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RESUMEN DEL PROYECTO

Este proyecto es parte de un proyecto mas grande cuyo objetivo es acercar la
inteligencia artificial a los nifios. La inteligencia artificial y el aprendizaje automatico
(machine learning) son campos en rapido crecimiento que seran clave en el futuro, por
lo que preparar a las nuevas generaciones en estos campos es imperativo. Para hacer
esto, el CNRS esta desarrollando un robot que aprende a hacer diferentes tareas usando
algoritmos de machine learning. Encuadrado en este contexto general, este proyecto
consiste en desarrollar un algoritmo para pilotar el robot dentro de una arena rectangular
con el objetivo de evitar las paredes, usando una cdmara frontal como entrada sensorial.

El algoritmo sdlo necesita decidir qué acciones debe llevar a cabo el robot, la sefal
de comanda del robot la calcula el programa del cliente, en el cual este algoritmo esta
incrustado. Para desarrollar el algoritmo, el cliente suministré un simulador que replica
los movimientos del robot en la arena. La mayor parte del trabajo se desarrollé sobre
este simulador, haciendo un test final en una arena fisica y usando un robot AlphaBot de
la marca WaveShare, suministrado por el cliente.

La literatura existente separa tres tipos de machine learning: aprendizaje
supervisado, aprendizaje no supervisado y reinforcement learning. De estos tres,
reinforcement learning es el mas adecuado para este proyecto porque es el Unico
interactuando con el entorno en tiempo real, como el robot debera hacer dentro de la
arena.
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Figura 1: Reinforcment learning

Reinforcement learning consiste en un agente (en este caso el robot) que aprende a
relacionar situaciones y acciones maximizando una recompensa numérica



proporcionada por el entorno. Es un método de aprendizaje de ensayo y error, similar a
nuestra manera de aprender en un entorno desconocido. Reinforcement learning esté
basado en una interaccion en bucle entre el agente y el entorno mostrada en la Figura 1.
En un tiempo t, el agente estd en un estado s;, ejecuta una accion a; siguiendo una
politica © y observa el nuevo estado del entorno, s, asi como una recompensa 1. La
principal dificultad a la que se enfrenta el reinforcement learning es la alta dispersion de
la informacion contenida en la recompensa. Las acciones no solo afectan la recompensa
actual, sino todas las futuras recompensas, por lo que interpretar que acciones otorgan
un buen resultado, no es sencillo.

Algunos conceptos bdasicos de reinforcement learning son introducidos a
continuacion:

* Espacio de estados S: es el espacio conformado por todos los posibles
estados s en los que se puede encontrar el entorno. En nuestro caso el
entorno es un video, por lo que el espacio S es todas las posibles imagenes. S
es enorme en este problema.

* Espacio de acciones A: es el espacio conformado por todas las acciones que
el agente puede llevar a cabo. En este proyecto A esta restringido a un
espacio discreto de 5 acciones: {Adelante, Adelante Izquierda, Adelante
Derecha, Marcha Atras Izquierda, Marcha Atras Derecha}

* Politica 7: una politica es una funcion que define el comportamiento del
agente, diciéndole que accion tomar en una situacion concreta. El objetivo
del reinforcement learning es llegar a la politica éptima.

* Retorno D: el impacto de una accidén no se puede medir con la recompensa
inmediata porque sus repercusiones pueden verse centenas de instantes mas
tarde. Para medir mejor el impacto de las acciones se usa el retorno (D). El
retorno se trata de la suma ponderada de todas las recompensas hasta el final
de la experiencia. El retorno depende de la politica seguida.
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D™(s) = Tpy1 +¥Teyz + 0 = Zytnl So =S
t=0
* Funcion estado-accion Q: la funcion Q(s,a) representa el retorno esperado
si el agente en un estado s realiza una accion a. Matematicamente se define

como:
0
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Q es una funciodn recurrente, porque se puede escribir como la recompensa
en el instante t mas la nueva funcién Q para el instante t+1. Esto lleva a la
ecuacion de Bellman:

Q(spar) =nr+vy m‘f‘X Q(S¢+1,@)

La mayor parte de algoritmos de reinforcement learning calculan explicitamente Q
para toda pareja estado-accion y deducen la politica a seguir tomando la accion que
maximiza Q. Una iteracion de este paso unido a una actualizacion de Q usando la
ecuacion de Bellman lleva al algoritmo a converger hacia el valor méximo de Q para
toda pareja s-a, en consecuencia haciendo converger la politica hacia la politica 6ptima.
Esto no es viable en este caso porque el espacio de estados es demasiado grande, por lo
que no se puede calcular explicitamente una tabla con todos los valores de Q.



En lugar de eso se usa una red neuronal artificial para aproximar Q. Una red
neuronal artificial es una red de neuronas interconectadas, cuyas conexiones son regidas
por los parametros 0. Se itera la ecuacion de Bellman para entrenar los paramétros 0 vy,
de esta forma, converger hacia el valor maximo de Q. Cuando Q esta maximizada, la
politica 6ptima se puede deducir siguiendo la politica greedy (politica que elige la
accion que maximiza Q). Los pardmetros 6 se entrenan usando la técnica del descenso
de gradientes. Este tipo de algoritmo se llama Deep Q Learning (DQON).

El algoritmo desarrollado en el proyecto es una variacion del DQN y su pseudo-
codigo esta explicitado a continuacion :

Algoritmo DQN adaptado para Learning Robot
Pedir resolucion a la cdmara #solo para el robot real
Inicializar buffer de memoria D a una capacidad N
Inicializar y, n, € y el entorno
Inicializar red neuronal policy Q con parametros aleatorios 0
Inicializar C y red neuronal target Q' con parametros aleatorios 6’
Inicializar optimizador y learning rate Ir
Inicializar estado x1 = {s1, m1}
for t=1,Tdo
Forzar una accion a; else
Con probabilidad € seleccionar una accion aleatoria a: else
seleccionar ar = maxa Q° (x¢, a)
Ejecutar accion aten el entorno y esperar respuesta
while not respuesta
Optimizar
Observar estado xt+1 = {St+1, Mt+1} y recompensa It
Guardar transicion (X, at, I't, Xe+1 ) en D
Dibujar curva de recompense y error
Xt < Xt+1
Cada C pasos hacer 0’ <— 6
end for

Funciéon Optimizar
Elegir un grupo aleatorio de n transiciones (xj, aj, Ij, Xj+1 ) en D
Calcular predicciéon y; = Q(x;, aj; 0)
Calcular meta zj = y maxs Q'(xj+1,a’; 0') + 13
6 =yj-zj
Calcular error £L(6)
Ejecutar un paso del optimizador en £L(6)
Restringir parametros 0




La principal diferencia con otros algoritmos de Deep Q Learning es que se
implementa una experience replay. El algoritmo guarda cada transicion entre el estado t
y el estado t+1 en un buffer y utiliza estas transiciones cuando optimiza para conseguir
una mejor convergencia.

El error £(3) es el error cuadratico medio de los n valores of 8;: L(§) = %Z 5j2

Para que este algoritmo funcione es necesario definir una funcidon de recompensa. La
funcion de recompensa esta construida de la siguiente manera: el agente recibe una
recomensa igual a su velocidad proyectada hacia delante y se le castigara si estd
bloqueado o si hace marcha atras. La funcién recompensa se define como:

v-uifvou>0
r=14—-100 if v-u=0
=50 ifv-u<o0

v es la velocidad y u la direccion perpendicular al eje de las ruedas del robot.

El algoritmo tiene un grupo de parametros, llamados hiperpardmetros, fijados por el
programador antes de la experiencia y afinados para adaptar el algoritmo a un entorno
en particular. Una parte importante del proyecto fue afinar estos pardmetros:

* Capacidad del buffer N: representa el nimero de transiciones que se
pueden guardar. Una capacidad pequefia le impide aprender al agente; una
capacidad grande malgasta espacio de almacenamiento. Se eligi6 un valor de
N =1000.

* Gamma v: pardmetro con valores entre 0 y 1 que representa la importancia
que se le da a las recompensas futuras. Si y es cercano a 1, el agente tomara
mucho en cuenta las acciones futuras y si es cercano a 0 tomara solamente en
cuenta las recompensas inmediatas. El valor 6ptimo se encontr6 alrededor de
0.8.

* Batch size n: en la optimizacion se usa una batch aleatoria de n acciones.
Cuanto mayor es n, mejor el algoritmo convergera. Sin embargo, en la
practica n estd limitado por la potencia de célculo del ordenador. Un buen
valor de n es n = 100.

* Exploracion: con una probabilidad de €, se elige una accion aleatoria. A esto
se le llama exploracion. La exploracion impide que el algoritmo converja
hacia un mal comportamiento forzandole a recorrer partes del espacio § x A
que nunca han sido visitadas. Varias curvas de exploracion (variacion de € a
lo largo de la experiencia) se han probado. Finalmente, se eligié un valor
constate € = 0.1.

* Estructura de la red neuronal: las neuronas de la red neuronal estan
ordenadas en capas. Hay diferentes tipos de capas: capas densas, capas
convolucionales, capas de tipo pooling, etc. Se probaron diferentes
combinaciones de capas y la estructura elegida fue de tres capas densas
consecutivas de 150, 100 and 50 neuronas respectivamente.

* Target update C: se usan dos redes neuronales para conseguir estabilidad (Q
y Q). La red target Q’ no aprende. Por lo tanto, sus pardmetros 6’ tienen que
ser actualizados cada C pasos con los valores de 0. Si C es demasiado
pequefio, el algoritmo serd inestable; si C es demasiado grande, el
aprendizaje serd erratico.



* Optimizador: la red neuronal estd optimizada usando alguna variacion del
método del descenso de gradientes. El método utilizado se fija mediante el
optimizador. Se probaron dos optimizadores diferentes: SGD y Adam. Se
eligio6 Adam porque daba mejores resultados

* Learning rate Ir: la learning rate es un parametro del optimizador.
Representa la velocidad a la que el agente aprende. Cada optimizador tiene
un rango de learnig rate vélidas. Si la learning rate es demasiado grande, el
algoritmo podria saltarse el maximo global y acabar en un maximo local,
aprendiendo un mal comportamiento. Si la learning rate es demasiado
pequeiia el algoritmo tardard demasiado en converger. La learnig rate que se
eligi6o para Adam fue 0.01.

El algoritmo se implementd usando Python y la libreria para machine learning
Pytorch. Los parametros del algoritmo fueron optimizados en el simulador y se hizo un
test con el robot real. El robot aprendié correctamente en un tiempo razonable.

Algunos posibles desarrollos futuros se proponen a continuacion. Una posibilidad es
utilizar un espacio de acciones A continuo en vez de discreto. Esto permitiria mejores
curvas en la arena. Otro posible desarrollo es programar nuevas funciones de
recompensa para tareas diferente como, por ejemplo, buscar dianas alrededor de las
paredes de la arena o empujar un globo alrededor de la arena.
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SUMMARY OF THE PROJECT

This project is part of a larger one that wants to increase understanding of artificial
intelligence in children. Artificial intelligence and machine learning are fast growing
fields that will be very important in future society, so preparing children in these fields
from early on can be very beneficial. To do so, the CNRS is developing a robot who
learns to do different tasks using machine learning algorithms. In this frame, the project
consists in developing an algorithm who pilots the robot around a rectangular arena with
the goal of avoiding the walls, using a frontal camera as sensorial input.

The algorithm only needs to decide what actions to take, the actual command signal
for the robot is calculated by the client’s program where the algorithm is embedded. To
develop this algorithm, the client supplied a simulator replicating the robot’s
movements. Most of the work was done in this simulator, making a final test in a
physical arena using a robot AlphaBot from Waveshare, supplied by the client.

The existing literature points to three main fields within machine learning:
supervised learning, unsupervised learning and reinforcement learning. Out of these,
reinforcement learning is the most adapted to this project, because it is the only one
interacting with an environment in real time, like a robot would do when moving around
the arena.
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Figure 1: Reinforcment learning framework

In reinforcement learning, an agent (in this case the robot) learns to map situations
to actions maximizing a numerical reward given by the environment. It is a trial and
error approach of learning similar to our own way of learning when facing an unknown
environment. Reinforcement learning is based in an interaction loop between the agent



and the environment shown in Figure 1. The agent is at a state s; at time t, executes an
action a; following a policy m and observes the new state of the environment s;; as well
as a reward r;. The main difficulty faced by reinforcement learning is the sparseness of
the information given by the reward. Actions affect not only the immediate reward, but
also all the subsequent ones, so interpreting which actions render a good reward is not
simple.

There are some concepts of reinforcement learning that need to be introduced:

* Space of states S: it is the space made of all the possible states s that can be
taken by the environment. In our case the environment is a camera feed, so
the space of states is all of the possible images shown by the camera. S is
huge in this problem.

* Space of actions A: it is the space of all the possible actions the agent can
perform. In this project A is restrained to a discrete space of five actions:
{Forward, Forward Left, Forward Right, Backward Left, Backward Right}

* Policy m: a policy is the function that defines the behavior of the agent,
telling it what action to take in a specific situation. The goal of reinforcement
learning is to reach the optimal policy for the problem.

* Return D: an action’s impact cannot be measured by the immediate reward
because its repercussions can show hundreds of steps later. To better
measure the impact of actions the variable return D is used. It is the
discounted sum of all the rewards from the current time to the end of the
experience. It clearly depends on the agent’s policy.
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DT(s) = Tty1 +¥VTeyp + - = Zytnl So =S
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* State-action value function Q: the function Q(s,a) represents the return
value that can be expected if an agent in a state s performs the action a.
Mathematically it is defined like:

oo
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t=0
Q is a recurrent function, because it can be written as the immediate reward
at time t plus the new Q at t+1. This leads to the Bellman equation, widely
used in reinforcement learning:

Q(spar) =n+vy m‘f‘X Q(S¢+1,@)

Most simple reinforcement learning algorithms search to calculate explicitly Q for
every pair state-action and deduce the optimal policy by maximizing Q. Repeatedly
doing this will lead the algorithm to converge towards the maximum value of Q for
every pair s-a and thus making the policy converge towards the optimal policy. This is
not feasible in this problem because the state of spaces is too big and Q cannot be
calculated explicitly.

Instead a neural network is used to approximate Q. A neural network is a number of
interconnected neurons, with the connections being handled by the weights 0. The
Bellman equation will be used iteratively to train the weights 6 to maximize Q. Once Q
1s maximized, the optimal policy can be deducted by following the greedy policy. The
weights 0 are trained using gradient descent. This is called Deep Q Learning.

The algorithm developed in this project is the following one:



Algorithm Adapted DQN for Learning Robot
Ask camera for resolution #only for real robot
Initialize memory buffer D to capacity N
Initialize y, n, € and environment
Initialize policy neural network Q with random weights 6
Initialize C and target neural network Q" with random weights 0
Initialize optimizer and learning rate Ir
Initialize state x1 = {s1, m1}
for t=1,Tdo
Force an action at else
With probability € select a random action a: else select
ar = maxa Q° (xt, a)
Execute action atin the environment and wait for response
while not response
Optimize
Observe state Xi+1 = {St+1, me+1} and reward r¢
Store transition (X, at, I't, Xe+1 ) in D
Plot reward and loss
Xt <= Xt+1
Every C stepsdo 6’ < 6
end for

)

Function Optimize
Sample random batch of n transitions (x;, aj, 15, Xj+1 ) in D
Set prediction y; = Q(xj, aj; 0)
Set target zj = Yy maxx Q'(Xj+1,a’; 0") + r;
6 =yj-z
Calculate loss £(0)
Perform a step of the optimizer on £L(5)
Clamp parameters 0

The main addition to normal Deep Q Learning algorithms is that an experience
replay is implemented. The algorithm stores each transition from state t to state t+1 in a
buffer and uses the transitions when optimizing to achieve a better convergence.

The loss £(8) is the mean squared loss of the n values of 6: L(§) = %Z 6]-2

For this algorithm to work it needs a reward function. The reward function was
crafted in the following way: the agent will receive a reward equal to its speed projected
in its forward direction and it will be punished if it is blocked or goes backward. The
reward is defined like:

v-uifvou>0
r=14—-100 if v-u=0
=50 ifv-u<o0

v is the speed and u is the forward direction.



The algorithm has a set of parameters, called hyperparameters, fixed by the
programmer before the experience and tuned to adapt the algorithm to a particular
environment. A great part of the project was tuning this hyperparameters:

Buffer’s capacity N: it represents how many transitions can be stored. A
small value can prevent the agent from learning; a big value wastes storage
space. A value of N = 1000 was found.

Gamma vy: parameter between 0 and 1 representing the importance given to
long-term rewards. If y is close to 1, the agent will be far-sighted and if it is
close to 0 it will be short-sighted. The optimal value was found to be around
0.8.

Batch size n: when optimizing a random batch of n actions is used. The
bigger n is, the better the convergence will be. In practice, n is limited by the
computing power of the computer. A value of n = 100 was found.
Exploration: with a probability of €, a random action is chosen. This is
called exploration. Exploration prevents the algorithm from converging
towards a bad behavior by forcing it to explore points of the space § x A that
had never been visited. Several explorations curves (variation of €
throughout the experience) were tried. Finally, a constant value of € = 0.1
was chosen.

Neural network’s structure: the neural network’s neurons are arranged in
layers. There are different types of layers: dense layers, convolutional layers,
pooling layers, etc. Different combinations of these layers were tried and the
chosen structure was three consecutive dense layers of 150, 100 and 50
neurons respectively.

Target update C: two neural networks were used to achieve stability (Q and
Q’). The target network Q’ does not learn and its parameters 0 are
actualized every C steps with the values of 0. If C is too small, the algorithm
will be too unstable; if C is too big, the learning will be erratic.

Optimizer: the neural network is optimized using some variation of the
gradient descent method set by the optimizer. Two methods were tried: SGD
and Adam. Adam was chosen because it yielded better results.

Learning rate Ir: the learning rate is a parameter of the optimizer. It
represents how quickly the network learns. Each optimizer has a different
range of valid learning rates. If the learning rate is too big, the algorithm can
skip the global minimum and settle for a local one, learning a bad behavior.
If the learning rate is too small, the convergence will be too long. The chosen
learning rate for Adam was 0.01.

The algorithm was implemented using Python and the library for machine learning
Pytorch. The algorithm’s parameters were optimized in the simulator and a test was set
up with the real robot. The robot learned correctly in a reasonable time.

Some future developments are proposed. One possible development is to try with a
continuous space A instead of a discrete one. This would allow for better trajectories in
the arena. Another possible development is to code new rewards for different tasks such
as looking for targets in the arena’s walls or following a balloon around the arena.
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Introduction

This chapter is an introduction addressing the global project set in motion by the
client (CNRS) and the different tools they provided for this branch of the project. There
is also an introduction to Machine Learning and its main issues

1.1. The CNRS project

This project was proposed by Mr. Thomas Deneux [1], a member of the CNRS
(Centre Nationale de la Research Scientifique). Mr. Deneux is a research engineer who
works for the Neuro-PSI (Institut des Neurosciences Paris-Saclay). He is specialized in
the field of neurosciences and one of the projects he is conducting is the project
“Alphal”, where the project narrated in this memory is included

The goal of the Alphal project is to familiarize children with the bases of Artificial
Intelligence. It consists in a robot (the AlphaBot) that will learn different tasks using
Machine Learning methods. There is also a graphic interface that gives a more intuitive
vision of the results and allows the children to interact with the robot. The Alphal
project searches to develop this robot, integrating several ways of learning and several
tasks to learn. Interacting with it, the children will soon grow comfortable with the
concept of an intelligent machine and will acquire a deeper understanding of the process
of learning from an early age. This is important because Artificial Intelligence will have
an important role to play in future society, and it will be surely needed in a great range
of jobs. While the children will learn about Artificial Intelligence and Machine
Learning, they will also learn about themselves, thanks to the close relationship between
the fields of neuroscience and machine learning. They will better grasp the way the
human brain works.

For the moment only one task has been tackled: to navigate a rectangular arena in
the best possible way. This can be done in several ways depending on the sensorial
inputs allowed to the robot: infrared sensors, wheel speed information, frontal camera
and so on. The sensorial inputs determine the complexity of the problem. If only the
wheel speed information is available, the robot will learn to move in a straight line and
turn once it hits a wall. However, if the frontal camera is available, the robot will be
able to “see” the walls and avoid them before crashing into them. Different tasks have
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been contemplated as well: a robot race around a circus-type arena and a robot that
locates and pursues targets (such a balloon).

The Alphal project is still in progress. For the moment, the client takes part in events
that link children and technology, such as Startup 4 Kids [2], and does shows in schools.
However, the goal is to commercialize the robot in the future.

The project treated by this memory is a subproject of Alphal. It consists in choosing
and writing the algorithm that will allow the robot to learn how to navigate a rectangular
arena without crashing into the walls using a frontal camera as the sensorial input.

1.2. Introduction to Machine Learning

Let us take an overall look of what Machine Learning is and how it is structured,
since we will be talking about it quite a lot. Machine Learning is defined as:

“Machine Learning is the scientific study of algorithms and statistical models that
computer systems use in order to perform a task effectively without using explicit
instructions” [3]

In other words, ML algorithms learn to perform a task, without a human
programmer specifying the instructions to said task. But, how is it different from other
programs? In what kind of problem is it used?

ML is used in any of the following three cases [SHAI14]:

* Problems too complex for humans to solve: when the data is too large and
complex, extracting valuable information becomes very difficult. For
example, detecting patterns in large and complex data in areas like
biostatistics or weather detection.

*  Problems where humans are incapable of explaining their expertise: to write
a program solving a certain problem, you need to be able to write a set of
instructions that follow up to the resolution. However, there are tasks where
this is not possible, such as handwriting recognition. How to define what
makes up a 2 or a 7, valid for every handwriting in the world?

* Problems where adaptability is needed: a classical problem will always do
the same thing, unless it is manually changed. But in problems where the
“Instructions” may change from one experience to another or from one user
to another, ML is needed.

In this particular project, the problem faced can be categorized in the second and
third cases. Learning to avoid obstacles from vision (camera) is something humans do,
but they cannot explain how. Adaptability is also important, because the searched must
be universal, so it needs to be independent from the starting position, for example.

Fig. 1 [FRAGI18] pictures the difference between the approach of a classical
program and that of a ML program. The ML algorithms use the Answers to learn the
Rules. Therefore, it stands to reason that ML algorithms should be classified regarding
how the Answers are presented to them, because this is what defines what type of
learning process will be taking place.
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Fig.1 — Difference between a classical program and a ML program

There are three main types of ML algorithms, based on the learning process taking
place [FRAGI18]:

*  Supervised learning: the program receives all of the answers. For example, a
programs needs to learn how to classify a handwritten number. The program
will have a lot of pictures of handwritten numbers already labeled with the
answers, and will deduct the rules. This would be the human equivalent to
learn through examples.

*  Unsupervised learning: the program receives no answers. It receives only the
data and it will deduct hidden patterns from it.

* Reinforcement Learning: the program does not receive all of the answers, but
just a part of them, for example, an indicator on how well you are doing.
This method of learning can be approached to the human process of trial and
error.
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Alphal: Learning
Robot

The project is part of a larger project, so there are some things that were imposed
by the client. The client also supplied some materials that had already been developed.
In this chapter all of this will be presented and explained.

The goal of the algorithm is: “fo allow the robot to learn how to navigate a
rectangular arena without crashing into the walls, using a frontal camera as the
sensorial input”. There are some things that were fixed beforehand though: the arena,
the robot and the camera. On top of that, a graphic interface was provided by the client,
as well as a simulator of the robot’s behavior to speed up the advance of the project.

2.1 The arena

The client provided the arena used in the project. It consisted in 2 wood planks
measuring 2 m and 2 wood planks measuring 4 m. They were attached with hinges that
were screwed to the plank. They made 20 cm of height. The planks were painted bright
yellow, to have a bigger contrast with background, making them easier to spot.

The robot’s wheels had a tendency to slide if the floor was too smooth, so we added
a carpet, and we chose it to be blue, to have a bigger contrast with the walls. A diagram
representing the arena (in an eagle’s eye perspective) is presented in Fig 2.
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Fig 2 — Eagle’s eye diagram of the arena

2.2. The robot

The robot was supplied by the client. It is the model AlphaBot from the electronics
store Waveshare. The complete set of specifications can be found in their web page [4].
It is a 2 wheeled robot that can exchange data via a Wi-Fi connection, thanks to the
RaspberryPi module. The algorithm runs in the computer and then the commands are
sent to the robot via the Wi-Fi connection. This is indispensable because the robot’s
microprocessor is not powerful enough to run the algorithm itself.

The client also supplied the program that gives the commands to the robot. For
example, for the robot to go forward the algorithm supplies the command “Forward”
and this program computes the command signal required by the robot (motor’s power,
brakes, etc.) based on the robot’s speed and acceleration. Let us call this program the
command program.

The command program’s input is one action out of the next 5: Forward, Forward
Left, Forward Right, Backward Right, Backward Left. For Forward the two wheels turn
at the same speed. For Forward Left the left wheel is blocked and the right runs
normally. For Forward Right the left wheel runs normally and the right one is blocked.
And so on. This means there are only 5 possible actions at all time.
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Fig 3 — The AlphaBot robot

2.3. The graphic interface

The client also provided a graphic interface where some information was given in a
more esthetic way, and where parameters could be changed more easily. However, it
was necessary to introduce the algorithm into the graphic interface’s code, and this
required a bit of work. In Fig 4 we can see how the graphic interface looks like.

o L e Alphal, I'Education a I'Intelligence Artific

551

150100 50

START

PAS APAS

QUITTER

Fig 4 — Graphic interface
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2.4 The simulator

The real robot is too complicated and too slow for fine analysis of the algorithm. To
be able to develop the algorithm more quickly, the client supplied a simulator that
simulated the movement of the robot around the arena. Most of the work done in the
project has been with the simulator.

The simulator has different configurations; we will go over them briefly. The
configuration that has been used the most throughout the project is
TopCameralocalOri, but the other configurations have been useful for making choices
and testing certain aspects of the algorithm.

2.4.1. WheelsBlocked

The first and easier configuration is ‘WheelsBlocked’. In this configuration, the
simulator’s output is a Boolean variable that provides the state of the wheels. If the
robot is unable to move and therefore the wheels are blocked, the output will be [True].
If the robot is moving, and therefore the wheels are not blocked, the output will be
[False].

2.4.2. RobotState

In this configuration, the simulator’s output is an array of 5 real numbers,
normalized between -1 and 1, set in the following way: [X position; y position;
orientation; left wheel speed; right wheel speed]

An example of output in this configuration is:
[array([[ 0.415],
[ 0.648],
[ 0.549],
[-0.25 1],

[0.5 1D]
2.4.3. TopCamera

In this configuration, the simulator’s output is an eagle’s eye vision of the arena with
the robot inside. Normally, images have three channels (RGB), but this simulator
provides a black and white image that is easier to manipulate. In this configuration, it is
difficult for the computer to see the difference between one instant and the next because
the robot is small compared to the rest of the arena. That is why other configurations of
the simulator were developed based on the TopCamera configuration.

2.44. TopCameraDiff

This configuration is based in TopCamera. With the goal of having a better notion of
the robot’s movement, the difference between the image in time t-1 and in time t has
been calculated. This configuration shows where the robot was in the previous instant in
black and where it is now in white.
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Fig 5 — Simulator in TopCameralLocal

0 20 40 60 80 100
Fig 6 — Simulator in TopCameraDiff

2.4.5. TopCameral.ocal

The two configurations showed above are not helpful to learn because there is too
much information that is not relevant (all the empty space far from the robot). This is
why there is another family of configurations: the TopCameralocal. In this
configuration, the output is still an image, but it is centered in the robot, to get rid of the
unhelpful information.
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Fig 6 — Simulator in TopCameralLocal

2.4.6. TopCameraL.ocalOri

This is the final version of the configuration TopCamera. It is a variation of the
TopCameralLocal, where the robot is always in the center of the image and in the same
orientation. This configuration is the closest to the real situation, because from the point
of view of the robot, the robot is fixed and is the rest of the arena who moves. This is
also the configurations that makes learning easier, because the robot “sees” the walls
approaching.
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T T T T

0 10 20 30 40

Fig 7 — Simulator in TopCameralLocalOri
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State of the art

In this chapter we will speak about the different methods of machine learning that
could be applied to this problem. This chapter will be a small introduction to the state
of the art, but chapters 4 and 5 will also be dedicated in some way to the state of the art

A usual state of the art chapter presents the existing solutions in the industry for
problems that are similar to the one the student is facing. In most projects, the goal of
the project is to reach an optimal solution for the considered problem, so the state of the
art shows the student what solutions (usually optimal) are being developed in the
industry. Then, using this information, the student can decide how to solve the problem.
The solution is more important than the method. For example, if the project was to
measure temperature, it 1S more important for the project to measure temperature
correctly, rather than how it measures it (if it is electronic or mercury based). The
“how” (mercury or electronic) is certainly important, but secondary to the “what”
(measuring temperature).

However, in this project, the “how” is more important than the “what”. There are
better ways of piloting a robot through a room than the one that has been developed. For
example, a Roomba vacuum cleaner does it more efficiently with a combination of
infrared sensors and a pre-fixed algorithm that does not learn [5]. Another example, a
Tesla's self-driving car would use a combination of cameras and machine learning
algorithms to recognize the obstacles ahead and turn before hitting them [6]. However,
the purpose of this project is first and foremost pedagogical. The Roomba’s solution is
not interesting because it does not educate children in the field of artificial intelligence.
Tesla’s solution is not interesting either because it is too complex for children to
understand.

This is why this state of the art, rather than talking about solutions developed by
other people, will be speaking about the existing machine learning algorithms and
whether they are adapted to the task at hand.

Like it was briefly mentioned in the introduction, there are three main type of
machine learning algorithms: unsupervised learning, supervised learning and
reinforcement learning. Their characteristics and common uses will be discussed,
analyzing whether they are appropriate for the task or not.
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3.1. Unsupervised Learning

Unsupervised learning algorithms are mainly characterized because they do not
access any human expertise in their learning process. Their main objective is to
transform data into a more useful type of data. We could divide unsupervised learning
algorithms in two types: dimensionality reduction and clustering [FRAG18].

* Dimensionality reduction: the goal is to find the redundant information
present in some data set, and eliminate these redundancies, reducing the
data’s dimension. Fig 9 pictures an intuitive description of dimensionality
reduction. The data is in 2 dimensions, but when analyzed properly, it is
clear that only the position in the diagonal is representative.

1d=1

Fig 9 — Example of dimensionality reduction

*  Clustering: clustering is the most common unsupervised learning
application. It takes some data set and finds groups hidden inside. An
intuitive definition of clustering can be seen in Fig 10. The algorithms can
find relationships between different data points and separate them in clusters.
These algorithms are used in applications like: customer segmentation, topic
modeling, community detection in networks, and so on.

ML
- algorithm -

Z) = {xll X2yeeny xl“l} clusters

Fig 10 — Example of clustering
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Unsupervised learning is very useful, but by itself it is not able to fulfill the
requirements of the project. Clustering will point to groups with common characteristics
hidden in data, but it will not interpret these groups nor use this information to make
decisions. Unsupervised learning is mainly a tool for decision-making, but it needs a
human to make the decisions, because there is not human expertise included in the
algorithm. Thus, unsupervised learning cannot be used in this problem.

3.2. Supervised Learning

Supervised learning algorithms are the most commonly used in machine learning.
Like unsupervised learning, they receive a data set, but unlike unsupervised learning,
the data is labeled, introducing human expertise. For example, the algorithm will
receive a set of images of cats and dogs and for each image; it will also receive a label
saying if the image is a cat or a dog. This label comes from human expertise.
Supervised learning algorithms are often used as classifiers. They learn from a training
data set how to classify data into some category or another and then they are applied to
different data sets, making predictions. A diagram explaining how supervised learning
works, is shown in Fig 11.

— alg('\)/lrlij[hm E— Predictor
1 fx)=y

D = {x11x2/ sy xll} Labels

Binary classification
{]/1;]/2;---,]/;1} yie {O/]-}

Multiclass classification

in{O,l,...,k}

Fig 11 — Diagram of supervised learning

Supervised learning is used in image recognition, speech recognition, and mostly
everything that involves any pattern recognition. This includes self-driving cars as well.

A solution for the task at hand using supervised learning could be envisaged.
However, it would require a combination of at least two algorithms. For example, a
possible solution would be made of:

1) An algorithm of image recognition, capable of differentiating the walls and
floor

2) An algorithm linking the elements recognized by the previous one with some
risk classes.
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However, it is not practical to implement this solution in this case. For most of the
supervised learning applications, training databases that are already labeled exist. But in
this case, there is not a clear training labeled database to be used, so it would be
necessary to build it.

Also, supervised learning is the machine equivalent of learning by examples. A child
may learn to read using examples, but a child does not learn to walk seeing examples of
people walking. A child learns to walk by a trial and error, and the machine equivalent
of this is reinforcement learning. We can see in [RICH17]:

“Supervised learning is learning from a training set of labeled examples provided by
a knowledgable external supervisor. Each example is a description of a situation
together with a specification—the label—of the correct action the system should take to
that situation, which is often to identify a category to which the situation belongs. The
object of this kind of learning is for the system to extrapolate, or generalize, its
responses so that it acts correctly in situations not present in the training set. This is an
important kind of learning, but alone it is not adequate for learning from interaction. In
interactive problems it is often impractical to obtain examples of desired behavior that
are both correct and representative of all the situations in which the agent has to act. In
uncharted territory—where one would expect learning to be most beneficial—an agent
must be able to learn from its own experience.”

3.3. Reinforcement Learning

Reinforcement learning is the third main category of machine learning. The
implemented solution is a reinforcement learning one. It is an ample field, however, so a
whole chapter will be dedicated to explaining its bases and the different methods that
could be applied for the considered problem.
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Reinforcement
Learning

The purpose of this chapter is to explain the basics of reinforcement learning and
then choose a solution out of the possible algorithms

4.1. Concept

Reinforcement learning is learning what to do—how to map situations to actions—
so as to maximize a numerical reward signal. The learner is not told which actions to
take, but instead must discover which actions yield the most reward by trying them
[RICH17]

Using the framework introduced in the diagram depicting the elements of machine
learning in Fig 1, the Answers would be the reward, and the Rules, the actions. The
process of learning is through trial and error. The learner (called agent) uses the reward
to evaluate the performance. However, the information contained in the reward is sparse
and delayed, because the actions taken in the present will affect the rewards in the short
and middle term futures.

Let us define the term “agent™:.

“An agent is anything that can be viewed as perceiving its environment through
sensors and acting upon that environment through effectors. ”[NIKO18]

The agent in this project is the robot. It perceives the environment through the
camera and acts upon this environment by moving. When interacting with the
environment the agent tries to achieve a specific goal (navigate the arena avoiding the
walls); perceives the consequences of its actions (when there is a lot of yellow and I go
forward, I get stuck); identifies important behavioral components (when there is yellow
there is a wall); modifies its behavior (turn when there is yellow); applies its knowledge
in new tasks context (when a different wall is presented it turns).
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Fig 12 depicts the classical loop present in all reinforcement learning problems,
defining the exchange between the environment and the agent.

z\ctiod

oA -

Fig 12 — Reinforcement learning framework

At each time step t, the agent executes an action; making the environment change
from state t to state t+1. The environment also supplies an immediate reward to the
agent. This is formalized as a MDP (Markov Decision Process).

4.2 Markov Decision Process

A MDP is defined by the following n-tuple:
{S,A,R,P,v}
where:

* S is the state space, made of all the possible states of the environment. In our
case, one state is an image from the camera. The space of states is all of the
possible images that can be shown by the camera. If each image is a RGB
image with a resolution of 16x12, and each pixel can range from 0 to 255.
There are 3x16x12 = 576 pixels. Therefore, there are 576x255 = 146 880
possible states. The state space S is huge.

* A is the action space. A is a 5-tuple made up of: {Forward, Forward Left,
Forward Right, Backward Left, Backward Right}(see 2.2).

* Ris areward function that will have to be defined.

* P is the state-transition distribution. It is a mapping from states to the next
states via the actions. In other words, P, is 1 if an agent in state s who
performs the action a, ends in state s’. Else, it will be 0.

* vy is adiscount factor called gamma.
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The relationship between the environment p and the agent at a time step t is defined
by:

e Observation of s; € §
e Execute action a; € A
e Receiverewardr; € R

4.3. Policy

A policy defines the agent’s behavior. It can be either stochastic or deterministic.

* Deterministic policy: in a state s, the agent does the action a.
T:S > A
* Stochastic policy: in a state s, the agent does the action a with a probability
p.
m:S XA - [0,1]
What the agent effectively learns is the policy. It can be interpreted as the function
that gives the agent the rules to follow in each situation. The policy is changed

throughout all the learning experience until it represents a set of rules that accomplish
the task correctly. When this is achieved the policy is called the optimal policy m*.

4.4. Return

Every machine learning problem is ultimately an optimization problem. In
reinforcement learning, the goal is to maximize the “return”. It is defined as:

D™(s) = 141+ ¥Tpyz + o = Zytrtl So =S (4.1)
t=0

It is a sum of rewards, prioritizing the immediate rewards over the far-sighted ones,
via the discount factor y. Conceptually, the return can be seen like the impact of a
certain action over time. If it is high it means that this action has given a lot of reward
over time, therefore it is a good action.

The hyper parameter' gamma is important in the reinforcement learning scenario.
An action k time steps later will have an impact of y*"'.So, when v is close to 0, the
agent will prioritize immediate rewards. When vy is close to 1, the agent will have a
greater long-term vision. Gamma is inherent to the task and the reward function; there
are tasks that require a shorter-term vision than others.

The return is at the base of two important concepts in reinforcement learning: the
State-Value function and the State-Action value function.

' The term hyper parameter is used to distinguish the parameters that are set by the
programmer before the experience (hyper parameters) and the parameters the agent
learns by itself during the experience (parameters)
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4.5. State-action value function

If the return is the goal of RL algorithms, the State-Value function (V) and the State-
Action value function (Q) are its backbone. Every algorithm uses one or the other at
some point. Let us define them. In the following equations m represents the agent’s

policy, s is an state & §, a is an action & A, D is the return defined in (4.1), and E is
the mathematical expected value.

V™(s) = E™{D"(s)} = E” Zytrtl Sg =S (4.2)
t=0

Q™(s,a) = E”{D”(s)|a0 =a} =E" Zytrt| So =S,ay9 =ag (4.3)
t=0

These two functions are approximately the same concept: a function that calculates
what return should be expected if a certain policy & is followed. The difference is that
where V represents the return that can be expected when the agent is in a state s, Q
represents the return that can be expected when an agent in a state s performs an action
a.

Both of these functions can be written in a recurrent way. Let us take Q:

Q™(s,a) = E7 {Voro + Z Vtrt

t=1

=E"[rylsp =s,a0 = a] + E {Z Yy
t=0
=1, +yQ"(s',a’") (4.4)

When the equation (4.4) is written for a time step t and following the greedy policy
for choosing a’ it is called the Bellman equation:

Q(sp,ap) =re +vy m‘f‘X Q(st+1,0) (4.5)

So = S,04g =a}

So=5,ay = a’}

The Q function at a time t can be written using the Q function of the time t+1. The
recurrence of the Q and V functions is very useful in algorithms, who are based in

s,a— Q7 (s,a)

(s/,a') > Q7 (s, ')

recurrent structures. The Bellman equation of Q is shown in Fig 13.

Fig 13 — Recurrence of the Q function
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4 .6. Problem’s characteristics

The theoretic bases in which reinforcement algorithms stand on have been set, but
before going into discussion of the algorithms themselves let us discuss about some
characteristics important in reinforcement learning algorithms.

4.6.1. Prediction and control problems

Supervised machine learning problems are basically prediction problems. The goal
is to use available data to learn how to predict some variable when facing unknown data
(see Fig 11). Reinforcement learning problems are not exactly supervised learning, but
they are, in a way, prediction problems. RL agents learn how to predict the return (4.1).

However, they are usually considered control problems rather than prediction
problems, because their main goal is to control the command signal (the actions) of an
agent that interacts with an environment. They resemble in a way classic automatic
control problems. They are still prediction problems because they need to predict the
return as precisely as possible to efficiently control the agent’s actions, but the
prediction does not need to be perfect. For example, an algorithm that predicts illnesses
from X ray images needs its prediction to be as accurate as possible, usually using lots
of statistics to be sure that its predictions are accurate. In RL, the accuracy of the
prediction is important but secondary to the control structure.

4.6.2. Model-based vs. Model-free

A RL algorithm can be either model-based or model-free.

Model-based algorithms try to map the internal workings of the environment they
interact with. This is called planning. For example, given a state and action, a model-
based algorithm might be able to predict the next state and the reward. Doing this for all
of the states in § will lead the agent to know how the environment works and then it
will deduct from this the policy that has to be followed to accomplish the task.

Model-free algorithms work by classic trial and error, not trying to understand the
environment in any way. They try things and hang on to those that give them good
results. At the end they will learn that in a certain state a certain action will give good
results in the future, but they do not know why and they cannot predict what the next
state will be, nor the reward.

In this project the algorithm searched is model free. The reason for this is that the
space of states is too big for a planning method to be feasable. The calculating power
needed is too great. However, it is important to take into account that the solution
implemented is model-free. Several times during this memory something like “the agent
wants to predict the Q function as well as possible” will appear. This is absolutely not
planning. The value of Q must be considered more like an intuition of whether one
action will be good or not, rather than the prediction of the immediate reward.
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4.6.3. Online vs. Offline

Most classic machine learning problems are off-line problems. The agent’s learning
and the evaluation of the accuracy of the model are done separately. The agent is trained
in a training database and then a different test database is used to check that the learned
model is accurate. If it is not, the algorithm is changed and so on.

In reinforcement learning algorithms there are both on-line and off-line algorithms.
Off-line algorithms don’t learn while interacting with the environment. They interact
with the environment, and then they stop and they learn from the interaction. This is the
same as saying that the policy is not changed while the experience is underway.

On-line algorithms change the policy at each time step. They perform an action, they
get information, then they optimize the policy using this information, then they perform
another action based in the new policy, they get new information and so on.

In our problem, either kind of algorithm could be deployed, but an on-line algorithm
will carry better results. Because of the dimension of the space of states S, there is no
way of calculating the value of Q for every state. So, an approximator will need to be
used (more on that later). Using an off-line algorithm will be much slower because we
are using an approximator rather than calculating directly the Q value, so the value will
tend to be further apart from the real one, specially at the start. This means that it will
take a lot of experiences to learn. On top of that, off-line algorithms are normally used
in episodic kind of environments, which are environments that work by repeating the
same experience over and over. Our environment can be made episodic but it is not
fundamentally episodic.

Using an on-line algorithm stands to reason, then.

4.6.4. On-policy vs. Off-policy

This difference is subtler. Reinforcement learning algorithms involve generally two
different processes: following a policy to act, thus modifying the environment, and
optimizing the policy using the information given by the environment. Because of
Bellman’s equation (4.5) when optimizing the policy n, a Q value needs to be
calculated.

If this Q value is calculated using the policy m, the algorithm is called on-policy.
Else, if it is calculated using a policy n’, that may or may not be equal to =m, the
algorithm is called off-policy.

In the literature [RICH17], it is recommended to use off-policy rather than on-policy
algorithms because they have more flexibility, thanks to the independence between the
actions and the optimization. For example, the feature experience replay (which is
introduced later) is only possible when using off-policy algorithms. So, this project used
an off-policy algorithm.

4.7. Choice of algorithm

Throughout all this chapter and the previous one, a choice of what algorithm to
implement has been in progress. For all the reasons that have already been given, the

26 Application of Artificial Intelligence algorithms to pilot a motorized robot
Eduardo Moros Barandiaran



algorithm that will be implemented needs to be a reinforcement learning algorithm, but
which one?

There are three main reinforcement learning methods (each one with their
subsequent variations). Let us introduce them briefly:

Dynamic programming: this method consists in setting a random policy,
then evaluate this policy (calculate V for every state), then make a policy
improvement, and then evaluate the new policy, etc. This method has a
major drawback: it requires a complete knowledge of the MDP (see 4.2) for
computation of V and for improvement of the policy, which in practice is
impossible for a states space so big. This method is model-based (the MDP
is needed), and off-line (in fact, there is no need of interaction with the
environment, it deduces the optimal policy from the complete knowledge of
the MDP).

Monte Carlo method: the Monte Carlo Method does not need knowledge of
the MDP. The algorithm will calculate Q for every pair state-action
following a policy m and then improve this policy by choosing at each state
the action that will maximize Q or a random one to explore every pair state-
action (this is called the e-greedy policy). Then it will calculate again Q for
every pair state-action and so on. To calculate Q, the algorithm will repeat an
experiment several times. Each repetition of the experiment is called episode.
At each episode it will sum up the rewards it obtained to compute the return
D (4.1). Then, it will estimate Q as the mean of the returns from all the
episodes. This method is off-line, and it is hardly scalable because of its high
computing complexity.

Temporal Difference: TD does not need knowledge of the MDP either. It
follows the same general structure as MC. Calculation of Q for every pair s-a
following policy m; improving policy by following the e-greedy policy;
repeat. However, to calculate Q it does not require a whole experiment, only
a single time step. It starts by a random Q and it actualizes it at each time
step using a term called temporal difference error (this term is just the right
term of Bellman’s equation minus its left term). This is the most adapted
type of solution for this project. Two algorithms stand out in this category:
the on-policy SARSA and the off-policy Q-Learning. As explained in 4.6.4,
an off-policy solution will be implemented for flexibility reasons.

4.8. Q-Learning

The Q-Learning algorithm is online, model-free and off-policy. It starts by assigning
a random value of Q for every state-action pair and then it actualizes this value
following the following equation:

Q™ (st ar) = Q™ (s¢, ar) + ad, (4.5)

where a is the learning rate and 6 is the temporal difference error:

6 =1ty mj‘x Q" (St+1,a) — Q™ (s¢, ar) (4.6)

The Q-Learning algorithm can be seen in Fig. 14, shown for an episodic problem.
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Algorithm 7: Q-Learning control algorithm
Initialize: Q(s,a) arbitrary
repeat
Initialize s;
repeat
choose a for state s using policy derived from Q (e — greedy);
Take action a; observe reward r; and next state s’;
0 =7+ ymaxyeq Q(s',a") — Q(s,a) Q(s,a) = Q(s,a) + nd; ;
s« s’
until s is terminal,
until for each episode;

Fig 14 — Q Learning algorithm

It uses a table, called Q table, of size S x A, that stores the value of Q for each pair
state-action. At the start the Q table is filled in randomly and then it is updated
repeatedly using (4.5) for each entry of the table.

At each time step the policy followed by the agent is the e-greedy policy. With a
probability € it will perform a random action. This is called exploration, and will be
treated further on. Else, the agent follows the greedy policy: n(s) = max, Q(s,a) deduced
from the Q table.

At the end, the Q table’s entries will converge towards their optimal value Q*. This
means that the greedy policy m will converge towards the optimal policy n*, and the
goal of the algorithm has been accomplished.

4.9. Dimension problem

The Q-Learning algorithm suits the problem faced in this project rather well, but
there is one huge inconvenience: the size of the spaces §. There are 146880 possible
states (see 4.2). This means that the Q table would be of size 146880 x 5 = 734400
entries. S is too big for the computation of a Q table to be feasible.

The most common solution for this dimensional problem is to use a function
approximator that approximates the Q function rather than calculating all the values of
the Q table explicitly. The most common approximators used in these cases are neural
networks. Using neural networks with Q-Learning is called Deep Q-Learning (DQN). It
is important to note that Q-learning in its tabular approach never tries to estimate the Q
function, being content with calculating its individual values. DQN tries to estimate the
explicit definition of the function depending on s and a, and then apply this definition
for every pair s-a during the interaction with the environment.
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Neural Networks

An introduction to neural networks, their different structures and the method of
gradient descent

A typical neural network uses a certain number of neurons (depending on the
complexity of the task) that are grouped in layers, with each layer connected to one
another. Neurons allow the model to compute data from the input and produce an
output, thanks to their activation. Neurons activate based on how the neurons of the
previous layers activated and pass their activation on to the neurons of the next layer.
The neurons take as input the weighted sum of the neurons from the previous layer and
pass it on through their activation function, which results in the neuron’s activation. The
most popular activation function is the ReLU as it improves stability of the model and
allows it to perform non-linear operations on the input.
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Fig. 15 — Principle of a neural network
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Fig. 16 — ReLu function

Then there are multiple ways to arrange the neurons in layers. The most intuitive
one is to put several layers sequentially and connect all the neurons from one layer to all
the neurons of the next one. This kind of layer is called a fully-connected layer, or dense
layer. As it is a simple architecture it can adapt to several kinds of problems, but it is not
always the best solution as it is quite computation hungry.
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Fig 17 — Fully connected structure

Another way to arrange neurons in layers is to use convolutional layers. These layers
use a filter (which is an array of a few neurons) and group the input neurons. Then they
apply the filter to each group and it results in an output of one neuron per group. This
allows the neural network to use less neurons to compute the same input size and handle
much more complex input data, but this kind of layer is harder to tune in order to obtain
good results. Also, convolutional layers help the model to detect local features in the
image, as it applies the filter on groups of neurons. Convolutional layers can therefore
be very useful for image related problems, even though they are quite hard to tune.
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Fig 18 — Diagram of a convolutional layer

Finally, it is sometimes useful to artificially extract the most relevant neurons from
the rest. This can be done using a pooling layer, which for instance selects the most
activated neuron, or the average activation. This kind of layer works well with
convolutional layers.
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Fig 19 — Pooling layer

In the end, a full deep Q-learning can look like the one in Fig. 20. It has several
convolutional and max- pooling layers and a few fully connected layers at the end. This
kind of network is often used for image classification problems.
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Fig 20 — Example of neural network

Once the architecture of the neural network is set, it is time to train it to achieve the
best possible reward. To train the network, the weights on the connection between the
neurons (the network’s parameters) are updated at each time step. In Q-learning the
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algorithm learned by updating the Q table after each action. In DQN the algorithm
learns by updating the weights of the neural network. The process by which the weights
are updated is called gradient descent.

The general idea of optimizing a function through gradient descent is to set the
variables to a random value and then advance in the direction of the gradient to reach
the local minimum. To train a neural network this way, the network’s parameters are set
at random and at each time step the gradient of a function (generally a loss function)
will be calculated and each parameter will be updated using the equation (5.1). F is the
function that is being optimized.

af (o)
0. «0;: —aq—— 5.1
j i~ 96; (5.1)

The parameter a is called the step size. However, it is also usually called learning
rate (see 4.8), even if the concept is not exactly the same. In chapter 6, a parameter
called learning rate will be discussed. This parameter is none other than this step size,
not the learning rate in the Q-learning sense. If the step size is too small the parameter
will take a long time to reach the minimum. If the step size is too big the minimum can
be passed by and the algorithm risks to diverge.
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Fig 21 — Diagram of gradient descent

An important concept in gradient descent applied to neural networks is forward-
propagation and back-propagation. The gradient of a scalar function that depends on
parameters intertwined in layers of a neural network is not easy to calculate. The
gradient is calculated using backpropagation. When an operation is performed in the
neural network, its inputs and its output are stored. This operations form a sort of
pyramid with the parameters at the base and the value of the function F at the top. If N
operations O have been made, Oy will have F as output and some variables x, y and z as
input, for example. Variable x will come from another operation O; that will have
variables a, b, ¢, d and e as inputs. And so on until the operations at the base, which
have the parameters as input. To calculate the gradient of F in function of the
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parameters, the gradient of each operation O;in function of its inputs will be calculated,
starting by the last operations. A sort of chain reaction is set, calculating the gradients of
each level of the pyramid of operations until reaching the last level. Then, the gradient
of F in function of a parameter 0; is calculated as the multiplication of all the gradients
in the chain that links the parameter to F. This is called backpropragation. A simple
example of backprogration can be seen in Fig. 22.
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Fig. 22 — Example of backpropagation
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The algorithm

This chapter presents the algorithms in its final version and explains how it works.
The hyperparameters are key parts of the algorithm. There is a section dedicated to the
explanation of how each hyperparameter has been chosen and tuned

The theory behind the algorithm has been explained. Like it has been stated before,
the chosen algorithm is a Deep Q-Learning algorithm with a continuous state space but
a discrete action space, but there are some variations from the algorithms that can be
found in the literature [VOLO15] [7]. In this chapter we will present the final version of
the algorithm.

But before that, there is something that needs to be defined, that is not rigorously
part of the algorithm, but central to the problem nonetheless: the reward.

6.1. Reward function

As explained in chapter 4, the reward is a key element of any reinforcement learning
problem. Essentially, in a reinforcement learning algorithm the agent learns to
maximize the reward. The objective is to have an agent that learns to do some task, so
maximizing the reward should lead to accomplish the task. If this is the case, the reward
will be well built. There is normally one rule when building reward functions
[RICH17]: the function should reflect what the agent has to do, not how to do it. For
example, if the agent has to play chess, the agent should be rewarded only when
winning, not when it takes an opponent’s piece, for example. If the agent is rewarded
for subgoals like those, it might learn maximize those subgoals, even if the final
objective is not met. For example, it might take a lot of the opponent’s pieces but lose
the game

So, let us consider the task that the robot has to accomplish. The robot’s objective is
to walk the arena until it sees a wall, and then turn right or left to avoid it. In the
reinforcement learning literature it is commonly accepted that for making a robot walk,
the robot should be rewarded at each time step by its forward motion [RICH17]. This
makes sense because when walking, people don’t change sense every other second, but
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go straightforward until they reach their destination. So one part of the reward takes into
account the forward motion, or in other words, the robot’s speed projected into the
forward direction. At each time step the robot will be rewarded by the percentage of its
speed that is in the forward direction. In the simulator this translates to a reward of 100
when the robot goes forward, a reward of 50 when the robot turns right or left and a
reward of 0 when it is blocked or goes backward. In the real robot it is not exactly like
that, because the real robot has inertia, so the values are not so regular. But they are
close enough.

Unfortunately, this reward function cannot accomplish the task. Let us consider two
different scenarios. Scenario 1: the robot crosses the arena going forward, sees the wall
a time step in advance and turns. Scenario 2: the robot crosses the arena going forward,
crashes into the wall, turns backward and goes on. Let us say that the robot takes 6 time
steps from one wall to another.

The reward for the scenario 1 will be: 5x100 + 50 = 550 in 6 time steps. The reward
for the scenario 2 will be: 6x100 + 0 + 0 = 700 in 8 time steps. That makes a mean of
91,6 points of reward par action in the scenario 1 and 87,5 point of reward by action in
the scenario 2. The reward for the scenario 1 is only 4% bigger than for the scenario 2.
However, the scenario 1 describes the perfect behavior, and the scenario 2 a wrong
behavior. The difference is too small for the robot to learn the scenario 1, rather than
scenario 2, so some modification to the reward function must be made.

This modification consists in punishing the robot when it hits a wall. When the robot
is blocked against a wall, its speed will be 0 (and the speed its 0 only when the robot
hits a wall). So if the robot’s total speed is 0, it receives a reward of -100. To completely
punish the behavior of going into a wall, pull backward and keep on going, a punition of
-50 is also set for every time the robot goes backward. This can interfere with the
process of learning how to clear away from a wall, but not so much, because staying
blocked against the wall is clearly more harmful.

Let us redo the calculation of the reward for scenario 1 and 2. Scenario 1: 550 in 6
time steps. Scenario 2: 6x100 — 100 — 50 = 450 in 8 time steps. Scenario 1: 91,6 reward
points/action. Scenario 2: 56,25 reward points/action. This means a 63% difference
between the two scenarios. With this reward the robot can learn.

Let us name r;the reward in the time step t, v the robot’s total speed (vector) and u
the direction perpendicular to the axe formed by the two wheels. Formally written the
reward function is:

v-uifvou>0
r,=1<—100 if v-u=0 (6.1)
=50 ifv-u<o0

5.2. The algorithm

The pseudo-code for the algorithm is the following (the function Optimize has been
separated for clarity’s sake):
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Algorithm Adapted DQN for Learning Robot
Ask camera for resolution #only for real robot
Initialize memory buffer D to capacity N
Initialize y, n, € and environment
Initialize policy neural network Q with random weights 6
Initialize C and target neural network Q’ with random weights 6’
Initialize optimizer and learning rate Ir
Initialize state x1 = {s1, m1}
fort=1,Tdo
Force an action a; else
With probability € select a random action a; else select
ar = maxa Q° (xt, a)
Execute action atin the environment and wait for response
while not response
Optimize
Observe state X¢+1 = {St+1, me+1} and reward r¢
Store transition (X, at, I't, Xe+1 ) in D
Plot reward and loss
X< Xe+1
Every C stepsdo 8’ < 6
end for

Function Optimize
Sample random batch of n transitions (xj, aj, 1j, Xj+1 ) in D
Set prediction y; = Q(xj, aj; 0)
Set target z; = y maxa Q'(Xj+1,a’; 0") + 1
d=yj-2
Calculate loss L(6)
Perform a step of the optimizer on L(5)
Clamp parameters 0

The algorithm is based in a for loop that goes on until the experience is finished. In
this for loop it is easy to recognize the global pattern of action-observation presented in
Fig 12.

Let us address first the initializations to introduce all of the elements of the
algorithm. The first thing the algorithm needs to know is the resolution of the camera (it
can be 4x3, 16x12, 32x24 depending on the camera’s setup a). This is a mere question
of calculating the size of the input to build consequently the neural network.

A very important feature of this algorithm is that it includes experience replay. This
can be assimilated to memory in a human brain. Memory is a very important part of any
learning process. When taking a trial and error approach, remembering which actions
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worked and which did not is key. For a machine, memory is assimilated by a buffer that
stores what happened at each time step (what we call transitions). The transitions stored
in the buffer will be used in the optimization phase to improve its efficacy. The buffer D
is a circular buffer with a capacity N. That means that when N transitions are stored in
the buffer, the first transition will be replaced by the transition N+1. This saves storage
space in the computer.

Then some parameters are initialized. First, gamma (see 4.4). The next parameter is
n, the batch size. When optimizing with experience replay, the algorithm samples a
random batch of transitions from the buffer and performs the optimization using the
whole batch. The parameter n is the size of this batch. Epsilon is the exploration, which
will be addressed further on. The environment is also initialized.

The next step is to initialize the neural network that we will be training. The robot
learns by changing the weights of the connection between neurons in its neural network
(see chapter 5). The neural network is the brain of the robot. The structure of the neural
network needs to be built beforehand and it is an important hyperparameter, more about
that later. We initialize the weights 6 to random values.

In this algorithm a second neural network is needed to increase stability. The
algorithm derives the term loss by the parameters 0 of the training neural network (see
gradient descent in chapter 5). However, the term loss has the Q function in both terms
of the difference (because the Bellman equation is recurrent). If the same neural
network were used to calculate both terms, a problem would raise up. At each time step,
when deriving the loss, there would be a choice between diminishing the prediction
term and increasing the target term (it is more complicated than that, but intuitively it
comes to that). This clearly disturbs learning, because it can make the parameters go
back and force depending on which of the two terms is derived. To avoid this, a second
neural network is used. This neural network (called target net) is never trained and it
serves only to calculate the target term of the loss. Anyhow, the target network needs to
resemble the training network to be able to correctly approximate the Q function. So
after C steps it has to be updated with the weights of the training network.

Then two more hyperparameters are initialized: the optimizer and the learning rate.
There are a lot of ways of updating the parameters of the neural network to minimize
the term loss, usually variations of the method of gradient descent. The optimizer sets
the method that will be used for said minimization. The learning rate itself is a
parameter of the optimizer, and its meaning can slightly change from one optimizer to
another, but it is globally the learning rate that we have introduced in chapter 5.

One last clarification before going into the actual loop is necessary. To improve the
robot’s efficacy when blocked against a wall an extra term has been added to the state
(besides the image from the camera who is represented by the variable s), the variable
m. It is a Boolean variable that takes the value 0 when the robot is blocked and 1 when
the robot is moving. This input variable is connected directly to the last layer of the
neural network, so its value is not drowned in the layers.

The first thing the agent does at each time step t is to choose an action. There is the
possibility of forcing the agent to take any specific action via the graphic interface.
Forcing the action is interesting because it can speed up the learning process and it
allows a bigger interaction between the user and the agent, which is rather useful when
demonstrating to kids. However, for the most part the actions will not be forced on the
agent. Instead, the agent faces a choice: exploring with a probability € or follow the
greedy policy (the policy that maximizes Q).
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Exploration is a vital part in any learning process. If the robot was always restrained
to do the actions supplied by the neural network, it could learn a bad policy. For
example, it could start by turning right and receive a positive reward, which is better
than a null reward, so the logical option would be to continue to turn right. This is not
the optimal policy for the problem treated, which has as objective to maximize the
forward speed. The robot needs to explore, so it will learn new possibilities of the
environment and achieve a better performance.

When the choice of the action has been made the algorithm sends this information to
the environment and waits. While it waits for the new data (image and reward), it
performs as many optimization steps as it can. The real robot has inertia and takes time
to perform the actions, so it works in an established loop of two actions per second. At
each half-second it asks the computer what action it should do next, then for the next
half second it does this action, and right before asking what the next action should be it
sends the data. Meanwhile, the algorithm optimizes and when it receives the new data, it
decides the new action and so on. This allows a lot more optimizations per time step,
which is really beneficial because the learning time is reduced significantly. However,
this depends on the computational power of the computer running the algorithm. In a
fixed PC, up to 25 optimizations per time step can be done, but my computer can hardly
do more than 2.

For each optimization step a batch of states is sampled from the memory buffer. In
regular DQN algorithms, the optimization is done only with the following state. The
neural network predicts the value of the function Q for state si;+; and chosen action a.
Then the target network calculates the target term as the reward r; plus the value of the
function Q for the state sy if the greedy policy was followed. In that case, 8 € R and
L: R —R. When using experience replay, both the prediction term y and the target term
z are vectors of size n (n is the batch’s size). Each coordinate of both vectors is
calculated as it was above. Therefore, d& Rr and £: Rr — Rn,

Let us take an action that happened in a time t. In time t, the agent’s network
evaluated the state and the possible actions and chose to execute the action a (let us
suppose that it did not explore). In a time t’ > t, the action is selected randomly for
optimization (along with many others). The value of Q(s, a;) is calculated with the state
and action of time t, but the parameters 0 of the neural network are those of time t’.
They could be really different, from those of time t. It is possible for the action a; to not
be the optimal one anymore when calculated with the parameters of time t’. Actions that
could be considered optimal at some point are then revisited and a new optimal
behavior is set for the same situation. This is the power of the experience replay, the
possibility to revisit past situations. For this reason it is useful to optimize several time
while waiting for the data, even if a priori there is no new action so there would be
nothing to learn. When it optimizes several times the agent revisits past experiences
with the information that gives the latest reward, actualizing a larger number of
behaviors, thus reducing the learning time steps because the weights are more
actualized.

Once o has been calculated, the term loss £(d) is computed. Normally the mean
squared loss is used:

L(8) = %Z 52 (5.2)
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Another possibility is using the Huber loss, which is the mean squared error when o
is small and just the absolute mean of 6 when it is high. This can increase stability at the
start when the loss is high, preventing it from diverging.

. %252 if 18] <1

1
—ZISI else
n

Then, a step of the optimizer is performed. The optimizer changes the weights 0 to
minimize the loss function. There are several methods of optimization, but in this
project only two have been tested. Both are variants of the gradient descent that has
been explained in chapter 5.

(5.3)

Once the backpropagation of gradients has been made in the parameters of the
neural network, the parameters are clamped. This means that any parameters with
values over 1 (or under -1), are set to 1 (or -1) instead. This helps stability because
parameters with too great values diverge more easily.

Once the robot sends the data, the optimizations stops and the algorithm observes
the new state si; and the reward ry, it stores it in a transition, plots the reward and loss in
a graph for interpreting results, and it sets the state s to s; to restart the loop.

In this explanation of the algorithm a lot of parameters have been mentioned. It can
be confusing, so it is important to remember that the parameters 6 that make up the
connections between the neurons in the neural network are what we call “parameters”
and the network learns by actualizing them. These are different from “hyperparameters”
that are parameters of the algorithm set by the programmer, which need to be tuned
before the experience for the program to work. Hyperparameters are the tools the
programmer has to make work an algorithm that does not work or to increase efficacy.
The next section will go on through the tuning of hyperparameters.

6.3. Hyperparameter tuning

First, let us recapitulate briefly the hyperparameters that need tuning:

* Buffer’s capacity N

* Gammay

* Batchssize n

* Exploration

* Neural network’s structure
* Target update C

e Optimizer

* Learning rate Ir

All of the hyperparameters will be discussed, and there will be graphs showing the
performance of the algorithm with different values of the same hyperparameters.
Therefore, some precisions about the graphs need to be done, to be able to conveniently
analyze them.

The hyperparameters have been tuned using the simulator explained in 2.4 and more
particularly in the configuration TopCameraLocalOri.
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Each hyperparameter is treated independently, so all of the other hyperparameters
are set to their optimal value. When actually tuning the parameters this cannot be done,
because the optimal value of the parameters is rarely known beforehand. In the actual
tuning of the hyperparameters what was done was to change the parameter and if the
behavior was better, keep the new value, else keep the precedent one. Doing this for all
of the parameters is a long process, because judging the behavior is not always easy, so
reaching an optimal set of parameters was long and required a lot of complicated
reasoning.

In the graphs, three curves are shown. One of the curves represents the instant loss,
the term loss at each moment. This allows judging if the algorithm converges or
oscillates and if there are any peaks of loss. A second curve represents the average loss
over the last 240 actions, which gives a good image of the convergence of the algorithm
towards an adequate set of parameters. The third curve shows the mean reward. This is
the most important curve, because it shows the level of the agent. We will see if it
converges or not and the final level acquired by the agent. All of the experiences last
1500 actions, or 12 minutes and a half, which is time enough for the algorithm to
converge in the simulator (it usually converges in about 5 minutes if the
hyperparameters are well set).

mssssm Average reward

e Average LOSS

s Current Loss

Fig 23 — Graph legend

6.3.1. Buffer’capacity N

The past experiences of the robot are stored in a buffer to be used in the
optimization. This buffer is circular to save storage space. However, it is important to
choose rightly its capacity N. If N were too small, it would be like teaching a fish. The
agent would forget its experiences too fast for the experience replay to help. The agent
could still learn but the learning time would be huge and the risk of divergence far
greater. If N were too big the agent learns well but the storage space allocated to the
buffer would be big, and this is a waste of space, because similar performances can be
achieved with a smaller capacity.

Three graphs depicting experiences with values of N = 50, 1000 and 10000000 are
shown next.
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Fig 24 — Hyperparameter tuning: N=50
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Fig 25 — Hyperparameter tuning: N=1000
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Fig.26 — Hyperparameter tuning: N=10000000

For a small N, the algorithm is stable but is converges towards a small value of
reward (level around 0,6). The behavior of the agent in this case is to go forward until
hitting a wall and then turning. The memory is too small for the agent to learn to avoid

42 Application of Artificial Intelligence algorithms to pilot a motorized robot
Eduardo Moros Barandiaran



walls. For greater values of N, the results are good, without much difference between
N=1000 and N=10000000, both of them have a nice comportment and a high final level
(around 0,8).

The chosen value for N is 1000, to save storage space.

6.3.2. Gamma 7

The hyperparameter gamma, also called the discount factor, has already been
introduced. It measures the “farsightedness” of the agent. The return (equation 4.1)
includes a factor y'. If y is close to 0, its t power will be smaller and most of the weight
in the Bellman equation will be given to the current reward. If y is close to 1, the weight
of futures reward will be higher. However, a too great value of y can avoid
convergence, because the agent will try to maximize long-future rewards from
predictions that may not be correct and that may change from one time step to the next,
so the algorithm might oscillate.

Let us try to calculate approximately a good value for y in our problem. In this
particular problem, an horizon of five-six actions seems correct, as the agent needs more
or less 4 forward actions to go from one point of the arena to the other. Avoiding a wall
will diminish the reward in the next 2 actions and will get positive results in the 4th or
5th action. To maintain the 6th action’s reward higher than 20% of its real value, a
gamma of 0,76 is needed. Therefore, 0,8 seems a good value for gamma.

Let us see graphs for different values of vy:
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Fig 27 — Hyperparameter tuning: y = 0.1
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Fig 29 — Hyperparameter tuning.: y = 0.5
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Fig 30 — Hyperparameter tuning: y = 0.7
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Fig. 31 — Hyperparameter tuning: y = 0.76
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Fig. 32 — Hyperparameter tuning: y = 0.8
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Fig. 33 — Hyperparamter tuning y = 0.9
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Fig 34 — Hyperparameter tuning y = 0.99

In small values of y (0.1, 0.5 and 0.7) the agent is clearly short-sighted and learns
quickly to go straightforward but it is never able to learn how to avoid walls. This is
shown by an almost immediate convergence of the loss with very little peaks (peaks are
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usually formed when the robot tries to avoid a wall and fails, the absence of peaks in
this case shows that the robot never tried to avoid the wall). The reward converges
towards a level of 0.6, which is not a good level, because a robot that avoids correctly
the walls has a level between 0.7-0.8.

The value of y calculated a priori (0.76) is not good either, but y = 0.8 is. In this case
the loss converges more slowly and the immediate loss is noisier, but the reward
converges towards a level of 0.8, which is really good.

When trying higher values of gamma, we can observe that the loss can easily
diverge. In Fig. 33 it threatens to diverge and finally converges around time step 400 but
it converges to a reward level of 0.6, which indicates that the agent has tried to learn a
better policy than hitting the wall and going backwards but has failed because it has
tried to take into account rewards that are too far off. In Fig. 34, the robot does not even
learn, it is too difficult to maximize all of the future rewards so the loss diverges
instantly.

The optimal value of vy is therefore around 0.8, and it will be taken so for all the
other experiences.

6.3.3. Batch-size n

As explained in 6.2, the optimization is actually made over a batch of past
experiences rather than from the present experience. This allows the agent to revisit past
experiences more often, reaching a better optimal policy. Therefore, the more often the
actions are visited, the better the agent will learn. A past experience is revisited with a
probability n/N, so the bigger n is, the more often the actions will be revisited (N could
be made smaller as well but information would be lost, so there would be no benefit). In
the limit where n=N, all the actions will be revisited at each time step. This would mean
a perfect convergence.

In practice however, this is not like that. If n is too big, the computing power needed
to calculate Q for every past action is far too high. In the simulator (where the robot is
compelled to wait for the optimization to finish) the experience will just be very long.
But in the real robot, the robot will continue to do the same action for the time it would
take to do 3 or 4 actions. Each turning action will turn out to be a tour around itself
instead and at each forward action the robot will keep going until it hits a wall.

For too small values of n the robot will not be able to learn correctly, because no
experience replay will be done, and the experience replay counteracts essentially the
reward’s sparseness that is inherent to the problem.
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Fig 35 — Hyperparameter tuning: n = 10
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Fig 36 — Hyperparameter tuning: n = 100
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Fig 37 — Hyperparameter tuning: n = 1000

As expected, the agent learns poorly for a small value of n, not being able to learn
the best policy and only achieving a reward level of 0.6. For a batch size of around 100
actions the agent learns the correct behavior. For a batch size on the order of the

Application of Artificial Intelligence algorithms to pilot a motorized robot 47
Eduardo Moros Barandiaran



buffer’s capacity the experience becomes too long in the simulator. Even if the behavior
is optimal, the program ran thrice as long and executed only a half of the experience.

6.3.4. Exploration €

Following what was said in 6.2, exploration is needed for the robot to achieve the
correct behavior, else it would likely not visit all the state-action space. The exploration
is set in place with the hyperparameter €. Epsilon is the exploration threshold: a real
number between 0 and 1 is randomly chosen and if it is below €, then a random action
will be performed. Else, the agent will follow its normal policy.

It is interesting to see what happens if € is changed during the experience, defining a
curve of exploration. For example, the idea of having a greater exploration at the start
and then reducing it to close to null at the end can be appealing. During the project three
exploration curves have been tried: an exponential curve, a piece-wise defined curve
and constant values.

* Exponential curve: The value of epsilon is set at the start at EPS START
and it decreases exponentially to end at EPS END with a decay of
EPS DECAY. The value of epsilon is calculated for each action depending
on these 3 hyperparameters and the number of actions. This type of curve is
widely used in the literature.

* Piece-wise defined curve: This is a function defined in three pieces. Two
constant values joined by a first order linear function. The time steps at
which the linear function starts and ends can be chosen, fixing like that its
slope. The concept is to have an exploration that it’s reduced gradually but
keeping a constant value at the start, setting up a sort of exploration phase.
The parameters used are: EPS START for the first constant value and
EPS _END for the last. EPS LIMIT1 marks the start of the linear function,
and EPS LIMIT?2 the start of the final constant value.

* Constant values: This is just setting a constant value that will not change
during the experience. This solution is simple but has its problems. For
example, if the value of epsilon is too big the algorithm will be highly
unstable and it may not converge. If it is too small it may converge to a bad
behavior for fault of exploring. Also, the maximum possible reward level
will never be reached.
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Fig 38 — Hyperparameter tuning: exponential exploration EPS START = 0.9, EPS END =

0.05, EPS DECAY = 200
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Fig 39 — Hyperparameter turning: linear exploration. EPS START = 0.4, EPS END = 0.05;

EPS LIMITI = 80; EPS LIMIT2 = 640
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Fig 40 — Hyperparameter tuning: linear exploration. EPS START = 0.1; EPS END = 0.01;

EPS LIMITI = 200; EPS LIMIT2 = 600
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Fig 41 — Hyperparameter tuning: constant exploration. ¢ = 0.4
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Fig 42 — Hyperparameter tuning: constant exploration. € = 0.1

Let us draw some conclusions. It is clear that too much exploration at the start is
harmful to the agent in this environment; all the experiences with high starting values of
epsilon fail to learn the correct behavior (figures 38, 39 and 41). However, experiences
with smaller values of epsilon from the start converge more quickly and towards higher
levels of reward (figures 40 and 42). It is safe to conclude then that an “exploration
phase” at the start of the experience is not beneficial. This may be because the
exploration disturbs the trial and error method too much for it to reach the optimal
policy.

If the environment is reflected upon, three levels of behavior can be distinguished in
this problem: 1) completely erratic; 2) going straightforward until hitting a wall and
turning around; 3) going straightforward and turning before the wall. Passing from level
1 to level 2 is rather easy, very little exploration is needed; once the agent has gone
straight forward once it will do it every time, because there is a high immediate reward
for going forward that is easy to analyze. Passing from level 2 to level 3 is a lot harder.
Sequences of 6 or more actions need to be analyzed and the reward level by both
behaviors is not that different (0.6 for level 2 and 0.8 for level 3). Let us say the agent is
analyzing two sequences of six actions, one from behavior 2 and one from behavior 3 to
make a choice of action. Let us say behavior 2 has an ideal reward (when no exploration
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is done) of 350 and behavior 3 of 550. If there was a lot of exploration, behavior 3’s
reward could decrease to 400 changing forward actions to turns or backward actions.
Because behavior 2 is more erratic, it will be less affected by randomness. So, it would
pass maybe to 300. It is a lot harder to tell the two behaviors apart from the point of vie
of the agent. It would be easier to assume that they are the same behavior. At the base,
exploration is still noise and noise fundamentally perturbs learning.

Another detail that can be noted is that in figure 40, around time step 600 (when
exploration reaches 0.01) the reward increases to a level of 0.9 that had never been
reached before. Obviously, when the algorithm has converged and it follows an optimal
policy, if out of 5 actions one is chosen randomly it will probably not be the better one,
so the reward will decrease. When an agent follows an optimal policy and there is no
exploration it reaches the optimal value of the reward.

6.3.5. Neural network’s structure

In chapter 5 two different types of layers for neural networks were introduced: dense
layers and convolutional layers. Every network needs to have at some point a dense
layer, so there are two possibilities: either the neural network we are going to use is
made up uniquely of dense layers or else it contains at least a convolutional layer. A
priori, a neural network made up uniquely of dense layers (let us call it fully-connected
network) is more flexible but more computational hungry. Why is this? A fully-
connected network can be assimilated to the part of the human brain that controls
instincts: it receives an information from a sensor and it passes it through the neurons,
then the spine until it reaches the muscles. For example, our finger touches something
hot; the neuron of our finger is linked with a lot of other neurons and each connection
has a weight; the signal of “hot” is passed through those neurons that have a high
weight for temperature until it reaches the spine, who makes the hand move. In this
process there is no analyzing, only reactions. It notices the value of an input at a certain
place and associates this value to an action. This is computation hungry because it is a
glutton approach; no “thinking” is done. In a convolutional layer there is analysis. A
filter is passed over the image to extract hidden features. This type of neural network is
closer to our reasoned thinking. Convolutional layers are very successful in image
recognition, because to interpret an image reasoning is needed.

A priori, the robot will be treating images, so it might seem a convolutional layer
can be useful. However, if the task is analyzed more finely it could be concluded that
this is not the case. The robot will globally see two things: the floor and the wall. The
floor is blue and the wall yellow. When it sees a lot of blue, it means the walls are far
and he can go on. When it sees a lot of yellow, the walls are close so it must turn. This
process of decision may be done more effectively using instincts; there is no need to
analyze the images because no shapes need to be recognized, the colors itself are
sufficient.

Anyway, both type of structures have been tested, focusing mainly in fully-
connected networks and testing mostly different sizes. Obviously, the bigger the
network the better it will be able to sort out information and the better it will perform.
However for big fully-connected layers the computational need is very high, so this will
be a clear restriction. Convolutional networks have also being tried: a network made of
one convolutional layer and then a fully connected layer. In the figures’ legends the
number of layers will be noted like this: inputs/layer1/layer2/.../outputs.
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Fig 43 — Hyperparameter tuning: dense NN 3/50/5
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Fig 44 — Hyperparameter tuning: dense NN 3/150/100/50/5
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Fig 45 — Hyperparameter tuning: dense NN 3/500/300/200/100/5
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Fig 46 — Hyperparameter tuning: convolutional NN. Kernel = 3, Stride = 2; Padding = I,
Layers: 50
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Fig 47 — Hyperparameter tuning: convolutional NN. Kernel = 5; Stride = 2,; Padding = I;
Layers: 150/50

There are some conclusions that can be drawn from these results. Fully-connected
networks are more stable in this particular problem than convolutional ones.
Convolutional networks tends to diverge and even if they converge they are highly
unstable. The choice of using fully-connected layers rather than convolutional is well
founded then.

However, fully-connected layers do not always reach the optimal behavior. If the
network is too small, the problem is too complicated for it to solve it and a simpler
behavior is adopted. If the network is too big, its computational need is too high and
only one optimization can be done each time step. This reduces the impact of the
experience replay, thus reducing the agent’s capacity to learn.

6.3.6. Target network’s update C

Like it was explained in 6.2, this algorithm needs two different neural networks for
it to be capable of correctly optimizing the loss function. There is one network called
the policy network (or training network) whose parameters 6 are always changing. This
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is the network that learns. The second network called the target network, does not learn,
but only exists to calculate the target term of the loss function during optimization. Its
parameters do not change. But they are supposed to represent the same thing, so the
target network needs to be updated frequently for it to keep pace with the policy
network. The hyperparameter C regulates the number of steps between actualizations of
the target network.

A priori, the smaller the value of C the better, because the two networks will be
independent but equal, so they would represent the same thing. However, in practice
this is not so. Gradient descent optimization is somewhat noisy, and in its search of the
local minimum the parameters being modified can go in one direction, then go
backwards a bit, then change directions yet again and so on. The target network is called
like that because it calculates the target term of the loss function. As any target, it is
easier to reach it if it does not move. If the target network is updated too frequently, the
target term will be noisy as well and the learning will be unstable.

The value of C needs to be chosen with care, so that the target network is not
completely different from the training network, but keeping a bit of distance for the
algorithm to be stable. A too small value of C will compromise stability and a too high
value of C can lead to erratic learning.
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Fig 48 — Hyperparameter tuning: C = 1

Training...
1.2

1.0 |

0 200 400 600 800 1000 1200 1400
Steps

Fig 49 — Hyperparameter tuning: C = 10
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Fig 50 — Hyperparameter tuning: C = 100 (1)
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Fig 51 — Hyperparameter tuning: C = 100 (2)

Fig 48 clearly shows that a small value of C is able to learn but it is more unstable,
taking longer to converge. The loss function is a lot noisier and the reward level is high
but still not perfect. An intermediate of C (10 steps in this case), makes learning a lot
smoother and the reward level is the optimal one (0.8).

Harder to analyze is what happens for high values of C. Several experiences where
carried out and in half of those the agent acquired an optimal behavior and in the other
half it did not. Fig 50 shows a successful example and Fig 51 and unsuccessful one.
This could be interpreted as “luck™. In this environment there is clearly a component of
luck, bounded to the high randomness of actions and the network’s parameters at the
start of the experience. If the agent has the luck of doing a very good sequence of
actions at the start, it will learn fairly easily, and if it does not, it will have to overcome
this bad start. Normally, when the parameters are well tuned the agent can overcome a
bad start if need be. For C = 100, if it gets a good start the difference between the two
networks has not that big of an impact and the agent learns correctly. If the start is not
good however, the agent will not be able to overcome the difference between the two
networks and will not be able to learn an optimal policy.
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6.3.7. Optimizer and Learning rate

These two hyperparameters are highly related, to the point that speaking of one
without speaking of the other is not possible. The optimizer represents the variation of
gradient descent that will be used. There are several possible methods that can be found
in Pytorch’s documentation [8]. Anyhow, the learning rate has to be specified for all of
them. This learning rate is actually the step size in gradient descent and no matter how
the gradient descent is performed, it still consists in taking steps in the direction of the
gradient, so a step size is needed.

However, because the methods are not the same, the same learning rate may work
for an optimizer but not for another one (in the same problem). Each optimizer has a
range of values of the learning rate that work, and within this range an optimal learning
rate (that will change depending of the problem, of course).

The standard optimizer to use is SGD. This optimizer applies classic stochastic
gradient descent. However, according to the literature [9] there are more efficient
optimizers than SGD. Particularly, one that stands out from the others is the optimizer
Adam. The variation of gradient descent it uses is rather complex and will not be
presented here (see [DIED15]).

Both SGD and Adam were tried using several values of learning rates to better see
their span of working learning rates.
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Fig 52: Hyperparameter tuning: Adam, Fig 53: Hyperparameter tuning: SGD,
r=1 r=1
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Fig 54: Hyperparameter tuning: Adam,

r=20.1
Training...
1.2
1.0
0.8
0.6
0.4
0.2
0.0
-0.2
6 260 4‘60 660 80IO 1060 1260 14b0
Steps

Fig 55: Hyperparameter tunig: Adam,
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Fig 56: Hyperparameter tuning: Adam,
Ir=10.001
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Fig 59: Hyperparameter tuning: SGD,
Ir=0.001
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Fig 60: Hyperparameter tuning: Adam,
Ir=0.0001
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Fig 61: Hyperparameter tuning: Adam,
Ir=1e-05
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Fig 62: Hyperparameter tuning: Adam,
Ir=1e-06
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Fig 63: Hyperparameter tuning: SGD,
Ir=0.0001
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Fig 64 — Hyperparameter tuning: SGD,
Ir=1e-05
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Fig 65 — Hyperparameter tuning SGD,
Ir =1e-06
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From this comparison between both optimizers some conclusions can be drawn.
Firstly, Adam performs globally better than SGD in every way: the range of successful
learning rates is bigger and the best learning rates perform better.

Adam has a range of successful learning rates (values of the Ir that learn up to a
reward level of 0.8) that goes from 0.01 to 0.00001. Over 0.01 the agent learns, but not
the optimal policy, and under 1e-05 the agent cannot learn. For SGD however, the only
value that can be considered really successful is 0.01.

On top of that, the only successful learning rate for SGD (Ir = 0.01) presents a level
of noise in the loss curve that means that the algorithm is highly unstable. It could as
easily diverge as converge, so it is not reliable. SGD with a Ir of 0.1 does not threaten to
diverge and achieves a good reward level at the start. However, it fails to maintain this
level and settles for an average reward. The optimal learning rate value will likely be
somewhere in between those two values.

The only way to determine the learning rate is through trial and error; there is no
analytical way of making an approximation. Therefore SGD is highly inconvenient
because it is a lot less likely to find a learning rate value that will work with the real
problem, when already for the simulated one there are difficulties. In the other hand,
Adam is an optimizer that will work with a lot of learning rates so it will not be so
important to find the optimal value from the start.

Some conclusions about the hyperparameter “learning rate” and its role in gradient
descent can also be drawn. As it has been stated, the learning rate is the step size in the
gradient descent. When it is small the agent will take small steps towards the local
minimum, and when it is big the steps will be big. It represents in a way how fast the
agent tries to learn, because if you want to go quickly somewhere you take big steps.

When the learning rate is too big, the agent tries to learn too quickly and it is easy to
pass by the optimal local minimum and reach another local minimum with a poorer
result. This can be seen in figures 52 and 54. The algorithm converges without much
difficulty but it converges to a different local minimum, the one that sets the behavior of
type 2 from 6.3.4.

As the learning rate decreases the convergence is slower. This is shown mainly in
figure 61. The mean loss starts at around 0.2 and it rests constant for about 700 actions
and then starts to decrease. It looks like the neural network’s parameters are set
randomly at the start far from the local minimum and the agent updates them slowly,
keeping the loss constant because the local minimum is still far apart. When the
parameters reach the vicinity of the local minimum, the loss starts to decrease until it
converges towards 0. The same could easily happen in Fig 62, but instead of taking 700
actions, it could take 1400. So, for small values of the learning rate the algorithm can
yet converge (it is sure to converge even) but it will just take a lot longer because the
space of parameters is very big.
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Results

In this chapter the results of the application of the algorithm to the real robot are
presented.

Once the algorithm performed optimally for the simulator, a test was made in the
real robot. The real robot and the arena were not always available so there is a lot less
data for the real robot than there was for the simulator.

The hyperparameter configuration that was used in this test was:

* Buffer capcity N: 1000

*  Gamma: 0.8

* Batch size n: 100

* Exploration: constant exploration of 0.1

* Neural network’s structure: network of 3 dense layers of 150, 100 and 50
neurons

* Target update C: 10

* Optimizer and learning rate: Adam with 1r=0.01

Some differences between the real environment and the simulator that made the
learning process harder were encountered:

o Some small problems that occurred regularly:

* The robot could disconnect after a shock or could run out of battery,

* The floor was sometimes too slippery, allowing the robot to be rewarded
because its wheels are spinning even if it is hitting a wall.

o The images that the model had as input were much harder to analyze:

* There is far less contrast between the wall and the ground compared to
the black and white of the simulator,

* The image is noisy and parts of it are useless, due to the camera’s
placement on the robot, which makes the analysis of the image much
harder and longer.

o The robot’s movements are trickier and globally worse than in the simulator:
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The walls are not slippery, whereas in the simulator there is a margin of
error that is allowed, making a turn against a wall easier at times (not
always though).

The reward is calculated based on the speed of the wheels of the robot. In
the simulator it doesn’t pose any problem, but in real life the robot has a
mass and must accelerate to get to its full speed. Also, it adapts its engine
power to its remaining battery, so it might not always go fast enough to
get the appropriate reward, even when it is going forward hence should
be rewarded a 100%.
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Conclusions

Some conclusions about the project and about the future possibilities that Machine
Learning and more particularly Reinforcement Learning offers

8.1. Conclusions about the project

It is rather obvious when reading chapter 6.3. that the loss function £(0) has two
local minima in the space of the parameters 6 & Rd. The algorithm may converge
towards either of them if it is not treated carefully. Each of these minima represents a
different behavior for the robot, because the parameters 0 define the policy and the
minima are found in the space of parameters 6. One of these behaviors is the searched
one, where the robot avoids the wall. The other one is the behavior where the robot hits
the wall, backs out and then continues forward. This is inherent to this problem, but
similar scenarios can be found in other reinforcement learning problems. Therefore, it
can be really useful to analyze deeply and carefully the possible behaviors of an agent in
an environment before tackling the problem.
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Fig 67 — Diagram showing the problem of two local minimal
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8.2. Possible future advances

There are several ways in which this project could be continued that would prove to
be very interesting and educational:

64

* Continuous action space A: in this project, the actions the robot could
do were limited to 5 actions. It would be interesting to see what would
happen if any direction was allowed to the robot. Would it be able to do
perfect oval tours around the arena? However, to accomplish this is rather
difficult. We have seen how many problems raised the huge dimension of the
space S. If the space A was continuous another two neural networks would
be needed. This method is called DDPG (Deep Deterministic Policy
Gradient). DDPG is a really complex method using a lot of computational
power, so it would be very difficult to implement.

* Different type of rewards: another possibility is to imagine new tasks
for the robot to do. The task in this project was rather simple, with only two
main different possible scenarios. More difficult tasks like setting targets
around the walls of the arena and making the robot go from one to the other
could be devised. Something mobile like a balloon (with a different color
from the walls and floor) could be set in the middle of the arena, and the
robot could try to find it and move it. A barrier could be put in the middle of
the arena and the robot could do tours around the barrier like a chariot in a
roman circus. This is easier to implement. The most difficult change that
would need to be done is the reward function. This involves devising a
reward that successfully represents the task we want to do, and then coding
it, which would not be easy because some kind of more advance image
recognition would need to be done. However, the algorithm itself would not
suffer a lot of changes, only some tuning of hyperparameters.

Application of Artificial Intelligence algorithms to pilot a motorized robot
Eduardo Moros Barandiaran



Bibliography

1] Client’s profile: http://neuro-psi.cnrs.fr/spip.php?article92 1 &lang=fr

2] Web page of the event Startup 4 Kids: http://startupforkids.fr/startups-s4k18/

3] https://en.wikipedia.org/wiki/Machine learning

4] Electronic store where the robot was purchased:

https://www.waveshare.com/product/alphabot-pi.htm

[5] Blog article explaining the algorithms in a Roomba vacuum cleaner:
https://electronics.howstuffworks.com/gadgets/home/robotic-vacuum?2.htm

[6] Blog article explaining the algorithms in self-driving cars:
https://www.intellias.com/how-machine-learning-algorithms-make-self-driving-
cars-a-reality/

[7] A tutorial from pytorch.org solving a DQN problem:
https://pytorch.org/tutorials/intermediate/reinforcement q learning.html

[8] Pytorch’s documentation: https://pytorch.org/docs/stable/index.html

[9] Article studying different optimizers and Ir:
https://www.freecodecamp.org/news/how-to-pick-the-best-learning-rate-for-your-
machine-learning-project-9¢28865039a8/

[10]

[SHAI14] Shai Shalev-Schwartz, Shai Ben-David: “Understanding Machine

Learning: From Theory to Algorithms”

[FRAG18]  Fragkiskos Malliaros, Maria Vakalopoulou, Mihir Sahasrabudhe, Enzo
Battistella: “Course en Machine Learning, Ecole Centrale Paris”

[NIKO18]  Nikolaos Tziortziotis: “Introduction to Reinforcement Learning,
Université Paris Sud”

[RICH17] Richard S. Sutton and Andrew G. Barto; “Reinforcement Learning,; An
Introduction”

[VOLO15] Voldymyr Mnih, Koray Kavukcuoglu, David Silver, Alex Graves,
loannis Antonoglou, Daan Wierstra, Martin Riedmiller: “Playing Atari with Deep
Reinforcement Learning”

[DIED15] Diederik P. Kingma, Jimmy Lei Ba: “Adam: A method for stochastic
optimization”

Application of Artificial Intelligence algorithms to pilot a motorized robot 65
Eduardo Moros Barandiaran












	1 Declaration of authorship and accreditation thereof: Eduardo Moros Barandiarán
	Texto1: Application of artificial intelligence algorithms to pilot a motorized robot
	Texto2: 5
	Texto3: July 2019
	Signed: 
	Repository: 


