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Figure 1: Container used for transport
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1 Introduction

In a logistic network where we move goods from one location to another location, there is almost certainly an
unbalance. This means that the number of containers that are sent to a certain location might be greater than
the number of containers that we want to send from this location. If we would not interfere, this would result
in an accumulation of containers at that location. At another location we might have a structural shortage of
containers. Then, it might make sense to sometimes send empty containers from the first location to the second
location. However, it is not necessarily clear how many empty containers we need to send and when we would
need to send them. This is because it costs money to send the empty containers, and it only generates money
at a later stage. Furthermore, one cannot know for certain that the container is still needed, because demand
is uncertain by nature.

In this report, we investigate how well Reinforcement Learning (RL) is suited for finding a good policy in
this setting. (Deep) Reinforcement learning is a relatively recent development in Machine Learning. It has
some particular terminology: an agent performs actions in an environment. Some of those actions are aimed at
exploration (learning what would be best to do), some at exploitation (reaping the rewards of what has been
learned). The goal is always to maximize total rewards, or rather, the cumulative reward over many steps. It
does so by learning an optimal policy (i.e. prescription what action to take in each state). CQM has decades of
experience of projects in supply chain logistics, where every day decisions are taken to optimize a cost / reward
function, based on a model of the environment. There are good reasons to believe that CQM’s projects are
suitable for these techniques. However, getting it to work is often a craft involving research in techniques and
creativity in designing the solutions.

We discuss the process of coming to a Reinforcement Learning agent in Section [3] We start with a simple
RL algorithm. We discuss what the shortcomings of this algorithm are in our case and discuss improvements.
We end up with a Reinforcement Learning algorithm that generates a policy in our logistic case. Then we
quantify the policy our Reinforcement Learning agent produces in Section [l We do this in different settings as
we discuss in Section We start simple setting where we can intuitively understand what an optimal policy
would look like. Then we make the setting more complicated and create a setting based on data. We also test
the robustness of the policy the Reinforcement Learning agent creates in Section We do this by training on
a certain setting and evaluate at another setting. Finally, we try to explain what the important aspects are for
the policy generated by the Reinforcement agent in Section [£.3] This is interesting since RL is generally seen
as a black box that generates a policy. However, it is not necessarily clear what aspects are important when
creating this policy.

1.1 Contributions

The contributions of this report are;
e we show how to apply Reinforcement Learning techniques in an environment with large state space.
e we show how to reduce the complexity of the action space.
e we show how Reinforcement Learning can be used in existing organizational structures.

e we compare the resulting Reinforcement Learning policy with policies resulting from classical optimization
techniques.

e we analyse the robustness of the Reinforcement Learning policy.



2 Model, notation, input and assumptions

We want to model a system where we have a given number of cities and a given number of containers. At each
of these cities we get orders from an external source, these orders are a request to move a container to another
city. We call these container movements ”full container movements”. When a full container arrives at a city,
it is emptied and we can use this container again after some time. So, we move full containers from which we
earn money. However, we cannot only move full containers (by fulfilling orders), because then we might be left
with an unbalance in the system. The empty containers would accumulate at popular cities and as a result we
can not fulfill orders at other cities. This is why we can also decide to move empty containers from cities to
other cities, we call these movements ”empty container movements”.

We assume that the travel time between two cities is constant, so each link has its own travel time. We
measure this travel time between two cities in full days. Each day we have one moment where we can send (full
and empty) containers. We cannot fulfill an order if there is no container left at the city from which the order
needs to depart. The orders arrive in the system according to some stochastic process. If we can fulfill an order
we have to fulfill it. After we have fulfilled all orders we can decide whether we want to send some extra empty
containers.

Finally, we have some sort of arrival process for external orders. The number of orders is follows form some
distribution. We start with a simple Poisson distribution where the number of orders is independent over time
and between links. Later we consider more complicated distributions like negative binomial, and correlations
between links and over time.

2.1 Notation

We now define some notation that we use throughout the report.

C' := number of cities, where C' € N.
N := total number of containers, where N € N.

D := travel time matrix between cities, where D € N¢*©,

Here D; ; denotes the travel time from city ¢ to city j in full days. We make sure that all travel times adhere
to the triangle inequality. Additionally, we assume that the travel time from city 7 to j is equal to the travel
time from city j to city i.

2.2 Mathematical formulation

A RL agent can learn in a policy in a Markov Decision Process (MDP). A MDP consists of three main parts
e a state space,
e an action space,
e a reward system.

A policy function 7 is a mapping from the state space to the action space. When we fix a policy in an MDP
we essentially have a Markov Chain. The goal in an MDP is to find a policy that maximizes the expected
discounted reward.

Solutions for MDPs with finite state and action spaces can be found using dynamic programming based
on value iteration[I]. Here, we first determine the optimal reward and then find the action that leads to this
reward. Another method is policy iteration [2], in this method, we start with a policy and improve this policy
step by step. We stop when the policy converges. Reinforcement Learning is a form of policy iteration.

In order to setup a RL agent which can start learning, we first need a to set up an MDP environment. As
discussed, this environment consist of three main parts: a state space, an action space and a reward system. A
state space is a set of elements, which we call states, where each element represents the information needed for
an agent to make a decision. The action space consists of all possible actions that an agent can take. Finally,
the reward system gives a reward based on the state transition and the action taken. Note that for a certain
state action combination we do not always get the same reward. This is because there is randomness involved.

2.2.1 Action space

First, we look at which actions an agent can take. The agent has to decide how many (empty) containers we
send between every pair of cities. So, we can represent an action as a C' x C' matrix. Therefore, the action space,
A, is a subset of NO*C je. A C N“*C. For example, let A € A. Then A, ; is the number of empty containers



we send from city ¢ to city j. Using this formulation we see that |A| = (N+g;_1). This comes from the stars

and bars problem [3]. We have at most N containers to place on C? links. However, note that not every action
can be taken in each state, since there might not be enough empty containers in a city to send away.

2.2.2 State space

Second, we look at the state space. The state space is a set of states, where a state captures the important
aspects of the system at every time step. Therefore, we start with identifying what information an agent needs
to consider when deciding which action to take. All the information in the system is the location and status of
each container. A first idea would be a size N-tuple, where each entry represents a container and contains its
information.

Another formulation would be how many containers are at each location. The possible locations are not
only the cities, but also the entire journey between cities A to city B combined with the information how long
it has traveled. This formulation still has some redundant information, since the decision how many empty
containers a city can ”afford” to send away only depends on how many containers arrive at which time steps.
It does not matter where the container came from. Note that the final decision of which action to take would
most likely also depend on how much other cities "need” containers.

So in conclusion, the only information we need to capture is for each city, the number of containers that
arrive in each coming time slot. This can be represented in a C' x (1 4+ max D) matrix. As a result, the state
space & C NOx(1+maxD) = For example, let S € S. Then Se,q denotes the number of containers that arrive at
city ¢ in d days. Note that d = 0 is a special case, since S; ¢ denotes the number of containers that are in city
c. These containers are thus not moving and can be used to fulfill an order. Using this formulation we see that
|S| = (N+g '((HT:;((g))jll))*l). This again is the stars and bars problem [3], we have N containers to distribute over
C x (1 + max D) locations.

2.2.3 Reward system

There are two kinds of rewards that we consider. The reward we get when we move an empty container, which
is typically a negative reward. We also consider a reward when fulfilling an order, which is typically a positive
reward.

Empty travel rewards are the rewards we get when we move an empty container. We assume that moving
an empty container from city 4 to city j gives a reward of —0.1-D; ;. We call the reward we get when fulfilling
an order, the full travel rewards. We assume that when we fulfill an order that was from city ¢ to city j, we get
a reward of 0.5 - D; ;.

The reward at time ¢ is the positive rewards we gain from fulfilling orders minus the cost from the action
we take.



3 Getting RL to work

In this section we describe the process of getting Reinforcement Learning to work. We discuss the main problems
we encountered and how we solved them. Additionally, we discuss other potential solutions we tried and why
we did not end up using them. We also mention some changes we investigated, some of these were useful and
some of them not. The order in which we discuss this is roughly chronologically, i.e. in the order we encountered
the problem. We start with a standard algorithm one would find in any Reinforcement Learning book [4], the
pseudo code of a SARSA algorithm can be found in Algorithm[I} SARSA stands for State Action Reward State
Action, this describes the iteration process we use in this algorithm. In this algorithm we make use of Q-values,
a Q-value is an approximation of the expected discounted reward of a state and action pair. We build this
SARSA algorithm up to the final version of the Reinforcement Learning algorithm we used.

The parameters of the Reinforcement SARSA algorithm are a, 7 and €. « is the step size, and we do
not want this parameter to be too large because then it never converges to an optimal policy. On the other
hand, we also do not want to take « too small because then the convergence would take a long time. - is
the discount factor, which implies how important the future is. We need this discount factor, because we have
infinite horizon problem. This makes it necessary to discount the rewards. In our problem the future is quite
important, therefore we fix v at 0.9. Finally, ¢ is the probability of choosing a random action, rather than the
default action. The default action is the action we think is the best, i.e. the action with the hightest Q-value.
We do not want this to be too large, since we want to evaluate the actions which we think are best. ¢ should
also not be too low, because sometimes we want to try actions which we currently think are not very good.
This is desirable because we still want to explore those actions, as part of the exploration exploitation process
[B]. We fix ¢ at 0.1.

Algorithm 1 SARSA algorithm

1: Initialize parameters «, e and y
2: Initialize Q-table
3: for episode = 1,2,... Number of episodes do

4: Initialize environment

5: Choose action A from S using e-greedy policy derived from Q-table

6: for run = 1,2, ... Number of runs do

7: Take action A and observe reward R and state S’

8: Choose action A’ from S’ using e-greedy policy derived from Q-table
9: Q(S’A) = Q(S7 A) +a(R + Q(87’ Aj)_ Q(Sv A))

10: Set S=8,A=A

11: end for

12: end for

3.1 Large discrete state-action space

The first obstacle is the number of different states and actions we have in the current formulation. We saw
that we have (N gc('ré:z’gﬂ)f)i); 1) different states and we have (N *C?('éﬁg)1>)) different actions. As can be seen in
Algorithm [T for each combination of state and action, we want to approximate a Q-value. This means that we

need to approximate (N gc(;égf(’gf?f)?; 1) . (N gc('é?;)l”) Q-values. This cannot be done in reasonable time for

C > 5 and N > 20, since we have ~ 10?7 state-action pairs.
Note that we consider each state completely on its own. This means that the Q-values for two states that
might ”look” similar are computed separately from each other. For example consider the following two states

120 2 1 0
S;=[3 0 0| andS,={3 0 0]. (1)
2 0 1 2 0 1

In this example we have three cities and nine containers. In state S; we have 1 container at city 1, 2 containers
1 day of travel removed from city 1, 3 containers at city 2, 2 containers at city 3 and 1 container 2 days removed
from city 3. When we compare this to state Sy we see that the situation is exactly the same for cities 2 and
3. The only difference is that there are 2 containers at city 1 instead of 1, and that there is 1 container 1 day
removed from city 1 instead of 2. Intuitively it make sense that, if an action has a high Q-value for 57 it would
also have a high Q-value for Sy and vice versa. The same is true for actions with a low Q-value.

To use this observation, we use an Episodic Semi-gradient SARSA algorithm. The Episodic Semi-gradient
SARSA algorithm is a parametric model instead of a model based on tabulation. This means that instead of
computing a Q-value for each state action pair, we now create a Q-function. This Q-function has as input a



state and an action, and returns a Q-value. This Q-function has a fixed number of parameters and the output
depends on these parameters, the state and the action. In an Episodic Semi-gradient algorithm we update the
parameters as can be seen in Algorithm

Algorithm 2 Episodic Semi-gradient SARSA algorithm
1: Initialize parameters «, e and
2: Initialize parameters, w, of Q-function
3: for episode = 1,2,... Number of episodes do

4: Initialize environment

5: Choose action A from S using e-greedy policy derived from Q-function

6: for run = 1,2,... Number of runs do

7 Take action A and observe reward R and state S’

8: With probability 1 —e let A’ = argmaxaeAQ(S'7 a,w), i.e. the action derived from the Q-function
9: With probability € let A’ be another action acording to some policy.

10: w=w+ a(R+~yQ(S, A, w) — Q(S, A, w))VQ(S, A, w)

11: Set S=8 , A=A

12: end for

13: end for

The choice for the Q-function we use is not trivial. Also, the function prediction space, (S, A), is highly
dimensional and is therefore not easy to visualize. Later we return to the issue of choosing the Q-function.

3.2 High dimensionality

The second big obstacle occurs when we apply the Episodic Semi-gradient SARSA algorithm with some Q-
function. We see in Algorithm |[2[line 7 that we need to find argmax , AQ(S, A, w) in each iteration with some
probability. Since we want to train the agent for a long time, i.e. with a high number of iterations, it is key
that we can solve this optimization problem quickly.

Note that the action space A C N¢*C. This means that we need to solve a C? dimensional optimization
problem. As it is simply a difficult problem, since there might be a lot of local maxima/minima and saddle
points as discussed in [6]. Therefore we want a more efficient way to find the best action possible, given the
state. This is a problem not usually discussed in literature, most action spaces have a low dimensionality [7],
[4], [8]. There are a few ways to do this, however we will consider local agents instead of a global agent.

3.2.1 Local agents

We now explain what we mean by local agents. Up until now, we used one agent with as action space a matrix
which represents how many containers we send on which links. The idea behind local agents is that each local
agent represents one city. The action a local agent takes is defined by how many containers the corresponding
city wants to send/receive. We can make this one-dimensional and we interpret wanting to send —z containers
as wanting to receive x containers. The dimension of the action space is then no longer C' x C, but instead we
have to consider C' one-dimensional action spaces.

Using this logic we now consider C' local agents, where each agent represents one city. Note that each local
agent has its own Q-function with its own parameters. On the other hand, the local agents share the state
space with the full information available to each agent. We denote the local Q-function of city ¢ by QC(S, a,w,)
with S € §. The local action space is now simply one number a € AC Z, where a > 0 means city c¢ sends a
containers while a < 0 means city c receives —a containers. Finding the optimum of this function is much easier
since it is only an one-dimensional optimization problem.

Since we now train C' agents simultaneously, we also need to distribute the rewards and costs in some way,
since it is not evidently clear how the local agents would interact with the reward system. One choice could be
to simply give the total reward in one day to each agent. This does seem fair since there is a large influence
from different cities on the reward. This is why we divide the reward in such a way that city c only gets rewards
and costs where city c is directly involved in. When we move an empty container from city ¢ to city A, we
divide the cost over both those corresponding agents. Similarly, when we can fulfill an order from city c to city
B, the reward is again divided over both these corresponding agents.

Another argument for using local agents is that this structure more closely represents the structure in the
company, where these decisions are typically made. Each city/terminal has a local terminal manager who
is in charge of that terminal. To determine how the empty containers are sent, all the terminal managers
come together to discuss this. Each terminal manager only knows if that terminal has a preference to receive
containers or can send containers away.



3.2.2 Mapping local actions to global actions

Now we have an easy way to optimize (and evaluate) local Q-functions. However, we still need a (global)
action for the environment. This is why we need a way to map these local actions to a global action. This
mapping represents the meeting where the terminal managers come together to decide which terminal has to
send containers to which terminal.

The first idea is to do this with a max flow min cost algorithm. A max flow min cost algorithm finds
maximum size flow from a source to a sink. When there are multiple flows of maximum size it selects the one
with lowest cost. The input of a max flow min cost algorithm is a graph with nodes and edges. Each edge
has a capacity and a cost, the cost is per unit sent. The flow that the algorithms outputs does not exceed the
capacity at any edge, is preserved in every node except the sink and source (i.e. the flow into a node is the
same as the flow from a node), the flow has maximum, size and the flow has minimum cost. The cost that we
want to minimize is the total travel time.

To apply this algorithm to our mapping problem, we create a graph with C'+2 nodes as in Figure[2] The first
C nodes represent the different cities in the problem and the last two nodes are the source and sink respectively.
From the source, we add an edge to every vertex that corresponds to a city that wants to send containers,
with capacity equal to the number of containers that city wants to send and cost 0. From each vertex that
corresponds to a city that wants to send containers, we add an edge to vertices of cities that want to receive
containers, the cost of this edge is the travel time between the corresponding cities. On these edges there is
no capacity, since the restricting factor of how many containers can be sent from a city equals the number of
containers are available in that city. So, for example the edge between sending city ¢ and receiving city k& has
an unlimited capacity and a cost of D, j (since the cost/reward is linearly proportional to the distance between
two cities). Finally, we add from each vertex that corresponds to a city that wants to receive containers an edge
to the sink with cost 0 and as capacity the number of containers that city wants to receive.

Cities that (want to) Cities that (want to)
send containers receive containers

(Capacity, cost)

Figure 2: A visualisation of the instance we use for the min cost max flow algorithm. Send; is the number of
containers that city ¢ wants to send and Receive; is the number of containers that city [ wants to receive.

The problem with this idea is that we first fix the number of containers each city wants to send/receive, and
based on this how the containers need to be sent. As a result, the total number of containers that the terminal
managers want to send might not be equal to the number of containers that they want to receive. If this is the
case, the links that are used are the links with the lowest cost. Only after all the shortest links are filled, we start
using costlier links. This will result that cities which are far away will structurally receive fewer containers. On
the other hand, cities which have short connections to most cities will almost always send/receive containers.

To tackle the problem of unbalanced sending, we also want to take into account how much a city prefers to
send/receive containers. The reward we expect to gain when we receive/send a container is entirely captured
in the Q-values. To make the flows more balanced, we give the Q-values also as input of the max flow min
cost algorithm. We have two stages in the algorithm, the first one determines the number of containers each
city is going to send/receive based on the Q-values. We replace the edges between cities in Figure [2| by multi-
edges. Each edge of the multi edge represents one container, and has capacity 1. The cost of this edge is the
increase/decrease in total sum of Q-values as result from sending that container. In this multi-graph we find a
max cost flow. This flow represents the maximal increase in total Q-value with the constriction that the total
number of containers sent is equal to the total number of containers received. Then we use the same strategy
as before to determine which cities send their containers to what destination.



3.2.3 Local Q-functions

We now discuss the local Q-functions in more detail. First, we look at some of the aspects we expect such
Q-functions to have. Then we propose a framework, which we work out and analyse. After that, we discuss
some small issues and ideas that improve the performance.

When we focus on one city and look at its expected discounted reward we have some observations. Sending
two containers away, is worse than sending one container away for a city. Sending three containers is even worse
for that city. This works the other way around and is also true for receiving containers. When we translate this
to Q-values and Q-functions we expect that the local Q-function is concave, with respect to the action.

Because of this we use a concave parabola, since this is one of the simplest concave functions. So, we fit a
function of the form

f(z) = box?® + bz + by, where by < 0 and x is the number of containers send /receive. (2)

The parameters by, by and by of the Q-function function depends on the state. An easy start is to let them
depend linearly on the state. Putting this all together gives the following Q-function for city c

C max(D)

Qc(S,a,w®) = [wio+ > > wh g Sua | d
=1 d=0

¢ max(D)
o wio+ ) Z WS ) Sta | -a (3)
=1 =0
¢ max(D)
+ w20+z w3 (1a) - Si,d

As stated before, we want (U’S,o + chzl gljg(D) we, 1,4y ° Sl’d) to be negative. For the Q-function of city c,

(w,@)l7d)k=07172;l=1,__.7c;d=0,_“max(D) are the parameters we want to estimate. Using this formulation we need to
estimate 3 - C' - (max(D) + 1)) parameters for each local agent.

There are multiple ways to parameterize a parabola and estimating the coefficients by, b1, bo directly. While
the parameterization is easy, it might not be the best idea. For example, the horizontal location of the maximum
of the parabola has an intuitive interpretation in this context. Namely, this is the best number of containers to
send /receive for that city. Because of this, it makes sense to estimate the horizontal location of the top of the
parabola, i.e. —o-. Let b3 = —5L. The coefficient by represents how costly sending/receiving another extra
container is. Flnally, the coefﬁcwnt bg represents how good not sending/receiving any containers is. Therefore,
we estimate (bg, b3, ba) instead of (bg, by, bg). Using this the local Q-function of city ¢ is now

C max(D C max(D)
YCR I (N5 il SRTTPREN I PN (S ol oY
=1 d=0 =1 d=0
4
C max(D) ( )
+ wS,ﬁZ W, (1,a) * Std

Note that we still estimate the same number of parameters.

To reduce the number of parameters we want to estimate we make the following observation. When we
look at the state at a certain point in time we can expect that most of the containers are close to or in
cities. As a result, we expect that the values of the first few columns of the state matrix to be significantly
higher than the values in the last columns. Using this we can summarize the state matrix and thus reduce the
number of parameters. For d = 4,5, ... we use the same weight being wy, (cmin(4,4)). We model (bo, b3, b2), by
(ho(S), h1(S), ha(S)), where

C max(D)
hi( —’wko—l-z Z Wk, (¢,min(4,d)) * Se.d, for k=0,1,2and S € S. (5)
c=1 d=0

Using this formulation we now have 3 - C - 5 parameters per local agent.

3.3 Initialization and numerical stability

Lastly, we discuss some more generic problems we encountered. Most of these have to do with numerical stability
and its influence at finding an optimum. For example, scaling of the parameters is very important for numerical
stability. Additionally, initializing is important for finding a stable optimum. Finally, we used a n-step SARSA
algorithm to improve our estimates for the discounted reward.



3.3.1 Initializing

When we look at a single Q-function, we have a large number of parameters that influence the Q-value per
action in different ways. We cannot initialize all these parameters randomly and expect that the reinforcement
agent can find a good/better policy. For example, we expect that the parameters that determine the concavity
of the parabola, the by coefficient, should not be negative. Also some specific combinations of parameters might
result in the agent never converging, or even diverging.

To prevent this behaviour, we initialize the parameters of the Q-function. More specifically, we initialize for
each city ¢ wg o, wg; and wg 5 at specific values, and all other parameters at zero. With the initialization we
want to help the agent in the right direction, but not give such a bias that the final policy is almost determined
by the initialization. This is why we set all the parameters that are multiplied with an entry from the state
matrix to zero. This way the policy yields the same action for each state at the beginning.

To determine the values for wg o, wf; and wg,, we run two simulations. With the information we get
from the first simulation we determine w§,. Then with the information we get from the second simulation we
determine w§ , and wg ;. In the first simulation we run the environment, however we take no actions. This
gives an estimate for the expected discounted reward for each city when every city does not send/receive any
empty containers. This will then be the value of wg ,.

The second simulation is more complicated. We first determine the number of empty containers every city
needs to send each day, such that the expected inflow is equal in expectation to the expected outflow. This
number for city ¢ is the value of wg ;. Then we run a simulation where city ¢ sends/receives w§ ; containers every

time. This gives an estimate for the expected discounted reward for each city when every city sends/receives wg ;

. . . s Mo—w§
empty containers. We call this reward of city ¢ M., then we initialize the value wg  as follows: w§ ; = —Wzv)of

The idea behind this procedure is that we fit a parabola through some points and then translate this parébola
to a local Q-function in such a way that the policy that follows is state-independent. We fit the parabola using
the following two points, the place of the top and its value and the value at 0. Together this gives enough
information to fit an unique parabola.

3.3.2 Scaling

As we saw before, we can categorize the parameters of one local Q-function in three types. The first type has
effect on the by coefficient, the second type is the group of parameters that determine the location of the top,
and the last type affects the by coefficient of the parabola. The by and by coefficient and the location of the top
all have different interpretations. As it turns out, all these have different order of magnitude. As a result, all
the parameters of the local Q-function have a different order of magnitude. As a result, we might want to use
a different step size « for each different type of parameters.

To solve this problem we use per local agent three normalization constants, one for each type. Using the
initialization we did, we scale the parameters in such a way that the mean of the scaled parameters are all of
the same order of magnitude. We call these normalization constants Qg, Q1 and Q2. Then the local Q-function
of city ¢ looks like

C max(D)
QC(S,CL,U]C) : w00+z Z w 0,(c,min(4,d)) Sl7d -a?
=1 d=0
C max(D) C max(D)
-2 QO ' wS,O + Z Z ws,(c7min(4,d)) : Sl;d ' Ql : wl 0 + Z U) 1,(c,min(4,d)) Sl7d - a
l =1 d=0
C max(D)
+ Q2 [ wg o+ Z W3, (e min(4,d)) * Old
=1 d=0

(6)

3.3.3 SARSA with n-step

Finally, we use n-step SARSA algorithm. As we saw before in Algorithm [2[in line 9. We update the parameters
w using the difference between the expected discounted reward in state S and the reward in the next step plus
v times the expected discounted reward of the next state. The second part is a better estimate for the expected
discounted reward in state S. We can improve this estimate even more by looking n step into the future instead
of only one step. For this we use an algorithm that is called the n-step SARSA algorithm.

When we combine all improvements steps we get Algorithm [3| for finding a policy.



Algorithm 3 Episodic Semi-gradient n-step SARSA algorithm with local agents
1: Initialize parameters «, ¢,y and n
2: Initialize the values of (w§ o, w§ 1, w§ 5) for each local agent
3: Scale the parameters by initializing (Qo, Q1, Q2) and rescale (w§ o, w§ 1, w§ o) for each local agent accordingly
4: for episode = 1,2,... Number of episodes do
5: Initialize environment
6: With probability 1 — € let Ap be the global action derived from the local Q-functions and the min cost
max flow algorithm
7 With probability € let Ay be another global action according to some policy.

8: Determine the local actions (ac0)¢_; from global action A

9: for t =0,1,2,... Number of runs do

10: Take global action A; and observe local rewards (Rc7t+1)§=1 and state Siy;

11: With probability 1 — € let A;41 be the global action derived from the local Q-functions and the min
cost max flow algorithm

12: With probability € let A;11 be another global action according to some policy

13: Determine the local actions (as+1); from global action A; 11

14: T=t—n+1

15: if 7 > 0 then .

16: G = (Z:i:—i-l YT Rei + 7" Qe(Srins Gerim, wc)) .

17: forc=1,..C' do .

18: w® = w + a(Ge — Qc(Sr, e r, w))VQe(Sr, ac,r, W)

19: end for

20: end if

21: end for

22: end for




4 Results and evaluation

We now evaluate the performance of the agent. For this we use two instances. An instance is a combination of
the number of containers, the number of locations and the distances between those locations. Furthermore, we
use different arrival processes, which we refer to as environments. The first instance is quite a simple setting,
here we can intuitively understand what an optimal policy would look like. The second instance is based on
data, and is more complex. Since the instance is based on data it also closely resembles a real-life situation.

4.0.1 Instances

The first instance has C' = 10 cities and N = 450 containers. All cities lie on a horizontal line, in such a way
that the distance between two cities equals 2 plus the number of cities between those cities. The instance is
visualized in Figure |3| The blue dots are the cities and the size of the dot is determined by the outgoing rates.
The size of the arrows is in proportion with the rate of that link.

Figure 3: The first instance

We construct the instance such that the outer cities have a higher output. Therefore, we expect that on
average more empty containers need to be sent to the outer cities. We discuss this later in more detail.

The second instance we create is based on the container usage in Europe. We have some data about The
data corresponds to the movements of containers in a few days. The data set contains different information, the
most important ones are between which two cities the movement was and how long it took to travel between
the two locations. Since we do not have a large amount of data, we group cities by country. Therefore, we refer
in this instance to locations instead of cities. After this grouping, there are still some links that have never
been used in the data. We use a regression to fill in the missing travel times. In this regression we fit the travel
time based on the physical distance. Since the travel times should adhere to the triangle inequalities, we adjust
some problematic travel time between cities such that they adhere to the triangle inequality. This results in the
instance in Figure [d] Here the size of the arrows represents the average number of orders between those two
countries.

Figure 4: The instance based on data
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This results in an instance with 25 countries and a distance matrix, which we can use to create our environ-
ment. Additionally, we know the average number of orders over time on each link. Based on this we construct
our arrival process. We fix the number of containers in such a way that the average usage of a container over
time is on average approximately 80%. This means that on average 20% of the containers is stationary at the
locations and 80% is traveling (either empty or full). It turns out that we need around 15000 containers to
achieve this.

4.0.2 Environments

As stated before, based on the travel count per link we fit an arrival process. We start with an arrival process
for each link where all the number of arrivals on each day and link are independent Poisson distributed with
rate matrix A. \;; is the rate parameter for the Poisson distribution of link (¢,7). A;; is the average travel
count on that link. A key principle of the Poisson distribution is that the standard deviation equals the square
root of the mean. As a result, the spread is relatively low. Therefore, we also consider a negative binomial,
where we set the standard deviation equal to the mean squared. Finally, we consider an environment where all
arrivals are again Poisson distributed. However, now we change the rates each episode. We do this by sampling
a random variable for each link and multiply this with the original rate. This random variable has mean 1 and
some variance. The specific distribution we use is a log normal.

Note that there is no correlation between links and over time in any of these environments. In a real-world
setting one might expect that there is correlation between links and over time. We consider two different
correlations. The first one is correlation over time, for this we use an AR-1 structure [9]. The second correlation
we consider is between countries. For this we divide the countries in five groups, namely, Scandinavia, British
Isles, Western Europe, Southern Europe and Eastern Europe. We denote with ¢(¢) the index of the group of
country . The last environment we consider incorporates these correlations in the following way:

Aig)t = Cig + Bt + Ejr + Fy(jy e

By~ N(0,08),Ei o~ N(0,01), Fi o ~ N(0,03)
Biy=po- Bit—1+ Xit, where %;; ~ N(0,07),
Ejy=p1-Eji—1+ ®;y, where ®&; ; ~ N(0,07),
Fyijy.e = p2 - Fy(jy,i—1 + ©i ¢, where ©; 4 ~ N(0, 02),
Xi jt ~ Poisson(max(\( ;)+,0)).

Here, X; ;. is the number of orders from city ¢ to city j on day ¢. The parameters of this environment are
{cij}ijeq,..crs {piti = 0% and {o7}; = 0%

We tried to fit these parameters based on the data. we used several methods, including mixed effects Poisson
regression using maximum likelihood and using Bayesian estimation. Unfortunately, the fits were not great.
The variances, {o?}; = 0%, were all very large which has as a result that the total number of orders per day
was much higher on average. This may be explained by the fact that we only have data of a few days. Another
explanation is that the model is simply not the right model to explain the data. Therefore, we choose these
parameters in such a way that makes sense within the setting and such that the average number of orders per
day is the same. For {c;;}i jef1,..,cy We use the average travel count for each link in the data. We expect a
positive correlation over time, thus we use pg = p1 = p2 = 0.8. This has as effect that we have periods where
we have a larger number of orders. On the other hand, we also have periods where we have less orders. Finally,
we want the effect from the correlation terms to be significant but not be the dominating factor. After some
experimentation, this it turns out that o3 = 07 = 03 = 1 are good choices.

We want to compare these environments in some way. We look at the variance divided by the expected
value of each link in an environment. We express this in the average link count, A\. For example, in the Poisson
environment the variance divided by the expected value is simply one. In the Negative Binomial environment
we choose the parameters in such a way that this ratio is A. The variance of the moved Poisson can be computed
using the fact that

Var[XY] = E[Y*Var[z] + Var[Y]E[X?], (8)

when X and Y are independent random variables. The variance of the correlation model is complicated since
the parameter of the random variable is also a random variable itself. Here we use the fact that

Var[Poi(a+ X)] ~ a + Var[X]. (9)

This approximation becomes closer to an equation when the variance of X is smaller. When we look at Table
we see that Poisson, Moved Poisson small and the Correlation model all have a relative small variance expected
value ratio. The ratio of the other two environments are much larger. This is especially true for A around 100.
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Environment Variance/expected value
Poisson 1

Negative Binomial A

Moved Poisson small | 1.01 +0.01-\

Moved Poisson big 1.1 4+ 0.1-A

Correlation model ~1 + %

Table 1: The ratio of variance and expected value per link in terms of the average travel count, A

4.0.3 Policies

We want to compare the policy that the Reinforcement Learning agent returns. We do this by considering other
policies and evaluating them at the same instance. Some of these policies are simple in nature, while others are
more complex. The simplest one is never sending any containers, we refer to this policy as Doing nothing.

Another policy is taking random actions. Here we do not send containers with probability 0.5 and send them
away with probability 0.5. When we do send, we send them to a random location. We refer to this strategy as
Random.

Another policy is simply sending an (almost) constant flow of containers on each edge. We used this policy
also for initializing. We first determine the number of empty containers every city needs to send each day such
that the expected inflow is equal to the expected outflow. If the net flow of a location is not an integer, lets say
x, we send z containers with probability [z] —x and = + 1 containers with probability  — |z |. We refer to this
strategy as Balancing flow.

The next policy is the Rule of thumb. Here, we look three days back at the average number of orders in
a certain city. We compare this with the number of available empty containers in that city. If there are more
orders on average than there are available containers, that city wants to receive the difference. If there are
more available containers than orders in a city, that city wants to send the difference away. We combine these
requests to send/receive containers in a max flow min cost algorithm to determine the action we want to take.

The final policy we consider is the Rolling horizon [I0]. Here we sample the orders 100 days ahead according
to some arrival process. This arrival process is one of the environments we discussed. Then we solve an
optimization problem where the objective is the total reward over those 100 days. The variables are the actions
we can take each one of those 100 days. Then we solve this and we take the action of the first day. We then
end up in a new state and sample again 100 days in the future and use this to make a new action.

Based on this principle we create another benchmark. However, unlike all the benchmark policies we
discussed so far, the next benchmark is not a policy. We sample all the orders for one episode and we then
determine the best actions for all the days at once. Given the orders, this is the best possible combination of
actions one can take. We call this benchmark the hindsight model. The hindsight model cannot be used as a
policy since we assume we know all the future orders at the present time, while this is obviously not the case
for the other policies we discussed.

4.0.4 KPIs

During the evaluation of the different policies, we keep track of different KPIs (Key Performance Indicators).
These KPIs give insight into how the policies behaves in the environment and the instance. The KPIs we use
are:

e Total average reward

e Reward decomposition

e Utilization rate

e Fraction of orders that are fulfilled (per link)

e Fraction of movements that are done with empty containers (per link)
e Average state

e Number of containers that are not used in each city

The total average reward equals the sum of the rewards of the different cities averaged over the different
days in each episode. The reward decomposition looks at which part comes from full travels, i.e. orders that
we fulfill, and at the part that comes from the actions we take, i.e. the empty travels. This KPI might be
interesting when two policies result in the same rewards. One might conclude that there are no large differences
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between the policies. However, when one policy sends many more empty containers away, this is reflected in
the reward decomposition. This distinction would then favor one policy over the other.

The utilization rate equals the average usage of a container over time. We choose our instance in such a
way that the utilization in the hindsight model lies around 80%. We still expect differences in utilization rates
between policies. We also split the utilization rate in two parts: empty travels and full travels. Here we average
over all the days and see how many containers are moving while empty and while being full respectively.

The fraction of orders that are fulfilled simply equals the number of orders that are fulfilled, divided by the
total number of orders. When we look at the fraction of movements that are done with empty containers, we
simply count the empty travels (per link) and divide this by the total number of travels (per link). This gives
insight into the actions the policy tends to take.

The average state is the average state matrix of one episode, where the average is taken over all the days.
Looking only at the first column, we only look at the first column, we see the number of containers that are not
used in each city.
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4.1 Results

We first look at the smaller instance with 10 cities in the (normal) Poisson environment. Here we see the
different policies in detail. Then we consider the large instance. We also consider different environments to test
the robustness. We still benchmark the Reinforcement Learning policy with other policies. Finally, we try to
gain an insight in the reinforcement policy. We analyse which aspects are important in the decision making
process of the policy.

4.1.1 Small instance
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Figure 5: The daily average total reward of all the cities
in 10 episodes over 100 runs. Figure 6: The average total reward decomposition.

Figure [f] shows the total reward from each policy. We see that the hindsight model has the highest average
total reward. This is as expected, since this model takes optimal actions with knowledge of the future.

The RL policy has the second highest average total reward, this is only slightly more than Balancing flow
and Rule of thumb. These differences are significant when we use a t-test for difference in means. We use a
significance level of 0.05. It is surprising is that Random performs better than Rolling horizon. This is because
there are naturally, most empty stationary containers at the center cities (city 4 and 5). At these cities, the
fewest orders arrive, so every other city can make a better use of the containers. Doing nothing performs the
worst, which is not surprising.

In Figure [6] we see the reward decomposition. We first compare the reward decomposition of RL, Balancing
flow and Rule of thumb. We see that the difference in average total reward is mainly explained by the positive
rewards from fulfilling orders, since the cost of moving empty containers is almost equal. This suggests that
the RL policy sends the empty containers the most efficiently. We see that Rolling horizon has an extremely
low cost from moving empty containers. This in turn suggests that Rolling horizon is too cautious with sending
empty containers. This can be explained by the fact that the Rolling horizon policy fixes a strategy for 100 days
and then takes only the first action. In an optimization stage used to determine one action, the algorithm might
have decided to move more empty containers at a later stadium. However, since we start this optimization
process again for each action, it might be the case that we postpone sending empty container every time. As a
result we might never actually send these containers.

Figure [7] shows the fraction of orders that each policy fulfills. Here we have the same ordering as the average
total reward. This is a logical consequence, since these two KPIs are closely correlated.

Figure |8] shows the utilization of the containers for each strategy. It is logical that the RL strategy has a
higher full utilization and a lower empty utilization than Balancing flow and Rule of thumb. Since this implies
the ordering in reward sizes we just discussed. It is interesting is that the total utilization using the RL strategy
is also higher than the total utilization of Rule of thumb and Balancing flow. This again suggests that the RL
policy uses its containers the most efficiently.
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Figure 9: The number of empty containers staying per Figure 10: The number of empty containers staying
city using different strategies. per city using different strategies zoomed in.

Figure [9] and [I0] show the average number of containers that remain unused after each day in every city for
different policies. We see that the hindsight model lets most containers stay in the two outer cities (city 0 and
city 9) when compared to the RL, Balancing flow and Rule of thumb. This has as an effect that the hindsight
model can more easily accept requests from the outer cities. This is especially true for the Rule of thumb, as
we will later see. Figure [I1] shows the average state during one episode. We see that the RL strategy focuses
on making sure that two cities (city 1 and 8) have enough containers to fulfill its orders. We see this also in the
fact that city 1 and 8 have most of the stationary containers while using the RL strategy. We see that the Rule
of thumb focuses more on the center cities (city 4 and 5). Balancing flow also focuses on city 1 and 8, however
this seems to go at the expense of other cities.

15



Average state

Balancing flow Rule of thumb Rolling horizon Random Doing nothing
20
15
oy
(w]
10
5
0
0 4 0 4 8 0 4 8 0 4 8 0 4 8 0 4 8
Distance Distance Distance Distance Distance Distance

Figure 11: The average state in the simulation using different policies. Here the average is taken over both runs
and episodes.

Figure [12| shows the fraction of orders fulfilled per link. Here we see again that the RL strategy focuses on
city 8 and that this works, since almost all orders of city 8 are fulfilled. The same applies for Balancing flow.
However, as noticed earlier, Balancing flows seems to focus too much on city 1 and 8. As a result the cities
around 1 and 8 (city 0, 2, 7 and 9) have lower fractions of orders fulfilled.

We see that RL and Balancing flow fulfill slightly fewer orders in city 4 and 5 when compared to the Rule
of thumb. However, this difference is very small and does not have big impact on the total reward, because the
total number of orders is also small here.

Fraction of requests fulfilled per link
Hindsight model RL Balancing flow Rule of thumb Rolling horizon Random Doing nothing

1N

From city

0.0

i
6 9
To city To city To city To city To city To city To city

Figure 12: The fraction orders fulfilled per link using different policies.

Figure[I3]shows the average fraction of movements that are empty per link. Figure[I4]shows the total number
of empty movements. We see that RL and the Balancing flow almost look the same. The main difference is
that Balancing flow uses link (4,0) and link (5,9) while RL also uses similar links (3,0), (4,1) and (6,9), (5,8)
respectively. When we compare this to Rule of thumb we see that Rule of thumb uses more links to send empty
containers. However, those links are used less than the links that RL of Balancing flow use.

When we look at all the ”complex” policies, we see that they all have a similar structure. Namely, sending
containers from inside to outside. The differences are about how much each specific link is used.
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Figure 13: The fraction of movements that are empty per link using different strategies.
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Figure 14: The number of empty movements per link using different policies.
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4.1.2 Big instance

We now consider the larger instance based on data. This instance is more complex in how the states interact
with each other. Also, there are simply more cities/countries we consider. Because of this, some visualizations
are not useful. Especially the visualizations where we look at KPIs per link. For these KPIs we discuss only
the most interesting ones. The others can be found in the appendix.

Figure shows the average total reward per policy. The hindsight model again has the highest reward,
which is a good sanity check. Compared to all other policies RL has the highest reward, the difference with
Balancing flow, Rule of thumb and Rolling horizon are larger than in the small instance. Also the reward using
Balancing flow is relatively much smaller, while the reward using Rolling horizon has relatively increased. This
most likely has to do with the fact that the instance is much more complex and that there are many more
containers. As a result, the state dependent policies (RL, Rule of thumb and Rolling horizon) perform better.

Figure 16 shows the positive rewards from fulfilling orders has the same ordering as the average total reward.
In the negative reward, we see that RL and Rule of thumb approximately have the same costs. This means
that RL uses the containers more efficiently. We can see that Rolling horizon again uses fewer empty travels.
This can be explained by the same reasoning as before.
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Figure 15: The daily average total reward of all the
cities in 10 episodes over 100 runs. Figure 16: The reward decomposition.

In Figure we see the same ordering as in Figure This is again local and can be explained with the
same reasoning as before. When a policy fulfills a large number of orders, the average rewards is likely also
higher.

Figure [I8 shows the utilization rate for each policy. Here we now see that RL has the highest utilization out
of all the "smart” policies (Balancing flow, Rule of thumb and Rolling horizon). This has mainly to do with
the fact that the full utilization is higher. Furthermore, we see that the utilization has the same shape as the
reward decomposition would suggest.
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ent policies.
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Figure 18: The utilization rate using different policies.

Next we looked at average states and KPIs per link. As stated before, this is now more difficult to visualize.
For example, when we look at Figure[19]and compare it to Figure[dl In the input we see a large inflow to GBR,
we see that the outflow of empty containers using RL is also large. When we compare this to the number of
empty travels using other policies we do not see a large difference. Sometimes different links are used but the
trend is the same. This is confirmed when we look at Figure 20} Here, we see that indeed the empty travels
have the same structure in different strategies.

Figure 19:
containers.

The empty travels per link using the RL policy.
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Figure 20: The fraction of empty travels per link using the different policies.
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4.2 Robustness

We now look at the robustness of different strategies. We do this by testing policies in different environments.
Some policies also depend on their training environment. We consider these policies in each combination of
training environment and test environment. With the results we can determine what good candidates for
training environments are. The policies that depend on a training environment are the RL policy and the
Rolling horizon policy. We first look at all policies together and later we focus on RL specifically.

When we look at Table 2] we see that the influence of the test environment is much greater than the influence
of the training environment. In most test environments we see the same qualitative ordering as we saw earlier
when we evaluated in the Poisson environmet. The exception is the Moved Poisson with large permutations.
We see that all RL policies and the Rule of thumb have similar average total rewards. In all other environments
we see that the RL policies dominate all other policies. Therefore, we focus on more on the RL policies.

Policy Test environment ’ . ’ .
. Negative | Moved Poisson | Moved Poisson | Correlation
Poisson . .
Binomial | small Large model
Hindsight model 4169 (4.8) | 4114 (36) | 4176 (34) 4127 (80) 5231 (25
Poisson 3970 (1.0) | 3651 (6.9) | 3907 (6.5) 3550 (24) 4066 (1.9)
Negative Binomial 3841 (1.1) | 3553 (5.2) | 3802 (5.8) 3685 (19) 3952 (1.9)
RL Moved Poisson small | 3969 (1.1) | 3655 (6.3) | 3911 (6.7) 3624 (21) 4068 (1.7)
Moved Poisson Large | 3877 (1.5) | 3521 (6.7) | 3827 (7.0) 3602 (18) 3988 (1.8)
Correlation model 3880 (1.0) | 3496 (7.3) | 3827 (6.3) 3614 (21) 3992 (2.0)
Poisson 3711 (6.1) | 3591 (14) | 3707 (15) 3615 (54) 3774 (5.7)
Negative Binomial 3738 (4.7) | 3616 (14) | 3704 (7.3) 3587 (40) 3813 (7.3)
Rolling horizon | Moved Poisson small | 3693 3.6) | 3615 (12) | 3703 (4.0) 3712 (58) 3796 (4.9)
Moved Poisson Large | 3712 (8.2) | 3615 (16) | 3703 (13) 3713 (6.4) 3799 (7.0)
Correlation model 3706 (5.0) | 3591 (15) | 3701 (20) 3656 (13) 3781 (6.9)
Rule of thumb 3725 (3.7) | 3347 (8.2) | 3731 (10) 3706 (23) 3843 (3.2)
Balancing flow 3079 (6.0) | 2889 (15) | 3100 (16) 2939 (39) 3269 (7.2)
Random 2102 (3.9) | 1747 (14) | 2083 (17) 2121 (61) 2246 (7.4)
Doing nothing 1051 (2.3) | 902 (10) 1050 (11) 968 (35) 1259 (9.6)

Table 2: The mean of the average total reward with inside the brackets the standard error.

Figure shows the average total rewards for the different policies RL policies trained in the different
environments. We run 100 simulations of 100 days, each simulation is one data point in the box plot. Here we
see that the performance of the policies is not significantly different from each other in the environment Moved
Poisson big. In all other environments, we see the same ordering of the performance of the policies. We see
that training in the Poisson environment or in the Moved Poisson small environment are everywhere the two
best policies. Therefore, training in environments where the variance is relatively small seems better for the
performance.

When we train in an environment with a relative large variance, it is more likely that we end up in extreme
states. Since these these states are significantly different from the more common state, the Q-function might
not be accurate for these extreme states. The size of the adjustment we make to the parameters, depends on
the difference between the predicted discounted reward (the Q-value) and the experienced discounted reward.
Therefore, the changes to the parameters we make is larger in these extreme states. As a result, we might
be overfitting on these states. This in turns results in a policy, which might mot be as effective on the more
common states.
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Figure 21: The daily average total reward for each RL policy in different test environments.
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4.3 Importance

Finally, we look at the importance of other locations on the decision process of each location. To do this we look
at which information is important for the value of the parameters for the parabola, i.e. the local Q-function.
For this we use a random forest, we predict the parameters of the parabola, (bg,bs,bs), based on the state
matrix. Using this procedure we get for every location 3 random forests, so in total we have 24 -3 = 75 random
forests. In each random forest we use the importance feature of scikit-learn [I1][12] to find the importance of
each location for each location.

The importance is computed in the following way. At each node within the trees of the random forest, the
optimal split is sought using the impurity. This is a computationally efficient approximation of the entropy. It
measures how well a potential split is in this particular node. This means that the importance is dependent on
the input data. As a result, when there is not much variability in a state, the importance is also most likely
lower.

So, we have the importance of each location for each of the 3 parameters for each city. We take the average
over the different locations for each parameter. The resulting value is the average importance of that location
for other locations. We see these values in Figure 22] Here, we plot the average importance for each of these
parameters against the scaled rate in, minus rate out. This is the average number of orders from a location
minus the number of orders to a location divided by the standard deviation of that quantity, which we refer to
as scaled net rate. The size of the marker is the sum of the rate in and the rate out, i. e. the total flow. Since
size is often very difficult to quantify, we also divided the locations among 4 groups based on the total flow: the
location with extremely small total flow, the locations with small total flow, the locations with average total
flow and the location with large total flow.

We see in Figure 22| that all the locations with a high average importance have a scaled net rate of around
zero. This can be explained by the fact that these locations are the most likely to have times where it has
a shortage of empty containers and other times where it has too many empty containers. This means that
sometimes other locations need to send containers to these locations. However, other times, when the locations
with a scaled net rate around zero have too many empty containers, other locations can easily request more
containers. This explains why these locations are more likely to be important to the decision making of other
cities.

Another observation is that the locations with small total flow are more important than locations with large
total flow. This is counter-intuitive. This is because, at these locations a lot of the total reward is earned. This
would be explained by the fact that there are simply more containers in circulation in these locations. This
intuition seems to be wrong. This might be because, the locations with a large total flow are more consistent.
This is inherent to the Poisson distribution, since the standard deviation is the square root of the expected
value. Another explanation might be the fact that, since the total flow is low that there are long periods of
times when there are no orders at these locations. As a result, the empty containers accumulate.
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Figure 22: The average importance of different location in the decision making process.
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5 Conclusion

In this report we discussed a way to create a Reinforcement Learning agent. We discussed the problems we
faced and how we solved them. This gave us a policy for our logistic case. We evaluated this policy against
other policies and in different instances and with different arrival distributions.

The first problem was the size of the state space. To solve this problem we used an episodic Semi-gradient
algorithm. This algorithm is a parametric model instead of a model based on tabulation. The next problem was
the dimensionality of the action space. We solved this by using local agents. This made the algorithm converge
much faster and had a nice interpretation in the logistic case we used. Finally we solved some numeric errors
by initializing and scaling the weights of the Q-functions.

Using the resulting algorithm we get a policy. The saw that this policy performs very well in each of the
test instances. We saw that compared to other policies, the RL policy still performs well, espesially in the more
complex instance. This shows us that the Reinforcement learning agent can generate a policy that performs
well in a specific instance.

To test the robustness of the generated policies, we created 5 different arrival distributions. Then we
generated policies in all 5 arrival distributions and tested them also on all 5 different arrival distributions. This
way we can see the effect of the training arrival distribution and the effect of the test arrival distribution. We
saw that the test arrival distribution had the greatest influence on the performance of the policies. We saw that
policies with relative low variance in the training arrival distribution performed better in most environments.
So, these policies were the most robust.

Additional, we looked at what the important information in the decision making process of the different
agents was. Here we saw that locations with a net flow of around zero were import for the decision making
process of other cities.

More generally, we saw how we can use Reinforcement Learning in a network setting. The use of local agents
can be intuitive solution for a large action space for problems in a network setting.

6 Recommendations

In this report we created a RL agent and evaluated the resulting RL policy. We saw that this policy outperforms
other more traditional policies in the instances and environments we used. Therefore, it is interesting to
investigate the following:

e test the RL policy on even more complicated instances and environments,
e improve the benchmark policies for better comparison,

To improve the benchmark policies we can improve the Rolling horizon policy for a fairer comparison. We now
used a simple version of a Rolling horizon policy, while we made a large number of improvement on the RL
agent.

There are also options to improve the RL agent. For example, we now use a parabola for the local Q-
functions. Another option would be to fit a function with more freedom. This might improve the accuracy of
the Q-value in more extreme states. An example would be a neural network. The potential problem is then,
that the number of parameters increases substantially. We can also increase the complexity of the Q-function,
while still using parabola Q-functions. Currently, we estimate each coefficient of the parabola by using a linear
combination of the state. This could be changed by introducing cross terms or square terms.

We can also make some changes earlier in the process. We chose to use local agents to reduce the complexity of
the action space. Potentially, we can use a Wolpertinge architecture to try to solve this problem[I3]. However, it
is still not trivial how we would apply this to our problem. Applying this would come with its own disadvantages.
For example, we would lose the interpretability of the local agents. We could now see one agent as a terminal
manager, this is advantageous since it resembles the existing organizational structure.
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Figure 23: The number of empty containers staying Figure 24: The number of empty containers staying
per city using different strategies. per city using different strategies zoomed in.
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