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ABSTRACT

Investigating the Missing Pieces of Sensorimotor Reinforcement
Learning Agents for Autonomous Driving
Ege Onat Ozsiier
Master of Science in Computer Science and Engineering
September 5, 2023

Reinforcement Learning (RL) has the potential to surpass human capabilities in
self-driving without needing any expert supervision. Despite its promise, the state-
of-the-art in sensorimotor self-driving is dominated by imitation learning methods
due to the inherent challenges of RL algorithms. Nonetheless, RL agents are able
to discover highly successful policies when provided with privileged ground truth
representations of the environment. In this work, we investigate what separates
privileged RL agents from sensorimotor agents for urban driving in order to bridge
the gap between the two. We propose vision-based deep learning models to approx-
imate the privileged representations from sensor data. In particular, we identify
aspects of state representation that are crucial for the success of the RL agent such
as desired route generation and traffic light prediction, and propose solutions to
gradually remove privileged information for each with the existing computer vision
approaches. Through rigorous evaluation on the CARLA simulation, we shed light
on the significance of the state representation in RL for autonomous driving and

outline unresolved challenges for future research.

111



OZETCE

Sensore Dayal1 Pekistirmeli Ogrenme ile Otonom Siiriis igin Eksik
Kalan Parcgalarin Incelenmesi
Ege Onat Ozsiier
Bilgisayar Miithendisligi, Yiiksek Lisans
5 Eylil 2023

Pekigtirmeli Ogrenme (PO), herhangi bir uzman denetimine ihtiya¢ duymadan otonom
siirig konusunda insan yeteneklerini agma potansiyeline sahiptir. Buna ragmen,
sensore dayali otonom siirtigteki en son teknolojiler biiyiik cogunlukla taklit ile
ogrenme yontemine dayanmaktadir. Bunun sebebi PO algoritmalarmin dogasinda
olan zorluklardir. Bununla birlikte, PO modelleri, ortama iliskin gercek referans
degerlerden olugan ayricalikli durum temsilleri ile egitildiginde son derece basgarili
politikalar kesfedebilmektedir. Bu caligmada, ayricalikli durum temsili kullanan ve
sensore dayali PO modelleri arasindaki performans farklarmin sebepleri aragtirilmaktadr.
Sensor verilerinden ayricalikli durum temsillerini tahmin etmek icin goriise dayal
derin 6grenme modellerini kullanan ¢oziimler 6nerilmektedir. Ozellikle, istenen rota
olugturma ve trafik 15181 tahmini gibi PO modelinin basgarisi i¢in hayati 6nem tagiyan
durum temsilleri belirlenmektedir ve mevcut bilgisayarli gorme yaklagimlariyla her

biri i¢in ayricalikl bilgilerin kademeli olarak kaldirilmasina yonelik ¢oztimler 6nerilmektedir.
CARLA simiilasyonu iizerinde yapilan degerlendirme sayesinde, otonom stiriig i¢in
PO’de durum temsilinin énemine 151k tutulmustur ve gelecekteki aragtirmalar icin

¢oOziilmemis zorluklarin ana hatlar ¢izilmistir.
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Chapter 1

INTRODUCTION

1.1 Motivation

Traffic accidents result in the loss of a staggering 1.3 million lives every year, being
the leading cause of death for people between ages 5-29, and costing most countries
3 percent of their gross domestic product[Organization, 2018]. From an analysis of
2,189,000 accidents that were filed to the United States Department of Transporta-
tion in a survey, 94 percent of accidents were determined to be caused by driver
errors[Singh, 2015]. As human limitations play a pivotal role in these tragedies, the
concept of autonomous driving presents itself as an attractive avenue for mitigating
such errors and, consequently, substantially reducing traffic accidents.

The study of autonomous driving not only promises to significantly reduce these
accidents, but it also could be used as a way to reduce traffic congestion and reduce
carbon emissions[Fu et al., 2023]. A report by Lin et al.[Lin et al., 2021] shows that
as little as 20 percent of the vehicles on the road being replaced with autonomous

vehicles could make a noticeable positive difference in traffic flow.

1.2 Current State of Autonomous Driving

Supported by the rapid advances in deep learning, computer vision and robotics, self-
driving vehicles are now closer than ever. In fact, vehicles with limited self-driving
capacity are already available for purchase. However, full self-driving is a different
problem with unique challenges. Despite self-driving vehicles being presented as
being just around the corner for about a decade now[Korosec, 2015, Hart, 2023],

it is still not possible to remove a human driver from a vehicle and guarantee safe
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driving.

There are various technical reasons that make full self-driving difficult. An au-
tonomous driving agent must be able to make critical decisions in milliseconds to
ensure safe driving. The agent must also be capable of handling all the unexpected
situations it can encounter in the real world, some of which are going to be absent
from the agent’s training data. Additionally, when a novel approach is proposed,
safety concerns prevent easy testing and deployment of the agents in the real world,
slowing down progress.

Despite all these challenges, the field of autonomous driving research is highly
active. A critical contributing factor that allows research to continue without being
hindered by the aforementioned economic and safety concerns is realistic driving
simulators. The usage of simulation environments allows researchers to develop new
solutions without the costs or safety risks of testing self-driving agents in the real
world. In addition to lowering the barrier to entry of autonomous driving research,
these simulators increase comparability between different methods by evaluating
agents under the same driving scenarios.

The traditional approach to autonomous driving includes a modular pipeline,
where there are separate modules for tasks such as localization, object detection,
planning, control, etc. Each of these modules is generally optimized for a separate
metric that is defined for its task. While this makes the design and testing of
individual parts of the autonomous driving pipeline easier to manage, it also means
the system as a whole is not optimized for the driving performance metrics we
actually care about. An example of this could be a semantic segmentation network
optimized to generate segmentation masks with a high intersection-over-union for
pedestrians. In reality, we do not care about every pixel belonging to a pedestrian
equally, a human driver would pay more attention to pedestrians that are closer,
and pedestrians that might move towards the road. Learning such relations would
require the segmentation network to be trained together with the control network,
allowing the perception network to focus on parts of the sensor inputs that are
important for generating suitable actions.

This realization, combined with the recent advances in machine learning meth-
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ods, encouraged researchers to turn towards end-to-end solutions. End-to-end solu-
tions learn to map raw sensor inputs directly to driving actions. This reduces the
hand-tuning and engineering efforts associated with designing a modular pipeline im-
mensely, however, this optimization process is also significantly harder. The model
is expected to handle the tasks of perception, planning, and control implicitly in
the layers of its neural network. However, this also means the entire driving model
can be optimized for metrics we actually care about, such as safe and comfortable
driving.

There are two major approaches among the state-of-the-art autonomous driving
literature attempting to replace modular pipelines with deep learning methods that
can be optimized jointly. The first approach is imitation learning methods, specif-
ically approaches involving behavior cloning, a way of training neural networks to
approximate the actions of an expert agent. Imitation learning methods are ap-
pealing because of the abundance of training data. By equipping everyday vehicles
with sensors, it is possible to generate vast training datasets through humans acting
as driving experts and collecting labeled data. However, imitation learning meth-
ods have a major limitation because of distribution shift. Distribution shift is a
mismatch between the training dataset and the testing environment, which occurs
naturally as imitation learning agents make minor mistakes that carry them into
novel states not present in the training dataset. As the agent moves away from
states the expert driver would visit, it starts making worse choices, which takes
it into states that are even further from expert demonstrations, creating a loop of
exponentially deteriorating driving decisions. While there are ways of reducing the
severity of this problem, it remains a significant limitation.

The second approach is reinforcement learning (RL), where instead of expert
imitation, an agent is trained for the discovery of an optimal policy that maximizes
a cumulative sum of rewards of our choosing. There are different algorithms to make
this possible, including offline RLL methods which require an expert dataset similar to
imitation learning, and online RLL methods that require interaction with the driving
environment. Online RL methods in particular have the advantage of completely

removing the distribution shift problem, as the agent optimizes itself by making
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continuous rollouts in the environment and generating its own data to learn from.
However, RL methods have their own disadvantages compared to supervised learning
approaches, having lower sample efficiency, worse convergence properties, and more
complex training schemes that are brittle towards changes in hyperparameters.

The training and evaluation of most of these state-of-the-art methods are made
possible by the CARLA open-source autonomous driving simulator[Dosovitskiy et al.,
2017]. CARLA is an urban driving simulation designed to be a realistic training and
testing ground for autonomous driving algorithms. The simulator allows the usage
of sensors such as RGB cameras, LIDAR’s, GNSS and IMU sensors, and more.
CARLA also defines challenging scenarios that have a high probability of causing
accidents, such as occluded pedestrians suddenly moving toward the vehicle’s path,
allowing autonomous agents to be evaluated in rare and critical situations without
any safety risk.

In the last years, the CARLA simulator leaderboard has seen an influx of im-
itation learning methods that improve performance through the usage of various
new architectures|Chitta et al., 2021], auxiliary supervision methods[Chitta et al.,
2022] and training schemes [Chen and Krahenbiihl, 2022]. On the other hand, RL
methods have been on the decline, with no RL-based method present in the top 10
methods listed on the leaderboard at the time of writing. While this can be partially
because training RL agents is a relatively high-effort task in comparison to imitation
learning methods, we believe there to be some missing technical discovery holding

back progress in the field.

1.3 Contributions

In this work, we investigate the specific problems holding back reinforcement learn-
ing agents from achieving superhuman driving performance. To that end, we turn
our attention towards the only reinforcement learning agent that surpasses expert
performance to our knowledge, the ROACH method by Zhang et al.[Zhang et al.,
2021]. Zhang et al. train an RL agent in their work to act as an oracle in assisting

the learning processes of other agents. This expert agent surpasses even the au-
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topilot of the CARLA method in some of their benchmarks. While their method
accesses internal simulator data to function and is therefore not comparable to real-
istic sensor-based methods, their RL training method consistently trains stable and
successful RL agents. We conduct a comprehensive analysis of their methodology,
with a particular focus on discerning the specific attributes that confer a competitive
advantage over alternative approaches.

Our contributions are three-fold: We investigate how the reinforcement learning
problem formulation of ROACH is different from standard sensor-based agents. We
analyze which differences contribute to the success of ROACH and to what degree.
Since our findings for these two research questions suggest the success of the agent
is heavily dependent on the state representation of ROACH, we then focus on how
we can replace the unrealistic state representations with sensor-based alternatives.
Our final and most important contribution is investigating how computer vision
models can be utilized to replace the state representation of ROACH, highlighting
the missing pieces required to reach state-of-the-art.

We believe that our work provides an important starting point for future rein-
forcement learning research on the CARLA[Dosovitskiy et al., 2017] autonomous
driving benchmark. We also highlight how computer vision methods can be utilized
for autonomous driving, and where they fall short. Our hope is that by showing
where existing models fall short, we aid computer vision researchers to align them-

selves with the needs of autonomous driving research.
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Chapter 2

RELATED WORK

2.1 Imitation Learning

Imitation learning has been used for autonomous driving since before the preva-
lence of deep learning methods and has shown success in tasks like lane following
[Pomerleau, 1988] and off-road obstacle avoidance [Muller et al., 2005]. However,
these methods did not generalize to the challenging urban driving problem. Mod-
ern imitation learning methods on the CARLA [Dosovitskiy et al., 2017] simulator
were initiated by the Conditional Imitation Learning (CIL)[Codevilla et al., 2018]
architecture. In order to extend imitation learning to the urban navigation setting,
Codevilla et al. propose a novel branched architecture that conditions actions on
high-level route commands by using a different head to generate separate actions
for each possible command. In follow-up work, they explore the limitations of their
modified behavior cloning approach [Codevilla et al., 2019] and improve performance
significantly by using a larger model and an auxiliary loss to predict the vehicle’s
speed.

A significant issue of the imitation learning family of methods is distribution
shift, which causes the policy to suffer from compounding errors as it diverges from
the states present in the expert demonstrations. In order to circumvent this dis-
tribution shift problem, Chen et al. [Chen et al., 2020] use ground truth bird’s
eye view semantic segmentation maps as input to train an expert agent, which can
provide supervision to a sensorimotor agent as it is deployed in the simulation. The
availability of expert supervision for on-policy data allows the usage of data aggre-
gation techniques like DAGGER[Kumamoto et al., 1980] to mitigate distribution
shift. An extension of this work called Learning from All Vehicles (LAV)[Chen and

Krahenbiihl, 2022] achieves much higher performance by using every agent in the
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scene as a source of supervision.

An important aspect of autonomous driving is input representation, as it usually
involves multiple sensor inputs such as RGB images, LIDAR point clouds, GNSS
coordinates, and IMU readings. Which sensors to use while training an agent is
an engineering decision, for example, while LIDAR can significantly improve safety
while driving around vehicles and pedestrians[Chitta et al., 2022], it also increases
computational complexity and results in a sensor setup that would be much more
costly to build in the real world.

Another possibility regarding model inputs is the usage of intermediate represen-
tations. Intermediate representations are inputs for an autonomous driving system,
usually generated through processing the sensor inputs with a deep learning model
or by accessing normally hidden simulator variables. The expert model of LBC[Chen
et al., 2020] is an example where a bird’s eye view (BEV) semantic segmentation
map is used as an intermediate representation. Behl et al. [Behl et al., 2020] in-
vestigate intermediate representations for autonomous driving, focusing on semantic
segmentation and analyzing the task-relevant object classes, showing that a good
intermediate representation can play a crucial role in driving performance.

The actions generated by autonomous driving agents can also be represented in
multiple ways. The simplest representation is to predict the raw control values for
steering and acceleration as is done in early work|[Codevilla et al., 2018, Chen et al.,
2020, Ohn-Bar et al., 2020]. Later state-of-art imitation learning papers [Chitta
et al., 2022, Chitta et al., 2021] have shown that predicting multiple future waypoints
instead of raw actions, and using a PID controller to convert these waypoints to raw
actions can boost performance. Most recently, Wu et al. [Wu et al., 2022] show that
both waypoints and raw action representations can be helpful in different situations,
and dynamically weighting the results of the two action predictions can result in

greater performance.
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2.2 Bird’s Eye View Perception

BEV perception models play a crucial role in enhancing the situational awareness
and decision-making capabilities of autonomous driving systems. By providing a
top-down view of the surrounding environment, BEV models offer a comprehensive
understanding of the spatial relationships between the vehicle and its surroundings.
These models often fuse information from various sensors such as LiDAR, cameras,
and radar to generate a holistic representation of the scene. The BEV perspective
provides a combined representation of surrounding vehicles, pedestrians, objects,
lane markings, and road topology, which are essential for tasks like lane-keeping,
object avoidance, and path planning. Furthermore, BEV perception models are
instrumental in addressing challenges posed by occlusions, complex intersections,
and urban environments where traditional sensor perspectives might fall short. As
autonomous vehicles navigate diverse and dynamic environments, BEV perception
models contribute to the robustness and safety of their operation, facilitating accu-
rate decision-making and enhancing overall road safety.

BEV semantic segmentation models are closely related to our research in partic-
ular. The conventional approach of BEV semantic segmentation models is to encode
the RGB image inputs with convolutional layers, project them to BEV coordinate
space, and decode them with a semantic segmentation head. The BEV projection
technique used by models plays a large role in their architecture and performance,
which is a unique problem that makes this task more difficult in comparison to the
conventional semantic segmentation task.

Among the state-of-the-art models, Lift-Splat-Shoot (LSS)[Philion and Fidler,
2020] uses a depth prediction module and projects encoded features from the cam-
era space to the BEV space based on this depth estimation. The success of this
method naturally depends on successfully predicting the depth values of the RGB
image, however, if the depth model is perfect, the features are only projected to
the surface of an object, which might make it difficult to segment them entirely. A
later work called BEVFormer [Li et al., 2022] instead utilizes deformable attention

to learn a mapping function that maps features in the image space to a feature grid



Chapter 2: Related Work 9

in the BEV space. BEVFormer achieves great performance in both the semantic
segmentation task and the object detection task. However, their heavy transformer-
based architecture combined with the learned projection method results in a very
large model that is difficult to train or use. Finally, SimpleBEV[Harley et al., 2023]
proposes a strikingly straightforward way of using simple parameter-free bilinear in-
terpolation between RGB space and BEV space. This method performs surprisingly

well while reducing hardware requirements and reducing training time.

2.3 Reinforcement Learning

Reinforcement learning agents for autonomous driving on the CARLA simulator
generally fall short of imitation learning methods in performance. However, the
promise of training agents not affected by distribution shift, or generating agents
that can surpass human driving still act as powerful motivators for RL researchers.

The first deep RL method for autonomous driving on CARLA, proposed as a
baseline in the CARLA challenge [Dosovitskiy et al., 2017] itself, uses the A3C
algorithm with discrete actions [Mnih et al., 2015] but fails to be comparable to the
performance of imitation learning. One of the first approaches that achieved state-
of-the-art results by Liang et al. [Liang et al., 2018] uses DDPG with continuous
actions [Lillicrap et al., 2016] by initializing the policy network from an imitation
learning agent. Toromanoff et al. [Toromanoff et al., 2020] first train a network
to predict affordances related to the environment along with semantic segmentation
maps. They then freeze this network and use its bottleneck features to train an RL
agent using the Rainbow-IQN algorithm [Hessel et al., 2018]. Chen et al. [Chen
et al., 2021] follow a model-based approach by factorizing the driving state and the
world model. The world is assumed to be independent of the agent’s actions which
allows training in pre-recorded driving logs. Despite this limiting assumption, which

almost never holds, it outperforms model-free methods.
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Chapter 3

PRELIMINARIES

In this chapter, we provide a primer by clarifying fundamental concepts, termi-
nology, and methodological foundations that form the basis of our research. This
knowledge equips readers with the understanding needed to grasp the following chap-
ters of this thesis. The first section will go over the basics of reinforcement learning.
The second section will explain the methodology of ROACH|[Zhang et al., 2021].
The third and final section will go over the limitations of the privileged ROACH
approach, and the aspects preventing it from being used as an unprivileged driving

agent.

3.1 Reinforcement Learning

Reinforcement Learning is a branch of machine learning focused on training agents
to make sequential decisions in dynamic environments, with the aim of maximizing a
cumulative reward. At its core, reinforcement learning involves an agent interacting
with an environment, taking actions, and receiving feedback through rewards. The
agent’s primary objective is to learn an optimal policy to optimize the expected
cumulative reward over time. Figure 3.1 depicts a basic RL loop and the interaction

between the agent and the environment.

3.1.1 Markov Decision Processes

Reinforcement learning problems are often formulated as Markov Decision Processes
(MDPs). An MDP is formally defined by the tuple (S, A, P, R), where the elements
of the tuple are defined as:

e S: The space of all possible states

e A: The space of all possible action
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Agent

State Reward Action

Environment €«—

Figure 3.1: An overview of a standard single-agent reinforcement learning (RL)
process. RL revolves around the interaction between an agent and an environment.
The actor makes decisions by taking observations as input and generating actions.
The environment responds by providing updated observations and reward signals.

e P: The transition probability function that defines the probability of transi-

tioning from one state to another after taking a particular action.

e RR: The reward function

3.1.2 State

A state s € S, where S is the state space, represents the current situation or obser-
vation of the environment. It serves as the context for the agent’s decision-making
process, containing essential information that influences its actions and strategies.
The choice of how a state is represented plays a pivotal role in guiding the agent’s
learning and performance within the environment. The ideal state should be as in-
formative as possible without incorporating data that is unrelated to the task, both
to make the learning task easier and to increase efficiency. As the state space be-
comes high dimensional, exploring all possible state configurations quickly becomes
harder, which can become a problem when the model faces new situations. More-
over, the state should ideally contain low amounts of noise, considering that most
RL methods already suffer from sample efficiency and convergence issues that could

be intensified by noisy inputs.
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3.1.3 Action

An action a € A, where A is the action space, refers to the choices or decisions that
an agent can make within a specific state. Actions are the agent’s way of interacting
with its environment, influencing future states and the rewards it receives. Actions
can take different forms, including discrete choices or continuous values.

Discrete actions offer simplicity and computational efficiency, suitable for tasks
with well-defined choices. However, they may lack the granularity needed for tasks
demanding fine control. In contrast, continuous actions provide nuanced decision-
making, vital for precise control tasks. Yet, managing continuous actions requires

handling complexities in optimization and exploration strategies.

3.1.4 Policy

A policy 7 defines the agent’s strategy for acting in the world based on the states
it finds itself in. For a wide range of problems, policies are parametric. A policy
can be a deterministic mapping from states to actions in the form of a = my(s) or a
distribution over actions given states such as my(als). The goal of a policy-based RL
agent is to select actions that will achieve its goals, which translates to optimizing

the policy parameters 6 to maximize the cumulative sum of rewards.

3.1.5 Reward Function

A reward function R(s, a) in reinforcement learning is a mathematical construct that
quantifies the immediate desirability of an agent’s actions within a specific state. It
assigns numerical values to the outcomes of the agent’s actions, providing a measure
of the immediate benefit or cost associated with each action. The role of the reward
function is critical, as it guides the agent’s learning process by providing feedback on
the quality of its decisions. An effective reward function should ideally offer dense
and informative feedback to guide the agent’s learning process effectively. Poorly
designed reward functions can lead to an agent being unable to find good policies,
or can inadvertently lead to undesired agent behavior.

The goal of an RL agent is to find an optimal policy, denoted as 7*, that max-
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imizes the expected cumulative reward. This can be expressed with the following

equation:

7 = argmax E
™

> ' R(s:, W(st))] (3.1)

t=0
where ~ is the discount factor that quantifies the preference for immediate re-

wards over future rewards.

3.2 ROACH

The ROACH autonomous driving agent by Zhang et al.. [Zhang et al., 2021] is
a privileged reinforcement learning agent that is designed to be used as an expert
agent. A privileged method in the context of autonomous driving in the CARLA
simulator [Dosovitskiy et al., 2017] is any method that relies on information not
available through the sensor interface that is designed to emulate the sensors avail-
able to real-world self-driving vehicles. While an agent that relies on privileged
data cannot be fairly compared to sensorimotor agents, they can still be utilized
as experts. Expert agents are used to generate behavior cloning datasets, or even
to provide direct feature supervision to assist the learning process of other agents
[Wu et al., 2022, Zhang et al., 2021, Zhang et al., 2023]. This makes such privileged
experts valuable for autonomous driving research despite their reliance on internal
simulator representations, which would not be available to a self-driving vehicle in
the wild.

The expert ROACH agent is the baseline for our experiments, and it acts as an
upper bound for unprivileged sensorimotor RL agents. This section will provide a

thorough overview of the problem formulation, and deep learning model architecture.
3.2.1 Problem Formulation

State Space

The state representation s of the ROACH expert is made up of two components,
Spev and Smes- The BEV representation spey replaces the role traditionally handled

by RGB images in sensorimotor agents, consisting of BEV semantic segmentation
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Figure 3.2: Visualization of spey

maps Spev € [0, 1]*H*W These BEV masks cover a square area with sides of 38.4
meters, where the ego-vehicle is aligned to be horizontally centered, and 8 meters up
vertically from the bottom of the map area. The BEV masks are rendered in 192x192
resolution and contain 15 channels. There are 4 temporally stacked channels each
for vehicles, pedestrians, and “stop zones”. Stop zones are a construct utilized in the
CARLA simulator to represent areas where a vehicle should not move, and they are
all linked to a traffic light or stop sign that controls the stop zone’s state. When a
corresponding traffic light for a stop zone turns red, the stop zone’s area is rendered
in BEV frame’s corresponding channel. There is additionally one channel each for
roads, lane lines, and the “desired route”. The desired route is the fine-grained path
the agent should take to reach the next waypoint, calculated by accessing the road
topology from the simulation internals and visualized in the BEV coordinate space.
Visualizations of these BEV masks are given in 3.2.1.

In addition to the BEV masks, the state includes a vector of scalar measurements

Smes € RY, which is composed of the steering, throttle, brake, vehicle gear, lateral
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and horizontal speed values observed in the last time step. These measurements are

relatively easy to obtain and are not considered privileged.

Action Space

In the CARLA simulator, the raw actions required to control a vehicle are steering,
throttle and brake. The steering action is in the range of [—1, 1], with -1 being fully
steering to the left and +1 being fully steering to the right. The throttle and brake
actions are both in the range [0, 1], with 0 being no action and 1 being full throttle
or brake, respectively. However, the convention in the state-of-the-art is to combine
the throttle and brake actions into a single acceleration action in the range [—1, 1],
with -1 being mapped to full braking and 41 being full throttle. This simplifies
the action space to be in the range a € [—1,1]* while preventing the agent from
predicting actions that would apply throttle and brakes at the same time. ROACH

follows this action representation without any discretization or modification.

Reward Function

The reward function used by the RL Expert is a reward function designed by Toro-
manoff et al.. [Toromanoff et al., 2020]. The reward function they propose consists
of 3 main components:

Desired Speed Component: The speed component 74,q incentivizes the agent
to maintain a speed appropriate for the current context. The reward is maximal
(equal to 1) when the agent travels at the desired speed, linearly decreasing to 0 if
the agent’s speed deviates from this target. The desired speed adapts dynamically
to the situation based on hand-tuned rules first proposed by Toromanoff et al..
[Toromanoff et al., 2020]. The desired speed decreases as the agent approaches
obstacles, pedestrians, bicycles, vehicles, or red traffic lights. It returns to the
maximum allowed speed of 6 m/s when conditions permit.

Desired Position Component: This component 7,45 encourages the agent to
remain within the lane corresponding to the desired route. It is inversely propor-

tional to the distance between the agent’s position and the middle of the desired
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Figure 3.3: The green vehicle depicts the lateral distance from the road center used to
calculate rp0s. The red vehicle depicts the rotational difference between the vehicle
and the correct heading used to calculate r.o¢. Figure adapted from Toromanoff et
al. [Toromanoff et al., 2020]

lane, computed using the privileged waypoint information from the simulator. The
reward reaches its maximum (0) when the agent is precisely in the middle of the
lane and decreases linearly to -1 as the agent deviates further from the lane cen-
ter. The episode terminates if the agent exceeds a predefined maximum distance of
3.5 meters from the lane center. Additionally, the episode can terminate for other
reasons, such as collisions, running a red light, or becoming stuck, with the agent
receiving a reward of -1 in such cases.

Desired Rotation Component: To mitigate oscillatory behaviors observed
when relying solely on the previous two components, a third reward component,
desired rotation 7., is introduced. This component is inversely proportional to
the angular difference between the agent’s orientation and the orientation of the
nearest waypoint on the optimal trajectory. This reward discourages the agent from
deviating from the optimal path.

A visualization of the desired position and rotation components is given in Figure
3.2.1. The final reward can be summarized with the following formula as a weighted

sum of the three components:
T = OspdTspd + AposTpos + QpotTrot (32)

The advantage of this reward function is that it is very dense, giving direct

supervision to the RL agent in every time step, which is a common requirement
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Figure 3.4: Visualization of ROACH|[Zhang et al., 2021] RL Expert’s model archi-
tecture.

for RL algorithms to perform well. The disadvantage is the amount of engineering
tuning required to prevent unwanted behaviors from emerging. The reward function
consists of three main components: desired speed, desired position, and desired

rotation, each contributing to shaping the agent’s behavior.

3.2.2 Model Architecture

The ROACH expert’s network architecture, illustrated in 3.2.2, is designed to pro-
cess the BEV representation of the environment and integrate crucial measurement
vectors for autonomous driving to first generate a joint feature vector, and then
process those features with two separate heads, tasked with generating action dis-
tributions and predicting the value of the current state. We describe the parts of
the model below.

BEV Encoder: The BEV encoder consists of six convolutional layers respon-
sible for encoding the BEV representation spey. These convolutional layers are
instrumental in extracting high-level features from the BEV, enabling the model to
comprehend the spatial layout of the environment effectively.

Measurement Vector Encoder: To incorporate measurements spyes that are
difficult to represent in the BEV space, two fully connected layers dedicated to en-
coding the measurement vector are employed. This component ensures that critical

real-world data, such as sensor measurements, are seamlessly integrated into the



Chapter 3: Preliminaries 18

network.

Joint Encoder: The outputs from the BEV encoder and the measurement
vector encoder are concatenated to form a combined feature representation. This
combined feature representation is subsequently processed by an additional two
FC layers. This processing results in the generation of a combined latent feature
denoted. This latent feature serves as the input for two distinct heads within the
network:

Value Head: The value head comprises two FC hidden layers and is responsible
for estimating the expected cumulative rewards, or the value, associated with a
particular state. Accurate value estimation is critical for assessing the desirability
of different states and actions during policy optimization.

Policy Head: The policy head, akin to the value head, consists of two FC hidden
layers. Its primary role is to generate the probability distribution over available
actions. This distribution guides the agent’s actions as it navigates through the

environment.

3.3 Comparison Between Privileged and Sensorimotor Agents

It is expected that privileged agents can achieve better driving performance in com-
parison to sensorimotor agents. However, we observe that the usage of privileged
information creates an immense difference in the case of RL, while imitation learning
agents cannot utilize the same privileged data as effectively. This claim is examined
in Table 3.1, where two BEV semantic segmentation map-based privileged meth-
ods[Zhang et al., 2021, Chen et al., 2020] are compared against two sensorimotor
methods that rely on images from regular RGB cameras. Despite being the best-
performing sensorimotor RL method at the time of writing, the World On Rails
method’s driving score falls short of all other methods in the table. On the other
hand, the similarly vision-based imitation learning method NEAT achieved equiva-
lent performance to a privileged behavior cloning method. This motivates the idea
that RL is still a promising approach to generating successful autonomous driving

agents, and the problem of the state-of-the-art sensorimotor RL agents lies in their
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Table 3.1: Comparison of the ROACH expert with state-of-the-art example imitation
learning and RL methods on the Longest-6 benchmark of the CARLA Simulator.
RC is the route completion percentage, IS is the infraction score that quantifies
the penalty an agent accumulates from breaking traffic rules, and DS is the main
metric of the CARLA benchmark, calculated by multiplying RC and IS.

Method RL | Privileged | DS RC IS
ROACH Expert + + 60.14+2.40 | 85.83£0.60 | 0.69+0.03
[Zhang et al., 2021]

World On Rails + - 17.364+2.95 | 43.464+2.99 | 0.54+0.06
[Chen et al., 2021]

Learning by - + 24.08+2.83 | 73.36+1.08 | 0.31+0.06

Cheating Expert

[Chen et al., 2020]
NEAT - - 24.08+3.30 | 59.94+0.50 | 0.49+0.02
[Chitta et al., 2021]

noisy, high-dimensional state representations.

This realization that a good input representation is the critical missing piece
for successful RL agents in autonomous driving is our motivation for examining the
privileged components of the state space of ROACH and how they could be replaced
with sensor-based approaches to pave the way for RL agents that are on par with
imitation learning agents. As the privileged information is entirely in the BEV
representation, the next chapter focuses on the specific challenges of predicting each
channel from sensor data and our proposed approaches to bridge the gap between

privileged and vision-based RL for autonomous driving.
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Chapter 4

TOWARDS UNPRIVILEGED REINFORCEMENT
LEARNING

The privileged BEV semantic segmentation mask inputs to the ROACH|[Zhang
et al., 2021] architecture are critical to the success of the agent. In order to replicate
the privileged expert RL agent’s success with an unprivileged sensorimotor agent, we
propose to use separate prediction models for each BEV channel in the privileged
expert’s state. While some channels are possibly predictable through the recent
RGB-to-BEV methods, desired routes require additional information, such as GNSS
and IMU readings, and predicting the locations of stop zones without accessing
the simulator’s internal representation presents additional challenges. This chapter
describes the challenges associated with predicting each BEV channel of ROACH’s
BEV representation spey in detail, how we propose to replace them with predicted
components, and our experimental results.

For all our experiments where an RL agent is trained, we use the same envi-
ronment and the same training scheme as the RL expert of ROACH. We leave the
deep learning architecture of the RL agent untouched except for the initial layers to

accommodate different input sizes.

4.1 BEYV Perception

In this section, we investigate which channels can be successfully predicted by the
state-of-the-art BEV perception models, and how their replacement affects the per-
formance of the RL agent. We consider three possible BEV perception models for
the task, Lift-Splat-Shoot[Philion and Fidler, 2020], BEVFormer|Li et al., 2022] and
SimpleBEV[Harley et al., 2023]. Out of these three, BEVFormer would be the most

suited for the task at hand, as it can simultaneously segment road and lane lines
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while predicting bounding boxes for vehicles and pedestrians. Unfortunately, this
multitask performance comes at the cost of a much heavier model, which makes it
infeasible to use in RL training. Since we need these perception systems to be ac-
tive through millions of steps of RL training along with the already GPU-intensive
CARLA simulators and our RL agent, hardware constraints and training time pose
significant limitations. Lift-Splat-Shoot can be used with a smaller backbone, how-
ever, it relies on first solving a depth-prediction task to project features from RGB
space to BEV space, increasing latency and memory constraints. We find Simple-
BEV to perform better with fewer parameters and smaller latency, which fits their
claims regarding the advantages of parameter-free projection of RGB features to the
BEV coordinate space. We proceed to use their architecture with an EfficientNet-
BO[Tan and Le, 2019] backbone for all of our final experiments.

Taking these BEV perception models optimized for other benchmarks such as
NuScenes[Caesar et al., 2020], generating suitable datasets for their training, and
finding the right configuration to achieve comparable results on CARLA is a non-
trivial task. The following sub-sections will explain the critical modifications we
made to the SimpleBEV model to make it work on CARLA [Dosovitskiy et al.,
2017] benchmark and our RL training setup, our data collection strategies, and our

experimental results.

4.1.1  Modifications to SimpleBEV

The SimpleBEV[Harley et al., 2023] architecture is designed and optimized for the
NuScenes[Caesar et al., 2020] BEV segmentation task. Following the conventions of
this task, they define the spatial range for the predicted BEV region as 100 meters
by 100 meters, divided into a grid of 200 by 200 segments. These BEV maps are
centered and aligned with respect to a reference camera, which is usually the front-
facing camera except for data augmentation purposes. They also conform to the
NuScenes sensor setup, getting RGB inputs from 6 cameras around the vehicle,
which cover a 360-degree area with their combined fields of vision.

On the other hand, the CARLA benchmark allows the usage of a maximum of 4
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RGB cameras to keep agents comparable. Because of this, state-of-the-art methods
that make predictions in the BEV frame, such as Transfuser[Chitta et al., 2022] or
NEAT|[Chitta et al., 2021] use 3 cameras and make predictions for the area ahead
of the vehicle. Our BEV maps also mainly consist of the area ahead of the vehicle
so we follow their examples and use a similar setup using 3 cameras. The 3 cameras
are positioned on the front of the vehicle, one of them facing the front and two of
them facing 60 degrees to the left and right, respectively. Each camera has a field
of view of 100 degrees and generates images of resolution 320x160. Our predicted
BEV maps cover the same area as the ROACH[Zhang et al., 2021] BEV state Spey-

The RGB image resolution of 320x160 is lower than the best-performing resolu-
tions reported by the original SimpleBEV paper. However, we also need to predict a
smaller region; the farthest point on our BEV prediction grid is 35.95 meters away
from our ego vehicle, while the original paper needs to segment areas up to 70.71
meters away. Since our initial experiments also confirmed our intuition that a higher
resolution does not bring a significant gain in performance, we keep the resolution
low to reduce memory consumption during RL training.

The dominant paradigm in state-of-the-art BEV segmentation models is to train
separate models for each class that needs segmenting, and SimpleBEV follows that
approach. However, while training and using separate models for each class improves
performance, applying the same technique during reinforcement learning is infeasi-
ble. To keep memory and time constraints manageable, we modify the SimpleBEV
architecture to simultaneously predict multiple binary segmentation masks. Only
the final 1D convolution layer of the segmentation head is changed, such that the

output consists of multiple channels of BEV masks rather than a single map.

4.1.2  Collecting Training Data

We collect 20 hours of driving data at 10 hertz using the CARLA [Dosovitskiy et al.,
2017] autopilot on the ROACH[Zhang et al., 2021] RL environment. We collect
data from towns 1 through 6 of the CARLA simulator, reserving 10 percent of

the data for validation purposes. We apply triangular perturbations to the expert
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agent’s actions in order to reduce the effects of distribution shift, following the
conventional approach to augment the expert trajectories first proposed by Codevilla
et al.. [Codevilla et al., 2018]. The weather, time of day, and lighting conditions are

randomly selected and continue to change dynamically during episodes.

4.1.3  Training

We trained all models for 50,000 steps using the lcycle learning rate scheduler pro-
posed by Smith et al..[Smith and Topin, 2019], taking the best-performing check-
point. Unlike regular multi-class segmentation methods that use cross-entropy loss,
we use binary cross-entropy loss for training. This is necessary since in our BEV
segmentation task, a pixel of the BEV grid doesn’t necessarily belong to a single
class, instead, multiple channels can be active at once as in the case of a vehicle
positioned on a road. We also apply positive weighting when predicting classes that
are dominated by negative samples that usually cover a very small portion of the
grid, such as pedestrians or lane lines. We found this to be critical, as otherwise
the model tended to give much more false negatives than false positives, predicting
empty masks whenever faced with a difficult sample. In autonomous driving, such
false negatives are usually more dangerous than false positives, since they can cause
crashes against vehicles and pedestrians. Positive weighting counteracts this prob-
lem by multiplying the loss from positive pixels in the label with some value to make
them more significant than the dominating majority of negative pixels. We apply a

positive weighting factor of 15 for pedestrians, 8 for lane lines, and 5 for vehicles.

4.1.4  Ezperimental Results

We experiment with predicting all but two classes with the SimpleBEV[Harley et al.,
2023] model. We do not attempt to predict desired route channels in this manner
since predicting it requires knowledge about the relative positions of future waypoint
coordinates and is impossible to predict by only using RGB inputs. In the initial
experiments, we quickly discovered that predicting stop zones with this approach is

also not feasible. We reason that this is caused by the stop zones being spatially
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Table 4.1: Class-wise IOU values on the validation set for the SimpleBEV model
trained for simultaneous segmentation of 4 classes.

Pedestrian IOU | Vehicle IOU | Lane Line IOU | Road IOU
0.013 0.403 0.132 0.788

distant from the traffic lights, both in image space and in BEV space. This is
especially true in US-style farside traffic lights . Learning the relation between a
small red light in an RGB image and an invisible rectangular area in the distance
successfully enough to segment it in the BEV grid is a challenging task, even for a
method like SimpleBEV that uses attention mechanisms.

Excluding the desired route and stop zone channels leaves behind the task of
predicting the road, lane line, vehicle, and pedestrian classes. We train and eval-
uate our modified model on the CARLA data we have collected. Our per-class
intersection-over-union (IOU) scores are given in Table 4.1. The results, show that
while the model can learn to segment the easier classes such as vehicles and roads
with some degree of success, it can not segment the more difficult classes such as
pedestrians and lane lines at the same time. While a lower IOU can be tolerated for
the case of lane-lines where a slight misalignment of thin lines could result in a big
drop in the evaluation metric, the amount of pedestrians missed by the perception
model makes it impossible to drive safely. Our attempts at tuning the per-class
losses failed to fix this problem, showing that these BEV perception models are not
suited to learning the prediction of multiple difficult classes in this manner.

We believe that advances in computer vision techniques for BEV perception and
3D detection tasks can make it possible for vehicles and pedestrians to be more ac-
curately perceived in the future, without imposing the heavy hardware requirements
of current models like BEVFormer[Li et al., 2022]. We then shift our focus towards
the segmentation of roads and lane-lines in particular, as all BEV perception mod-
els optimize for those two classes. The per-class IOU for the model trained for the
segmentation of roads and lane lines is given in Table 4.2. This approach with only

two predicted classes achieves significantly higher IOU metrics for both classes.
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Table 4.2: Class-wise IOU values on the validation set for the SimpleBEV model
trained for simultaneous segmentation of road and lane-line classes only.

Lane Line IOU | Road IOU
0.756 0.924

We then experiment with replacing the road and lane-line classes from already
trained expert agents and evaluating the impact on performance. As RL agents can
have considerable variations in performance depending on the random seed, we train
3 privileged agents from scratch and evaluate them. Then for all three agents, we
take the best-performing checkpoints and evaluate them after replacing the ground
truth road and lane-line masks with predicted roads and lane lines. We report the
observed mean and standard deviation values in Table 4.3. Without requiring any
fine-tuning, the results are surprisingly close to the privileged agent.

Inspecting the driving behavior and BEV prediction visualizations of the network
provided us with two critical insights.

First, while BEV perception models can reach very high IOU scores in static
datasets, like our generated dataset or the NuScenes|Caesar et al., 2020] dataset,
that performance does not easily convert to successful predictions during RL train-
ing. As the RL agent needs to explore unusual state action pairs before achieving
successful driving, the agent ends up visiting states that cause our BEV prediction
model to fail much more severely than it did on the validation set. This problem
persisted even when we applied the data augmentation methods commonly found in
BEV segmentation literature. We believe it is important that future BEV Percep-
tion research for autonomous driving focuses on successfully predicting the vehicle’s
states in rarer scenarios that differ from the dataset’s dominant paradigm of driving
on a straight road.

The second critical insight we gain by observing the driving and BEV predictions
of this agent is that even in situations where our road and lane-line predictions
were unsuccessful, the agent is able to drive. We reason that this is caused by

the ROACH[Zhang et al., 2021] architecture severely relying on the desired route
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Table 4.3: Evaluation of trained privileged experts and their modified versions using
SimpleBEV predictions to replace roads and lane lines. The evaluation is done on
the randomly generated evaluation routes of the ROACH RL environment. The
metrics DS, RC, and IS are the same as the previously explained CARLA benchmark
metrics, with the only difference being the possibility of achieving route completion
greater than 1.0. This is possible because the ROACH environment keeps extending
the route randomly after an agent reaches the final target waypoint, creating endless
trajectories to follow.

Model DS RC IS
Privileged expert 0.778 £ 0.192 | 0.927 + 0.159 | 0.785 £ 0.089
Predicted roads & lanes | 0.729 + 0.196 | 0.844 £ 0.228 | 0.813 4 0.011

channel while ignoring road and lane line channels. This claim and its repercussions

will be investigated in the next section.

4.2 Desired Route Generation

Before attempting to predict desired routes and replace their ground truth counter-
parts in our state representation, we do an experiment to confirm that the ROACH
expert heavily relies on the desired route component while ignoring road and lane
line information. In order to examine this claim, we train an RL expert that does
not receive the two channels for roads and lane lines in the input. This agent would
need to navigate the roads entirely depending on the desired route channel, not hav-
ing access to any information regarding road topology, other lanes or intersections.
We also attempt to replace the desired route channel with a less informative but
non-privileged alternative. We accomplish this by projecting the GNSS coordinate
of the next target waypoint of the current route trajectory our agent must follow and
rendering it as a heatmap of the target location instead of the privileged route to
that location. As this heatmap representation is considerably different than the de-
sired route, we train three models from scratch to evaluate the effects of the switch.
A figure of a target heatmap is shown in Figure 4.2.

The experimental results comparing these agents’ performance to the privileged

agent are given in Table 4.4. The experiment results certainly confirm our suspi-
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Figure 4.1: A visualization of our proposed less privileged representation of the
current target waypoint the agent should drive towards. When this target is close
to the ego vehicle, it is clear what the agent should do, but when it is further away,
it can be ambiguous which lane should be followed.

cions regarding the importance of desired route channels, as the agent learns faster
and achieves higher driving performance with less variance when it only sees the
desired route. Moreover, we see that a less privileged route representation causes a
catastrophic drop in agent performance.

This is not to say that road and lane line information is not needed. The desired
route is in fact the shortest path towards the future GNSS coordinates of target

waypoints, calculated with access to the internal road topology representation of

Table 4.4: Performance comparison of the baseline privileged agent compared with
an agent that is trained to navigate solely based on the desired route, without having
access to road or lane line channels

Model DS RC IS

Privileged expert 0.778 £ 0.192 | 0.927 + 0.159 | 0.785 £ 0.089

Privileged without roads or lanes | 0.868 £ 0.119 | 1.109 £ 0.126 | 0.768 £ 0.070

Target heatmap 0.018 £ 0.012 | 0.027 £ 0.011 | 0.858 £ 0.041
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CARLA. If access to the simulator internals is out of the question, as in the case
of sensorimotor agents, generating this path becomes a novel problem. To our
knowledge, the critical importance of this desired route representation and how it
can be generated from sensor data has not been studied before. We describe our

proposed approach to generating these desired route masks in the following sections.

4.2.1 Route Generation Model

In order to generate the desired route, we must design a neural network that com-
bines information regarding the surrounding road topology, and the target waypoints
we are tasked with visiting as we control the ego vehicle. We propose an architecture
that encodes both of these inputs into features and fuses them using a cross-attention

layer.

Data

The target waypoints in CARLA[Dosovitskiy et al., 2017] are provided to the ego-
vehicle as a list of GNSS coordinates that are each a vector containing longitude,
latitude, and altitude. Following the convention of other state-of-the-art methods,
we first convert these GNSS coordinates into relative coordinates with respect to
the ego vehicle’s frame of reference. This is possible without doing any learning, as
we have access to the sensor readings of the GNSS and IMU sensors on the vehicle.
Once the coordinates are converted to be relative target vectors t € R?, we take the
next five waypoints we need to visit, and use it as one of the inputs of the model.
For a genuinely sensor-based, unprivileged agent that generates desired routes, a
new architecture needs to be designed that first extracts features regarding the road
topology from raw RGB images and then combines them with the target waypoint
information. We leave the design and training of this architecture to future work
and study the more straightforward problem of generating routes while assuming
access to the road and lane line masks of the surrounding area. Therefore we use
the ground truth BEV masks of roads and lane lines as the second input to our

model. In theory, combining such an architecture with a sufficiently accurate BEV
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Figure 4.2: The model architecture we use to generate our route predictions from
road and lane line maps in combination with five future target waypoint coordinates.

perception module could be used to generate routes from pure sensor data, but

attempting this is beyond the scope of this work.

Model Architecture

Our proposed model encodes the road and lane line masks into mask features using
convolutional layers and tokenizes the feature map following to apply self-attention,
inspired by the strategy utilized by vision transformers|Carion et al., 2020]. Then,
the target waypoints are encoded using a simple MLP, which is then used as the
query inputs to a cross-attention layer to generate a BEV feature map that is con-
ditioned on the route we must follow. Finally, the tokenized BEV representation is
reshaped to create a two-dimensional feature map, which is processed by a segmen-
tation head to predict the desired route mask. Figure 4.2.1 shows an overview of

our model.

Training

We train the model on the same dataset we collect for our BEV Perception model.
We train for 40 epochs, using binary cross-entropy loss with the Adam[Kingma and

Ba, 2014] optimizer and a learning rate of 0.001.

Results

We replace the desired route channel of the RL agent with the predicted routes and
train from scratch, training for a total of 20 million steps as opposed to the regular

10 million steps of ROACH. The model requiring a longer time to discover successful



Chapter 4: Towards Unprivileged Reinforcement Learning 30

Table 4.5: Performance comparison of the predicted route agent in comparison to
the privileged agent and our alternative unprivileged agent using the target heatmap
representation.

Model DS RC IS
Privileged expert | 0.778 + 0.192 | 0.927 £ 0.159 | 0.785 + 0.089

Target heatmap | 0.018 £+ 0.012 | 0.027 £ 0.011 | 0.858 £ 0.041
Predicted route 0.484 0.574 0.883

driving behavior is expected since our predictions introduce an additional source of
noise. The results are explored in Table 4.5. While there is a drop in performance
compared to the privileged agent, we believe this is a major step towards building RL
systems that can learn to drive through the usage of informative representations.
Note that as this predicted route method takes longer to train, we do not train

multiple agents.

4.3 Red Light Prediction

The final component we seek to replace in the BEV representation is the traffic
light stop zones. While existing object detection methods can be used to detect the
presence of traffic lights and their positions, state-of-the-art autonomous driving
methods usually do not need specific information, such as the location of the traffic
light in the image space. Moreover, detecting a red light in the image does not
mean it affects the ego-ehicle, as we might be viewing a light that is signaling other
vehicles.

To circumvent this limitation, we propose to predict a binary variable that de-
notes whether the ego vehicle is currently inside an active stop zone. This is a much
simpler task than predicting the segmentation mask of the stop-zones in BEV space,
and this binary variable is enough to inform the agent when it must stop for red
lights. The prediction of this binary variable then becomes a straightforward binary
classification task. We employ a simple off-the-shelf EfficientNet-B0[Tan and Le,

2019] model with a binary classification head for this task. The model takes a single
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RGB input from a frontal camera with a resolution of 160x320. It is trained on
the same dataset as our previous models, optimizing for a binary cross-entropy loss
with a positive weighting of 2.0 to factor in the scarcity of red light examples in the
collected data. We observe that this simple approach can effectively directly pre-
dict whether the vehicle is currently affected by a red light for both the European
and US-style traffic lights without needing to predict any intermediate stop zone
information.

However, having a binary variable brings the question of how it should be inte-
grated into the existing architecture. We experiment with multiple options. First,
we remove the traffic light stop zone channel from the spe, and add a binary vari-
able to Smes. This is the most straightforward approach, using the vector of scalars
that we already feed to the RL agent. However, it also performs surprisingly poorly.
The agent fails to achieve a driving score over 0.05 in any of our experiments with
this approach. We believe that the RL agent is ignoring the measurement vector
Smes and relying on spey for the most part. To test our claim, we experiment with
replacing the stop zone channel with a new binary channel, which is set to all 1s
when we predict that we are affected by a red light. The experiment results are
shown in Table 4.6

One issue this experiment brings to mind is whether a change in performance
should be attributed to the inaccuracies of the red light prediction model or the
replacement of the more informative stop-zone representation. To understand the
effects of both changes, we train an additional agent that replaces the stop zone
channel with a binary channel, but instead of using predictions, it uses ground truth
information from the simulator to determine if we are affected by a red light at
each step. Observing the results, we see that replacing the stop zone channel with a
ground truth binary channel results in only a modest drop in performance, showing
that the privileged representation is not critical. The agent that relies on predictions
of whether we are at a red light shows a drop in performance, however, it manages

to achieve comparable results to the privileged expert.
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Table 4.6: Comparison of driving performance in RL agents with different traffic

light (TL) representations

Model DS RC IS

Privileged expert 0.778 £ 0.192 | 0.927 + 0.159 | 0.785 £ 0.089
GT binary TL channel 0.747 £ 0.073 | 0.908 = 0.034 | 0.791 £ 0.069
Predicted binary TL channel | 0.659 4+ 0.141 | 0.779 = 0.093 | 0.892 + 0.071
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Chapter 5

DISCUSSION

In this chapter, we discuss our findings, share our thoughts on how future work
can help build better autonomous driving agents, and present the conclusion of our

thesis.

5.1 Findings

In this work, we attempt to understand the reason behind the success of privileged
RL experts, the challenges of replicating that success with a sensorimotor agent,
and our proposed approaches to bridge the gap between the two.

We investigate whether the recent improvements in BEV perception literature[Harley
et al., 2023, Li et al., 2022, Philion and Fidler, 2020] actually translate to usable
models for autonomous driving agents, by attempting to replicate ground truth BEV
channels with their predicted counterparts. What we observe is that the biggest is-
sue with these models is their heavy hardware demands, making it difficult to use
state-of-the-art BEV segmentation models in autonomous driving pipelines. This
issue is compounded by the fact that models such as SimpleBEV[Harley et al., 2023]
are optimized for the segmentation of one class at a time.

We propose possible changes to reduce the memory requirements of the Sim-
pleBEV BEV perception model, train it to predict various classes, and report the
driving performance of agents using this perception pipeline. We show that while
roads and lane lines can be predicted by the model, predicting vehicles at the same
time is challenging, and predicting pedestrians on top of everything is even more
challenging. Moreover, we discover that the IOU values normally reported by BEV
perception models do not directly translate to good driving behavior for autonomous

driving agents in simulation. The mismatch in observed states between a driving
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dataset like NuScenes, where accidents or wild maneuvers are rare and an RL agent
exploring different state-action pairs is significant. This results in BEV predictions
getting worse when during policy rollouts, the RL agent strays from paths available
in the training dataset, making recoveries from mistakes much harder, similar to the
distribution shift problem observed in imitation learning.

Another finding of our research is the critical importance of how the target route
is represented and given to a self-driving RL agent. Although it is not analyzed
within the ROACH|[Zhang et al., 2021 paper, we claim that this representation
of target trajectories is one of the key elements behind the immense success of
their expert agent. We claim that the prediction of this route representation is
an important step towards providing agents with a better understanding of the
path they should follow to reach their goal. Our intuition is that by removing the
responsibility of planning a short-term path from the RL agent, we allow it to use
its capacity to solve other aspects of driving.

Finally, we investigate whether a privileged representation of the “stop zone”
areas affected by traffic lights is necessary for the success of RL agents. We pro-
pose to replace the stop zone channel with binary predictions from a vision-based
classification model that directly predicts if we are currently affected by a red light.
We experiment with different ways of incorporating this information into the model
inputs and discover that the RL agent can act upon the data given in the BEV frame
much more easily compared to data given as a vector of measurements. When we
give this binary red light representation as a channel in the BEV state, the agent
is able to drive, showing that less privileged representations are still acceptable for

driving.

5.2 Future Work

Our work does not present a state-of-the-art sensorimotor RL agent, but analyzes
why such an agent has not been discovered yet and proposes a way towards RL
agents that can compete with the dominant behavior cloning approach. Moreover,

we pinpoint what exactly autonomous driving agents require from BEV perception
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methods, and highlight areas that need improvement. We share our thoughts on
required future research directions in this section.

Our findings from our experiments incorporating the Lift-Splat-Shoot[Philion
and Fidler, 2020] and SimpleBEV[Harley et al., 2023] models into the autonomous
driving pipeline show that there is a mismatch between what is being optimized
in the BEV perception research community and what is required by autonomous
driving agents. This is partially caused by the evaluation setups of the datasets and
benchmarks used. Just as the CARLA benchmark uses challenging hand-designed
rare scenarios to test autonomous driving agents, a challenging benchmark to test
the robustness of these BEV perception models under unusual positions and envi-
ronments could alleviate this misalignment issue.

In particular, we discover three major shortcomings of the existing segmentation-
only approach of methods like Lift-Splat-Shoot[Philion and Fidler, 2020] and Sim-
pleBEV[Harley et al., 2023]. They are unsuitable for the successful segmentation of
the small and unpredictable class of pedestrians, their performance degrades rapidly
when the observed states start to differ from the mainstream states of the training
dataset. Moreover, we observe that there is a need for models that can segment mul-
tiple classes at once. Despite being a heavier model, we think the general idea behind
BEVFormer [Li et al., 2022] is promising for the usage of one perception model to
handle different segmentation and detection tasks with one architecture. We believe
the discovery of a smaller version of such a model would facilitate different research
directions for autonomous driving as well.

We also discover that the representation of the trajectory the ego-vehicle must
follow is more critical than it appears, despite not being a major point of discussion
in the ROACH[Zhang et al., 2021] paper. The performance of a widely used and
successful RL expert can plummet when it is presented with a heatmap replace-
ment instead of this dense route representation. We believe that similar to how the
branched architecture idea by Codevilla et al. brought forward a wave of success for
imitation learning agents, there is more success to be gained for RL agents in finding
a better representation method for the state. Our discoveries regarding how the RL

agent struggles to act upon information presented in spes also support this claim
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that better representation methods are needed. We believe that the desired route
prediction task is a good candidate for generating a better representation, and an
architecture that generates such a short-term plan representation from sensor input
could allow a breakthrough in sensorimotor RL agents.

Finally, we investigate how traffic light information can be predicted in the sim-
plest way, and rather than doing difficult object detections or BEV segmentations,
we show that simple binary classification models with a very small backbone can
be an alternative. However, our hope is that future work can propose a better way
of incorporating these predictions than our counter-intuitive approach of giving a

binary variable as BEV map channel.

5.3 Conclusion

In this work, we analyze the uniquely successful expert RL agent of Zhang et al.
in order to find what makes it different from sensorimotor agents. We pinpoint
the parts of the approach that rely on privileged data, present how they can be
approached through the usage of existing state-of-the-art models, and design our
own architecture in the absence of preexisting solutions.

Although the state-of-the-art RL approaches fall behind the methods of the im-
itation learning paradigm in autonomous driving benchmarks, we believe there is
still discoveries to be made. Although the end-to-end reinforcement learning of au-
tonomous driving appears infeasible without access to vast resources, we find that
the advances in computer vision can be used in combination with reinforcement
learning to make the learning problem easier and more approachable. We believe
that the generation of informative and accurate state representations through com-
puter vision methods holds the key for the discovery of successful sensorimotor RL

agents.
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Appendix A

ADDITIONAL ANALYSIS OF ROACH

In our attempts to generate a successful sensorimotor RL agent, we investigated
several other approaches to improving upon the state-of-the-art. Although none of
these avenues of research ended up being the focus of this thesis, we briefly share
our findings here in hopes that they help future researchers make more informed

choices.

A.1 Action Space Alternatives

An alternative action representation is used in recent state-of-the-art imitation
learning methods [Chen et al., 2020, Chitta et al., 2021, Chen and Krahenbiihl,
2022, Prakash et al., 2021] where instead of raw actions, relative positions of the
ego-vehicle in future time steps are predicted as waypoints. These waypoints are con-
verted into raw actions by using two PID controllers, one for lateral and one for lon-
gitudinal control. Although imitation learning methods report higher performance
when predicting future waypoints, state-of-the RL methods tend to directly pre-
dict the suitable raw actions [Chekroun et al., 2021, Toromanoff et al., 2020, Zhang
et al., 2021, Chen et al., 2021]. Since our initial experiments showed no significant
benefit to changing the ROACH|[Zhang et al., 2021] output representation, we kept

the original model’s raw action predictions a € [—1, 1]2.

A.2 Limitations of the Reward Function

The reward function proposed by Toromanoff et al. [Toromanoff et al., 2020], in-
centivizes the agent to navigate safely, follow the desired trajectory, maintain an
appropriate speed, and make context-aware decisions at intersections and traffic

lights. The disadvantage is that the rewards heavily discourage moving away from
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the lane designated by the waypoint information. This can be problematic, as the
ideal route is calculated without any information regarding the position of other
vehicles, or possible hazards on the road like potholes or blockages. In fact, the op-
timal agent according to this reward function would never do a maneuver to overtake
other vehicles, always being content to wait behind a blocking object. However, our
attempts to relax the desired position component of the reward function and give
the RL agent more flexibility in lane selection have resulted in significant drops in
performance. We reason that the learning problem becomes much harder when the
agent must also determine which lane it should follow, but a better reward function

that considers these issues might be necessary to solve the more complex scenarios

of the CARLA [Dosovitskiy et al., 2017] simulator.

A.3 Reinforcement Learning Algorithm

The choice of which learning algorithm to use for an RL problem can be critical. In
addition to the PPO[Schulman et al., 2017] algorithm used by Zhang et al.[Zhang
et al., 2021], we experiment with two other state-of-the-art RL algorithms that have
been successfully applied to a variety of problems, twin delayed deep deterministic
policy gradients (TD3)[Fujimoto et al., 2018], and soft actor-critic (SAC) [Haarnoja
et al., 2018]. The agents trained with SAC fail to learn the majority of the time,
getting stuck in strange policies. We observe the performance of agents trained
with TD3 to be better than SAC, yet the performance of agents appeared much
more random than PPO, with repeated experiments giving wildly different results
just based on random seeds. It is possible we simply did not find the correct hy-
perparameter configuration required to stabilize the off-policy learning algorithms,
as a thorough hyperparameter search in a problem like this requires considerable

hardware resources.



