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Abstract

The last-mile delivery problem refers to the final phase of the delivery process, the item’s trip
between the last warehouse and the customer’s house. Due to its substantial cost, it makes a great
candidate for optimisation. Besides, it embodies many similarities with the well-known Vehicle
Routing Problem.

Even though this problem is commonly solved using optimisation-driven techniques, Rein-
forcement Learning has achieved promising results. Additionally, Graph Deep Reinforcement
Learning allows the application of Reinforcement on graph-structured data. It can handle variable-
sized graphs and much more complex environments at the cost of more interaction samples. Since
getting those extra samples might be costly, Transfer Learning aims to increase sample efficiency
by reusing knowledge from previously learnt tasks.

In this project, we focus on the representation of a last-mile delivery problem. We organise
a taxonomy for solving the Vehicle Routing Problem using Reinforcement Learning. We utilise
two real-world datasets to explore the effects of different node features and reward functions on
the Reinforcement Learning agents’ performance. On top of that, we devise an empirical study
designed to ascertain the effects of Transfer Learning when changing the environment or reward
function.

We emphasise the use of masking mechanisms to avoid searching invalid actions. Addition-
ally, we demonstrate that Transfer Learning is highly dependent on the quality of the source model.
Finally, we proved that Transfer Learning can be successful when changing Vehicle Routing Prob-
lem variants and reward functions.

Keywords: Reinforcement Learning, Transfer Learning, Last-Mile Delivery, Vehicle Routing
Problem, Representation Problem
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Resumo

O problema da entrega da ultima milha refere-se a fase final do processo de entregas, a viagem
da encomenda entre o dltimo armazém e a casa do cliente. Devido ao seu custo substancial, € um
6timo candidato para otimizagdo. Além disso, apresenta muitas semelhancas com o conhecido
Problema de Planeamento de Rotas.

Embora este problema seja geralmente resolvido com técnicas de otimizacdo, a Aprendizagem
por Refor¢co tem alcangado resultados promissores. Além disso, a Aprendizagem por Reforco
Profunda em Grafos permite a aplicacdo do Reforco em dados estruturados em grafos. Pode lidar
com grafos de tamanho varidvel e ambientes muito mais complexos a custa de mais amostras. Uma
vez que a obtencdo dessas amostras adicionais pode ser muito dispendiosa, a Aprendizagem por
Transferéncia visa aumentar a efici€éncia das amostras através da reutilizacdo de conhecimentos
provenientes de tarefas previamente exploradas.

Neste projeto, concentdmo-nos na representacao de um problema de entrega da dltima milha.
Organizamos uma taxonomia para resolver o Problema de Planeamento de Rotas utilizando Apren-
dizagem por Reforco. Utilizamos dois conjuntos de dados do mundo real para explorar os efeitos
de diferentes caracteristicas dos vértices do grafo e funcdes de recompensa no desempenho dos
agentes de Aprendizagem por Reforco. Além disso, elaboramos um estudo empirico destinado a
verificar os efeitos da Aprendizagem por Transferéncia quando se altera o ambiente ou a funcdo
de recompensa.

Salientamos a utilizagdo de uma méscara para evitar a procura de agdes invédlidas. Além disso,
demonstramos que a Aprendizagem por Transferéncia € altamente dependente da qualidade do
modelo de origem. Finalmente, provdmos que a Aprendizagem por Transferéncia pode ser bem
sucedida quando se alteram as variantes do Problema de Planeamento de Rotas e as funcdes de
recompensa.

Keywords: Aprendizagem por Refor¢o, Aprendizagem por Transferéncia, Entrega da Ultima
Milha, Problema de Planeamento de Rotas, Problema de Representacao
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Chapter 1

Introduction

This chapter introduces the topic of this work. It starts by introducing the context and motiva-
tion for this project, followed by how we define the problem. Next, it specifies what we aim to

accomplish and how we plan to achieve our goal. In the end, it outlines the rest of this document.

1.1 Context and Motivation

The last-mile delivery problem corresponds to the transportation of each order from the last ware-
house to the corresponding customer. It has become a very prominent problem for delivery com-
panies due to the proliferation of e-commerce and free shipping [23]. Since the majority of the
population lives in urban areas [41], most of these deliveries are scattered throughout the cities.
Due to its high cost compared with the rest of the trip [23], and its similarities with variants of the
Vehicle Routing Problem (VRP), it is a great candidate for optimisation. In real-world situations,
it is possible that, in addition to minimising the costs (either the total distance travelled or time
used), other factors might need to be considered as well. Besides, with ecological solutions gain-
ing popularity and the possibility of delivery orders with the help of crewless vehicles (e.g., robots
or drones), new optimisation needs come to light.

Reinforcement Learning (RL) is a machine learning technique focused on learning from inter-
actions with the environment. It attempts to maximise the total received reward over a sequence of
actions. Traditional Reinforcement Learning methods mainly address scenarios where the states
and actions can be represented in a tabular form. However, due to their complexity, this approach
makes many real-world problems infeasible. Deep Reinforcement Learning (DRL), which com-
bines Reinforcement Learning with Deep Learning, has recently gained popularity.

On the one hand, Deep Reinforcement Learning has a powerful representation ability and can
deal with more complex tasks much closer to real-world scenarios [130]. Additionally, Graph
Deep Reinforcement Learning (GDRL) combines the learning power of Deep Reinforcement

Learning with the versatility and ability to handle graphs from Graph Neural Networks (GNN).



2 Introduction

Moreover, it is not limited to fixed-sized inputs, enabling the use of different-sized graphs. Since
the Vehicle Routing Problem can be naturally formulated in graph form, solving it using Graph
Deep Reinforcement Learning looks promising. On the other hand, it suffers from the curse of
dimensionality [66], and its training may require many interaction samples.

In a real-world scenario, getting those samples may be costly or even prohibitive. To mitigate
this adversity, one can use Transfer Learning (TL) alongside Reinforcement Learning. Transfer
Learning is a method of reusing knowledge gained from solving one problem to solve a related
but different problem. It aims to reduce the number of required samples by increasing sample ef-
ficiency and can be especially useful when the new task has a limited amount of data or resources.
However, there is still uncertainty about which representations, or parts of them, better influence
Transfer Learning techniques. Transfer Learning methods depend highly on the knowledge trans-
ferred since it determines how well one can apply prior knowledge to the new task [160]. There-
fore, the problem of representation is a key factor in the success of both Reinforcement Learning

and Transfer Learning.

1.2 Problem Definition

Reinforcement Learning is a powerful and generalisable methodology. Unfortunately, it encoun-
ters multiple challenges when applied to real-world problems. These challenges include high
dimensionality of state and action spaces, limited data, training offline from previously collected
data, and multi-objective reward functions [26, 25].

The representation problem in Reinforcement Learning refers to representing the environment
in a way that will ease the agent’s learning and decision-making process. “A machine learning
model can’t directly see, hear, or sense input examples” [21]. Instead, it relies on its representation
of the environment, both the state’s and its internal representation. Without a suitable represen-
tation, it will not capture the important characteristics of the environment. Additionally, it will
impair the model’s learning and limit its potential.

In short, we wish to find out how to represent the problem in a way that will benefit the
agent’s performance. Firstly, by scrutinising the effects of representation and reward function in

the agent’s learning and behaviour. Then, by inspecting the impact of knowledge transfer.

1.3 Objectives

The main goal of this research is to gain insights into how the representation problem of Rein-
forcement Learning affects the agent’s performance. By leveraging Transfer Learning to transfer
knowledge about these representations, we aim to improve the performance and reduce the num-
ber of samples necessary to train the Reinforcement Learning agents. For this purpose, we will

devise an empirical experiment to test these representations in a Vehicle Routing Problem domain.



1.4 Document Structure 3

We seek to understand the impact of different representations and reward functions in the learning
and performance of Reinforcement Learning agents. Additionally, we aspire to shed some light
on the effects of utilising knowledge from previously learnt tasks.

In a broad sense, possible questions that may arise in the pursuit of these goals are:

* How does the choice of state representation affect the training and performance of a Rein-

forcement Learning agent?

* How does the selection of reward function affect the behaviour of Reinforcement Learning

agents?

* How can we guarantee that hard constraints are not violated during the training and testing

phases?

* Can the knowledge gained from training in a specific environment be transferred to another

environment?

* Can we benefit from transferring knowledge of an agent trained under a different reward

function?

1.4 Document Structure

This document is divided into six chapters, beginning with this introduction. Chapter 2 provides
the necessary background information and relevant concepts, followed by a discussion of the ap-
plication domain and related work in Chapter 3. The environment and performance metrics are
outlined in Chapter 4, and the experiments and their results are analysed in Chapter 5. Finally, the

dissertation in Chapter 6 concludes with our contributions and possible avenues for future work.



Chapter 2

Background

This chapter defines the concepts and principles required to fully comprehend the project. It
includes relevant information and definitions of Reinforcement Learning, Graph Deep Reinforce-
ment Learning, and its relevant algorithms and Neural Network layers. Additionally, it covers the
concept of Transfer Learning and the importance of representation in Reinforcement Learning and

Transfer Learning.

2.1 Reinforcement Learning

Machine Learning paradigms are usually divided into three categories: Supervised, Unsupervised,
and Reinforcement Learning (RL). Even though there are similarities between the three, RL dis-
tinguishes itself by its unique characteristics. Like Supervised Learning, RL attempts to find a
mapping between states (inputs) and actions (outputs). However, unlike Supervised Learning, RL
is not about finding the best immediate reward but the cumulative reward after performing all the
actions. Like Unsupervised Learning, RL does not require a labelled dataset. However, unlike
Unsupervised Learning, RL does not intend to find a pattern in the data, only the actions that lead
to greater rewards.

There are also similarities between RL and other optimisation methods due to RL’s objec-
tive of maximising the received reward. Even though its primary goal is optimisation, it is quite
distinct from other optimisation methods, such as Ant Colony Optimisation [24], Simulated An-
nealing [54], Tabu Search [40], Exact Methods [118], Constraint Programming [100], and oth-
ers [59, 14]. A major drawback of these methods is the time and computation required to obtain
an instance’s result. Whereas RL requires significant computation during its training phase, after-
wards, it can yield an answer to a new instance almost instantaneously.

RL learns from interactions with its environment. It is sequential and considers the long-term
effect of its actions. RL involves a trial-and-search strategy throughout the possible environment’s

states to discover the sequences of actions that allow it to reach the highest total reward [111].

4



2.1 Reinforcement Learning 5

For that, it uses feedback from the environment to update its behaviour. This feedback is limited,
and there is no clear and explicit indication of which action leads to what reward. Because of this
uncertainty, RL usually faces the exploration-exploitation trade-off, where it must choose between
a new action to learn more about the environment (exploration) and the best-known action to
maximise the reward (exploitation) [111].

RL is usually associated with the concept of agents. One can identify two main elements in a

reinforcement-learning system: the agent and the environment.
* The agent is the learning system.
* The environment is the world around the agent and in which the agent operates.

In addition, there are four subelements of a reinforcement-learning system: the policy, the

reward signal, the value function, and the model [111].
* The policy defines the agent’s behaviour at a specific time.
* The reward signal defines the agent’s goal.
* The value function specifies what a good action in the long run (not only immediately) is.

* The model is optional and (mainly) used for planning since it allows the agent to anticipate

the behaviour of the environment after performing a specific action.

"| Agent |

state| |reward action
St R, At
. Rt+1 (
<u| Environment [e———

Figure 2.1: Interaction between the Agent and the Environment in a Markov Decision Pro-
cess [111]

The sequential interaction between the agent and the environment can be modelled as a Markov
Decision Process (MDP) [9], as showcased in Figure 2.1. An MDP is a mathematical framework to
deal with stochastic control optimisation problems [111] by modelling decision-making processes
where the future state is partly random and partly controlled by the agent’s decisions. An MDP
can be described using a 5-tuple ( S, A, T, R, P ), where

* §: state space, the set of possible states s.

* A: action space, the set of possible actions at each state.
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* T the set of all the steps in which the agent makes a decision.

* R:reward function, specifying the expected immediate reward for reaching the state s’ after

performing action a in state s.

* P: the transition probability function, p(s’|a, s), defining the conditional probability of reach-

ing state s’ after executing action « in state s.

A process is Markovian if the transition probability function is only affected by the current

state and not by previous states or actions [119].

P(Smanstﬂ) = P(St+1|szaaz) = p(stJrl|st7atastfl7at71731727at727'") (2.1)

Even though the learning process of RL makes it very promising, there are still challenges
related to its application in real-world scenarios. Simulated environments are abstractions of the
real system, which means some real-world details might not be present in the simulation. There
could also be some uncontrollable external factors impacting the agents. Additionally, working
in a real-world environment limits the exploration of the agent. On top of that, difficulties may
also arise from the interaction with other agents. Multi-Agent Reinforcement Learning (MARL)
introduces multiple coexisting RL agents in the same environment. These agents usually need
to develop strategies to cooperate or compete with others to fulfil their goals. In multi-agent
environments, each time an agent makes an action, it modifies the environment in which the other
agents operate, which raises new challenges. In summary, the challenges faced by RL agents in

real-world settings include the following [26, 25]:

* Having a limited number of samples, either because of their cost or inability to obtain them

on the real system.

* Having unknown and / or large delays on its sensors, actuators, or rewards (i.e., sparse

rewards).
* Need to act on a highly dimensional or continuous state and action spaces.
* Never or seldom violating system constraints, either operational or safety.

* Having a non-stationary or stochastic environment causing the tasks to be only partially

observable.
* Having multi-objective, risk-sensitive, unspecified, or poorly specified reward functions.

* Providing actions quickly and in a timely manner, especially on systems requiring low la-

tencies.
* Training offline from logs of an external behaviour policy.

* Having to provide system operators with explainable and interpretable policies.
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* Need to adapt and generalise between tasks [144].

* Need to avoid models with a huge number of parameters [50].

* Need to speed up the agent’s learning process [116].

» Need to transfer knowledge between agents with different internal representations [115,
114].

According to how the agent learns, RL algorithms can be divided into Online RL and Offline
RL. In Online RL, the agent learns from interacting with the system in real-time. In contrast, in
Offline RL, the agent trains from a set of collected experiences (logs) without the need to interact
with the environment during training. Additionally, RL can be divided according to whether or
not the agent can access or learn a model of the environment. Figure 2.2 contains an overview
of RL algorithms based on this classification. Model-based RL algorithms use the model of the
environment directly for planning, as it can predict the environment’s state and reward after the
execution of an action. They can either be given the model, like in AlphaZero [105], or learn it,
like in World Models [43], Imagination-Augmented Agents (I2A)[132], Model-Based RL with
Model-Free Fine-Tuning (MBMF) [85], or Model-Based Value Expansion (MBVE) [29]. Model-
free RL algorithms can be classified based on what they learn. Q-Learning methods, also known
as value-based methods, estimate the action value function using a function approximator. This
category encompasses algorithms such as Deep Q-Networks (DQN) [84], Categorical 51-Atom
DQN (C51) [8], Quantile Regression DQN (QR-DQN) [17], and Hindsight Experience Replay
(HER) [4]. In contrast, Policy Optimisation algorithms focus on learning the policy directly and
include methods such as Policy Gradient [112], Advantage Actor-Critic (A2C), Asynchronous
Advantage Actor-Critic (A3C) [83], Proximal Policy Optimisation (PPO) [104], and Trust Region
Policy Optimisation (TRPO) [103]. Additionally, there is a group of algorithms that bridge the
gap between the two categories of model-free RL methods, including Deep Deterministic Policy
Gradient (DDPG) [66], Twin Delayed DDPG (TD3) [38], and Soft Actor-Critic (SAC) [44].
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RL Algorithms

Learn the Model
Policy Gradient World Models
—— DDPG

A2C/A3C C51 12A

Given the Model

i

AlphaZero
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TRPO HER MBVE
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518
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Figure 2.2: Non-exhaustive Taxonomy of Reinforcement Learning Algorithms, adapted from [87].

Note that the Policy Gradient is not an algorithm. Instead, it is a category of algorithms,
including, for example, the REINFORCE algorithm [135]. According to [135], REINFORCE is
an acronym for “REward Increment = Nonnegative Factor x Offset Reinforcement x Characteristic

Eligibility”. This algorithm is explored further in Section 2.1.2.

2.1.1 Graph Deep Reinforcement Learning

Traditional RL methods mainly address cases where the states and actions can be represented in
a tabular form. However, many real-world problems are highly dimensional and are infeasible
this way. Consequently, Deep Reinforcement Learning (DRL) has become a trend in dealing
with high-dimensional problems. DRL fuses RL with Deep Learning (originally from Supervised
Learning), allowing us to handle a much more complex environment at the cost of more interaction
samples. It employs Neural Networks (NN) to approximate the value function or policy of the RL

agent.

Although Neural Networks allow us to solve more problems, they still present drawbacks.
One of these limitations is their fixed input and output sizes. NNs are composed of multiple
connected processing layers which successively transform the input [36]. Figure 2.3 represents
a Neural Network with two input neurons, a hidden layer with four neurons, and an output layer
with a single neuron. Usually, a Neural Network includes one input layer, one output layer, and a
variable number of hidden layers. In this architecture, we would always need to input two values
and get a single output value. If we wanted to input a third value, we would need to modify the

Neural Network’s architecture, adding a third input neuron.
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Figure 2.3: Example of a Neural Network with a Single Hidden Layer

Graph Deep Reinforcement Learning (GDRL) blends together Deep Reinforcement Learning
with Graph Neural Networks (GNN). On the one hand, it uses the algorithms from DRL. On the
other hand, it utilises the GNN’s capacity to deal with graphs to take advantage of the environ-
ment’s graph scheme. GNNs provide a way to define both node and edge features, allowing us
to characterise the graph in its entirety. Moreover, they are not dependent on the graph size and
do not need alterations when modifying the graph size. This essential factor enables the use of

variable-sized inputs under the format of graphs with different sizes.

2.1.2 REINFORCE

First presented in 1992 [135], the REINFORCE algorithm has since become a foundational method
in the RL field. It is a Monte Carlo Policy Gradient algorithm [111], sharing characteristics with
both Monte Carlo and Policy Gradient methods.

In RL, Monte Carlo methods employ techniques based on averaging sample returns. To ensure
that the rewards are completely defined and available, they are typically used only for episodic
tasks [111].

As presented before in Section 2.1, the Policy Gradient belongs to the class of Policy Opti-
misation algorithms. These algorithms learn a policy directly and use it to map states to actions.
Policy Gradients can learn any parameterised policy as long as it is differentiable with respect to
its parameters [111]. They aim to optimise its parameters in order to maximise the expected re-
turn. To achieve this, they update their policy through gradient ascent, moving towards a direction
that leads to more favourable actions. Additionally, Policy Gradient generates the samples used to
update the policy using the policy itself, making them inherently on-policy [96].

In short, the REINFORCE algorithm starts by using its policy to choose the actions to execute
(on policy) until it completes an episode. Afterwards, for each step of the episode, it updates its
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policy in two steps. First, it calculates the discounted returns using the formula:

T
G+ Y (v""'Ry) (2.2)
k=t+1

, Where
* t is the current step.
* T is the total number of steps in the episode.
* G is the discounted return at step .
* 7yis the discount factor.
* Ry is the reward obtained in step k.

Then, it updates the policy using the previously calculated discounted returns.

Vr(AS:, 0)

0 0+ay'G
Oy O Als,. 0)

2.3)
, where

* ¢ is the current step.

* 0 is the policy parameters.

* ( is the learning rate or step size.

* 7vis the discount factor.

* G; is the discounted return at step ¢.

* Vr(A;|S;,0) is the gradient of the policy function with respect to the policy parameters. It

represents the direction in which the parameters should be updated to increase the likelihood

of selecting action A, in state S;.

» m(A|S;,0) is the probability of the policy choosing action A, when in state S, under the

current policy parameterised by 0.

In short, the REINFORCE algorithm can be summarised as follows. 7(-|-,0) represents the

policy function.
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Algorithm 1 REINFORCE Algorithm

1: Input: a differentiable policy parameterisation 7(als, 0) and the learning rate o

. Initialise policy parameters (6)
: loop each episode
Generate an episode following 7(+|-,0): So,Ao,R1,S1,A1,R2,...,S7—1,A7—1,Rr

G+ Yhy it (Y7'Ry)

0 6+ a}/G,ivn”AA‘lsf’ ))

2

3

4

5: loop each step of the episode
6

7

8 end loop

9

: end loop

2.1.3 Graph Convolutional Networks

Graph Convolutional Networks [53] are widely recognised methods for learning graph represen-
tations [152]. They take a graph as input, specifically its node and edge features, and generate a
new representation for each node [137]. Similarly to other Neural Networks, they are composed

of connected layers.

For each layer k, H~!) and H¥) symbolise the input and output node representations, respec-
tively. Additionally, S denotes the normalised adjacency matrix with added self-loops and can be
formalised as S =D~ : AD : , with D as the degree matrix of A, A = A +1, and I as the identity

matrix.

Each GCN layer updates the node features in three steps [137].

1. Apply alocal smoothing, propagating the node features and averaging them with the features
in their neighbourhood.
A% s HEY 2.4)

2. Perform a linear transformation using the layer weights (©%)).

A% «a% e® 2.5)

3. Apply a nonlinear activation function (e.g., ReLU).

H® « ReLu (A% (2.6)

Figure 2.4 showcases the steps of the update. For ease of understanding, each step uses a

different colour and line style.
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Figure 2.4: Steps for Updating the Feature Vectors on a Graph Convolutional Network Layer

2.2 Transfer Learning

Transfer Learning (TL) is a machine learning technique that transfers knowledge from a source
task to a target task. It aims to improve the learner’s performance or reduce the number of samples
needed in a target task by reusing knowledge from previously learned tasks [161]. It is mainly
encouraged by the difficulty and cost of acquiring the required data to train the model. Instead
of depending on large quantities of data from the specific problem needed to start over and learn
how to solve the problem from scratch, one can reuse knowledge from a similar task with more
available or easily collectable data. While in an RL problem, the agent is supposed to generalise
between instances in the same domain. When applying TL, the agent should be able to generalise
beyond the source task domain to the target task domain, which may be different.

One of the most critical factors of the TL procedure is the effect the transferred knowledge has
on the target task’s learning. Depending on the effect that the transferred knowledge has on the

target learner, there are three types of knowledge transfer:

1. Positive transfer: the transferred knowledge and previous experience positively influence

the target’s learning process.

2. Neutral transfer: the knowledge transfer does not affect the target’s learning process. The
learner does not benefit from having previous experience, but that knowledge does not im-

pair their learning.

3. Negative transfer: the transferred knowledge has a detrimental effect on the target learner
and impairs the learning process. The previous experience inhibits the learner’s performance

in the target task.

Ideally, we want to ensure positive transfer in all our TL applications. However, so far, it is
not clear in the literature precisely what causes the knowledge transfer to be successful or unsuc-

cessful. It is known and understandable that the source and target domains must have something
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in common in order to reuse helpful information between the two tasks. If the source and target
domains have nothing in common, the knowledge transfer will not contribute to learning how to
solve the target task. Despite that, even if the task domains are similar, TL is not guaranteed to
have a positive effect since similarities between the domains and tasks can be misleading.

Apart from the effect on the target learner, TL approaches can also be characterised by the
number of interactions needed from the target domain, the difference between the domains, the
transferred knowledge, and other factors [160].

Based on the number of interactions needed from the target domain, TL approaches can be
divided into [160]:

» Zero-shot transfer provides ready-to-apply knowledge to the target-domain agent.
» Few-shot transfer requires a small number of interactions with the target domain.
o Sample-efficient transfer improves the efficiency of each interaction with the target domain.

Based on the similarities and differences between the source and target domains, TL ap-

proaches can be classified as follows:
* Homogeneous: when the source and target tasks share the same feature space.

* Heterogeneous: when that does not happen. These approaches are inherently more com-
plicated since, in addition to distribution adaptation, they also require feature space adapta-
tion [19].

Domain adaptation involves aligning the distributions of the source and the target tasks [99],
while feature space adaptation involves aligning their feature spaces [161].

There are multiple forms of knowledge that can be transferred between the source and the
target learner. The strategy and framework used for TL depend on the transferred knowledge’s
representation, granularity, and quality [160]. We can apply TL in RL in multiple forms, including

fine-tuning a pre-trained model and transferring the agent’s policy or value function.

2.3 Representation Problem

Even though the authors of [111] do not address representation, they still consider the represen-
tation of states and tasks to affect the learner’s performance. As referred to in Section 2.2, TL
methods also rely on the underlying knowledge representation. Without the proper information,
the learner may suffer considerable impacts on efficiency, accuracy, and transferability.

Problem representation is an essential step for problem-solving [119, 49]. Incorrect or par-
tial information hinders the perception and problem-solving skills, making the problem harder or
unsolvable. Similarly, a good representation will ease the understanding of the data [21]. Con-

sequently, it is crucial to consider and define the problem and the necessary data to solve it. In
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computer science and artificial intelligence, there is a wide range of possibilities to represent a
problem. Two central topics are what information needs to be represented and how that informa-
tion is structured and organised [119]. It can be done for a variety of reasons, such as to make the
information easier to process, to enable the use of certain algorithms or techniques, or to facilitate
communication or storage of the data.

Since the model only interacts with the environment via the state’s representation and makes
decisions based on its internal representation, both these representations significantly influence
the learned policy and the transferred knowledge. Additionally, the reward function affects the
agent’s learning efficiency. By guiding the agent towards the goal, the reward function can affect
the learner’s performance. A better reward function will lead the agent better and help it learn the

optimal policy faster.



Chapter 3

Literature Review

Before starting, looking around and reading about how others solved similar problems is essential.
Thus, this chapter reviews the existing literature on this project’s topic. Firstly, we present the
last-mile delivery and the possibilities to abstract it as variants of the Vehicle Routing Problem
(VRP). Secondly, we assess how GDRL has been used to solve Vehicle Routing Problems in the
literature. Then, we review how TL has been used alongside DRL to solve different VRP variants.
Later, we dive into how the representation affects the performance of RL models and how TL
can be used to improve this performance. Finally, we summarise the most relevant findings and

present a VRP-RL taxonomy for solving the VRP using RL.

3.1 Application Domain

The last-mile delivery corresponds to the last step of the delivery process, the item transportation
between the warehouse and the customer, and embodies many similarities with the well-known
Vehicle Routing Problem. It is a very costly portion of the item’s transportation due to the size
and dispersal of individual package destinations. These factors make it a great candidate for
optimisation.

When optimising this delivery problem, it is typical to abstract it as a variant of the VRP. The
VRP is a generalisation of the famous Travelling Salesman Problem (TSP). Just like the TSP, the
VRP is a combinatorial optimisation problem. It aims to find the shortest routes for a fleet of
vehicles to visit customers at different locations and return to the starting point [22].

Just like the TSP, the VRP possesses many possible researchable variants. The specific variant
used depends on the needs and constraints of the problem in question. When optimising a last-mile

delivery problem, one could use some of the common VRP variants, such as:

* Capacitated Vehicle Routing Problem (CVRP): the vehicles have a specified maximum
weight or volume capacity.

15
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» Vehicle Routing Problem with Time Windows (VRPTW): the vehicles must visit the delivery

locations during the time windows requested by the customers.

* Capacitated Vehicle Routing Problem with Time Windows (CVRPTW): incorporates both
the previous constraints, the maximum vehicle capacity, and the time windows to deliver

the packages.

* Vehicle Routing Problem with Soft Time Windows (VRPSTW): if the vehicles visit the deliv-

ery locations outside the time windows specified by the customers, they will incur a penalty.

* Capacitated Vehicle Routing Problem with Soft Time Windows (CVRPSTW): similar to the
CVRPTW, but considering soft time windows, which may be missed at the cost of a penalty.

» Vehicle Routing Problem with Pickup and Delivery (VRPPD): the vehicles must transport

the item from the pickup points to the respective delivery points [107].

» Vehicle Routing Problem with Delivery Options (VRPDO): the vehicle must deliver each
item to one of its delivery options. A delivery option corresponds to a location and its

associated time window [117].

 Split Delivery Vehicle Routing Problem (SDVRP): the customer’s demands can be split over
multiple routes [56].

* Heterogeneous Capacitated Vehicle Routing Problem (HCVRP): the vehicles may have dif-

ferent maximum capacities and speeds [63].

» Vehicle Routing Problem with Stochastic Service Requests (VRPSSR): we are unaware of
which and when customers will request service, but all potential customers’ locations are

already known [57].

* Dynamic Vehicle Routing Problem (DVRP): the routes are constantly updated as new cus-

tomer requests arrive.

* Stochastic Vehicle Routing Problem (SVRP): as considered in [86], the customer’s locations

and demands can change.

* Green Vehicle Routing Problem [32, 6] (GVRP): weights ecological and environmental con-

cerns.

 Electric Vehicle Routing Problem [68] (EVRP): the vehicle has a limited battery which may

need to be recharged between customer visits.

Like other combinatorial optimisation problems, the VRP and its variants can be solved using
exact or heuristic algorithms [101]. The main difference between these two types of algorithms
is the optimality guarantee. Exact methods are guaranteed to find the optimal solution; however,

since the problem is NP-hard, they require exponential effort. Heuristic methods are usually faster,
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but the solution may not be optimal. Since RL does not have optimality guarantees, it falls under
the category of heuristic algorithms.

In real-world problems, it may be necessary to contemplate multiple factors at once or consider
multi-objective optimisation. The need to simultaneously optimise multiple conflicting objectives
arises from the different optimising needs considered. The optimising needs may include the

following:
* Reducing either the distance or time costs.
* Reducing the number of vehicles needed.

* Improving the quality of the trip by considering parking availability, avoiding specific streets,

or other similar factors.
* Reducing the amount of pollution produced, by:

— Improving the trip’s energy efficiency.
— Reducing fuel consumption.

— Reducing carbon footprint, Greenhouse Gas (GHG), or carbon dioxide (CO;) emis-

sions.

Note that minimising the distance and time costs might already be conflicting if we take into

account traffic.

3.2 Related Work

Due to the relevance and economic interest of the VRP, it has been extensively researched. Here,
we focus on the research relevant to this project. We start by exploring the most relevant topics
and research on the topics of DRL, TL, and Representation Learning. Since DRL’s introduction,
there has been a lot of research on its application for the VRP. Although DRL can handle highly
dimensional scenarios and environments, it requires a large number of samples. TL attempts
to improve sample efficiency and reduce the number of samples necessary to achieve a good or
acceptable performance. Even though there is a more prominent research focus on algorithms
and their effect on performance, representation is still crucial to their performance. Afterwards,
due to the natural representation of the VRP as a graph, we examine the literature on the GDRL
application to the VRP.

First of all, there are two distinct settings encountered when modelling the system using RL
agents. In a single-agent environment, the agent acts as a central dispatcher, simultaneously defin-
ing all vehicle routes. In a multi-agent setting, the agent might abstract a driver or be a part of
the centralised dispatcher. As a driver abstraction, the agents might need to cooperate to fulfil all

the customer’s requests or compete to fill the most requests themselves. As a part of the solver,
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the route assignment will combine all the individual agent’s solutions. Depending on the problem
solved by each agent and their methodology, the agents might be either homogeneous (solving the
same problem using the same methods) or heterogeneous (solving different parts of the problem
or solving the same problem using distinct methods).

Secondly, the authors of [50] differentiate between autoregressive approaches and non-regressive
approaches. Both of these approaches present different challenges. Autoregressive techniques
construct solutions step-by-step, and each action from the agent corresponds to a step. Usually,
this action corresponds to which graph node or customer to visit next or the time to wait at the
current position. Non-autoregressive approaches produce the complete solution in the same step.
These require extra flexibility since both the input, the environment’s state, and the output, the
agent’s action, do not have a fixed length. Other authors also designate the methods used in these
approaches as construction / constructive methods (autoregressive approaches) and improvement
methods (non-regressive approaches).

Thirdly, many different algorithms and architectures have been proposed to solve the VRP.
Consequently, surveys [28, 93, 129, 162] attempt to examine and catalogue these techniques.
Some of the most frequently used methods include REINFORCE, both with the greedy rollout [56,
65, 5, 141] and the rollout baseline [51], actor-critic algorithms, such as A2C [121] and A3C [86],
and deep Q-networks, such as DQN [131] and Dueling Double DQN (D3QN) [57].

Furthermore, in an attempt to reduce the number of samples needed by these DRL algorithms,
TL has been applied on multiple occasions. In [131], Wang et al. attempt to solve the Pickup and
Delivery Problem (PDP) as a central operation task, relying on the DQN framework, using TL to
allow learning to be global instead of restricted to a specific city. In this case, they enable knowl-
edge transfer both between cities and across time within the same city. In [5], Ardon explores what
they consider to be the two most relevant methods to solve the CVRP. The first includes a Recur-
rent Neural Network (RNN) encoder-decoder coupled with an attention mechanism from [86],
while the second consist of the REINFORCE algorithm from [56]. However, the knowledge trans-
fer experiment only uses the latter. In this experiment, they reuse a pre-trained policy from a more
straightforward yet similar problem, the TSP, to solve the CVRP. Similarly, Yaddaden, Harispe,
and Vasquez, in [141], also choose the REINFORCE algorithm with a greedy rollout from [56]
and attempt knowledge transfer from a pre-trained TSP model to solve the CVRP, varying the
instance’s size and data generation distribution between the source and target tasks.

Table 3.1 summarises the representation and methodology used in each of the papers. The
research studies featured in this table tackle the VRP variants listed in Section 3.1. Additionally,
they also address the following TSP variants:

* Prize Collecting Travelling Salesman Problem (PCTSP): each city gives a prize when visited
and a penalty when it is excluded from the route. The travelling salesman minimises the sum

of tour length and penalties while collecting a minimum prize [7].

* Stochastic Prize Collecting Travelling Salesman Problem (SPCTSP): a variant of the PCTSP
where an expected prize is known, and the real prize is only discovered once we visit the



3.2 Related Work 19

city [56].

* Covering Salesman Problem (CSP): finds a route with a subset of the cities to visit, such

that each city outside the route is within a predefined distance of a visited city [15].

The bold lines represent the most relevant papers for this project.
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In addition, even though there is usually a much bigger focus on methods, algorithms, and
architectures, representation still plays a big part in the model’s performance. Many studies have
tried to understand this impact, and there is a large diversity of methods used. While some methods
learn the representation explicitly, others learn it implicitly.

There are a few characteristics that these representations require when applying them to real-
world scenarios. These representations need to be able to deal with the same challenges as the
RL methods, as showcased in Section 2.1. Table 3.2 enumerates the challenges each of the papers
reviewed tackled. It includes a comprehensive list of all the challenges addressed, along with
challenges found in [26] and [25]. The first line represents the challenges that the representation
would ideally address in order to be applied to the VRP. The bold lines represent the most relevant
papers for this project. The names of the columns were shortened to fit the page layout. The
first column (Paper) includes the name and year of the publication. The last column (MDP Type)
contains the type of MDP considered by the authors in their work. The other columns represent

whether the authors considered the following challenges of RL when applied to the real world.
LimS : Limited number of samples for training
Delay : Sparse rewards or rewards with unknown or large delays
HighD : Highly dimensional state and action spaces
Constr: System constraints that should not be violated
PO : Partially observable tasks, viewed as non-stationary or stochastic
MoR : Multi-objective, unspecified, or poorly specified reward functions
Fast : Ability to provide a fast response
ExtBe : Training off-line from logs of an external behaviour policy
Expl : Explainable policies
Gener : Ability to generalise between tasks
Param : Avoid millions of model parameters
Speed : Agent’s learning speed

IRepr : Transfer representation between agents with different internal representations
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Finally, we delve into how GDRL has been applied to solving the VRP and other similar
problems. As previously discussed, GDRL allows for a variable-sized graph as input, awarding us
with extra flexibility and the ability to serve a variable number of customers. Table 3.3 identifies
the properties of multiple papers that explore constructive methods. Here, we take a deeper look
into the interaction between the agent and the environment. The key aspects of that interaction can

be listed as follows:
* State: How the environment’s state is represented and what node or edge features are used.

* Action: What making an action corresponds to. Since we only selected papers using con-
structive methods, the action always corresponds to selecting the next node. Therefore, this

column is omitted from the table.
¢ Reward: What is the reward function, or what it takes into account.

* Mask: Whether or not the research paper considers masking invalid actions and how that is

done.

The environment’s representation will be further discussed in Section 4.1.
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3.3 Discussion

Although the existing literature on solving the VRP using DRL is extensive, its main focus is
on different algorithms and architectures. Therefore, there are many studies exploring the per-
formance correlation of different algorithms. Moreover, multiple studies have demonstrated the
impact of leveraging knowledge from one or more source domains to improve their model’s per-
formance on the target domain. When transferring knowledge, the authors usually share the policy
or value function and compare the performance with and without using TL. However, there is still
a lot of uncertainty about precisely what causes TL to have negative effects.

Even though representation plays a vital role in both RL and TL, there is much less research on
the impact of representation on the model’s performance. From observing Table 3.2, only one of
the featured papers focused on the TSP and none on the VRP domain. Besides, only one study [2]
considered a multi-objective reward function, and none explored all the concepts we deemed ideal
to fit a VRP variant.

Graph Deep Reinforcement Learning grants large input flexibility, allowing the use of variable-
sized graphs seamlessly. Since the VRP can be represented in a graph form, creating an environ-
ment to interact with a GDRL agent is natural. Nonetheless, there is still less research on GDRL
than DRL or other methods due to it being relatively recent. Additionally, only a few of the papers
researched contained GDRL and TL, even though it was considered a viable way to improve gen-
eralisation [142, 71]. Besides, there is a lack of understanding regarding the effects of the reward
function on the learning and exploration phase, and finding a good reward function to guide the

RL agent is still an open area of research.

3.4 VRP Taxonomy

From all the papers reviewed, we established a taxonomy for solving the VRP using RL. This

taxonomy is divided into four parts:
* Components

* VRP

VRP +RL
* RL

However, it is worth noting that the RL taxonomy was already covered in Chapter 2. Therefore,
we will refrain from discussing it again.

Starting with the components, the VRP has three main inter-connected components or phases
that can be solved sequentially or simultaneously: assignment, bin-packing, and routing. A sim-

plified view of the components, their classifications, and examples can be seen in Figure 3.1.
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The assignment subproblem defines pairs of (package, vehicle) for all packages. We can
consider this assignment to be either a single package per vehicle (one-to-one or balanced) or
multiple packages per vehicle (many-to-one or unbalanced). Ideally, the assignment would take
into account the vehicle’s maximum capacity and the delivery locations in order to favour the
subsequent phases.

The bin-packing subproblem is responsible for fitting all the assigned packages inside the
vehicle in the most convenient order. For the bin-packing, multiple dimensions can be considered,

depending on the packages in question and their transportation requirements.
* 1D considers only the package weight.

» 2D disregards the package weight but considers that packages cannot be placed on top of

one another.

* 3D either disregards the weight or considers that packages cannot be placed on top of one

another.

* 4D considers the package’s weight and 3D size, considering that they might be placed on
top of each other.

Additionally, the most convenient order might consider the delivering order, package proper-
ties (such as the ability to turn packages, placing heaviest ones on the bottom, or placing lighter or
fragile ones at the top), or both.

The routing subproblem aims to minimise the cost of the trip while serving all the customers.
As already mentioned in Section 3.1, the cost might vary. It might represent the total distance
travelled, total time spent, battery or energy used, fuel consumed, CO;, or GHG emissions, total
customer waiting time, maximum customer waiting time, or even a combination of multiple ob-
jectives. The routing component is greatly affected by the graph and its underlying structure and
characteristics, namely size, topology, and node and edge properties. Besides, it is also affected by
connectivity restrictions or limitations, such as traffic regulations. These connectivity limitations

include the following:
* Fixed or permanent. For example, cars can never pass through a pedestrian pathway.
* Time-based. For example, vehicles may be unable to pass through a specific area at night.
» Temporary disruptions:

— Planned. For example, due to construction, processions, fairs, or other sporting or
seasonal events.
— Unplanned. For example, due to incidents, protests, roadblocks, or accidents.

Additionally, these connectivity limitations might affect the entirety of the fleet or just some

of its vehicles (when the fleet is heterogeneous).
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Moving on to the VRP portion, we complement the variants listed in Section 3.1. We en-
hance the already listed variants with a constraint superset and a classification of their operation

mechanisms. Figure 3.2 portrays an overview of the divisions of the VRP part.

Each VRP variant can be considered as a VRP with a set of extra constraints from the following

superset:

* Maximum vehicle capacity: limiting the amount of cargo each vehicle can carry, either in

weight, volume, or both.

» Customer time windows: requesting the delivery of packages during a specified time win-

dow, either obligatory or optional (at the cost of penalties).

* Pickup and delivery:

— Pickup and delivery of the same package: the package must be picked up from the
pickup point before being delivered to the delivery point.

— Pickup and delivery of different packages: the vehicle might pick up a package and
deliver a different one during the same trip. It can be considered a specific case of the
pickup and delivery of the same package when the package to be picked up is delivered
at the depot, and the package to be delivered is picked up at the depot.

* Customers served: serving all the customers might be obligatory or optional (at the cost of

penalties).

* Stochastic customers: the customers might have stochastic demand, location, or both.

 Limited vehicle battery / energy: the vehicle might have a limit on the distance it can travel

before returning to the depot or visiting a recharging station.

Additionally, the VRP can also be distinguished based on its operating mechanisms. Firstly,
we consider the fleet and its characteristics, the number of vehicles (either finite or infinite), the
number of trips per vehicle (single trip or multiple trips), the homogeneity (either homogeneous or
heterogeneous), the type of vehicles (combustion, electric, hybrid or drones), and its crew (either
crewed or crewless). Secondly, we consider the delivery types. Each delivery point might allow
either a single package or multiple packages (split delivery). Finally, considering the number of

depot locations, the VRP might have a single or multiple depots.
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Figure 3.2: Constraints and Operation Mechanisms Used when Addressing the Vehicle Routing
Problem

Last but not least, we characterise the VRP + RL portion. This part incorporates the necessary
assumptions required to solve the VRP using RL. An overview is provided in Figure 3.3.

Regarding decision-making, we can divide the methods into centralised and decentralised.
Regarding representation, they can be grouped based on the state, action, and reward. The state
might have a fixed or variable size. When the state is represented as a graph, it might have a
variable size. The action might select the next node or customer, making the method a constructive
method, or the complete route, making the method an improvement method. The reward might
be single objective or multiobjective and might in consideration classic, traditional or economic

optimisation metrics (total distance travelled or total time spent), ecological metrics (battery /



38

Literature Review

energy / fuel consumption, or CO, / GHG emissions), or customer satisfaction (total customer

waiting time or maximum customer waiting time).
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Figure 3.3: Assumptions Required to Solve the Vehicle Routing Problem using Reinforcement

Learning



Chapter 4

Methodological Approach

This chapter previews how to tackle the problem. It starts with a formalisation of the problem con-
straints. Next, we dive into how to represent the environment in a graph form and highlight useful
node features. Afterwards, we describe the implementation of a masking mechanism to narrow
down the action space. Later, we explore different reward functions and how reward shaping af-
fects the learning phase. Lastly, we examine evaluation metrics which can be employed to measure

the agent’s performance, the efficiency of its actions and overall decision-making capabilities.

4.1 The Environment

The research problem addressed can be framed as an RL problem. In RL, an agent aims to optimise
the reward it receives from the environment over the sequence of actions it executes. Essentially,
it learns how to convert the state’s representation into the most profitable or desirable action. As
such, an RL agent can be formalised as an MDP, explained in Section 2.1.

Hence, the solution to our research problem can be seen as the sequence of actions during an
episode. Notwithstanding, we want the solution to respect all the constraints applied to the VRP
variant in question. In this project, we experiment with two variants: the Capacitated Vehicle
Routing Problem (CVRP) and the Capacitated Vehicle Routing Problem with Soft Time Windows
(CVRPSTW).

Consider,
* G = (V,E): the VRP variant graph.
* V =0,...,n: the graph vertices, where 0 is the depot and 1,...,n are the customers.

» E=(i,j):i,j€V: the graph edges. In edge (i, j), i represents the origin vertex, and j is
the destination.

* d; ;: the distance travelled when traversing edge (i, ).

39
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* tt; j: the travel time when traversing edge (i, j).

* ¢;: capacity required / demand at vertex i.

* s;: the start of the time window for delivery at vertex i.

* ¢;: the end of the time window for delivery at vertex i.

* st;: the service time (time taken to deliver the demand) at vertex i.
* Ci: the maximum capacity of vehicle k.

* K: the vehicle fleet.

* X;: the number of time steps used by vehicle k.

o tripk: the vertex visited by vehicle k at time step x. Consequently, ¢ri p’é and tri p’)‘(k are the

first and last locations visited by the vehicle, respectively.

The basic VRP constraints pertain to routing. These ensure that the trips are valid (they start
and end at the depot) and all the customers are served (all the delivery locations are visited). These

constraints are present in any VRP variant and can be formulated as follows:

* Each vehicle leaves and returns to the depot.

Vk € K, tripl = 0 Atripk =0 (4.1)
* Each delivery location is visited exactly once.

L)1 Lifeript=i
viev\{o},Y ¥ P —1 4.2)

keKx=0 0 ,otherwise

The CVRP includes the basic VRP restrictions and an additional one related to the vehicle’s
capacities. This capacity constraint considers that the vehicle has limited space or a weight limit
(all the packages carried by the vehicle cannot surpass the maximum vehicle capacity). In short,

we consider the following constraints:
* Each trip must start and end at the depot.
* Each delivery location must be served exactly once.
* The capacity of each vehicle cannot be exceeded.

This capacity constraint can be formulated as follows:

Xi 1 Liftripk =i
ek G>Y |} P ) v @3)
i€V | x=0 0 ,otherwise
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In the CVRPSTW setting, in addition to the previously presented constraints, there is another
one related to the customer’s requested time window. This restriction requires the package delivery
to be done within the requested time window. However, in opposition to the previous restrictions,
which are hard constraints since they cannot be infringed, this time window restriction can be
violated at the cost of collecting a penalty, making it a soft constraint. In short, we consider the

following constraints:
* Each trip must start and end at the depot.
» Each delivery location must be served exactly once.
» The capacity of each vehicle cannot be exceeded.

» The packages should be delivered within the customer’s requested time window. Failure to

comply will result in a penalty.

The last restriction can be formulated as follows:

x—1
Vk e K,Vx € {0..Xk},sm~p1§_ < Z (srtripﬁ +tttrip’;> < C1ripk “4.4)
y=0 ' '

4.1.1 Node Features

We represent the environment in a graph form. In this graph, the nodes correspond to the points of
interest, the depot and the delivery locations, and the edges correspond to the connection between
each pair of points. We can characterise each node with a group of attributes named node features
and each edge with a weight (the distance between the points).

We divide the node features into two categories. The first category covers the attributes which
can be used to characterise nodes in both settings (CVRP and CVRPSTW). The attributes which
can only characterise nodes in the second scenario (CVRPSTW) are incorporated into the second
category.

The first class of attributes includes:
¢ Jocation: whether or not the vehicle is at the node.
* depot: whether or not the node is the depot.

* demand: the current demand of the node (0 at the depot or when the customer was already

served).
* current_capacity: the vehicle’s current capacity.
* next_capacity: the maximum capacity of the next trip.

* possible_capacity: the vehicle’s capacity after travelling to the node and serving the node’s

customer.
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can_serve: whether or not the vehicle has enough capacity to serve the customer at the node.

fuel_consumption: the fuel consumption when travelling to the node (from the current loca-

tion).
cost: the distance cost of travelling to the node (from the current location).

mask: whether or not this node would be masked out.

The second class of attributes includes:

current_time: current time.

travel_time: time taken to travel to the node (from the current location).
service_time: the time taken to serve the node (or reload the vehicle at the depot).
start_tw: the start time of the node’s time window.

end_tw: the end time of the node’s time window.

arrival_time: the time of arrival at the node (when travelling to the node directly from the

current location).

time_after_service: time after serving the customer at the node (when travelling to the node

directly from the current location).

inside_tw: whether or not the vehicle arrives at the node inside its time window (when

travelling to the node directly from the current location).

tw_error: the number of seconds the vehicle misses the time window for (when travelling to
the node directly from the current location). This value is negative when the vehicle arrives
before the time window’s start and positive if the vehicle arrives after the time window’s

end.

after_tw_start: whether or not the vehicle arrives at the node after the start of its time

window (when travelling to the node directly from the current location).

before_tw_end: whether or not the vehicle arrives at the node before the end of its time

window (when travelling to the node directly from the current location).

4.1.2 Masking Scheme

The action of our RL agent is equivalent to picking the next point of interest (depot or customer)

to which the vehicle will travel. Ideally, we would want this selected point to lead to the optimal

solution. However, first, the agent needs to learn. With only the reward function as a guide, the

agent is forced to explore a very large action space. Besides, not all the nodes in the graph lead to a
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feasible solution at all time steps. Since the research problem we are studying comprises multiple
hard constraints, these could be incorporated into the agent’s decision-making process.

In fact, in the literature, there have been many occasions where masks have been utilised to
block out invalid actions from being selected by the agent. The authors of [48] demonstrate the
positive effects of masking by comparing the performance of invalid action masking (removing
the actions from being selected) with invalid action penalty (giving a negative reward for invalid
actions), especially in large invalid action spaces. In Section 3.2, we previewed some of the masks
utilised in the literature to mask out actions in routing problems. These masking schemes range
from blocking out the possibility of staying in the same location forever to blocking out all the
points that turn the solution infeasible or that are known to lead to a non-optimal solution. For
example, there might be a time when the agent decides to explore whether or not it should leave
the depot or a particular customer. However, we are already aware of the outcome of this (staying
in the same location for multiple steps in a row). It yields unsatisfied customers and unfeasible
solutions.

Therefore, we implement a masking mechanism to limit the nodes that the agent can select.
This mask effectively narrows down the number of actions the agent can select. As a result, the
agent can only select nodes that would lead to a valid solution. Indeed, the mask blocks the agents

from executing the following actions:
» Not moving (selecting the current node as the next node).

* Visiting a customer that has already been served (selecting a node that is not the depot and

has no demand).

* Visiting a customer that it cannot serve (selecting a node whose demand exceeds the vehi-

cle’s remaining capacity).
Which leads our agent to adopt the behaviours:
* Ateach time step, it travels to a node different from the one it is currently in.
* At each time step, it either serves a customer or reloads at the depot.

In short, we mask out actions @ whose nodes are considered invalid by the following equation.
Invalid, : (a = current_location) V (a # depot_node A —(0 < demand,, < current_capacity)) (4.5)

where,
e Invalid, determines whether the action is invalid or not.
* current_location is the node the vehicle is currently in.
* depot_node represents the depot node (usually 0).

* demand, corresponds to the demand of the node selected by action a.
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* current_capacity is the remaining vehicle capacity.

Nevertheless, this mask is only defined to limit the actions based on hard constraints. In the
CVRPSTW, the restrictions related to the customer’s requested time windows are soft constraints.
Since soft constraints can be infringed, selecting an action that violates them does not induce an
unfeasible solution. Therefore, they were not masked out. While they lead to penalties, breaching
them might be necessary to fulfil the demand. Besides, the agent is required to make decisions

about whether or not it is beneficial to break these restrictions.

4.1.3 Reward Functions

As previously stated, reward functions help the agent learn the optimal policy by guiding it towards
the goal. Sparse rewards, even though the most direct and general way to design the reward for
many problems, might prove challenging to train with [92]. When the RL agent uses a sparse

reward function, some issues that might emerge include:

* The agent does not know which action or subsequence of actions better influenced the re-
ward it obtained. This problem is also known as the credit assignment problem or the blame

attribution problem.

* The agent might be unable to find any reward in the environment. Without any reward, the

agent cannot learn.

* The agent might be unable to find any positive reward in the environment. Without positive
rewards, the agent will favour inactivity or inexistent rewards (actions with a reward value
of 0).

A better-shaped reward function that distributes the rewards over multiple actions without
modifying the intended optimal policy can speed up training and help the agent learn the optimal
policy more efficiently.

Reward shaping is a technique used to enhance the natural and direct reward design. It adds
intermediate rewards to compliment the agent when it progresses towards the goal or penalise it
when it moves further away. This new reward function is much denser and can help the agent try
out promising behaviours earlier. However, it risks distracting the agent from the real goal and
learning a sub-optimal policy, even when the shaping is very close to the actual value [134].

When solving a VRP, reward functions are used to communicate to the agent the quality of the
solution it found. Higher rewards indicate a better solution. In this project, the reward functions
employed are a linear combination of reward signals. Therefore, we establish three groups of
reward signals.

The first group encourages the agent to serve customers. It consists of a single function called
Step Reward. It awards the agent for serving a customer while penalising it for returning to the

depot and travelling to customers that it cannot serve (either by lack of capacity or because the
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customer was already served). The purpose of this reward signal is twofold. Firstly, it acts as a
safeguard, incentivising the vehicle to avoid travelling to the depot after serving a single customer.
Secondly, it guides the agent away from customers it has already served (when learning without

the mask). The Step Reward can be formalised as follows:

—1 ,if destination, = depot

Step Reward,, = < 1 ,if 0 < demand gestinarion, < current_capacity (4.6)

—2, otherwise

, where
* ais the action that the agent executed.
* destination, is the destination node after executing action a.
* depot is the depot node.
* demandgestinarion, 1 the customer demand in the node selected by action a.
* current_capacity is the remaining vehicle capacity before executing action a.

The second group evaluates the routing quality, focusing on metrics related to the distance
travelled and fuel consumption. It comprises five different reward signals, Distance Reward, Nor-
malised Distance Reward, Distance Fraction Reward, Distance Savings Reward, and Fuel Con-
sumption Reward. The first four rewards account for the total distance travelled, an economic
metric, while the fifth accounts for fuel consumption, an ecological metric.

The first three penalise the agent based on the travelled distance between the current location
(current_location) and the destination node (destination,) selected by action a. When the vehicle
travels longer, all of them will provide the agent with a smaller reward. The Distance Reward

penalises the agent proportionally to the distance travelled, as detailed in Equation 4.7.

Distance Rewarda == _dcurrent_location,destinationa (47)

, Where deyrrent_iocation destination, 18 the distance travelled by the vehicle to go from current_location
to destination,.
The Normalised Distance Reward normalises the distances in order to obtain reward values

between 0 and 1, following the formula:

~ i —ming;(di;)
maxi’j(d,"j) — mil’ll’J(diJ)

(4.8)

, where min; j(d; ;) represents the minimum distance between any two points and max; ;(d; ;)
represents the maximum distance between any two points. Since the distances cannot be negative,
and the distance between any location and itself is always 0, the minimum value will always be O.

Hence, Equation 4.9 defines the Normalised Distance Reward.
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d; ;
o/ (4.9)

Normalised Distance Reward, =1 — ——2——
maxi7j(dl~7j)

The Distance Fraction Reward is a customised reward function based on the distance travelled
by the vehicle and the properties of fractions. This reward is also characterised by having its values
in the [0, 1] range. It is defined in Equation 4.13. The mathematical explanation for this formula
is presented below in Equations 4.10, 4.11, and 4.12, where i and j represent any two points. The

value 1 added between Equations 4.10 and 4.11 allows us to avoid divisions by O.

0<d;j<oo (4.10)
1<d;j+1<e 4.11)
O<dm+1§1 (4.12)

1

Fraction Reward, = 4.13)

dij+1

The Distance Savings Reward is another custom reward function inspired by the Clarke-
Wright Savings algorithm [14]. The Clarke-Wright Savings algorithm starts with the trivial so-
Iution of making a trip per customer. Then, iteratively, selects an edge to connect two different
routes. This edge is determined based on which edge would incur a bigger decrease in the overall
travel distance. Similarly, the Distance Savings Reward awards and penalises the agent based on
the reduction in the travel distance. It starts by assuming the same scenario: the vehicle travels
to each delivery point and back to the depot. In this scenario, we do not consider multiple trips
to the same location, as the vehicle only needs to deliver a single package by location. As such,
subsequent visits are not serving the customer and are, therefore, useless. As the agent selects new
nodes to add to its partial route, it calculates the savings between the actual path it follows and the
trivial one, similar to Clarke-Wright Savings. Firstly, it starts by calculating the cost of travelling

to the node selected by action a using the trivial worst-case scenario:

eXpeCted—COStcurrent_locati(m,destinationa = dcurrent_location,depot + ddepot,destinationa (4.14)

Then, it calculates the actual cost of travelling to the node by selecting action a. Note that if
the customer is not served, the vehicle will need to come back, leading to an increase in the total
distance travelled. The cost of this extra trip (travelling to the depot and back to the customer) is

calculated in the same way as the expected cost.

real_coStcurrem_location,destinatiomZ = dcurrent_location,destinationu + non_served_costa (4 15)
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0,if 0 < demand, < current_capacity
non_served_costyestination, = 4.16)

ddestinationa,depot + ddepot,destinationa ,0therw1se

Finally, Equation 4.17 defines the Distance Savings Reward.

Distance SaVIHgS Rewarda = expeCted—COStcurrent_locatiomdestinationa

“4.17)
- real_COStcurrentJ ocation,destination,

The last reward of this group is the Fuel Consumption Reward depicted in Equation 4.23. As

further explored in Section 4.2.3 and Equation 4.30, the fuel consumption can be calculated using

the formula:

Fuel Consumption = Distance Travelled * Vehicle and Cargo Weight (4.18)

Accordingly, the Fuel Consumption Reward attempts to reduce the magnitude of the values
obtained using the maximum possible fuel consumption for a single trip segment between any two
nodes. This worst possible value (max_fuel_partial) corresponds to travelling the graph edge with
the biggest length while the vehicle is full.

max_fuel_partial = (vehicle_weight + vehicle_capacity) * max(d; ;) (4.19)
l

)

, where:

* vehicle_weight corresponds to the weight of the vehicle without any packages. In this
project, we assumed a vehicle weight of 1500 kilograms. While this is not close to the
weight of a truck, it is a good approximation for the poundage of a last-mile delivery vehicle
with smaller sizes. Besides, on average, in the Amazon dataset (described in Section 5.1),

the vehicles have a maximum capacity of 3.6 cubic metres.
* vehicle_capacity corresponds to the maximum capacity of the vehicle.

For each action selected, the vehicle travels from its current location to the location chosen
by action a. However, the packages delivered at the destination need to be carried from the depot
to that location. Therefore, when the agent adds a new customer to the trip, the corresponding

package needs to be transported from the depot until it gets dropped off.

fuel_consumedvehicle = dcurrentJocation,destinati()na * Vehicle_weight (420)

fuel_consumed crqge = distance_since_depot,iarion, * Package_weight (4.21)
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, where distance_since_depot jestination, corresponds to the route’s total distance from the depot to

the node selected by a, passing by all the other nodes previously selected after the last depot visit.
fuel_conSumedcurrent_location,deslinationa = fuel_consumedvehicle + fue]_Consumedpackage (422)

Finally, Equation 4.23 depicts the Fuel Consumption Reward.

fuel_conSumedcurrent_location,destinationa

Fuel Consumption Reward, =1 — (4.23)

max_fuel_partial

Instead of using the maximum distance of a single segment and considering the vehicle full
during that segment, one could use other values to reduce the magnitude of the reward value.
Another possibility includes considering the maximum fuel consumed in a trip to deliver a single

package of capacity equal to the vehicle’s maximum capacity, as shown below.

max_fuel_partial ;. uive = MaxX(dgepor,i * (vehicle_weight + vehicle_capacity)
l

4.24)
+ dgepor,i * vehicle_weight)

The third group penalises the agent for missing its time windows and measures customer satis-
faction. It includes two different reward signals, Error Reward and Inside or Outside Reward. The
first signal attributes a penalty proportional to the time gap between the package delivery and the
requested time window. In contrast, the second signal simply penalises package deliveries outside
the time window. Additionally, the penalties are the same whether the package was delivered early
or late. Accordingly, serving the order 10 minutes earlier would yield the same punishment as 10

minutes late. Thus, the time gap can be defined as follows:

early_delivery_gap, = max (0, start, — delivery_time,,) (4.25)
late_delivery_gap, = max(0,delivery_time, —end,) (4.26)
time_gap, = early_delivery_gap, + late_delivery_gap, 4.27)

, Where

* start, and end, are the start and end of the requested time window of the customer selected

by action a.

* delivery_time, corresponds to the time when the vehicle arrived at the customer selected by

action a.

If the customer does not specify a starting time for its time window, the value of early_delivery_gap
will be 0. Similarly, when the end time is not defined, the value of late_delivery_gap will be 0.

Using the defined time gap, the Error Reward is detailed in Equation 4.28. The time gap is
divided by 2 hours to reduce this value’s order of magnitude.
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time_gap,,
2% 6060
Equation 4.29 depicts the Inside or Outside Reward. This reward penalises the agent for de-

Error Reward, = — (4.28)

livering packages outside the delivery window on two levels. The first level considers a difference
of up to 10 minutes, with a smaller penalty of -0.5. More significant deviations from the time

window result in a penalty score of -1.

0 ,if time_gap, =0
Inside or Outside Reward, = —< 0.5 |if time_gap, < 1060 (4.29)

1 ,otherwise

4.2 Performance Metrics

In this section, we discuss how to evaluate the performance of our approach. Firstly, we start with
existing performance evaluation metrics in the literature that can be applied in multiple domains to
assess the method’s quality. In particular, we provide an overview of both Reinforcement Learning
and Transfer Learning metrics. Then, we discuss what could be considered a performance measure

in our specific domain, the VRP and its variants.

4.2.1 Reinforcement Learning Metrics

The most common performance evaluation metrics in RL algorithms are the received reward and
the time spent training and / or testing the model.

The received reward can be observed and analysed from two different perspectives. Firstly, in
regard to a single episode (as a function of the number of steps in that episode), it can illustrate how
the rewards are dispersed through the episode. Secondly, analysing the cumulative reward obtained
in each epoch (as a function of the number of epochs) can describe the policy evolution throughout
the training. To analyse the cumulative reward, we could accumulate it across multiple episodes
and epochs, yielding the Accumulated Reward or resetting that accumulator between episodes or
epochs, yielding the Received Rewards per Episode or Received Rewards per Epoch, respectively.
Both metrics produce the same results as the Received Rewards’ absolute value corresponds to the
Accumulated Reward’s slope.

On the other hand, the time spent training and / or testing the model reflects the computational
power it requires and its efficiency. This metric usually requires that both models train in the same

or equivalent hardware and software.

4.2.2 Transfer Learning Metrics
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For ease of comparison with other projects, we started by compiling evaluation metrics already
in use in the literature. Zhu et al. [160] group these performance metrics according to their per-
spective and main focus, as seen in Figure 4.1, and the TL ability they evaluate. According to that
ability, the metrics are separated into two groups, mastery and generalisation. Mastery indicates
the agent’s level of proficiency in the target domain. Generalisation indicates the agent’s ability to
efficiently adapt to the target domain using the transferred knowledge from the source task. Addi-
tionally, some metrics can fit into both of these categories, depending on the choice of threshold.

Figure 4.2 visually demonstrates how each of the following metrics was classified.

* Jumpstart performance [116, 160, 141]: the initial performance of the agent in the target

domain.

* Performance sensitivity [160]: the performance variance when using different hyperparam-

eter settings.

* Necessary knowledge amount [160]: the necessary amount of knowledge required to trans-

fer.
* Necessary knowledge quality [160]: the necessary quality of the transferred knowledge.

* Time to threshold [116, 160]: number of steps necessary to reach the specified threshold. A

low threshold measures generalisation, whereas a higher threshold measures mastery.

» Performance with fixed training epochs [160, 141]: agent’s performance after a fixed num-
ber of steps. A low number of steps evaluates generalisation, whereas a higher number of

steps evaluates mastery.

* Asymptotic performance [116, 160, 141]: the final performance of the agent in the target

domain.
* Accumulated rewards [116, 160]: the total reward accumulated by the agent.

 Transfer ratio [116, 160]: the ratio between the agent’s performance with and without trans-

/ Learning Process \ / \

Transferred Knowledge

fer.

Jumpstart performance
Performance sensitivity

Time to threshold Necessary knowledge
Performance with fixed amount
training epochs
Asymptotic performance

Accumulated rewards Necessary knowledge

K Transfer ratio j \ quality /

Figure 4.1: Result Evaluation Metrics divided according to their Perspective and Main Focus
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Generalization

Jumpstart performance Time to threshold Asymptotic performance

Performance sensitivity

Performance with fixed Accumulated rewards

training epochs

Necessary knowledge
amount

Transfer ratio

Necessary knowledge
quality

Figure 4.2: Result Evaluation Metrics divided into Mastery and Generalisation

4.2.3 Domain Metrics

As referred to in Section 3.1, when optimising the VRP, one can consider multiple conflicting
objectives. While some of those objectives are not tangible, others are not so clear. In this project,

we will focus more on the quantifiable ones, such as:
¢ Reducing the distance costs.
* Reducing the time costs.
* Improving the trip’s energy efficiency.
* Reducing fuel consumption.
* Reducing carbon footprint.
* Reducing GHG emissions.
* Reducing CO; emissions.
* Reducing the number of vehicles needed.
¢ Reducing the number of deliveries made outside the customer’s requested time window.
* Reducing the number of times a delivery is made earlier than requested.
* Reducing the number of times a delivery is made later than requested.
* Reducing the time gap between the time of the delivery and the requested time window.

Nonetheless, not all of the objectives presented are conflicting, and some are correlated. For
example, fuel consumption is inherently connected to the carbon footprint and the emissions of
GHG and CO,. Moreover, by reducing fuel / energy consumption while still using the same type

of vehicles and delivering all the packages to the customers, we are automatically increasing fuel
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/ energy efficiency. Since there is a directly proportional relationship between fuel consumption
and the carbon footprint, GHG, and CO; emissions, and an inversely proportional relationship be-
tween fuel consumption and fuel / energy efficiency, observing the fuel consumption metric should
provide a good overview of how those metrics are performing. Therefore, one could consider the

following performance measures:
* Total Distance Travelled: kilometres travelled by the fleet of vehicles.

 Total Trip Time: time spent outside the depot (travelling, serving customers, or waiting to

serve customers) by the fleet of vehicles.

* Number of Vehicles: number of vehicles necessary to serve all the customers.

Total Fuel Consumption: litres of fuel consumed by the vehicles.
* Violated Time Windows: number of deliveries made outside the requested time window.

It is essential to highlight that fuel consumption is still somewhat connected to the distance
travelled or time spent on the trip. Despite that, it also depends on other factors, such as weight,
speed, traffic congestion, and driver habits. According to [80], we can calculate GHG emissions
using the formula:

GHG Emissions = D*W xEF (4.30)

where,
* D is the distance travelled by the vehicle.
* W corresponds to the weight (both the vehicle’s weight and the carried packages).

» EF is the emissions factor. It corresponds to the amount of GHG emitted per litre of fuel

used. This factor can be approximated as a constant.
Therefore, in this project, we will be observing and examining the following metrics:
* Unsatisfied Demand and Unsatisfied Customers
» Average Vehicle Load per Trip

¢ Total Distance Travelled

Total Fuel Spent

* Percentage of Customers Served Outside their Requested Time Window (either Early or
Late)



Chapter 5

Experimental Setup and Result Analysis

This chapter presents the datasets as well as the experiments, their configuration and parameters,
and respective results and analysis. We start by introducing the datasets and their properties.
Afterwards, we describe the general characteristics of the experiments. Then, we introduce each
experiment and its specific settings, followed by the results and their analysis. To organise our
experiments, we divided them based on the environment in which the agent operates and the
method used. As a result, we conducted three experiments: the first two using Reinforcement
Learning and the third one using Reinforcement Learning in conjunction with Transfer Learning.
Each Reinforcement Learning experiment targeted a different environment: the first focused on
the Capacitated Vehicle Routing Problem (CVRP), and the second on the Capacitated Vehicle
Routing Problem with Soft Time Windows (CVRPSTW).

Some of the graphs in this chapter present relative values instead of absolute ones. These

relative values are calculated within each run, meaning they were calculated using the formula:

value — minimum value of the run

G.D

relative value = - —
maximum value o f the run — minimum value of the run

While the absolute values allow us to compare the agent’s performance, using relative values
enables us to compare the evolution of the agent’s performance. The use of relative values is
necessary due to big disparities between absolute values or the impossibility of comparing absolute

values.

The lines in the graphs represent the moving average of the last five values. Additionally, some
graphs include a coloured area surrounding the lines delimited by the maximum and minimum
values of the last five values. In the graphs with more lines, the coloured area was omitted for

legibility.

For the complete and exact hyperparameters used in each of the experiments, see Appendix B.

53
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5.1 Datasets

Before conducting the experiments, it is necessary to analyse the data that we will employ. The
first one comes from the Loggi Benchmark for Urban Deliveries (LoggiBUD) [74], while the
second one comes from the 2021 Amazon Last Mile Routing Research Challenge [81, 91]. From
now on, we will refer to them as the Loggi dataset and the Amazon dataset, respectively. Note that
both datasets only assume deliveries, excluding the concept of pickup points.

Some general properties for each dataset are presented in Table 5.1. Those properties include:
* Dataset: the name of the dataset.

* N Cities: the number of cities depicted in each dataset.

CVRP: whether or not one can consider the CVRP when using this dataset.

CVRPSTW: whether or not one can consider the CVRPSTW when using this dataset.

Table 5.1: Properties of the Datasets

Dataset N Cities CVRP CVRPSTW
Loggi 3 X
Amazon 5 X X

Tables 5.2 and 5.3 describe each of the cities included in the Loggi and Amazon datasets,
respectively. This characterisation includes:

* City: the city’s name.

* N Routes: the number of routes that contain delivery points in that city.

* N Points: the total number of delivery points across all the available routes.

* Min Points/Route: the minimum number of delivery points per route in that city (excludes

routes that do not deliver items to that city).

* Max Points/Route: the maximum number of delivery points per route in that city (excludes

routes that do not deliver items to that city).

* Avg Points/Route: the average number of delivery points per route in that city (excludes

routes that do not deliver items to that city).

The Loggi dataset contains 1320 CVRP instances simulating large-scale delivery problems
within Belém, Brasilia, and Rio de Janeiro, some of Brazil’s largest cities. Even though Loggi
proposes three increasingly complex tasks capable of being solved with this dataset, in this project,

we exclusively focus on the first one, the CVRP. However, we introduce some modifications to the
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optimisation objective. Instead of only minimising the total distance travelled, other optimisation

needs, discussed in Section 4.2.3, are taken into account.

Table 5.2: Properties of Cities Present in the Dataset from Loggi [74]

City N Routes N Points Min Points/Route Max Points/Route Avg Points/Route
Belém 240 533973 211 5108 2224.89
Brasilia 360 1179407 765 5636 3276.13
Rio de Janeiro 720 3466092 1758 8421 4814.02

The Amazon dataset comprises 9177 historical routes. They contain delivery points scattered
throughout Austin, Chicago, Seattle, Boston, and Los Angeles. While some of the delivery points
include multiple packages, for ease of generalisation with the previous dataset, we treat each
package as an individual delivery point when converting the routes to instances. Specifically,

Table 5.3 comprises the number of delivery points after separating each package.

Table 5.3: Properties of Cities Present in the Dataset from Amazon [81]

City N Routes N Points Min Points/Route Max Points/Route  Avg Points/Route
Austin 335 79977 153 304 238.74
Boston 1345 309925 151 299 230.43
Seattle 1505 345343 151 299 229.46
Chicago 1472 372259 158 299 252.89

Los Angeles 4520 1077713 150 299 238.43

Both datasets only consider delivery points and disregard pickups. Additionally, they both
assume a homogeneous fleet without specifying restrictions on the number of vehicles or the max-
imum number of trips per vehicle. As a result, in this project, we will consider a single vehicle
capable of completing an infinite number of trips. This presumption is analogous to assuming an
infinite number of vehicles, where each vehicle completes a single trip, except time accumulates

between trips.

5.2 Core Configuration

Since our goals are divided into two groups, we present two separate pipelines for our experi-
ments. When using the first pipeline, we explore the effects of different representations, action
restrictions and reward functions on the RL’s agent overall learning and performance. The second
pipeline incorporates the first one and is intended to examine the effects of TL on the new agent’s
performance.

As previously mentioned in Section 2.1, an RL agent maps environment states to actions. The
first pipeline, illustrated in Figure 5.1, corresponds to a single one of these mappings. It starts by

deconstructing the environment state and organising it into nodes, edges, and their features.
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Figure 5.1: Steps Taken to Map an Environment State to an Action

Figure 5.3 exemplifies the second pipeline. This pipeline presents how Transfer Learning is
applied to RL agents. Typically, an RL agent uses a dataset to train its model, as in Figure 5.2.
When using Transfer Learning, the agent first receives knowledge from an already trained source

model and then trains using an entirely new dataset.

Dataset Model
Learning

Figure 5.2: Reinforcement Learning Pipeline without Transfer Learning
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Figure 5.3: Transfer Learning Pipeline

After showcasing our pipelines, we proceed to provide their setup and configuration details.
The REINFORCE algorithm described in Section 2.1.2 was used to train the agent. Due to time
restrictions, optimising all the hyperparameters used was impossible. Therefore, the Graph Neural
Network configuration is similar to the one presented in [39]. It contains a single Graph Convo-
Iutional Network layer, followed by a connection function and three Linear layers. The network

weights are initialised as an orthogonal matrix, and its bias is initialised as zero.

Additionally, we defined the learning rate to be 10~ since the authors of [56] deemed it the
most appropriate. Furthermore, we performed some experiments regarding the discount factor
(y) value, which can be seen in Figure 5.4. We used a discount factor of 0.98 for all our other
experiments, as it provided more stable and convergent learning. Aside from that, we went with

the default parameters considered by the library we were using [133].
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Figure 5.4: Discount Factor Tuning: Rewards per Episode

The exact hyperparameters used in each experiment are described in full detail in Appendix B.
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5.3 Capacitated Vehicle Routing Problem (CVRP)

The CVRP environment deals with the Capacitates Vehicle Routing Problem scenario. As such, it
is subject to its constraints. Additionally, from the node features and reward signals recognised in
Sections 4.1.1 and 4.1.3, respectively, it only employs the ones related to the general routing or the
vehicle capacity constraint. Moreover, we only examine domain metrics associated with routing
and vehicle capacity from the ones presented in Section 4.2.3.

The reward functions approached in this section are detailed below.

Distance, = Distance Reward,, (5.2)

Distance Norm., = Normalised Distance Reward, 4 Step Reward,, (5.3)
Fraction, = Fraction Reward, + Step Reward, 5.4)

Savings, = Savings Reward,, (5.5)

Fuel Cons., = Fuel Consumption Reward, + Step Reward,, (5.6)

Multi (D + F), = Normalised Distance Reward, 4 Fuel Consumption Reward, 4 Step Reward,,
(5.7)

aeA . . . .
Distance Norm. if episode is over
Sparse (Dist. Norm.) = Lo 2 P (5.8)

0 ,otherwise
, where A represents the sequence of actions executed during the episode.
The last equation represents the Sparse Reward. Identical to the Distance Norm. in terms of
received rewards per episode, it only provides the rewards to the agent at the end of the episode

instead of at every step.

5.3.1 The Masking Mechanism

Due to the difficulties in guiding the agent to a feasible solution referenced in Section 4.1.2, we
implemented a mask that prevents selecting nodes that lead to an invalid sequence of actions.
This section displays the experimental results that verify that using this specific mask guarantees
a better jumpstart and overall performance. Thus, we compare the agent’s learning when using
different masking procedures. The first agent (None) will be operating without any restriction.
The second agent (Noop) will use a simpler mask to avoid not moving (selecting the node the
vehicle is currently in). The third agent (Invalid) will use the mask described in Section 4.1.2.
Remembering, this mask blocks our agent from deciding to execute actions that lead to unfeasible

or less-than-optimal solutions, such as:

* Selecting the current node.
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* Selecting a customer who has already been served (whose demand is 0).

» Selecting a customer the vehicle cannot serve (its demand exceeds the remaining capacity
of the vehicle).

Since agents None and Noop are not guaranteed to finish the episode, a maximum number of
steps for a single episode was established. In the event that the agent surpassed it, the episode
would stop, and a penalty of 1000 would be issued. The Invalid agent cannot visit the same
customer twice. As such, there is no need to establish an upper bound on the number of actions it

can execute per episode.

Figure 5.5 depicts the absolute values of the total rewards received per episode. While this
figure does not allow us to evaluate the evolution of rewards throughout learning, it highlights the

difference between the performance of the various agents.
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Figure 5.5: Rewards per Episode Comparison between Agents using Different Masks (Absolute
Values)

Figure 5.6 illustrates the evolution of rewards received per epoch using relative values. These
normalised relative values allow us to perceive the evolution of the rewards and analyse the con-
vergence. These relative values do not contain information about which agent performs better but
rather which agent has a better or worse evolution. A downward curve indicates that the agent’s
performance degrades as it trains more, and an upwards curve demonstrates that its performance

improves over time.
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Figure 5.6: Rewards per Episode Comparison between Agents using Different Masks (Relative
Values)

As can be observed in the previous two figures, the agent using Invalid clearly outperforms
the others. The size of the action space, combined with the fact that this problem is combinatorial,
difficults the learning of the other two agents. These other agents have to go through a lot of the
search space in order to figure out what was initially imposed on the Invalid agent. Since this agent
sees its search space reduced at each step, it will have fewer problems finishing all the deliveries
and the episode. On top of that, it will avoid the penalty applied for not being able to complete all
the deliveries.

Intuitively, by not having to explore a large group of invalid actions and negative rewards,
the agent will have more opportunities to explore valid actions. Indeed, since the agent starts
without any prior knowledge of which actions are valid or invalid, it needs to explore the entirety
of the action space to determine which actions are beneficial or detrimental before choosing which
actions are better.

Figures 5.7, 5.8 and 5.9 demonstrate the problems with the solutions the Noop and None agents
found. These agents get lost on local minimums that do not produce feasible solutions.
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Figure 5.7: Distance Travelled Comparison between Agents using Different Masks (Absolute
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Figure 5.9: Unsatisfied Customers (%) Comparison between Agents using Different Masks (Ab-
solute Values)

While agent Invalid serves all the customers, agents Noop and None do not. These two wander
around almost aimlessly without serving almost anyone. In fact, they both leave most customers
unserved, with Noop averaging 95.81% and None at 99.68%. While the agent Noop manages to
serve 45.24% of customers during epoch 1744 (leaving 54.76% of customers unserved), the agent

without any restrictions (None) never serves more than 0.32% of customers.

None opts for not leaving the depot or simply visiting a single customer and then stopping
there for the rest of the epoch. On the other hand, since Noop cannot remain in the same location,
it usually hops in a loop between 2 or 3 customers, occasionally breaking the circle to serve a few
customers or engage in a new loop. During their best epochs (947 and 1744, respectively), agents
None and Noop serve 4 and 258 customers, respectively, out of 1293. Additionally, they visit the
depot 512 and 259 times and repeat customers 2044 and 2043 times.

5.3.2 Node Features

This section evaluates the effects of different node features on the agent’s performance. For that,

we select some of the referred properties as obligatory and some as optional.

Table 5.4 identifies all the node features considered and whether they were obligatory or op-
tional.
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Table 5.4: Node Features Considered in the CVRP Experiments

Node Feature Obligatory Optional
location X
depot X
demand X
current_capacity
next_capacity
possible_capacity
can_serve
fuel_consumption

cost

KX KX ) XX

mask

The results of this experiment can be seen in Table 5.5. For simplicity, only the optional node
features are presented in the table. The column Accumulated Rewards holds the cumulative re-
wards obtained through 25 training epochs. The best performant agents attain good accumulated
rewards, as well as good initial and final performances. Additionally, the initial and final perfor-
mances should be different to indicate the potential to develop and evolve over time. Figure 5.10

describes the distribution of the cumulative rewards obtained per agent.
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Figure 5.10: Distribution of Accumulated Rewards Obtained by Agents using Different Node
Features through the Span of 25 Epochs

As can be seen, there is a significant variance in the accumulated rewards caused by using
various node feature combinations. Additionally, Figure 5.11 showcases the effects of different

node feature combinations throughout the 25 training epochs.
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Figure 5.11: Distribution of Rewards per Epoch Obtained by Agents using Different Node Feature
Combinations

This figure also observes a large range of values, indicating that node feature combinations
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influence the initial and final performances of the agent as well as its training. This impact can
be partly justified by the low amount of training completed by the agents. Since the agents in
this experiment only train for 25 epochs, their performance is highly dependent on the network

initialisation, which is an orthogonal matrix.

We decided to explore further the combination: location, depot, demand, current_capacity,

next_capacity, fuel_consumption, and cost for the experiments regarding the CVRP environment.

5.3.3 Reward Functions

In order to prove the impact and importance of correctly designed reward functions, we performed
two different experiments. Due to the nature of this section and to allow a fair comparison between
agents, the absolute rewards per episode will not be considered. The rewards the agent receives
will be inherently different as a result of different reward functions. Therefore, all the comparisons

will regard only the relative rewards per episode and domain metrics.

In the first experiment, we use the mask addressed as Invalid in the previous section, which
masks out invalid nodes, to test the agent’s performance under different reward functions. Fig-
ures 5.12, 5.13, and 5.14 depict the effects of using different reward functions with the same

objective on the agent’s performance.
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Figure 5.12: Rewards per Episode Comparison between Agents using Different Reward Functions
(Relative Values)
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Figure 5.14: Fuel Consumption Comparison between Agents using Different Reward Functions
(Absolute Values)

As expected, even though the agent’s performance differs as a result of different reward func-
tions, it still performs quite similarly when optimising the same objectives. Additionally, rewards
such as Fraction and Savings note a bigger stability than the Distance Norm. reward. Surprisingly,
the agent subject to Sparse (Dist. Norm.) performs very well. This is in great part due to the mask-
ing mechanism used. Since the mask guides the agent to finish the episode, when using the Sparse
(Dist. Norm.) reward function, the agent will still receive the entirety of the episode rewards.
While they are delayed, all the partial trips that compose the vehicle’s route are considered and
accounted for in the final reward. However, in the case that they do not use masking, the agent is

not guaranteed to finish the episode. As such, the rewards received may vary, which will lead to

very different results.
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Figures 5.15, 5.16, and 5.17 portray the effects of using different reward functions attempting
to optimise different objectives.

Evolution of Rewards per Epoch

100
- 1
s :
[ 1
% 80 1
> i
g |
= | Reward Function
© I
2 60 : —— Distance Norm.
=t ? === Fuel Cons.
g ‘l -------- Multi (D + F)
|_|Q_|' 40 :
5] "y
Q 1
» 1
o 1
g 20 |
= 1
) 1
o 1
1
L

0 200 400 600 800 1000
Epoch
Figure 5.15: Rewards per Episode Comparison between Agents using Different Reward Functions
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Figure 5.16: Unsatisfied Customers Comparison between Agents using Different Masks (Absolute
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Figure 5.17: Fuel Consumption Comparison between Agents using Different Reward Functions
(Absolute Values)

Most importantly, the behaviour is different when trying to optimise different objectives. Quite
unexpectedly, the agent attempting to minimise the distance (using the Distance Norm. reward)
outclasses its counterparts which consider fuel consumption minimisation in both distance trav-

elled and fuel consumption.

There are two main factors which contribute to this underperformance. The first factor is the
network initialisation does not favour this reward function. The node features were also chosen
based on how well the agent performed with them when receiving rewards from the Distance
Norm. function. On the other hand, the agent might have problems with credit assignment since
the package must travel from the depot to the customer, and all that distance needs to be considered
when calculating the fuel consumption. As such, delivering the heavier packages first and the
lighter ones later leads to a much better reward than the opposite. Nonetheless, this is implicit
and, therefore, not explicitly represented in the reward function. Thus, the agent might need more

time and training to understand these caveats effectively.

In a second experiment, we experimented without the mask and effectively compared dense
and sparse reward functions. In this scenario, we can visualise and interpret the absolute reward
per episode since, when the actions executed are equal, both functions grant the same reward per
episode. The only difference is using a dense reward function, Distance Norm., for the Dense

agent and a sparse reward function, Sparse (Dist. Norm.), for the Sparse agent.

However, the agents require much more training when training without the mask. Due to time
constraints, the experiment concluded after only 1000 epochs, which is not enough to preview the

full picture of training with these two reward functions, as seen in Figure 5.18.
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Figure 5.18: Rewards per Episode Comparison between Agents using Different Reward Functions
(Absolute Values)

5.4 CVRP with Soft Time Windows (CVRPSTW)

The CVRPSTW environment represents the Capacitated Vehicle Routing Problem with Time Win-
dows. Therefore, alongside the restrictions already presented in the previous section, the cus-
tomers should be visited within a specified time window. As such, all the constraints introduced
in Section 4.1 need to be respected. Moreover, any of the node features, reward signals, and
performance metrics discussed in Sections 4.1.1, 4.1.3 and 4.2.3 is applicable.

Similarly to the previous section, we establish the reward functions as a linear combination of
reward signals proposed. However, instead of testing the reward signals related to routing and the
capacity constraints, we explore the ones related to the customer time windows. In this experiment,
we explore two particular reward functions: the TW Failed (D) and the TW Error (D) described in
Equations 5.9 and 5.10.

TW Failed (D), = Distance Norm., + Inside or Outside Reward,, 5.9

TW Error (D), = Distance Norm., + Error Reward,, (5.10)

54.1 CVRP vs CVRPSTW

Before diving into the specifics of the CVRPSTW, it is important to understand the behavioural dif-
ferences between agents operating in the CVRP and the CVRPSTW environments. Figures 5.19, 5.20,
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and 5.21 expose the main differences between agents trained in the CVRP and CVRPSTW envi-

ronments.
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Figure 5.19: Rewards per Episode Comparison between Agents operating in Different Environ-
ments (Absolute Values)
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Figure 5.20: Distance Travelled Comparison between Agents operating in Different Environments
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Figure 5.21: Time Windows Missed Comparison between Agents operating in Different Environ-
ments (Absolute Values)

As expected, the agent operating in the CVRP domain will start with better reward values as
it will not be penalised by serving the clients outside the required time windows. However, we
can note an unexpectedly significant reward difference between epochs 1000 and 2000. In fact,
during that time, the CVRPSTW agent achieved a bigger reward and a smaller distance travelled,

even though it was subject to more constraints and penalties than the CVRP.

Overall, although the agent operating in the CVRPSTW domain does not receive higher re-
wards, it still travels a somewhat similar distance. Additionally, its behaviour is more stable, and
the number of time windows it misses is small. Only 0.14% of customers received their orders out-
side their expected time window, which means that from the 1.237% of customers that requested

a time window, only 11.32% received theirs outside of it.

5.4.2 Node Features

Similarly to Section 5.3.2, this section evaluates the effects of different node features on the agent’s
performance. The most significant difference is related to the node attributes featured. The CVRP
experiments’ attributes were related to routing and capacity constraints. In contrast, in this ex-
periment, they are related to time and time windows. Once again, we select some of the referred

properties as obligatory and some as optional.

Table 5.6 identifies all the node features considered and whether they were obligatory or op-
tional.
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Table 5.6: Node Features Considered in the CVRPSTW Experiments

Node Feature Obligatory Optional
location X
depot
demand
current_capacity
can_serve
cost
mask
current_time
travel time
service_time
start_tw

T T A R e i S S S S

end_tw
arrival_time
time_after_service
inside_tw
tw_error
after_tw_start
before_tw_end

MM X X X X

The results of this experiment can be seen in Table 5.7. For simplicity, only the optional node
features are presented in the table. The column Accumulated Rewards holds the cumulative re-
wards obtained through 25 training epochs. The best performant agents attain good accumulated
rewards, as well as good initial and final performances. Additionally, the initial and final perfor-
mances should be different to indicate the potential to develop and evolve over time. Figure 5.22

describes the distribution of the cumulative rewards obtained per agent.
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Figure 5.22: Distribution of Accumulated Rewards Obtained by Agents using Different Node
Features through the Span of 25 Epochs

As can be seen, the variance in accumulated rewards is much smaller than the one obtained
in Section 5.3.2. With the exception of using all optional node features, all other combinations
perform much more similarly. However, there are still some disparities. Figure 5.23 showcases
the effects of different node feature combinations throughout the 25 training epochs. It does not

include the combo of all optional node features.

Accumulated Rewards

350
300
epoch
250 E
g B 10
g 200 15
g B 20
w I 25

-
a
o

-
o
o

485 490 495
Accumulated Rewards per Run

0

50 ! ! ! !
| ]
470 475 480

Figure 5.23: Distribution of Rewards per Epoch Obtained by Agents using Different Node Feature
Combinations
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It also observes a large range of values, with darker bars on the right, indicating that the node
feature combinations allow the agent to learn and improve its performance. Nonetheless, with

only 25 training epochs, the performance is still heavily affected by the initialisation method.

We decided to explore further the combination: location, depot, demand, current_capacity,
next_capacity, fuel_consumption, cost, current_time, travel_time, service_time, start_tw, end_tw,

tw_error, and time_after_service for the experiments regarding the CVRP environment.

5.4.3 Reward Functions

This section assumes a similar purpose to Section 5.3.3: to explore the impact and performance
of different reward functions. However, instead of testing the reward signals related to routing
and the capacity constraints, we explore the ones related to the customer time windows. Once
again, due to the nature of this section and to allow a fair comparison between agents, the absolute

rewards per episode will not be considered.

Figures 5.24, 5.25 and 5.26 portray the evolution of agents operating in the CVRPSTW envi-

ronment.
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Figure 5.24: Rewards per Episode Comparison between Agents using Different Reward Functions
(Relative Values)
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Figure 5.26: Failed Time Windows Comparison between Agents using Different Reward Func-
tions (Absolute Values)

Figure 5.27 demonstrates how the penalty applied evolves as the delivery gets farther from the
requested time window. In this figure, the Error Reward is the penalty applied to the TW Error
(D), and the Inside or Outside Reward is the penalty applied to the TW Failed (D). The values
correspond to penalties, which, essentially, means that the agents receive them as negative values,

the symmetric of the value represented in the graph.
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Figure 5.27: Penalties Obtained as the Delivery Time gets Farther Away from the Requested Time
Window

Since the REINFORCE algorithm is based on gradients, a constant function during a certain
portion of values is harder to optimise. Due to the nature of the reward functions, and the penalty
applied to the agents for missing deliveries on the requested time windows (shown in Figure 5.27),
the agent receiving the TW Error (D) will converge quicker than the agent receiving the TW Failed
(D) reward.

5.5 Exploring Transfer Learning

This section explores the effects of transferring the knowledge from a source model to a target
model and continuing its training on the new task. To transfer that knowledge from one model
to another, we simply initialise the weights and biases of the target model with the respective
values held by the source model. This practice is called fine-tuning, one of the Transfer Learning
approaches. We chose to fine-tune our models without freezing any layers (frozen layers do not
update during the backpropagation step). By doing this, our entire network is allowed to train and

adapt to the new task.

5.5.1 Changing Dataset

The first experiment regarding Transfer Learning explores the ability of the agent to adapt to
a different dataset. Firstly, the agent is trained on the Amazon Dataset, considering a CVRP
environment. Afterwards, the knowledge is transferred to another agent operating on the Loggi
Dataset, still in a CVRP environment. Below, we compare the performance of two agents, one that
received knowledge from the previously trained agent and another that started the training from

scratch.
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Figure 5.28: Rewards per Episode Comparison between Agents when using Transfer Learning to
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Figure 5.29: Distance Travelled Comparison between Agents when using Transfer Learning to
Change Dataset (Absolute Values)

The similarities between both datasets affect how positive the transfer is. Both the source and
target agents operate in the same environment, and only the magnitude of values changes. Since
the domains are very similar, the agent performs much better than the one trained from scratch.
Even though the agent that starts the training from scratch has a similar start to the one subject

to knowledge transfer, the latter quickly surpasses its counterpart. It becomes more stable and
receives more rewards.

5.5.2 Removing the Mask
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Our second experiment involving Transfer Learning evaluates the ability of the agent to function

without the mask. Figure 5.30 illustrates the effects of reusing knowledge from an agent trained
with it.
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Figure 5.30: Rewards per Episode Comparison between Agents when Using Transfer Learning to
Remove the Mask (Absolute Values)
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Figure 5.31: Unsatisfied Customers Percentage Comparison between Agents when Using Transfer
Learning to Remove the Mask (Absolute Values)

Since the mask proved such a critical piece in the agent’s training, it was expectable that
the agent subject to knowledge transfer surpassed the agent without TL substantially. However,
the agent is not capable of outperforming its counterpart. It starts by scoring —1510.33, only
marginally below (0.02 units) the agent without knowledge transfer, who scored —1510.31. Then,

it continues to perform slightly worse than the agent without Transfer Learning. However, it
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evolves quicker as its first downward curve appears before the 100 epochs, while its counterpart

only starts evolving around the 800 epochs mark, as seen in Section 5.3.1.

There are two main possibilities for this low performance: the lack of training of the source
agent and the exploring phase of RL. On the one hand, the source agent might require more training
before being generalisable to working without the mask. On the other hand, since the source agent
never picked invalid nodes, it might not recognise them as invalid but rather unexplored. It would
require longer training to discern which option applies or if some other factors are affecting the

target agent.

5.5.3 Changing Environment

The third experiment explores one of the focal topics of this project, whether or not knowledge
can be reused across different VRP variants. We start by analysing how an agent trained in the
CVRPSTW environment performs in the CVRP environment (in Figures 5.32, 5.33 and 5.34).
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Figure 5.32: Rewards per Episode Comparison between Agents when using Transfer Learning to
Change to an Easier Environment (Absolute Values)
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Figure 5.33: Rewards per Episode Comparison between Agents when using Transfer Learning to
Change to an Easier Environment (Relative Values)

Distance Travelled
152000

150000

148000

146000 Use Transfe;\‘Learmng
_— (o]

Yes
144000

Distance Travelled (m)

142000

140000

20 40 60 80 100
Epoch

Figure 5.34: Distance Travelled Comparison between Agents when using Transfer Learning to
Change to an Easier Environment (Absolute Values)

Since the target task involves fewer constraints than those in which the agent was originally
trained (in the source task), the agent would be expected to perform exceptionally well. However,
contrary to expectations, this does not happen. The agent subject to Transfer Learning improves
faster than its counterpart. However, even with those improvements, it still underperforms. In fact,
it only receives 98.72% of the total rewards received by the agent starting from scratch, receiving
a reward of 50254.86 over 100 epochs, while its counterpart receives 50907.42.

However, when an agent trained in the CVRP environment is placed in a CVRPSTW envi-
ronment, it thrives (Figure 5.37). The distance travelled is much smaller in the agent subject to

knowledge transfer, as can be observed in Figure 5.35.
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Figure 5.35: Distance Travelled Comparison between Agents when using Transfer Learning to
Change to an Harder Environment (Absolute Values)

Additionally, the agent also manages to serve more customers within their respective time

windows, shown in Figure 5.36, leading to an even higher difference in the received rewards.
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Figure 5.36: Time Windows Missed Comparison between Agents when using Transfer Learning
to Change to an Harder Environment (Absolute Values)

Figure 5.37 depicts the difference in the rewards. This time, the agent subject to Transfer
Learning outperforms its counterpart. Indeed, the agent not subject to Transfer Learning collects
98.89% of the rewards received by the agent who undergoes knowledge transfer. It only manages

a total reward of 50328.32, while its counterpart outperforms it, collecting 50893.78 over the 100
epochs.
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Figure 5.37: Rewards per Episode Comparison between Agents when using Transfer Learning to
Change to an Harder Environment (Absolute Values)

These contradictory findings, where the knowledge is transferable when the problem gets
harder but not when it gets easier, reinforce the importance of understanding the effects of Transfer
Learning. One possible reason for these inconsistencies is the lack of training undergone by the
source agent. Since the agent did not reach an optimal performance, the quality of the knowledge

is not optimal. As such, the target agent underperforms when compared to learning from scratch.

In fact, Section 5.4.1 compared the learning and evolution of two agents acting in distinct en-
vironments: CVRP and CVRPSTW. At first, this comparison seems absurd, as the agents function
in different environments under different reward functions. However, it helps us understand why
transferring the knowledge between the CVRPSTW and the CVRP leads to such unexpectedly
poor performance. When we look at those graphs, we can note the lack of quality of the CVRP
agent, which at its peak, collects only 0.54 more rewards than the CVRPSTW (standing at 509.42
against 508.88).

5.5.4 Changing Reward Functions

After demonstrating the effects of reward functions on the agent’s learning and performance, it
is time to evaluate whether an agent trained on a reward function can be generalised to actuate
with another. For that, we devised two experiments, one in the CVRP domain and another in the
CVRPSTW domain.

Firstly, we start with the CVRP domain. Figures 5.38, 5.39,5.40, 5.41, 5.42, and 5.43 compare
the performance of the agent with and without Transfer Learning when learning a new reward

function in the CVRP environment.
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Figure 5.38: Rewards per Episode Comparison between Agents when using Transfer Learning to
Change Reward Function to Fraction (Absolute Values)
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Figure 5.39: Rewards per Episode Comparison between Agents when using Transfer Learning to
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Figure 5.40: Rewards per Episode Comparison between Agents when using Transfer Learning to
Change Reward Function to Distance (Absolute Values)
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Figure 5.42: Rewards per Episode Comparison between Agents when using Transfer Learning to
Change Reward Function to Fuel Cons. (Absolute Values)
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Figure 5.43: Rewards per Episode Comparison between Agents when using Transfer Learning to
Change Reward Function to Multi (D + F) (Absolute Values)

As expected, the most favourable transfer occurs when changing between reward functions that
consider the same objective. For example, the Distance, Distance Norm., Fraction, and Savings
rewards attempt to guide the agent to minimise the total distance travelled. Therefore, even if
the absolute value of the received rewards changes, the optimal behaviour does not. Indeed, the
optimal action in the source domain is still the optimal action in the target domain. Additionally,
an action that received a smaller reward in the source task would still get awarded less in the
target domain. Nonetheless, the Fraction reward function seems to behave differently, and the
agent learning from scratch in it is quite stable and able to outperform its counterpart subject to

knowledge transfer.
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On the other hand, when attempting to change between reward functions that aim to optimise
different objectives, such as the Fuel Cons. and the Distance Norm., the benefits are not as easily
attained. When transferring knowledge to operate with the Distance Norm. reward function, it is
not clear which agent performs better. Indeed, their performances are really close, with the agent
starting from scratch collecting a total reward of 509.14 over the 100 epochs, while the agents
who transferred knowledge from Fuel Cons. and Multi (D + F) received 509.19 and 509.17,
respectively. When transferring knowledge to operate with the Fuel Cons. reward function, all the
agents perform almost equally, and the agent starting from scratch with the Multi (D + F) reward

function outperforms its counterparts subject to TL.

Then, we experiment in the CVRPSTW domain. Here, we compare the agent’s performance
when learning a reward function with a different penalty for missing time windows in Figures 5.44
and 5.45.
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Figure 5.44: Rewards per Episode Comparison between Agents when using Transfer Learning to
Change Reward Function to TW Error (D) (Absolute Values)
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Figure 5.45: Rewards per Episode Comparison between Agents when using Transfer Learning to
Change Reward Function to TW Failed (D) (Absolute Values)

As seen before, the relationship between reward functions influences the transfer quality. Fig-
ure 5.46 demonstrates how the penalty applied evolves as the delivery gets farther from the re-
quested time window. In this figure, the Error Reward is the penalty applied to the TW Error
(D), and the Inside or Outside Reward is the penalty applied to the TW Failed (D). The values
correspond to penalties, which, essentially, means that the agents receive them as negative values,

the symmetric of the value represented in the graph.

Time Window Penalty

o

Penalty
—— Error Reward
Inside or Outside Reward

Absolute Penalty
o o o o
[N EN ) o

o
o

0 2000 4000 6000 8000 10000
Time Error (s)

Figure 5.46: Penalties Obtained as the Delivery Time gets Farther Away from the Requested Time
Window

In this case, there is some relation between reward functions, as seen in Figure 5.46. However,
actions with the same penalty on the TW Failed (D) reward function might have different penalties

in the TW Error (D) reward function. As such, the connection is not as easy as the one witnessed in
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the CVRP between the reward functions attempting to minimise the distance travelled. Nonethe-
less, the performance still transfers well to the new agent achieving performances of 0.82% and
0.91% above the agents starting from scratch when transferring to TW Error (D) and TW Failed
(D), respectively.



Chapter 6

Conclusions

With the proliferation of e-commerce, there has been an increasing demand for cheap and fast
deliveries. Besides, more than ever before, environmental issues and ecological concerns are
growing wider. These occurrences make a system capable of responding quickly, considering
multiple optimisation objectives, and adapting to new and different circumstances, a very desirable
tool. Reinforcement Learning (RL) is an effective methodology already applied in many fields,
including the transportation and delivery sectors. Although its use in real-world scenarios faces
multiple challenges, there is already work attempting to solve some of them. Transfer Learning

(TL) is one of the techniques used to mitigate some of the problems RL agents face.

The existing literature in the field portrays representation as a vital problem both for RL and
TL. It points Graph Neural Networks as a potential tool to solve Vehicle Routing Problems with
a variable number of customers due to their capacity to deal with variable-sized graphs. Addi-
tionally, it highlights the potential of TL to improve sample efficiency and reduce the number of

samples necessary to train an RL agent.

In this project, we explored the application of Deep Reinforcement Learning (DRL) with
Graph Convolutional Networks to solve two variants of the Vehicle Routing Problem: the Ca-
pacitated Vehicle Routing Problem and the Capacitated Vehicle Routing Problem with Soft Time
Windows. Multiple experiments were devised to compare the RL agent’s performance when op-
erating under diverse reward functions and receiving different information from the environment.

Moreover, TL was used to attempt to achieve a performant model with reduced training.

Our main findings can be mainly divided into three groups. In a combinatorial problem, lim-
iting the search space with a masking scheme significantly increases the model performance. Be-
sides, all our results point to the importance of a correct initialisation of the model and the correct
shaping of a reward function. Finally, although it depends on the source model’s quality, we

proved that Transfer Learning can be successful when changing VRP variants or reward functions.
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6.1 Main Contributions

This work aims to contribute not only to solving routing problems in smart cities but primarily to
the field of Reinforcement Learning and the application of Transfer Learning on Reinforcement
Learning agents.

Through an extensive literature review on how to solve Vehicle Routing Problems (VRP) with
the application of DRL and Graph Deep Reinforcement Learning (GDRL), we identified the com-
ponents and dimensions of the VRP, as well as the current efforts and techniques used to solve it
with RL. Additionally, we were able to define a taxonomy for the VRP solved using RL, which
can be used to systematise knowledge of the problem.

From the representation perspective, besides adopting Deep Reinforcement Learning as an
optimisation approach to the VRP, this dissertation resorts to Graph Neural Networks, making
explicit use of the nature of the problem, which is network-based. Moreover, facing the curse of
dimensionality, which ultimately yields long, unnecessary exploration phases of invalid actions,
this work suggests a practical approach to addressing these issues by designing appropriate mask-
ing techniques.

We devised an exploratory empirical study on the applicability and effects of using Trans-
fer Learning to leverage training efforts among similar VRP instances. Although preliminary, it
shows promising gains when Transfer Learning is employed to VRP variants and change reward
functions.

Finally, it is important to notice the pipeline devised to handle the different datasets used in
this work, which contributed to demonstrating the approach proposed in this work in real-world

and large-scale delivery networks.

6.2 Future Work

As for future work, we propose two different avenues: improvements to the current project and
new projects that extend or derive from it.

Firstly, when it comes to improvements, we could start by further optimising the hyperpa-
rameters. Additionally, we could explore the possibility of using different hyperparameters when
dealing with different reward functions. Other architectures, a different layer organisation, and dif-
ferent RL algorithms, such as A2C or PPO, could also be tested. In addition, other TL techniques
could be considered.

In order to enrich the analytical part of our work, the computational setup could be modified to
allow for more efficient and extended training periods. This would enable us to run the experiments
for more epochs and further explore the effects of Transfer Learning. Moreover, we could first

experiment with training on artificial data and then transfer the knowledge to an agent operating
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in real-world datasets. On top of all that, we could implement graph sparsification techniques to
allow solving of even larger instances and other masking mechanisms.

As an extension to the current work, a couple of steps still need to be taken for this model to
be implementable in a real-world scenario. First of all, we could apply the proposed approach in
Multi-Agent RL (MARL) settings, exploring distributed and decentralised solutions. In addition,
other concepts and concerns in Al, such as explainability, transparency or fairness, could also be
explored to leverage actionable decision-making.

Finally, other VRP variants, including new real-world constraints, might need to be contem-
plated. Moreover, dynamically calculating the shortest paths between delivery locations allows for
deviations in the distance, time taken, and fuel consumption according to the current traffic con-
ditions. The final step would be deploying the proposed methodological approach within a digital

twin of transport planning frameworks to support management operations in urban logistics.
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Appendix A

Preprocessing Pipeline

In order to effectively utilize the data from the datasets for the learning process of the RL agent,
several steps need to be taken. Moreover, the data from both datasets needs to be in an identical

form. Figure A.1 provides a comprehensive pipeline view.

OpenStreetMap

Retrieve Map ]—)[ Clean Map ]—> Miﬁ:

. Distance matrix
Amazon / Loggi calculation
( v
. . Calculate
,L Separate Packages ]—)[ Select City |—>| Select City Map > Match Nodes > Distance Matrix J

A,

N Order Distance Matrix
*ixt *.csv
v
N Aggregate into L
Instances
v
VRP Instances

“p

Figure A.1: Data Preprocessing Pipeline

The first step is obtaining the datasets. The Loggi dataset [74] can be obtained directly from
the LoggiBUD Github repository, while the Amazon dataset [81] can be downloaded using the

following command:
aws s3 ls —-no-sign-request s3://amazon-last-mile-challenges/
The second step is obtaining and cleaning the city maps. Firstly, we retrieve a map for each

city in the datasets from the OpenStreetMap [35]. Next, we clean each map, removing all the
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nodes and edges outside the largest strongly connected component. Immediately afterwards, the

map is stored in an XML file. Table A.1 describes each map.
* Area (km?): the city’s area in square kilometres (km?).
* N Nodes: the number of nodes in the city’s map (after cleaning).

* N Edges: the number of edges in the city’s map (after cleaning).

Table A.1: Description of each Map

City Area N Nodes N Edges
Belém 8836.842 60475 71914
Brasilia 10688.753 184661 215130

Rio de Janeiro 10909.896 375603 418913

Austin 5621.605 181060 195736
Boston 17474.827 1197090 1246074
Seattle 9612.950 271378 290920

Chicago 13355.364 682750 750833
Los Angeles  35670.848 1075238 1176532

The third step is calculating the distance matrices. We start by separating each package into
its own delivery point (as referred to in Section 5.1). Afterwards, we identify the city and select
the corresponding city map. Then, we match the depot and each delivery point with a node in
the map. Lastly, we compute the distance between every pair of matched nodes and store it in a
distance matrix (saved in a CSV file). This step uses code adapted from [79].

The final step is aggregating all the information and creating the instance files. We start by
parsing the dataset files again, following the same file and package order as before, in order to
match each instance with the correct distance matrix and each row and column with the proper
delivery. Lastly, we combine the parsed data with the already created distance matrices to generate
the instance files (stored as pickle [120] files).

Listing A.1 showcases the relevant instance fields described below using Python [120].
* demands: demand for each customer.

* distance_matrix: pair-wise distance between all the pairs of locations. The first loca-
tion is the depot, followed by all the delivery points (customer locations). It is constructed
as a matrix with the rows as the origins and the columns as the destinations. Before storing,

it is flattened.

* vehicles: capacities for each vehicle. Since we consider a single vehicle, this list only

contains one value.

* start_time: starting time of the first trip.
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* travel_times: time needed for the vehicle to travel between every pair of locations.

Similarly to the distance matrix, the first location is the depot, followed by all the delivery

points. On top of that, it is also constructed as a matrix (with the rows corresponding to the

origins and the columns corresponding to the destinations) and, later, flattened.

* service_times: time needed to load the vehicle at the depot, followed by the time needed

to deliver the package at each delivery point.

* time_windows: requested time window for delivery to each customer. To avoid penalties

regarding the infringement of this constraint, the vehicle would need to arrive at the specified

location between the start and end times.

class Instance:

demands

vehicle

S

: List[float]
: List[float]

distance_matrix : List[float]

start_t

travel_

service_times

time_wi

ime

times

ndows

: float | None

class TimeWindow:

start:

end

float

: float

: List[float] | None

: List[float] | None

: List [TimeWindow] | None
| None
| None

Listing A.1: VRP Instance



Appendix B

Hyperparameters

This chapter details the exact hyperparameters used in each of the experiments. For ease of under-

standing, we present a structure similar to the one adopted to present the results in Chapter 5.

B.1 Core Configuration

In this project, we used the tianshou library [133] to facilitate the implementation. Therefore, some
of the hyperparameters described here coincide or have a direct mapping with the ones described

by this library. Our hyperparameters include:

* Run ID: ID used internally to determine which model to transfer the knowledge from when

using Transfer Learning.

* Algorithm: the algorithm employed to train the RL agent. All our agents are trained with
the REINFORCE algorithm.

» Environment: the environment in which the agent operates.

» Fleet Type: type of fleet managed. In accordance with the datasets, the fleet is homogeneous
and infinite, meaning all the vehicles have equal capacity, and there are no restrictions on

the number of trips those vehicles can make to serve customers.
* Node Features: node features used to represent the environment.
* Mask: mask scheme adopted to limit the agent’s possible actions.
* Reward Function: the reward function employed to guide the learner.

» Source ID for Transfer Learning: 1D of a stored agent whose model will serve as the source

in the knowledge transfer. When left empty, no Transfer Learning is employed.

116
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* Resume Training: whether or not to resume training from an existing checkpoint. To ensure
reproducibility, our agents are trained in a single run without resuming training. Therefore,

this value is always False.
* Resume Epoch: epoch used to resume training or transfer knowledge.

* Dataset: dataset exploited to train and test the agent’s decision-making skills. Due to the
huge graph size of the instances in the Loggi dataset, most of our experiments run on the

Amazon dataset.

* Train Instances: 1Ds of the instances from the datasets used during the training phases (as

obtained by our data preprocessing pipeline explored in Section A).

* Test Instances: 1Ds of the instances from the datasets used during the testing phases (as

obtained by our data preprocessing pipeline explored in Section A).
» Seed: seed used to initialise all the random generators.
* N Epochs: number of training epochs.
* Steps per Epoch: number of steps or transitions collected per training epoch.

* Max Steps per Episode: maximum number of steps per episode (only applicable when the

Invalid mask is not in use).

 Steps per Collect: number of steps or transitions collected before performing a network

update.
* Repeat per Collect: number of times the policy needs to learn from each batch of data.
* N Training: number of parallel environments used for training.
* N Testing: number of episodes per policy evaluation.
» Same Seed: whether or not the same seed should be used to initialise all the environments.
» Epochs per Instance: number of epochs to train using the same training instance.

* Buffer Size: the size of the replay buffer. The replay buffer stores and manages the experi-

ences of an agent during its interactions with an environment.
* Batch Size: number of experiences processed simultaneously (batch).
» Learning Rate (): the learning rate.
* Discount Factor (7): the discount factor.
* Device: either CPU or GPU indicating whether we employ CPU or GPU for training.

* Checkpoint Interval: number of epochs between each checkpoint saved.
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* Graph Layer Type: specific layer adopted as the Graph Layer.

* Linear Layer Type: specific layer adopted as the Linear Layer.

* Graph Activation Type: activation function applied in the Graph Layer.
» Linear Layer Type: activation function applied in the Linear Layer.

* Graph Layers Hidden Sizes: a list containing the number of neurons used in each hidden

graph layer.

* Linear Layers Hidden Sizes: a list containing the number of neurons used in each hidden

linear layer.

* Optimiser: optimiser that will update the parameters based on the computed gradients.

As previously described in Section 5.2, our Graph Neural Network configuration is identical to
the one used by the authors of [39]. Therefore, we use a single Graph Convolutional Network layer
(GCNConv [53]) from the pytorch—geomet ric package [33] and three Linear layers (Linear)
from the pytorch package [94], with two hidden layers of 32 neurons each. Additionally, ReLU
is used as the activation function in all layers except the last, which does not use an activation
function, and Adam is used as the optimiser.

When the Amazon Dataset is used, the Train Instances correspond to [0, 1094] \ {246, 316,
380, 651, 782} and the Test Instances correspond to [1095, 1096, 1097, 1098, 1099]. When the
Loggi Dataset is used, the Train Instances correspond to [499, 506, 483, 476, 459, 466, 475, 363,
438, 484, 490, 436, 474, 507, 430, 457, 489, 451, 477, 443] and the Test Instances correspond to
[481, 442, 386, 449, 497].

Additionally,

» (*1) represents the node features used in the Discount Factor Tuning experiment in the
CVRP environment. It includes [location, depot, demand, current_capacity, cost, can_serve,

mask].

* (*2) represents the node features used in the experiments in the CVRP environment. It in-

cludes [location, depot, demand, current_capacity, next_capacity, fuel_consumption, cost].

* (*3) represents the node features used in the experiments in the CVRPSTW environment.
It includes [location, depot, demand, current_capacity, next_capacity, fuel_consumption,

cost, current_time, travel_time, service_time, start_tw, end_tw, tw_error, time_after_service].

The model used in TL corresponds to the checkpoint that produced the highest reward (in that
epoch).
In the graph, the number of epochs presented is the smaller number of epochs trained in each

group of runs.
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B.1.1 Computer Specifications

Due to time restrictions, multiple computers were used in the experiments. To allow reproduc-
tion of the results, the hardware and software specifications used in this project’s experiments is

presented below.

Table B.1: Computer #1 Specifications

CPU Intel (R) Core (TM) i7-7700k CPU @ 4.2GHz
RAM 32GB (+ 2GB swap)
GPU NVIDA GeForce GTX 1080
GPU Memory 8GB
Operating System Ubuntu 18.04.6 LTS
Python Version 3.10.11
Pytorch Version 2.0.1+cul17
Pytorch Geometric Version 2.3.1
CUDA Version 12.1
Driver Version 530.41.03
Desktop or Laptop Desktop
Table B.2: Computer #2 Specifications
CPU Intel (R) Core (TM) i7-7700k CPU @ 4.2GHz
RAM 16GB (+ 8GB swap)
GPU NVIDIA GeForce GTX 1080
GPU Memory 8GB
Operating System Mint 19.2 Tina
Python Version 3.10.11
Pytorch Version 2.0.14+cul17
Pytorch Geometric Version 2.3.1
CUDA Version 12.1
Driver Version 530.30.02
Desktop or Laptop Desktop

B.1.2 Discount Factor Tuning

B.2 Capacitated Vehicle Routing Problem (CVRP)

B.2.1 The Masking Mechanism
B.2.2 Node Features
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Table B.3: Computer #3 Specifications

CPU Intel (R) Core (TM) i7-4790k CPU @ 4GHz
RAM 32GB (+ 4GB swap)

GPU NVIDIA GeForce GTX 3060 Lite Hash Rate
GPU Memory 12GB

Operating System Ubuntu 22.04.2 LTS

Python Version 3.10.6

Pytorch Version 2.0.1+cul17

Pytorch Geometric Version 2.3.1

CUDA Version 12.1

Driver Version 530.30.02

Desktop or Laptop Desktop

Table B.4: Computer #4 Specifications

CPU 13th Gen Intel (R) Core (TM) i9-13900k
RAM 64GB (+ 8GB swap)

GPU NVIDIA GeForce GTX 4070
GPU Memory 12GB

Operating System Ubuntu 23.04

Python Version 3.11.2

Pytorch Version 2.0.1+cul17

Pytorch Geometric Version 2.3.1

CUDA Version 12.0

Driver Version 525.125.06

Desktop or Laptop Desktop

Table B.5: Computer #5 Specifications

CPU Intel (R) Core (TM) i7-8750H CPU @ 2.2GHz
RAM 16GB (+ 16GB swap)

GPU NVIDIA GeForce GTX 1050 Mobile

GPU Memory 4GB

Operating System Ubuntu 22.04.02 LTS

Python Version 3.10.6

Pytorch Version 2.0.1+cul17

Pytorch Geometric Version 2.3.1

CUDA Version 12.1

Driver Version 530.30.02

Desktop or Laptop Laptop



B.2 Capacitated Vehicle Routing Problem (CVRP)

121

Table B.6: Parameters Used in the Discount Factor Tuning Experiment in the CVRP Environment

Parameter Value
Label in the Graph 1 0.99 0.98 0.97 0.9
Run ID t1 t5 t8 t3 t2
Algorithm REINFORCE REINFORCE REINFORCE REINFORCE REINFORCE
Environment CVRP CVRP CVRP CVRP CVRP
Node Features (*1) (*1) (*1) (*1) (*1)
Mask Invalid Invalid Invalid Invalid Invalid
Reward Function Distance Distance Distance Distance Distance
Norm. Norm. Norm. Norm. Norm.
Source ID for TL - - - - -
Dataset Amazon Amazon Amazon Amazon Amazon
Seed 42 42 42 42 42
N Epochs 500 500 500 500 500
Steps per Epoch 1024 1024 1024 1024 1024
Max Steps per Episode None None None None None
Steps per Collect 512 512 512 512 512
Repeat per Collect 1 1 1 1 1
N Training 4 4 4 4 4
N Testing 5 5 5 5 5
Same Seed True True True True True
Epochs per Instance 1 1 1 1 1
Buffer Size 1024 1024 1024 1024 1024
Batch Size 64 64 64 64 64
Learning Rate 0.0001 0.0001 0.0001 0.0001 0.0001
Discount Factor 1 0.99 0.98 0.97 0.9
Device GPU GPU GPU GPU GPU
Checkpoint Interval 1 1 1 1 1
Computer #1 #4 #4 #2 #4
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Table B.7: Parameters Used in the Masking Mechanism Experiment in the CVRP Environment

Parameter Value
Label in the Graph Invalid Noop None
Run ID t4 t6 t7
Algorithm REINFORCE REINFORCE REINFORCE
Environment CVRP CVRP CVRP
Node Features (*2) (*2) (*2)
Mask Invalid Noop None
Reward Function Distance Distance Distance
Norm. Norm. Norm.
Source ID for TL - - -
Dataset Amazon Amazon Amazon
Seed 42 42 42
N Epochs 5000 5000 5000
Steps per Epoch 1024 1024 1024
Max Steps per Episode None 512 512
Steps per Collect 512 512 512
Repeat per Collect 1 1 1
N Training 4 4 4
N Testing 5 5 5
Same Seed True True True
Epochs per Instance 1 1 1
Buffer Size 1024 1024 1024
Batch Size 64 64 64
Learning Rate 0.0001 0.0001 0.0001
Discount Factor 0.98 0.98 0.98
Device GPU GPU GPU
Checkpoint Interval 1 1 1
Computer #4 #1 #2
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Table B.8: Parameters Used in the Node Features Experiment in the CVRP environment

Parameter Value
Algorithm REINFORCE
Environment CVRP
Mask Invalid
Reward Function Distance
Norm.
Source ID for TL -
Dataset Amazon
Seed 42
N Epochs 25
Steps per Epoch 1024
Max Steps per Episode None
Steps per Collect 512
Repeat per Collect 1
N Training 4
N Testing 5
Same Seed True
Epochs per Instance 1
Buffer Size 1024
Batch Size 64
Learning Rate 0.0001
Discount Factor 0.98
Device GPU

Checkpoint Interval
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B.2.3 Reward Functions

Due to a sudden drop in performance from the Distance agent after epoch 995, the figures involv-
ing this agent represent the values until epoch 995 instead of 1000. Including this epoch would not
allow for any meaningful comparison as all the lines would overlap as a constant (in the Distance
and Fuel Consumption figures), with the exception of the Distance agent, which would overlap

until epoch 995 and then skyrocket.

Table B.10: Parameters Used in the Reward Functions Experiment in the CVRP environment

Parameter Value
Label in the Graph Distance Distance Fraction Savings Sparse (Dist.
Norm. Norm.)
Run ID t4 8 r4 5 rl
Algorithm REINFORCE REINFORCE REINFORCE REINFORCE REINFORCE
Environment CVRP CVRP CVRP CVRP CVRP
Node Features (*2) (*2) (*2) (*2) (*2)
Mask Invalid Invalid Invalid Invalid Invalid
Reward Function Distance Distance Fraction Savings Sparse (Dist.
Norm. Norm.)
Source ID for TL - - - - -
Dataset Amazon Amazon Amazon Amazon Amazon
Seed 42 42 42 42 42
N Epochs 5000 1000 1000 1000 1000
Steps per Epoch 1024 1024 1024 1024 1024
Max Steps per Episode None None None None None
Steps per Collect 512 512 512 512 512
Repeat per Collect 1 1 1 1 1
N Training 4 4 4 4 4
N Testing 5 5 5 5 5
Same Seed True True True True True
Epochs per Instance 1 1 1 1 1
Buffer Size 1024 1024 1024 1024 1024
Batch Size 64 64 64 64 64
Learning Rate 0.0001 0.0001 0.0001 0.0001 0.0001
Discount Factor 0.98 0.98 0.98 0.98 0.98
Device GPU GPU GPU GPU GPU
Checkpoint Interval 1 1 1 1 1
Computer #4 #4 #3 #3 #3

B.3 CVRP with Soft Time Windows (CVRPSTW)

B.3.1 CVRP vs CVRPSTW
B.3.2 Node Features
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Table B.11: Parameters Used in the Reward Functions Experiment in the CVRP environment

Parameter Value
Label in the Graph Distance Fuel Cons. Multi (D +
Norm. F)
Run ID t4 2 13
Algorithm REINFORCE REINFORCE REINFORCE
Environment CVRP CVRP CVRP
Node Features (*2) (*2) (*2)
Mask Invalid Invalid Invalid
Reward Function Distance Fuel Cons. Multi (D +
Norm. E)
Source ID for TL - - -
Dataset Amazon Amazon Amazon
Seed 42 42 42
N Epochs 5000 1000 1000
Steps per Epoch 1024 1024 1024
Max Steps per Episode None None None
Steps per Collect 512 512 512
Repeat per Collect 1 1 1
N Training 4 4 4
N Testing 5 5 5
Same Seed True True True
Epochs per Instance 1 1 1
Buffer Size 1024 1024 1024
Batch Size 64 64 64
Learning Rate 0.0001 0.0001 0.0001
Discount Factor 0.98 0.98 0.98
Device GPU GPU GPU
Checkpoint Interval 1 1 1
Computer #4 #3 #3
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Table B.12: Parameters Used in the Reward Functions Experiment in the CVRP environment

Parameter Value
Label in the Graph Dense Sparse
Run ID t7 tx
Algorithm REINFORCE REINFORCE
Environment CVRP CVRP
Node Features (*2) (*2)
Mask None None
Reward Function Distance Sparse (Dist.
Norm. Norm.)
Source ID for TL - =
Dataset Amazon Amazon
Seed 42 42
N Epochs 5000 1000
Steps per Epoch 1024 1024
Max Steps per Episode 512 512
Steps per Collect 512 512
Repeat per Collect 1 1
N Training 4 4
N Testing 5 5
Same Seed True True
Epochs per Instance 1 1
Buffer Size 1024 1024
Batch Size 64 64
Learning Rate 0.0001 0.0001
Discount Factor 0.98 0.98
Device GPU GPU
Checkpoint Interval 1 1

Computer #2 #4
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Table B.13: Parameters Used in the Experiment comparing the CVRP and the CVRPSTW envi-

ronments
Parameter Value
Label in the Graph CVRP CVRPSTW
Run ID t4 t0
Algorithm REINFORCE REINFORCE
Environment CVRP CVRPSTW
Node Features (*2) (*3)
Mask Invalid Invalid
Reward Function D;IS;?;C_G TV\ES)H or
Source ID for TL - -
Dataset Amazon Amazon
Seed 42 42
N Epochs 5000 5000
Steps per Epoch 1024 1024
Max Steps per Episode None None
Steps per Collect 512 512
Repeat per Collect 1 1
N Training 4 4
N Testing 5 5
Same Seed True True
Epochs per Instance 1 1
Buffer Size 1024 1024
Batch Size 64 64
Learning Rate 0.0001 0.0001
Discount Factor 0.98 0.98
Device GPU GPU
Checkpoint Interval 1 1
Computer #4 #4
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Table B.14: Parameters Used in the Node Features Experiment in the CVRPSTW environment

Parameter Value
Algorithm REINFORCE
Environment CVRPSTW
Mask Invalid

. TW Error
Reward Function D)
Source ID for TL -
Dataset Amazon
Seed 42
N Epochs 25
Steps per Epoch 1024
Max Steps per Episode None
Steps per Collect 512
Repeat per Collect 1
N Training 4
N Testing 5
Same Seed True
Epochs per Instance 1
Buffer Size 1024
Batch Size 64
Learning Rate 0.0001
Discount Factor 0.98
Device GPU

Checkpoint Interval
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Table B.16: Parameters Used in the Reward Functions Experiment in the CVRPSTW environment

Parameter Value

. TW Error TW Failed
Label in the Graph D) D)
Run ID t0 10
Algorithm REINFORCE REINFORCE
Environment CVRPSTW  CVRPSTW
Node Features (*3) (*3)
Mask Invalid Invalid

. TW Error TW Failed

Reward Function D) D)
Source ID for TL - -
Dataset Amazon Amazon
Seed 42 42
N Epochs 5000 5000
Steps per Epoch 1024 1024
Max Steps per Episode None None
Steps per Collect 512 512
Repeat per Collect 1 1
N Training 4 4
N Testing 5 5
Same Seed True True
Epochs per Instance 1 1
Buffer Size 1024 1024
Batch Size 64 64
Learning Rate 0.0001 0.0001
Discount Factor 0.98 0.98
Device GPU GPU
Checkpoint Interval 1 1
Computer #4 #4

B.4 Exploring Transfer Learning

B4.1
B4.2
B4.3
B.4.4

Changing Dataset
Removing the Mask
Changing Environment

Changing Reward Functions
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Table B.17: Parameters Used in the Changing Dataset Experiment

Parameter
Label in the Graph No Yes
Run ID ty d4
Algorithm REINFORCE REINFORCE
Environment CVRP CVRP
Node Features (*2) (*2)
Mask Invalid Invalid
Reward Function Distance Distance
Norm. Norm.
Source ID for TL - t4
Dataset Loggi Loggi
Seed 42 42
N Epochs 100 100
Steps per Epoch 4096 4096
Max Steps per Episode None None
Steps per Collect 512 512
Repeat per Collect 1 1
N Training 4 4
N Testing 5 5
Same Seed True True
Epochs per Instance 1 1
Buffer Size 1024 1024
Batch Size 64 64
Learning Rate 0.0001 0.0001
Discount Factor 0.98 0.98
Device GPU GPU
Checkpoint Interval 1 1
Computer #4 #4
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Table B.18: Parameters Used in the Removing the Mask Experiment

Parameter
Label in the Graph No Yes
Run ID t7 dl
Algorithm REINFORCE REINFORCE
Environment CVRP CVRP
Node Features (*2) (*2)
Mask None None
. Distance Distance

Reward Function

Norm. Norm.
Source ID for TL - t4
Dataset Amazon Amazon
Seed 42 42
N Epochs 5000 100
Steps per Epoch 1024 1024
Max Steps per Episode 512 512
Steps per Collect 512 512
Repeat per Collect 1 1
N Training 4 4
N Testing 5 5
Same Seed True True
Epochs per Instance 1 1
Buffer Size 1024 1024
Batch Size 64 64
Learning Rate 0.0001 0.0001
Discount Factor 0.98 0.98
Device GPU GPU
Checkpoint Interval 1 1
Computer #2 #3
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Table B.19: Parameters Used in the Changing Environment Experiment (Target is Easier than

Source)

Parameter

Label in the Graph
Run ID

Algorithm
Environment
Node Features
Mask

Reward Function

Source ID for TL
Dataset

Seed

N Epochs

Steps per Epoch
Max Steps per Episode
Steps per Collect
Repeat per Collect
N Training

N Testing

Same Seed

Epochs per Instance
Buffer Size

Batch Size
Learning Rate
Discount Factor
Device

Checkpoint Interval
Computer

Value
No Yes
t4 dk
REINFORCE REINFORCE
CVRP CVRP
(*2) (*2)
Invalid Invalid
Distance Distance
Norm. Norm.
- r0
Amazon Amazon
42 42
5000 100
1024 1024
None None
512 512
1 1
4 4
5 5
True True
1 1
1024 1024
64 64
0.0001 0.0001
0.98 0.98
GPU GPU
1 1
#4 #4
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Table B.20: Parameters Used in the Changing Environment Experiment (Target is Harder than
Source)

Parameter Value
Label in the Graph No Yes
Run ID t0 d3
Algorithm REINFORCE REINFORCE
Environment CVRPSTW  CVRPSTW
Node Features (*3) (*3)
Mask Invalid Invalid

. TW Error TW Error
Reward Function D) D)
Source ID for TL - t4
Dataset Amazon Amazon
Seed 42 42
N Epochs 5000 100
Steps per Epoch 1024 1024
Max Steps per Episode None None
Steps per Collect 512 512
Repeat per Collect 1 1
N Training 4 4
N Testing 5 5
Same Seed True True
Epochs per Instance 1 1
Buffer Size 1024 1024
Batch Size 64 64
Learning Rate 0.0001 0.0001
Discount Factor 0.98 0.98
Device GPU GPU
Checkpoint Interval 1 1
Computer #4 #4
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Table B.21: Parameters Used in the Changing Reward Functions Experiment (Target = Fraction)

Parameter
Label in the Graph - Distance
Norm.
Run ID r4 d2
Algorithm REINFORCE REINFORCE
Environment CVRP CVRP
Node Features (*2) (*2)
Mask Invalid Invalid
Reward Function Fraction Fraction
Source ID for TL - t4
Dataset Amazon Amazon
Seed 42 42
N Epochs 1000 100
Steps per Epoch 1024 1024
Max Steps per Episode None None
Steps per Collect 512 512
Repeat per Collect 1 1
N Training 4 4
N Testing 5 5
Same Seed True True
Epochs per Instance 1 1
Buffer Size 1024 1024
Batch Size 64 64
Learning Rate 0.0001 0.0001
Discount Factor 0.98 0.98
Device GPU GPU
Checkpoint Interval 1 1
Computer #3 #4
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Table B.22: Parameters Used in the Changing Reward Functions Experiment (Target = Savings)

Parameter Value
Label in the Graph - Distance
Norm.
Run ID S dh
Algorithm REINFORCE REINFORCE
Environment CVRP CVRP
Node Features (*2) (*2)
Mask Invalid Invalid
Reward Function Savings Savings
Source ID for TL - t4
Dataset Amazon Amazon
Seed 42 42
N Epochs 1000 100
Steps per Epoch 1024 1024
Max Steps per Episode None None
Steps per Collect 512 512
Repeat per Collect 1 1
N Training 4 4
N Testing 5 5
Same Seed True True
Epochs per Instance 1 1
Buffer Size 1024 1024
Batch Size 64 64
Learning Rate 0.0001 0.0001
Discount Factor 0.98 0.98
Device GPU GPU
Checkpoint Interval 1 1
Computer #3 #3
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Table B.23: Parameters Used in the Changing Reward Functions Experiment (Target = Distance)

Parameter Value
Label in the Graph - Distance
Norm.
Run ID r8 dm
Algorithm REINFORCE REINFORCE
Environment CVRP CVRP
Node Features (*2) (*2)
Mask Invalid Invalid
Reward Function Distance Distance
Source ID for TL - t4
Dataset Amazon Amazon
Seed 42 42
N Epochs 1000 100
Steps per Epoch 1024 1024
Max Steps per Episode None None
Steps per Collect 512 512
Repeat per Collect 1 1
N Training 4 4
N Testing 5 5
Same Seed True True
Epochs per Instance 1 1
Buffer Size 1024 1024
Batch Size 64 64
Learning Rate 0.0001 0.0001
Discount Factor 0.98 0.98
Device GPU GPU
Checkpoint Interval 1 1
Computer #4 #3
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Table B.24: Parameters Used in the Changing Reward Functions Experiment (Target = Distance
Norm.)

Parameter Value
Label in the Graph - Fuel Cons. Multl;)(D *
Run ID t4 db di
Algorithm REINFORCE REINFORCE REINFORCE
Environment CVRP CVRP CVRP
Node Features (*2) (*2) (*2)
Mask Invalid Invalid Invalid
. Distance Distance Distance

Reward Function

Norm. Norm. Norm.
Source ID for TL - r2 r3
Dataset Amazon Amazon Amazon
Seed 42 42 42
N Epochs 5000 100 100
Steps per Epoch 1024 1024 1024
Max Steps per Episode None None None
Steps per Collect 512 512 512
Repeat per Collect 1 1 1
N Training 4 4 4
N Testing 5 5 5
Same Seed True True True
Epochs per Instance 1 1 1
Buffer Size 1024 1024 1024
Batch Size 64 64 64
Learning Rate 0.0001 0.0001 0.0001
Discount Factor 0.98 0.98 0.98
Device GPU GPU GPU
Checkpoint Interval 1 1 1
Computer #4 #4 #4
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Table B.25: Parameters Used in the Changing Reward Functions Experiment (Target = Fuel Cons.)

Parameter Value

. Distance Multi (D +
Label in the Graph - Norm. F)
Run ID 2 do dj
Algorithm REINFORCE REINFORCE REINFORCE
Environment CVRP CVRP CVRP
Node Features (*2) (*2) (*2)
Mask Invalid Invalid Invalid
Reward Function Fuel Cons. Fuel Cons. Fuel Cons.
Source ID for TL - t4 3
Dataset Amazon Amazon Amazon
Seed 42 42 42
N Epochs 1000 100 100
Steps per Epoch 1024 1024 1024
Max Steps per Episode None None None
Steps per Collect 512 512 512
Repeat per Collect 1 1 1
N Training 4 4 4
N Testing 5 5 5
Same Seed True True True
Epochs per Instance 1 1 1
Buffer Size 1024 1024 1024
Batch Size 64 64 64
Learning Rate 0.0001 0.0001 0.0001
Discount Factor 0.98 0.98 0.98
Device GPU GPU GPU
Checkpoint Interval 1 1 1

Computer #3 #4 #4
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Table B.26: Parameters Used in the Changing Reward Functions Experiment (Target = Multi (D
+F))

Parameter Value

. Distance
Label in the Graph Fuel Cons.

Norm.

Run ID 3 dl dc
Algorithm REINFORCE REINFORCE REINFORCE
Environment CVRP CVRP CVRP
Node Features (*2) (*2) (*2)
Mask Invalid Invalid Invalid
Reward Function Mult}f: )(D + Mul; )(D + Mult}; )(D +
Source ID for TL - t4 2
Dataset Amazon Amazon Amazon
Seed 42 42 42
N Epochs 1000 100 100
Steps per Epoch 1024 1024 1024
Max Steps per Episode None None None
Steps per Collect 512 512 512
Repeat per Collect 1 1 1
N Training 4 4 4
N Testing 5 5 5
Same Seed True True True
Epochs per Instance 1 1 1
Buffer Size 1024 1024 1024
Batch Size 64 64 64
Learning Rate 0.0001 0.0001 0.0001
Discount Factor 0.98 0.98 0.98
Device GPU GPU GPU
Checkpoint Interval 1 1 1
Computer #3 #4 #4
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Table B.27: Parameters Used in the Changing Reward Functions Experiment (Target = TW Error
D))

Parameter Value
Label in the Graph No Yes
Run ID t0 de
Algorithm REINFORCE REINFORCE
Environment CVRPSTW  CVRPSTW
Node Features (*3) (*3)
Mask Invalid Invalid

. TW Error TW Error
Reward Function D) D)
Source ID for TL - 0
Dataset Amazon Amazon
Seed 42 42
N Epochs 5000 100
Steps per Epoch 1024 1024
Max Steps per Episode None None
Steps per Collect 512 512
Repeat per Collect 1 1
N Training 4 4
N Testing 5 5
Same Seed True True
Epochs per Instance 1 1
Buffer Size 1024 1024
Batch Size 64 64
Learning Rate 0.0001 0.0001
Discount Factor 0.98 0.98
Device GPU GPU
Checkpoint Interval 1 1
Computer #4 #4
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Table B.28: Parameters Used in the Changing Reward Functions Experiment (Target = TW Failed
(D))

Parameter Value
Label in the Graph No Yes
Run ID r0 dd
Algorithm REINFORCE REINFORCE
Environment CVRPSTW  CVRPSTW
Node Features (*3) (*3)
Mask Invalid Invalid

. TW Failed TW Failed
Reward Function D) D)
Source ID for TL - t0
Dataset Amazon Amazon
Seed 42 42
N Epochs 5000 100
Steps per Epoch 1024 1024
Max Steps per Episode None None
Steps per Collect 512 512
Repeat per Collect 1 1
N Training 4 4
N Testing 5 5
Same Seed True True
Epochs per Instance 1 1
Buffer Size 1024 1024
Batch Size 64 64
Learning Rate 0.0001 0.0001
Discount Factor 0.98 0.98
Device GPU GPU
Checkpoint Interval 1 1
Computer #4 #4
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