Critic Reinforcement Learning algorithm, this is a hybrid
method of value-based and policy-based Reinforcement Learning. PPO uses two
distinct networks to determine and evaluate its actions. The actor network, which
is policy-based, determines the policy π(s). The critic network, which is value-based,
determines the value function V (s). The key of Actor-Critic Reinforcement Learn-
ing lies in the interaction between the actor and the critic network, where the value
network is used to help the policy updates of the actor network by providing an es-
timate of the true value of a state. A more detailed explanation about Actor-Critic
will be explained in the next section.

4.2 Actor-Critic

As PPO uses an Actor-Critic reinforcement learning model as its foundation, this
section provides a detailed explanation of Actor-Critic models. As outlined previ-
ously, AC uses an actor network to determine its policy and a critic network to
evaluate that policy. The schematic diagram in Figure 4.1 illustrates the structure
of an AC model, which undergoes two main steps after initialization: experience
generation and learning from these experiences.
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Figure 4.1: Schematic diagram of the Actor-Critic model. Figure from Monaci,
Agasucci and Grani (2021).

Generate experiences: Experiences have to be generated for the model to
learn from, this is done by generating multiple trajectories. Relevant information
about these trajectories, such as state, action, policy, value, and reward, is stored in
memory. Each trajectory starts with an initial state drawn from the environment,
which is put into both networks. The actor network outputs the current policy as a
probability distribution of all actions from which an action is selected. Simultane-
ously, the critic network predicts the expected value for the given state.

Following the selection of an action, the next state and corresponding reward are
determined using the transition function. The reward is crucial for calculating the
advantage of preceding states. This process repeats until the stopping criteria for a
trajectory are met, such as task completion or reaching a maximum number of steps.

Trajectories are constructed until the memory reaches a predefined size. At this
point, the model transitions to the learning phase. During this phase, the stored
information is used to update the models.

Learning phase: Advantages are calculated by Equation 4.5. These advantages
are derived solely from the information within a singular trajectory, and they do not
use information from other trajectories. The advantage is a measurement of how
well an action performed compared to alternative actions at that step. A positive
advantage implies that the action yielded a better return than initially expected at
that given state. In that case, the action in that state should be encouraged. Ad-
ditionally, such positive advantages suggest that the model is able to to outperform
the initial estimate provided by the critic network. Consequently, the value esti-
mation in that state should be increased. This logic forms the basis for the policy
updates, making the advantage a crucial component of the loss functions for both
the actor and the critic network.

The objective of the actor network is to maximize the expected return,which is
a function of the policy. The advantage is a measurement to estimate the expected
return, therefore the network is updated in the direction that the advantage is max-
imized. A positive advantage implies that the state action should be encouraged
and a negative advantage implies that the state action should be discouraged.
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In AC, the purpose of the critic network is to provide an estimate of the expected
return in a state. Therefore, the error of the critic network is the difference between
expected return and the true return. Where the expected return is the value at the
state and the true return is estimated by the return of the the state following the
trajectory. A natural choice is to use Mean Squared Error loss.

It is important to keep in mind that the value is an estimation. At the start of
training, when the critic network is just initialized, these estimations are poor. As
the model learns, estimations for the value function become more accurate, allowing
the model to calculate the advantage more accurately, resulting in better network
updates. Furthermore, when the actor network is just initialized, the policy assigns
approximately equal probabilities to all actions, leading to exploration at the start
of training. When the model learns and the same state action pairs result in ap-
proximately the same advantage estimation, the model will converge. This idea is
the power of Actor-Critic models, where both networks use each other’s information
to improve the updates.

One final note is that the model described above is a specific case of an Actor-
Critic model namely Advantage Actor-Critic (A2C), because the advantage is used
as measurement. Original Actor-Critic model uses the Temporal Difference (TD)
residual as measurement.

4.3 PPO specific characteristics

In this section the elements specifically used in PPO which need more clarification
are explained. Policy clipping explained in Section 4.3.4. This concept is the part
of the algorihtm that distinghuishes PPO from other policy gradient methods.

4.3.1 Generalized Advantage Estimator

As described earlier in this chapter, the advantage is an important measurement
in the loss functions. The value and the expected return of a state-action pair are
needed to calculate the advantage. The value is estimated by the critic network.
However, determining the expected return is impossible because not all trajectories
are calculated. In the memory, only one trajectory is available. Therefore, Qπ(st, at)
should be estimated by the discounted sum of future rewards. This results in an
advantage estimator given in Equation 4.6.

Â(st, at) =
∞∑
l=0

γlrt+l − V (st) (4.6)

This formula uses only one trajectory to calculate the expected trajectory re-
ward. In this formula, the discounted sum of the future trajectory rewards is taken.
In the summation, l is the number of steps in the future. As l increases, rewards will
be less accurate in estimating the true l-step reward because it is an accumulation
of uncertain events. While steps close to t give a more accurate estimate for the
expected l-step reward. So as l increases, the variance of the advantage estimator
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increases and the estimation becomes more inaccurate. In the Generalized Advan-
tage Estimator (GAE), a new parameter is introduced that controls the weight of
future rewards. Doing this will introduce a bias, but it will lower the variance.

In Schulman, Moritz, Levine, Jordan and Abbeel (2015) it is shown that Equation
4.6 can be rewritten as Equation 4.7 with δ the TD residual.

Â(st, at) =
∞∑
l=0

γlrt+l − V (st) =
∞∑
l=0

γlδt+l (4.7)

δt = rt + γV (st+1)− V (st) (4.8)

New parameter λ ∈ [0, 1] is introduced in the GAE. This gives the following
advantage estimator.

ÂGAE(st, at) =
∞∑
l=0

(γλ)lδt+l (4.9)

For λ = 1, the GAE is the same as the standard advantage estimator. For λ = 0
it holds that ÂGAE(st, at) = δt, which is just a single step advantage. This single step
advantage has a low variance but is has a high bias, because the true discounted
advantage included all future rewards. For all 0 < λ < 1, the trade-off between
bias and variance can be controlled. This trade-off is generally considered positive
because it stabilizes learning and makes updates more robust.
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4.3.2 Pseudo code

The PPO algorithm can be divided into two main parts: generating experiences
and the learning phase. When generating experiences, trajectories are generated
based on the current policy. Relevant information about each step is stored in the
memory. The algorithm will go to the learning phase when the memory size exceeds
M . Rewards are normalized and advantages are calculated. In the learning phase,
batches are randomly drawn from the memory, and subsequently, the advantages of
the batch are normalized. Both the actor and the critic losses are calculated and
used for updating both networks using stochastic gradient descent. Details about
the loss function will be explained in Section 4.3.4 and Section 4.3.5.

Algorithm 1 PPO
1: S ← S0

2: for episode do
3: reset environment
4: while not completed do
5: vt = critic(st)
6: at is drawn from actor(st)
7: retrieve st+1 and rt
8: st ← st+1

9: save information of step t in memory

10: if Memory size ≥M then ▷ Learning phase
11: calculate Â
12: normalize rewards
13: for K epochs do
14: sample batch of size B
15: normalize ÂB

16: calculate Loss Functions
17: update actor by optimizing Lactor

18: update critic by optimizing Lcritic

4.3.3 Learning phase

When the memory has reached a minimum of size M , the model will go to the learn-
ing phase. In the learning phase, batches of size B are drawn from the memory.
Batches consists of randomly drawn samples from the memory, one sample is one
action. A total of KM

B
batches are used. In literature, K is the number of epochs,

since a total of KM steps are used to update the policy, which are devided over
KB batches. It is common to use K > 1, in this cases both networks are updated
multiple times with same samples in each learning phase. Using samples multiple
times to update the networks makes the algorithm more sample efficient.

Using sample multiple times for updating the networks has a downside. Updat-
ing the policy too much may lead to unstable learning. To avoid this problem, the
size of the total policy update in the learning phase should be limited. This idea is
applied in Trust Region Policy Optimization (TRPO) methods (Schulman, Levine,
Moritz, Jordan and Abbeel, 2015). In TRPO, a constraint is added in order to limit
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the size of the policy update. In PPO, the idea of limiting the policy updates is the
same as in TRPO. The difference is that in PPO the hard constraint is replaced by
a change in the loss function. This change may lead to small violations of the hard
constraint used in TRPO, but it is simpler to implement, more general, has a better
sample complexity and does not require the computation of second order gradients
(Schulman et al., 2017).

After updating, it is arguable whether to clear the memory. The advantage of
using older samples is that vital information from previous samples could be used
for future updates. A disadvantage of using older information is that these esti-
mations are less accurate because PPO is on policy. Therefore, using too old data
will result in learning wrong predictions. If a prioritized experienced replay buffer is
correctly implemented, the learning could be improved by using helpful past expe-
riences and removing inaccurate and less valuable experiences. In the models used
in this research, the memory is cleared after each update phase. In future research,
experiments could be done with a prioritized experienced replay buffer to increase
performance (Liang, Ma, Feng and Liu, 2021).

4.3.4 Policy clip actor loss

As described earlier in this chapter, the advantage function is an important com-
ponent of the loss function. More precicely, −At is a good starting point for the
loss function when using gradient descent. Specifically, if At > 0, action at is es-
timated to be better than average in st. So if At > 0, pπ(at|st) will increase after
applying gradient descent on the actor network. The actor loss function in PPO is
constructed from the GAE as defined in Equation 4.9 with an additional minimum
operator and clip function that limits the size of the policy update in each updating
phase.

In TRPO, the policy change is expressed by the Kullback-Leibler divergence,
in PPO, the policy change is expressed in the ratio between the current policy
and the old policy of the state action pair that is considered, shown in Equation
4.10. Where pπold

(at|st) is the probability of action at in state st at the moment
the action was taken. pπ(at|st) is the probability of action at in state st under the
current policy, which is extracted from the result of the current actor network at st.
Note that for the first update in each update phase, these two policies are always
the same and therefore rt(π) = 1 in the first policy update in each update phase.
The idea of limiting the policy update is that after k updates, the policy difference
between these two policies should not be too large. PPO approximately limits rt(π)
between [1 − ϵ, 1 + ϵ]. It approximately limits the policy update because the hard
constraint is replaced by a clip function, which does not strictly limit the policy
update. Furthermore, it approximates the policy update because the constraint
does not take the entire distribution into account, it only takes the probability
distribution at one specific state into account.

rt(π) =
pπ(at|st)
pπold

(at|st)
(4.10)
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The actor loss function is defined by Equation 4.11, where the clip function is
defined by Equation 4.12.

Lactor = Êt

[
−min

(
rt(π)Ât, clip (rt(π), 1− ϵ, 1 + ϵ) Ât

)]
(4.11)

clip (rt(θ), 1− ϵ, 1 + ϵ) =


1− ϵ if rt(θ) < 1− ϵ
1 + ϵ if rt(θ) > 1 + ϵ
rt(θ) otherwise

(4.12)

Combining the clip function and the minimum operator gives 6 scenarios which
are described in Table 4.1 and are visualized in Figure 4.2.

rt(π) Ât Lactor

1 ∈ [1− ϵ, 1 + ϵ] > 0 −rt(π)Ât < 0

2 ∈ [1− ϵ, 1 + ϵ] < 0 −rt(π)Ât > 0

3 < 1− ϵ > 0 −rt(π)Ât < 0

4 < 1− ϵ < 0 −(1− ϵ)Ât > 0

5 > 1 + ϵ > 0 −(1 + ϵ)Ât < 0

6 > 1 + ϵ < 0 −rt(π)Ât > 0

Table 4.1: Scenarios of actor loss.

Figure 4.2: Scenarios of actor loss visualized. Picture is a modified version of the
one in Schulman et al. (2017).

In scenarios 1 and 2, the policy ratio is within [1− ϵ, 1 + ϵ], which suggests that
the policy is not updated too much when considering this sample, so a policy update
is allowed. In scenario 3 and 4, rt(θ) < 1 − ϵ. This implies that pπ(at|st) is much
smaller than pπold

(at|st), represented on both figures’ left side. In this case, a policy
update is only allowed if it increases pπ(at|st) and, therefore, shifts rt(π) towards
[1 − ϵ, 1 + ϵ]. This increase in pπ(at|st) corresponds with an Lactor

t (π) < 0, which
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corresponds to an Ât > 0, which is the case in scenario 3 in the figure. In scenario
4, where Ât < 0, a policy update would decrease rt(π) even further than it already
is, which is not allowed. In this case, the loss function is clipped. This results in
a constant loss function, therefore, the gratient of the loss function is 0. When the
gradient is 0, the actor network does not change with the gradient descent update.
In scenarios 5 and 6, the same logic is applied but then the other way around.

4.3.5 Critic loss

A squared error loss is used for the critic network, defined by Equation 4.13. Here,
Vold(st) is the value estimated when the action was taken, this is also the value used
for calculating the advantage. V (st) is the value of the state according to the current
network. Other loss functions, such as the Huber Loss, are also possible. However,
the MSE is used since this is the loss function implemented in the original PPO
paper (Schulman et al., 2017).

Lactor = (Vold(st) + Â(st, at)− V (st))
2 (4.13)

4.3.6 Network weight sharing

When using Actor-Critic Reinforcement Learning, sharing layers of the actor and
critic network is possible. Where the weights of the first layers are shared between
the actor and the critic network, the last layer is different due to the different
outputs of both networks. In this case, the actor and critic loss are added and used
to update the networks. This layer sharing is, for example, done in the original PPO
implementation (Schulman et al., 2017). One argument for sharing layers is that
the learning process is more parameter efficient since fewer parameters are updated.
It is also possible to detect underlying structures which affect both networks earlier.
The choice of sharing layers can be motivated by the fact that both networks are
based on the same underlying state space, and therefore, it is plausible that sharing
layers will work. A downside of sharing layers between networks is that the loss
functions must be balanced. If one of the two loss functions has a too high share
in the total loss, the model will not properly learn. Another argument against
layer sharing is that it is not necessarily true that both networks share the same
underlying structure for a given network.
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Chapter 5

Implementation details

This section discusses the hyperparameter values. Most of these hyperparameters
remain untouched by the research. This is the starting point of the model.

5.1 Hyperparameters

5.1.1 PPO parameters

γ = 0.99

λGAE = 0.95

ϵ = 0.2

γ and λGAE are the hyperparameter of the advantage estimator. These values
are bases on the PPO paper (Schulman et al., 2017) and the GAE paper (Schulman
et al., 2017). In the GAE paper, the researchers argue that for both γ and λ between
0.9 and 0.99, the model has the best overall perormance. They also found empirically
that a λ lower than γ gives the best results. They argue that this is likely because
λ introduces less bias than γ for a reasonable accurate value function. In the PPO
paper, these values as stated above are used. In the PPO paper, based on their
problems, ϵ = 0.2 performed the best. Therefore, these values for γ, λGAE, ϵ are
used.

5.1.2 Adam optimizer

λ = 0.0003

β1 = 0.9

β2 = 0.999

ϵ = 1e− 07

The optimizer and its hyperparameters are based on the results of Andrychowicz
et al. (2021). They performed gridsearch on hyperparameters of commonly used
optimizers. They found that Adam opitimizers with learning rate λ = 0.0003 per-
formed best. They tested β1 = 0 against β1 = 0.9, which is default by Tensorflow
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and found that the optimizer with momentum perfomed best. They did not not
find differences in performance for ϵ and they did not include β2 in their research.
Therefore, these values are set to the Tensorflow default values are are stated here.

5.2 Learning phase

K = 4 is the number of epochs

M = 4092 is the total memory size required before learning

B = 64 is the batch size

The number of epochs varies in different PPO papers. In the original paper,
values between 3 and 15 are used. Andrychowicz et al. (2021) used 10 without
further explanation. (Trott, Zheng, Xiong and Socher, 2019) used 4 epochs for their
maze environment. In none of these papers, a clarification is given for the number
of epochs. In this research, 4 epochs are used because this value is used in (Trott
et al., 2019). In literature, common batch sizes implemented are between 16 and
256. (Trott et al., 2019) and (Li, Gama, Ribeiro and Prorok, 2019) have both batch
size 64 in their research. Therefore the batch size is set to 64. The memory size M
differs in literature, it ranges from a few hundred up to millions. In this research,
M is determined by trial and error for small mazes.
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Chapter 6

Maze

The first environment used to develop the model is the maze environment. In
contrast with the reviewed literature about RL models used for solving mazes, this
model aims to solve any random maze of a particular size instead of one maze.
Therefore, this research starts with smaller mazes. If the algorithm is able to solve
these smaller mazes, the maze sizes will be increased. The maze environment can
be related to the transportation of containers over the yard. Transportation from
the ship to the stacking location is done by Automated Guided Vehicles (AGV). On
the route, there are obstacles, such as other AGVs.

6.1 Environment setup

An n × n grid describes the maze environment with a random start point and a
random endpoint within the grid. The agent’s objective is to move from the start
to the goal in as few steps as possible. Obstacles are randomly generated. The
probability of a square being an obstacle is fixed at 0.5 in this research. Before a
generated grid is used, the grid is tested on feasibility. In case the grid is infeasible,
a new grid is generated. One episode is finished if either the agent reaches the goal
or a maximum number of steps is reached. In this research, the maximum number
of steps is set at 50.

Feasibility is checked by applying a shortest-path algorithm. When this algo-
rithm succeeds, this grid will be used. Furthermore, the shortest path algorithm
finds an optimal solution, which will be used to check if the agent is able to solve
the maze optimally. This chapter will discuss solving a maze and solving a maze
optimally. If the agent finds the goal, the maze is solved. The maze is solved opti-
mally if the agent finds the goal in the minimum steps possible.

The state is defined by a binary matrix of size n×n×3. The first n×n layer rep-
resents the obstacles, the value equals 1 if there is an obstacle on the corresponding
square. The second layer represents the agent’s location and the last layer represents
the goal’s location. Action space A is defined by moving up, down, left, and right.

The following reward system is used: −3 if the agent tries to walk into an ob-
stacle, 0 if his step reaches the goal, and −1 for any other step. The −1 is included
in order to make sure that the agent will find the shortest path. In this research, a
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deliberate choice is made to include the possibility of the agent walking into an ob-
stacle. This choice makes the input simpler, but the agent must learn to avoid these
actions. The motivation behind this choice is the goal in mind that the model should
be applicable to other problems, such as the container terminal. In the container
terminal, it is not always easy to determine the invalid actions. In the context of the
AGV routing, it could be possible that some actions are blocked because another
AGV occupies a place. Therefore, these invalid actions are included as possibilities,
so the model must learn not to use them.

6.2 Network structure

Li et al. (2019) researched a path-finding algorithm for a robot in a grid environ-
ment with obstacles. In their model, convolutional layers were used. Convolutional
layers are suitable for detecting patterns in the input. In the maze problem, there is
a clear dependency between neighbour points in the state. The maze is a grid-like
environment, and therefore, a Convolutional Neural Network will be used.

A model with two convolutional layers is used. Each layer has 32 filters and a
3×3 kernel. This model is trained for 25,000 training episodes. The model is tested
after every 500 episodes. While testing, the model takes the action with the highest
probability. A total of 200 test instances are performed. The average reward of
the test instances is shown in Figure 6.1, and the average probability of the actions
taken in the test mazes is shown in Figure 6.2. This is done for 200 mazes, and the
average results are shown in the graphs. Figure 6.2 shows the average probability
of the actions that are taken during testing. From these graphs, it can be observed
that the model quickly converges to a solution that is not optimal.

Figure 6.1: Average test reward plotted over the nubmer of training episodes. Dark
blue is the test reward of the model, light blue is the optimal reward.
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Figure 6.2: Average probability of test actions taken plotted over the number of
training episodes.

6.3 Entropy regularization

The problem with the model above is that it quickly converges to a solution which
is not optimal. This means that the exploration-exploitation process is not well
balanced. The model exploits too quickly in this case. Entropy regularization can
be used to control the exploration-exploitation process.

The entropy term measures randomness in the policy’s action distribution and is
described in Equation 6.1. A high entropy indicates that the policy is uncertain. In
that case, the probabilities corresponding to all actions are close to each other. This
is the case for an exploring policy, where the probabilities of all actions are close
to each other. A low entropy indicates that the policy is confident, corresponding
to probabilities far from each other. When the agent is exploiting, the probability
is close to 1 for one action and close to 0 for other actions, corresponding to a low
entropy. The entropy term is a measurement of randomness and can indicate how
exploring a policy is, this will be used to steer the policy updates is such a way that
exploration can be controlled.

Ht = −
∑
at∈A

p(at) log(p(at)) = −E[log(p(at))] (6.1)

The problem that the model converges too quickly is solved by favouring policy
updates that result in a more exploring strategy. In order to do this, the entropy
term will be used. This entropy term is used as a bonus in the loss function as
described in Equation 6.2. The objective of the policy updates is to minimize the
loss function. By subtracting the entropy term from the loss, the loss is lowered
by a relatively large entropy term for an exploring policy. The loss is lowered by
a relatively small entropy term for an exploiting policy. Because the objective of a
policy update is to minimize the loss, policy updates in the direction of an exploring
policy have an advantage over exploiting policy updates. Therefore, by including
the entropy term in the actor loss function, the actor network not only maximizes
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the expected advantage but also favours exploring policy.

Lactor = Êt

[
−min

(
rt(θ)Ât, clip (rt(θ), 1− ϵ, 1 + ϵ) Ât

)
− ωHt

]
(6.2)

Subtracting the entropy from the loss function does not necessarily imply that
the model will not converge. This entropy term favours updates in an exploring
direction, but it still minimises the loss function. Therefore, the size of the entropy
term must be balanced. This is done by introducing the parameter ω, which is the
entropy weight. In the loss function, ωHt is used as an entropy term, where ω is the
weight of the entropy. If ω is too small, the entropy does not have enough impact,
and therefore, the model will still converge too quickly. If the entropy term is too
large, the model will not converge since converging is discouraged too much. It is
common practice to schedule ω from a positive number towards zero. This ensures
that the model will converge.

In PPO literature, the entropy term is added to the loss function (Schulman et
al., 2017). However, in actor-critic algorithms, researchers implemented the entropy
term in the advantage function (Su and Lu, 2021), (Dong, Zhang, Shi and Li, 2022).
Adding the entropy to the loss function function directly impacts the gradient of
the loss function since it is directly included in the loss function (Schulman, Chen
and Abbeel, 2017). When including the entropy term to the advantage, as shown
in Equation 6.3, the entropy term does not directly influence the gradient because
the advantage is a fixed number in the loss function. The advantage measures how
good an action is. By incorporating the entropy term in calculating the advantage,
actions taken under an exploring policy get a relatively high bonus on the advantage.
Actions taken under an exploiting policy get a relatively low bonus. Because advan-
tage is maximized, the entropy term indirectly encourages exploration by adjusting
the advantage. Another way of interpreting the difference is that by including the
entropy term in the loss function, policy updates are encouraged to go in an ex-
ploring direction. Therefore, the entropy of the new policy is used. Including the
entropy term in the advantage encourages exploring strategies by assigning a higher
advantage to steps taken under an exploring policy. Therefore, the entropy of the
policy under which the action was taken is used. Although there is a difference
between these two implementations, both methods encourage exploration. This re-
search follows the original PPO literature (Schulman et al., 2017), and the entropy
term is added to the loss function as described in Equation 6.2.

Ât =
T−1∑
k=t

(γλ)k−t(rk + γV (sk+1)− V (sk) + ωHk) (6.3)

6.3.1 Results

The entropy weight is linearly decayed to zero over 5000 episodes. This encour-
ages exploration at the start of training but allows the model to exploit after 5000
episodes. Test results for different entropy weights are given in the figures below.
The following start values are used in these figures: Blue has no entropy term. Red
starts at 0.01. Yellow starts at 0.1. Green starts at 1.
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Figure 6.3: Average test reward plotted over the number of training episodes for
different entropy weights. Blue has no entropy weight, red starts at 0.01, yellow
starts at 0.1, green starts at 1. All entropy weights decay to 0 over 5000 episodes.

Figure 6.4: Ratio of test instances that the model solves the maze plotted over the
number of training episodes for different entropy weights. Blue has no entropy
weight, red starts at 0.01, yellow starts at 0.1, green starts at 1. All entropy weights
decay to 0 over 5000 episodes.
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Figure 6.5: Average probability of test action taken plotted over the number of train-
ing episodes for different entropy weights. Blue has no entropy weight, red starts at
0.01, yellow starts at 0.1, green starts at 1. All entropy weights decay to 0 over 5000
episodes.

The model without entropy regularization converges quickly to a local optimum
since the probability of test actions is near 1 after 2000 episodes. The test reward
struggles to get higher than -40. An entropy weight that starts at 0.01 is too low
since the probability of the test action quickly increases, but the test reward does
not. However, compared to no entropy term, this red line is able to escape the local
optimum within the 25,000 training episodes. The green and yellow lines do not have
the problem of converging too quickly. These models benefit from the exploration at
the start. In the green line’s model, the entropy term is higher than necessary, which
slows down learning. The yellow model has a better balance between exploration
and exploitation. Therefore, an entropy weight that decays from 0.1 to 0 in 5000
episodes will be used.

The configuration with an entropy weight that starts at 0.1 and decays to 0 in
5000 episodes is trained for more episodes. Results after 50,000 training episodes are
given in Figure 6.6. The model solves about 96 per cent of the mazes optimally. A
noteworthy result is that the model learns to solve the first 90 per cent of the mazes
relatively quickly, but learning to 96 per cent takes relatively many steps. This will
be further covered in the next section. Another observation is that the difference
between optimally solving and not optimally solving the mazes is neglectable. If the
agent is able to solve the maze, it will solve it almost certainly optimal. In Figure
6.7, two mazes are shown. On the left is an example of a maze the agent cannot
solve. On the right is a maze where one wall is moved one square, which the agent
can solve. In the left maze, the agent’s policy is to walk between squares 2 and
3. The problem here is that the agent walks into a dead-end and it does not know
how to avoid this situation. The algorithm did not learn this structure. A possible
explanation for why the model did not learn the structure from the left maze is that
this structure does not occur much in the training data since the model is able to
solve 96 per cent of the mazes. The model is converged to a policy in which the
agent walks into this dead-end.
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Figure 6.6: Ratio that the agent solves 5× 5 test instances plotted over the number
of training episodes. Orange line is optimally solving the maze, black line behind it
is solving the maze in more steps than necessary.

Figure 6.7: Two examples of test instances after 50,000 training episodes. Red is
the start, green is the goal and orange is the path the agent takes.

6.4 Second model

As discussed in the section above, the model quickly learns to solve the first 90 per
cent of the mazes, but learning to solve 96 per cent of the mazes takes relatively
many episodes. The model is able to solve a large part of the mazes, but it encoun-
ters challenges in solving exceptional cases. This limitation arises from the model’s
inability to learn the characteristics of these exceptional cases. One problem is the
sparse representation of these unsolvable mazes in the memory. Consequently, the
model mainly learns from mazes, which can already be solved. This sparse repre-
sentation could be handled by employing two data pools and randomly selecting
one to extract a sample (Narasimhan, Kulkarni and Barzilay, 2015). This concept
is used in combination with a second model. D’Eramo and Chalvatzaki (2022) used
different agents to learn different tasks. This research introduces a second model,
exclusively trained on mazes that are not solvable by the first model. The second
model’s task is to solve unsolvable mazes with the initial model. Combining the
models should improve overall solvability.

After training the initial model, a testing phase follows. A total of 50,000 un-
solvable mazes are saved. Subsequently, the second model is trained. Rather than
randomly generating mazes, mazes are drawn from the unsolvable mazes, thereby
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targeting the specific challenges encountered in these unsolvable mazes.

The second model is trained with the same hyperparameter as the initial model.
Using the same configuration led to the same problem, which was solved by adding
the entropy term. The model converged too quickly to a local optimum and did
not explore enough. Results for different entropy weights are given in Appendix
A.1.. An entropy weight starting at 0.1 that decays over 10,000 episodes yielded
the best return. A model is trained with this configuration. Because the model was
still learning at 50,000 training episodes, the learning continued to 100,000 training
episodes. Because there are more episodes than the number of mazes in the dataset,
mazes will be used more than once. Since the dataset is large enough, this will not
lead to overfitting. Results are given in the plots below, together with the initial
model.

Figure 6.8: Average test reward plotted over the number of training episodes. Orange
is the initial model and blue is the model trained using the exceptional instances.

Figure 6.9: Ratio of test instances that the model optimally solves the maze plotted
over the number of training episodes. Orange is the initial model and blue is the
model trained using the exceptional instances.

These graphs illustrate that the second model effectively learns to solve instances
the initial model could not. Learning these exceptional cases is more difficult. The
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second model is trained and tested solely on exceptional mazes, but it is interesting
how it performs on all kinds of mazes. To test the overall solvability of these trained
models, both models are tested with 50,000 randomly generated mazes. Note that
most of these test mazes are easier mazes. Both models are tested with the same
instances to make a fair comparison.

Solved by model 1 Not solved by model 1
Solved by model 2 0.948 0.035

Not solved by model 2 0.013 0.003

Table 6.1: Division of solvability between the two models.

Model Solve ratio
Model 1 0.962
Model 2 0.983

Models combined 0.997

Table 6.2: Solvability of the two models.

Based on the results in Table 6.1, there is no clear superiority of one model over
the other since both models are able to solve mazes which the other model could not
solve. Therefore, the second model learns to solve different mazes than the initial
one. Combining both models increases the overall solvability to 99.7 per cent, which
is higher than the individual models.

One remark on these results is that the initial model is trained for 50,000 episodes
and the second model is trained for 100,000 episodes. Comparing the combined
model with the initial model is not reliable. A more interesting comparison would
be the combined model’s performance against the initial model’s performance when
it is trained for the same amount. Therefore, the first model is trained further to
make the comparison more reliable. The model’s performance is measured every
50,000 training episodes and the results are given in Table 6.3. The initial model is
able to solve 98.4 per cent, which is lower than the 99.7 per cent solvability of the
combined model. Therefore, combining both models increases solvability.

Training episodes Solve ratio model 1
50,000 0.962
100,000 0.973
150,000 0.982
200,000 0.984
250,000 0.983

Table 6.3: Solvability of the inital model. At these points, the model is tested for
10,000 epiosdes.

6.5 Larger mazes

In this section, two new models are trained for larger mazes: one for 7 × 7 mazes
and one for 10 × 10. The configuration used for the initial 5 × 5 model is used.
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Furthermore, only one model is deployed for each maze size. After 250,000 episodes,
the model is able to solve 95.7 per cent of the test instances for the 7× 7. However,
it fails to learn significantly for the 10× 10 mazes. This will be further investigated
in this chapter.

Figure 6.10: Ratio of test instances that the model optimally solves the maze plotted
over the number of training episodes for models used for different maze sizes. Orange
5× 5, red 7× 7, light blue 10× 10.

6.5.1 Entropy weight

Looking at the test probabilities in Figure 6.11 of the model deployed on 10 × 10
mazes, the model does not explore at the start. The probabilities quickly increase at
the start without significant performance improvement. Subsequently, the probabil-
ities decrease, which could be explained by the model learning a suboptimal policy.
Therefore, different results with different entropy weights are given in Appendix A.2.

Figure 6.11: Average probability of test actions taken plotted over the number of
training episodes for models used for different maze sizes. Orange 5× 5, red 7× 7,
light blue 10× 10.

The best-performing model has an entropy weight that starts at 0.1 and decays
over 50,000 episodes. The solvability of a model trained with this entropy weight is
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given in Figure 6.12. Athough the model’s learning has not finished after the 250,000
training episodes, the model does not seem to learn as effectively as the the model
used for 7× 7 mazes. The change in entropy weight only has a small impact on the
performance. Therefore, antoher strategy has to be used to increase solvability.

Figure 6.12: Ratio of test instances that the model optimally solves the maze plotted
over the number of training episodes for models used for different maze sizes. Orange
5×5, red 7×7, light blue 10×10 with entropy weight that decays over 5,000 episodes,
light green 10× 10 with entropy weight that decays over 50,000 episodes.

6.5.2 Memory and batch size

The memory size and the batch size are increased in this section. The motivation for
this increase is that an explanation for the model’s performance is that the model
cannot generalise. When increasing the memory size, more mazes will be used in
each update phase, which helps generalise the model. Moreover, Hoffer, Hubara and
Soudry (2017) changed the batch size to generalise their model. They argued that
the batch size could have an impact on the convergence.

By increasing the memory size, more trajectories will be created before each up-
date phase. In each update, more different mazes will be used and more updates will
be performed. More diverse trajectories in the memory should generalise the policy
updates. This increase does not affect the total number of updates performed. By
increasing the batch size, more different steps will be used for each update. The
number of updates in each update phase is defined byKM

B
. Therefore, an increase in

batch size B results in a decrease in the total total number of policy updates. Since
one policy update uses more different steps, each policy update is more generalised.
Results for different memory and batch sizes can be found in Appendix B. Based
on these results, the memory size is increased from 4096 to 16,384 and the batch
size from 64 to 256. Results of the model with these new memory sizes and batch
sizes are given in Figure 6.13.

Figure 6.13 shows that the change in memory size and batch size increases the
solvability of the algorithm. After 1 million training episodes, the algorithm is able
to solve 0.938 of the mazes, and it solves 0.930 of the mazes optimally.
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Figure 6.13: Ratio of test instances that the model optimally solves the maze plotted
over the number of training episodes. Green has M = 4096 and B = 64. Pink has
M = 16, 384 and B = 256.

Another result that should be mentioned is that for 10× 10 mazes, on average,
1 per cent are solved but not optimally. This value was either zero or close to zero
for 5 × 5 mazes. There is a part of the structure of the state for which the agent
does not learn to take the optimal actions. It is a logical result that this difference
is notable for larger mazes because there are more possibilities to solve the maze.
Chances are higher that there are solutions that the agent could take that are not
optimal. The structures are more complex, and therefore, it is more likely that the
model did not learn to recognize all structures. An example of 10 × 10 mazes is
given in Figure 6.14. In the left figure, the agent solves the maze optimally. In the
middle figure, the agent solves the maze but not optimally. It is unclear why the
agent chooses to turn left at square 2. In the figure on the right, it is unclear why
the model chooses to move from square 4 to 3 and not up. In conclusion, the model
is able to solve a large share of the mazes, but it did not learn all the structures it
could encounter.

Figure 6.14: Three test instances after training. Red is the start, green the finish and
orange the path the agent takes. On the left, an instance that is solved optimally. In
the middle, an instance that is solved but not optimally. On the right, an instance
that cannot be solved.

6.6 Summary results

Entropy regularization is necessary to the model to balance the exploration-exploitation
process. With this addition, the algorithm is able to solve up to 98.4 per cent of
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the 5 × 5 mazes. By introducing a second model, which learns solely based on the
initially unsolvable mazes, the combined model is able to solve 99.7 per cent of
the 5 × 5 mazes. Fine-tuning was needed for this second model. Interestingly, the
second model is not strictly better than the initial model. Both models learn to
solve different mazes. Therefore, combining both models increased solvability. The
configuration used for the initial model of 5× 5 mazes worked for 7× 7 but not for
10× 10 mazes. The solvability of the 10× 10 mazes was increased by increasing the
memory and batch sizes.
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Chapter 7

TSP

The following environment is the Traveling Salesman Problem. As discussed in the
literature review, a RL-based hyper-heuristic model will be used for this Problem.

The model’s goal is to find the most efficient route that visits a set of cities
exactly once and returns to the starting city. The objective is to minimize the total
distance of the tour. The challenge is determining the optimal sequence in which
the cities should be visited to achieve the shortest possible path.

One consideration is how to define the problem to be suitable for RL. A key
challenge researchers are tackling is converting the TSP’s graph coordinates into a
state representation suitable for the RL models. One approach uses an encoder like
struc2vec (Dai, Khalil, Zhang, Dilkina and Song, 2017). Other researchers imple-
mented attention mechanisms to capture relationships between cities (Kool et al.,
2019), (Bresson and Laurent, 2021). Before applying their model, Khachay and
Neznakhina (2019) clustered the cities into sections.

The literature on the TSP is extensive, featuring diverse methodologies for the
state definition. This research defines the TSP within the framework of a grid. The
TSP is defined as a grid by drawing cities from a grid instead of drawing coordinates,
where each grid square is a possible location for each city. The first reason for this
choice is that the model developed for the maze environment successfully operates on
a 10×10 grid. The model is able to extract information from the problem structured
as a grid. Making the choice for a grid-like environment a logical foundation for
further model development.

7.1 Environment setup

Cities are randomly drawn from a grid of size 10×10. Multiple cities may be drawn
in the same square. State s is defined by a 10× 10× 3 matrix. The 10× 10 layers
represent the current start of the tour, the current end of the tour and the number
of cities yet to visit for each square in the grid. It is assumed that the agent walks
in a straight line to the cities, so the Euclidean distance is used. A straightforward
reward function in each step is −dij , where city j is added to the tour and connected
to city i. Other reward functions could also be used for the 30 TSP. Wang et al., 2023
considered − 1

dij
as reward in each step. They argue that this reward encourages the
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exploration of cities further away. A downside of this reward is that the trajectory
with the highest reward does not necessarily correspond to the optimal tour. In this
research, the reward is −dij

7.2 Heuristics

Müller and Bonilha (2021) and Kallestad et al. (2023) used a hyper-heuristic to
improve an initial solution. The goal of the model in this research is to generate a
solution quickly after the model is trained. Therefore, only constructive heuristics
will be used. The two heuristics which will be initially used are Nearest Neighbour
and Maximum Regret.

Nearest Neighbour (NN) Connects the city that is closest to the end of the tour.

Maximum Regret (MR) Regret of a city is defined as the additional distance
that a city must traverse if it is not selected as the next city. Assuming that
the shortest edge is the one connecting to the current city, regret arises when
this city is bypassed as the next destination. This is because not selecting
the city precludes it from connecting to its shortest edge, necessitating a con-
nection to a city that is farther away. The difference between the distance to
the current city and the distance to the second-closest city characterizes this
regret. Consequently, cities will exhibit regret only when their shortest edge
corresponds to the one connecting to the current city. The Maximum Regret
heuristic chooses the city that has the maximum regret. An example of MR
is provided below.

Max Regret was inspired by Gutin, Goldengorin and Huang (2007), who re-
searched the MR algorithm for the TSP. An example of MR is provided in figure
7.1. Blue is the only city with regret because the shortest edge from blue is to the
green node with length 2. If the current city is excluded, the shortest edge is to
[3,6], with length

√
5 = 2.236. The regret of the blue node is 0.236, and the regret

of the other nodes is 0. Therefore, MR chose the blue city.
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Figure 7.1: Partial tour of a TSP example. Green is the current city and blue is the
city which has positive regret.

Because cities are drawn from a grid, it will occur that a heuristic has multiple
optimal cities. In the context of NN, for example, it could occur that two cities are
equally close to the current city. In these situations, the agent randomly chooses
one of the options. For MR, it may occur that no city has positive regret, rather
than selecting any city with zero regret, NN is applied.

7.3 Model architecture

The initial network architecture for the TSP is the same as the final model used
for the 10 × 10 maze, which consists of 2 convolutional layers, each with a 3 × 3
kernel, 32 filters and same padding. The output is flattened and followed by a dense
layer with 256 hidden nodes. All layers use the relu activation function. The dense
layer is followed by a softmax output layer for the actor network and a linear output
layer for the critic network. The entropy term is scheduled from 0.1 to 0 over 50,000
episodes.
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Figure 7.2: Average test reward plotted over the number of training episodes. Red is
the model’s average test reward, blue the average NN reward and green the average
MR reward.

It can be observed from figure 7.2 that the agent is able to perform approximately
as good as the MR heuristic. After 100,000 episodes, the agent chooses MR in 0.6
of the cases. Therefore, the agent does not converge to MR.

7.3.1 Pooling layer

A common practice for convolutional networks is to use pooling layers. A pool-
ing layer divides the input layer into small sections and aggregates these sections.
Pooling layers have two primary purposes. The first purpose is to reduce the num-
ber of trainable parameters, which lowers the number of computations and leads to
a lower training time. The second purpose is to control overfitting by extracting
only helpful information (Gholamalinezhad and Khosravi, 2020). Two main types
of pooling layers are average pooling and max pooling. Average pooling takes the
average value of each pool. Max pooling takes the maximum value of each pool.

LeCun et al. (1989) used average pooling in their network to read handwritten
zip codes. They argued that the exact location of the features is irrelevant. Only
their approximate position relative to other features is relevant. Li et al. (2019)
used max pooling in their model, where robots need to find the shortest path while
avoiding collisions. In this setup, the exact location of the features is important.
It is important to use the exact positions of other robots and obstacles when the
model should avoid those.

In the TSP environment, the exact location of the cities is important. The exact
distances between cities must be used in the features. Therefore, max pooling will
be used in the model. In the new model, a 2× 2 pooling layer, no stride is added in
between the two convolutional layers.

37



Figure 7.3: Average test reward plotted over the number of training episodes. Red is
the model without pooling, blue is the model with max pooling.

Figure 7.4: Ratio that the model performs at least as good as all implemented heuris-
tics plotted over the number of training episodes. Red is the model without pooling,
blue is the model with max pooling.

There is no clear difference in performance between the models. However, the
training time of the model with a pooling layer is about 3 times faster than the
model without pooling. Therefore, the pooling layer will be used in future TSP
models.

7.4 Extended action space

The model does not learn to solve these instances because the action space is not well
suited. The reason for believing this follows from Figure 7.5, where one instance is
solved to the optimal reward achievable using NN and MR. In this figure, the model
could potentially obtain a higher reward if the action space is extended. Therefore,
two actions are added: NN2 and MR2, which are NN and MR applied to the current
start of the tour instead of the end. The same instance is optimally solved with the
extended action space, shown in Figure 7.6, to show that extending the action space
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is beneficial. The optimal achievable reward is estimated by training the model on a
single instance. This is an estimation since it cannot be guaranteed that the model
learns to solve this instance to the potential optimum. Figure 7.5 shows the route
for which the model achieved the highest reward by using NN and MR. Figure 7.6
shows the route for which the model achieved the highest reward using the extended
action space. Both figures provide a step-by-step construction of the solution found.
The title of the subplot is the heuristic chosen in that step. The reward is increased
from -33.88 to -30.70 when including the new action. Therefore, adding NN2 and
MR2 to the action space is a valuable improvement from these results.

Figure 7.5: Reward: -33.88. Step by step example plot from the model which is
allowed to use NN and MR. The green dot is the current end of the tour.
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Figure 7.6: Reward: -30.70. Step by step example plot from the model which is
allowed additional actions NN2 and MR2. The green dot is the current end of the
tour.
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It is shown that a model that uses the extended action space could achieve higher
rewards than a model which only uses NN and MR. This extended action space is
deployed to random TSP instances. Results are given in the plots below. Figure
7.7 shows the test reward, and Figure 7.8 shows the ratio that the model (strictly)
outperforms the implemented heuristics.

Figure 7.7: Average test reward plotted over the number of training episodes. Green
is the model with the additional actions. Blue is the model with two actions. Red
and orange are average NN and MR test rewards respectively.

Figure 7.8: Ratio that the agent performs better than all the implemented heuristics
plotted over the number of training episodes. Blue lines represent the model with two
actions and the green lines represent the model with additional actions. The dark
lines represent the ratio that the model performs as good as all the heuristics used in
the model. The light lines represent the ratio that the model performs strictly better
as all the heuristics used in the model.

It can be observed from Figure 7.7 that the test reward is better when the model
is allowed to use the additional actions. Figure 7.8 shows the ratio that the algo-
rithm (strictly) outperforms the heuristics used in that algorithm. The ratio that
the model with additional actions outperforms the four heuristics is clearly higher
than the ratio that the model with two actions outperforms its two heuristics. The

41



learning curves are still increasing after 100,000 training episodes. The model will be
trained for more episodes and compared to the optimal solution in the next section.

As of the second step, the heuristics do not behave like the original heuristics.
In the second step, NN2 and MR2 consider the initial start city as the viewing point
for the next move, whereas NN and MR consider the added city as the viewing
point for the second step. This could result in different average values between
the original and the new heuristics. To test this, all four heuristics are applied to
10,000 instances. The average test rewards of the original and new heuristics are
close to each other for both NN and MR, as shown in Table 7.1. The ratio that
the reward of the original heuristic is greater than the reward of the new heuristic
is approximately equal to the ratio the other way around, which implies that none
of the two heuristics outperforms the other for more instances. This is the result
for both NN and MR and is shown in Table 7.1. So, the newly added heuristics
are similar to the initial heuristics. They behave almost the same as the initial
heuristics and have the same average reward. On their own, the heuristics do not
add any value. However, allowing the agent to add cities from the start of the tour
significantly improves the overall reward.

Heuristic Average reward
NN -44.22
NN2 -44.25
MR -43.35
MR2 -43.35

Table 7.1: Average reward of 10,000 test instances for the different heuristics.

Heuristic original > new original < new original = new
NN 0.318 0.310 0.372
MR 0.339 0.343 0.318

Table 7.2: Fraction of the best performing heuristics for both NN and MR. In the
first row, NN is compared with NN2. Where the first colum is the ratio that the
reward of NN ¿ reward of NN2. The second column the other way around and the
last column where the rewards of NN and NN2 are equal. In the second row the same
comparison is made for MR.

7.4.1 Comparison to optimality

The algorithm will be trained longer in this section because the learning curve has
continued at 100,000 training episodes. Moreover, this section will compare the algo-
rithm to the optimal value. From the previous section, it is clear that the algorithm
is learning, but it is not clear how well it performs compared to its potential. 500
TSP instances are generated and solved optimally using Google OR-Tools (Furnon
and Perron, 2024). This Python package can be used to solve combinatorial opti-
mization problems, such as the TSP. The trained algorithm tests these instances and
each instance is tested 128 times. Each instance is tested more than once because
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an action might have multiple options, resulting in different rewards for the same in-
stance. Testing multiple times generalizes the reward the algorithm is able to obtain.

The average test rewards of the algorithm trained for 500,000 training episodes
are given in Figure 7.9. This figure also contains the average rewards of NN and
MR. The black line in this figure is the average optimal reward of the 500 generated
instances. For all test solutions, the optimality gap is calculated.

Three different measurements are used for the gap. 1: Average minimum gap.
For each instance, the minimum gap is used. These minima are averaged. 2: Average
gap. 3: Average maximum gap. Results are given in Table 7.3.

Figure 7.9: Average test reward plotted over the number of test episodes. Red is the
model’s reward, green is NN reward and blue is MR reward. The black line is the
average optimal reward found for the 500 generated instances.

Measurement Gap
1. Average minimum gap 0.0242

2. Average gap 0.0405
3. Average maximum gap 0.0622

Table 7.3: Optimality gap with respect to the true optimal value for 500 instances.

On average, the optimality gap is 0.04 with the true optimal solution. The differ-
ence between different gaps in Table 7.3 is explained by the fact that, in some cases,
the action has multiple options. The average minimum gap estimates the optimal-
ity gap obtained when the agent chooses the optimal option for each action with
multiple options. Therefore, if the algorithm performs at its best, there is still an
optimality gap of 0.02. However, the possibility exists that the true optimal solution
cannot be reached. Figure 7.10 shows a small example in which the algorithm can-
not optimally solve the instance with the four implemented heuristics. Figure 7.11
shows the explicit step where the algorithm fails to generate the optimal solution.
At this point, none of the actions can lead to the true optimal solution. Therefore,
the model could be improved by further extending the action space.
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Figure 7.10: Small exmaple for which the algorithm cannot find the optimal solution
with use of the four implemented heuristics. On the left is the optimal solution found
with use of Google OR-Tools. On the right is the best achievable solution found by
the model. The green node is the start city.

Figure 7.11: Partial tour of the example where the model cannot solve to optimality.
The solid line is the current partial tour. On the left, the dashed line is the added
line if either NN or MR is chosen in the next step. On the right, the dashed line is
the added line if either NN2 or MR2 is chosen in the next step.

7.4.2 Action distribution

The action distribution of test episodes after for the algorithm trained for 500,000
training episodes are given in table 7.4. An interesting result is that all heuristics
are used in the final model. This implies that the model learns to effectively combine
the heuristics in order to construct a better solution.

Heuristic Fraction
NN 0.176
NN2 0.304
MR 0.271
MR2 0.249

Table 7.4: Action distribution of test episodes after 500,000 training episodes.
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7.5 Summary results

The TSP is tackled using an RL-based hyper-heuristic. Pooling layers are added,
which reduces the computation time. Initially, NN and MR were implemented.
After NN2 and MR2 were added to the action space, the algorithm’s performance
significantly increased. The model reaches an optimality gap of 0.04, where in the
final model, all four heuristics are used, indicating that the model effectively learns
to combine the heuristics. However, it is shown by an example that these heuristics
cannot guaranty that the optimal solution can be reaches. Therefore, it is likely
that an further extension of the actions space improves performance.
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Chapter 8

Results

This chapter will discuss the results. In Chapter 9, the methods and modelling
choices will be discussed together with their limitations. In Chapter 10, the results
will be linked to the original problem of improving the existing PPO algorithms
using the test environments. Furthermore, recommendations for future research will
be given.

8.1 Results

The first environment was the Maze, where the first challenge encountered was an
imbalanced exploration-exploitation process. The model converged too quickly to a
local optimum: walking back and forth in the maze without reaching its goal. This
imbalanced exploration-exploitation process is solved in literature by introducing
an entropy regularization term (Haarnoja et al., 2018). The entropy regularization
term penalizes a policy that results in a converging probability. This entropy regu-
larization term was included in the actor loss function. It was scheduled toward zero,
which encourages exploration in the early training but does not withhold the model
from exploiting after the entropy term reaches zero. After fine-tuning the newly
introduced entropy weight hyperparameter, this entropy term helped the model ex-
plore at the start while maintaining its ability to converge. This fine-tuned entropy
term for the 5× 5 maze increased the model’s solvability from 0.3 to 0.96 for 5× 5
mazes after 50,000 training episodes. The entropy regularization term is a valuable
addition to the model. It helps balance the exploration-exploitation process.

Continuing on the 5 × 5 mazes, the next challenge encountered was that the
model struggled to solve the last 4 per cent of the mazes. The model is able to learn
the first 96 per cent, but learning to solve the last 4 per cent is difficult. After this,
it takes many new training episodes to increase solvability slightly. This problem
is solved by introducing a second model which learns solely from the instances the
initial model cannot solve. The idea behind this second model is that the second
model will learn the characteristics of these complex mazes, allowing the model to
solve the mazes that the initial model cannot solve. Learning will be more efficient
since the second model focuses solely on the problematic mazes. After training both
models, new instances are passed in the initial model. If the initial model cannot
solve the problem optimally, the problem is passed into the second model. Combin-
ing the use of two models increased the overall solvability to 99.7 per cent. This was
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compared to the initial model, which was trained longer and reached a 98.4 per cent
solvability. This indicates that combining both models increases overall solvability.
Besides the increase in solvability, it was found that the second model did not per-
form strictly better than the initial model. Indicating that the second model learns
characteristics other than those of the initial model. Therefore, the most important
conclusion that can be drawn from these results is that both models learn different
characteristics of the maze. Combining both models enhances the total solvability
that the initial model could not achieve.

The configuration of the initial 5× 5 model is used for larger mazes. This model
was able to solve 96 per cent of the 7×7 mazes. For the model used to solve 10×10
mazes, the memory size and the batch size were increased. The change of these hy-
perparameters led to a significant increase in performance. The trained algorithm
was able to solve 93.8 per cent of the mazes. A noteworthy result is that for the
largest mazes, not all mazes were solved in the minimal number of steps possible.
The model is able to solve 93.0 per cent of the mazes optimally. This difference
was not visible for the smaller mazes, which could be explained by the fact that the
larger mazes have more possible solutions.

The second test environment involved the Traveling Salesman Problem. For this
problem, a hyper-heuristic is trained by PPO. Initially, the available heuristics were
the nearest neighbour and maximum regret with respect to the end of the tour.
After allowing the model to also use these two heuristics with respect to the start
of the tour, the model’s performance significantly increased. The new model per-
formed at least as well as each of the four heuristics in approximately 90 per cent of
the instances. 500 test instances were solved to optimality using Google OR-Tools.
These instances were tested using the trained model. The trained model reached
an average optimality gap of 0.04. Furthermore, one notable observation from the
trained model is that it uses all four heuristics. Indicating that all heuristics con-
tribute to the final solution. In conclusion, the hyper-heuristic effectively learned to
combine the proposed heuristics, resulting in a significantly higher average reward
compared to individual heuristics. Moreover, incorporating pooling layers led to a
three-fold reduction in total computation time.

47



Chapter 9

Discussion and limitations

This chapter will discuss different modelling choices and aspects of the research,
together with the limitations that arise from these methods. It starts by discussing
the general points of this research. After these are discussed, points specifically to
the methods implemented in the environments will be discussed.

9.1 General discussion

The first topic of discussion is the hyperparameter choices. In this research, most
hyperparameter values remain untouched from the start. The values chosen were
mainly based on two papers (Schulman et al., 2017), (Andrychowicz et al., 2021).
Without further research, these values were used for all models. It is unclear if the
model could have performed better by choosing other values. Andrychowicz et al.
(2021) recommended initial hyperparameter values but argued that these recom-
mendations are not necessarily the best choices. Because of the limited time for
this thesis, the initially defined hyperparameters are not optimized for the environ-
ment. Nevertheless, it has to be kept in mind that a more extensive optimization
of hyperparameters could lead to faster convergence and better model performance.
However, faster learning does not necessarily imply that the model will reach the
highest performance.

The second point of discussion is the training time for the models. In this re-
search, the models did not have any predetermined stopping criteria for training,
they were trained until the training stagnated. This choice is made since there was
no required performance the model had to reach, the aim of this thesis was to im-
prove the model. Therefore, the main objective for the methods was to compare the
methods and configurations deployed.

9.2 Maze discussion

In the maze environment, a second model was introduced. In the research, the
models were compared based on the amount of training. In this research, training
time was expressed number of training episodes. However, comparing based on the
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number of training episodes is arguable because this does not represent the num-
ber of network updates. The total number of network updates is more when the
solvability of the model is lower. If the model cannot solve a training episode, the
memory is filled with 50 steps. If the model solves the training episode, the memory
is filled with less steps. Since network updates are made when the memory reaches a
specific size, the model with lower solvability updates its networks more often. From
the results of that section, it can be observed that the second model learns slower.
Therefore, the second model generates more steps and updates its network more
often than the initial model in the same number of episodes. Nevertheless, since the
initial model was trained for more episodes and the solvability of the initial model
was not able to surpass 98.4, the conclusions drawn that the combination of the two
models increases the solvability is reliable.

There is a limitation with using two models as implemented in this research.
The resulting return is quickly available in the maze environment after the model is
chosen. It was possible to run both models on the forehand and choose whichever
model yielded the highest return. In practice, this cannot always be done because it
is not quickly known what the return will be for the chosen model. In the context of
the CSP, when considering the stacking of the containers from one ship as a single
instance, it is impossible to run both models and choose the one with the best re-
sults. This is because each container’s action must be chosen when the container is
taken off the ship. If the action is chosen, the container must move and be stacked
there immediately. It takes some hours to unload the entire ship. Next to that, the
state transition function in a container terminal is stochastic. The accomplished
return will be known after hours after all actions are taken. However, the containers
are already stacked. Therefore, the model must be chosen before a ship’s unload-
ing starts. One could argue that simulations can be run before the ship arrives.
Where the two models are simulated, and the best model is chosen. However, the
same issue arises in this case when using a metaheuristic. Which is that there is so
much uncertainty in the terminal, that the latest information is necessary to choose
an action. This makes the simulation not an option. In conclusion, implementing
multiple models that learn to solve different instances is able to improve overall
solution quality. It is a valuable method for improving the models. It is proven in
the maze environment that combining both models results in higher solvability. The
two models are able to learn distinct characteristics of the same problem. However,
before it can be used in practice, extra thought has to be made to determine which
model to use for which instance. An idea to accomplish this is to introduce a third
model specifically trained to choose between the two models.

9.3 TSP discussion

The state definition for the TSP is defined as a grid such that the model used for
the mazes could be extended to the TSP. Subsequently, the modelling choice was
made to draw cities from the grid and consider these grid points as true points. The
downside of this choice was that it occured that actions had multiple options, and
in these situations, one of these options was chosen randomly. This led to the fact
that optimal strategy could result in different solutions. This problem was visible
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in the optimality gaps, where the average optimality gap ranged from 0.02 to 0.06,
depending on the specific actions taken. Another option was to draw cities as float-
ing points and only use the grid definition as state representation.

Another point of discussion is that the model’s performance is only compared
to the true optimum, neglecting the optimum the model can achieve by combining
solely its heuristics. The absence of knowledge regarding the optimum solution that
the model can achieve with these heuristics poses a challenge in understanding the
optimality gap in this research. From this research, it can be concluded that the
model learns, but not if the model learns its optimum. As discussed in the literature
review, the possibility exists that this method could never reach the true optimum
since it operates on the search space of heuristics instead of the search space of
solutions (Bello et al., 2016). However, comparing the algorithm with the optimal
value gives information about why the model does not reach the true optimal value.
In case the optimum possible by using the heuristics is close to the true optimum,
the algorithm’s training should be improved. If the optimum possible by using
the heuristics is close to the achieved reward by the algorithm, it suggests that
the implemented heuristics are insufficient. In that case, more heuristics should be
implemented. Because this comparison is not made, it is impossible to explain why
the model does not reach the optimum value. In a small example is shown that the
true optimum is not reachable by using the four implemented heurisitcs. However,
its is unknown if this explains the entire gap.
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Chapter 10

Recommendations and future
research

This research aimed to improve the existing PPO model to make it more suitable
for different combinatorial optimization problems. The motivation behind the de-
velopment of this model is the challenges that arise in a container terminal and a
warehouse or distribution centre. The higher goal is that the model could eventually
be used to optimize container terminals and warehouses. Multiple test environments
are built on which the model is developed. These test environments’ purpose was
that they were smaller and more straightforward problems. The model could be
monitored and developed more easily on these environments. Another advantage is
that aspects of these environments are related to the container terminal and ware-
house. Furthermore, the model used for these environments could form a basis
for future optimization problems. Before the start of this thesis, the implemented
model was not able to solve the environments. The techniques implemented in this
research allowed the model to solve almost all mazes up to size 10 × 10. For the
TSP holds that the model is able to effectively learn to combine the implemented
heuristics to significantly improve the solution’s reward compared to that of the
individual heuristics. However, it is shown that the TSP’s action space should be
further extended. This could be done with other constructive heuristics, or it could
be helpful to implement insertion heuristics, where a city is not necessarily added to
the tour’s start or end. Due to the limited time for this thesis, this was not further
investigated, but it is a good next step for increasing the TSP model’s performance.

The introduction mentioned the different test environments used before imple-
menting the model at the container terminal. These environments were the Maze
and the TSP. Future steps could be the VRP and the CSP. The order of these
environments is chosen based on their expected difficulty. The purpose of these
environments is that the model should be able to solve all these problems since the
container terminal is more complex than these individual environments. It is not
necessary for one model configuration to be able to solve all these instances, but
there should be a model that can solve these problems individually. Furthermore,
another purpose of these environments is that they could be used as a starting model
for new problems.

The environments could be used as building blocks for the container terminal
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and warehouse. The transportation of containers from the ship to the stacking lo-
cation by an AGV can be related to the Maze. The TSP can be used as a starting
point in a warehouse, such as order picking. Looking ahead to future environments,
the VRP can be related to the AGV routes. The VRP can be used to determine
which AGV will be used for each container. It is efficient if the AGV travels as
few as possible distance and will not travel without a container. Furthermore, the
VRP model could be used for warehousing problems such as order picking, which
is the VRP in essence. The TSP is a specific case of the VRP, with one truck and
unlimited capacity. Therefore, the TSP model can be used as a basis for the VRP.
Furthermore, the CSP will logically link to the stacking problem in a container
terminal. In conclusion, the environments can be used as building blocks for opti-
mising a container terminal. With the implemented methods and RL techniques,
this research improved the models used for these building blocks. Besides using the
building blocks for the container terminal, these environments could be used as a
basis for new optimisation problems that ICT Group may want to solve in the future.

Besides the possibilities of using these environments in practice, the techniques
used in this research provide a valuable foundation for future research. Introducing
a second model helped the model solve instances that could not be solved initially.
Combining these two models resulted in a solvability rate that the initial model was
unable to achieve. However, the implementation of the second model, as in this
research, has its limitations. Therefore, in order to effectively combine both models,
some more research has to be done on the choice of the model.

A hyper-heuristic approach allows the model to use expert knowledge to build
a solution. In context with the container terminal, currently, a common practice
is to use a decision-based algorithm based on expert knowledge. A hyper-heuristic
trained by PPO could be a promising addition because the knowledge currently used
will not be lost. Moreover, the limitation that a hyper-heuristic cannot guarantee
that the optimal solution could be obtained may not be any problem in practice
since the aim is to generate better solutions than the current solution and not nec-
essarily build the optimal solution.

Taking all aspects into account, this thesis marked a step forward in the devel-
opment of a Proximal Policy Optimization algorithm. Besides the improvements it
made for solving the Maze and the TSP, using a second model and a hyper-heuristic
approach gives valuable insight for future research.
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Appendices



Appendix A

Maze entropy weight

A.1 2 models 5× 5

In this appendix, diffent entropy weights are tested for the second model used for
the 5× 5 mazes. In Figure A.1, the green line suffers from poor exploration at the
start of training. Different entropy weights are tested, results are given below. An
etnropy weight that starts at 0.1 and decays over 10,000 episodes yielded the best
results.

The following entropy weights are used: Green starts at 0.1 and dacays over
5,000 episodes. Pink starts at 0.1 and decays over 10,000 episodes. Dark blue starts
at 0.2 and decays over 10,000 episoded.

Figure A.1: Average probability of test action taken plotted over the number of test
episodes for different entropy terms.
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Figure A.2: Ratio of test instances that the model optimally solves the maze plotted
over the number of test episodes for different entropy terms.

A.2 10× 10 mazes

In this appendix, diffent entropy weights are tested for the model used for 10 × 10
mazes. An entropy term that starts at 0.1 and decays over 50,000 episodes yielded
the best results.

The following entropy weights are used: Black starts at 0.1 and dacays over 5,000
episodes. Green starts at 0.1 and decays over 20,000 episodes. Blue starts at 0.1 and
decays over 50,000 episodes. Red starts at 0.1 and decays over 100,000 episodes.

Figure A.3: Average probability of test action taken plotted over the number of test
episodes for different entropy terms.
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Figure A.4: Average test reward plotted over the number of test episodes for different
entropy terms.

Figure A.5: Ratio of test instances that the model optimally solves the maze plotted
over the number of test episodes for different entropy terms.

60



Appendix B

Maze memory size and batch size

In this appendix, different values for the memory size M and the batch size B are
implemented for the algorihtm trained on 10× 10 mazes. From these results, there
will be continued with a memory size of 16,384 and a batch size of 256.

Line color M B
Orange 4096 64
Pink 16,384 64
Blue 16,384 128
Green 16,384 256

Figure B.1: Ratio of test instances that the model optimally solves the maze plotted
over the number of training episodes for different values for M and B. The value
for M and B for the different line colors is stated in the table above.
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Figure B.2: Ratio of test instances that the model optimally solves the maze plotted
over the number of training episodes for different values for M and B.The value for
M and B for the different line colors is stated in the table above.

62


