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Introduction

The development of vehicles driven by computers could be seen as a step further in
the substitution of humans by an artificial player for the execution of tasks which were
previously done by themselves: this process is typically referred to as automation.
The range of applications involved in this process is extremely broad and constantly
changing, and it goes from simple devices that help us in our everyday life, such as

washing machines, to more complicated controllers used in modern industrial plants.

0.1 History of automation

This process is not a 21* century novelty, but it started way back in the past. A
noteworthy example of ingenious automation dates back to Ptolemaic Egypt (around
270 B.C.), when the Greek inventor Ctesibius ([1]), led by the desire of keeping an
accurate track of time, built a clock based on the collection of water coming from a
constant water-flow. Every hour the container of this water clock was emptied by the
use of a siphon and a mechanical counter was incremented. Moreover, since at that
time Greek and Romans were considering 12 daylight hours independently on the
period of the year, therefore with varying duration, the clock was self-adapting the
quantity of water needed to ‘fill’ an hour. In a few words, this clock was able to give
the exact time throughout a year with no human interventions.

Around the 17" century, innovations in grain mills, furnaces, boilers and engines
make the use of new automatic control systems necessary, as temperature, pressure
and float regulators; short time later, in 1745, Jacques de Vaucanson invented the first

automated loom. The automatic telephone switchboard was invented in 1892, bringing
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Figure 1: Ctesibius’ water clock

a growth in the call volume which was feared to consume all American electricity
production and inducing Bell Labs to research on the transistor ([2]).

However, the word automation was not popular before 1947, when the ‘automation
department’ was established at the Ford Motor Company, increasing the average
production by 20% ([3]). At that time, automation was described this way:

"Where previously, in the course of producing a unit, manual work supplemented
each mechanical performance, the entire process becomes mechanized. Electronic
controls built into the machines also inspect the work at various stages and approve it
or correct it."

Since then, the degree of automation in the industrial sector has grown steadily

and automated devices are of common use and often indispensable.

0.2 Self-driving cars development

Today the research on self-driving cars is registering an unprecedented development,
but we are wrong if we think that it started in the last decades; indeed, almost a century

has passed after the first tests on driverless cars.
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Figure 2: There are no humans in sight as robots weld the bodies of Ford Sierras in
1984

In 1925 Francis P. Houdina! of the Houdina Radio Control company showed
the American Wonder along the streets of New York City, which was probably the
first radio-operated car. Unfortunately, it seems that this demonstration ended with
the American Wonder crashing into a vehicle of photographers documenting the
event ([5]).

In order to reduce the human intervention needed for piloting the car, the following
researches went in the direction of integrating additional equipments in the roads to
control the trajectory of the cars, like magnetic cables and sensors buried in the pave-
ment. Between the *50s and *60s some demonstration came from the RCA Labs ([6]),
whose automated vehicle was demonstrated on a public highway in Nebraska, and
the United Kingdom’s Transport and Road Research Laboratory, which developed a
modified Citroén DS that went through a test track up to 130 km/h even in presence of

INot to be confused with the magician Harry Houdini. However, even if the illusionist was not
involved in the development of this almost magic car, he is somehow related to the story. Indeed it seems
that the magician, bothered by the similarity between his name and the one of the engineer, protested
violently in the office of the company causing him a summon to court ([4]).
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Figure 3: Houdina’s American Wonder

snow ([7]).

Premature works on visual navigation came in the late *60s from the students of
the Stanford Artificial Intelligence Lab, that built a cart made of bicycle wheels and
featuring a front-facing camera. The cart was initially able to follow a white line at a
speed of 1.3 km/h ([8]); in the late *70s, the same cart was able to avoid obstacles?
([10D).

Real-time driving through vision arose with the group of Ernst Dickmanns of
Bundeswehr University Munich in the late 80s, when they equipped a Mercedes-
Benz van with cameras so that it was able to navigate in normal roads without traffic,
reaching a maximum speed of 96 km/h ([11]); the system made use of saccadic vision,
Kalman filters and parallel computing in order to cope with resource constraints of

that time.

2The cart was able to plan 1-meter step every 15 minutes, and crossed a room filled with chairs in 5
(five!) hours without human intervention. The final version of the project included also a slider for the
camera in order to enable stereo-vision. This and other interesting stories about the cart can be found
in [9]
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Figure 4: Test on the driverless car developed by RCA Labs, which used sensors to

detect an electrical cable embedded in the road carrying warning signals

Figure 5: Stanford Artificial Intelligence Lab cart driving on the road around the
laboratory
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Figure 6: VaMoRs, the 5-ton van developed by the Bundeswehr University Munich
and its not-too-portable interior

Future developments brought in mid *90s to an autonomous S-class Mercedes
Benz able to navigate on highway traffic and address maneuvers such as lane change,
overtaking and free lanes driving; this car succeeded on a 1678 km trip with around
95% of them in autonomous driving, reaching a maximum speed of around 175 km/h?
([12]). Meanwhile, in 1989, first steps on the use of artificial neural networks for
autonomous vehicles control were made by Dean Pomerlau of the Carnegie Mellon
University ([13]) in a land vehicle equipped with cameras and laser sensors. This
efforts brought to a self-steering car which accomplished a 5000km journey dubbed
No Hands Across America ([14]).

The University of Parma played an active role already in 1996, when, under the
guide of professor Alberto Broggi, the ARGO project was presented, consisting on a
modified Lancia Thema with two black-and-white cameras performing stereo vision.
The project culminates with a 6-day journeys of 1900km along some Italian highways
under the name of Mille Miglia in Automatico (One Thousand automatic miles), with
the 94% of the journey in autonomous driving (the longest stretch being 55 km) and
an average speed of 90 km/h ([15]).

Important contributions on autonomous vehicles came from the Darpa Grand
Challenges ([16]) held between 2004 and 2007, which brought funding and interests
on the field by many universities. In the first two competitions, vehicles had to finish

3This speed was achieved in a German Autobahn which does not feature general speed limit
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Figure 7: Argo, the autonomous Lancia Thema developed at the University of Parma

an off-road, traffic-free course with no human interventions, while the 2007 edition

was held in a simulated urban environment with real traffic.

From those days, with an increased attention on the topic and improvements on
chips computational power, many research projects blossomed. The University of
Parma showcased again important developments in the field thanks to the group called
VisLab. In 2010, this group ran the Vislab Intercontinental Autonomous Challenge
(VIAC), a 15900 km test drive from Parma to Shanghai that lasted 100 day. During
this journey, an electric van using lane-keeping and obstacle avoidance techniques
preceded another one which was performing vehicle-following algorithms ([17]).

The same group, in 2013, conducted PROUD (Public ROad Urban Driverless,
[18]), a test in a urban scenario in which the vehicle had to negotiate junctions and
traffic lights.

In the same year, Daimler and FZI/KIT Research Centers accomplished a 100 km
autonomous drive on the historic Bertha Benz Memorial Route with a Mercedes-Benz
S-class with close-to-production sensors ([19]).

Nowadays, many others car companies either own research groups or team up

with self-driving start-ups, investing large amounts of money in what it seems every
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Figure 8: Stanley from Stanford University, the winner of the 2005 Darpa Grand
Challenge held in the Mojave Desert

)

Figure 9: Boss from Carnegie Mellon University, the winner of the 2007 Darpa Urban
Challenge held in a simulated urban scenarios with traffic; vehicles had to avoid

obstacles and negotiate intersections
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Figure 10: The electric Piaggio Porter autonomous vans which took part to the Vislab

Intercontinental Autonomous Challenge parade in the Shanghai Expo 2010

Figure 11: Vislab’s autonomous car PROUD at the end of the public demonstration
held in Parma in 2013
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day more a race against the first, fully-autonomous car. While cars equipped with
systems able to autonomously steer, accelerate and brake in ‘simple’ situations, such
as highways or not crowded secondary roads, are already available on the market, the
path towards cars designed to drive on public roads without humans behind the wheels
and able to cope with every condition, is still long and uncertain: not only from a
technological point of view, but also because of social acceptance and road regulation
constraints ([20]).

0.3 Social impact of autonomous cars

As previously said, the aim of automation is to replace tasks which are generally done
by humans; because of this, it has been argued that its extensive application in the
industry will cause worldwide unemployment ([21]).

Since the beginning, automatic machines has been seen by many as a threat for their
jobs by making their skills unnecessary and often drove to organized protests. Luddite
([22]), for instance, were members of a 19th-century band who started destroying
textile machinery which were seen as the reason of the deterioration of their lifestyle;
movements of this kind have arisen periodically ever since, even directed against
self-driving cars ([23]).
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Surely, automation is already contributing substantially to unemployment, espe-
cially in case of ‘low-skilled’ jobs; at the same time it has also been stated that the
positive effects of technology will outweigh the negative ones of workers displaced
by automation, paving the way to new jobs, better productivity and increasing the
level of public services ([24]). While this debate will remain open for several years
before receiving certain answers, some deeper consideration should be done for the
self-driving domain.

It is out of doubts that the self-driving technology, when applied to taxi transporta-
tion or truck deliveries, will substitute the jobs of many human drivers. This should not
be underestimated, and governments have to be prepared to support those people and
find new employments. However, on the other side, the benefits of automatic driving
may be of essential importance in many battles of the modern mankind.

First of all, nowadays being inside a vehicle is a danger for the life of its occupants.
The number of people loosing their lives in the world’s roads reached 1.35 millions
in 2016 only ([25]): this means one person every 25 seconds. Even in high-income
countries, where progresses are made in terms of legislation, vehicle standards and
access to post-crash care, road traffic deaths are among the first causes of death for
young adults.

Technology has the power to be of help in this battle: this was already clear to
Charles Adler Jr. in the 1920s, when he proposed several ideas to improve automobile
safety such as an automatic speed-control system able to regulate vehicles speed on
dangerous location of the road like railroad crossing, intersections and streets with
schools ([26]). Unfortunately, Adler was ahead of his time and his inventions often
remained unheard.

Nowadays, car makers are introducing constantly new safety features (airbags, anti-
lock brakes, electronic stability control, Advanced Driver-Assistance Systems), which
are initially sold as additional features of their luxury lines and then often becomes
part of the standard equipment thanks to the inclusion of new road regulations by the
governments. Following this path and Adler’s motto which says "If they can save lives,
I want everyone to have them", if the artificial driver will prove to be more reliable

than the human and able to save lives, it will be mandatory to spread its capabilities.
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Figure 12: Charles Adler Jr. showing one of his safety systems, which triggers a light

when a car pass over a sound detector

Clearly, there are many difficulties along this path: at the beginning, self-driving
systems will be affordable only by wealthy people and will have to be able to drive
safely in roads populated mainly by human-driven vehicles, which are far less pre-
dictable than computers-driven ones; moreover, it will take time before this technology
will be mature, and testing autonomous vehicles on public road will expose additional

risks to road users (fatal accidents already happened [27]).

Furthermore, autonomous vehicles may enhance the freedom of moving inde-
pendently for many people that are now elder or hampered by disabilities and health
restrictions, which could be the cause of reduced economic opportunities or isolation
that bring a decrease on their quality of life ([28]): reducing this problem will be
an enormous success in our societies. In addition, also people lacking license would
benefit of this improved mobility. Possibly in the future, when the technology will be
evolved enough so that no human attention is required in the process of driving, people

could spend the time that was once used to drive at will: this amounts, in average, to
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around 4 years for a person in Europe ([29]).

Finally, self-driving cars may play a not-marginal effect on the environmental
impact played by means of transportation. Artificial drivers might feature an efficient
driving style, avoiding useless braking and acceleration, and they will be able to follow
cost-effective routes. However, easiness of transportation coming from driverless cars
could also increase the total number of kilometers traveled by vehicles, counteracting
the positive effects coming from an increased efficiency ([30]). An ingenious solution
to avoid this negative implication, together with awareness-raising of people to favor
cycling or walking when possible, could potentially come from the ride-sharing
possibility: private cars, which generally stay 95% of their lifetime parked ([31]),
may no longer exist in cities and could be replaced by a fleet of autonomous vehicles
designed for combined transport of people. Their job will be to tirelessly pick up
people at request and take them to their destination; when some of these cars are
not needed or need maintenance they could go autonomously to a strategic deposit,
leaving our streets empty from parked vehicles. I leave the reader to imagine how our

cities would be like without parked cars on every corner..






Chapter 1
Self-driving Basics

Autonomous vehicles will not pop up on roads all of a sudden once they will be ready
to solve the full problem, namely to be able to cope with every situation without human
interventions; indeed, cars will be gradually featuring more advanced algorithms and
sensor suites while the technology keeps maturating.

Somehow, this process was already started with safety equipments which helps the
human in some specific situations, as with the Anti-lock Braking Systems (ABS) and
the Electronic Stability Control (ESP). As today, it is common to meet on the roads
vehicles capable of autonomously parking, following lanes and executing overtakes
on highways: the range of possible applications will be constantly extended as the
degree of caution needed for assuring safe behaviors will decrease.

In this chapter, a very brief overview of the broad self-driving domain is given,
together with an introduction on the main topics which has to be solved in order to

obtain a complete self-driving vehicle.

1.1 Levels of driving automation

The organization Society of Automotive Engineers (SAE) has established a taxonomy
regarding automated driving systems, so that the degree of autonomy of a vehicle is

mapped in a range from 0 to 5:
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Level 0 - no automation: the full-driving task is executed by the human driver,
even when enhanced by warning or intervention systems; this means that even
cars equipped with a lane-departure warning or driving fatigue detection fall in

this category;

Level 1 - driver assistance (hands on): the control of the vehicle can be shared
between the driver and the automated system, which is capable to control either
steering or acceleration/braking functions, but not both; an example is a car
equipped with Adaptive Cruise Control (ACC);

Level 2 - partial automation (hands off): the system can take the full control
of the vehicle in specific situations, but the driver must be prepared to intervene
immediately at any time in case of improper behaviors; Tesla autopilot ([32]) is

considered to belong to this level.

Level 3 - conditional automation (eyes off): if the conditions are favorable,
the driver can give full control to the system and turn its attention to tasks which
does not involve driving because it is not needed its immediate intervention;
the vehicle will handle every anomaly, but still the driver has to be prepared to

intervene within some limited time;

Level 4 - high automation (mind off): the driver does not have to be prepared
in order to ensure safety since the vehicle is able to safely stop the trip if no
human intervenes, making a human driver behind the wheel unnecessary while
the system is on; this capability is supported only in specific situations, like

geofenced areas or traffic jams;

Level § - full automation (steering wheel off): no human driver is required at

all; every aspect of driving can be handled autonomously under every scenario.

As of 2019, no Level 4 (or more) vehicles are available on the market, and Level

3 of autonomy is reached only in very structured situations such as traffic jams or

restricted areas ([33]).
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1.2 Sensors

A variety of different sensors are available in order to provide multiple types of
information useful for understanding the environment around the self-driving vehicle,

each one with its strengths and weaknesses.

1.2.1 Cameras

Images captured with cameras provide a dense input which can be potentially used
to compute many of the data needed to solve the problem of driving, from free
space detection to obstacle recognition. However, this rich representation is often
problematic to process: vision is strongly dependent on weather conditions (rain, fog,
etc.) and light changes (night, sun’s glares, etc.), undermining the reliability of these
sensors and requiring advanced robust algorithms. Cameras can also be used in pair to

enable stereo vision, thus giving the possibility of extracting precise 3D measurements.

1.2.2 Radars

Radars (RAdio Detections And Ranging) work by emitting radio waves in predeter-
mined directions and analyzing the reflected signal, so that both distance and speed
of objects can be estimated. Radars have no problem in bad weather conditions or at
night, and can achieve long operating distances. At the same time, radar detections
are strongly dependent on the reflection strength of objects, making metallic target
such as cars much more easy to detect than pedestrians; moreover, the definition of the
detections is coarse-grained due to the relative long wavelength of the emitted radio
signals, thus making difficult to estimate the shape of the detected objects.

1.2.3 Laser scanners

The principle behind laser scanners is the same as of radars, but instead of radio signals
the transmitter emits laser pulses whose wavelength is much shorter, permitting to build
an exact three-dimensional representation of the scene including small objects and

precise shapes. However, light signals are not as robust as radar against bad weather
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conditions, such as fog and heavy rain, reducing the reliability of the information.
Furthermore, these devices are very expensive at the moment; for this reason, some
developers of self-driving vehicles are building systems which does not equip laser

scanners.

1.2.4 Global Navigation Satellite System

Global Navigation Satellite Systems (GNSS), of which GPS is the most famous, are
systems which makes use of satellites to provide absolute positioning. The accuracy
can be relatively high, reaching 30 centimeters in case of GPS. However, even when
paired with augmentation services aimed to increase the accuracy, the precision
downgrades rapidly when used in urban scenario, due to the presence of buildings and

other reflective obstacles around the vehicle.

1.2.5 Inertial Navigation System

Inertial Navigation Systems (INS) are devices which continuously calculate position,
orientation and velocity of the vehicle using sensors, such as accelerometers and
gyroscopes, which does not require external references; therefore, their information is
accessible even when there is no signal from satellites, for example when the vehicle
is situated inside a gallery. Since the output is computed by dead reckoning, namely
using previously determined output, the process is subject to cumulative errors; for
this reason, coupling GNSS and INS is a typical solution used to reach robust position

estimation.

1.2.6 Ultrasonic transducers

Ultrasonic sensors are a type of Sonar (SOund NAvigation Ranging) that, as radars and
laser scanners, works by emitting pulses and analyzing the reflected signal; however,
they use the propagation of the sound instead of that of electromagnetic waves, with
a frequency which is higher than that audible to the human ear. Their field of use is
limited to specific situations such as parking assistance, due to the slower propagation

of sound which makes their signal not timely enough for critical applications.
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1.3 Self-driving tasks

The entire problem of autonomous navigation can be disentangled in several different
subproblems, each of them requiring a dedicated approach and proper tools to be
solved; a simplified pipeline is shown in Figure 1.1, but some of the tasks may be
unnecessary or additional subtasks may be required depending on the design of the

system.

SENSORS
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Figure 1.1: Pipeline of subtasks which constitutes the full autonomous navigation

problem

1.3.1 Detection

Detection, or perception, aims at extracting all the useful information from the latest
output of the sensors, for both obstacle detections and navigation. One of the goal
of detection is to recognize and localize other road occupants, such as cars and
pedestrians, and environmental features, such as lane markings, traffic signs and curbs.
Moreover, high-level information of crucial importance may be also deduced: free-
space detection, namely the detection of space in which is possible to navigate, and

the identification of lane-centers of the road, are two important examples.

1.3.2 Tracking

Tracking deals with grouping together those detections of different time intervals

which belong to the same object, so that the trace followed by an object can be fully
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reconstructed. This permits to highlight which obstacles are moving and which are
static, making it possible to infer their future positions.

Tracking gives also an additional benefit: past motions of an object can be used to
refine those detections which are not correct, because of either imperfections on the
perception system or occlusions in the detections; similarly, false positive detections

which have no correlation with the past may be excluded.

1.3.3 Prediction

Once the past positions of an obstacle are known, the next step can be nothing else
than predict its future positions. In fact, knowing where all the other road users will be
in the future gives the possibility of planning a safe path which avoids collisions and
dangerous situations. However, perfect prediction of future poses is not possible, since
human moves generally in a non-deterministic manner: for this reason, it is necessary
to take into account uncertainties on the estimations.

There are works in the literature that goes further the simple estimation of future
position of cars or pedestrian based on the past history, and try also to infer the
intention of people by looking at high level features such as their gaze directions
([34]), hand gestures ([35]) or mutual relations ([36]).

1.3.4 Localization

The aim of localization is to estimate the position of the vehicle within few centimeters,
that is less than what Global Navigation Satellite Systems could give. For this reason,
specific algorithms need to be implemented to flank GNSS, which may use both
detected features of the environment and odometry information coming from inertial
navigation systems.

An important aid to the task can be given by high definition maps (HD maps),
which are maps that include not only the topology of the road network, but also
additional precise information like the position of lane boundaries, curbs, traffic signs
and landmarks, which can be matched to the information coming from the perception

system for triangulating the position of the vehicle. The use of HD maps is very
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attractive, since makes the localization problem more tractable; however, it poses
additional challenges and limitations: recording this kind of maps is an heavy task
since they need to be constantly updated to follow environment changes; moreover,
a vehicle strongly dependent on precise mapping will not be able to navigate in

unmapped environments.

1.3.5 Planning

The goal of a planner is to design a path made of the desired positions of the vehicle
at future time instants such that the proposed trajectory will be feasible and avoids
collision or road rules violations. The output of the planner strongly depends on the
estimations coming from the precedent modules: a good prediction on the position of
the other road occupants is essential, and its uncertainty has to be taken into account so
that the risk of undesired situation is minimized; at the same time, a precise localization
inside the environment is fundamental for a safe navigation.

Implicitly or explicitly, the planner must to take into account the sequence of the
high-level maneuvers that the vehicle has to follow, such as lane changes, overtakings

or insertions on intersections.

1.3.6 Control

The purpose of the control phase is to translate the desired set points coming from
the planner to commands for the actuators controlling the vehicle, that are those
controlling acceleration, breaking and steering angle. A good controller will provide a
smooth and comfortable driving in ordinary situation, as well as rapid and efficient

commands when a danger occurs.

1.4 Approaches to self-driving

As previously said, the tasks needed to be solved in order to develop an efficient
autonomous vehicle are well defined. Despite this, the possible approaches that can be

followed to tackle them may be very different.
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1.4.1 Traditional stack

The traditional approach consists on developing separately the modules which solve
each different task, whose output are then linked together in order to form a pipeline
like the one shown in Figure 1.1. Each module is trained independently from the
others, so that a specific objective is optimized; possibly, each of them would be
developed by a different group of people specialized in that precise task.

When adopting this approach, the output of the full system is explicable, since
allf the intermediate outputs can be analyzed and errors easily detected. However,
having independent modules means that a mistake of a single module is sufficient for
causing problems on the final output, because each module is allowed to have as input
only the output of the precedent one; for the same reason, a win-in-one module does
not necessary translate to a win-in-overall performance. Moreover, having different
objectives makes uncertainties difficult to propagate, making difficult to evaluate the
final output of the system.

A further drawback is the resource efficiency: indeed, computation is not shared
between modules, making the full system generally heavy to run. Finally, additional
work may be needed when the different modules will be put together in order to let
adjacent blocks communicate successfully.

1.4.2 End-to-end learning

A completely different approach is end-to-end learning, in which a unique system is
responsible for all the tasks as a whole. Ideally, this module learns a perfect mapping
between the raw sensor input and the control outputs of the vehicle by applying
gradient-based learning to a dataset containing expert demonstration.

The module is generally represented by a neural network, so that the best features
for the task are automatically learned. The first appearance of a solution of this
kind dates back to 1989 ([13]), while a recent leap forward was shown by NVIDIA
([37]). This approach is very tempting, since it reduces the problem of solving all
the navigation tasks to the single problem of collecting a good dataset. Moreover,

a system of this kind would be extremely time-efficient, since the time needed to
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compute commands for the vehicle will be only those required for a forward pass of a
neural network.

However, there are two main issues which affect the end-to-end approach. Firstly,
its performances are strictly related to the goodness of the dataset, and it would
strongly deteriorate in situations which are outside the training demonstrations: even if
the dataset would seem very large and varied, it is not possible to store all the possible
corner cases which may be encountered while driving, and additional efforts would
be require for tackling the generalization capabilities of the system. Secondly, the
output will be not explicable, since there are not intermediate output which helps
on understanding how the system reasoned for compute that precise output. This
introduces challenges on understanding what went wrong, bringing difficulties on

estimating the uncertainties and guaranteeing the safety of the system.

1.4.3 Interpretable end-to-end learning

Recently, an hybrid approach has been proposed in order to combine the advantages
of the end-to-end approach and the interpretability of the traditional stack ([38]). This
method aims at building an holistic model able to solve several of the tasks needed
for the autonomous navigation by learning from complete human trajectories with
annotated ground truth examples for each task, so that intermediate outputs can be
provided and used for the computation of the loss function which has to be minimized.
This way, the full stack can be trained from representation in one single pass and still
its decisions can be understood by analyzing the output of each subtask.

The idea is that all the components of the model will be optimized for reaching the
final goal instead of maximizing their isolated performances; as example, the detection
phase may give more importance to detect close vehicles which are interpreted as
crucial for a safe navigation. This is in contrast with traditional accuracy metrics used
for systems dedicated to obstacle detections which give equal importance to every
vehicle independently from the global task.






Chapter 2

Deep Reinforcement Learning

As the name suggests, Deep Reinforcement Learning is the fusion of two broad areas
of Machine Learning, namely the well-studied Reinforcement Learning Theory with
the new achievements in the Deep Learning for function approximation.

In this chapter, both these topics are introduced in their guidelines, so that the
specific themes of this thesis can be better understood. However, I let to dedicated
books (such as [39] and [40]) the goal of clarifying all the aspects of these very

interesting subjects.

2.1 Machine learning

Machine learning is a subfield of artificial intelligence in which knowledge is acquired
through data, observations and active interaction with the world; the goal is to use
this knowledge to interpret correctly new data, namely to generalize, so that what
it has been learned from data can be successfully deployed in new situations. The
objective of a machine learning algorithm can be of different types, but the majority
of the models can be seen as regressors or classificators.

In regression, the goal is to unveil the relationship among different variables:
generally speaking, the interest is the estimation of the value of a subset of the

variables dependently on that of the others, which constitute the input of the system.
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Thus, regression output is typically continuous and not restricted to predetermined
values. An example of this kind could be the prediction of the amount of rain that will
fall tomorrow by using satellite information about cloud placement and type. Similarly,
a regression problem related to this work is determining the acceleration and steering
values of a car in order to avoid accidents, giving the position of the other cars and the
point that has to be reached.

Classification, on the other hand, aims at identifying which category is described
by the input values. Contrarily to regression, the cardinality of the categories is finite,
and there should be examples in the training set for each one of them. Instead of
estimating the amount of rain that will fall tomorrow, the goal of the classifier would
be to predict if it will be a rainy rather than a sunny day. Similarly, in an autonomous
vehicle the job of a classifier could be to tell to the planner when beginning to cross

an intersection rather than waiting for another car to pass.

2.1.1 Type of learning

Depending on the type of task and the data at disposal, different classes of learning
algorithms can be used.

Supervised learning

In the supervised learning setting, the available data are pairs of observations and
labels, where observations are sample of the input variables and labels are the expected
output related to the observations. In a regression problem labels would represent
the value of the set of variables to be estimated, while in a classification task would
be the index of the category of the input. Intuitively, the larger the dataset, the more
robust the system will be; unfortunately, large enough dataset are often impossible or
very expensive to collect. One of the solutions, as will be explained more in detail
throughout this thesis, is the use of simulators which try to mimic real world data
synthetically.

Other means to extend the dataset are using the so called semi-supervision or

weak supervision: in the semi-supervised scenario, the observation-label pairs are



2.2. Reinforcement Learning Theory 27

accompanied by unlabeled observations which are used to extract more information
and possibly improve the learning efficiency; weak supervision, instead, is the use of
low-quality training data, which can be imprecise or noisy, but much more efficient to

collect, as in the case of data labeled by heuristic rules instead of by hand.

Unsupervised learning

Contrarily to supervised learning, in the unsupervised setting no labels are provided
for the observations: instead of learning a mapping between input and output, the
model objective is to find hidden structures in the data. Clustering algorithms, such as

K-Means, fall into this category.

Reinforcement learning

Reinforcement learning, as better explained in the next section, stays in between
the unsupervised and supervised scenarios: while there is not a specific label for the
observations, it is available a feedback signal that is correlated with the output given
by the system, which in this case are the actions taken from an agent interacting with
an environment. This signal can be the result of several actions, some of which could
have been taken even way back in the past but can still be used to learn a mapping

between observations and optimal actions.

2.2 Reinforcement Learning Theory

Human beings does not learn to accomplish tasks by receiving constant feedbacks for
their actions by some experts; little infants even does not have a well defined language
to communicate with their parents. Nonetheless, they learn to crawl and to waves
their arms; children learn to play sports and to whistle just following their senses and
talents. Growing they learn to run bicycles, holding conversations and deepen their
skills, often without any trainer aside, for the rest of their lives.

What it drives them is the delight on seeing their desires come true: for the little

infant that would be reaching that beautiful toy 10 meters away or receiving food
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from its mum, a child will feel great when it become important for the team; some
people feel good when they reach outstanding careers or when they know how to make
people laugh. Of equal importance are the advices and suggestions received from the
others, especially if they are better than us or experts in that field; at the same time,
disappointments, failures and negative events are extremely useful to decide what to

do in the same circumstances in the future.

In all that situations, there is not a unique and absolute way of acting in order to
satisfy everyone’s dreams, and the same goals could be reached by different paths: as
example, a new language could be learn either by looking TV-series or by traveling
abroad. In a few words, we are driven by the interactions with the environment in

which we are leaving and by the effects that these interactions raise inside us.

The same idea underlies reinforcement learning, in which a learning agent is free
of taking actions inside an environment. The agent is not told which action is the best
or which it should be avoided, neither which are its effects. All it has is a numerical
reward signal which generally gives an idea about the goodness of the actions taken
until that time, like the feelings of the baby when he reach the toy or when a child
succeed on scoring a basket; this signal may also be an indicator of a bad ending of a
strategy, like the pain a child receive when she falls off the bike. Thus, the goal of a
reinforcement learning agent is to maximize the sum of future reward signals that it is

going to receive.

Now it is clear that, like in real life, the interaction with the environment is crucial
in this scenario. The action taken at a specific time instant may not lead to an immediate
reward, but still be fundamental to obtain good rewards in the future, since it will
modify the agent conditions or the environment itself. This setting brings to the two
main distinguishing features of reinforcement learning, namely the need of exploring
solutions with the risk of making mistakes, called trial-and-error search, and the fact
that the only supervision we have, the reward, may be available only in the future and
only in particular occurrences. This setting differs from supervised learning, in which
each sample of the dataset is a full descriptions of the situation, and its label tells
exactly what the agent should do in that. At the same time, reinforcement learning

does not match with what is called unsupervised learning: while it is true that there
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is no labels for the observations, there is still an indicator of the behavior coming
from the rewards; the goal indeed is to maximize them instead of discovering hidden

structures in the data.

The theory pills given in the following are written taking inspiration mainly from
the well-documented book from Richard Sutton and Andrew Barto called Reinforce-

ment Learning, an Introduction ([39]).

2.2.1 Exploration versus exploitation

As previously explained, in order to efficiently solve reinforcement learning problem it
is fundamental to be curious: trying unknown paths, even if they didn’t seem promising
and could lead to mistakes, may be the key for discovering the best solutions. This
because the goal is to maximize rewards in the long run, and sometimes this implies

to wait for the hen instead of taking the egg immediately.

Ideally, the optimal solution will be exactly found if all the possible paths were
previously tried (several times in case of stochastic tasks): indeed, it would be sufficient
to store the rewards obtained for each of them in a look-up-table and retrieve the one

which will lead to higher expected rewards.

However, apart from very simple problems, this strategy would be infeasible, since
the number of possible paths is tremendously high, if not infinite. For this reason it’s
important to focus the exploration toward areas that proved to be potentially good,
and avoid those which led to catastrophic results; this means that it is needed what is
generally called exploitation, namely the use of what the agent has already experienced

in the past in order to reach prolific configuration of the environment.

Now it is clear that a balance between exploration and exploitation is essential
to succeed in the task: pure exploitation will not unveil actions which are better than
expected, while pure exploration would be extremely inefficient. The right proportion

of this balance is a long-standing yet unresolved problem.
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Figure 2.1: Cycle of a Markov Decision Process: the agent take actions based on its
environment observations; as a consequence, it receives a reward signals and the new

environment configuration

2.2.2 Markov Decision Processes

The sequential decision problem tackled by reinforcement learning algorithms, in
which the task is to learn by interaction how to achieve a goal, can be generally for-
malized as a Markov Decision Process (MDP, [41]). In this mathematical framework,
the decision maker, which is called the agent, takes actions inside an environment,
which comprises everything outside itself. This interaction can be viewed as a cycle, as
shown in Figure 2.1: the agent executes an action chosen by looking at the environment
(or part of it in case of partially observable MDPs), and it will possibly receive a
numerical feedback that we already called reward. Then, a new round can start, in
which the agent will interact with the new configuration of the environment, which

could have been modified by the action of the agent or its own natural evolution.

Going mathematically, the action «,, taken at time ¢, is drawn from the range
of action A, which could be either discrete or continuous; the agent chooses a, by
receiving an observation, eventually partial, of the configuration of the environment at

that time, namely its state, referred to as s;, which is part of the set of possible states S.
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The subsequent time step, potentially as a consequence of the action taken, the agent
receives the reward ;1 and finds itself in the new state ;1.

An MDP, to be such, has to be memory-less and so guaranteeing the validity
of the so called Markov property: namely the next state of the environment has to
be dependent only on the current state and the action taken from the agent, that is
st+1 = f(s1,a,). Goal of the agent is to maximize the expectation of a function of its

future rewards, the expected return, which in its basic form is defined as:

T
Ri=rqi+rtrast.+tr= Y n (2.1)
k=t+1

where T is the final time step which ends the trial of the process, either because
the goal is reached or a terminal event happened. However, that definition makes
sense only when the learning process is divided into episodes of finite length, namely
episodic tasks; indeed, reinforcement learning can be applied also to continuing tasks
which does not break into episodes, such as the control of a power plant or a robot
throughout its life. In continuing tasks, the value of equation 2.1 could be unbounded,
since T would be infinite; for this reason, it is generally used the expected discounted
return, which aims at regulating the importance of future rewards in the current time

step:

T

Ri=ri+Yra+Vrat..+7Y =Y ¥ in (2.2)
k=t+1

where 7 is called discount rate and its value is between 0 and 1. If y is close to 0
the agent will be mainly interested on maximizing immediate rewards, while, if y is
close to 1, the agents will increase its concern on rewards far in the future. Discounting,
besides permitting to tune the agent concerning for the future, makes the reward finite

even in continuing tasks; in fact, considering a constant reward of +1 at every step:

oo oo

R=Y erk:Z%rk:;V:ﬁ (2.3)

k=t+1 k=0 Y

which is a finite value when 7y is smaller than 1.
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The agent chooses its action following what it is called its policy, which simply
is a mapping between states and actions. The policy can be either deterministic, in
which every state is associated to a specific action, or stochastic, where the mapping
is between states and action probabilities (or probability densities in the continuous-

action case).

2.2.3 Value functions

An important role in reinforcement learning is played by the value functions, which
are functions intended to tell the goodness of states and actions when the agent follows
a specific policy. Calling 7(als) the probability of taking action a in given the state s,
the state-value function (2.4) of m gives the expected return when, starting from state

s, the policy 7 is followed:

Ve(s:) = E(R;|s;) 2.4)

The state-value function permits to rank policies: we can say that policy 7; is
better than m if Vi, (s) > Vg, (s) for every s; for this reason we call optimal policy
the policy that is better or equal to all other policies, namely the policy 7* for which
Vi (s) = maxz{Vz(s)} for every s.

Similarly, the action-value function (2.5) gives the expected return when the agent

follows the policy 7 after having taken action a in state s:

Q?T(Staat) = E(Rt|st7at) (2.5)

The difference is that the action-value function gives the expected return for every
possible actions taken in s, while the value function is a property of the state itself. This
means that if the optimal action-value function Q-+, that is the action-value function of
the optimal policy, would be known, it would be possible to follow the optimal policy
simply by taking action @, = max,eca{Qx (s,a) }. Trying to estimate this function is
the goal of those algorithms which fall under the category of action-value methods, as

it will be explained in sections 2.2.6 and 2.2.7.
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An useful tool for estimating the value functions are the so called Bellman equa-
tions, which permit to describe the value of a state (or a state-action pair) iteratively in
terms of the value of its successor states (or state-action pairs). The Bellman equation

for the state-value says:

Va(s)) = E(R; ’St) =E, (r1) + YEa 150 (Va(sit1)) (2.6)

Similar considerations bring to the Bellman action value function:

Qn’(st‘at) = E(Rt|st7at) = E(”H—l) + YESM (Qn(SH-l ’at+1)) 2.7

2.2.4 Model-based versus model-free

Equations 2.6 and 2.7 average over the probability distributions of the immediate
reward r,; and the future state s, ;. If those distributions, which are called the model
of the environment, would be known to the agent, it would be possible to find the
optimal policy exactly, since the problem would assume a closed form.

Nonetheless, the cardinality of the state space typically makes this closed form
evaluation computationally infeasible; for this reason, iterative methods based on
dynamic programming are more suitable in these situations.

However, in the majority of cases the dynamics of the environment completely
unknown to the agent, and different approaches have to be considered. In model-based
reinforcement learning, the model is explicitly learned by the agent by observing the
effects of its actions to the environment. One of the advantages of this approach is the
possibility to inject prior knowledge of these dynamics inside the model and exploit
more extensively the experience of the agent; this translates into an increased sample
efficiency of the solution, that means diminishing the number of trial-and-error search
which the agent has to perform before reaching a satisfactory policy.

Another approach is the model-free reinforcement learning, in which the agent
does not take into account explicitly how the environment will evolve and it learns

directly to predict the best actions given a state of the environment; this does not mean
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that the agent would be unaware of the effects of its actions, since the environment
dynamics are implicitly considered on the policy it is optimizing.

While model-based learning is more sample-efficient, it is also more computation-
ally demanding, due to an larger state space which includes also the to-be-learned
dynamics. Since in this research it has been developed a simulator where agents can
be trained and able to generate large quantities of data, the focus has been directed
toward model-free approaches which guarantee higher computational efficiency.

2.2.5 On-policy versus off-policy methods

As discussed in subsection 2.2.1, the agent needs to make mistakes in order to discover
better policies: indeed it is trying to learn the optimal policy while continuing to
explore new strategies, meaning that sometimes the action taken is not what it expects
to be the optimal one.

On-policy approaches tackle this issue by letting the agent exploit its current
knowledge most of the time (exploitation), while in the remaining part it selects actions
which are not thought as the best actions (exploration); the agent is continuously
updating its policy, which needs to be followed in order to evaluate directly its results.
This means that the agent is learning action values not for the optimal policy, but
rather for a near-optimal policy that still explores. Several strategies can be used to
select exploring actions: the simpler one is called € — greedy, and it consists on acting
greedily in the (1 — €)% of the cases while sampling actions randomly with equal
probability in the remaining €%; other techniques, such as upper confidence bound
(UCB, [42]) action selection, gives different priority to actions based on their expected
values and related uncertainties.

Since the agent has to exploit its current knowledge, on-policy methods have to be
applied online, making it not possible to learn from a recorded set of state-action pairs
obtained following a different policy from the one which is currently updated.

Off-policy methods follow a different path: in this approach, behavioral and target
policies can be different, since the experience obtained by the behavioral policy are
translated into updates for the optimal policy estimation; this way the agent is learning

the target policy while following a more exploratory one. Since the two policies does
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not match, off-policy methods tends to have greater variance and slower convergence
rate; moreover, they generally need additional precaution such as importance sampling
([43]) or deterministic target policies ([44]).

However, off-policies approaches learn directly the true optimal policy and give
the freedom of learning offline, as from human experts or recorded data in which it

was not possible to influence the behavioral policy.

2.2.6 Monte Carlo methods

Monte Carlo methods is a family of algorithms for solving reinforcement learning
problems which is based on averaging the returns obtained by the agent in order to
estimate the value functions, which permit to predict future returns and estimating the
best actions. Since returns are needed to update the estimation, this type of approach
is valid only for episodic tasks, namely all episodes have to eventually terminate at
some point. Once the terminal state is reached and all the rewards obtained throughout
the episode are stored, it is possible to update the estimation of the value functions in
all the visited states.

An example of on-policy Monte Carlo algorithm is shown in Algorithm 1, in
which the policy being optimized is of type € — greedy. In this approach, the credit
of large rewards obtained during the episode is spread across all the actions taken
from that time until the beginning of the episode; this means that this method is
somehow more suitable for environments where many actions contribute to the goal
achievement, such as problems with inertia in which is needed a repeated sequence
of similar actions (e.g. the control of the water flow of a dam) instead of problems in

which a precise action, or a short set of actions, is required at some point.

2.2.7 Temporal-difference learning

Temporal-difference (TD) learning algorithms, unlike Monte Carlo ones, are not forced
to wait the end of the episode before updating the estimation of value functions. Indeed,
instead of using the true final returns, they use estimated values of future states together

with recent obtained rewards as a ‘fresher’ estimation of the optimal value functions.
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Algorithm 1 On-policy Monte Carlo algorithm using € — greedy policy

1: initialize discount factor y

2: initialize € — greedy policy 7(a,s)

3: initialize action value function Q(s,a) forall s € S, a € A

4: initialize returns(s,a) as a empty list

5: for every episode lasting from ¢t =0 to T do

6:  behave following 7 generating sequence: (so,do,71), ..., (ST—1,ar—1,7T)
7: R=0

8: fort=T-1,T—2,..0 do

9: R =17y-R+r41 {with y discount factor}
10: append R to returns(s;,a,)
11: set Q(s;,a,) as the arithmetic mean of returns(s;,a;)
12: a* = argmax,{Q(s;,a)}
13: for every action a do
» T(s0,a) = l—e+¢/|A| ifa=a*

e/|A| ifa#a*

15: end for

16:  end for
17: end for
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This technique of learning ‘a guess from a guess’ is called bootstrapping.

It is believed that for several real-world problems, temporal difference methods re-
quire less memory and computation complexity and produce more accurate prediction
than Monte Carlo methods ([45]).

Since real rewards are needed only for the immediate future, this approach is
perfectly suitable for continuing task which does not have a terminal state. Algorithm 2
shows the pseudo-code for Q-learning ([46]), an off policy TD-learning algorithm
which uses the estimation of the action-value function of the immediate subsequent

state and the reward obtained in order to update the action-value of the present state.

Algorithm 2 Off-policy TD-learning algorithm (Q-Learning)

1: initialize discount factor y and learning rate o

2: initialize desired behavioral policy 7, (a, s)

3: initialize action value function Q(s,a) forall s € S, a € A
4: for every episode do

5:  get initial state s

6:  repeat

7: for each step of the episode

8: execute action d drawn from 7, (a, s)

9: get reward 7, state §
10: O(s,a) = Q(s,a)+ o - [P+ v-max, Q(§,a) — O(s,a)]
11: s=4§

12:  until §is terminal
13: end for

In this solution, the effects (namely, the reward) of each single action will be
directly associated to it, since it involves the comparison between the expected rewards
before and after this same action: this means that, in contrast to Monte Carlo learning,
short term dynamics will be ideally learned faster (e.g. finding which one out of a
set of levers gives higher reward). At the same time, Q-learning would struggle if the
reward of a specific action is delayed in time: in fact, all the intermediates state-action

pairs have to be updated before that the value of the action which really caused that
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reward would be affected.

It might be possible that neither Monte Carlo Learning nor Q-Learning matches
well with the dynamics of a particular task. In order to span between these two
extremes it is sufficient to augment the bootstrapping interval, leading to the so called

n-step methods, as the one that will be shown in Algorithm 3.

2.2.8 Policy gradient methods

Both Monte Carlo and TD-learning methods estimate the value functions, which are
then used for the action selection, that is for shaping their policies. Policy gradient
methods, instead, learn directly a parametrized policy, which does not need to take
into account the value functions to be used.

This approach may give advantages in some peculiar situations. In fact, when the
action space is continuous, using the action-value function as a guide for the policy
requires an optimization over a continuous function at every time step, which is likely
to be very inefficient. Moreover, maximizing the action-value function would not be
optimal also in those cases in which the best policy is stochastic: it would be very easy
to win at rock-paper-scissors against a deterministic opponent after few matches...

The simplest example of a policy gradient algorithm is Reinforce ([47]), an on-
policy algorithm in which the parameters of the policy are updated so that probabilities
of actions that yielded a better return at the end of an episode are increased with
respect to the lower-return actions. Parameterizing the optimal policy 7*(a|s) with a

function 7 (als, 0), the updates are:

Veﬂ:(at’Sh 9)

61 =64+ -R;-
t+1  + t ﬂ(at|st, 9)

(2.8)

The equation states that each increment takes the direction of the gradient of the
policy in the parameter space, which corresponds to the direction that most increases
the probability of the action taken (a;) in the visited state (s;), and is proportional to
the obtained return. At the same time, it is normalized by the action probability, in
order to avoid the risk that actions which are selected more frequently win out even if

they do not yield the best return.
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2.2.9 Actor-Critic methods

Between action-value methods, which build the optimal policy upon value functions
as in case of Monte Carlo or TD-learning, and policy methods, which directly estimate
the optimal policy, there is a class of algorithms called actor-critic.

In this approach, the policy is still directly optimized and does not depend on the
value functions, as in policy gradient methods; however also the state-value function
are estimated, so that a double benefit is obtained: firstly it helps in reducing the
variance of the updates ([48]); furthermore, it permits bootstrapping, thus allowing the
use of TD-learning techniques for the estimation of the expected return as well as the
use of this methods in continuing tasks.

In the on-policy version called Advantage Actor-Critic, instead of using the return
R, as in case of Reinforce, the probability of actions is modulate with the Advantage,
which is an estimation of the benefits obtained following the executed actions with

respect to the reward that it would have been obtained following the current policy:
Ap=ri+ Y+ + Y 1 (546, 0") — v(s1,6") (2.9)

where b is the number of obtained rewards taken into account before bootstrapping.
Calling the parameterized policy 7(als,0%) and state-value function v(s,6"), the

updates of these two functions can now be defined as:

Venﬂ'(atlst, 9”)

=040 -Ap-
t+1 t + T b n(at|St707r)

=0+ ag-Ap-Verlogm(as|s;,0") (2.10)

' =6+, -Ap- Vo (s;,0") @.11)

in which the first one is the direct evolution of Equation 2.8 and the second
one simply updates the parameters of the state-value function estimation so that the
advantage converges toward zero.

Algorithm 3 shows a n-step Advantage Actor Critic algorithm, in which both long
and short-term bootstrapping happens: every n time steps (or whenever a terminal

state is reached) a sequence of updates like those in Equations (2.10) and (2.11) take
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place, one for each time step. In every update all the available subsequent rewards are

used to compute a more precise estimation of the value of the current state.

Algorithm 3 n-step Advantage Actor Critic

1:

—_
— O

._
»

13:
14:
15:
16:
17:
18:
19:
20:
21:
22:

D AN AN R

initialize parameters 6, of m(als, 6x)

initialize parameters 6, of V (als, 6,)
t+1
while [earning is active do
get sy
Hast_up =1
while 7 —1,,4 4, <nand s, is not terminal do
execute action a, drawn from 7(als, 0)
get reward ry, state s
1141
end while
R 0 if s; is terminal
V(s;,6,) otherwise
Ar=0,A,=0
for ic{r—1,..,t —ti54 4p} do
R=r;+7R
Ar = Ar+ Vo {logn(ailsi, 0xz) }[R—V (si,0,)]
A, =A,+ Vo {R—V(s:,6,)%}
end for
get 0z, o, from the optimization algorithm
Or =0+ 0y - Ag
6, =06,+a-A,
end while
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2.3 Deep learning

Machine learning algorithms, as explained at the beginning of this chapter, aim at
extracting knowledge from raw data, so that it can be used to interpret correctly new
data. This knowledge, or representation, is encoded in pieces of information called
features. For example, a machine learning algorithm can be used to decide where to
build a new hospital in a city, in which the features describing the scenario may be the
position of the other hospitals, the inhabitants of every district and its densities.

However, finding the features needed to accomplish a task might be an hard job: for
some problems, like pedestrian recognition, years of work of the scientific community
was needed to shape good enough features. Let’s think to the task concerning the
classification of images, e.g. recognizing if a picture contains a monkey or not. This
task is very easy for humans, but the election of features useful for a computer to solve
the problem is very challenging: monkeys may have different breeds and dimension,
while the picture may be taken in a zoo or in the jungle.

Representation learning is a set of methods used to solve this problem by designing
the algorithm to learn by itself which are the most relevant features for accomplishing
its task. Deep learning methods, more specifically, build this representation in terms of
other simpler representations using architectures called neural networks, due to their
partial adherence to the human brain principles. The term ‘deep’ comes from the fact
that these architectures are composed by a sequence of layers, each one transforming
its input into a higher level representation, such that it becomes possible to learn
complex functions ([49]).

A layer is made of many neurons: each neuron takes as input a portion of the
signals (i) coming from the preceding layer, and applies a transformation which in the

simplest form is of the type:
l=a-i+b (2.12)

where a and b are the vector of weights and bias value respectively, and are the
parameters that have to be learned in order to describe the desired function which
gives the neuron scalar output /.

However, if layers of neural networks would execute simple linear transformations,
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their concatenation, no matter how long, would lead to an overall linear function,
which would be of limited usefulness. For this reason, neurons contain an additional
component that has to be applied to their linear output, that is the activation function
(af), whose aim is to determine the degree of activation of that neuron, making the
final output of the type:

o=af(a-i+b) (2.13)

Different types of functions can be used as activation function, with the only
required feature of containing a non-linearity; this way, a cascade of non-linear layers,
even if simple taken singularly, has the power of describing non-linear functions with
almost arbitrary complexity.

Some of the most used activation functions are:

* Sigmoid, defined as S(x) = ﬁ

* Hyperbolic tangent, defined as tanh(x) = (IT{ZX) —1=2-sigmoid(2x) — 1

* Rectified Linear Unit, defined as ReLU(x) = max(0,x)

Another constraint for the activation functions and the layers of a neural network
is that they have to be differentiable', in order to permit the use of the technique called
backpropagation ([50]), which is the essence of the automatic learning of the weights
of a neural network.

Indeed, being the layers of a network deterministic and differentiable, it is possible
to compute the partial derivatives of the loss function with respect to each parameter,
allowing the application of a gradient-descent approaches for their update.

The term “backpropagation” comes from the way derivatives are computed, that is
in a backward propagating sweep through the layers of the neural network, in which
the partial derivatives of the loss function respect to the weights of a layer are defined
in terms of the derivative of the loss respect the input of the subsequent layer; this
corresponds to an opposite order respect to the one followed for the inference, which

is from the input towards the final output.

ISometimes, as in case of the ReLU, activation functions may be non-differentiable; however, things

still work since the non-differentiability is restricted in few specific points.
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Figure 2.2: Outline of a fully-connected layer: every neuron is a linear transformation
of all the inputs, to which is then applied the non-linearity (in this case a sigmoid
function)

to compute the final output

Different input patterns given to the neurons, together with their internal disposi-
tion, give origin to different types of layers, each one specialized for a specific task.
The two architectures used in the development fo this project are the fully-connected

and convolutional layers, and will be explained briefly in the following.

2.3.1 Fully-connected layers

Fully-connected layers, as their name suggests, are layers in which neurons take in
input all the output signals of the preceding layer. This type of layer is expensive in
terms of the amount of parameters needed; indeed each neuron will have one weight
for each neuron of the precedent output.

A layer of this kind is used when the output of a neuron has to be dependent on
the totality of the layer input: for example, a layer of this kind is typically used as the
last layer of a neural network which output the probabilities of a set of actions: indeed,
each neuron will output a probability for a specific action, and all the neurons have to

take into account all (and the same) output of the precedent layer.
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2.3.2 Convolutional layers

Convolutional layers were thought specifically for processing images, while are also a
valid choice in those cases where the input to the network features some spatial pattern
to be decoded, like speech recognition or time-series data.

In fact, this architecture was biologically inspired and the connectivity pattern
among neurons resembles that of animal visual cortex, in which single neurons respond
to stimuli coming from a small region of the visual field called receptive field.

For this reason, in contrast to fully-connected layers that perform general matrix
multiplications, convolutional layers are made of a sequence of fixed size patterns,
generally called filters, which are scrolled in a convolutional manner over the set of
input images, so that a new set, possibly with different image dimensions and set
cardinality, is produced.

What has to be learned in this case, are the values of each element of the filters:
since their dimension is independent to the image dimensions, thanks to the convolu-
tional operation, the number of parameter needed for these layers is generally several
order of magnitude lower. For example, if 64 filters of size 5x5 are used to process an
input made of 16 images having dimensions 100x100, the number of parameters of
this layer would be equal to:

num_filters x (filter_dims + bias) = 64-(5-5-16+ 1) = 25664 (2.14)

while, for a fully-connected layer featuring the same input and output sizes, this would
be:

(num_in + bias) * num_out = (100% - 16+ 1) - (100* - 64) = 102,4-10°  (2.15)

In addition to the parameter-efficiency, convolutional layers have also the capa-
bility of being translation invariant: indeed, a learned filter will be able to recognize
patterns independently on their positions in the image, further increasing the learning
scalability.

When one or more layers of a neural network are convolutional layers, the network
architecture is called Convolutional Neural Network (CNN). CNNs are generally
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Figure 2.3: Outline of a convolutional layer: in this case a 3-channel input image is
processed by a filter of dimension 2x2, producing a feature map as output. The output

image will have as many channels as the number of filters being used

structured in a pyramidal shape, with the initial input dimensions shrinking from one
layer to the other. The input-dimensions reduction is possible thanks to the use of
stride and max-pooling layers. Stride controls the scrolling step-size of the filters
around the input volume: a value for the stride higher than one means that some
positions in which the convolution can take place are skipped.

A max-pooling layer consists on down-sampling the input volume by selecting
only the maximum out of each restricted region of the input; typically this is done for
each 2x2 blocks of every feature map, resulting on a scaling factor of 2. This layer,
besides reducing the input dimensions, gives also invariance to local translation, since
small shifts on the input features will result in the same feature map as output.

An example of a simple CNN is shown in Figure 2.4.

2.4 The flourish of deep reinforcement learning

Reinforcement learning, as previously seen, requires the computation of either a value

function, or a policy, sometimes both. Apart from well-structured simple cases, it is
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Figure 2.4: Scheme of a simple Convolutional Neural Network which takes as input a
3-channel image and output the probability associated to three different classes. The
network features 2 convolutional layers, each one followed by a max-pooling layer,

and a final fully-connected layer that computes the score for each class

not possible to reach an exact representation of the optimal functions, due to the curse
of dimensionality: very large state space dimensions are rapidly reached, and learning
would become prohibitively slow. For example, the ancient game of GO, which is
played in a chess-like grid having dimensions 19x19, features a state-space complexity
of 10'2°, which is more than the total number of atoms in the universe. It is obvious
that tabular methods as the ones shown in Algorithms 1 and 2 cannot be applied in
such cases. Indeed, in such large state spaces is not possible to visit every single state,
indeed it becomes essential the capability of generalizing what was previously learned
to unseen states.

In order to reach this goal becomes necessary the use of function approximators
for learning sub-optimal but more compact representations of the optimal functions
that have to be learned: several approximators were initially used for this purpose
such as tile coding ([51]), decision trees ([52]), locally weighted regression ([53]) and
radial basis functions ([54]). Besides, in order to flee the need of hand-design features,

the idea of using neural networks as function approximators seems trivial.
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However, until few years ago, the fusion of reinforcement learning and deep
learning was limited to few simple cases (e.g the Tower of Hanoi or pole balancing
problems as in [55]): this was mainly due to the complications arising from training
neural networks with limited computational resources and, more importantly, from
the difficulties of making their weights converge. Indeed, delayed rewards and not
independent and identically distributed data afflicted badly the learning procedure.

Things changed recently, when authors of [56] have been able to train a neural
network in order to play several ATARI 2600 games at human level and beyond. The
crucial factor was the introduction of the experience replay, a mechanism consisting on
continuously storing a large amount of past experiences made of tuples (s;, 541, 77,a;):
during the learning phase, instead of using fresh data, off-policy learning was computed
on a batch of past experiences randomly sampled from the experience replay buffer’;
this way, the updates came from a distribution which gets closer to i.i.d. data, helping
the convergence of the parameters.

Since then, copious works flourished about the application of deep reinforcement
learning to new and more complicated tasks; in this work it has been developed a
novel version of the deep reinforcement learning algorithm called A3C.

2.5 Asynchronous Advantage Actor-Critic (A3C)

The use of experience replay, while powerful under some aspects, places some limi-
tations. First of all, storing all that data is expensive in terms of memory occupation.
More importantly, adopting the experience replay means using data which may have
been acquired long time before: if the environment dynamics are not static, its effi-
ciency would quickly decrease until becoming harmful, because updates would be
computed using obsolete experiences. The same problem arises, as explained in Sec-
tion 2.6, when using a deep reinforcement learning approach in a multi-agent scenario:
indeed, agents’ behaviors changes through time making the stored tuples out-of-date.

These limitations have been overcome in [57], where instead of using the ex-

perience replay, the uncorrelation between updates is increased by letting several

2The authors of [56] used a version of Q-Learning, which was shown in Algorithm 2
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independent agents run concurrently in different copies of the same environment
producing asynchronous updates.

In particular, the asynchronous variant of the Advantage Actor Critic algorithm
(which was explained in Section 2.2.9) involves the use of two different deep neural
networks, one for defining the agent policy (actor part), and the other for estimating
the value of states (critic part), both of which are simultaneously updated from all the
agents concurrently.

Indeed, every agent owns a local copy of the parameters of these shared networks,
and uses it for taking actions for a limited amount of time 7'; after 7', possibly
bootstrapping if a termination state is not reached, the updates of the policy and state
estimation networks are computed using Equations 2.10 and 2.11 and sent to the
shared global networks. In return, each agent updates its networks with the parameters
of the global networks, therefore adopting also the improvements which were already
sent to the global collector from the other agents, as shown in Figure 2.5a. Since each
agent is experiencing a different and independent environment configuration, their
updates are not correlated, thus augmenting the process stability.

Algorithm 4 shows the asynchronous variant of Advantage Actor-Critic which

was shown in Algorithm 3.

2.6 Multi-agent deep reinforcement learning

Until now we have considered reinforcement learning scenarios in which a single
agent has to deal with an environment, which has to be quasi-static so that the optimal
policy and/or value functions can be gradually learned. The agent is modeling itself,
the environment and the reciprocal interaction of these two components. Possibly,
other players are taking actions in the same environment, but they are considered
from the learning agent as a part of the environment; these are single-agent scenarios,
because only a unique agent is evolving its behavior.

In the same category fall all those problems containing more than one learning
agent but featuring a central controller that knows exactly the full global state; indeed,

the same system can be viewed as a single-agent problem in which the agent is made
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Algorithm 4 n-step Asynchronous Advantage Actor-Critic (A3C)

1: get nep, as the number of environment instances

2: initialize parameters 05 of 7(als, 0;)
3: initialize parameters 65 of V (als, 6,)
4: run n,,, environment instances
5: for environment e = {1,..,n.n,} do {execute concurrently until termination}
6: t+1
7. copy parameters 0% = 03
8:  copy parameters 6¢ = 65
9: A5 =0,A5=0
10:  while s, is not terminal do
11: get sy
12: Tiast_up =1
13: while ¢ —1,,4 4, <nand s; is not terminal do
14: execute action a, drawn from 7(a|s;, 05)
15: get reward r, state ;4|
16: t—t+1
17: end while
0 if 5, is terminal
18: R=
V(s;,6¢) otherwise
19: for ic{r—1,..,t—tiuy up} do
20: R=vri+yr
21: AG = A5 + Ve {logn(ailsi, 05) }[R—V (alsi, 6F)]
22: A¢ = AS+ Vo {R—V(als;, 6¢)}
23: end for
24: update 0; using A%
25: update 67 using A?

26:  end while
27: end for
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of several components to be controlled; an action taken from the central controller
can be decoded in several sub-actions, one for each component; this configuration is

called centralized.

In multi-agent systems, on the other hand, several agents are simultaneously
learning in the same world, modeling each other’s goal and actions. The presence
of multiple independent agents, all of which are constantly exploring then behaving
unpredictably, makes the environment dynamic and constantly changing from the
agent’s perspective, adding a further uncertainty to that inherent to the domain ([58]):
this means that the state is not dependent anymore only on its precedent state and the

action of the single agent, that is the state does not satisfy the Markov property.

For instance, let’s consider two agents, a and b, living on the same environment: a,
by taking action a¢ at time step ¢ based on policy 7(a?|s?), may modify the subsequent

state sf 1 of the agent b. Agent b, consequently, will react accordingly taking action

a
t+2°

for an agent means taking into account not only how the environment is affected by its

m(al,|s?, ), which may modify in turn s¢ ,. Therefore, learning the optimal policy
own actions, but also what mutual behaviors are induced to other agents. Systems of
these kind are called decentralized, and the agents independent learners.

In some multi-agent scenarios, agents may be aided in the task of understanding
each other intentions by the possibility of sharing information through communication
protocols. This information may travel by direct messages between agents or lay in a
shared memory storage publicly accessible, so that it can be used to maximize their
shared utility. In Reinforced Inter-Agent Learning (RIAL) ([59]), for example, each
agent uses a neural network to output both the Q-values (as in standard Q-learning
shown in Algorithm 2) and a message to communicate to other agents.

However, agents are not always endowed with communication capabilities and
sometimes a communication channel is not available: in these situations agents have
to learn how to infer the intentions of the others. Dependently on the nature of the task,
agents may evolve either competitive or cooperative behaviors, or a mixed approach
between these two.

In multi-agent problems, traditional single-agent algorithm may be used consider-

ing, from the agent’s perspective, the other players as part of the environment instead
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of a source of uncertainty coming from their evolving policies; at the same time the
extension of single-agent solutions to multi-agent scenarios has to be done cautiously,
since their underlying assumptions, the requirement of a Markovian state, will be
violated and there are no theoretical converging guarantees.

In spite of this, decentralized approaches of this kind have been used with satis-
fying results even when a centralized solutions would have been possible, leading
to a better computational efficiency thanks to an higher scalability. Indeed, even if
centralized approaches does not suffer from non-stationarity, their state space increases
exponentially with the number of agents and may become infeasible to process, while
decentralized approaches can maintain it confined.

In [60], some single-agent deep reinforcement learning algorithms, such as deep Q-
Learning, TRPO ([61]) and DDPG ([62]), have been extended to multi-agent domains,
highlighting some of the limitations which arose in the new setting. In particular,
the use of experience replay in multi-agent systems proved to be unreliable, due
to the incompatibility between the replay buffer and the non-stationarity of multi-
agent systems: indeed, the constantly changing policies of the agents make the stored
experiences out-of-date, jeopardizing the stability of the system?.

In order to dim this problem, an importance-sampling technique has been used
in [64] in order to weight differently new and old experiences. For the same purpose,
authors of [65] used a centralized approach during the learning phase, storing in the
replay buffer not only the action taken from each independent learner, but also the
actions of the others, making the learning process stationary: the replay buffer is
needed only at training time, and agents can behave independently during execution
time; this solution, called centralized learning with decentralized execution, requires
fully knowledge of the system in the training phase, thing that is not always available
and reduces the scalability of the system.

Asynchronous approaches, on the other hand, substitutes the use of the replay
buffer by multiplying the number of environments in which independent copies of the
same agent learn simultaneously; as a consequence, we believe that the extension of

this solution to multi-agent scenarios leads to an increased stability of the learning

3This was already known in 1992, as explained by Lin in [63]
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process. In this setting, agents are not independent anymore, but share the environment
with copies of other learning agents, making it possible to learn reciprocal interactions.

Agents might be of different types and have each one its own specific task: for
example, if the agents would be members of a firefighters team, there could be an
agent in charge of driving the fire track, an agent in charge of extinguishing the fire,
and another agent specialized in saving people trapped in hostile environments. In that
case, it is advisable to have each agent with its own structure designed optimally for
its own task; that is, having its own architecture and parameters indicating the policy
to follow. If this is the case, in each environment instance would be present a copy of
each agent typology as shown in Figure 2.5b. Algorithm 5 shows a basic multi-agent
version of the A3C algorithm for such scenarios.

Different is the case in which all agents are similar and have tasks of the same
typology, as in case of virtual cars of a traffic simulator, where all artificial drivers
have to behave following the same traffic rules and have comparable goals. In these
cases, it is possible to use a technique called parameter sharing, that is using the
same architecture and parameters for each and every agent. This way, the acquired
experience of every single agent is added up to that of the others in order to improve a
shared single policy, thus increasing the amount of training samples available to train
a single neural network ([66]).

This solution permits to scale up effectively to problem with a large number of
homogeneous agents without problems of memory occupation and time-efficiency
because the computational complexity is linear in the number of agents, but also
the amounts of exploration grows linearly. Dependently on the application, it may
be unnecessary to use several copies of the environment, since the diversity in the
agent experiences could arise from different copies of the same agent seeing different
observations of the same environment, as shown in Figure 2.5c.

Sharing parameters does not necessarily mean that agents behave in the same
way taking the same actions: indeed, even if they share a single policy, each agent is
receiving different observations of the environment, and it will behave accordingly to
a different situation.

Nevertheless, sharing the same policy poses some restrictions: even if agents will
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(b) Multi-agent setting with non-homogenous agents
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(c) Multi-agent setting with parameter sharing

Figure 2.5: Comparison between single and multi-agent A3C settings. Colored robots
are active agents learning in the environment copy E;, while gray robots are passive
agents. Each active agent owns a copy of the global network related to its category
x (x € A,B,C..), and it contributes to its evolution by updates U,i. In (a) learning
agents are independent from each other, while in (b) active agents belonging to
different category can sense each other, allowing them to learn how to interact. In (c)
homogeneous agents are sharing parameters inside the same environment instance,

contributing to the update of the same global network
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Algorithm 5 Multi-agent version of A3C with non-homogeneous agents

1: get n.,, as the number of environment instances

2: get [ as the set of different agent typologies
3: initialize parameters 85, of 7;(als, 0r,) for every agent typology i € I
4: initialize parameters 05 of V;(als; 6,,) for every agent typology i € I
5: run n,,, environment instances
6: for e ={1,..,n.} do
7. for i={1,..,|I|} do
8: create agent AY
9:  end for
10: end for
11: for every agent Af::{{lly’.'_'.’(;ﬁ”} do {executed concurrently until termination}
122 t+1
13:  copy parameters 67 = 65
14:  copy parameters 84 = 6
15 AM=0,A=0
16:  while s, is not terminal do
17: get s, {dependent on the (|I| — 1) agents of the same environment e}
18: Tiast_up =1
19: while 7 —1,,4 ,, <nand s, is not terminal do
20: execute action a, drawn from 7(als,, 62)
21: get reward ry, state s,41
22: t+t+1
23: end while
0 if s; is terminal
24: R =

V(s;,62) otherwise
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25: forall ic{r—1,..,1 —tiqq up} do

26: R=ri+yr

27: AL :A’,“r-l—Veé{logﬂ(ai]s,-,9,’?)}[R—V(a\s,-,9;4)}
28: A} = N} +Vga{R—V (alsi,0])}

29: end for

30: update 65, using A%

31: update 65 using A%

32:  end while

33: end for

behave accordingly to their unique observations, they will have the same personality:
different agents, in similar situations, will behave in the same way. This condition
may represent a problem in some applications: coming back to the traffic simulator
example, parameter sharing would lead to drivers with exactly the same driving style,
while we all know that every one has its own unique personality behind the wheel. If
the desire is to have a traffic simulator that mimics real-world situations, this solution
is not suitable anymore.

For this reason, in this work has been analyzed a novel approach in which
parameter-sharing agents can behave according to different styles by enriching the
observation of each agent with information devoted to tuning its behavior, as explained

in Section 3.4.






Chapter 3

Microscopic Traffic Simulation
using Multi-Agent Deep

Reinforcement Learning

3.1 Simulation in reinforcement learning

Deep Reinforcement Learning, as explained in Section 2, gathers very powerful
methods useful to solve sequential tasks without the need of supervision or annotated
data, generating agents capable of generalizing in high-dimensional state spaces.

However, in order to achieve good performances, a large amount of training
experience is needed. Indeed, agent’s intelligence consists on a neural network function
approximator, whose strength and weakness is the ability of automatically selecting
the features needed to understand the input data. I said strength because its outstanding
skills are due to the super-human capability of finding the best patterns to represent the
data, and I said weakness because many samples are needed to shape those features
correctly ([67]).

Moreover, the agent not only has to understand the input its receiving, as it
would be the case of a classifier module, but it has also to act properly once having

understood its environment. This means that the functions approximating the policy
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or the value functions has also to encode the behavior of the agent and the dynamics
of the environment.

This is possible thanks to a trial-and-error approach, which requires the agent
to explore many states and try different actions, in order to understand their effects.
It is clear that such brute-force solution requires many samples to discover efficient
policies.

Now the question is: how to get all this experience in real-life situations? Will the
task I have to solve allow it? Unfortunately often this is not the case; let’s think, as
example, to all those tasks involving a real robot learning to navigate: will the robot
be able to collect also negative-ending trajectories which may involve crashing? Or,
even more, if the robot has to navigate in an environment populated by humans, will
it be a danger for them? Nevertheless, even in case of controlled environments and
robust robots, the human work required to follow the robot throughout its learning
phase would be often out of reach.

For these reasons, frequently the only possible solution is the use of a synthetic
environment in which a model of the agent is free of taking actions repetitively with
no risks of getting damaged or being harmful. Moreover, this synthetic environment
may ran on computers and be extremely more time-efficient, making it possible to
acquire millions of trajectories in limited amount of time.

Several works addressed the problem of learning efficiently real-world tasks from
simulation. Initially, hybrid approaches were proposed for simple tasks using standard
reinforcement learning algorithms, using a combination of many synthetic trials and
few real world trials: for example, in [68] and [69] an approach of this kind was used
to command a robotic car using a low-dimensional state spaces consisting on agent
position, velocities and heading angles.

More recently, hybrid solutions were proposed also for deep reinforcement learn-
ing algorithms dedicated to high-dimensional input made of raw visual images, as
in [70] in which progressive nets' were used for learning a task in gradually more

difficult simulations, or in [72] in which real and synthetic examples are used together

IProgressive networks are explicitly designed for supporting the transfer across sequences of tasks by

leveraging prior knowledge via lateral connections to previously learned features ([71]).
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to reduce a cross-domain adaptation loss.

Furthermore, some works tried to learn real-world tasks using only synthetic
data, as in case of [73] in which a drone were taught to fly using camera images as
input, even if it had never seen a real image before. This was achieved by designing
a simulator with randomize textures, so that the agent could learn domain agnostic

actions.

3.2 Simulation in the self-driving domain

Learning navigation tasks as lane following in real scenarios using deep learning has
been tried since the *80s with ALVINN ([13]). More recently, thanks to development
in the field and increased computation capabilities, it has been achieved using raw
camera images as input ([37]). These works were learned in a supervised fashion: the
neural network was fed with examples of the task accomplished by a human expert,
whose actions were taken as label associated to each input signal.

Even if these achievements were breakthroughs for the scientific field, highlighting
the possibility of learning self-driving tasks from demonstration instead of manually
designing the whole navigation pipeline, they were not usable in practice without a
human which was ready to intervene in case of undesired behaviors. Indeed, policies
learned in a supervised fashion are weak against situations not seen in the training
dataset due to the way in which they are learned ([74]): the agent is told exactly what
to do in the training cases, and the neural network builds a mapping between input
and actions without thinking to the policy as a whole. For this reason, in order to make
imitation learning successful, further considerations have to be taken into account,
such as the perturbation with synthesized trajectories in order to expose the agent to
undesired situations not present in the dataset and learn how to recover from them
([75D.

Reinforcement learning, on the other hand, leaves the agent free of exploring
different behaviors other than the optimal one, implicitly making him more robust
against undesired situations: throughout the learning phase the agent will hopefully

discover those maneuvers which restore it to a safe state from dangerous situations,
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caused by wrong choices or unexpected events, in order to avoid the negative reward
that will be received in case of unhappy ending. Policies are not anymore a direct
mapping between single states and actions, but take into account the long-term effect
of the decisions made, in order to maximize also the rewards far in the future.

However, teaching a self-driving car to drive in a reinforcement learning fashion
directly on public roads is not a good idea. Indeed, accidents and dangerous maneuvers
have to happen in order to learn the negative effects they will produce. This is clearly
not possible, due to safety reasons and for the impossibility of breaking a car at every
mistake. There are some works, as [76] and [77], in which agents learned simple tasks
directly on real life with few exploration trajectories. However, the environment was
limited to simple cases that did not consider the presence of other agents. For these
reasons, in order to successfully learn complex behaviors in multi-agent scenarios a
simulator is often essential.

Some works, as [78], use parametric simulators in which agents learn to perform
maneuvers by observing coordinates, velocities and other numerical variables such
as the lane number of the other agents, and output high-level commands that have to
be translated into driving actions. These graphics-less simulators have the advantage
of providing a very low-dimensional state space which greatly simplify the learning
process. However, a different description of the scene has to be adopted for every
specific case, making them inadequate to generalize to unseen scenarios.

Instead, more flexibility can be obtained exploiting recent developments on Con-
volutional Neural Networks architectures (described in Section 2.3.2), which give the
possibility of training agents directly from raw images, making it possible to build
agents best suited to generalization; depending on the desired approach, a different

type of visual simulator has to be adopted.

3.2.1 Simulators with realistic graphics

If the goal is to build an agent able to navigate using raw camera images, the graphics
of the simulator has to get as much as close to the camera one. Several attempts
have been made using the Grand Theft Auto V (GTA) video game, thanks to its very
high-definition and realistic physic engine ([79]). For example, in [80], it has been
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demonstrated that a large number of images captured from GTA is more efficient than
fewer yet real images for object detection purposes.

However, entertainment programs are not made for algorithm development pur-
poses, so do not facilitate benchmarking and environment customization: they do
not permit extensive sensor simulation (e.g. several cameras mounted on the same
vehicle) and they do not provide detailed feedback upon dangerous driving behaviors
and violation of traffic rules.

In order to fulfill those requirements, authors of [81] developed a simulator called
CARLA (CAr Learning to Act) build upon the Unreal game engine ([82]); this simulator
is build from the ground for supporting autonomous driving models, and for this reason
it was endowed with flexibility on the setup of simulated sensor suites and with the
possibility of providing feedback signals useful for training autonomous agents, such
as GPS coordinates, motion details as speed and acceleration, and information about
collisions and infractions committed. Moreover, it gives the possibility of designing
urban scenarios at will and specifying weather conditions and time of the day.

Some works, as [83] and [84], evaluated the possibility of transferring policies
learned in CARLA and TORCS ([85]) simulator respectively to the real world, using
as intermediate level the segmentation of the scene obtained from the camera in order
to diminish the domain gap.

However, experiments involve simple tasks without considering the participation
of other agents in the process. It remains an open question if it would be possible to

extend such solutions to more complex multi-agent tasks.

3.2.2 Simulators with simplified graphics

A different approach is taken from simulators that does not try to mimic what we see
with our eyes, but instead build a semantic representation of the scene, thus reducing its
sample complexity. Indeed, the visual representation of a car does not depend anymore
on its brand or color, but its fixed a priori: only the crucial appearance-independent
information are maintained, such us its position on the road, encumbrance and motion
dynamics. At the same time, an agent learning in such an environment does not have

to learn that a road may be paved or cobblestoned, or even covered with snow, since
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its representation in all those cases would be the same.

Often, a top-view representation of the scene perceivable from the agent is used
instead of first person observations, as in case of SUMO ([86], Figure 3.1a) or Waymo’s
ChauffeurNet ([75], Figure 3.1b) simulators: this way, a car would be drawn as an
oriented two-dimensional box, meaning that also the three-dimensional perspective
is removed from the interpretative burden in charge of the agent. Therefore, the idea
is to simplify as much as possible the representation of the environment, so that the
agent can focus mainly on learning a good-enough policy needed to accomplish its
task instead of understanding also the semantic of what it is seeing around it.

The drawback of this mid-level representation comes from the fact that the real
world is indeed complex and incredibly various, thus very far from the representation
used. For this reason, in order to transfer the policy learned in simulation into real
driving it is necessary to use detection systems able to reconstruct a representation
similarly to that seen in simulation. This means that the self-driving car has to be
equipped with object detectors able to recognize cars, pedestrians and other relevant
information from the input coming from its sensors; at the same time, it would need
high-level maps and localization systems in order to be able to reconstruct the correctly
the scenario.

An agent trained in a simulator of this kind does not feature anymore the full
end-to-end characteristic in which everything is taken into account from a big neural
network which solve all the fundamental tasks using raw sensor data as explained in
Section 1.4.2, but it will require a suite of systems in charge of several limited tasks.
On the other hand, the domain gap between simulation and reconstructed scenes can
be much smaller than the gap obtained when using simulators with realistic graphics,

since it is not needed anymore to get closer to the visual appearance of the scene.

3.3 Why simulating with multi-agent deep reinforcement

learning

What is often missing in the simulators used to train agents able to perform high-level

maneuvers, whether featuring a realistic or simplified graphics, is the realism on the
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(2) SUMO

(b) ChaffeurNet

Figure 3.1: Snapshots of the visualization used by SUMO (a) and Waymo’s Chaffeurn-
Net (b) simulators
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behavior of the agents populating the simulated scenario. For example, in [87], an
intersection-handling model is developed in a SUMO-based environment, in which
vehicles’ motion follows a deterministic follow-the-leader model called Intelligent
Driver Model (IDM, [88]), while in [89] all vehicles behave aggressively following a
preprogrammed conduct.

Similarly, a lane change system is developed in [90] in an environment whose
vehicles follow a simple lane-keeping behavior with collision avoidance, or in [91] in
which they are able to overtake relying on hard-coded rules.

In all these works, vehicles behaves deterministically making their future trajecto-
ries easy to predict: however, we all know that humans behind the wheel have very
high variability in their driving styles, depending on their personal temper and external
factors; let’s think for example how a caring mother would drive while carrying her
baby to the kindergarten comparing to a young student running because he is late
for an important exam. Moreover, also physical factors influence the way of driving:
elderly often react more slowly to external stimulus and people with poor eyesight
might be more imprecise on their trajectories. Agents trained in environments in
which all vehicles behaves similarly are not expected to behave well in real-world
unpredictable scenarios.

There are some works which propose methods aimed at increasing the inter-
driver variability: in [92] different speed trajectory are assigned to every IDM agents;
in [93] also the time gap, bumper-to-bumper distance and acceleration parameters
are personalized. Again, in [94] drivers can have one of four different hard-coded
behaviors which try to mimic hesitating rather than aggressive drivers.

Even if assessing, albeit partially, the variability in the driving styles, none of
the aforementioned solutions consider agents capable of complex nondeterministic
behaviors such as the ability to negotiate. In [78] this is achieved by training the agents
populating a merging scenario by imitation learning, using data collected from human
drivers. However, this solution forces all the agents to follow the same policy, and,
more importantly, it is very expensive in terms of required training data and directed

to a specific scenario.

These reasons pushed us to think a new method for creating a simulation environ-
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ment in which vehicles motion resembles more accurately the real-world dynamics:
the idea is to let agents learn in a reinforcement-learning fashion how to navigate
inside it, instead of giving them deterministic behaviors. Moreover, in order to learn
also how to interact with other vehicles, an agent needs to learn how to navigate the
environment while other agents are simultaneously driving (and learning) on it, that
is learning in a multi-agent scenario: for this purpose, it has been designed a novel
multi-agent deep reinforcement learning algorithm called Delayed Multi-Agent A3C.

The proposed approach, as explained with more details in the next sections, gives
the possibility of channel the training experiences of every agent into the improvement
of a single shared control unit (a neural network) by using the parameter sharing
technique; at the same time, even if all agents are driven by the same policy, it permits
to assign a unique personal behavior to each one of them, thanks to the use of a hybrid
input made by environment observations and parameters defining the desired behavior
of the agent.

In order to obtain a flexible platform easily expandable to a multiplicity of dif-
ferent scenarios, it has been used an input composed of visual observations of the
environment instead of specific parametric features; at the same time, it has been
employed a mid-level representation instead of a realistic one, enhancing the sample
complexity of the state space and limiting the computational burden required to train
several agents simultaneously.

The developed simulator is based on our work published in ([95]).

3.4 Delayed multi-agent A3C

In this project it has been developed a novel variant of a deep reinforcement learning
algorithm called Asynchronous Advantage Actor Critic (A3C, Section 2.5) for simu-
lating the traffic flow at vehicle level. This algorithm, which was initially proposed for
solving single-agent problems, uses multiple parallel independent learners in order to
diminish the correlation between updates of the neural network which drives the agent
policy. Indeed, a well-known difficulty residing on the use of deep neural networks

as reinforcement learning function approximators is the instability of the learning
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process, which is sequential by nature.

Road traffic vehicles, generally speaking, can be seen as homogeneous agents
because they all obey the road laws (more or less..), have similar goals (connect point
A with point B) and a similar way to achieve it (they don’t fly or have strange motion
dynamics). For this reason it has been adopted the parameter sharing technique, that is
the use of a single central policy which drives every agent, and, as a consequence, can
be updated from all the agents at the same time (see Section 2.6).

However, if we look more closely, in real world driving each driver has its own
peculiar way of driving, which is changing throughout its life time and is dependent
on external factors such as being in a hurry. For this reason, even if sharing a unique
single policy, the system has been designed so that the personal behavior of each agent
can be shaped by modifying some of its dedicated input, as explained in the next
section.

In the proposed setting, an agent, initialized with its behavioral parameters, explore
and learn in an environment which is not anymore aseptic as in the classical single-
agent version, but it is populated by several other similar agents, each one with its
unique driving style. Therefore, agents have to learn how to reach their goal in a
situation in which cooperation is needed; since they are not endowed with direct
communication capabilities, the unique way to reach the goal is implicitly negotiating
trough driving actions, as it happens in real world driving. Our belief is that agents, if
given proper reaction time and motion dynamics, will discover human-like techniques
to understand the best way to proceed: for example, a timid driver will be likely to
give way to a more aggressive one in an intersection, after having tried with scarce
results to insert.

In order to achieve these behaviors proper rewards have to be shaped, both to let
agents respect traffic laws, as the right of way, and to penalize agents that does not
follow their assigned driving style. Every agent is given a path to follow leading to
its assigned goal position, and it will be rewarded positively if it would be reached
without incurring in accidents; the explicit rewards used for the specific case of the
roundabout insertion are explained in Section 3.7.3.

Agents take their actions at common time instances, so that race conditions are
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avoided and their neural network inference steps are executed together. Dependently
on the scenario, it might happen that the number of agents simultaneously learning
on it is not sufficient to guarantee enough differentiation on the updates of the policy.
For example, in case of intersections or roundabouts, the number of learning agents is
limited by the number of incoming branches; since the updates coming from different
but interacting agents is not independent anymore, the overall correlation between
updates may be excessive.

In order to cope with this problem, several independent environments have been
simulated simultaneously as in A3C, permitting to multiply the number of parallel
learners, though maintaining them shared so that inter-agent interaction can still be
learned; the effectiveness of the use of a multi-environment configuration are analyzed
in the ablation studies of Section 3.7.7.

Another novelty of the proposed multi-agent algorithm respect to single-agent
A3C, is the addition of delay on the exchanges of updates between agents and the
global collector. Indeed, even if agents compute n-step updates as before, they do
not send them immediately but wait a longer time in which they collect them locally,
after which they send a unique bigger update; in particular, in the proposed approach,
updates are sent at the end of each agent episode.

The reason of this choice is twofold: on the one hand, it reduces the synchroniza-
tion burden because every exchange of parameters requires time for the transfer; since
agents compute updates asynchronously but have a shared time scale, it is sufficient
that only one of them is computing its backpropagation for getting all the others stuck,
slowing down the full process; reducing the number of exchanges by bundling several
updates together mitigates this overload. On the other hand, the presence of delay on
the local policy updates leads to an augmentation on the diversity of agents behaviors;
indeed each one of them will own a copy of the global networks related to more
distant time intervals, which is also evolving independently until the next exchange of
updates; this added noise is potentially beneficial for the exploration by letting agents
investigate slightly different policies. The pseudo-code for multi-agent delayed A3C

in case of discrete action-space is given in Algorithm 6.

In some cases, it could be advantageous to use a technique called action repeat,
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Algorithm 6 multi-agent delayed A3C for discrete action-spaces

1:

._
e

11:

R A S

get nep, as the number of environment instances
get nyg as the number of agents for each environment
initialize parameters 05 of 7(als, 0y)
initialize parameters 65 of V (als, 6,)
run ., environment instances
for e ={1,..,n.,} do
for i={1,..,n4} do
create agent A{
end for
end for
for every agent Af:{{lli";"';ﬁ”} do {executed concurrently until termination}
11
copy parameters 02 = 05
copy parameters 0 = 05
ALV=0,A=0
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16:
17:
18:
19:
20:
21:
22:
23:
24:

25:

26:
27:
28:
29:
30:
31:
32:
33:
34:

while s; is not terminal do
get s; {dependent on the (n,, — 1) agents of the same environment}
Hast_up =1
while 7 —1,,4 ,, <nand s, is not terminal do
execute action a, drawn from 7(a,|s;, 02)
wait other agents to finish their actions
get reward ry, state s,41
t—t+1
end while

R 0 if s; is terminal

V(s;,02) otherwise
forall ic{r—1,..,t—t144 4p} do
R=vri+yr
Az = Az + Vs {log(ailsi, 07) R —V (alsi, ;1))
A} = A} 4+ Vg {R—V (als;, 6})}
end for
end while{episode finished}
update 05 using A2
update 6 using A%
end for
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which means repeating the same action for several subsequent frames without com-
puting the updates on them, as done in [56]: besides increasing the simulation speed
(backpropagation is computed in a fraction of the frames), it has been demonstrated
that sometimes the use of action repeat improves learning ([96]). This is due to an
increased capability of learning associations between temporally distant state-action
pairs resulting from the incremented power given to each action for affecting the state.
The effects of this technique for the proposed simulator is analyzed in the ablation
studies of Section 3.7.7.

3.5 State space

As already said, having a visual state space increases the flexibility of the simulator;
however, the use of convolutional layers makes the system not suitable for handling
independent scalar inputs, which could turn useful to enhance the visual input with
additional information (e.g. the exact speed of the agent) or to tune the desired behavior
of the agent. Processing this kind of input would be possible using fully-connected
layers, but it would become inefficient to directly process the visual input by this mean,
both in terms of resources (the size of the neural network would grow exponentially)
and in terms of sample efficiency.

In order to obtain a system able to exploit both types of informative streams,
the module has been shaped so that both types of input, visual and numerical, are
processed by a dedicated pipeline before being merged together, as elucidated in
section 3.6.

The hint of mixing two different input streams came from [97], in which a low-
dimensional vector of measurements is used to define the goals of the agent and
drifts the training phase toward a supervised setting by learning how these values are
affected by the performed actions. This solution fits problems which embed naturally
the concept of relevant and observable set of measurements linked to the agent goal
(such as health and score in a video-game), but it is not suitable in scenarios with only
sparse and delayed feedback. Hence, in this work it has been used the numerical input

simply as an additional input, and followed standard temporal-difference learning to
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train the agents.

3.5.1 Visual input

The agent field of view is limited by the range of its perception sensors, which very
probably does not cover the whole environment but only a portion of it, called its view.
Since it has been used a mid-level representation, the input image does not have to be
raw RGB images, but it is divided in multiple single-channel semantic layers, each one
carrying a specific type of information, such as the navigable space, the route and the
obstacles. Having a segmented input clearly reduces the input complexity, and permits
to add different semantic layer at will dependently on the task. The layers used in the
application case of this work are shown in Figure 3.4.

Furthermore, a single snap-shot of the surrounding of the agent is not sufficient for
a full comprehension of the situation: indeed, speed and acceleration of other vehicles,
for example, cannot be deduced unless the module has memory (e.g. using recurrent
neural networks) or past motion is encoded in the views, as in [98].

A different solution, adopted in this work, is the use of the frame-stacking tech-
nique as in [75]: instead of using a single view as input, it is given to the system a
sequence of the v most recent views seen from the agent; we set v =4 as in [56] so

that relative speeds and accelerations estimation of the other agents becomes feasible.

3.5.2 Numerical input

The numerical input component has a twofold motivation; in the first place it permits
the enrich the environment description by augmenting it with information which are
not directly perceivable from the sequence of views, such as the absolute speed of the
agent or the distance to the goal position, allowing a better understanding of the scene.

Secondly and more importantly, the numerical input can be used to shape agents
behaviors by defining the value of some driving-style parameters. This is achieved
by teaching to the agent a correlation between these inputs and the to-be-obtained
rewards, permitting a partial perturbation of the agent state at will. For example, if the

agent would learn that whenever a dedicated parameter is set it would be rewarded
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positively for making accidents, this would enable the possibility of adding suicidal

drivers to the simulation.

In this work, something more soft has been used to create different driving styles,
that is the possibility to set a value of aggressiveness and a desired cruising speed for

the agent, as explained in Sections 3.7.5 and 3.7.6 respectively.

3.6 Network architecture

As previously explained, the different structure of the two input streams requires that
two different pipelines are initially used to process each type of information, producing
two feature-vectors containing an initial separate description of the numerical and
visual part. The visual input pipeline consists on two convolutional layers followed by
a fully-connected layer, while the numerical input is processed by two fully-connected
layers.

After this first processing, the two feature vectors are joined together and processed
by an additional fully-connected layer. This way, features coming from visual and
numerical streams are fused and processed together, producing a feature vector which
describes also the joined interaction between these two different information sources.
Every layer is followed by a ReLU non-linearity function which was described in
Section 2.3.

The delayed multi-agent A3C algorithm, explained in Section 3.4, requires that
both action probabilities and value of the current state will be estimated. Instead of
using two similar but separate networks for accomplishing these two tasks, it has
been used a unique neural networks with two different heads, each one destined to a
single task; this is possible since the input of the networks would be the same, and so
are the majority of the features to be learned. Using a single network, the number of

parameters to be trained is halved, leading to speed up in the learning process.

A visual representation of the network architecture is shown in Figure 3.2.
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Figure 3.2: Architecture of the neural network used for computing action probabilities

and estimating the value of the state

3.7 Case of study: roundabout scenario

Among the several cases in which the proposed approach can be used, in this work
it has been adopted for simulating vehicles driving in a roundabout. This scenario
requires extensive cooperation between participants, especially in case of busy traffic
conditions, where a simple and cast-iron following of traffic laws may lead to undefined
waits for vehicles without right of way. In fact, in those cases, human drivers tend to
push their way after having waited long enough in an intersection, in order to avoid
blocking it; on the other side, drivers with the right of way let sometimes vehicles pass:

this implicit negotiation generally happens without accidents (unluckily not always..).

However, learning and simulating such behaviors is a very challenging control task,
especially if it is needed a mathematical model of humans intentions. For this reason,
experiments trying to tackle this problem in a multi-agent reinforcement learning
fashion represent an interesting and practically useful research area for the self-driving

car development.
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(a) Top-view of the real roundabout

(b) Synthetic representation

Figure 3.3: Top-view of the roundabout used as application case for the discrete
action-space setting. The real roundabout and its vehicles (a) are translated into the

synthetic representation (b)
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3.7.1 State space

The environments used for the experiments are synthetic representations of real
roundabouts, as the example shown in Figure 3.3. Agents, as explained in section 3.5,
are given fixed-size synthetic images of their sensed surrounding used to interpret the
scene. For this reason, a proper field of view has to be set, meaning that some of the
detected vehicles might be outside of the input image. For the roundabout simulation,
a 50m x 50m field of view has been used, positioned around the vehicle as shown in
Figure 3.4a.

These surrounding regions are translated into three-channel images, where each
channel corresponds to a different semantic information content; in these experiments

the layers included are:

1. navigable space layer, containing the portion of the surrounding of the vehicle
in which vehicles are allowed to drive, and is generally extracted from high-level

maps; this layer is shown in Figure 3.4b;

2. obstacles layer, which is made of all vehicles and obstacles seen from the agent,
including the agent himself; this information is obtained from the perception

module of the self-driving vehicle and an example is give in Figure 3.4c;

3. path layer, that shows to the agent its assigned path, and it is given from the

high-level planner module of the vehicle; this layer is shown in Figure 3.4d.

In addition to the semantic layers, the agent has in input some numerical parame-
ters, useful for both enriching the information about the perceived scene and shaping

the agent behavior. The numerical parameters adopted for the simulation are:

1. agent speed, the instantaneous speed of the agent;

2. target speed, the desired cruising speed that would be reached unless prudence

is needed;

3. elapsed time ratio, the ratio between the elapsed time from the beginning of
the episode and the fixed time limit for reaching the goal.

4. distance to the goal, the distance to be traveled for reaching the agent’ goal.
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Figure 3.4: (a) shows the region perceived from the green agent, which is translated
into three different semantic layers which are used as input to the system: the navigable

space layer (b), the obstacles layer (c¢) and the path-to-be-followed layer (d)
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3.7.2 Action space

The output of the system can be the values of acceleration and steering-wheel angle for
the agent’ vehicle. The selected actions would be executed for a fixed time interval and
have to be picked up from either a discrete or a continuous set. In the training phase,
the selected action is repeated for several frames in order to improve and stabilize
the learning process (the so called action repeat technique); at test time, however,
actions are not repeated, so that they can be selected with a finer resolution and thus
guaranteeing better results, as explained in the ablation studies in Section 3.7.7.

Two different settings have been analyzed, the first one aimed at controlling the
longitudinal motion along a predetermined route, in which the agent can pick up its
actions from a discrete set, and the second one in which the agent has full control of
the vehicle and can select acceleration and steering angles from a continuous set of

actions.

Discrete setting

In the discrete setting the agent has at disposal three actions, each one linked to a
different acceleration value, while the steering angle is not selectable and corresponds
to the value needed to follow the assigned road; this means that the agent is free of
deciding its longitudinal motion along its route, but it is not allowed to vary the lateral
motion. The actions at disposal allow the agent to maintain its actual speed, accelerate
or decelerate; thus, the policy head of the neural network gives the probabilities of
executing each of these actions. Using a stochastic policy means that all actions have
a non-zero probability dependent on how good they are expected to be, making good
actions more probable but at the same time letting it possible to execute actions which
are not believed to be the best, so that exploration is guaranteed even if on-policy
learning is adopted.

The policy head of the network is designed to output log-probabilities instead of
pure probabilities, in order to simplify the updates as shown in Equations 2.10 and
2.11; this is achieved by applying a logarithmic soft-max function® to the output of the

2Calling o;..0, the output of the last layer of the network linked to the actions 1..n, the logarithmic
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last layer.

Continuous setting

In the continuous setting, the agent can decide both its longitudinal acceleration and
steering angle, meaning that it is free of deciding the route to follow. In case of
continuous action spaces it is not possible to output directly the action probabilities
due to the infinite many possible actions. In [62] this is solved by using a deterministic
output, but it requires the use of an off-policy reinforcement learning algorithm for
guaranteeing exploration, which brings the already mentioned problems related to the
use of experience replay in the multi-agent domain.

In this work, it has been followed the hint given in [57] for extending classical A3C
to the continuous domain: instead of outputting action probabilities, the policy head
of the network provides a vector u representing the mean of a multivariate Gaussian
distribution with spherical covariance which is used as probability density function
for selecting actions in a continuous multidimensional set, where each dimension
correspond to a different controllable output; this is achieved by applying to each
output of the last layer of the policy head of the network the hyperbolic tangent
function (see Section 2.3) with amplitude equal to the range of the action it controls,
instead of the logarithmic soft-max used for discrete probabilities. The standard
deviation of each output, o, which is closely related to the exploration pursued by the
agent, is diminished throughout the learning phase until a lower bound representing a
quasi-deterministic behavior. This way, when at the beginning the agent has no clues
about the environment dynamics, it selects actions following an almost random policy,
so that every action has the same chance to be tried; meanwhile the agent is acquiring
knowledge of the environment and its dynamics, actions would be selected every time
closer (in terms of probability) to the mean predicted by the system, which represents

the greedy action.

soft-max function is defined as: o
1 =1 - 3.1
Og pi og Z’}:I 0 G.D
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As just said, in this continuous setting the neural network is not estimating action
probabilities, but rather a set of variables, the vector mean u, which affects the
probability distribution over the actions; for this reason Equation 2.10, which defines
the updates of the neural network parameters, has to be redesigned. Knowing that the

probability density of the Gaussian distribution is given by:

! o 3.2
20
\/27‘6628 (52)

the gradient of the logarithm of the density function respect to the network param-

N(x|p,0)) =

eters, needed for computing Equation 2.10, becomes:

Vou{logn(x|(64),6)} = Vyu{1ogN (x|11,6)} - Voup(6%) =

1 =y (—w)? (x—p)
Vu{log(—=)—! - —1.V 0*) = -V ") (3.3
IJ{ Og(m) Og( o ) 252 } 9'““( ) o2 9“.“( ) ( )
where p(6*) is the output of the policy head of the neural network after the
hyperbolic tangents, whose allowed ranges are given in the implementation details of
Section 3.7.4.

3.7.3 Reward design

The reinforcement learning appeal arises from the fact that it is not needed to tell the
agent at every time instant what is the right action to execute, but rather give to the
agent rewards, either positive or negative, whenever an important event takes place,
such us accomplish its goal or ending up in an unwanted situation. These rewards could
even be very sparse and computed automatically without any human intervention, and
the agent will learn step by step a good policy to obtain good rewards without falling
into negative situations.

Depending on how the reward is shaped, agents may develop either competitive or
cooperative conducts ([99]): if agents are awarded for impeding the others to reach
their goal, competitive behaviors are likely to emerge. On the other hand, if agents are
penalized when obstructing an other agent, cooperative behavior will be the best way

to maximize their rewards; moreover, when parameters are shared among agents, this
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would be even enforced, since adopting cooperative actions by an agent versus the
others, means that also the other agents will cooperate with the same agent.

The latter scenario is the one adopted in the roundabout application case: agents
are rewarded positively whenever they reach theirs goals, while both agents involved
in an accident are rewarded negatively.

However, this weak supervision cannot be limited to positive and negative rewards
related to the maneuver outcome, but some additional secondary rewards have to
be taken into account in order to make it possible for the agent to learn also those
behaviors which cannot be deduced by simple trial-and-error, such as the respect of

traffic laws and the driving style shaping.

Discrete setting

In the discrete setting, the goal was to learn the interaction between vehicles for
negotiating the insertion even in busy traffic conditions; since agents cannot drift from
the assigned trajectory, the test-case was a small single-lane roundabout. For this task,

the reward received at a generic time step ¢ is made of three main terms:

Tt = Yterminal + Violation + T'speed (34)

Trerminal 1S the main reward linked to the final outcome of the agent, and it differs

from zero only if ¢ is a terminal state for the current episode; the values it assumes are:
* —+1:if the agent reaches its goal;
» —1:if the agent crashes against another agent;
e —1: if the available time expires;
* 0:if ¢ is a non-terminal state.

The negative reward given in case of expiration of the available time has been
added in order to avoid agents to stay stopped indefinitely for avoiding possibly
negative rewards; moreover, it has been used to shape the aggressiveness as explained
in Section 3.7.5.
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Fviolation 18 @ soft penalization given to the agent whenever it breaks some traffic
laws. The aim of this negative reward is to let the agent understand that these situations
are unwanted even if they will not end up in accidents or other terminal states: for
example, it is used to avoid the agent to stay too close to the vehicle in front and
thus breaking the safety distance, which would result in a simulation with unnatural
vehicles behavior. At the same time, it is used to penalize the agent whenever it enters
the roundabout cutting off in front of an already inserted vehicle in an unsafe manner,
thus inducing in the learning process the concept of right of way: whenever two agents
would have to negotiate the insertion, the one with the right of way would have more
chances to pass first, unless the one without right of way speeds up in order to let
enough space. Calling d, the distance traveled from the vehicle v in one second, the

Fviolation PENalization values for the agent a are:

* —kyg: if a violates the safety distance with the vehicle in front, unless the latter
is entering the roundabout and it is cutting in front of a. The safety distance in
this case is taken equal to d,, and the associated region is depicted in yellow in

Figure 3.5a;

* —ky: if the agent fails to yield when entering the roundabout to an already
inserted vehicle v. This happens when a crosses the region in front of v whose
length is taken equal to 3 - d,, as shown from the orange region in the example
of Figure 3.5b;

¢ 0O: if none of the above occur.

The last term, 7.4, is a reward dependent on the speed of the agent; it is maxi-
mized when the current agent speed (s,) is equal to its assigned desired cruising speed

(s;) according to the following criterion:

S .
fa gt ifs, <s
y P a =9t
rspeed(sayst) - 5:’_ s B . (35)
kg, — 2t kg, ifsg > s

St
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(a) Safety distance violation (b) Right of way violation

Figure 3.5: Situations which lead to a 744 penalization for the green vehicle due to
violations of traffic laws. In (a), the agent receives a negative reward due to a safety

distance breaking, while in (b) it receives a penalization due to a right of way violation

Continuous setting

Learning to drive in the continuous task is considerable more difficult than in the
discrete scenario, since agents not only have to decide how to execute the assigned
trajectory, but also have to learn how to select the trajectory itself. Indeed, agents are
given only the area in which they are allowed to navigate instead of a precise trajectory,
consisting of the navigable space around their assigned routes?.

To better evaluate this setting, the test-case chosen is a wide three-lane roundabout,
so that agents are able to overtake each other and choose among a larger pool of
possible trajectories. Thus, the learning efforts for this scenario have been directed
towards the navigation phase instead of the induction of behaviors which mimic
precisely those of humans. For this reason the aim of the rewards is to guide the agent

exploration by inserting external knowledge which penalizes zigzag trajectories. The

3The route has to be seen just as an indication of the direction to follow, like the information given to

the driver by a common GPS, instead of a precise trajectory as in the discrete setting
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full reward is given by this equation:
¥t = Tterminal + (rangle + rcenter) ' rspeed (36)

Trerminal» @S before, is the reward received by the agent when the episode terminates,
either because the agent accomplished its goal or because it ended in a not acceptable
state, as in case of an accident. Its value is the same as in the discrete setting, with
the addition of a negative (—1) reward given if the agent drives outside its assigned
navigable space.

Tangle €NCOUrages the agent to maintain its heading direction close to the direction
of the virtual trajectory made by the center points of the assigned route, as shown in
Figure 3.6a; calling 6, and 6,,, the heading of the center-lane trajectory and that of

the agent respectively, its value amounts to:
Tangle = (’9r - Gcar‘) 'kangle (37)

Similarly, r..nser €ncourages the agent to stay close to the center of the lane, thus
penalizing trajectories which go at the margins of the road as shown in Figure 3.6b;
its value follows this function:

|d|

Veenter = (1 - W/z) -kq (3.8)

where d is the distance from the center of the lane and W is the width of the lane
given from the high-level maps.

Finally, r;peeq is @ multiplying factor which modulates the importance of the sum
of the previous two depending on the current speed of the agent (s,) respect to the

target speed (s;); it equals:

% if Sa < St
rspeed(saast) = o _s . (39)
11— ifs, >s

kx peed



Capitolo 3. Microscopic Traffic Simulation using Multi-Agent Deep
84 Reinforcement Learning

(a) Heading angle shift (b) Lane-center shift

Figure 3.6: (a): angular shift between the heading of the vehicle and the direction
of the trajectory passing for the lane-center points. (b): positional shift between the

vehicle and the lane-center

3.7.4 Implementation details

The roundabout taken as application case for the discrete task is a three-entries
roundabout located in the district Parma Mia of the Italian city of Parma, at coordinates
N 44° 47 02.3”, E 10° 18’ 04.5”. A top view of the roundabout is shown in Figure 3.3a,
while in Figure 3.3b is shown its synthetic counterpart. For the continuous setting, the
simulation was based on the wider 6-entries roundabout located in the Campus area of
the same city, at coordinates N 44° 46 01.4”, E 10° 19’ 24.6”, shown in Figure 3.7.
The 50m x 50m surrounding region of each vehicle (Figure3.4a), is scaled into
images having dimension WxH = 84x84 which, as explained in Section 3.7.1, are
made of ¢ = 3 separated semantic channels, namely the navigable space layer, the
obstacles layer and the path layer; these images are obtained using the Cairo graphics
library ([100]) which permits to directly draw on raw memory sections with high effi-
ciency. Considering that the input is formed by the last m = 4 perceived surroundings,
and that there are p = 4 additional input parameters, the full input dimensions are:

mxcx (layer W) x (layer H) + p=4x3x84x84+4 (3.10)
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(a) Top-view of the real roundabout

(b) Synthetic representation

Figure 3.7: Real (a) and synthetic representations (b) of the roundabout used as
application case for the continuous setting



Capitolo 3. Microscopic Traffic Simulation using Multi-Agent Deep

86 Reinforcement Learning
module type input dimension channels Kkernel size stride

C 84x84x3x4 16 8x8 4
visual pipeline C 20x20x 16 32 4x4 2
FC 9.-9.32 256 — —
numerical pipeline ke . 20 a B
FC 20 20 — —
shared layer FC 256420 10 — —
actor output FC 10 3 — —
critic output FC 10 1 . —

Table 3.1: Values of the network hyperparameters used for the simulator

The inputs are processed by a convolutional neural network whose architecture
is shown in Figure 3.2: the hyperparameters of each layer, both convolutional and
fully-connected, are shown in Table 3.1.

In the discrete action-space setting (3.7.2), agents have at disposal three different
actions, which correspond to values for accelerating, decelerating or maintaining
the current speed; these values are set to be comfortable values for humans, and are
a, = (1m/s?) in case of acceleration and ay = (—2m/s?) in case of deceleration. The
number of parallel environments used for increase the number of agents learning
simultaneously was set to n.,, = 4; during learning, the density of agents present
in each environment was changing through time so that different traffic condition,
from zero to very busy traffic, were encountered. Agents started each episode from a
random position inside one of the three entry lane, and finished it once reached the
end of their randomly assigned exit lane.

In the continuous setting it was sufficient to use a single environment instance
(neny = 1), since the test-case roundabout is much wider thus permitting the presence
of enough agents simultaneously. Agents are free of choosing theirs accelerations from
a continuous set within the same bounds of the discrete setting, namely a € [a,,ay].

For modeling the vehicle motion it has been adopted the kinematic bicycle model

([101]) because of its simplicity and adherence to the non-holonomic constraints of
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Figure 3.8: Representation of the bicycle model, in which each pair of wheels of the
axles of the car (shown in light blue) are lumped into a single virtual wheel positioned
in the middle of the axle (shown in red). The steering angle 9§ is strictly related to
the radius of rotation r, defined as the distance between the instantaneous center of
rotation ¢, and the virtual posterior non-steering wheel; ¢, is placed at the intersection

of the perpendiculars of the two virtual wheels

a car. In this model the two wheels of each axle, front and rear, are lumped into a
single wheel positioned in the middle of the axle; moreover it is assumed valid the
so called no-slip condition, meaning that the wheels can not move laterally or slip
longitudinally either.

In this simplified scenario, shown in Figure 3.8, the vehicle is rotating around an
instantaneous center of rotation (c,) positioned at the intersection of the perpendiculars

of the two wheels, with a radius of rotation equal to the distance between c, and the
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rear non-turning wheel. Thanks to this model it is possible to write:

tan5:é 3.11)
r

g _vtand (3.12)
r L

The equations show that the angular velocity @ can be easily mapped with the
radius of rotation r instead of the steering angle 0; a more clever choice is the use
of the so called curvature k, defined as the inverse of the radius of rotation, which
constitutes a bounded and continuous control variable instead of r, which may go
from —eo to 4-c0 in case of passing from a left to a right turn; in the experiments the
allowed interval for k has been chosen as the average interval of a medium size car,
which is k € [-0.2,0.2].

Therefore, the motion equations of the system, having as inputs acceleration a and

curvature K and as origin the center of the rear axle, are:

X=vcos@

y — ysin O

)i (3.13)
6= % =K-v

v=a

\
The control inputs, in both discrete and continuous settings, are maintained for
the duration of a time step, which in the simulation amounts to 7y, = 0.1s; in order
to improve the learning process, in the training phase action are repeated for the
subsequents 4 time steps following the action repeat technique.
Regarding the reward functions, in Table 3.2 are given the values of the constants

used in the experiments.

3.7.5 Aggressiveness tuning

During training, agents learn to reach their goal within a time limit which is known to
them thanks to the elapsed time ratio input; moreover, another additional information

is provided to the agents in order to enrich their knowledge and thus regulate their



3.7. Case of study: roundabout scenario 89

Discrete task Continuous task
ksd ky k;i) ks_p kangle kd kspeed

(005 005 0001 003] 0005 0005 2 |

Table 3.2: Values of the reward constants used in the simulation experiments

speed for accomplishing the task, that is the distance to the goal. The presence of these
two inputs permits to modify the temperament of every agent, and simulate drivers
with different aggressivenesses.

It has been tried to achieve the same results using the time-left input only, therefore
encouraging the agent to speed up whenever the time limits is approaching to expire,
without providing any information about the distance which has still to be traveled;
however, the results were scarce: indeed, it was not feasible for the agent to learn to
speed up without the direct knowledge that this acceleration makes the goal closer,
information which is not provided from the images. Nevertheless, this became possible
when the input has been enforced with the remaining distance information, confirming
the power of the visual-numerical coupling.

The idea is that, at training time, agents are given a fixed interval of time for
reaching their goals, at the end of which a negative reward is given and the episode
terminated prematurely if the goal has not been reached; agents can see both the
elapsed time and the distance to-be-traveled, thus learning to adapt their policy to
fit the schedule. However, at test time, both these inputs can be kept fixed and used
to shape the behavior of the agent: in particular, it has been explored the scenario in
which the distance to the goal is maintained always constant, while the elapsed time
ratio is varied in the [0, 1] interval and kept fixed for the whole episode.

Values close to 1 induce the agent to drive faster in order to avoid the expected
negative return caused by running out of time. For the same reason, values close
to O tells the driver that it still has much time for reaching its goal, therefore it is
not a problem yielding to other vehicles. This way, the elapsed time ratio acts as an
‘aggressiveness level’ for the agent.

An experiment has been set up in order to check the validity of this approach
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for the discrete setting: an agent, having a fixed value of aggressiveness a”, is tested
for several episodes inside the roundabout, which was populated by 6 other vehicles,
value which has been chosen in order to avoid traffic jams albeit guaranteeing enough
traffic for the test. These vehicles featured random and variable-through-time values
of aggressiveness, so that different scene configurations can take place. In order to
determine the behavior of agents with different values of a* two different features
have been registered: the ratio of positive episodes r,, in which the agent reached the
goal without accidents, and the average speed s, maintained during the episodes; the
results are shown in the graph in Figure 3.9.

From the graph it is evident that, by increasing ax, the driver behavior will shift
towards a more risky configuration, since both average speed and probability of
accidents grow. Moreover, it is interesting to note that values of aggressiveness outside
the training interval [0, 1] produce consistent effects to the agent conduct, intensifying

its behavior even further.

3.7.6 Target speed tuning

A similar approach to the aggressiveness tuning has been adopted in order to modify
the desired cruising speed of every single agent. Indeed, at training time, a random
value of target speed s; is assigned to each agent, which is encouraged to follow it
thanks to reward term 7.4 introduced in Section 3.7.3; s, was drawn at every episode
from a uniform distribution between [5,8]", but agent may still decide to surpass it if
they believe it would be advantageous, such as accelerating for stopping the insertion
of another vehicle by a particular aggressive driver.

In order to evaluate the effects of such target speed tuning, an evaluation scenario
similar to the aggressiveness tuning one has been set up: agents with different values
of s;, but same aggressiveness level equal to 0.5, are tested along several episodes in
a roundabout populated by 6 vehicles with random aggressiveness and target speed
values. As before, values for the positive episodes ratio r, and average speed s,
are recorded and shown in the graph of Figure 3.10, which show an almost linear
dependency between s, and the target speed input, while r, remains substantially

unchanged, meaning that the risks taken does not vary. Even in this case, it is interesting
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Figure 3.9: Effects of the aggressiveness input on the behavior of the agent. The
blue plot shows the positive-ending episodes ratio varying the aggressiveness input;
similarly, the red plot shows how this input affect the average speed maintained by the

agent
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Figure 3.10: Effects of the target speed input on the behavior of the agent. The red
plot shows the positive-ending episodes ratio varying the target speed; similarly the
blue plot shows how this input affect the average speed maintained by the agent

to note that values of s, outside the training range [5,8] induce consistent agent

behaviors.

3.7.7 Ablation studies
Multiple environment instances

It has been studied the effectiveness of the use of multiple environment instances
for the discrete setting, in order to understand if the addition of independent learners
improves or destabilizes the learning process. For this purpose, it has been compared

the learning evolution of an agent trained in a single environment with another trained
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simultaneously in 4 copies of the environment. In order to have a feedback of this
evolution, it has been tracked the positive episodes ratio r, by an exponential moving

average 7, updated at the end of each episode e, which is defined as:
ple)=(1—a) -Fy(e—1)+ a-outcome(e) (3.14)

where outcome(e) is a binary variable equal to 1 if the episode ended successfully,
and 0 otherwise, while the smoothing factor o has been set to 0.01. The resulting
curves, shown in Figure 3.11, tell that when using multiple instances the learning
process is more stable and leads to slightly better overall performances; even if in both
cases the model converged, they confirm that the reduction of the correlation between
updates brings a positive effect.

It is interesting to note that in the multi-instance scenario agents start improving
their performances at a later stage, but, once started, with a faster pace. Our interpre-
tation for this behavior is that the higher rate of asynchronous updates coming from
pseudo-random policies initially makes the learning process more arduous, since the
global policy receives simultaneous updates from several agents whose behavior is
still infant; however, when the policies of agents start to gain sense, their updates will

be directed strongly toward a common goal due to the reduced search space.

Action repeat

A similar analysis to the multi-environment study has been carried out for the evalua-
tion of the effects of using the action repeat technique. Again, an agent is trained in the
scenario featuring a discrete action space without repeated actions, both in the single
and multi-instance cases. The learning curves of such agents, shown in Figure 3.12,
demonstrate that in the single environment setting the agent is still able to learn the
task without evident dissimilarities; however, when multiple environment are used, the
agent is not able to learn the task at all, making the use of the action repeat technique
necessary.

The reason of this inability is due to the pseudo-random exploration of the agents
in the initial phase, which makes the global policy unstable. This weakness affects

mainly the multi-instance scenario, in which the number of asynchronous agents
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Figure 3.11: Moving average 7, of the positive episodes ratio when adopting a single
instance (in blue) and 4 concurrent instances (in red); in both learning processes
action were repeated 4 times. The exponential moving average is obtained using
Equation 3.14
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Figure 3.12: Moving average 7, of the the positive episodes ratio when actions are not
repeated, both in single (in blue) and multi-instance (in red) scenarios. The exponential

moving average is obtained using Equation 3.14
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is greater, causing a deterioration of the policy up to the point of suppressing any
exploration behavior, therefore blocking the learning process; instead, the use of action
repeat helps in turning those exploration policies less schizophrenic and more effective,
thus permitting to learn a policy which gradually gains sense.

At test time, it is not longer needed to stabilize the exploration policies, and
repeating actions would only diminish the frequency at which agents are allowed to
change actions; indeed, the empirical results obtained varying both aggressiveness
and target speed, shown in the graphs of Figure 3.13, tells that the positive episode
ratio increases if actions are not repeated, while the average speed trend remains
very similar. This result has been achieved for an agent trained with action repetition,

meaning that it is possible to take advantage of both approaches.
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Figure 3.13: Effects of using repeated actions in the test-time performances. In (a) are

shown positive episode ratio r; and average speed s, values for different aggressiveness

levels, both with (dotted line) and without (solid line) repeated actions; analogous

results are given in (b) for different target speed values. From the graph it is clear that

the use of action repeat at test time affects negatively the performance of the system






Chapter 4

Maneuver Execution using Deep
Reinforcement Learning

Chapter 3 introduced a modern approach for a realistic simulation of vehicular traffic in
circumscribed scenarios, with extensive analysis placed for roundabout junctions. This
solution, based on a novel multi-agent deep reinforcement learning algorithm, permits
to build a simulation platform in which virtual drivers are endowed with unique and
personal driving capabilities; moreover, drivers feature non-deterministic behaviors,
giving an important role to the inter-driver negotiation which arises implicitly through
driving actions.

Such a simulator, while needing efforts made of time and resources to be trained,
make it possible to develop models suitable for the interaction with real human drivers.
Indeed, in this chapter it is evaluated the development of a high-level module for self-
driving vehicles able to guide the lower levels of the driving planner on the execution
of particular maneuvers involving active interactions with other agents.

This module is based on a neural network similar to the one used for controlling
agents inside the simulator, but this time trained with the single-agent version of
the Delayed A3C algorithm exposed in Section 3.4, since only the policy of the
agent executing the maneuver is learned while that of the vehicles populating the

environment is kept fixed.
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The application case taken as experiment is again the roundabout insertion ([102]),
whose vehicle driving on it are trained following the procedure explained in Sec-
tion 3.7.

4.1 Intersection handling: the state of the art

The strategies adopted for autonomous vehicles for dealing with those maneuvers
which require to take into account the interaction with other drivers are typically based
on safety indicators such as time-to-collision ([103]) and headway ([104]), as in case
of the Darpa Urban Challenge winner Boss ([105]) and [106].

The high-level decisions of such systems are typically made by deterministic
rules based on such indicators which let the vehicle execute the maneuver only if it is
absolutely safe considering the worst case scenario; these solutions lead to excessively
cautious behaviors due to a lack of interpretation of the situation and the capability of

interacting with other vehicles.

These limitations suggest the use of machine learning approaches in order to
infer the intentions of the other drivers. Several works considered this interpretation
by modeling the intersection task as a Partially Observable Markov Decision Pro-
cess (POMDP, [107]), in which the intentions of the other vehicles are mapped into
the non-observable part of the state (as in [108] and [109]).

In order to model more complex behaviors, deep reinforcement learning ap-
proaches are applied inside simulated environments, as in case of [91] for overtakings
and [92] for lane-changes, in which the agent observes a discrete set of parameters
related to a fixed a priori amount of surrounding vehicles. Similarly, [87] and [90]
extended reinforcement learning based solution in order to process visual input, thus
making it possible to consider an arbitrary amount of surrounding vehicles and ex-

ploiting the use of Convolutional Neural Network for image-based inputs.
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4.2 The importance of negotiation

However, as previously explained in Section 3.3, the use of learning based approaches
inside a simulated environment whose vehicles behave following predetermined rules
is not expected to give robust results when adopted in real world, due to the high
variability in the human behaviors and inter-drivers dependency. For this reason,
we believe that using a traffic simulator in which virtual drivers are endowed with
their own unique personality and are able to negotiate with each other, varying their
behaviors depending on the particular situation, is fundamental for training machine

learning modules for solving high-level driving tasks.

Indeed, in the developed simulator, vehicles are able to interact with each other
while following their assigned conduct, giving rise to a continuously changing and
interactive scenario; even further, it is also not guaranteed that agents populating the
simulation will not end up crashing or behaving over-aggressively, thus encoding in

the simulation also those dangerous corner cases.

As aresult, models developed in such an environment will end up featuring implicit
negotiation and able to find the best policy to accomplish the task without incurring in
accidents or harmful situations; moreover they can be trained so that the determination
for accomplishing the maneuver can be tuned, since the effects of such behaviors ca
be directly evaluated. For example, agents will be able to try the insertion even if it is
not certain that there will be enough room to accomplish the maneuver as humans do
in certain cases, in contrast to rule-based methods in which this would not have tried;
maybe, the approaching agent will exit the roundabout, or it will slow down, and the
maneuver could be completed successfully, or, in the other case, the agent has to block
its maneuver prematurely. This ability of negotiating through actions can be paramount
in scenarios such as busy traffic intersections, in which traditional approaches will end
up in indefinite waiting times; indeed, by modifying the impetus to be used for the
maneuver, this capability can be used to solve such situations efficiently and avoid
deadlocks.
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4.3 Case of study: roundabout scenario

4.3.1 State space

As for the roundabout simulator, an hybrid state space is used in order to take advantage
of both visual and numerical type of streams: the former is more suitable to represent
spatial features such as vehicles position and road structure, while the latter permits to

add additional discrete information and tuning the behavior of the agent.

Visual input

In addition to the three semantic layers previously used, consisting on the navigable
space in which the navigation is allowed, the obstacles around the agents and its
assigned path, a further layer is included, whose aim is to let the agent know the
position of the stop line related to the intersection to be handled. This layer contains
only the stop line along the path assigned to the agent, as shown in Figure 4.1.

Numerical input

The numerical input features the speed of the agent and the desired cruising speed
which it should reach and maintain unless prudence is needed for avoiding dangerous
situations; however, instead of receiving the elapsed time ratio and the distance to goal
for selecting its aggressive, the agent has a single input dedicated to the impetus of the
maneuver (which it will be referred to as the impetus input), which is directly related
to the reward function observed by the agent, as explained in Section 4.3.3.

Moreover, an additional set of inputs is added in order to let the agent know which
was its output at the preceding time instant; this way, by giving a specific cost to each
action transition, a more fluent maneuver execution is achieved, avoiding undesired
flickers due to the lack of memory of the agent. This memory input is structured
as a one-hot vectors with as many entries as the number of actions determining the
maneuver (in this case 4): the entry related to the last executed output is set to 1 while
the others are filled with 0.
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Q:
If

(a) Area perceived from the green vehicle

91 10

(b) Navigable space (c) Obstacles (d) Path (e) Stop line

Figure 4.1: (a) shows the region perceived from the agent executing the entering
maneuver, which is translated into four semantic layers: the navigable space layer (b),

the obstacle layer (c), the path layer (d) and the stop line layer (e)
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4.3.2 Action space

The actions at disposal of the agent for entering in the roundabout are high-level
commands which are linked to the values of acceleration for the agent dependently on
the position of the stop line and its assigned target speed, simulating the the action

which would be taken by a planner module. The allowed actions are:

* stop: which means that the agent decided to halt the vehicle. The action cor-
responds to a negative value for the agent acceleration a, which depends on
whether the agent has surpassed the stop line or not; if the agent has not yet
passed the stop line, a would be equal to the constant value of ay needed to
reach the stop line with zero velocity, namely to halt at the stop line, unless ay
goes over the maximum deceleration a4, in which case a = ay; if the agent has
already surpassed the stop line, @ would be equal to a;. Summarizing, calling v
the current velocity of the agent, and dy; the distance that has to be traveled to

reach the stop line:

1
dsl:Vit“rialz:* 2
S ag = b @.1)

max(ag,aq)'  if agent before stop line
a— 4.2)
ag if agent after stop line
» go with caution: which means that the agent decided to proceed with prudence,
namely with smaller values of acceleration until a target speed point equal to
sc is reached; the value of acceleration is equal to a;f if the current speed s is
below s. and equal to a negative value a, if it is above, taking in consideration

an hysteresis defined by the constant /:

aif ifs<s.+1

a=40 ifs,—t<s<s+t (4.3)

a. ifs<scf%

[&

Iremember that ay and ay are negative values, so the absolute acceleration value is kept bounded
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* go: meaning that the insertion can take place freely without the risk of incurring
on accidents: the value of acceleration is set to the comfort value a, unless the

current speed is above the assigned target speed s;:

a, ifs<s;
a= 4.4)
0 ifs>s

4.3.3 Reward design

The reward function features some novelties from the one adopted for the simulator.
In the first place there is the additional term, called 7 pqng., representing the cost
the agent has to pay when it changes the action from the last time step. Moreover,
instead of using the elapsed time ratio and the distance to the goal inputs as a means
of determining the behavior of the agent as explained in Section 3.7.5, this time
the reward function is directly a function of the impetus input which determines the
determination on the maneuver execution; this input, at training time, is kept inside

the range [0, 1]. Thus, the reward received at the time step ¢ can be defined as:

Tt = Tterminal T Vviolation T T'speed + Tchange (45)

where the 1o minas and Fyiorarion are now dependent on the impetus.
Frerminal» indeed, is defined similarly to the function used for the simulator, with
the only difference that the penalization for a crash is now dependent on the impetus

in the following way:
Ferminal = —B — € - (1 — impetus) #in case of a crash (4.6)

where 8 and { are constants, the former defining the fixed part of the penalty while
the latter weights the impetus dependency. This way, low values for the impetus mean
a stronger penalization in case of accidents, and vice-versa.

Similarly, 7yiparion 1S Now defined as:

o —kyq- (1 —impetus): when the agent violates the safety distance from the vehicle

in front, as shown in Figure 3.5a;
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* —ky- (1 —impetus): when the agent fails to yield, entering the roundabout in

front of an already inserted vehicles, as depicted in Figure 3.5b;
* 0: if none of the above occur.

Again, the penalty is more severe for lower values of impetus, thus more brave
maneuvers are discouraged when the maximum of the prudence is required.

The newly added term 744,60, has been designed to encourage the agent to choose
the go output only if it is adequately sure that there will not be any impediment in
the maneuver, thus assuring a smooth insertion; consequently, the agent is expected
to negotiate with other vehicles through the stop and go with caution outputs, before
allowing the insertion once it is sure about a successful end for the maneuver. Going
into details, this penalty is given whenever the agent leaves the go condition for a new

different state, called NV, in this way:

—keaurion if N = caution
Vchange = . (47)
—Kstop if N =stop
where kequrion < ksiop in order to give a stronger penalization for switching between
the two opposite outputs.

Finally, the rp..q term is used for rewarding the agent as much as it gets closer to
its assigned target speed; however, since the agent is now bounded in its maximum
speed dependently on the selected output, this term it does not have anymore the
function of penalizing the agent when the target speed is surpassed. Its value equals:

N
T'speed = ksp : ; 4.8)

4.3.4 Implementation details

The neural network hyperparameters used are similar to the ones used for the discrete
setting of the simulator and explained in Section 3.7.4; the only difference is in the
input structure, which in this case is composed by 4 semantic layers and 7 numerical
inputs, namely the current and target speeds, impetus level, and the one-hot vector

with 4 entries, one for every action.
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B zeta ksd ky kcaution kstop ksp

[o2 18 002 005 005 015 0.0045 ||

Table 4.1: Values of the reward constants used in the maneuver execution experiments

The negative acceleration values are selected inside the range [ay,0], with a; =
—2%; the acceleration used in case of output go was a, = 133, while for go with
caution was a, = 0.5%.

The values of the constants used for the reward function are given in Table 4.1

4.4 Experiments and results

For the experiments, unless stated otherwise, has been used a setting similar to the
one used for the simulator experiments in the roundabout of Figure 3.3, which are
described in Section 3.7.5.

4.4.1 Algorithms comparison

The learning phase, executed with the single-agent version of the Delayed A3C algo-
rithm, is compared with to the ones obtained using classic A3C and its synchronous
variant A2C, in which the updates coming from the different agents are computed at
common time intervals. To each independent copy of the agent is assigned one of the
three entries of the roundabout, creating three slightly different learning environments
instead of only 1 as in classical A3C, in order to obtain a more robust policy which
was not designed for a specific situation.

This evaluation has been obtained tracking the positive episodes ratio by the
exponential moving average of Equation 3.14, called 7,, for each learning phase
executed with the three different algorithms.

The resulting curves, shown in Figure 4.2, tell that the delayed version of A3C
(D-A3C) features a faster convergence rate respect to the classical A3C, while the

synchronous version, A2C, does not solve successfully the task, since it converges on
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Figure 4.2: Moving average 7, of the positive episodes ratio during the learning phase
of Delayed A3C (green), classic A3C (red) and A2C (blue)

a suboptimal solution consisting on allowing always the insertion.

4.4.2 Maneuver impetus tuning

The effects of the impetus input, obtained by using a reward function dependent on
its value as explained in Section 4.3.3, has been evaluated by recording the positive
episodes ratio r, for different values of impetus i*, computed averaging the results over
several episodes. The graph, represented in Figure 4.3, shows that the augmentation
of the impetus brings a decrease of r,, and an increase of the average speed, indicating
that more determination is given to the maneuver which reduces the waiting time.
Interestingly, value of the impetus outside the training range [0, 1], affects the

behavior of the agent in a consistent way. Another curiosity is that, for impetus values
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Figure 4.3: Effects of the aggressiveness input on the behavior of the agent. The
blue plot shows the positive-ending episodes ratio varying the aggressiveness input;
similarly, the red plot shows how this input affect the average speed maintained by the

agent

above 0.6, the average speed follows a linear trend, while, for values under 0.6, the

trend becomes quasi-quadratic.

4.4.3 Robustness augmentation

One of the goals of this work is the use of the developed high-level modules in real
world, where also other road occupants are allowed to navigate: for this reason, the
proposed simulator features agents whose behaviors resemble those of human-driven

vehicles; moreover, the synthetic representation adopted, as explained in Section 3.2.2,
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was focused on the capability of being created with either simulated data and real-
time information coming from the vehicle’s perception and maps, so that algorithms
developed upon the simulator can be also used for the self-driving vehicle.

However, on-board algorithms dedicated to obstacle perception, localization and
mapping are clearly not perfect, and the two representations inevitably feature a
domain gap; thus, in order to diminish it, some state perturbations have been introduced
inside the simulation: one related to the agents trajectories, and the other for simulating
perception flaws.

Moreover, some considerations have been taken into account in order to improve
the generalization capabilities of the systems, leading to broadening the range of real

situations in which these modules may be useful.

Trajectory perturbation

Ideally, the trajectory followed by the autonomous vehicle would match perfectly with
the path assigned to the agent; similarly, this path would be positioned exactly at the
center of the lane given as input to the agent. If this is the case, by overlapping all the
semantic layers the result would be as the one shown in Figure 4.1.

However, imprecisions in the localization or external causes such as the presence
of an obstacle on the road, may cause the agent to follow trajectories which does
not match exactly with the assigned one; moreover, also the high level maps used to
understand the road structure might contain some inaccuracies, bringing misalignment
between the agent position, the path to-be-followed and the navigable space.

For this reason, the trained agent policies have been fine-tuned in an environment
in which the trajectories of the agents were perturbed, resulting in a two-step learning
phase which can be seen as a sort of curriculum learning* approach. The trajectory
assigned to the agent, which passes for the points positioned in the middle of the lane,
is transformed into a cubic Bézier curve ([111]) whose control points are randomly

selected relying on the original route, so that agents follow constantly new random

2Curriculum learning techniques are those in which a learning system, in this case a neural network,
is trained in gradually more difficult tasks in order to exploit the knowledge acquired in easier task for

solving more complex tasks [110]
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Figure 4.4: The green (solid) trajectory is the original route passing through the lane
center points and based on the map structure; the yellow and light blue (dashed) curves
are the perturbed trajectories obtained using the Bézier curves. P;, P, P> and Py are the
control points of the Bézier curves attained adding noise to the original route

trajectories. In Figure 4.4 are shown the original trajectory and two related perturbed
trajectories.

Perception noise simulation

As for localization and mapping, also the perception systems on-board of autonomous
vehicles are affected by non-idealities which cause false detections and errors in the
obstacle positioning and dimensions.

Because of that, noise in the obstacle perception has been injected in the simulated
environment in order to let it get closer to the real-world representation. This perturba-
tion has been obtained by injecting Gaussian noise to the bounding box dimensions
and positions of each vehicle detected in the agent surrounding, which changes at every
time-step and may feature a non-zero mean for including also bias errors. Moreover,
noise is added also in the heading of the vehicles: the type and amount of the injected
noise has been designed in order to simulate the same typology of obstacle detections

obtained with the self-driving vehicle used for the real-world experiment.



112 Capitolo 4. Maneuver Execution using Deep Reinforcement Learning

noise-free environment

% reaches % crashes % timeovers

noise-free 0.989 0.011 0.000
noise-augmented 0.964 0.012 0.024

Table 4.2: Comparison between models trained with and without noise injected during
the training phase over 3000 episodes carried out in a ideal environment with no
perturbation on trajectories and obstacle perception. The performances are evaluated
tracking the ratio of episodes terminated either with a success, with a crash or because

the allowed time was expired

Evaluation

For evaluation purposes, two similar models, the first one trained in a noise-free
environment while the second in an environment featuring noise inserted both in
the trajectories of the agents and on the perceived obstacles, have been compared
along 3000 episodes for three different traffic conditions on the aforementioned
roundabout with the presence of random noise in the detections and agent trajectories.
For determining a score for the agent behavior, the ratio of episodes terminated with
success (% reaches), that is with a safe maneuver ending, has been computed, together
with the ratio of episodes terminated with crashes (% crashes) and in which the agent

expired the time at disposal (% time overs)).

When the two models are compared over an ideal noise-free environment, the
noise-free model performs better, due to a perfect matching between training and

evaluation conditions, as it is shown from Table 4.2.

However, when noise is injected in the evaluation, Table 4.3 tells that the perfor-
mances of the noise-free model drops significantly, while the noise-augmented module
maintain similar result to the one obtained in the noise-free condition, confirming the

robustness against perturbations on the agent trajectory and on the obstacle detections.
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noisy environment

% reaches % crashes % timeovers

noise-free 0.899 0.043 0.058
noise-augmented 0.967 0.021 0.012

Table 4.3: Comparison between models trained with and without noise injected during
the training phase over 3000 episodes carried out in a environment featuring perturba-
tion in the trajectory of agents and on its perceived obstacles. It can be noted that the

noise-augmented version is more robust against those perturbations

4.4.4 Generalization improvement

The high-level module would be useful in practice if it could be deployed not for just
a single specific situation, such as a single roundabout, but for the majority of the
situations for which it has been designed. For this reason, generalization tests have
been carried out in order to evaluate the generalization capabilities of such a system.

In particular, it has been set up a simulation in which agents are simultaneously
trained on different environments, so that the experiences gathered consider more
various and diverse situations. In particular, the set of roundabouts which has been
used for training are shown in Figure 4.5a; the traffic conditions for each environment
were varying during training and evaluation phases.

The performances of the obtained high-level module have been tested along
episodes over an unseen roundabout, shown in Figure 4.5c¢, in order to stress the ability
of the system to deal with unknown situations. The results have been compared with
an equivalent module trained only in the single roundabout of Figure 4.5b, and with
two dummy models useful as a baseline comparison: the first one is a module whose
actions are selected randomly, while the second is a module with a constant output
consisting on the go decision.

As can be noted in the results given in Table 4.4, the module trained on a single
roundabout suffer the new environment, which causes a significant decrement in

the performances, although the output is still consistent compared to the baselines.
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(a) Training set multi-environment

(b) Training set single-environment (c) Test roundabout

Figure 4.5: (a) shows the structure of the roundabouts used in the training phase for
the model trained simultaneously in different scenarios, while (b) the one used for the
model trained in copies of the same roundabout. (¢) is the roundabout which was not

seen from the agents and used as evaluation case
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results on an unseen roundabout

% reaches % crashes % timeovers

always go 0.676 0.324 0.000
random 0.684 0.270 0.046
single-environment 0.910 0.085 0.003
multi-environment 0.947 0.051 0.002

Table 4.4: Comparison between models trained on a single and multiple scenarios;
in the table are also shown the performances of baseline models featuring random
or constant (go) outputs. The data confirm that agents learning simultaneously on

different scenarios features stronger generalization capabilities

Furthermore, the model trained on a variety of different scenarios outperforms the
single-environment model, obtaining results which are not far from the performances

obtained in a roundabout present in the training set.

4.4.5 Evaluation with real-world data

A preliminary validation of the proposed approach in real-world has been done
recording data with a test vehicle. In these first tests, the system has been evaluated
only in sequences in which the vehicle was in a static position, so that it has been
possible to compare the output of the system with those of humans, and it has been
avoided to put people at risk; unfortunately, this means that the negotiation capabilities

of the system are marginally verified since the actuation loop has not yet been closed.

Equipment

For acquiring real-world data it has been used a Volkswagen Tiguan equipped with
different sensors, shown in Figure 4.6. In particular, obstacles detection has been per-
formed using algorithms based on information coming from the Smartmicro UMRR-11
([112]) radar positioned in the front bumper of the vehicle; moreover, live images have

been recorded using the Ambarella SuperCam ([113]) camera mounted on the rack
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Figure 4.6: Volkswagen Tiguan used as test vehicle for acquiring real-world data;

in red it is highlighted the radar used for detecting obstacles, in blue the camera for
recording images and in green the antennas of the GNSS-INS positioning system

positioned on the vehicle rooftop.

The localization of the vehicle has been achieved by the Applanix POS LV ([114])
high-precision GNSS with INS augmentation (see Section 1.2.5), featuring two an-
tennas for removing constant offset errors in the estimated position and consenting to
track the heading of the vehicle.

Data collection

Data have been collected in the three-entries roundabout shown in Figure 3.3a, and
consist of both output of the perception and localization systems and video sequences.
The video sequences has been shown to 7 different people at normal speed, and

to each of them were asked to select the action they would have performed at every
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instant, which could be either to enter the roundabout or to wait at the stop line.
Different driver profiles have been emulated by varying the threshold of humans
which would have entered at every time-step: a prudent driver which would enter the
roundabout only if above the 75% of the users agree with this choice, an average driver
with the threshold set to 50% and an aggressive one which would perform the entry if

at least one of the users would have done it.

Results

The three driving profiles have been compared with the output of the developed high
level module: again, it has been simulated the three different driving style by setting
the impetus of the maneuver to —1.0 for the prudent driver, 0.0 for the average driver
and 1.0 for the aggressive one.

The result of this empiric comparison in one sequence is shown in Figure 4.7;
the average match between the output of the module and the decisions of the human
drivers is around 85%, which is comparable with the matching ratio obtained between
two different human outputs. For this reason, these tests can be seen as a positive
index for the deployment of the module in real world, and future tests will be directed
towards closing the loop and using the output of the module for commanding the

vehicle.
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Figure 4.7: Comparison between the actions taken by the human-based driving profiles
and the outputs of the maneuver module for performing an entry in the roundabout
shown in Figure 3.3a; three different driving profiles, based on the ratio of human
drivers which would have perform the entry at every instant (> 75%, > 50%, > 0%)),
have been compared with the output of the maneuver module with three different
impetus level (—1.0,0.0,1.0).



Chapter 5

Conclusions and Future

Developments

The goal of this project was the development of high-level modules for self-driving
vehicles useful to coordinate the execution of complex maneuvers; in particular,
such modules are useful in situations in which classical planning algorithms fail to
accomplish the maneuver in an efficient way. For example, focus has been placed in
the roundabout insertion, where, for a smooth execution, it is required a prediction
over the intentions of the other road occupants as well as interaction capabilities in
order to negotiate the insertion.

For this task, a machine learning approach has been followed, in which the
maneuver is learned and optimized throughout a training phase instead of manually
designed. In particular, the adopted solution used an algorithm of the family called
Deep Reinforcement Learning, which goes beyond pure imitation learning and learns
the maneuver by exploring actions through a trial-and-error approach.

This solution, however, requires many data to lead to proper behaviors, and it
would be needed a fleet of vehicles to acquire enough data.

In order to achieve the goal with the limited resources at disposal, the maneuver has
been learned in simulation instead of in real world; however, state-of-the-art driving

simulators, even if available with a broad range of graphic realism, are populated by
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vehicles whose behaviors are very far from that of humans.

For this reason, it has been developed a simulator based on a novel multi-agent
Deep Reinforcement Learning algorithm, in which vehicles learn during a training
phase how to negotiate with each other. These agents learn to take actions having
as input synthetic images of their surroundings, making this approach scalable and
adoptable in a broad range of situations without the need of hand-designed input
features; furthermore, the proposed solution permits to simulate drivers with infinite
many driving styles, in order to include inside the simulation prudent as well as
aggressive drivers. This simulator has been developed having in mind the possibility of
building the agent synthetic inputs with the data coming from the perception systems
on-board self-driving vehicles, so that modules developed upon the simulator can be

deployed in real-world with limited domain gap.

Once developed the simulator and trained the agents to mimic human behaviors,
this synthetic environment has been used to learn a module able to give high-level
maneuver for a safe entry in roundabouts, using a similar approach to the one followed
to train agents inside the simulator; the learned module is capable of estimating future
trajectories of the other road occupants and implicitly negotiating through driving
actions with them, so that an efficient entering is obtained. Moreover, the impetus of
the maneuver can be tuned at will, so that even difficult situations, such as entering
a very busy roundabout, can be accomplished successfully, when classical approach

would have led to undefined waits.

Besides, additional considerations have been taken into account in order to make
the system suitable for real-world driving and reducing even further the domain gap
between simulation and real driving situations: indeed, noise has been injected both
in the obstacle perception and in the agents trajectories, in order to make the system

more robust to imperfections which are natural in a real self-driving environment.

Empirical tests have been conducted in order to validate the proposed approach
by acquiring real world data and comparing the output of the system with those of
human drivers; in order to make this comparison possible, the recorded sequences
have been taken with the vehicle in a static position, that is without actuating the

output decisions.
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Further tests will be directed toward closing the actuation loop and executing at
real-time the actions predicted by the module so that also the negotiation capabilities
can be measured.

Finally, the same approach will be followed to develop high-level maneuver

module for other critical maneuvers, such as intersection handling and overtaking.
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