On Differentiable Costs and Local Planning for
End-to-End Urban Driving

Volkan Aydingiil

A Dissertation Submitted to the
Graduate School of Sciences and Engineering
in Partial Fulfillment of the Requirements for

the Degree of
Master of Science
in

Computational Science and Engineering

NN

NI
U
KOC UNIVERSITESI

August 29, 2023



On Differentiable Costs and Local Planning for End-to-End Urban

Driving

Kog University
Graduate School of Sciences and Engineering

This is to certify that I have examined this copy of a master’s thesis by

Volkan Aydingiil

and have found that it is complete and satisfactory in all respects,
and that any and all revisions required by the final

examining committee have been made.

Committee Members:

Asst. Prof. Fatma Giiney (Advisor)

Asst. Prof. Barig Akgiin (Co-Advisor)

Assoc. Prof. Nazim Kemal Ure

Asst. Prof. Erdal Aydin

Date:







ABSTRACT

On Differentiable Costs and Local Planning for End-to-End Urban
Driving
Volkan Aydingiil
Master of Science in Computational Science and Engineering
August 29, 2023

Self-driving is a challenging task that requires decision-making under uncertainties
due to interactions in complex urban environments. We design objectives to provide
the driving agent with feedback quantifying the eligibility of the action taken by the
agent. For planning with possible actions, previous work introduces a differentiable
cost function for highway driving. However, urban driving is more complex than
highway driving due to the density of vehicles and scene structures like intersections
in urban environments. To this end, we propose a new differentiable cost function
that accounts for multiple possible features that frequently occur in urban driving.
For future prediction, we propose forward models that predict the future state of the
agent and the environment separately. Via separate predictions for the agent (ego)
and environment (world), we can integrate domain knowledge into our framework.
Empirical results demonstrate that we can reliably predict the future for the ego
agent, while the world model exhibits limitations in less frequent cases, such as
turning left or right. We further test our differentiable cost function with a gradient-
based model predictive control (MPC) and a policy network. Both approaches
demonstrate a plausible driving performance in urban driving setup with unique
limitations. MPC faces local optima problems due to its sensitivity to the hyper-
parameters under different situations, and the policy network depends on supervision
from an expert. In conclusion, we design a differentiable cost function for urban
driving and show its importance for action as well as limitations for future work to

generalize to diverse urban scenarios by building on our work.
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OZETCE

Ucgtan Uca Sehir igi Siirus icin Tirevlenebilir Maliyetler ve Yerel
Planlama Uzerine
Volkan Aydingiil
Hesaplamali1 Bilimler ve Miihendislik, Yiiksek Lisans
29 Agustos 2023

Otonom stiriig, karmasik sehir ortamlarindaki etkilesimler nedeniyle belirsizlik altinda
karar verme gerektiren zorlu bir gorevdir. Siiriig etmenine, etmenin gerceklestirdigi
eylemin uygunlugunu o6lgen geri bildirim saglayacak sekilde hedefler tasarliyoruz.
Onceki calismalar, olasi eylemlerle planlama yapmak iizere otoyol siiriisii i¢in tiirevlenebilir
bir maliyet fonksiyonu tamtir. Ancak sehir ici siirtig, ara¢ yogunlugu ve kentsel or-
tamlardaki kavgaklar gibi sahne yapilari nedeniyle otoyolda siiriigsten daha karmagiktir.
Bu amagla, sehir ici siirtiste siklikla meydana gelen birgok olasi 6zelligi hesaba katan
yeni bir tiirevlenebilir maliyet fonksiyonu oneriyoruz. Gelecek tahmini igin, etmen ve
gevrenin gelecekteki durumunu ayri ayr1 tahmin eden ileri modeller 6neriyoruz. Et-
men (ego) ve gevre (diinya) i¢in ayr1 tahminler aracihgiyla alan bilgisini gergevemize
entegre edebiliriz. Ampirik sonuglar, ego etmeninin gelecegini giivenilir bir gekilde
tahmin edebildigimizi gosterirken diinya modeli, sola veya saga dénme gibi daha

az siklikta gergeklesen durumlarda siirlamalar sergiliyor. Tiirevlenebilir maliyet
fonksiyonumuzu, gradyan tabanl model 6ngoriilii kontrol (MOK) ve bir politika
agiyla test ediyoruz. Her iki yaklagim da sehir ici siirtig diizeninde benzersiz sinirlamalara
sahip makul bir siiriis performansi sergiliyor. MOK, farkl durumlarda hiper parame-
trelere duyarliligi nedeniyle yerel optimum sorunlariyla karsi karsiyadir ve politika
agl bir uzmanin denetimine baghdir. Sonug olarak, bu caligmada sehir i¢i siirlis
icin tiirevlenebilir bir maliyet fonksiyonu tasarladik. Ayni zamanda gelecekteki
caligmalarin, ¢alismamizi temel alarak cesitli sehir i¢i senaryolara genelleme yap-

manin sinirlamalarini ve zorluklarimi ortaya koyduk.
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in action. We represent the ego vehicle with a green rectangle at
the bottom of the image. On the bottom row, we show the generated
heatmaps used in the differentiable cost calculation. In this policy
network example, we utilize the world forward model, so the predicted
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state predictions, initially steering left before correcting to the right
to avoid collisions and then proceeding forward when safe. . . . . ..
A timelapse from a scene where the ego vehicle slows down
to avoid a collision with another vehicle. We represent the ego
vehicle with a green rectangle at the bottom of the image, which is
partially occluded by yellow dots that represent the predicted future
locations of the ego vehicle. On the bottom row, we show the gener-
ated heatmaps used in the differentiable cost calculation. The indices
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frame, where the time difference between time steps is At = 0.05 sec.
The agent modulates its speed based on the vehicle cost, braking
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A timelapse from a scene where the ego vehicle gets stuck at
local optima. We represent the ego vehicle with a green rectangle
at the bottom of the image, which is partially occluded by yellow dots
that represent the predicted future locations of the ego vehicle. On
the bottom row, we show the generated heatmaps used in the differ-
entiable cost calculation. The indices at the bottom show the amount
of time step increment since the first frame, where the time difference
between time steps is At = 0.05 sec. The agent gets trapped in a local
optimum due to conflicting cost evaluations from the MPC module,
resulting in repetitive braking despite initial intentions to progress
forward. . . . ...
A timelapse from a scene where the ego vehicle turns around
a corner. We represent the ego vehicle with a green rectangle at the
bottom of the image. At the bottom row, we present the generated
heatmaps used in the differentiable cost calculation. In this policy
network example, we utilize the world forward model, so the predicted
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A.1 A timelapse from a scene where the ego vehicle slows down
to avoid a collision with a pedestrian. We represent the ego
vehicle with a green rectangle at the bottom of the image, which is
partially occluded by yellow dots that represent the predicted future
locations of the ego vehicle. On the bottom row, we show the gener-
ated heatmaps used in the differentiable cost calculation. The indices
at the bottom shows the amount of time step increment since the first
frame, where the time difference between time steps is At = 0.05 sec.
In the first column, the agent applies a throttle command since the
pedestrian cost Cpegestrian 15 small, indicating that the road is safe to
move forward without any intervention. Then, in the second column,
the agent applies a brake command to slow down since the pedestrian
cost is relatively high. The action taken in the second column makes
the pedestrian cost zero. Therefore, in the third column, the agent
applies a throttle command once more. This fluctuating behavior
ends in the fourth column where the agent decides to apply a brake
command. In the fourth and fifth columns, a pedestrian is visible
walking across the street, so the increase in the pedestrian cost pre-
vents the agent from moving forward. Finally, in the sixth column,
the agent decides to apply a throttle command to move forward since

the pedestrian cost is zero, and the agent can proceed. . . . . . . ..
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Chapter 1

INTRODUCTION

Autonomous driving (AD) in an urban setup remains one of the most challenging
problems today, primarily due to the complexities involved in making decisions in
intricate real-world scenarios. These complexities arise from uncertainties related
to dynamic elements in traffic and the inherent noise in sensor measurements. Yet,
achieving autonomy in driving is highly desirable for several reasons. Firstly, an
intelligent system that is capable of perceiving and acting on vast amounts of real-
world data can make decisions that are more informed than traditional rule-based
systems [Bertozzi et al., 2000]. Secondly, a network of self-driving vehicles could
improve vehicle-to-vehicle (V2V) communication, proving beneficial in dense traffic
scenarios. Finally, by eliminating human error — a major contributor to road inci-
dents — autonomous vehicles have the potential to drastically reduce traffic accidents
[Fagnant and Kockelman, 2015].

However, given the high expectations and significant stakes associated with au-
tonomous driving research, real-life testing of AD systems poses challenges. Safety
concerns and financial implications [Kaur et al., 2021] have accelerated the interest
in developing and testing these systems within simulation environments.

The field also witnesses a debate between the modular and end-to-end ap-
proaches. In the modular strategy, specific subsystems address individual sub-tasks,
such as perception, prediction, planning, and control. In contrast, the end-to-end
method offers a unified model that directly maps observations to actions. While
the modular approach remains popular in the industry, end-to-end learning meth-
ods have seen growing interest in recent years [Bronstein et al., 2022, Hu et al.,

2022, Toromanoff et al., 2019].



Chapter 1: Introduction 2

Within end-to-end learning, behavior cloning (BC), a unique imitation learning
(IL) method, is frequently employed in self-driving research. In BC, the agent learns
behavior from an expert dataset. Despite its simplicity, BC has its challenges.
Notably, obtaining expert data might not always be feasible, and BC is susceptible
to covariate shift, where the agent struggles to recover if it deviates from expert
behavior. One solution is on-policy supervision, allowing the agent to recognize and
rectify its mistakes.

Another promising approach in end-to-end learning is reinforcement learning
(RL). RL identifies a relationship between observations and actions through ¢rial
and error. Aside from its distinct advantages, RL offers solutions to some issues
related to BC. For instance, RL learns from interacting with an environment, thus
negating the need for expert data. Furthermore, the reward signal in RL allows for
on-policy supervision. Despite its success in areas like Atari games [Mnih et al.,
2015] and Go [Silver et al., 2016], it hasn’t delivered similar results in self-driving,
primarily due to challenges in defining an effective reward function and issues like
the curse of dimensionality [Sutton et al., 2018].

The integration of the strengths of both IL and RL seems promising. The idea
is to extract the reward strategy, a non-differentiable supervision signal, from RL
and adapt it for use in a gradient-based optimization framework. Such integration
can lead to more efficient learning by offering the agent on-policy supervision in an
end-to-end and differentiable manner. We thus propose a differentiable policy cost
for urban self-driving, quantifying agent actions based on future state predictions.
We demonstrate that our proposed cost structure is versatile and suitable for both
gradient-based model predictive control (MPC) and policy learning frameworks.

Recently, in terms of future prediction and look-ahead planning, world models
have gained traction [Henaff et al., 2019, Hafner et al., 2020, Hafner et al., 2021,
Sobal et al., 2022]. These models, capturing the dynamics of the environment,
can predict its future states, thereby allowing agents to anticipate and plan ahead.
However, as studies like [Chen et al., 2021] and [Sobal et al., 2022] suggest, a one-size-
fits-all module is not necessary. Instead, decoupled modules predicting future ego

and world states separately can be more efficient. For instance, predicting ego states
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Figure 1.1: General architecture of the proposed method. Our proposed
framework consists of three components: A future prediction module that predicts
the future ego and world state, a differentiable policy cost module to optimize driving
behavior, and an actor module that utilizes either an optimal control technique or
a learning-based approach.

doesn’t require intricate modeling since a simple kinematic model often suffices.

Our proposed framework, illustrated in Figure 1.1, is a model-based driving
pipeline comprising three core components. Firstly, it focuses on predicting the fu-
ture states of both the ego and the world. Secondly, it utilizes a differentiable policy
cost structure to optimize driving behavior. Lastly, we employ both an optimal
control technique and a learning-based approach to guide the ego’s actions within
the environment.

We contend that future-aware features are invaluable for decision-making, allow-
ing for future planning. Conversely, a differentiable cost module designed specifically
for urban driving introduces task-specific guidance into the learning or optimization
process. We also explore two methodologies, namely gradient-based model predic-

tive control and policy learning, for navigating the complexities of urban driving, as
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detailed in Figure 1.1.

The subsequent chapters of this thesis are structured as follows: Chapter 3 delves
into the urban driving challenge, giving detailed information regarding the state
definition. Chapter 4 introduces the future prediction module and associated forward
models. Chapter 5 elucidates the differentiable cost module, both mathematically
and visually, followed by a discussion on gradient-based model predictive control
and policy learning. Finally, Chapter 6 provides a concluding overview, outlines

current limitations, and suggests potential future directions.
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Chapter 2

RELATED WORK

In this chapter, we present a literature review on self-driving in urban areas.
It starts with describing the existing simulation frameworks in Section 2.1. Then,
in Section 2.2, we review the existing approaches for the self-driving. Section 2.3
delves deeper into the examination of end-to-end (E2E) learning methods. Finally,
Section 2.4-2.5 gives a brief summary of existing literature on world models and

model predictive control.

2.1 Real World and Simulation

Generally, testing AD systems in real life is challenging and risky due to numerous
safety-critical and financial reasons [Kaur et al., 2021]. Essentially, it is not always
feasible to have a test vehicle to measure the performance of the proposed AD algo-
rithm on a test track where all precautions are taken. Additionally, reproducibility
remains a major challenge for testing in real life. Therefore, researchers and industry
partners have developed different simulators over the years to increase the pace of
AD research. MATLAB/Simulink™[Inc., 2022] offers Automated Driving Toolbox™,
which enables the design, simulation, and testing of ADAS systems. Industry fre-
quently employs the CarSim [Johansson et al., 2004] ADAS simulation framework to
simulate diverse sensor modalities and scenarios involving moving objects. PreScan
[Siemens PLM Software, 2023] simulation framework offers realistic environments
and sophisticated traffic simulations to test ADAS models. LGSVL [Rong et al.,
2020] is a high-fidelity multi-robot simulator for autonomous driving that offers re-
alistic environments, a highly customizable sensor stack, and HD Maps. Finally,
CARLA [Dosovitskiy et al., 2017] is an open-source autonomous driving simulator

developed in Unreal Engine [Epic Games, |. Because of its highly modular architec-
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ture and continuous maintenance, CARLA stands out as one of the most extensively
used simulators in both research and industry. CARLA offers multiple realistic en-
vironments (i.e., towns), highly rational physical interaction models (i.e., collisions
with dynamic and static objects), and a large stack of sensor modalities such as
camera, LiDAR, radar, semantic segmentation, instance segmentation, depth, GPS,
and IMU.

In addition to being a developer-friendly simulator, CARLA offers an evalua-
tion benchmark called CARLA Leaderboard Benchmark [Dosovitskiy et al., 2017]
to allow researchers to evaluate their self-driving mode under a predefined set of
scenarios. The benchmark measures the performance of the models based on three
metrics: route score, infraction score, and driving score. Route score is the percent-
age of the route completed by an agent. The infraction score is the aggregate metric
computed as a geometric series to quantify the effect of infractions. The score starts
from 1.0 and it is multiplied by a number between 0 and 1 for each infraction type.
Finally, the driving score for a route is defined as the multiplication of the route

score and the infraction score of that route.

2.2 Approaches

One can formulate a self-driving problem as an extraction of the mapping function
between observations and actions. There are mainly two approaches for self-driving:
the modular approach and the end-to-end (E2E) approach. In the modular ap-
proach, distinct subsystems, which can be either a deep neural network or a highly
engineered rule-based system, handle each sub-task (i.e., perception, prediction,
planning, and control). On the other hand, the end-to-end approach maps observa-
tions to actions directly using a single module, primarily a deep neural network.
Both approaches have their own advantages and disadvantages [Chen et al.,
2023]. While the modular approach tends to offer more explainability and ease of
development, it necessitates separate training for each sub-module. Because we train
or design each subsystem for its own respective task, it is hard to guarantee that the

assembled model can handle the main task, namely self-driving. On the other hand,
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Figure 2.1: The approaches for self-driving. The modular approach deals with
each sub-task (e.g., perception, prediction, planning) separately, while the end-to-
end approach maps observations to actions directly.

the end-to-end approach enables researchers to train their models in an end-to-end
manner, thus allowing the possibility of learning unified representations for driving.
Additionally, unlike the modular approach, it’s possible to optimize the final model
specifically for the driving task. However, in an end-to-end learning setup, it is
usually more challenging to interpret what the model predicts and detect its failure

modes.

2.3 End-to-End Learning Methods

In the context of end-to-end learning for autonomous driving, there are two promi-

nent methods: imitation learning and reinforcement learning.

2.3.1 Imaitation Learning

In broad terms, imitation learning (IL) [Hussein et al., 2017] is a supervised learning
method where the agent tries to learn the optimal policy by mimicking an expert.

Behavior cloning and inverse reinforcement learning approaches are popular within
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the imitation learning domain.

Behavior Cloning

Behavior cloning (BC) learns the optimal action from expert data. There is no
doubt that behavior cloning is one of the most used methods in the self-driving
literature. In the late 80s, [Pomerleau, 1988] made the initial endeavor towards end-
to-end learning for autonomous driving. The proposed vehicle, ALVINN, attempts
to follow a path with the help of a simple neural network that works primarily
with camera and range finder inputs. Later, [Lecun et al., 2004] extends the idea
of ALVINN by introducing stereo camera input and convolutional neural network-
based (CNN) architecture. Finally, [Bojarski et al., 2016] introduces multi-view
(left-right-middle) camera inputs, data augmentation, and deeper CNNs to process
camera modality more effectively.

Conditional Imitation Learning (CIL) [Codevilla et al., 2018] argues that al-
though the existing imitation learning agents show competitive performance in
benchmarks, these agents are not controllable during test time. CIL [Codevilla
et al., 2018] introduces a branched architecture that is conditioned on the high-level
navigational command to control model in test time. In this way, they can navigate
their model accordingly when there are multiple possible futures (i.e., a car at a
road junction). CILRS [Codevilla et al., 2019] improves CIL by introducing several
improvements, such as incorporating a better image encoder (i.e., ResNet34) and
pretraining it on ImageNet [Russakovsky et al., 2015], and adding a speed prediction
module as an inertial inductive bias. CAL [Sauer et al., 2018] proposes framework
where it first learns a descriptive intermediate feature of the environment called
affordance (e.g., distance to the lane center, traffic light state, speed sigh, distance
to the nearest vehicle, etc.) with a neural network. Then, Conditional Affordance
Learning (CAL) uses these affordances as an input to the rule-based system to de-
cide actions. Finally, Learning by All Vehicles(LAV) [Chen and Kréhenbiihl, 2022]
incorporates a learning paradigm where it does not only learn from the observations

within the ego vehicle but it also uses the knowledge gathered from other vehicles.
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To this end, LAV detects nearby vehicles from 3D LiDAR input and forecasts their

trajectory as an additional training objective.

Multi-Modality. One milestone in developing end-to-end driving systems is the
introduction of multi-modal sensor fusion. One of the first examples, LAV [Chen
and Krahenbiihl, 2022] and TransFuser [Prakash et al., 2021], fuse camera and Li-
DAR sensor modalities to obtain a unified representation. More specifically, while
TransFuser [Prakash et al., 2021] uses an attention-based transformer architecture
[Vaswani et al., 2023] to fuse the camera images and LiDAR scans, LAV [Chen
and Kréhenbiihl, 2022] uses PointPillars [Lang et al., 2019] 3D backbone to utilize

multi-modal input.

Policy Distillation. Another important landmark is the application of policy
distillation paradigm in end-to-end learning. One of the simplest application of
policy distillation in self-driving domain is the LbC [Chen et al., 2019]. Learning by
Cheating(LbC) first learns a Bird’s Eye View (BEV) representation-based privileged
agent. Then, it uses the privileged agent as an oracle that provides an on-policy
supervision to the vision-based sensorimotor agent. World on Rails (WoR) [Chen
et al., 2021] learns an interactive vision-based policy by distilling another forward
policy, which is an action-value table computed using dynamic programming. They
show a competitive performance in CARLA Leaderboard although they assume that
the world is on rails, that is, ego’s action does not affect the world. Roach [Zhang
et al., 2021a] first trains an privileged RL agent and then uses the privileged agent
as a coach/expert during the IL training. They argue that the privileged agent can
give more explanatory supervision signals as it has access to the internal dynamics
of the simulation environment. In addition to be used as an expert, Roach also
incorporates additional feature supervision to induce privileged information to the
IL student. CaT [Zhang et al., 2023] extends the idea of Roach by providing multiple
level of feature supervision through intermediate layers. They also introduces a
alignment module to hinder the negative effects that arises due to the differences in

input modality, model complexity, and optimization procedure.
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Output Representations In literature, there are two main approaches for pre-
dicting actions through behavior cloning. One approach is to predict the actions
or their distributions (i.e., throttle, steer, brake) [Zhang et al., 2021b, Zhang and
Ohn-Bar, 2021, Codevilla et al., 2019, Wu et al., 2022]. Another approach is to
predict waypoints and feed them to separate PID controllers to generate longitu-
dinal (i.e., throttle, and brake) and lateral (i.e., steering angle) actions [Prakash
et al., 2021, Chitta et al., 2022, Chen and Krahenbiihl, 2022, Chitta et al., 2021].
[Wu et al., 2022] investigate that these two approaches differ in performance under
definitive circumstances. Specifically, while the waypoint-based approach fails at in-
tersections, the control-based approach is more prone to fail in situations where the
agent should take action immediately. Therefore, TCP [Wu et al., 2022] proposes to
combine these two approaches to extract the best of both. The proposed model uses
a branched architecture to incorporate two techniques (i.e., control and waypoint)
in parallel, and it adapts an attention-like mechanism to guide the control branch
with the waypoint branch. Finally, they place a rule-based fusion module to further

boos the performance.

Inverse Reinforcement Learning

Inverse reinforcement learning (IRL) [Russell, 1998], sometimes referred to as inverse
optimal control (IOC), learns the reward or the cost structure that guides the actions
of an observed expert. Once we approximate the inherent reward or cost structure,
it becomes applicable in optimal control or reinforcement learning methodologies.
GAIL [Ho and Ermon, 2016] and its derivatives [Li et al., 2017, Lee et al., 2020]
utilize a reward-based adversarial framework where the model learns to imitate the
expert actions while a discriminator tries to differentiate between the model’s and
expert’s behavior. In the context of self-driving, NPM [Zeng et al., 2021] learns a 3D
cost volume and additional intermediate representations in the form of 3D object
detections and their future trajectories with LiDAR and HD Map inputs. Then,
NPM [Zeng et al., 2021] samples a set of trajectories to select the one with the

minimum cost in a non-differentiable manner.



Chapter 2: Related Work 11

2.3.2  Reinforcement Learning

Reinforcement learning (RL) [Sutton et al., 2018] is a type of learning algorithm
where an agent learns the optimal policy by interacting with the environment
through trial and error. This method often relies on feedback in the form of re-
wards or penalties.

One of the first examples of collaboration between deep learning and reinforce-
ment learning is deep Q-network [Mnih et al., 2015]. It uses deep neural networks to
learn successful policies directly from high-dimensional sensory inputs by parameter-
izing )-values. [Mnih et al., 2015] can only work on discrete action space. [Lillicrap
et al., 2019] solves this issue by introducing an actor-critic, model-free algorithm
based on the deterministic policy gradients (DPG), where the actor learns how to
map states to continuous actions, and critic estimates the (Q-value of the current
policy via using Bellman Optimality Equation (BOE). On the other hand, policy
gradient methods improve the agent’s policy by maximizing the expected reward
through gradient ascent on the policy parameters. As a new set of policy gradient
methods, [Schulman et al., 2017] attempts to update policies by clipping the prob-
ability ratio of actions taken in the current and previous policies to prevent large
policy updates.

In the context of self-driving, [Kendall et al., 2018] demonstrates the first ex-
ample of deep reinforcement learning policy installed to a real vehicle. They use
a continuous action, model-free reinforcement algorithm to learn a lane following
policy in a day with an affordable reward structure. Later, [Toromanoff et al., 2020]
introduces the term implicit affordances to describe the output of a pretrained im-
age encoder. They train the image encoder in a supervised fashion with semantic
segmentation, traffic light, and intersection detection objective. Then, they use the
output of the frozen image encoder as a feature vector for their RL algorithm. Fi-
nally, [Zhang et al., 2021a] trains a privileged RL agent with the purpose of creating
an expert driver that can provide on-policy supervision. It is important because it
is not possible to provide on-policy supervision with rule-based experts and they

also argue that an agent having an access to internal dynamics of a simulation can
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provide more descriptive supervision signals in an imitation learning setup. Later,
they train imitation learning agents by distilling a policy from the privileged RL
expert, and they show the distilled IL agent can provide competitive performance

in the CARLA benchmark.

2.4 World Models

A world model is a computational tool that mimics the internal dynamics of an en-
vironment (e.g., simulated or real). [Schmidhuber, 2015] and [Ha and Schmidhuber,
2018] introduce RNN-based world models to extract useful representations of future
states. The proposed world models [Schmidhuber, 2015, Ha and Schmidhuber, 2018]
operate in a compact latent space, in which a variational autoencoder can encode
and decode, and use the learned representations in another controller module to
facilitate short-term planning via reward maximization. Similarly, PlaNet [Hafner
et al., 2019] facilitates a world model to learn the internal dynamics of the simulation
environment; and then uses the world model to imagine trajectories, which enables a
population-based search to find the optimal action. Subsequently, Dreamer [Hafner
et al., 2020] and DreamerV2 [Hafner et al., 2021] extends the idea of learning world
model in a compact latent space by introducing a Dyna-style [Sutton, 1991] off-
policy update to learn an action model. Finally, [Henaff et al., 2019] and [Sobal
et al., 2022] utilize world models to predict future states of the environment, which
they use to calculate a differentiable policy cost. Especially, [Sobal et al., 2022]
follows a decoupling strategy to separate future predictive models for world and ego,

since modeling ego is not as exhaustive as modeling world.

2.5 Model Predictive Control and Planning

Model predictive control [Garcia et al., 1989] stands as a renowned control method.
It relies on a clear definition of both the system and the cost function, allowing
it to operate without expert supervision over extended time horizons. With cer-
tain assumptions in place, methods like quadratic programming [Maciejowski, 2002],

nonlinear programming [Camacho and Alba, 2013], explicit MPC [Bemporad et al.,
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2002], and the iterative Linear Quadratic Regulator (iLQR) [Li and Todorov, 2004]
address the traditional MPC problem. Recently, though, there has been a shift
towards gradient-based and sampling-based solution methods. Such methods gain
traction as they facilitate the application of MPC within an end-to-end learning
framework, known as differentiable planning. UPN [Srinivas et al., 2018] employs a
gradient-based MPC for planning in latent spaces. [Amos et al., 2019] introduces a
method to compute analytical gradients with respect to an MPC module, notably
accelerating the back-propagation process by a factor of 10%. In their discussion,
[Bharadhwayj et al., 2020] suggests that both gradient and sampling-based optimiza-
tion techniques present unique merits and shortcomings. As a solution, GradMPC
[Bharadhwaj et al., 2020] unveils a framework merging the sampling-based cross
entropy method (CEM) with gradient-based MPC for faster convergence. Further,
TD-MPC [Hansen et al., 2022] incorporates a sampling-based CEM module to en-
hance the action suggestions from the policy network. Lastly, [Romero et al., 2023]
utilizes an actor-critic architecture to forecast elements of weight matrices in the

MPC module, which subsequently guides action prediction for quadcopter control.
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Chapter 3

URBAN DRIVING SYNOPSIS

In this chapter, we give detailed information related to our urban driving en-
vironment. In Section 3.1, we, first, describe the urban driving problem by giving
all necessary state and action definitions. Then, we introduce the simulation en-
vironment in Section 3.2. Finally, Section 3.3 gives a detailed explanation of the
bird’s-eye-view (BEV) representation, which we use as our world state in our exper-

iments.

3.1 Problem Definition

In an urban driving task, for a given time ¢t € N, the environment yields a state
s; € S which consists of ego state s{’ € S%°, and world state s¥o'd ¢ Swerld,
Accordingly, ego refers to the agent/vehicle being controlled, and the world corre-
sponds to everything in the environment except the ego. Figure 3.1 presents an
example scene from the environment that shows the distinction between ego and
world. The agent generates an action a; € A in the form of gas ai*® € A% brake
alrake ¢ Abrake and steering wheel angle af” € As". The high-level aim is to
travel from one point to another through a predetermined set of routes as quickly as
possible. Moreover, the agent should have as few infractions (i.e., traffic violations
per kilometer) as possible. Towards this end, in each time step, the agent receives
the target state s,*’9, which is a tuple of (2!@9¢t ytarget ytarget ¢y where gtorget
and 1'79¢ represent the target location in world coordinates, 1) 9¢ represents the
target yaw angle, and ¢ represents the high-level navigational command (e.g., lane
follow, turn right, turn left, etc.) provided by the simulation. Mimicking real life,
the simulation provides target information in a sparse manner; that is, the distance

between two target locations might reach a few hundred meters, which eliminates
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Figure 3.1: An example scene from the environment. Here, the green-shaded
vehicle represents the ego, and all other elements in the scene (i.e., traffic lights,
pedestrians, cars, etc.) represent the world. Note: This is just an example to
describe ego and the world. We do not use this representation (i.e., 3rd person
view) in our environment.

the possibility of creating a naive path follower system.
Specifically, s;? € R* is a tuple of (x9°,y9° 1)°9° 1v°9°) where z°9° and y©°
represent the location in world coordinates, 1)°° represents the yaw angle (i.e.,

[

heading), and v®° represents the speed of the ego vehicle. On the other hand,

gworld ¢ REOXHXW g 4 rasterized bird’s-eye-view (BEV) representation of a localized
region around the ego vehicle, where C'is the number of semantic classes, H and W is
the height and width of the rasterized representation in pixels. In our experiments,
we specify the localized region such that it spans the region only in front of the
ego vehicle, starting from the center of gravity of the vehicle. In this manner, we
place the ego vehicle at the bottom center of the BEV representation. The localized
region has the dimensions of 38.4 x 38.4 m?, which we discretize into 192 x 192

pixels. Finally, we utilize both s{? and s¥°"'¢ as ground-truth.
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3.2 Simulation Environment: CARLA

We use CARLA 0.9.13 [Dosovitskiy et al., 2017] as an urban driving simulator. Using
a custom-prepared code base, we establish the entire communication with CARLA
in Python. We directly acquire the ego state from the simulation, which consists
of the agent’s ground-truth location, yaw angle, and speed. We calculate the world
state (i.e., BEV representation) using HD Maps provided by the CARLA simula-
tor. We achieve the final version of the rasterized representation by parsing and
postprocessing the HD Map. Figure 3.2 illustrates an example BEV representation.

Similar to our work, [Sobal et al., 2022] and [Henaff et al., 2019] use NGSIM
data [U.S. Department of Transportation Federal Highway Administration, 2016] to
simulate highway driving scenarios. In discordance with our urban driving environ-
ment, their simulation environment is much simpler because the highway driving
problem has fewer uncertainties and less interaction with other environmental el-
ements. Moreover, the high-level goal is clearly defined in the highway driving
problem, which is to follow the lane and avoid collisions. However, in urban driving,
although the relatively simple high-level goal is to reach the target location with
minimal infractions, the existent low-level goals (e.g., changing lanes, stopping at

traffic lights, yielding to pedestrians, etc.) make the problem harder.

3.3 Bird’s-Eye-View (BEV) Representation

Bird’s-eye-view (BEV) representation is a top-down view of the semantic world,
meaning each pixel represents a specific class or set of classes. For driving, we argue
that the BEV representation serves as a more natural representation of the world,
as it is more aligned with the 2D geometry of driving [Hu et al., 2022], compared to
the pure RGB-based representations.

We include 12 different semantic classes in our BEV representation. We illustrate
these classes in Figure 3.2. Table 3.3 presents the color-coded semantic classes.

The complex nature of urban driving task requires the fusion of multiple infor-
mation emitted from different sources. Therefore, we add every piece of information

that we can obtain from the simulator into the BEV representation. For example,



Chapter 3: Urban Driving Synopsis 17

Agent Lanes affected by the green light Green light

Lanes affected by the red or yellow light | Red or yellow lights

Lanes that agent can drive Lane markings

Road Offroad

Table 3.1: Semantic classes used in the BEV representation. Each color
corresponds to the color used to visualize the BEV representation.

t—9 t—6 t t+1

t—3

Figure 3.2: An example BEV representation of the world. This specific set
of examples presents a top-down representation of the world while the ego vehicle is
rotating. Each pixel corresponds to one or multiple semantic classes distinguished by
the color. Table 3.3 presents the color-coded semantic classes. The time difference
between each frame is 0.05 sec since we collect the data with a sampling frequency
of 20 Hz.

since the gradient-based MPC scheme (see Section 5.2.2) depends on the spatial in-
formation to navigate in complex scenarios, we include lane-specific channels (e.g.,
lanes that agent can drive and lanes affected by the green light) at different levels.
At various phases of our study, we experimented with the different subsets of the
semantic classes presented above, and we observed that the choice of the subset of
semantic classes affects each model differently. In other words, a subset with a few
semantic classes might be a proper choice to train a world forward model since it
will reduce the model’s complexity. However, the same subset might not be a good
choice for the policy model, as it will not provide enough information for the ego

vehicle to drive.
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Chapter 4

FORWARD MODELS FOR FUTURE PREDICTION

In this chapter, we handle the future prediction problem and investigate the
forward models used in our study. First, in Section 4.1, we briefly introduce the
future prediction problem and mathematical formulation of forward models. Then,
in Section 4.2, we introduce our ego and world forward models, along with the
details regarding their architectures, training, and evaluation. Next, in Section 4.3,
we present the evaluation results of our forward models and discuss the results.
Finally, in Section 4.4, we conclude the chapter with a summary and a discussion of

limitations and future work.

4.1 Introduction

This section describes the future prediction problem and the forward models. For-
mally, we start by assuming that we are a given a sequence of states

X = (x1,X2,...,X;), where x; represents the state at time i. The future prediction
objective is to find a sequence of states Y = (Y11, Y42, ---,Yern), Where y; rep-
resents the predicted state at time ¢ and h represents the prediction horizon. One
way to solve future prediction problems is to learn a forward model. Henceforth,
forward models refer to the models that predict the future state given the current

world c RNXC’XHXW)

state (e.g., ego state s%° € R* or world state s and some addi-

tional information (e.g., action, previous state, etc.). Mathematically speaking, we

can represent a deterministic forward model as follows:

sit1 = fo (51, ) (4.1)

= f(s,a;0) (4.2)
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where s; and s;,1 represent the current and future state; 8 represents the true model
parameters, a represents the additional information (i.e., action), and, finally, f
stands for the nonlinear forward function that represents the inherent dynamics. In
general, the term learning refers to the process of finding a parameter set 3 such
that the discrepancy between fg and fg is minimized.

For a stochastic forward model, some noise or randomness also accompanies the

calculation of the next state. We represent the stochastic forward model as follows:

St+1 ™~ N (:u91 (St7 a) )06, (St7 a) I) (43)

where, A/ denotes normal distribution where s, a, and 6] parameterize the mean
and the variance. Similar to the deterministic case, we aim to learn a set of pa-
rameters « such that we minimize the discrepancy between true model’s probability

distribution N (ue, (s¢,a), 09, (st,a)I) and the estimated distribution
N (/’L'Yl (St7 a) 1 T2 (Stu a) I)

4.2 Methods

In this section, we present the forward models that we design to predict future states

of ego and world.

4.2.1 FEgo Forward Model

Following [Chen et al., 2021] and [Sobal et al., 2022}, we adopt the kinematic bicycle
model [Rajamani, 2012] as the ego forward model. We can formally describe the

kinematic bicycle model as follows:

& =wcos(¢ + B) (4.4)
y =wvsin(y + ) (45)
b= v cos(ﬂ}/tan@) (4.6)

vV=ua (4.7)
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Figure 4.1: A schematic of the kinematic bicycle model in world (X —Y)
coordinates. Here, © and y represent the longitudinal and lateral speed in body
coordinates, respectively. v represents the yaw angle; [ represents the slip angle,
which is the angle between the longitudinal axis of the vehicle and the velocity vector.
lrear and lfyons define the rear and front wheelbase length, respectively. Finally, 6,
steer angle, represents the control command provided to the vehicle.

where x and y are the location in world coordinates, v is the yaw angle, and
v is the speed of the vehicle. In addition, the intermediate parameter § stands for
the slip angle, representing the angle between the velocity vector and the vehicle’s
longitudinal axis. According to [Rajamani, 2012], we can calculate the slip angle as

follows:

B = arctan (@) (4.8)

where [, is rear wheelbase and L is wheelbase of the vehicle. Finally, the control
commands fed to the vehicle are the longitudinal acceleration a and the steering
angle §. For simplicity, we approximate the relation between gas-brake and longitu-
dinal acceleration, and the relation between steering angle and steering wheel angle

as linear transformation:
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a=oa (4.9)
where § stands for the real steering wheel angle command provided to the vehicle,

and a stands for the piece-wise linear function of gas and brake command fed to the

vehicle:

gas if gas > 0
(4.11)

Q>
Il

—brake if brake > 0

provided that the gas and brake cannot be greater than zero simultaneously.

Adapting the (4.1), we can represent ego forward model as follows:

$t+1ayt+17¢t+1avt+1 = fego (l't7ytv¢tvvt>at;5t ; l’/‘vLaal?aQ) (4'12)

In (4.12), I, L, oy, and ay represent the independent variables we fit in the

learning process.

Data Collection

Following [Chen et al., 2021], we collect a dataset that includes random actions to
capture a wide range of state transitions. We perform the data collection process
within the CARLA simulation environment. In each episode, we spawn the ego
vehicle at a random location and provide the agent with a random action at each
time step until collision with an object occurred. In total, we collect 20k data points,
which correspond to 120 episodes of simulation runs. We split the dataset such that
there are 80 episodes for training, 20 episodes for validation, and 20 episodes for
testing. We repeat the actions a few times to make state transitions more distinct.
The simulation runs in 20 H z, meaning that the time difference between each sample

is At = 0.05 sec. Figure 4.2 shows an example of a random data collection episode.
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Figure 4.2: An example episode from the dataset collected for the training
of the ego forward model. The top-left graph visualizes the trajectory of the ego
vehicle. The top-right and bottom-left graphs illustrate the change of heading and
speed, respectively, throughout the episode. Finally, the Bottom-right graph shows
the random control commands fed to the ego vehicle.

Training and Inference Procedure

We use PyTorch [Paszke et al., 2019] as the main framework in our experiments.
We model the ego forward model using PyTorch, resembling the kinematic bicycle
model, with the parameter set @ = (I,., L, a1, a3) designated as learnable parameters.
Our goal is to make the predicted ego state as close as to the actual ego state

according to the per time step objective in (4.13):

Jp = |y — 3| + (4.13)
|ye — Ge| + (4.14)
‘cos Wy — cos iy | + (4.15)
sin i, — sin ¢y (4.16)

To achieve a robust training objective, we can minimize the overall training
objective by summing up the unrolled J; over a fixed horizon T in a sliding window

manner:
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J=>J (4.17)

During training and inference, the ego forward model takes the current ego state

s;%° € R*, and the action a; € R? as input and outputs the predicted ego state
§79° € R*, in each time step.

Evaluation Metric

We use the mean absolute error (MAE) as the evaluation metric for the ego forward

model. We define the MAE as follows:

N

1 eqgo ~€go
MAE = — > s — 8% (4.18)

]
where N represents the number of time steps in the prediction horizon, s;¥; repre-
~€GO

sents the ground-truth ego state at time ¢ + 4, and s;{; represents the predicted ego

state at time ¢ + 1.

4.2.2  World Forward Model

Similar to [Babaeizadeh et al., 2018], [Denton and Fergus, 2018], [Sobal et al., 2022],
we adopt a probabilistic approach for the construction of the world forward model.
We choose to model the world in a stochastic manner because deterministic ap-
proaches fail to predict multiple possible futures [Henaff et al., 2019], as they average
out the possible features.

For probabilistic modeling, we use a popular architecture called variational au-
toencoders (VAEs) [Kingma and Welling, 2022]. VAEs are generative models that
learn the underlying distribution of the data. The VAE architecture consists of two
main components: an encoder and a decoder. The encoder takes the input data and
encodes it into a latent representation. The decoder takes the latent representation
and reconstructs the input data. We train the encoder and the decoder jointly to

minimize the reconstruction loss. In addition, we train the encoder to minimize the
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Figure 4.3: A schematic of the world forward model. We structure the world
forward model as a conditional variational autoencoder. We condition future world
states on the past N world states. In each time step, the posterior network g,
takes the past N world states and the future world state as input and outputs
the parameters of the latent distribution. We then feed the latent representation
conditioned on the past world states to the prior network py to reconstruct the future
world state.

KL divergence between the latent representation and a prior distribution. In our
case, we use a conditional VAE architecture [Sohn et al., 2015], where the goal is to
reconstruct future world states given N past world states. Figure 4.3 illustrates the
general architecture of the world forward model. We represent the training objective

of the world forward model as follows:

L:(0,d;%,¢) = =By (arjxr e 108 Do (% |27, €7)] + KLlgg (27 %, ¢7)|Ip(2-)) (4.19)

Vv Vv
reconstruction term KL divergence term

where x, represents the future world state s;’jf{ld, c, represents the past N world

states s@% | ., z, represents the latent variable, pp represents the decoder, and g,
represents the encoder.

Adapting the (4.1), we represent the world forward model as follows:

s;”ﬂld = Jworld (Sqiuf%ilzt ; 0, ¢) (4.20)

where 8 and ¢ represent the parameters of posterior and prior networks, respectively.
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Data Collection

We, again, utilize CARLA simulation to collect data for the world forward model.
Similar to the procedure in 4.2.1, in each episode, we spawn the ego vehicle in a
random location, and CARLA’s built-in Autopilot controls it for a fixed number
of steps. We execute the simulation in 20 Hz, meaning that the time difference
between each sample is At = 0.05 sec. We illustrate an example sequence in Figure

3.2.

Training and Inference Procedure

The training procedure of the world forward model follows a very similar pipeline
to that of the ego forward model as detailed in 4.2.1. The only difference is that we
train the world forward model in a conditional manner. In other words, we train the
world forward model to reconstruct the future world state given the past N world
states. The aim is to minimize the per time step objective given in (4.19) over a

fixed horizon T in a sliding window fashion:

~
L

J = L0, ¢, a1, 09;%,,¢;) (4.21)

T

Il
=)

During training, in each time step, we feed the past N world states s¥ . €

and future world state s{j'd € R™>OHxW 4 separate encoders (i.e.,

RNXCxHXW
he, and he,) to extract both past and future features and to obtain common di-
mensionality between past and future states. Note that, in this input-output rep-
resentation, N corresponds to the number of past world states fed to the model,
which we refer to as context horizon, C' is the number of semantic classes, H and W
are the height and width of the BEV representation. Then, we sum the extracted
features and feed them to the probabilistic encoder of the VAE, which produces
the parameters of the prior distribution. With the help of the reparameterization
trick (i.e., € ~ N(0,1) and z = u + 0 ® €), we sample a latent vector from the

prior distribution. Finally, after combining the past world state features (i.e., con-

ditioning) with the latent vector, the decoder reconstructs the future world state
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é;’jf{ld. We use the per-channel binary cross-entropy loss as a reconstruction loss in

a multi-label prediction setup. We calculate the KL divergence term between the
posterior distribution and the prior distributions, generally modeled as a standard
normal distribution. Eventually, we calculate the overall loss term as the weighted

combination of the reconstruction term and KL divergence term:

L= Ereconst'ruction + BﬁKL (422)

where [ is the weight of the KL divergence term. In our experiments, we set § =
1074,

The world forward model predicts the future world state during inference given
the past N world states. In each time step, we feed the past N world states
sworld | € RVXOXHEXW 4 the encoder to extract the past features. Then, we sample
a latent vector from the prior distribution, which we already modeled as a standard

normal distribution. Finally, after combining the past world state features (i.e.,

conditioning) with the latent vector, the decoder reconstructs the future world state

qworld
t+1

FEvaluation Metric

We use the per channel mean Intersection over Union (mloU) as the evaluation

metric for the world forward model. We define mloU as follows:

N ld ~ aworld
1 cSwor N .gwor
1 c 1
mloU, = — bt s (4.23)
N Sworld U Sworld
i=1 cOt+1 cOt41

where N represents the number of time steps in the prediction horizon, ¢ represents

the semantic class, .87 represents the ground-truth future world state for the

semantic class ¢, and cég’f{ld represents the predicted future world state for the
semantic class ¢. Additionally, we present per-channel metrics such as precision,

recall, and F1 score for completeness.
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Location MAE Rotation MAE
Test set 0.0742 0.0533
Train set 0.0647 0.0467

Table 4.1: Ego forward model evaluations results. MAE is calculated in meters
for location and unitless for rotation.

4.3 Results and Discussion

In this chapter, we present and discuss evaluation results of ego and world forward

models, quantitatively and qualitatively.

4.3.1 FEgo Forward Model

Table 4.1 shows the evaluation results of the ego forward model. The ego forward
model achieves 7.42 ¢m MAE in the test set and 6.47 ¢m MAE in the train set,
which indicates that the proposed ego forward model is able to predict future ego
location with an error of less than 10 em. We find 10 ¢m MAE acceptable for the
ego forward model since it corresponds approximately to %2 of the length of the ego

vehicle and %5 of the width of the ego vehicle.

Qualitative Results. Figure 4.4 shows the rollout performance of the ego forward
model for a random action sequence taken from the test set, and Figure 4.5 shows
the rollout performance of the ego forward model for a sequence of actions taken
from a realistic driving scenario. In both cases, the ego forward model is able to

predict the future ego location with a high accuracy.

4.3.2  World Forward Model

We experiment with two pairs of semantic class subsets and sampling rates in world
forward model training. In the first pair, which we denote as simple case, we use
the following subset of semantic classes: roads, lane markings, vehicles, green lights,

red or yellow lights, and offroad with the 20 Hz sampling rate. In the second pair,
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Figure 4.4: Rollout of the ego forward model under a random action se-
quence. We present MAE scores of each property next to the corresponding graph
title.

which we denote as hard case, we use the following subset of semantic classes: roads,
lanes that the agent can drive, lanes that the agent cannot drive, lanes affected by
the red or yellow light, lanes affected by the green light, lane markings, vehicles,
and offroad with the 5 Hz sampling rate. Although some of our models have dif-
ferent prediction horizons during training, but for evaluation, we set all the model’s
prediction horizons to 10 in order to make a fair comparison.

In the context of urban driving, we are mostly interested in the vehicle mloU
score, since predicting the future locations of other vehicles has a crucial importance
for navigating safely in the world. Therefore, our discussion revolves around the
vehicle mIoU score. Table 4.2 shows the evaluation results of the simple case for
four different context and prediction horizon configurations. According to Table
4.2, we observe that increasing context length has a positive effect on the mloU

score of vehicle class. We argue that it is because the increased context horizon
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Figure 4.5: Rollout of the ego forward model under an action sequence
taken from a realistic action sequence. We present MAE scores of each property
next to the corresponding graph title.

enables the model to preserve more information regarding the motion of the other
vehicles. Similarly, investigating the first (N=20, T=30) and second (N=20, T=10)
configuration in Table 4.2, for a fixed context horizon, we observe that increasing
the prediction horizon results in an improvement in the vehicle mloU score. We
argue that back-propagating the loss accumulated through multiple number of time
steps enables a more robust training and it increases the performance of the world
forward model.

On the other hand, we observe a decrease in performance when transitioning
to the hard case. We believe this is due to the changes between frames increasing
significantly, making it more challenging for the model to learn accurate representa-
tions for extended horizons. One indication of this is that, while the model performs
better with an increased prediction horizon in the simple case, it shows markedly

poorer performance in the hard scenario. In the hard case with T' = 30, the scene
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Simple Case Hard Case
Context Prediction Vehicle Context Prediction Vehicle
Horizon Horizon mloU Horizon Horizon mloU
(V) (T) (V) (T)
3 10 0.539 5 10 0.353
10 10 0.624 10 10 0.440
20 10 0.707 20 10 0.435
20 30 0.737 20 30 0.369

Table 4.2: World forward model evaluation results. We only show the vehicle
mloU for brevity. For the rest, see the Appendix A.1.

undergoes such drastic changes that the model struggles to reconstruct it using only
the motion cues present in the context frames. Finally, as in the case of simple
case, the model trained for hard case suffers from the lack of sufficient context when
N = 5, which causes a relative performance drop compared to the N = 10 and

N = 20 cases.

Qualitative Results. Figure 4.6 shows three examples from the world forward
model predictions. Context-prediction pairs enclosed in a green rectangle show the
successful predictions. In the first two successful rows, it is visible that the model is
able to reconstruct the future world state with the help of the motion information
encapsulated in the context frames. However, the last row shows an example where
the model failed. In general, we observe that the model tends to fail when the ego
vehicle turns. We argue that it is because we underrepresented the turning situations
in the dataset since, most of the time, the ego vehicle follows a rectilinear motion,

not curvilinear.

4.4 Conclusion

All in all, we show that the proposed ego forward model can predict the future ego

location with an error of less than 10 em. We also show that the proposed world
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Figure 4.6: World forward model predictions. The first four frames in the
context row represent the context frames fed to the model as input. The next four
frames in the context row represent the ground-truth future world states. Finally, the
predictions of the world forward model are located in the prediction row. Context-
prediction pairs enclosed in a green rectangle show the successful predictions. On
the other hand, a context-prediction pair enclosed in a red rectangle displays a case
where the model failed. Note that the time steps are downsampled to fit the figure.

forward model can predict the future world state with a high (> 0.7) vehicle mIoU
score for simple case and a moderate (> 0.4) vehicle mloU score for hard case.
We believe that the proposed forward models can be used as a baseline for future

prediction in urban driving scenarios.

Limitations and Future Work. One limitation of our proposed ego forward
model is that it might be too simple for edge cases. Since it is based on the kinematic
bicycle model, it does not cover all the situations a vehicle might encounter. For
example, when the speed of the vehicle is too large or the given control command

is too jerky, the kinematic bicycle model loses its validity. In these cases, it might
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not be able to reconstruct the future ego state correctly. As a solution, we can use a
more complex model such as a dynamic bicycle model [Rajamani, 2012] or a neural
network-based parametric model.

Additionally, one important limitation of our proposed world forward model is
the fixed-size constraint on the context frames. Unfortunately, this limitation is a
direct cause of the architectural choice. Especially, it becomes a problem if we do
not have enough frames to fill the context buffer. In this case, one solution is to
fill the buffer with the same frame multiple times. However, it might also cause
catastrophic problems at edge cases or while working with a low sampling rate (i.e.,
5 Hz). As a solution, in the future, we plan to use a more flexible recurrent neural
network-based (RNN) architectures ([Denton and Fergus, 2018],[Franceschi et al.,
2020]) that can handle variable-length context and prediction horizons. Another
limitation of our world forward model is that it shows a degradation in performance
when the ego vehicle starts to turn. We argue that it is because the curvilinear
motion lacks enough presence in the dataset, compared to the rectilinear motion.

In the future, we plan to use a more balanced dataset to rectify this problem.
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Chapter 5

LEARNING HOW TO ACT

In this chapter, we present our work on learning how to act in urban driving
scenarios. In Section 5.1, we explain our motivation to use existing methods in this
chapter. Then, in Section 5.2, we present our methodology to learn how to act in
urban driving scenarios. Specifically, we first show how we design a differentiable
cost module that injects driving-specific supervision signals into the learning process.
Then, we show how we use the differentiable cost module to incorporate a gradient-
based MPC module and train a policy network. In Section 5.3, we present and
discuss the evaluation results of our method. Finally, in Section 5.4, we conclude

our work and discuss the limitations and future work.

5.1 Introduction

Although the behavior cloning is a widely-adopted method to learn a policy in an
urban-driving setup, it has several limitations. One notable limitation of behavior
cloning approach is that it is susceptible to a phenomenon called covariate shift
[Ross et al., 2011]. In the context of behavior cloning, we define the covariate shift
as the inability of agent to recover from unseen states. One of the main reasons for
the covariate shift is that the agent does not have any information about the cost
of being in a particular state since it only sees a fixed set of states in a dataset.
It also embarks another problem with the BC: strong dependence on the expert
supervision, which might not always be available.

To deal with the aforementioned limitations, we propose a differentiable policy
cost module that can inject driving-specific supervision signals into the learning
process. The main purpose of the module is to give ability to learn how to drive —not

memorize— by providing constant on-policy supervision signals. We design the cost
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module to be differentiable for use in gradient-based optimization and supervised

learning methods, avoiding RL’s sample-inefficiency.

5.2 DMethods

5.2.1 Differentiable Policy Cost Design for Urban Driving

We design a differentiable cost module that injects driving-specific supervision sig-
nals into the learning process, as opposed to the naive behavior cloning scenario
where the only supervision signal is the action or state reconstruction term that
minimizes the mathematical objective, not physical. We design the cost module to
be differentiable for use in gradient-based optimization methods. Besides its differ-
entiability, we also make it interpretable for detecting failure modes of the learning
process.

Our cost module depends heavily on the prediction module as it mainly operates
on the future predictions of the world and ego states. The main idea is to point out
the driving continuously-specific penalties and rewards in the form of spatial and
temporal regions. That is, the module assigns a cost for being in a particular ego

world

€99 in the future, given that the world state s in the future. In this regard,

state s
our design is similar to that in [Sobal et al., 2022]. However, they design their cost
module to operate in highway driving, which is a relatively more straightforward
task compared to urban driving. Our cost module operates in highly challenging

and stochastic urban driving scenarios.

Mathematical Formulation of the Cost Module

Our formulation assumes that we have the information of the future states of world
and ego. To begin with, we represent the ego vehicle as a heatmap H® in the
BEV representation, which we interpret as an area of impact of the ego vehicle’s
location in the BEV space. We do not focus on a singular point representing the
exact location but rather a proximity region around the exact location. Then, con-
sidering each channel of BEV representation as a binary map M®%%i that represents

a specific semantic class, a dot product between the heatmap and the binary map
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Figure 5.1: Coordinate matrix A and aligned coordinate matrix A%/med,
The bottom-middle point corresponds to the origin of the coordinate system. Each
point in the coordinate matrix A represents the displacement vector between the
origin and the corresponding point. Finally, we obtain the aligned coordinate matrix
Adligned by translating and rotating the elements of the coordinate matrix according
to the ego vehicle’s location and rotation.

((He9°, M¢@ss1)) represents the amount of overlap between the ego vehicle and the
semantic class. This specific cost definition physically induces a penalty for being

in an undesirable location and a reward for being in a desirable location.

Calculation of the Heatmap. The calculation of the heatmap is one of the most
critical aspects of the differentiable cost module since it enables gradients to propa-
gate through the physical state (i.e., location, speed, heading) of the ego vehicle. We
first start with creating a matrix of coordinates where each element represents the
displacement vector between the bottom-middle pixel and the corresponding pixel.
The coordinate matrix can be denoted as A € RF>*W>2 where H and W are the
height and width of the BEV representation, respectively. For each element in the

coordinate matrix, we calculate the displacement vector as follows:

A = . 2 (5.1)

Then, we obtain the aligned coordinate matrix A®#¥"¢d by translating and ro-

tating the elements of the coordinate matrix according to the ego vehicle’s location
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Low Speed High Speed

Figure 5.2: The example heatmaps generated at different speeds. We gen-
erate the heatmaps according to the (5.3), which defines a non-linear transform of
the coordinate matrix A% Tn the high-speed case, the heatmap has a larger
area of impact, which can be interpreted as a larger look-ahead distance.

and rotation:

At~ Rp) Ay - | (52)
1,] 1, .
Y

where  and y are the location of the ego vehicle, and ¢ is the yaw angle of the
ego vehicle. R(v) represents the rotation matrix that rotates the elements of the
coordinate matrix A by v radians. Figure 5.1 illustrates A and Aaligned,

Then, following the [Sobal et al., 2022] and [Henaff et al., 2019], we calculate the

heatmap H° as follows:

d Aaligned + d Aaligned + “
ego T | F g0 ) y T |4 5,2
HZ.J = 512 X min 4 — w2 1 (5.3)
T Y

where d, and d, are masks behaving as safety distances in our equations. Heuristi-

cally:

o = (ko + i) + (70 + 0705 (5.4)

dy = (Ktongl + brong) + (Kibesv + e’ (5.5)

long long
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In (5.4) and (5.5), all k; and by terms represent a scaler and an offset parameter
that should be tuned. Moreover, w and [ represent the width and length of the ego
vehicle, respectively. Finally, « is a hyperparameter that controls the sharpness of

the heatmap. Figure 5.2 illustrates the example heatmaps generated at different

speeds.
We define a per class policy cost term C’fl‘;l;gy as follows:
Crptien — (R, M (5.6

Finally, we can define the overall cost term CP° as follows:

K
Cpolicy b Z Wclassi Cpolicy (57)

channel;
=1

where K is the number of semantic classes in the BEV representation and W5,
is a weighting factor to for each semantic class. Depending on the situation, W,
can be a constant value, a normal distribution parameterized by mean p and o2, or

a function of the ego state s°9° and the world state s’

5.2.2  Gradient-Based Model Predictive Control

In traditional model predictive control (MPC) formulation, we need to solve the

finite-horizon optimization problem:

T-1
argmin th(xt,at) subject to xy11 = f(X¢, ), X0 = Tinit, (5.8)
xor-1€X,80.7-1€A T,

where X;,a; are the state and control at time ¢, X and A are state and control
constraints, ¢; : X x A — R is a generic cost function, f : X x A — X is a dynamics
model, and x;,;; is the initial state of the system. Under specific assumptions, we
can solve the traditional MPC problem by using a variety of methods, such as
quadratic programming [Maciejowski, 2002], nonlinear programming [Camacho and
Alba, 2013, explicit MPC [Bemporad et al., 2002], and, iterative Linear Quadratic
Regulator (iLQR) [Li and Todorov, 2004].
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We aim to have a more versatile MPC formulation that can be utilized in various
scenarios rather than adapting our problem to existing definitions. To this end, we
construct our gradient-based planner (MPC) by following a similar strategy to that
of [Henaff et al., 2018], [Srinivas et al., 2018], [Bharadhwaj et al., 2020].

Mathematical Formulation of Gradient-Based MPC

The main ingredients of the gradient-based MPC are the differentiable cost function
C and the forward model f. We start with predicting the future states of ego and
world by utilizing the forward models f.;, and fyorq. In each time step, the ego
forward model takes the current ego state s’ € R*, and the action a; € R? as
input and outputs the predicted ego state §;° € R*. Similarly, the world forward

world c RNXCXHXW

model takes the past N world states s}"’y% ., as input and outputs

the predicted future world state sy € R HXW,

Then, according to our problem definition, the cost function C' can be defined

as follows:
T
_ aego  aworld _target
C_E Ci (St+1ast+1 »Si41 ) (5.9)
t=1
~ego ~world _target\ __ policy (~ego sworld o target
Ci (St+1’st+1 3 S ) =G (St+lvst+1 ) + Hsegotﬂvstﬂ H1 (5.10)

where C? °liey represents the policy cost defined in 5.2.1 and the second term
represents the L1 loss between ego state and the target state.

In each optimization step, we minimize the unrolled optimization objective (5.9)
with respect to the actions a;; 71 over a fixed horizon 7" in a sliding window

fashion:

a1 = argmin C' (5.11)
at:t4+T—1

We can solve the optimization problem (5.11) by utilizing a gradient descent

method. That is, in each optimization iteration, we calculate the gradients of the
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Figure 5.3: Simple schematic demonstrating the working mechanism of
the gradient-based model predictive control module. In each optimization
iteration, the proposed set of action a;; 7 yields a trajectory 7. Here, we assume
that the 7 is a combination of both s%° and s*"®. The objective is to optimize
the actions to minimize the cost C' defined in (5.10). Note that the optimization
(7) iteration is independent of the time (¢) iteration in the sense that after doing n
optimization iteration, we increase the time step by one to calculate the next action.

cost function C' with respect to the actions a;; 1. We can execute the gradient
calculations by utilizing an automatic differentiation tool such as PyTorch [Paszke

et al., 2019]. Then, we update the actions a;;, 11 according to the gradients:

appyr-1 ¢ Apprr-1 — AVay, 4, C (5.12)

We repeat the aforementioned action optimization procedure for n iterations.
Finally, as in the case of traditional MPC algorithms, we only execute the first
action a; and discard the remaining actions. We repeat the optimization procedure
for the next time step until the high-level objective is completed. We describe the

detailed implementation procedure in Algorithm 5.2.2 and illustrate in Figure 5.3.
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Algorithm 1 Gradient-Based Model Predictive Control

. ego ld target
1: Input: (fego, fuworid, 8777, 83N 14s 8¢ 0, Cp, Ty ny )

2: OQutput: Action a;, Cost C'
3: procedure OPTIMIZE > Optimize actions a;; 71

4: Initialize actions a;;, 71 randomly over prediction horizon T’

5: for iteration in 1 to n do
> Predict future ego states
6: éigrol:HT  Jego (st”, agiir-1)
> Predict future world states
7 éi”fff{’g < fworld (S,%U_O%Cil:t, at:t+T—1)
> Calculate cost
8 C  Cr (850 ST S )
> Calculate gradients
9: Vauisr 1 C < AUTOGRAD(C)
> Update actions
10: Apprr—1 < AT —1 — Oévam”,lc
11: end for
12: return a;, C

13: end procedure

5.2.3 Policy Network

We follow a relatively more straightforward approach while constructing the policy
network, as our primary focus is to prove the effectiveness of the differentiable cost
module proposed in Section 5.2.1. To this end, we construct a simple policy network
7 that takes the current ego state s{%°, the target state s;*’ 9, occupancy information
obtained by utilizing a radar-based sensor module in CARLA, and future-aware

world features obtained by the pretrained world forward model. Figure 5.5 illustrates

the general diagram of the policy network 7.

Occupancy Sensor. We design a hand-tailored radar-based occupancy sensor in

CARLA to assess information related to the objects in the proximity of the ego
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Figure 5.4: An illustration of the occupancy sensor designed in CARLA.
The green rectangle represents the ego vehicle that the radars are mounted on.
Orange rectangles represent the other vehicles that might be in the proximity of
the ego vehicle. Yellow dotted lines represent the radar sensors. Finally, the big
purple circle represents the working range of the radar sensors. If a radar does not
detect any object in its working range, the corresponding sensor reading is set to 0.
Otherwise, the sensor reading is set to the distance between the ego vehicle and the
detected object.

vehicle. We place n radar sensors around the ego vehicle. Each radar sensor has
5 degrees of vertical and horizontal field of view. Each radar has a range of 10
meters. We only utilized the distance information from the radar sensors. Figure

5.4 visualizes the sensor reading o € R"™.

Training and Inference Procedure

We first concatenate each component of the policy network to form a single vector
v € RP. v consists of the current ego state s;% € R?*, the target state s/“"9 € R?,
occupancy information o, € R", and future-aware world features f*d ¢ RPs. Ego
state s;7° is a vector including the location z and y coordinates, speed v, and heading
1 of the ego vehicle. Moreover, target state si”?* is a vector whose elements are

the location x and y coordinates of the target location. Occupancy information o,
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Figure 5.5: A schematic of the policy network. The policy network 7 takes the
current ego state s;%’, the target state s, occupancy information obtained by
utilizing a radar-based sensor module in CARLA, and future-aware world features
obtained by the pretrained world forward model. Then, the policy network 7 outputs
the action a;. We train the policy network 7 to minimize the cost C' without changing
the parameters of the forward models.

is a vector that represents the objects in the proximity of the ego vehicle. Finally,

forld is the output of the state encoder of the world

future-aware world features
t t
forward model. We process the concatenated vector v = [sfgo, s, "9 oy, ftw‘”"ld] by a

multi-layer perceptron (MLP) to obtain the predicted action a; € R?:

a, = m(v) (5.13)

In turn, we use the predicted action to predict the next future ego state §;7]

with the help of the ego forward model f¢9°. Then, the policy network 7 uses the
predicted future ego state to estimate action in the next time step. We repeat this

procedure 71" times to obtain the predicted trajectory 7:
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T = {ét, ét+1, Ce ,étJrT,l} (514)

Since we decouple the predicted future world state from the ego state, we can
predict the future world states independently by incorporating the world forward
model f%°r'@  Once we have the unrolled trajectory 7 (i.e., predicted the future

world and ego states for T time steps), we can calculate the cost C' as follows:

T
— €90 jworld _target
C—§ C (St+17st+1 18¢41 ) (5.15)
t=1

Optionally, (5.15) might include a behavior cloning (BC) objective such that it

becomes:

T
CBC — Z Ct (éfiol, ég}f{ld7 Sii_rlgd) =+ ||at — ét| |2 (516)
t=1

where the second term in the summation corresponds to L2 loss between ground
truth and predicted actions.

Finally, we train the policy network 7 to minimize the cost C' or Cge:

7" = argmin [C or Cp] (5.17)

™

Note that the ego forward model f¢9° and the world forward model f*°" are frozen
in this policy network training pipeline. In other words, we train the policy network
7 to minimize the cost C' without changing the parameters of the forward models.

During inference, we concatenate the current ego state s;?°, the target state

s;""9 occupancy information (see Section 5.2.3) obtained by utilizing a radar-
based sensor module in CARLA, and future-aware world features obtained by the
pretrained world forward model. Then, the policy network 7 processes the concate-

nated vector to calculate the action a;.
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5.2.4  FEwvaluation Procedure

We test the efficacy of the proposed gradient-based MPC module and policy network
module with a custom environment created in the CARLA simulator. In each trial,
we sample a start and an end point to generate a downsampled route, using the
A* algorithm, for the ego vehicle. In this context, a route is a set of intermediate
waypoint and high-level navigational command tuples, which corresponds to the
target state s;"?* delineated in Section 3.1. Then, we place the ego vehicle at the
start point of the route and start the simulation. In each time step, we calculate
the action a; by utilizing either policy network 7 or gradient-based MPC. Then, we
feed the action a; to the agent in the CARLA simulator. We repeat this procedure
until the ego vehicle reaches the end point of the route. We halt the trial if the ego
vehicle collides with any other static or dynamic object in the environment.

For MPC, we use the prediction horizon 7' = 10 and the optimization steps
n = 40. We use the Adam optimizer [Kingma and Ba, 2017] with a learning rate of
a = 0.01. For the policy network, we use the behavior cloning loss Cgc.

In our preliminary investigations, we find that the gradient-based MPC module
works reasonably well without using any world forward model and only by repeating
the last frame as T times. However, it works under the assumption that the envi-
ronment runs at a high sampling rate (e.g., 20 Hz) and the rate of change between
frames is relatively low. The advantage of not using the world forward model is that
we reduce the computational budget of the gradient-based MPC module, which is
already high due to the iterative nature of the optimization procedure. Therefore, in
most of our investigations, we disable the world forward model in the gradient-based
MPC module for the sake of computational efficiency.

In the next section, we present our qualitative findings that we predicate on the

manual inspections throughout the trials.

5.3 Results and Discussion

In this section, we present our observations regarding the utilization of the gradient-

based MPC and the policy network in various scenarios.
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Figure 5.6: A timelapse from a scene where the ego vehicle makes a sudden
maneuver to avoid a collision. World forward model in action. We represent
the ego vehicle with a green rectangle at the bottom of the image. On the bottom
row, we show the generated heatmaps used in the differentiable cost calculation. In
this policy network example, we utilize the world forward model, so the predicted
future world states are visible under the heatmap. The indices at the bottom show
the amount of time step increment since the first frame, where the time difference
between time steps is At = 0.05 sec. The agent adjusts its steering based on the
vehicle cost and future world state predictions, initially steering left before correcting
to the right to avoid collisions and then proceeding forward when safe.

5.3.1 Gradient-Based MPC

In general, the proposed gradient-based MPC agent can follow and complete a route
and avoid collisions with other traffic participants. Moreover, it can act based on
the future predictions that the forward models provide.

Figure 5.6 represents a timelapse from a scene where the ego vehicle makes a
sudden maneuver to avoid collision with another vehicle, with the help of the forward
models. Note that, in Figure 5.6, the bottom row displays the heatmaps generated
by the differentiable cost module and the future world state predictions of the world
forward model. Therefore, we can observe that the bottom row represents a future
world state, hence scenes at the top and bottom rows are not identical. In the first
column of Figure 5.6, the agent continues to move forward since the vehicle cost is
considerably small. In the second column, the agent applies a sudden steer command

to the left since it thinks that it will cost less based on the current situation. Then,
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Figure 5.7: A timelapse from a scene where the ego vehicle slows down
to avoid a collision with another vehicle. We represent the ego vehicle with
a green rectangle at the bottom of the image, which is partially occluded by yellow
dots that represent the predicted future locations of the ego vehicle. On the bottom
row, we show the generated heatmaps used in the differentiable cost calculation.
The indices at the bottom show the amount of time step increment since the first
frame, where the time difference between time steps is At = 0.05 sec. The agent
modulates its speed based on the vehicle cost, braking when proximity to other
vehicles increases, and accelerating once it is safe to proceed.

from the third to the fifth column, the world forward model starts to predict the
other vehicles more accurately, so the agent decides to apply a steering command
to the right to avoid collision. Finally, in the sixth column, the agent continues to
move forward as the vehicle cost is zero.

Moreover, Figure 5.7 demonstrates a similar scenario where the agent needs to
slow down to avoid collision with other vehicles. In this example, the agent can slow
down and maintain a safe distance from other vehicles by utilizing the vehicle cost
Chenicle- In the first column, the agent applies a throttle command to increase speed,
as the vehicle cost Cenicie 18 zero, indicating that the road is safe to move forward
without any intervention. In the second column, the vehicle cost increases as the
distance between the ego vehicle and other vehicles decreases. As a result, the agent
decides to apply a brake command. From the third to the sixth column, the agent
continues applying the brake command to reduce speed and lower the vehicle cost.

Finally, in the seventh column, it becomes apparent that the agent decides to apply
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the throttle command once the distance between itself and other vehicles increases
to a level where the vehicle cost is near zero. Note that we can change the spread of
safe distances by tuning the parameters of the (5.4) and (5.5). Especially, in Figure
5.7, we can easily observe that the agent can apply a throttle command as long as

it thinks that it does not collide with other vehicles and it does not exceed the safe

distance.
Athrottle = 0.88 Athrottle = 1.00 Athrottle = 0.00 Athrottle = 0.00
Asteer = —0.05 Asteer = 1.00 Agteer = 0.00 Asteer = 0.00
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Figure 5.8: A timelapse from a scene where the ego vehicle gets stuck at
local optima. We represent the ego vehicle with a green rectangle at the bottom
of the image, which is partially occluded by yellow dots that represent the predicted
future locations of the ego vehicle. On the bottom row, we show the generated
heatmaps used in the differentiable cost calculation. The indices at the bottom show
the amount of time step increment since the first frame, where the time difference
between time steps is At = 0.05 sec. The agent gets trapped in a local optimum due
to conflicting cost evaluations from the MPC module, resulting in repetitive braking
despite initial intentions to progress forward.
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The Local Optima Problem. Although the gradient-based MPC agent can per-
form a decent driving in most of the randomly generated scenarios, and it drives
extremely carefully around other traffic elements, it shows a highly undesirable be-
havior in certain situations. It can get stuck at local optima, which is already known
to be a common problem in gradient-based planning [Bharadhwaj et al., 2020]. Fig-
ure 5.8 shows an example timelapse where the agent gets stuck at the local optima.
In this specific example, the agent cannot escape from the local optima since every
action predicted by the gradient-based MPC module creates both negative and pos-
itive costs that cancel out each other. For instance, even though the agent issues
a throttle and a steering command to move a little bit forward toward the target
waypoint, the differentiable cost module indicates that it will increase the offroad
cost. Therefore, it decides to apply a brake command. Then, the same procedure

repeats itself, causing the agent to get stuck at the local optima.

5.3.2  Policy Network

The proposed policy network agent can perform actions to follow a lane and avoid
collisions with other dynamic and static elements in the traffic. Additionally, the
future-aware features provided by the world forward model can help the agent to
make more informed decisions, as it can contribute as a look-ahead mechanism to
the policy network.

Figure 5.9 demonstrates a timelapse from a scene where the ego vehicle turns
around a corner. In this example, we observe that the agent can maintain a certain
speed while turning a corner and avoid crossing the opposite lane. Moreover, we
demonstrate that the agent can maintain its radius of curvature by preserving the
steering command in a certain range while turning. Finally, world forward model
predictions at the bottom row indicate that the agent predicts the future world

states accurately.

Dependence on Expert Supervision. Although, initially, we hypothesize that
the policy network agent can learn how to drive without any expert supervision, our

experiments show that the policy network agent needs a certain amount of expert
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Figure 5.9: A timelapse from a scene where the ego vehicle turns around
a corner. We represent the ego vehicle with a green rectangle at the bottom of
the image. At the bottom row, we present the generated heatmaps used in the
differentiable cost calculation. In this policy network example, we utilize the world
forward model, so the predicted future world states are visible under the heatmap.
The indices at the bottom show the amount of time step increment since the first
frame, where the time difference between time steps is At = 0.05 sec. The agent
adeptly maintains speed and steering during turns, avoids crossing into the opposite
lane, and accurately predicts future world states based on the forward model.

supervision to learn how to drive. In other words, the policy network agent cannot
learn how to drive without any expert supervision. We observe that the agent only
learns or converges to one action when the expert action supervision is missing.
We argue that it is a direct outcome of our optimization scheme in the context of
policy learning. In other words, as opposed to the multi-step-refinement nature of
the gradient-based MPC, we claim that the one-step-refinement nature of the policy
network is not enough for an agent to acquire driving skills, provided that the only

optimization objective is the differentiable cost function proposed in (5.15).
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5.4 Conclusion

All in all, we propose a differentiable policy cost module that we can use in conjunc-
tion with the gradient-based MPC and policy network to equip an agent necessary
driving skills. We show that both methods can learn to perform basic tasks in driv-
ing such as following a lane, turning around a corner, and avoiding collisions with

other traffic participants.

Limitations and Future Work. We observe that the gradient-based MPC agent
can get stuck at local optima in certain situations. Even though it is a known draw-
back of gradient-based planners [Bharadhwaj et al., 2020], we argue that it is a direct
outcome of the set of weighting factors W = (Wedestrians Waehicies - - - » Wof froad) that
we use with differentiable policy cost module. We observe that the particular selec-
tion of weighting factors affects the agent’s stuck behavior differently. For instance,
while a specific set of weighting factors can lead to a local optima problem in the
scenario depicted in Figure 5.8, another set of weighting factors can cause a local
optima problem in a different scenario. This observation suggests that we should
assign different weighting factors to different scenarios since it is not feasible to find
a single set of weighting factors that work well in all scenarios. Therefore, we argue
that we should construct a mechanism to assign different weighting factors to differ-
ent scenarios. In this context, we plan to design a new system where we can learn
the weighting factors based on the state of the ego and the world in the future.

On the other hand, we show that the policy network agent cannot acquire the
necessary driving ability without expert supervision. As noted in Section 5.3, we
think that the policy network cannot learn a sufficient driving policy with only
one-step-refinement, under the naive optimization objective that we use in (5.15).
Therefore, we plan to investigate the possibility of utilizing a multi-step-refinement
scheme in the policy network training pipeline. In other words, as a future work, we
want to explore an architecture where we can combine gradient-based MPC with the
policy network to train the policy in a multi-step-refinement fashion [Hansen et al.,

2022]. In this case, in each step, we can optimize the local objective (i.e., avoid
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collision, follow a path, etc.) with a gradient-based MPC module, and optimize the

global objective (i.e., reach the target location) with the policy network.
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Chapter 6

CONCLUSION

Urban autonomous driving continues to remain at the front line of technologi-
cal challenges, given the difficulties existing in navigating progressive and uncertain
environments. In this thesis, we provide insight into potential advancements in for-
ward models and their usage in differentiable policy cost design, offering a roadmap
for the further enhancement of self-driving systems in urban landscapes.

Chapter 4 highlights the crucial role of future prediction in autonomous driving.
Our proposed ego and world forward models show promise to accurately predict fu-
ture states, with the ego model achieving an error of less than 10 cm and the world
model showcasing commendable mloU scores. Nevertheless, these models are not
without limitations. The simplicity of the ego forward model, based on the kine-
matic bicycle model, might not be versatile enough for all the edge cases. Similarly,
the world forward model’s fixed-size constraint on context frames implies the need
for potential improvements, such as integrating more flexible RNN architectures.
Moreover, the world forward model shows a degradation in performance when the
ego vehicle begins to turn. This is a clear sign that we should construct a more
balanced dataset that includes both rectilinear and curvilinear motions to a similar
degree.

In Chapter 5, we reveal the potential of the differentiable policy cost module.
Integrated with both the gradient-based MPC and policy network, it empowers
the agent with essential driving skills, helping in tasks like lane following, making
turns, and avoiding collision with other traffic participants. However, the gradient-
based MPC’s tendency to get trapped in local optima due to variations in weighting
factors demonstrates the challenge of optimization in the urban driving context. The
solution may lie in a dynamically adaptive set of weighting factors, which could be

tailored based on the vehicle’s current environment. Additionally, the dependency of
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the policy network on expert guidance points out the necessity for a more elaborate
training strategy, possibly delving into a multi-step refinement process.

In conclusion, the interplay between imitation learning (IL) and reinforcement
learning (RL) seems to offer innovative solutions. Merging the strengths of both
could provide a balanced framework for autonomous driving agents. By integrating
the gradient-based MPC with the policy network in a multi-step approach, agents
could be better equipped to navigate specific challenges while adhering to broader

driving objectives.
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A.1 World Forward Model

ADDITIONAL RESULTS

Table A.1: Simple Case

Context Prediction Semantic ToU Precision Recall F1 Score

Horizon (V) Horizon (T') Class
Roads 0.983 0.992 0.991 0.991
Lane 0.446 0.777 0.511 0.616
markings

20 30 Vehicles 0.737 0.878 0.821 0.849
Green light 0.000 0.000 0.000 0.000
Red or yellow 0.747 0.889 0.824 0.855
light
Offroad 0.992 0.996 0.996 0.996
Roads 0.982 0.991 0.991 0.991
Lane 0.401 0.641 0.518 0.573
markings

20 10 Vehicles 0.707 0.838 0.820 0.829
Green light 0.330 0.845 0.351 0.496
Red or yellow 0.685 0.896 0.745 0.813
light
Offroad 0.992 0.996 0.996 0.996
Roads 0.983 0.992 0.991 0.991
Lane 0.384 0.670 0.474 0.555
markings

10 10 Vehicles 0.624 0.720 0.824 0.768
Green light 0.493 0.833 0.547 0.661
Red or yellow 0.673 0.877 0.743 0.805
light
Offroad 0.992 0.996 0.996 0.996
Roads 0.979 0.990 0.990 0.990
Lane 0.345 0.624 0.418 0.500
markings

5 10 Vehicles 0.539 0.678 0.819 0.742
Green light 0.529 0.856 0.429 0.571
Red or yellow 0.627 0.848 0.702 0.768
light
Offroad 0.992 0.996 0.996 0.996
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Table A.2: Hard Case

Context Prediction Semantic IoU Precision Recall F1 Score

Horizon (V) Horizon (T') Class
Roads 0.673 0.977 0.967 0.972
Lanes agent 0.940 0.966 0.973 0.969
can drive
Lanes agent 0.953 0.972 0.980 0.976
cannot drive

20 10 Lanes affected 0.888 0.937 0.945 0.941
by red light
Lanes affected 0.729 0.850 0.837 0.844
by green light
Lane markings 0.533 0.587 0.851 0.695
Vehicles 0.435 0.491 0.792 0.606
Offroad 0.974 0.984 0.990 0.987
Roads 0.940 0.978 0.960 0.969
Lanes agent 0.938 0.969 0.967 0.968
can drive
Lanes agent 0.951 0.975 0.975 0.975
cannot drive

10 10 Lanes affected 0.881 0.943 0.931 0.937
by red light
Lanes affected 0.704 0.833 0.820 0.826
by green light
Lane markings 0.530 0.597 0.825 0.693
Vehicles 0.440 0.511 0.761 0.611
Offroad 0.971 0.980 0.991 0.986
Roads 0.940 0.973 0.965 0.969
Lanes agent 0.926 0.968 0.955 0.961
can drive
Lanes agent 0.940 0.974 0.965 0.969
cannot drive

20 30 Lanes affected 0.885 0.941 0.937 0.939
by red light
Lanes affected 0.729 0.846 0.840 0.843
by green light
Lane markings 0.424 0.721 0.507 0.595
Vehicles 0.369 0.747 0.421 0.539
Offroad 0.971 0.982 0.988 0.985
Roads 0.941 0.977 0.962 0.969
Lanes agent 0.940 0.971 0.967 0.969
can drive
Lanes agent 0.952 0.977 0.974 0.975
cannot drive

5 10 Lanes affected 0.877 0.930 0.939 0.935
by red light
Lanes affected 0.686 0.848 0.782 0.814
by green light
Lane markings 0.403 0.693 0.491 0.575
Vehicles 0.353 0.759 0.397 0.521
Offroad 0.971 0.981 0.990 0.985
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A.2 Policy Network

Athrottle = 0.99 Atnrottle = 0.00 Athrottle = 1.00 Athrottte = 0.00 Qthrottle = 0.00 Athrottle = 1.00
Asteer = 0.00 Agteer = 0.00 Asteer = 0.01 Asteer = —0.22 Asteer = 0.06 Agteer = 0.02
Aprake = 0.00 Aprake = 1.00 Aprake = 0.00 Aprake = 0.56 Aprake = 0.54 Aprake = 0.00

v=772 v =698 v =370 v =4.08 v = 0.00 v =383

Cpedestrian =0.00

Cpedestrian = 0.05 Cpedestrian = 1.08 Cpedestrian = 0.00 Cpedestrian = 323 Cpedestrian = 0.00

t t+8 t+34 t+41

Figure A.1: A timelapse from a scene where the ego vehicle slows down
to avoid a collision with a pedestrian. We represent the ego vehicle with a
green rectangle at the bottom of the image, which is partially occluded by yellow
dots that represent the predicted future locations of the ego vehicle. On the bottom
row, we show the generated heatmaps used in the differentiable cost calculation.
The indices at the bottom shows the amount of time step increment since the first
frame, where the time difference between time steps is At = 0.05 sec. In the first
column, the agent applies a throttle command since the pedestrian cost Cpegestrian
is small, indicating that the road is safe to move forward without any intervention.
Then, in the second column, the agent applies a brake command to slow down since
the pedestrian cost is relatively high. The action taken in the second column makes
the pedestrian cost zero. Therefore, in the third column, the agent applies a throttle
command once more. This fluctuating behavior ends in the fourth column where
the agent decides to apply a brake command. In the fourth and fifth columns, a
pedestrian is visible walking across the street, so the increase in the pedestrian cost
prevents the agent from moving forward. Finally, in the sixth column, the agent
decides to apply a throttle command to move forward since the pedestrian cost is
zero, and the agent can proceed.



