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Abstract
The focus of this thesis revolves around a challenging optimization problem with many constraints.
There are various methods of solving these problems with heuristics, but the goal of this project is to
experiment on Artificial Intelligence approaches such as Deep Reinforcement Learning.
The problem at hand is the so-called Train Unit Shunting Problem (TUSP), that depicts a train
shunting yard where arriving and departing trains follow a day time schedule. The trains vary in
length and material type, and they need several services such as cleaning, maintenance, and more. All
the movements and services have to be planned in such a way that the desired train will be serviced
and parked efficiently in the correct order at the correct track, ready for its departure, avoiding any
delays in the corresponding time schedule. This is a difficult NP-hard optimization problem, which
needs sequential decision making. The Dutch Railways NS manages a huge fleet of train units and
tackles the problem with heuristic solutions of planing.
The current research focuses on a subset of problems of the whole TUSP, aiming to develop a
Deep Reinforcement Learning (DRL) agent which produces solutions and makes plans for multiple
scenarios, controlling all the necessary movements in a train shunting yard. We approach the problem
by reformulating it as a Markov Decision Process (MDP), where the agent makes decisions using
visual-based state observations. The agent interacts with yard simulator software built by NS named
TORS, suitable for sequential planning.
The results show that the agent is capable of finding policies that solve scenarios on a small number
of trains, satisfying all the constraints. Due to the big state/action space of the problem, and the
structure of the environment, the agent faced some obstacles on building a robust policy to solve
scenarios with larger number of trains. However, the current research shows that the reinforcement
learning models which used, are capable to teach the agent how to handle a limited number of trains,
solving successfully three subproblems of the whole TUSP.

1 Introduction
Over the past years the concept of Deep Reinforcement Learning (Deep RL) is of main concern in
the Artificial Intelligence research community. More and more optimization problems are tackled with
Reinforcement Learning techniques. The combination of neural networks with the Reinforcement Learning
framework boosted significantly the performance of RL algorithms and paved the way for new tools
in the AI community. Classical tabular methods are not capable of solving difficult problems, cursed
with high state/action spaces, therefore, deep learning and neural networks enhanced RL with robust
approximations and upgrade the whole Reinforcement Learning framework.
Dutch Railways (NS) handles a huge fleet of trains in a daily base. It has to manipulate all the train
movements and schedule the necessary tasks that have to be made for the trains in order to be cleaned,
maintained, serviced, and ready to depart without any delays. This is a challenging optimization problem
where incoming trains have to be matched with the outgoing ones according to the timetable, without
any delays. The physical constraints of a shunting yard, complicate the routing and the parking of the
trains due to the fact that many of the tracks are dead-ended, the track lengths have to be taken into
consideration, the train lengths as well and so on. Additionally, overflow in a track is impossible. Specific
services such as maintenance and cleaning need to take place into specific tracks where the service is
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available. All this leads to a challenging optimization problem where many constraints have to be satisfied
simultaneously. Figure 1 illustrates the service side of a real train shunting yard called Kleine Binckhorst
that is used in the current project.

Figure 1: Kleine Binckhorst Shunting Yard. Image taken from http://sporenplan.nl.
NS train station has already started working on research aiming on tackling that problem with Artificial
Intelligence techniques such as Reinforcement Learning. Human planners generate plans step-by-step
manually using heuristics in order to construct a robust plan for all the trains avoiding conflicts and
delays on the departing trains, and satisfy all the aforementioned constraints. There are various classical
optimization techniques in order to assist human planners to create robust plans.
In the current research we focus on Reinforcement Learning techniques with the intention of creating an
agent that makes decisions sequentially and controls the service side of a shunting yard. More precisely, we
aim to create an agent which learns, through trial and error, to manipulate all the necessary movements of
the trains, schedule the essential service tasks such as cleaning, and delivers the requested train to depart,
according to the current time-table without any delays. The problem of routing, matching (incoming
trains with outgoing ones), scheduling service tasks and other operations, consist of the well-known Train
Unit Shunting Problem (TUSP).
The Reinforcement Learning framework consists of an agent and an environment formulated in
a Markovian Decision Process (MDP) where the agent is the decision maker who interacts with the
environment which operates the agent’s actions. In this case the agent is the brain behind the yard which
decides sequentially the action that will be exerted. For that purpose, we modeled the TUSP in an MDP
formulation where the state observation is indicated by visual representation containing all the significant
information of the current time stamp. We trained various agents with different RL algorithms, such as
Policy Gradient and Deep Q-Learning, in order to inspect which fits better in this problem. We trained
the agents on real-world scenarios (instances) generated from the NS instance generator and compare
their performance with a random agent and a greedy one. The most promising results were came from
the deterministic methods such as DQN, which performed better than the Policy Gradient ones. We show
that the agent is capable of learn a policy of solving instances, unfortunately only for scenarios with a
small number of trains. Deep Reinforcement Learning techniques seem to be a promising approach on this
type of challenging optimization problems. These approaches are used for similar NP-hard problems such
as the well-known TSP, opened up the way for new techniques and further research on RL algorithms for
optimization problems.
The current paper is structured as follows: In Section 2, we provide the preliminaries for the Train
Unit Shunting Problem as it has been referred to in the literature. Additionally, initial information about
Reinforcement Learning is provided, so the reader can follow the ideas of the current sheet. Section 3,
refers to related work that has be done by other scientists. It is split up into two subsections according to
the relevance of each paper with the TUSP or similar problems such as TSP. In Section 4, we explain the
problem that we focused on, starting from the initial problem of parking and matching from previous
work, and gradually explain how we add extra learnable tasks to the agent. The next section, Section 5,
focuses on explaining all the algorithms that we used in the current research. It contains the essential
formulas and pseudocodes describing the whole process of the simulations. Afterwards, we describe our
findings by stating the results of the correctly solved instances in Section 6, visualizing the performance
of the agents, as well. Finally, Section 7, concerns our conclusions about the whole project and explains
some of our ideas for further research.
The current paper is a master thesis project at the Leiden Institute of Advanced Computer Science
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(LIACS), department of the Leiden University. It was supervised by Dr. W. Kosters and Dr. M. Baratchi
from LIACS, PhD W. Kool from Ortec and Wan-Jui Lee from the maintenance development department
at NS Dutch Railways.

2 Preliminaries
This section contains the problem description as it is stated in the literature, and continues with basic
information about the Reinforcement Learning framework. The main components of the Train Unit
Shunting Problem will be described thoroughly, splitting the problem into subproblems in the first
subsection. The second one, revolves around the terminology, vocabulary and initial aspects of the
Reinforcement Learning context, such as basic formulas and useful information so that the reader can
follow the rest of the paper.

2.1

Train Unit Shunting Problem

The Train Unit Shunting Problem (TUSP) depicts a train shunting yard of a station, where trains have to
be scheduled according to constraints. The constraints consist of arrival and departure time plans, service
tasks that have to be applied to specific train units, e.g., cleaning, and parking operations following the
departure order. From previous work [7], the problem involves four subproblems: matching, parking,
routing, and service tasks. The following paragraphs describe the above four parts of the problem and the
setting of the shunting yard. All the information for the problem description is from the master thesis of
Van den Broek [2]. The following paragraphs provide information about the TUSP and divide it into
subproblems, thus, it consists of smaller optimization problems whose intersection constitutes the whole
TUSP as an NP-hard optimization problem.
Infrastructure
The shunting yard infrastructure consists of a finite set of tracks T classified into two disjoint types Tfree
and TLIFO , with Tfree ∪ TLIFO = T . A track τ ∈ T has length ℓT , and if τ ∈ Tfree , it has two entrances,
τA and τB , so the trains can arrive at both sides and move towards both directions; tracks in TLIFO only
have one entrance. The tracks are connected via switches. A service site is connected to the rest of the
railway network through gateway-tracks from where trains get into the shunting yard and a service task
will be performed if it is needed. Each service task, σ ∈ S has a duration, dσ , and it could be performed
on a specific set of tracks, τσ ∈ Tσ ⊂ T , where the task might take place. There are two categories for
service tasks:
• Sspec consists of track-specific tasks. Such a task requires a specific facility that is located on a
track, such as the train wash or cleaning platform where only a single train can be processed at a
time in each facility.
• Sind consists of track-independent tasks. Such a service can be done simultaneously on each possible
track and a service crew is needed referred to as resources.
The trains consist of bidirectional and self-propelled train units, tu ∈ TU , where T U is the set of possible
train units, classified according to type and subtype (e.g., the train is ICM-3 means type = ICM and
subtype = 3). The subtype of the train indicates the number of train carriages. Generally, the incoming
trains at the shunting yard can be split or combined in order to construct a new train composition,
depending on the current services. Crossing is the situation where the moving path of a train is blocked
by another one. If a scheduled plan contains a crossing it is considered infeasible.
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Figure 2: Service site example. Trains enter through gateway G, park on tracks 1 to 4 according to their
length. Switches a and b connect the tracks in the service site.
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Figure 2 illustrates an example of a service site track of a shunting yard. Imagine that we know the
number of trains and the time of arrivals in advance. Some of the tracks (1 to 4) are pledged for specific
assigned tasks such as cleaning or maintenance. The planner has to take into consideration if and how
many tracks are occupied, and the fact that some service tasks have to be performed on train units on
specific platforms.
Matching
In the matching problem we are given a set of arriving trains AT and a set of departing trains DT . An
arriving train at ∈ AT has a unique identifier, and consists of one or more train units represented as
at
at
sequence (tuat
is the number of its train units), and has an arrival time aat , as
1 , . . . , tun ) (where n = n
well. Similarly a departing train dt ∈ DT , departs at time ddt , and specifies a sequence of one or more
dt
dt
train units (tudt
is the number of its train units). The number of train units is
1 , . . . , tun ) (where n = n
the same for AT and DT for all combinations of type and subtype. All arrivals and departures are mixed
over time. The objective in the matching problem is to match the ith unit tuat
i from an arriving train at,
to the jth unit tudt
in
the
departing
train
dt
following
the
rules:
j
dt
• tuat
i = tuj , so types and subtypes match.

• aat ≤ ddt , the train unit enters the service site before departure.
Of course, the matching has to be such that this mapping is injective and surjective. We can enhance the
second rule as follows, taking into consideration the duration of the service task that will be performed.
X
dσ ≤ ddt
aat +
σ∈Stuat
i

Here Stuat
indicates the set of services for the particular unit. It has to be mentioned that parts of
i
matching are already predefined, that is, some train units are already assigned to a specific position of a
departing train. The service site has to be empty at the start and at the end of each day. It was shown in
[7], that planning the matching which minimizes the number of splits and combines is NP-hard, without
even taking the routing and the service tasks schedule, into consideration.
Routing
The objective of the routing problem is to find the optimal unobstructed path, that minimizes the duration
of each train movement. Various functions could approximate the duration of a route. Some of the
duration estimations are based on the number of tracks, switches and the required saw 1 moves on the
path, using the following values:
• Traversing a track takes sixty seconds, regardless of train type or length.
• Transitioning from one tack to another requires thirty seconds for each switch along the way.
Switches can be operated either automatically or by hand, depending on the service site.
• A saw move depends on both the train type and the train length. The process of reversing a shunt
train usually takes somewhere between two and four minutes. The time for the driver to walk to the
other side of the train requires twenty to thirty seconds per carriage. It has to be mentioned, that
a saw move, traverses the track used for reversal twice, which has to be taken into consideration
during the computation of the duration time.
The above information have been validated according to the study of Van den Broek [2] by the planners at
NedTrain to provide an approximation of the actual movement duration observed on the service site. In
this study, we do not allow simultaneous movements on the service site, so only a single train movement is
happened at any time. In order for a plan to be feasible, it should ensure that no other train moves during
an arrival. A shortest path could be found in polynomial time if it is assumed that the track occupation
on the service site at the time of the movement would be fixed. The problem of deciding whether there
exists a sequence of train movements such that a shunt train reaches its destination closely resembles the
decision variant of the sliding block puzzle Rush Hour, a problem known to be PSPACE-complete.
1A

saw move is when the train has to reverse the controls and the driver has to walk to the head or the tail of the train
in order to make a manoeuvre.
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Parking
The main objective of the parking subproblem is to place all shunt trains on the tracks such that at any
moment a train length does not exceed the length of the track, while simultaneously ensuring that each
train has an unobstructed path when it has to depart. More precisely, each incoming train moves to a
track τ and will be added in front of one of the two sides of the sequence of the already parked trains.
The side is fixed if the track τ is a LIFO-track, otherwise it depends on the arrival side of the train to
the corresponding track τ . The order of the trains in a free-track depends only on the arrival order and
arrival side, as well. A conditional constrain is that in the parking situation, splitting and combining is
forbidden at the gateway tracks, which means that all trains of a departure composition should parked at
one track in the correct order according to the scenario. Scenario is a day schedule with multiple train
arrivals and departures. A scenario contains information about the arriving trains such as the arrival
time and the train composition (train-type and number of carriages). It also contains information about
the demanding departures such as the departure time and the train composition (train-type and number
of carriages).
Scheduling of the Service Tasks
In the scheduling problem, a schedule must be constructed such that all tasks are completed and all
trains can depart on the time, given a set of service tasks along with the corresponding duration. Each
one of the tasks requires some resources which are limited. We can assume that all trains consist only of
a single unit and the service task scheduling is simplified to a generalization of the Open Shop Scheduling
Problem (OSSP), which is a well-known NP-complete problem. More precisely, each train unit is a job
with its service tasks corresponding to operations in the OSSP. The dates and deadlines of each operation
are based on the schedule of the arrivals and departures of the trains.
All the above information formulates the problem as it is stated in the literature, using much information
from [2]. We perform various heuristics in order to overcome the high complexity of all the subproblems
trying to simplify it. In this project we emphasize on following subproblems: matching, parking and
scheduling the service tasks as a limited edition of the TUSP.
2.1.1

Complexity

The intersection and the communication of the main four subproblems above, constitutes the TUSP
as an NP-hard optimization problem. According to [7], the problem of matching and parking of trains,
referred to as TMP, is NP-complete in its general form. That means that it is in NP and is NP-hard.
It is a decision problem to which all other NP problems can be reduced, in polynomial time. Figure 3,
illustrates the well-known Euler diagram which depicts the relationships between the complexity classes.

Figure 3: Possible relationships between P and NP. Image taken from Wikipedia.
The following definition of the TMP-0 problem is from [7]:
Given a timetable of arriving and departing train services, the question of TMP-0 is whether
the arriving units can be matched to the departing units in a feasible manner, such that no
arriving services are split.
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We can check in polynomial time if a given matching of trains is correct, if there are any mismatches
on the train types or whether the order of the arriving/departing train units are the same. So, it is
not very difficult to observe that the TMP-0 is in NP. It turns out to be NP-complete, as well; this
requires a reduction from a known NP-complete problem. The problem which used in [7] for proving the
NP-hardness of TMP is the 3 Partition Problem (3PP) which is defined by Garey and Johnson in [3].
Since TMP-0 is just a subproblem of the whole TUSP, that means that the four subproblems together
compose a NP-hard problem. This justifies the use of approximating algorithms, such as the ones we will
propose.

2.2

Reinforcement Learning

This section contains information about the basic concepts of Reinforcement Learning (RL) and preliminary
information so the reader can easily understand the concept of the current paper. Before move on to
the description of the RL framework, we first introduce the concept of the Markovian Decision Process.
It is usually referred as MDP and it is a variation of the standard Markovian Process merely including
the concept of decision making. So, MDP is a stochastic process following the rules of the Markovian
Process including decision making in a finite horizon. It depicts a problem of learning through interaction
with trial and error. The learner, which in this case is the decision maker, is called Agent and interacts
with an Environment trying to achieve a goal. These two entities are interacting by sending messages to
each other. More precisely, the Environment is modeled in discrete time steps t = 0, 1, 2 . . . , and it is
responsible of providing the information of the situation of the current time stamp. All this information
is provided to the Agent who has to process it and make a decision. Afterwards, the Agent communicates
with the Environment by applying that decision. The Environment messages the information back to the
Agent describing the new situation after that decision is applied. The aforementioned words: information
and decision, are called State and Action respectively, in the RL context.
According to [15], the State must include all the significant information regarding all aspects of
the past of the Agent-Environment interplay that makes a difference for the future. If that happens,
then the state is considered to have the Markov property and it is referred to as a Markovian State,
s ∈ S. The Environment, apart from the State, it produces a reward which indicates how good was
the exerted Action in a numerical representation. All in all, the two entities Agent and Environment
interact at a sequence of discrete time steps, t = 0, 1, 2, . . . , T . At each time stamp t, the agent receives
a representation of the State, st ∈ S, and selects an Action, at ∈ A. The agent receives the reward,
rt+1 ∈ R ⊂ R, as a consequence of its exerted action and finds itself in the new state, st+1 ∈ S. This
interactive procedure finishes when the agent reaches the final state, Sterminal ∈ S, in a finite MDP. The
sequence of state-action-reward in the RL framework is called trajectory and it represents the data where
the agent is trained on, in order to learn doing a specific task, or learn how to achieve a specific goal. A
trajectory looks like the following:
S0 , A0 , R1 , S1 , A1 , R2 , S2 , A2 , R3 , . . .

(1)

In finite MDPs, the sets S, A and R, have a finite number of elements. It can easily be observed that in
the initial state, s0 , ∈ S, there is no reward, because the reward reflects numerically the goodness of the
performed action at ∈ A, in the current state st ∈ S, thus, the reward is produced after each action. The
following schema depicts all the above information graphically, it is called the Reinforcement Learning
Circle wherefore it represents the interactive process between the agent and the environment.
The total discounted reward is referred to as the return from Equation (2). The goal of the agent is
to select actions that maximize the expected discounted return, Gt , where 0 ≤ γ ≤ 1, is the discount
rate which controls the way of how future rewards are weighted. For γ = 0, the agent maximizes only
immediate rewards, whereas greater values of γ also take into account future rewards. Maximizing only
immediate rewards leads to a myopic agent which is not an optimal strategy. An agent who cares only
about immediate rewards will not explore parts of the state space that will possibly generate a bigger
reward in the future. On the other hand, in late stages of learning, exploitation ensures that optimal
actions are chosen. Consequently, the agent needs to balance between exploration and exploitation so as

6

Figure 4: Reinforcement Learning Circle
from Book: Reinforcement Learning an Introduction
to converge to an optimal strategy of how to behave in the environment.
Gt = Rt+1 + γRt+2 + γ 2 Rt+3 + . . . =

∞
X

γ k Rt+k+1

(2)

k=0

The agent requires a mapping from states to actions in order to act in the environment. A policy, π, is a
function that maps a state s ∈ S to an action a ∈ A, that is, π(s) = a. A stochastic policy, π(a|s), is the
probability of taking action a in state s. The optimal way of behaving in the environment, i.e maximizing
Gt , is defined by an optimal policy π ∗ . Optimal decisions require a notion of how good it is to be in a
state, or, how good it is to take an action from a state. The value of state s under policy π, vπ (s), is the
expected return from state s, following the policy π onward, which leads to the formula:
#
" ∞
X
(3)
γ k Rt+k+1 St = s , ∀s ∈ S
vπ (s) = Eπ [Gt | St = s] = Eπ
k=0

The value of vπ (s), indicates the goodness of being at the state s, following the current policy π until the
termination of the episode regarding the discounted rewards. The above equation is called state value
function. This contains only the information about being on a current state, given the current policy
and it does not include any information about the actions. In order to combine the previous information
with the goodness of taking action a in state s under the policy π, we use the value of qπ (s, a), which
represents the expected return starting from state s, taking action a, and following π onward. This is
called the state-action value function which is formulated as follows:
" ∞
#
X
k
γ Rt+k+1 St = s, At = a , ∀s ∈ S, ∀a ∈ A
qπ (s, a) = Eπ [Gt | St = s, At = a] = Eπ
(4)
k=0

2.2.1

Value-Based Learning

There are various ways that an agent could learn a task by interacting with an environment. One of
those is called value-based learning, due to the fact that the agent learns through the values of each state,
V (s), or state-action pairs, Q(s, a). More precisely, regarding the information from Section 2.2, the value
function estimates how good is to reach certain states. The objective of the agent is to find the optimal
policy that maximizes the expected rewards. So, the agent is trained on building the optimal policy
thought the value-function formula:
V ∗ (s) = max vπ (s)
π

(5)

The above equation represents the optimal policy which is derived through value learning using only the
value function approximation Equation (3), which contains information about the goodness of visiting
specific states. If someone wants to enhance the value learning approach, they can include the actions in
the value function and transform it into a state-action value function approximation using Equation (4).
In this way the agent is still trained on the task of building a policy, trying to reach the optimal one
π ∗ through value learning, but this time exploiting information from the actions, at ∈ A(s), as well. So,
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instead of assigning a value, vπ (s) for each state, someone could assign a qπ (s, a) value for each action,
at ∈ A in each state, st ∈ S. So, we get:
Q∗ (s, a) = max qπ (s, a)
π

(6)

The above equation indicates the optimal policy under which, the agent selects the action with the highest
q value for the current state, Aselected = argmax qi (St = s, At = ai ). An optimal policy π ∗ corresponds
to an optimal state-value function v ∗ , or an optimal action-value function q ∗ . Having either v ∗ or q ∗ is
equivalent to know the optimal policy π ∗ , and thus, the optimal way to behave in the environment.
In many cases we want to reduce the variance of Q, for that reason we introduce a new term called
advantage. Advantage function could be considered as another version of Q-value with lower variance by
taking the state-value as the baseline. By subtracting the state-value V (s) from Q(s, a), we reduce the
variance as we subtract the average value of actions that would be selected in that state. The following
formula represents the advantage function, Â(s, a):
Â(s, a) = Q(s, a) − V (s)

(7)

Based on TD-residual (Temporal Difference) concept, advantage value could be calculated through the
Generalized Advantage Function proposed in [13]. The following formulas describe the estimation of
advantage At obtained from the discounted advantage function A(st , at ). Let δt = Rt + γV (st+1 ) − V (st )
which represents the TD-residual [15] of V (s), using a discount factor, γ. The parameter δt , could be
considered as an estimation of the advantage of action At as it is described by the formula:
Âkt = −V (st ) + Rt + γRt+1 + . . . + γ k−1 Rt+k−1 + γ k V (st+k )

(8)

We can rewrite the above equation formulating the Generalized Advantage Function using the parameter
δt from [14] and an extra parameter λ ∈ [0, 1]. The following equation could be reduced to Equation (8)
for λ = 1. The generalized advantage estimator GAE could be expressed as the exponentially-weighted
average of k-step estimators leading to:
(k)

Ât

k−1
X

:=

(γλ)l δt+l = δt + (γλ)δt+1 + . . . + (γλ)T −t+1 δT −1

(9)

l=0

Two interesting properties of GAE are stated in [13] for two values of λ:
λ = 0 : Ât := δt = Rt + γV (st+1 ) − V (st )
λ = 1 : Ât :=

k−1
X

γ l δt+l =

l=0

k−1
X

γ l Rt+l − V (st )

(10)

l=0

The Generalized Advantage Estimator for 0 < λ < 1, balances between bias and variance. Both parameters
γ and λ contribute to the balance of bias versus variance tradeoff of the advantage estimation.
2.2.2

Policy-Based Learning

Policy based learning is another family of algorithms in reinforcement learning. In these algorithms, the
policy πθ is represented by a model (e.g., a neural network in the deep reinforcement learning framework)
which maps each state into probabilities and builds a distribution over the possible actions for the current
state. In policy learning the agent tries with various methods to train the parameters θ in order to reach
the optimal policy πθ∗ . The basic algorithm behind policy based learning is the Policy Gradient which
targets at modeling and optimizing the parameterized policy directly using gradient-based methods such
as gradient ascent. The reader should keep in mind that the goal of an agent in reinforcement learning, is
to find an optimal behavior strategy in order to obtain optimal rewards produced by the environment.
Using the policy gradient algorithm, the aforementioned policy is achieved by training the policy-model,
πθ , towards the direction of the gradients. The objective in policy gradient methods is to maximize the
expected reward, following the parameterized policy πθ as it stated in the following formula:


(11)
J(θ) = Eπθ R(τ )
8

The above equation represents the basic objective, where R(τ ), indicates the rewards collected from the
trajectory, τ . It is a differential equation where the model is trained upon, updating the policy weights θ
with a proportion of the gradient of Equation (11). The reader should remember that all MDPs have at
least one optimal policy, which can maximize the rewards. In the policy gradient framework, the goal is
to find those parameters θ∗ , which maximize the objective J(θ). The training and the update rules for
this approach are described thoroughly in Section 5.1.
Policy Gradient algorithms could be used to a wider range of problems. There are many occasions
where the reward function is too complex to be learned by a simple Q-learning algorithm using the
Bellman equation. In those cases Policy Gradients could perform better, they show faster convergence
rate than value-based methods which have the tendency to converge to local optima. An other interesting
fact about the Policy Gradient family, is that they could be applied on problems with continuous action
space because the policy model (policy-network) builds a distribution over actions, so in the continuous
domain it builds a distribution over some mean value µ, with some standard deviation σ, from where
actions could be sampled. Value based methods have to discretize actions in the continuous domain
which is inefficient and undesirable on most of the cases. The basic drawback in the policy-based methods
is that they suffer from high variance in the gradient estimation. More precisely, each update is an
estimation of the gradient, estimated using samples of the episode. This estimation could be extremely
noisy which leads to bad gradient estimations and brings instability in the learning process. So, the basic
disadvantage of policy based methods is that they lack in sample efficiency while value-based methods,
such as DQN, usually performs better regarding the sample efficiency.
2.2.3

Exploration

The exploration and exploitation ratio is a great challenge in reinforcement learning and has a strong
impact on the results. An agent who starts interacting with an unknown environment has no prior
knowledge and consequently performs only random actions in the beginning. In this way it collects
information by exploring states would be reached by exerting those random actions. Randomness plays a
significant role in stochastic processes especially in reinforcement learning. The reason is that we can
simulate a human strategy by controlling this randomness and force the agent to learn imitating the way
that humans interact in unknown situations. The reader could imagine a situation of a person playing a
new video game without prior knowledge. The most common human strategy, when someone is a new
player, is first to experiment with the available actions, and learn through trial and error the impact of
these actions. In this way, the player is exploring the consecutive states after exerting random actions,
following the pattern of a trajectory.
After some experimentation, the player will gain some initial knowledge about good and bad actions
or states that have been visited, and this is how the concept of rewards is taking place. The player will
avoid actions that lead to bad states (bad reward), and consequently after some exploration, the player
should start choosing actions according to the already explored trajectories (states-actions-rewards). This
is an initial policy based on the memory built through the exploration. The aforementioned could be
expressed using reinforcement learning vocabulary as follows: the agent (player) will start interacting with
the environment by selecting random actions in order to explore some of the environment’s state space S,
and action space A, and store the trajectories in its memory. After some exploration the agent should
start building a policy based on the memory, so it has to gradually stop selecting actions at random
and choose actions based on the policy. Exploiting uncertain data, prevents the maximization of the
long-term rewards because the selected actions are probably not optimal. Consequently, we need balance
between the two modes (exploration & exploitation) in order to use them adequately. All the above, are
summarized in the well known Dilemma of exploration and exploitation from [15].
There are various algorithms and approaches handling this dilemma, one of them is the well known
ǫ-greedy. It handles the trade-off between exploration and exploitation by controlling the parameter of
randomness. Let ǫ ∈ [0, 1], be the probability that the agent selects an action completely at random
and not based on the current policy π. The idea of ǫ-greedy is to control the frequency of selecting
a random action, by reducing this probability gradually. The following equation describes the binary
decision between random and non-random actions.
(
random action fromA(s), if ξ < ǫ
π(s) =
(12)
argmaxa∈A(s) Q(s, a),
otherwise
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where ξ is a uniform random number drawn at each time step, t. Each time the agent selects a random
action, the ǫ value is decreased by a discount factor δ ∈ [0, 1] which is set to a value close to 1, e.g., 0.99.
In this way, we slightly decrease the chance of a random action selection according to our requirements.
Ideally, exploration mode is preferable in the early stages when the agent is completely uncertain about
the action selection due to its zero experience. After the agent collects observations from the environment
during the exploration phase, it will exploit its knowledge and select actions derived from the policy.

3 Related Work
Various approaches exist for solving optimization problems such as the Train Unit Shunting Problem
(TUSP). In this section we mention some of the papers which are helpful for the current research. Due to
the fact that TUSP is a very specific problem, and needs good domain knowledge (train units, yards,
shunting/routing problems, etc), some of the papers are not directly related to the TUSP but are related
to similar routing problems such as the famous Traveling Salesperson Problem (TSP) or the Vehicle
Routing Problem (VRP), see, e.g., [1] and [4], respectively. All of them share the same idea of optimization,
that is finding optimal solutions. These solutions could be considered as plans, strategies, or policy in the
Reinforcement Learning framework.
The current research focuses on Deep Reinforcement Learning approaches due to the fact that we
aim to develop methods that produce consistent plans, which are robust to the uncertainty. A method
for creating such plans should reason for each decision it takes. So, via Deep Reinforcement Learning
methods we can obtain a robust trained policy which find solutions to specific scenarios, and consequently
we can gain insight information if we analyze the policy. Furthermore, we can draw conclusions about
why specific actions are taken into specific cases and why some scenarios are more difficult to be solved.
We split the related work into two categories: papers that focus on the TUSP and papers that focus on
similar problems.

3.1

Related work on TUSP

Peer et al. [10] addresses a stable solution for a limited edition of the Train Unit Shunting Problem
with Deep Reinforcement Learning. The paper tackles a specific part of the TUSP, the parking and
the matching subproblems. It is a classic optimization problem where trains have to be parked wisely
according to a set of constraints following the day schedule (scenario). For this purpose, the paper
suggests a Deep Q-Learning (DQN) agent based on the idea of Mnih et al. [8], which learns how to solve
these two subproblems through the Q-Learning algorithm, approximating the outcome of the Bellman
equation. The agent is trained on scenarios generated from the instance generator developed by NS. The
authors represent the problem as a Markovian Decision Process (MDP) in order to use RL methods,
and proposed a visual representation of the state observation. The image-based state, includes sufficient
information from the scenario and provides to the agent all the information that is needed, in order
to learn how to solve such a problem. The DQN approach is a value based Reinforcement Learning
method, using neural networks to approximate the Q-value for each action, and it is characterized as an
off-policy method. The agent uses two policies: the behavioral policy and the greedy one, both described
by the ǫ-greedy algorithm in Section 2.2.3. The agent tries to learn the optimal policy by minimizing
the difference between the predicted Q-values and the outcome from the Bellman equation. The reward
function was defined according to whether a departure or a parking action is correct, given the current
scenario. The results show that the algorithm outperforms the greedy baseline and produces a correct
solution on approximately 81% of the 3, 000 test scenarios. We focused on this paper for the current
research aiming to upgrade it and add more subproblems of the TUSP, such as the scheduling of the
service tasks. Peer et al.’s paper [10] is described thoroughly in Section 4.2.
In [18], the authors study the approximation of the Local Search heuristic using Machine Learning models.
The paper focuses on the TUSP problem and provides information for the model architecture and the
relation between the initial shunting plan for the Local Search (LS). More precisely, the paper describes
how a graph convolution neural network (DGCNN) is used to boost the LS method and how the model
provides some better initial solutions in order to reduce the time for the search process of an LS run. A
shunting plan could be represented as an activity graph, G = (V, E), with V the set of nodes: arrival,
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movement, parking, service and departure; and E the set of edges that indicate the precedence relations.
The paper focuses on predicting the feasibility of an initial solution represented as an activity graph.
Node features contain information about tracks, trains, duration and activities, and each graph has a
binary target class Ctarget = 0, 1, indicating the feasibility of the current shunt plan. The problem is
considered as a binary classification problem where the accuracy is measured by the model’s outcome
with the actual label. The DGCNN model addresses useful feature extraction from the graph. To evaluate
this approach, the authors measure how much running time could be reduced in determining capacity in
the yards. The results of this approach demonstrate that the method can boost optimization algorithms
in an industrial application and that combining DGCNN with LS the authors achieve to decrease the
computation time by 17.5%.

3.2

Related work on similar problems

The paper of Kool et al. [5] addresses an encoder-decoder attention model for solving the Traveling
Salesperson Problem (TSP) using Reinforcement Learning. The model represents a parameterized policy
pθ (π|s) which generates a tour solution π as a possible permutation of the nodes of a graph (note that we
use exactly the symbols of the referred paper [5], where π refers to a tour solution and pθ (π|s) to the policy).
The data consist of graph-instances with nodes and edges of the TSP. The paper provides information
about four different essential parts of the problem, namely: encoder, decoder, context-embedding and
optimization though the Reinforce algorithm. More precisely, the encoder takes as input the node features
in a low dimensional space (coordinates in two dimensional Euclidean space) and computes an aggregated
embedding which consists of the graph embeddings and the mean of the final embeddings, as well. The
encoder uses multi-head attention layers following [17]. The decoder takes as input the aggregated output
of the encoder, and yields one node πt at a time. The output of the decoder is based on the encoder’s
output embeddings, and on the decoder’s output pi′t as well. The graph is augmented during the decoding
procedure with a special context node which represents the decoding-context for specific problems of
the TSP. Finally, the optimization made by the Reinforce algorithm with a greedy rollout as baseline.
Different approaches based on the policy gradient algorithm, with different baselines such as value-based
critic baseline, are described thoroughly. The very detailed paper, regarding the Deep Learning model
and the architecture, addresses how the policy gradient theorem among with Deep Learning models, can
produce solutions to NP-hard problems. Combining auto-encoders from the Deep Learning framework,
multi-head attention techniques including the idea of recurrency, and weights optimization through the
well-known Reinforce algorithm, constitute a state of the art implementation and a really promising
approach for solving optimization problems. Efficient evaluation for different baselines on different variants
of the TSP, promising results that outperforms most of the existing methods, and all the aforementioned,
compose a very interesting paper on Deep Reinforcement Learning.
Nazari et al. [9] presents an end-to-end framework for solving the Vehicle Routing Problem (VRP) using
Reinforcement Learning. In this specific approach, a policy model is trained towards the direction of
finding near-optimal solutions for a broad range of problem instances, observing the rewards and following
feasibility rules. Given a set of input data, the paper focuses on finding a stochastic policy which generates
sequences that minimize a loss objective satisfying the problem constraints. The parameterized stochastic
policy, π(·|Yt , Xt ), is trained through the Reinforce algorithm and produces a sequence of consecutive
actions in real time without re-training the model for every new problem instance. The paper addresses
a model architecture in order to resolve the limitations of Pointer-Networks on problem cases where
dynamic elements complicate the forward pass and the back propagation operations. The proposed model
is invariant to the input sequence, thus it is not affected from any change in the order of any two inputs.
The model also omits the Recurrent Neural Network architecture since the inputs in routing problems
are usually represented by a set of unordered customer demands and locations, where the order of the
input is not meaningful due to the fact that any random permutation contains the same information as
the original ones. The model consists of two components, namely: Graph Embeddings and Decoder. The
former is used to encode structured data inputs, and the latter points to an input at every decoding
step using an Attention Mechanism. Given a set of inputs X = {xi , i = 1, . . . , M }, the model will take a
representation of xit = (si , dit ), where si and di are the static and the dynamic elements of the sequence,
respectively. Note that the static elements are fed into the decoder network and the dynamic elements
are used only in the attention layer. The authors combine the embeddings with the Long Short-Term
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Memory layer, and plug them into the attention layer which generates the final conditional probabilities.
The method is compared with the Google’s OR-Tools VRP engine [11], one of the best open-source
VRP solvers, and it produced shorter paths in 61% of instances with 50 and 100 customers.

4 Problem Description
The objective of the Train Unit Shunting Problem is to make plans for all the trains in the yard in order
to satisfy all the constraints. In this research we want to explore if a part of the TUSP problem could
be solved using artificial intelligence approaches. More precisely, to explore if an AI-agent is capable of
learning how to solve specific subproblems of the TUSP using Reinforcement Learning algorithms.

4.1

Subproblems

In the current project we focus only on three out of four subproblems which constitutes the whole TUSP:
matching, parking and scheduling the service tasks. In [10], the problem was encoded in such a way
that the agent learns implicitly how to solve the matching and the parking subproblem using Deep
Reinforcement Learning approaches. Our goal is to upgrade this work, and enhance it by including the
service tasks in the learning process, to compel the agent to learn this new task of scheduling efficiently
the services for the trains. More precisely, with this extra task, the agent has to learn to move the trains
into specific service tracks and service the trains. This task contains the concept of time because each
service-task has a specific time duration for each train. The agent has to learn to wait until a train
is serviced and then move it to the parking tracks in order to be ready for a departure. It is a more
complex problem compared with the one addressed in [10], due to the fact that the agent has to do more
actions handling the movements of the trains between the tracks, and also learn to service and wait in
the intermediate steps between arrivals and departures. The problem needs a bigger action space and
consequently a bigger state space. We aim to develop an agent which can learn a robust policy and
generate feasible solutions on different scenarios, solving the tasks of matching, parking and scheduling
the service tasks by controlling all the movements for the trains. The agent has to make plans for all the
actions inside the shunting yard, respecting its physical rules. In the current project the services is the
internal cleaning of the trains which can take place only in the cleaning tracks, as the cleaning service
is a track-specific task. Before move on how we can include the scheduling of service tasks as an extra
learnable task for the agent, we explain the basic experimental setup used from [10], in the following
subsection .

4.2

Matching and Parking

The environment used in [10], depicts a train shunting yard where trains arrive and depart according to
day schedule. The referred yard, which is also used in the current research, is illustrated in Figure 1. It
is a real shunting yard called Kleine Binckhorst, close to the Den Haag area. It has to be mentioned
that there are specific tracks for parking and specific tracks for services. Moreover, there are some tracks
which were not included in the simulation, for instance the blue platform (External Cleaning) is not
included in the simulation. The inspection track (at the top of the image) is used as parking track in [10].
The current problem focuses on solving the matching and the parking problem (TMP) as a limited edition
of the whole TUSP. The infrastructure of the shunting yard used in the simulation, consists of n = 9
dead-ended tracks of different capacity where trains can be parked. There are three main constrains in
the current problem which have to be satisfied:
i Assign the arriving train to parking tracks wisely in order to avoid track length violation (track
overflow).
ii Park the trains in such a way that can easily depart, avoiding delays, according to the scenario and
assure that there is always an unobstructed path for the trains to leave.
iii Choose the correct type of train to depart, conforming to the desired one in the scenario.
A scenario consists of a time table of planned arrival trains, including the train type and number of
carriages (e.g., SLT-4) and a time table for the departure trains which indicates the desired type of train
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to depart. In the departure time, the agent has to choose a train with type that matches to desired one,
so it has the freedom choose which exact train of the defined type will depart. For instance if there are 6
trains of SLT type parked in the yard, and the next departure is a SLT train, the agent can choose one of
the six trains to depart. All in all, in the departures we only care about the correct matched train type
and not for the exact train. Table 1 is an example of a scenario for four trains.
Time
9:00
9:30
10:00
10:30

Type
SLT-4
VIRM-6
SLT-4
SLT-6

Event
Arrival
Arrival
Arrival
Arrival

Time
12:30
12:45
13:30
14:15

Type
SLT-4
SLT-6
SLT-4
VIRM-6

Event
Departure
Departure
Departure
Departure

Table 1: Example of scenario for 4 trains.
The authors in [10], address that a Deep Reinforcement Learning agent needs sufficient information in
order to learn how to produce a shunting-plan which satisfies all the constraints, so they suggest a visual
representation of the state which includes essential information from the scenario. More precisely, the
encoding of the state-observation in this problem includes information about the current and future
arrivals, the yard occupation for each track and the current and future departures. In this way, they
provide to the agent information about the current situation in the yard, the current event of the scenario
(arrival or departure), and information about the future arrivals/departures. The state is represented
by a 33 × 33 matrix, where each carriage of a train occupies one pixel. The state contains the following
information:
• Current shunting yard occupation.
• Current arrival or departure.
• Lookahead arrival or departure event.
• Number of carriages of arrivals and departures beyond the lookahead events.
An episode consists of a day scenario sampled from a pool of scenarios including different number of
trains, all generated by the NS instance generator. Each event of the scenario indicates a step in the
episode, where the agent has to select an action. The action space, A ∈ [0, 9], is a discrete space with
actions, at ∈ A, that indicate the number of a track. So, given each input, the agent has to select a single
track for an arriving or a departing train. When a train gets into a track (arrival), if it fits, it pushes the
rest of the trains. The agent chooses only the destination track if the event is an arrival, and the current
track if the event is a departure, where the first train from the left, will depart from the chosen track. An
episode terminates when a violation is occurred. A violation could be a track overflow, a wrong departure
(wrong train type) or an action which points an empty track in a departure event. The reward function
used in [10] is described by the following formula:


+0.5, if correct parking
r(s, a, s′ ) = +1.0, if correct departure
(13)


−1.0, otherwise
The DQN-agent consists of two convolution layers and a fully connected layer before the output which is
n = 9. The network is trained on batches sampled randomly from the memory buffer after each exerted
action. The network outputs the Q-value for each one of the actions and it is trained to predict the
outcome of the Bellman equation. The process of training will be described in Section 5. The authors
generated 30, 000 problem instances (scenarios) with 14, 15, 16, 17 trains (7, 500 for each number of
trains). They trained the agent for 150, 000 episodes, each one being a random instance drawn from a
pool of 30, 000. The performance of the agent was compared with a greedy baseline and a local search
optimization model. The agent could solve on average 81% of the instances in the test set. The test set
consists of 3, 000 test scenarios (750 for each number of trains).
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4.3

The TORS Simulator

The acronym TORS stands for the Dutch phrase Trein Onderhoud Rangeer Simulator which means
Train-Shunting Maintenance Simulator. It is the new software package of NS for sequential planing. The
word shunting indicates the push or pull (movement) of a train unit, from the main line to a siding one,
or from one line of rails to another. TORS takes as input a scenario for a specific yard, produced by the
NS instance generator. The software transposes the scenario into multiple events (arrivals-departures)
and formulates sequential states together with the corresponding available actions. Moreover, it allows
the trains to move from track to track in the intermediate steps between the arrival and departure events.
More precisely, TORS plays the role of the environment for the TUSP, thus it generates States which
include the information of the trains in the service-yard, available Actions for each current state, and
Rewards for the exerted actions, while it updates the state by applying the chosen action. Given a
specific problem (e.g., parking and matching), we can decide what information is useful for the state
representation, which actions can be used, and what rules are essential to be set in order to solve the
problem with Reinforcement Learning. All in all, we design the problem and the simulation by filtering
and processing the information provided from TORS, since it provides a functional API for customizing
all the above options.
The available actions are in the form of pairs of current track and destination track for each train.
TORS provides the action of wait and service as well. The wait action means that all the trains will
not move and the situation in the yard will be exactly the same in the next state. The service action
indicates a service task, e.g., cleaning, and if that action is chosen the environment activates the start of
the specific service task. Service action is enabled only if a train is located in a suitable track where the
service task is allowed. After the service action is selected, the environment sets the train into the service
task for specific duration which is indicated by the action. In the current research the service task is the
internal cleaning of the train, and each train needs different time duration for cleaning according to its
length and number of carriages. After the end of the service duration, the environment provides a binary
information indicating that the train finished the service and it is clean.
The environment has a peculiarity on how generates possible actions on each time stamp. It freezes
each time stamp and splits it into many smaller ones. More precisely, in the beginning of each time stamp
the environment generates valid actions for all the trains, which means that produces actions for the
tracks where trains are located. After the agent chooses the first action on time stamp ti , the environment
moves the proper train from the current track to the destination track according to the physical yard
layout (all the movements are made in accordance with the physical constraints of the yard, so the left or
the right most train is moved, from track to track, pursuant to the tracks connectivity in the yard). Then,
in the same timestamp, the environment produces actions for the rest of the trains excluding the actions
which correspond to the train which already moved. This routine happens until the agent selects one
action for each train in the yard, one by one, in the current time stamp. Afterwards, the environment
moves to the next time stamp, ti+1 , and produces actions in the same way. This peculiarity provides
to the agent more chances to move the trains, but this could lead to undesired policies where the agent
loses much time on unnecessary movements of the trains inside the yard. It would be a better option if
the environment produced all the possible actions, for all the trains in each time stamp in order to help
the agent to build a distribution over all possible actions on each time stamp. Furthermore, that fact
leads the agent to use many times the wait action especially in cases where some of the trains are already
serviced and located wisely in a position and they are ready for a departure.

4.4

Matching and Parking on TORS

We wanted to reproduce the results from [10] using the TORS software package as the environment for
the RL-simulation. We tried to simulate exactly the set-up of the environment used in the refereed paper
and train the agent without providing any prior knowledge in order to test TORS for the first time in a
Reinforcement Learning task. TORS provides possible actions for all the trains in a form of pairs (current
track and destination track) and provides the action of "wait", as well. We omit the option of wait by
using heuristics, so the agent has only option to select a destination track. The scenarios used in this
simulation were different from ones in [10] because the instance generator for TORS is different. For time
reasons, we test the implementation in TORS only for 14, 15 and 16 trains because we wanted just to
test if the implementation using TORS as the environment is working. We generated 3000 scenarios
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(1, 000 for each number of trains) and trained the agent only for 63, 000 episodes. The results from the
simulation are illustrated in Table 2.
Simulation
[10]
TORS

Number of Trains
14
15
16
83.0% 79.8% 81.0%
92.6% 90.2% 91.0%

Overall
81.0%
90.2%

Table 2: Percentages of correctly solved scenarios in the test set.
It is obvious that the results are quite better using TORS. It is not a fair comparison because the instance
generator between the two implementations is different, so the data are different. This could lead us to a
conclusion that the generator which produces scenarios for TORS is better and generates scenarios which
have feasible solutions. This is an interesting finding about the instance generator for TORS, because
with less number of instances and less training we achieve better performance. We report the final results
using TORS after experimentation on the parameter tuning of the agent. Figure 5 illustrates the average
reward per 100 consecutive episodes.
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Figure 5: Average reward per 100 episodes.

4.5

Experimental Setup

The following paragraphs describe the experimentation setup of the simulations, using the TORS software
package as the environment, including three subproblems of the whole TUSP: Matching, Parking and
Service tasks. The current section provides information about the state/action space of the environment,
the reward function which used, and some insights for the training procedure.
Action space
Including the Service tasks we set a bigger action space A54 , which contains 52 actions for moving trains
between tracks, 1 action for wait and 1 for service (cleaning). The movements between tracks follow the
physical rules of the yard depicted in Figure 1, which means that each track has a specific capacity and
that movements have to follow the connections of the tracks. Action wait could be considered as the
action of ”do nothing” where the agent does not move or service any train at the current state. Action
service indicates the start of the service task of the specific train on the cleaning platform. The action is
available only if a train needs cleaning and it is located on a service platform. The cleaning has a time
duration which corresponds to the train type. When the agent chooses the referred action, the service is
active until the end of the task, and the agent can move only the rest of the trains. After the end of the
service task, actions that involve the serviced train are again available for the agent.
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State space
Following the idea from previous work, we experiment with different visual representations of the state.
The state has to contain information about the situation in the yard at each time stamp that is the
location of each train and its type as well. It has to include also information about the arrivals and the
departures from each scenario. The way that the state is encoded in [10], from Section 4.2, is a 2-D
matrix containing information for future arrivals and future departures and the current track occupation
for each time step, as well. All the information was encoded in a 33 × 33 matrix. Figure 6, illustrates the
state representation following exactly the idea from [10]. The extra information about the service trains
was one-hot encoded for each train in another channel. All in all, using two channels (two matrices) we
encode all the information we need for the agent.
In order to expand this idea, we separate the pieces of information into channels. Consequently, each
piece of information about departures and services was encoded in a separate channel. We reduce the
dimensions of the state in 12 × 33 matrix where each row indicates a shunting track which available
capacity for trains is indicated by the non-black pixels. Each train carriage is represented by a single pixel
assigned with the number of its type in order to encode the train type, the location, and its length in one
channel. The rest of the channels are one-hot encoded information for the service and the departures.
The state observation contains the following information:
• Position and train type.
• Information for serviced trains (binary).
• Current departure (binary).
• Future departures in lookahead window (binary).
We wanted to experiment with both ideas of the state representation namely using multiple channels
to encode the state information and the idea from [10]. Separating the information of the state using
multiple channels and reducing the dimension in a 12 × 33 matrix, helped the agent to produce better
results in the final model. Each channel contained different information from the above list.

Figure 6: State representation of a 14 trains scenario used in [10].

Rewards
The reward function plays a significant role in the training process of the agent. There are various ways
to penalize or praise the actions in RL simulations. Due to the fact that the action space is big, and
most of the actions are movements, we experiment with various ways of reward shaping. More precisely,
we force the agent to choose only among valid actions so there is no chance to take an action that is
wrong or invalid. That fact helps the agent to learn only through valid selections, so there is no reason
for penalization. The goal of the agent is to move (shunt) the trains wisely between the tracks, service
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them on the service tracks, wait until the termination of the service, park them correctly in the parking
tracks, and finally choose the correct track from where the train will depart. For that reason we set a
small negative reward, −0.15, to all movements in order to force the agent to select as less moving actions
as possible. Shunting movements in a shunting yard cost electricity and time, so a trained agent has to
use the movement actions with parsimony. For the service action we set a reward of +1, and for the
wait action a zero reward. If the agent wins an episode, which means that all the departures are made
correctly without any delays, it takes +10 reward. At the departure time, the movement action from
a parking track to the gate-way track was available and it has three levels of reward described in the
following formula:


+0.5, if exit movement is selected
R(a | departure) = +1.5, if the exiting train is matched correctly
(14)


+3.0, if the exiting train is serviced

Training
The agent was trained with gradient based algorithms such as gradient descend variations after each
action selection during the episode. More precisely, the agent starts the simulation by performing action
at random for 40, 000 episodes without updating its weights. This is the first phase of the exploration
mode where the agent performs random actions until the memory buffer is full. Afterwards, the agent
starts the second phase of its exploration by making decisions following the ǫ-greedy policy described in
Section 2.2.3. The discount factor of the referred exploration algorithm is set to a high number in order
to slightly decrease the exploration probability starting from 1. After 20, 000 episodes, approximately,
the agent stops the exploration having a very small probability of taking a random action and selects
greedy actions following the policy of choosing the action with the highest Q-value. During the second
phase of the exploration following the ǫ-greedy policy, the agent updates its weights after each action, so
at each timestamp the agent makes a gradient step in the loss function and updates the weights of the
Q-network. The calculation of the gradient was made from a mini-batch of 32 which is drawn randomly
from the whole memory-buffer.

5 Algorithms
In this section the methods which used in the current research are reported. The section consists
of two parts, each one describes a different approach on the problem. The first subsection describes
the implementation of two variants of the Policy Gradient algorithm. The second subsection provides
information about two implementations based on the Q-learning algorithm. The following paragraphs
include preliminary information from Section 2.2.

5.1

Policy Gradient Methods

There are various algorithms and approaches based on the Policy Gradient Theorem proposed the recent
years. The following subsections introduce some of the basic ones which are used in the current research.
We implement the following algorithms on the environment used in [10] which contains only the two
sub-problems Matching and Parking in order to examine how policy-based methods perform on this
task and if we can approach such an optimization problem using deep-policy-networks. More precisely,
the research question in the next two subsections is weather or not policy-based reinforcement learning
algorithms fit to this kind of difficult optimization tasks using visual representation of the state-observation
and the reward function described by Equation (13), using exactly the same experimental-setup used
in [10].
5.1.1

Reinforce

The Reinforce algorithm is also known as the Monte-Carlo Policy Gradient theorem and relies on
estimations of the return, Gt from Equation (2), by Monte-Carlo methods. The current algorithm
uses episode samples to make updates on the policy. The basic idea behind the algorithm is that the
expectation of the sampled gradient is approximately equal to the actual one. More precisely, the agent
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follows a parameterized policy πθ , which tries to optimize by making updates to the parameters θ using
gradient-based optimization methods such as gradient ascent. Given the basic reinforcement learning
objective from Equation (11) we can write the following formulas:


J(θ) = Eπθ R(τ )
X
dπ (s)V π (s)
J(θ) =
(15)
s∈S
X
X
πθ (a|s)Qπ (s, a)
dπ (s)
J(θ) =
a∈A

s∈S

π

where d indicates a stationary distribution from the Markovian chain which could be considered as
the dynamics of the environment. In stochastic environments this distribution moves the agent with a
probability to the next state, st+1 given the exerted action, at . More accurately, dπ is the distribution of
the probability that st = s, starting from the initial state s0 , and comply the policy πθ for t number of
steps, πθ · dπ (s) = limt−
→∞ P (st = s|s0 , πθ ). In the current project the environment is deterministic, so
the probability of moving from one state to the next is fix, dπ = P (st = s|s0 , πθ ) = 1.
Policy Gradient Theorem: The derivative of the expected reward is the expectation of the product of
the reward and the gradient of the log parameterized policy πθ .
X X
πθ (a|s)Qπ
dπ
∇θ J(θ) = ∇θ
a∈A

s∈S

∝

X

s∈S

d

π

X

∇θ πθ (a|s)Qπ

(16)

a∈A

Equation (16) involves the sum over the actions, at ∈ A which is derived from the classical Policy
Gradient theorem but each term is not weighted by π(a|s) needed for the expectation under the policy πθ .
Reinforce algorithm introduces the usage of the action at = A, which is the action that actually exerted
at time t and the state, st = S, which is the state visited at that time step instead of using the sum. We
can re-write Equation (16) by including this weighting
without
altering the equality, replacing a by the


sample A ∼ πθ and use the return Gt , because Eπ Gt |S, A = Qπ (S, A).
#
"
X
∇θ πθ (a|S)
π
πθ (a|S)Q (S, a)
∇θ J(θ) = E π
πθ (a|S)
a∈S
"
#
∇θ πθ (A|S)
= E π Qπ (S, A)
πθ (A|S)
(17)
#
"
∇θ πθ (A|S)
= E π Gt
πθ (A|S)
h
i
= E π Gt ∇θ log πθ (A|S)
Equation (17) is exactly what is needed for optimizing the parameterized policy πθ using gradient
optimization methods such as gradient ascent. The update formula of the parameters θ is given by the
following formula:
θ←
− θ + αGt ∇θ log πθ (A|S)

(18)

Each increment of the value θt is proportional to the product of the return Gt and the vector of gradients
of the probability taking action A divided by the probability of selecting that action from the current
policy, A ∼ πθ . The vector of gradients indicates the direction in a parameter space that increases the
probability of action A, so the update increases θ towards that direction proportionally to the return Gt .
The aforementioned method has good convergence properties in theory but in many cases the Reinforce
algorithm may be of high variance so produce slow learning. In general policy gradient methods suffer
from the problem of sample efficiency and high variance. For that reason it could be generalized and
include a comparison between the action-value and a baseline b(s) in order to reduce the variance of the
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gradient estimation, but in the same time to keep unchanged the bias factor. The baseline could be any
arbitrary function, even a random variable. We can re-write Equations (17 & 18) including the baseline
term b(s).
i
h

∇θ J(θ) = E π Gt − b(s) ∇θ log πθ (A|S)
(19)

θ←
− θ + α Gt − b(s) ∇θ log πθ (A|S)

In the implementation of the Reinforce algorithm we included a P
baseline bi based on [6]. The proposed
1
Gj , where k indicates the number
baseline bi , is constructed based on other samples j =
6 i : bi = k−1
PTj6=i i−1
of samples (episodes), Gt the discounted reward function Gt = i=t γ Ri , and Ri the actual reward
obtained from the environment. The following formula describes the gradient of the objective, J(θ),
including the foresaid baseline.
i
h

∇θ J(θ) = E π G − b ∇θ log πθ (A|S)
∇θ J(θ) ≈

k

1X
1 X 
∇θ log πθ (A|S) Gi −
Gj
k i
k−1
j6=i

(20)

k
k

1X 
1 X
∇θ log πθ (A|S) Gi −
Gj
=
k − 1 i=1
k j

Algorithm 1, describes the process of the Reinforce algorithm using deep-policy-network initialized with
parameters θ, for the representation of policy πθ . The neural network takes as input the state observation
st at each time-step and constructs a probability distribution over the possible actions using a softmax
xi
activation function at the output layer σ(xi ) = Pexp
. The former function generates a probability
K
i

exp xi

distribution over the actions which sums to 1. In this way the agent selects actions from the distribution
built by following the current policy.

Algorithm 1 Reinforce
Input: State observation, St ∈ S
Output: Softmax probability over actions, Ait ∈ A
Initialize: Policy Network weights θi ∈ R
Generate episode by sampling on policy actions from πθ : S0 , A0 , R1 , . . . , ST −1 , AT −1 , RT
for each episode step t = 0, 1, . . . , T − 1 do
PT
Estimate the discounted return Gt = t+1 γ t Rt+1
Update policy network parameters: θ ←
− θ + αGt ∇θ log πθ (At |St )
end for
5.1.2

Proximal Policy Optimization

This subsection refers to the Proximal Policy Optimization algorithm (PPO) as a variant of the Policy
Gradient. The authors in [14] proposed the method as an upgrade of the Reinforce algorithm, taking
ideas from other algorithms such as the Trust Region Policy Optimization [12]. PPO is an actor-critic
off-policy method, which means that combines the idea of learning by value and learning by policy. It is
off-policy because it uses samples from old policies together with the current one in the learning process.
PPO framework consists of two different models (neural-networks) in order to represent separately the
policy, and the state-value. In this case the policy is stochastic and is represented by a network which
generates a probability distribution over the possible actions. The value-function yields the expected value
of being at the current state following policy πθ . The policy model is called Actor and the value-function
model is called Critic. Both models take as input the current state, st ∈ S.
Actor works exactly as the deep-policy model in Section 5.1.1, which builds a softmax probability
distribution over the possible actions ati ∈ A given the current state, st . The Critic takes as input the
state st as well, and generates the expected state-value, V (st ) for that state. It justifies its name Critic
because the model predicts the goodness of being at the current state following the current policy until
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the termination of the episode. The referred algorithm optimizes the policy by using samples generated by
previous policies. More accurately, the policy network is initialized arbitrarily two times in the beginning
of a simulation, in order to create two Actor networks which produce two different softmax distributions:
πθ and πθold . The whole idea behind PPO is to optimize the target policy by making small updates in
a safe region of the difference between the target and the old policy, taking the idea from the TRPO
algorithm from [12].
Due to the fact that in PPO policy and value-function are represented separately, there is a need of
two loss functions to train both networks. The Actor model (policy network) is trained similarly with the
one in Section 5.1.1, based on the policy gradient theorem. The authors in [14] proposed a loss function
which includes a new term, ρ(θ) = πθπθ (a(at |st |st )t ) , which denotes the ratio between the current and the old
old
policy. The proposed loss function is a differential function based on the policy gradient algorithm from
Equation (17). The following formula is called Clipped Surrogate Objective.



LCLIP
=
E
min
ρ(θ)
·
Â,
clip(ρ(θ),
1
−
ǫ,
1
+
ǫ)
·
Â
(21)
π
θ

Where epsilon is a hyper-parameter, e.g., ǫ = 0.2 from [14], Ât the generalized advantage estimator from
Equation (9), and clip(x, 1 − ǫ, 1 + ǫ) indicates the function that sets its input value x, into the boundaries
[1 − ǫ, 1 + ǫ]. Equation (21) could be split into two pieces: ρt (θ) · Ât and clip(ρt (θ), 1 − ǫ, 1 + ǫ) · Ât . The
objective indicates the expected value of the minimum quantity between the clipped and the unclipped
product of ρt (θ) and Ât . The advantage term, Ât , is calculated with the Generalized Advantage Estimator
(GAE) described in In this formula, ρt (θ) indicates the probability ratio between the likelihood of
πθ (at |st ) and πθold (at |st ). It has to be mentioned that the division of the two policies is an element-wise
division between the probabilities of taking an action at , in the state st , from distributions piθ (at |st ) and
piθold (at |st ).
The current objective function seeks for the minimum change between the two policies and builds a
trust region by establishing an interval [1 − ǫ, 1 + ǫ]. The idea behind it is that we need slight and smooth
changes between the current and the old policy in order to be confident that the policy is trained towards
the optimal one, by making small fluctuations with low variance. Succinctly, the final objective could be
considered as a lower bound, pessimistic bound as it is referred in [14], on the unclipped objective. The
changes in the ratio which makes the value LCLIP
bigger are ignored, whereas the fluctuations of the ratio
θ
that makes it smaller are included. The stability of the fluctuations some times leads to ignore policies
which could return high future rewards, but it provides confidence that the changes will be harmless
inside the trust region. The update rule of the trainable parameters of the Actor model is given by the
following formula which is similar to Equation (18):
θ←
− θ + α∇θ LCLIP
θ

(22)

where parameter α represents the learning rate of the optimization.
The goal of the Critic network is to be trained towards the direction of the gradients in order to
produce accurate predictions for the values, Vt , which indicates the goodness of being at a current state
and follow the policy πθ onward. The network is trained with a standard regression loss function such as
mean squared error:
LV =

T
X
(V (st ) − Gt )2

T

t

(23)

The final objective function that both networks (actor & critic) trained is a linear relation of LCLIP and
LV . In many cases there is an extra term in the final loss function the Shanon’s entropy. In our project it
was not used.
i
h
V
LCLIP+V = E c1 LCLIP
(24)
−
c
L
2
θ

Algorithm 2, describes the proximal policy optimization algorithm in fixed-length trajectory segments
as it used in the current project. In [14] the algorithm is reported in a distributed fashion but in this
project is used as a single core architecture. In each iteration, each one of the N parallel actors collect
T timesteps of the data interacting with the environment. The optimization starts when an adequate
amount of trajectory segments is collected.
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Algorithm 2 PPO
Input: State observation, St ∈ S
Output: Softmax distribution over actions, Ait ∈ A
Initialize: Actor arbitrarily for πθ and πθold
Initialize: Critic arbitrarily for Vw
for episode = 1, 2, . . . do
Create trajectory τ , by sampling on policy Actor actions from πθ
Run the old policy πθold in the same states collected from τ
ˆ
Compute GAE,
Â1 , ..., ÂT
Optimize objective LCLIP+V using gradient ascent
Update Actor’s weights θ of the current policy, πθ
Update Critic’s weights w of the value-function, Vw
Update the parameters of the old policy θold ←
−θ
end for

5.2

Deep Q-Learning Methods

This section contains information about two methods based on Q-Learning. The following methods tackle
the problem including three subproblems of the whole TUSP: Matching, Parking and Service tasks. We
found that Policy Gradient methods do not perform well on the current project even without including
the subproblem of the Service tasks, probably due to lack of sample efficiency. In most of the cases, Policy
Gradient algorithms are taking advantage of parallel implementations, where many Actors could collect
trajectories from different episodes. This way the expectation of the gradient is more robust and the
algorithm performs better in respect to convergence. We conclude that deterministic policies learnt by
value, such as in Q-Learning, fit better in this kind of problems. The following sub sections describe two
different variants of the Deep Q-Learning algorithm using the experimental setup described in Section 4.5.
5.2.1

Double DQN

Q-Learning is the most common reinforcement learning algorithm for learning good policies for sequential
decision problems, through the optimization of a cumulative reward signal obtained from the environment.
In many cases classic Q-Learning learns extremely high action-values due to the maximization over the
estimated q-values. The following paragraphs describes the learning process using classic deep Q-Leaning
networks (DQN) and afterwards the idea of how we can upgrade DQN method is described as well.
Deep Q-Networks
A deep Q network (DQN) is a multilayered neural network which takes as input a vector s ∈ S, namely
the state representation and produces values for the available actions, Q(S, A) ∈ R. It could be considered
as a mapping function from a n-dimensional state space to a m-dimensional action space containing m
actions. So, it is a trainable function from Rn to Rm , initialized with parameters θ. DQN algorithm
proposed in [8], addresses two essential parts namely the target network and the experience replay memory
buffer. Target network is initialized with parameters θ′ and is a copy of the behaving network except
from its parameters. Parameters of the target network, θ′ , are updated each t steps from the behaving
network, θ′ ←
− θ. The target network is used in the training process only for estimating the action-value,
Qθ′ (st+1 , a), in the calculation of the Bellman equation which outcome is used in the loss calculation,
and consequently at the back propagation of the behaving network. The trajectories are saved in the
memory buffer and sampled randomly during the training process where random trajectories selected
uniformly in order to calculate the outcome of Equation (25).
Ytarget = Rt+1 + γ max Qθ′ (St+1 , a)
a

(25)

The behaving network is trained towards the direction of the gradients on a regression error function
such as mean squared error, using gradient descent optimization. Equation (26) describes the update rule
of the parameters θ.


θ←
− θ + α Ytarget − Qθ (St , At ) ∇θ Qθ (St , At )
(26)
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It is obvious that the max operator in Equation (25) uses the same values for selecting and evaluating
the action. More precisely, the maximum action-value maxa Qθ′ (St+1 , a), is obtained by selecting the
maximum q-value over all the possible actions a ∈ A yield by the the Qθ′ -network. This value indicates
the action that would exerted using the current policy in the state St+1 ∈ S. All in all, the target network
is used only in the evaluation process from which the maxa Qθ′ (St+1 , a) quantity is obtained, updating
each t steps its weights from the online behaving network.
Using same parameters to select and evaluate the action, makes more likely the selection of overestimated q-values. These overoptimistic estimations could lead to false policies. The proposed algorithm
in [16] prevents these overoptimistic value estimations by decoupling the weights of the selection and
evaluation of the action values. In the Double Q-Learning algorithm two networks are used, the online
(behaving) network and the target one, initialized respectively by weights θ and θ′ . The difference between
the Deep-Q-Networks approach and the Double Deep-Q-Learning is the calculation of the Ytarget value in
Equation (25). More accurately, the proposed method targets to the separation of the evaluation and the
selection of the action, which means that the target model will be responsible of the evaluation of the
action, but the selection will be made by the online network. Equation (27) formulates this idea of the
calculation of Ytarget using both networks. The aforementioned algorithm is described in Algorithm 3.


DoubleQ
(27)
Ytarget
= Rt+1 + γQθ′ St+1 , argmax Qθ (St+1 , a)
a

Algorithm 3 Deep Q-Learning with Double DQN
Input: State observation, St
Output: Q-value for each action
Initialize: Target and online network with θ′ and θ
Collect N trajectories selecting actions at random
Save them in the experience replay memory
for each new episode do
for each step of episode do
Select action, a derived from ǫ-greedy policy using the online network
Sample b random trajectories frommemory

DoubleQ
Calculate Ytarget
= Rt+1 + γQθ′ St+1 , argmaxa Qθ (St+1 , a) for each selected trajectory
Update the
network using gradient descent
 parameters θ of the online

DoubleQ
θ←
− θ + α Ytarget − Qθ (St , At ) ∇θ Qθ (St , At )
end for
Update Target network θ′ ←
− θ after n episodes
end for

5.2.2

Dueling DQN

Duelling Deep Q-network is a variation of the Deep Q-Learning algorithm which enhances the algorithm
of the Deep Q-Networks from the previous section by including the dueling architecture in the Q-Network.
The authors in [19] prposed an alternative neural network architecture which is better for model-free
Reinforcement Learning. The current architecture focuses on the separation of the representation of
the state value, V (s), and the action advantages, Â(s, a). The standard Q-Network takes as input the
state-observation and predicts the Q-values for the available actions on the current state. The classic
architecture of a Q-network from [8], consists of convolutional layers for feature extraction from the image,
which outputs a representation in a different feature space. The output vectors of the convolutional layers
are fed into fully connected layers which yield the Q-values.
Instead of using the standard architecture, the proposed method in [19] addresses the idea that it is
essential to predict the value of the state V (s), and use that information to stabilize the prediction of
the Q-values, Q(s, a), for each action choice. The authors claim, that in some states it is of paramount
importance to know which action to choose, but in many other states the action choice using the Q(s, a)
information has non significant consequences. They found that using the state-value information is of
great importance for each state, thus, they proposed a network architecture which encapsulates the
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aforementioned idea depicted in Figure 7. It can be observed that two fully-connected layers are used
after the convolutional layers, which estimate the state-value V (s), and the advantage Â(s, a), separately.
At the final layer, the output of the fully-connected layers (referred to as streams in [19]) is combined in
order to produce the Q-value for each action based on the advantage function from Equation (7). The
output is obtained from the expression of Q(s, a) = V (s) + Â(s, a).
The reader could consider a network where a set of weights θconv , is trained for the feature extraction
from the image, another set of weights θV is used for the state-value estimation, and finally a θA set is
used for the advantage estimation. The following formula describes the calculation of the output layer of
the network. Note that the state-value, V (s) is scalar while the advantage value, A(s, a) is a vector. The
calculation of the Q-values using Equation (28) happens for all state and actions (s,a) so we replicate the
scalar V (s) according to the length of the action space (in the current project the action space was 54).
Q(s, a; θconv , θV , θA ) = V (s; θconv , θV ) + Â(s, a; θconv , θA )

(28)

The network architecture of the referred paper can be used in various RL algorithms. We keep the same
structure of the algorithm of the Double DQN from Section 5.2.1, using the Duelling network architecture.
We followed the same training approach described in Algorithm 3, enhanced with the proposed Duelling
network architecture from [19].

Figure 7: Dueling Network Architecture.

6 Results and Discussion
The current section includes the results of the simulations from Section 5. The policy gradient agents are
implemented using the environment from [10] while the Q-Learning agents are implemented using the
experimentation setup explained in Section 4.5. The policy gradient implementations were used in the
initial problem of matching and parking (TMP) just to inspect if we can approach the problem with these
kind of methods. The results from those agents are not promising, as explained in Section 5.2. Figure 8,
visualizes the performance of the policy gradient agents in the small subproblem of TUSP including the
matching and the parking task (TMP).
It is obvious that there is an increasing tendency in both curves in the aforementioned figure. The lefthand side plot illustrates the performance of the Reinforce agent with a baseline described in Section 5.1.1,
where can be easily observed a positive spike after episode 80, 000. The curve shows signs that the agent
is learning, with a stable but slow, increasing trend on the average reward. The right-hand side plot
depicts the performance of the PPO agent, a more advanced variation of the policy gradient theorem
described in Section 5.1.2. This curve has a positive spike as well, but on different episode and indicates a
stronger increasing tendency compared with the left-hand side one. Both algorithms did not perform well
on the current problem, they need many more episodes in order to converge. The potential drawback of
the algorithms used in the current project is the lack of sample efficiency. In most cases, policy gradient
algorithms are taking advantage of parallel/distributed implementations in order to use much more data
for the calculation of the gradient. In that way the estimation of the gradient would be more accurate
calculated on data from many different instances, thus, the convergence would be faster. The lack of
sample efficiency and the curse of high variance are the basic drawbacks of the Policy Gradient algorithms.
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(a) Reinforce

(b) Proximal Policy Optimization

Figure 8: Average reward per 100 episodes for Policy Gradient methods.
Figure 9, illustrates the performance of the Duelling Deep Q-Learning agent described in Section 5.2.2.
It visualizes the average reward per 100 consecutive episodes during the training process on 3, 4 and 5
trains scenarios using the yard depicted in Figure 1. First we trained the agent on 3-trains scenarios
and then we performed transfer learning for a larger number of trains. More precisely, after the agent’s
learning convergence on the 3-trains scenarios, we used the trained weights for the next set of 4-trains
scenarios, and so forth. In this way the agent uses the trained policy from an easy task (3-trains) and
upgrades it through the training on more difficult scenarios (4 and 5 trains) with transfer learning.
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Figure 9: Average performance of the Duelling DQN-Agent during training.
In the left-hand side plot (a) in Figure 9, it can be observed that the agent learns a good policy in the
first 20, 000 episodes and the average reward fluctuates around the value of 15 in a range of [13, 17]. In
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the first episodes the curve is more noisy because the agent is on the exploration phase, conversely after
some episodes the variance of the reward is decreased. The agent converges at the average reward value of
15. In the right-hand side plot (b), the curve is more noisy which means that the average reward per 100
episodes was more sparse with higher variance. One could notice that the curve follows almost the same
pattern on the three plots but it converges in different values. The (b) one converges on average reward
of 11, fluctuating between the range of [9, 12] with a small increasing spike after the episode 40, 000. The
third plot (c), illustrates the performance on 5-trains scenarios where the curve is even more sparse with
more variance compared to the others. It can be easily observed that the agent’s performance on the
5-trains scenarios was not promising because the curve has a stable decreasing tendency after episode
50, 000. The reward curve fluctuates around the average reward value of 7 on a range of [4, 9] after 60, 000
episodes training.
Table 3, illustrates the results on the test scenarios compared with two baseline agents. The random
agent selects random actions until a departure option is available, which is chosen immediately. The
greedy agent performs random movements, selects always the service and the departure action if they are
available. It is obvious that the best results of the Dual DQN agent occur on the 3-trains scenarios since
it is an easy task for the agent. The test set contains 100 scenarios with different seeds from the training
ones for each number of trains.
The results in Table 3 show that the agent is able to solve scenarios in the test set with a small
number of trains. The agent performs well on small number of trains. It straggles to solve scenarios with
higher number of trains due to the fact that it selects many movements from track to track and ends up
the episode without service or depart some of the trains. It was pointless to train the agent on a larger
number of trains since it could not stabilize a robust policy even for a small number of trains.
In order to analyse the learned policy, we measured the frequencies of movements and actions from
three random winning and unsuccessful 5-trains scenarios. Figure 10, illustrates the frequency distribution
of movement-actions in three successful scenarios, excluding arrival and service actions. It is obvious
that the most selected action is wait (indicated by [−1, −1]). This is reasonable according to how the
environment is set up. In each timestamp the environment provides to the agent the opportunity to
decide the movements of all the trains sequentially by freezing the current timestamp, the agent chooses
the actions consecutively. After the agent chooses an action, the environment generates possible actions
for the rest of the trains, one by one, in the same timestamp. This leads the agent to learn that the wait
action is needed many times in an episode as it explained in Section 4.3. Figure 11, illustrates the action
distribution in three random unsuccessful scenarios. It is again obvious that wait is the most picked
action. In the left-hand side plot, we can observe that the agent spends its time on moving the trains
around the yard which leads him to lose that scenario. The right-hand side graph, shows that the agent
uses the wait action many times and probably that was the reason of its failure. The third plot illustrates
almost the same case as the right one, where the agent chooses many times the wait action and fails the
scenario.

Agents
Random
Greedy
Duelling-DQN

Number of Trains
3
4
5
10% 7%
6%
66% 50% 44%
84% 64% 61%

Table 3: Percentages of correctly solved scenarios in the test set.
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Figure 10: Action frequencies for movements and wait from 3 random winning scenarios.

Figure 11: Action frequencies for movements and wait from 3 random unsuccessful scenarios.

7 Conclusion and Future Research
This section contains the final conclusions and interesting findings that we obtained from the simulations
on the current project. It includes some suggestions for further research, as well. We show that Deep
Reinforcement Learning methods are capable of solving a promising number of scenarios of the Train
Unit Shunting Problem, including three basic subproblems namely matching, parking and schedulling of
the service tasks. The agent learns the concept of time exerting the wait action, and learns how to handle
all the necessary movements inside the yard for all the trains.
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The whole project includes many different simulations and approaches in order to inspect that fits
better to the current problem of the TUSP. We first experiment on how Policy Gradient algorithms
perform on the initial problem of parking and matching (TMP) based on [10], in order to invest if we can
follow ideas that vary from the Depp Q-Network approach, such as Policy Gradient methods or attention
based Reinforcement Learning from [5]. Since we found that the Policy Gradient framework does not
produce promising results on the initial problem of TMP, we tried to implement the problem from [10]
on TORS using the same agent, in order to test the environment. The results of the TMP simulation,
described in Section 4.4, show that we can use TORS for further research and that we can easily add
more learnable tasks for the agent. Afterwards, we set up the environment, including the new task of
scheduling the service tasks (cleaning) which is the basic goal of the current research.
The initial results using the TORS software package were on the TMP problem, where we tried to
implement exactly the same environment set up from [10] and reproduce its results. The first achievement
was to build the infrastructure where the agent can communicate correctly with the TORS environment,
on a specific yard, using scenarios from the instance generator. The results were promising, which leads
to the conclusion that the same agent used in [10], performs better on TORS. Consequently, that fact
helps us to continue upgrading the set up of TORS including scheduling the service tasks as an extra
task, where we trained the final agents explained in Section 5.2.
From the information in Section 6, we can conclude that Policy Gradient methods do not fit well in
the current problem. Some of the potential problems are discussed already in the previous sections. It
seems that deterministic policies obtained from value-based methods, such as Q-Learning, fit better in
the current task. We can see that the agent is not capable to learn a stable policy for solving scenarios,
especially with a larger number of trains, e.g., 5-trains scenarios. The reason could be that the action
space is big and most of the actions are movements, so the agent spends much time moving the trains
from track to track and loses the chances to select the service or the departure action. In most of the
cases of an unsolved scenario, the agent spends most of its time moving the trains, thus in the departure
time many of the trains are not serviced, which leads to a delay and a termination of the scenario. Other
potential problems could be that the state representation is not the optimal one in order to help the
agent to distinguish the correct decision. We used a representation of the state based on the idea in [10],
which performed well on the task of matching and parking, but it seems that it is not optimal for the
services and the set-up of big action spaces. Splitting the information of the state into multiple channels,
simulates an image based state like the Atari game from [8].
The environment was implemented in such a way to provide to the agent the opportunity to decide
the moves of all the trains inside the yard consecutively in each time stamp, as it explained in Section 4.3.
On the one hand, that fact provides to the agent the opportunity to choose the next move of all the
trains in a time stamp and make overall decisions for the current state. On the other hand, that fact
probably causes a problem to the agent to build a stable policy and to choose the correct action.

7.1

Future Work

There are various ways to tackle the current problem from the AI perspective. Here are some of our
ideas for future work on the current problem, which probably provide better solutions and overcome the
obstacles which were faced by the agent. The first idea is to change the structure of the environment
using the TORS software package. More precisely, the way that TORS produces available actions over
the timestamps is peculiar and it probably brings some trouble to the agent to build a robust distribution
over the actions in order to learn a stable policy. It would be a good idea if the TORS software could
provide all the possible actions for all the trains on each timestamp in order to help the agent to observe
the whole likelihood over the actions, as it was already mentioned in previous sections. Then, algorithms
such as DQN or PG could probably perform better, keeping the same state-observation representation.
Another idea which could probably produce better results, is provided by Kool et al.’s [5], which
formulates the whole problem of TSP into a Markovian Decision Process (MDP) in order to use RL
techniques, and paves the way for an alternative way of thinking about solving optimization problems
using AI. More accurately, Kool et al. provide an approach on the so-called TSP, a difficult optimization
problem, using advanced Deep Learning techniques such as Multihead Attention, inside an encoder-decoder
architecture, which is trained through trial and error stochastically, using the Reinforce algorithm from
the Policy Gradient family. The state of TUSP could also be represented easily as a graph with V nodes
and E edges, since all train shunting yards could be represented as graphs. The proposed idea is to use
27

Attention techniques and encoder-decoder architectures as a mapping function which learns to represent
the state into a different vector space, and use that embeddings in the learning process. Thus, the results
of [5] are promising and show that it is a useful approach which could be applied to various routing
optimization problems such as the current TUSP.
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