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Abstract

The growing adoption of autonomous vehicles (AVs) holds the promise of trans-
forming transportation systems, enhancing traffic safety, and supporting environ-
mental sustainability. Despite significant advancements in advanced perception
systems for AVs, the effectiveness of these vehicles in real-world scenarios depends
critically on advanced decision-making systems. Therefore, a critical challenge lies
in developing safe, robust, and human-like decision-making systems for achiev-
ing higher levels of vehicle autonomy. Harnessing the power of artificial intel-
ligence (AI) and machine learning (ML) is pivotal in developing such advanced
decision-making systems. These techniques offer promising solutions for tackling
key challenges in autonomous driving systems, including scalability, adaptability,

and alignment with human driver behaviors.

This thesis presents a comprehensive framework and a series of learning-based
methodologies for decision-making in AVs, with the objective of improving the
scalability, adaptability, and alignment of their decision-making systems. The
learning-enabled decision-making framework consists of three essential modules:
world model, actor, and cost. These modules work collaboratively to provide a
unified solution for autonomous machine intelligence and can be learned individ-
ually or jointly from human driving data. The methodologies proposed in this
thesis focus on three key areas: (1) creating ML-driven actors and cost functions
that align with human values, (2) developing ML-based world models capable of
accurately forecasting complex human interactions, and (3) designing ML-based

decision-making architectures that seamlessly integrate these components.

Initially, we explore each module individually. For the actor module, we propose
an approach based on reinforcement learning (RL) that incorporates human prior
knowledge into the training process. By combining imitation learning (IL) from
human expert demonstrations with RL, a novel learning framework is developed to
align agent behavior with human expectations. The results show improved sam-

ple efficiency, enabling the agent to navigate complex urban environments safely,

xi
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while also generating distinct driving styles that closely resemble human driving
behaviors. In the cost module, we focus on learning personalized cost functions
underlying human driving behaviors using inverse reinforcement learning (IRL).
We propose a maximum entropy IRL algorithm that infers the reward function
based on a structural assumption about discrete latent intentions guiding continu-
ous low-level control actions. The personalized cost learning method outperforms
general cost modeling methods, leading to a more human-like driving experience.
Regarding the world model module, the goal is to accurately represent the com-
plexity and dynamics of human behaviors in real-world driving environments. We
introduce a joint multi-agent prediction model based on Transformers, leveraging
hierarchical game theory to model interactions among agents in driving scenarios.
The model employs a novel Transformer decoder structure and a learning process
that regulates agent behavior to respond to other agents’ behaviors. Extensive
experiments validate the model’s state-of-the-art prediction accuracy and its capa-

bility to jointly reason about ego agent motion plans and other agents’ behaviors.

Following individual assessments, unified predictive decision-making architectures
are presented, harmonizing the three modules. A comprehensive behavior planning
framework that integrates all three core modules is proposed. It generates diverse
trajectory proposals, forecasts multi-modal futures for other agents, and evaluates
candidate plans using a learned cost function. Importantly, this framework includes
a conditional motion predictor (CMP) that forecasts other agents’ responses to the
potential actions of the AV. The CMP improves prediction accuracy and facilitates
the selection of human-like behaviors. Moreover, we propose a differentiable and
integrated prediction-planning framework that enables end-to-end training of the
entire decision-making system. The framework incorporates a differentiable non-
linear optimizer as the motion planner, allowing the gradients to flow between the
three core modules and directly optimizing the planning performance. The experi-
mental results demonstrate superior performance in both open-loop and closed-loop

testing, effectively handling complex urban driving scenarios.

This thesis not only makes significant contributions to the advancement of au-
tonomous driving systems but also lays the foundation for future research in learning-
based decision-making for a wide range of intelligent systems. It paves the way for
safe and human-centered autonomy, while driving the evolution of intelligent trans-

portation systems.
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Chapter 1

Introduction

1.1 Background

The rapid growth of urbanization, along with increasing concerns about environ-
mental sustainability and traffic safety, has spurred a global drive towards the
development of intelligent transportation systems (ITS). At the forefront of this
revolution are autonomous vehicles (AVs), which hold the potential to profoundly
transform the way people travel and goods are transported. The advancement of
AVs has experienced remarkable progress in recent years [1], with successful deploy-
ments across various applications, including ride-hailing, freight transportation,
and beyond [2]. Although AVs have demonstrated their competence in navigating
urban environments, their level of autonomy is limited, and they persistently face
challenges in adapting to complex scenarios involving human traffic participants. It
is imperative to develop the capacity of AVs to navigate complex environments and
interact with other road users with the same level of proficiency as an experienced
human driver. Nonetheless, achieving high-level vehicle autonomy constitutes a

significant challenge.

Machine learning (ML), a subfield of artificial intelligence (AI) focused on algo-
rithms capable of learning from and evolving with data, offers a promising solution
to this challenge. Recently, the integration of ML techniques into autonomous
driving systems has substantially improved AV capabilities [3-5]. ML has emerged

as a powerful tool for addressing challenges across the entire AV technology stack,
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including perception and decision-making. ML-based perception systems, particu-
larly deep learning, have considerably improved the ability of AVs to recognize and
understand their environment [6-9]. Neural networks have been applied to tasks
such as object detection, semantic segmentation, and scene understanding, enabling
AVs to process sensor data from cameras, Lidar, and radar and extract relevant
information for decision-making and control. However, the decision-making pro-
cess in AVs constitutes an even more critical component, as it directly determines
the vehicle’s actions in response to the perceived environment and makes conse-
quences to the surrounding environment. Traditional rule-based and model-based
approaches for decision-making have limitations in handling the complexities of
real-world driving scenarios, particularly when dealing with uncertainties and the
interactions between multiple agents. Machine learning offers promising solutions
to address these challenges and enhance AV decision-making. By learning from
human driving data, ML-based decision-making systems can capture the nuances
of human driving behavior, adapt to different situations, and make more informed

decisions.

There are several key challenges associated with the development of decision-

making systems for autonomous driving:

e Robustness (Safety): This is an imperative, fundamental criterion for all
autonomous systems. Decision-making systems for AVs must be robust to
uncertainties, including perception errors (e.g., sensor noise and occlusions)
and uncertain agent behaviors. The system should be able to handle these

uncertainties and make safe decisions even in challenging conditions.

e Scalability: Real-world driving scenarios manifest considerable complexity,
involving a diverse array of situations (e.g., urban intersections or highways)
with distinct traffic rules, road geometries, and agent behaviors. Decision-
making systems must scale effectively to handle all kinds of scenarios in the

real world and provide reliable performance.

e Adaptability (Interactivity): Driving conditions can vary significantly,
with numerous interacting agents (vehicles, pedestrians, and cyclists) and
dynamic environments. Decision-making systems should be able to adapt to
these variations and interactions and continuously enhance their performance

through learning from a wide range of driving situations.
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e Alignment (Human-likeness): To ensure the safe and efficient integration
of AVs into existing transportation systems, decision-making systems must
align with human driver behaviors. This necessitates understanding the ac-
tions of human drivers and making decisions that are consistent with human

expectations or values.

In this thesis, we endeavor to tackle these challenges in AV decision-making systems
using ML-based methodologies. In particular, the primary focus of this thesis is to
address the scalability issue for AV decision-making by employing and improving
learning-based methods, as well as interactivity and alignment issues by learning
from human driving data. We employ a general cognitive framework [10] designed
for constructing autonomous intelligent agents and adapt this framework to fa-
cilitate the development of decision-making systems in AVs. The methodologies
and solutions to these challenges will be systematically presented and discussed

throughout the course of this thesis.

1.2 Motivation

The motivation behind this thesis lies in tackling the aforementioned challenges and
contributing to the evolution of decision-making systems for autonomous driving,
with the objective of advancing the state-of-the-art in AV decision-making and

enhancing the overall performance of decision-making systems.

First and foremost, it is imperative to answer a fundamental question: why should
we utilize ML in the development of decision-making systems for AVs?
The primary advantage of ML, scalability, sets it apart from traditional rule-based
and model-based approaches. Traditional methods have demonstrated limitations
in coping with the complexities inherent in real-world driving scenarios. For exam-
ple, a game theoretic decision-making model may work well in specifically designed
scenarios and when interacting with a single agent [11], whereas a real-world driv-
ing scene may involve numerous interacting agents. Using a finite-state machine
to determine the decisions of AVs may prove successful in scenarios with simple
road structures and limited interactions [12], but they fail in more complex situa-

tions, and the rules themselves become increasingly difficult to design and maintain.
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The behaviors of AVs derived from these methods often contradict human expec-
tations or social norms, potentially leading to unpredictable and even hazardous
actions within traffic flows involving human participants. In short, the most sig-
nificant issue with conventional methods is their inadequate scalability, which is of
paramount importance in autonomous driving. In contrast, ML presents a more
scalable, flexible, and adaptive solution that can leverage vast amounts of human
driving data, thereby enabling the system to learn and generalize from diverse
experiences. Data-driven approaches empower the decision-making system to ef-
fectively capture the nuances of human driving behavior, predict future human
behaviors, and make more informed and context-aware decisions. Consequently,
ML-based methodologies have the potential to significantly enhance the perfor-
mance and scalability of autonomous vehicles, justifying their application in the

development of decision-making systems.

The second question to consider is: what to learn in the AV’s decision-making
system? To answer this question, it is crucial to identify the key elements and
principles that govern human (or intelligent agent) decision-making. To this end,
we adopt an established framework proposed by Yann LeCun [10] for autonomous
machine intelligence. In this framework, there are three fundamental modules
for decision-making: world model, actor, and cost, in addition to the perception
module, which is also an essential capability of intelligent agents but will not be
the focus of this thesis. The world model encodes essential knowledge about the
environment and predicts plausible future states of the world, enabling the system
to reason about the actions of other agents. This component is the most challenging
and complex piece of the framework, which requires learning-based methods to
ensure its accuracy and scalability. The actor module is responsible for generating
and selecting actions or trajectories that optimize the estimated cost. The actor
can be either reactive, directly producing an action from the state produced by the
perception, or predictive, requiring the world model to predict and compute the
costs of actions. The cost module, on the other hand, is responsible for quantifying
the desirability of potential actions or trajectories based on various factors. By
learning the cost that aligns with human values and preferences, the decision-
making system can ensure that its actions are consistent with human expectations.
These modules can work together to produce intelligent behaviors, thereby laying a

solid foundation for the development of intelligent decision-making systems in AVs.
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This thesis will focus on learning the three modules for decision-making within the

context of autonomous driving, and the framework will be detailed in Section 1.3.

The final question to address is: how to design and learn these modules? To
address this, a variety of ML techniques, including supervised learning (SL), rein-
forcement learning (RL), imitation learning (IL), and inverse reinforcement learning
(IRL), can be employed. These methodologies can be applied to different modules
(world model, actor, and cost) in the context of AV decision-making systems. SL
is a widely used approach, which is particularly effective when a large amount of
data is available, allowing the decision-making system to scale efficiently across
different scenarios. Therefore, we implement state-of-the-art deep learning models
to develop the world model that can accurately predict the interaction dynamics
between agents and their future trajectories, and strive to integrate them into the
decision-making process. For the actor module, we will explore the combination of
IL and RL and propose novel solutions to leverage their strengths while mitigat-
ing their limitations, enabling the AV to learn more efficiently and achieve better
performance. For the cost module, we employ IRL to learn the cost from human
driving data, attempting to align the decision-making processes with human pref-
erences or values. In this thesis, all proposed decision-making frameworks adhere
to these three modules, and some of them may be substituted with simpler com-
ponents to focus on individual modules. Furthermore, we will present a framework

that can jointly learn all these modules for enhanced performance.

1.3 Framework

Fig. 1.3 illustrates the architecture for autonomous intelligent agents as proposed
in [10], along with its adaptation to the domain of autonomous driving systems.
In this context, we rephrase the functions of the core modules, which are percep-
tion, world model, cost, and actor, to address the requirements of autonomous
driving systems specifically. For a comprehensive understanding of the modules’

original functions pertaining to general intelligent agents, please refer to [10].

The perception module receives signals from sensors and estimates the current
state of the world. For AVs, this module is responsible for processing raw sensory

input, such as camera images, lidar point clouds, and radar signals, to extract



6 1.3. Framework

meaningful semantic information about the vehicle’s surroundings. The scope en-
compasses the estimation of poses for other objects (e.g., vehicles, pedestrians,
static obstacles), detection of traffic signs and signals, and identification of road
structures. Deep neural networks have been extensively employed in the per-
ception module to accurately detect and classify objects [6] and even generate
high-definition maps (detailed road network) [13] to support downstream decision-

making modules.

Framework Decision-making
" Conflguratlon modules

Learning-enabled @ .
Actor ] g
4

Learning-enabled e (
Cost

percept

FIGURE 1.1: A system architecture for autonomous intelligence and its adaption
to the autonomous driving system

The world model module predicts possible future states of the world, taking as
input the current state of the world from the perception module. It may either
predict the natural evolution of the world or future world states resulting from ac-
tions proposed by the actor module. Within the context of AVs, the world model
can be considered as a prediction model employed to forecast the future states of
surrounding agents. Deep learning-based models have increasingly been adopted
for trajectory or motion prediction tasks with considerable success, achieving con-
siderable success and leading to significant enhancements in prediction accuracy
and scalability across a myriad of scenarios [14-16]. While most motion prediction
models forecast the future trajectories of agents in a “natural” way, wherein the
agents are not influenced by the AV, [17] proposes a conditional motion predic-
tion model that anticipates other agents’ responses to the AV’s potential actions,
aligning more closely with the concept of world models. In addition to trajectories,
some learning-based prediction models can estimate the future occupancy grid of
the driving scene [18], which can effectively handle driving scenarios with arbitrary

elements.
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The cost module measures the agent’s level of “discomfort” as a scalar value,
and the overall objective of the agent is to minimize the cost over the long run.
Within the context of AVs, the cost module quantifies the desirability of potential
actions by evaluating their implications on safety, efficiency, adherence to traffic
regulations, and conformity to social norms. The input for this module is either
the current world state, as generated by the perception module, or possible future
states predicted by the world model. By considering multiple objectives, such as
minimizing travel time, maintaining a safe distance, and complying with speed lim-
its, the cost module enables the autonomous driving system to make well-balanced
decisions. However, the challenge lies in the often latent and difficult-to-quantify
nature of these objectives, particularly with regard to social interactions between
agents. Furthermore, even when the objectives are quantifiable, achieving a balance
that aligns with human values is challenging, especially given that individuals as-
sign different levels of importance to these objectives. Consequently, learning-based
methods should be employed to assess the cost or balance of these sub-objectives,

in order to align the actions of AVs with human expectations and values [19].

The actor module generates actions and conveys them to the controller. The actor
may have two paradigms: (1) a policy that directly generates an action from the
world state estimate produced by the perception and retrieved from the short-term
memory, or (2) an action optimizer, which computes an optimal action sequence
by utilizing the world model to predict future world state sequences, potentially
based on the proposed action sequence, and using the cost module to estimate the
costs of actions, ultimately outputting the initial action (or a short sequence of
actions). Within the context of AVs, both paradigms are prevalent in research.
The first paradigm is often referred to as model-free policy, where learning-based
methods are predominantly employed. This paradigm circumvents the need for
building complex world models or even the cost module by directly learning a policy
from expert demonstrations (imitation learning) [20] or through self-exploration
and interactions with the environment (reinforcement learning) [21]. The second
paradigm, akin to model predictive control (MPC), is considered more robust and
generalizable. However, the challenging aspect is constructing performant world
model and cost modules to enable optimal performance, which necessitates greater

effort on these two modules.

In this thesis, we assume that the perception module is perfect and provides an
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accurate estimation of the world state, including the states of surrounding objects,
maps, and traffic signals, without any errors. In the original framework, all the
modules are assumed to be differentiable, allowing gradients to flow between these
modules for joint learning of the framework. In our proposed methodologies, we do
not maintain this assumption and instead examine each module in the framework
separately to achieve better interpretability, modularity, and transparency within
the autonomous driving system. However, we will also present integrated and
differentiable frameworks capable of jointly optimizing all the modules within the

framework.

1.4 Major Contributions

The primary objective of this thesis is to address three critical challenges that
currently exist in the area of decision-making for AVs. Firstly, the actor and cost
modules often fail to align with human values and expectations. This is primar-
ily due to the fact that the cost/reward functions are typically hand-engineered,
which leads to misalignment and scalability issues. Secondly, the world model
employed for decision-making is not sophisticated enough to capture the complex
interaction dynamics between humans, impairing the final decision-making pro-
cess. Lastly, the modules in the decision-making framework are often separately
learned or designed, which could result in suboptimal performance. To overcome
these challenges, this thesis presents significant contributions within the general
decision-making framework. Fig. 1.2 illustrates the function of each module in
the framework with respect to the different proposed methodologies. The primary

contributions of each module in the proposed methodologies are highlighted.

Contribution 1: An improved reinforcement learning-based actor incor-

porating human prior knowledge.

In this research, we employ the first paradigm of actor, which avoids the necessity
of explicitly building a world model. Despite its efficiency and lack of cost module
requirements, IL often exhibits suboptimal performance during deployment. As a
result, we apply RL to train the actor module, which is parameterized by a deep
neural network, to directly generate driving decisions. However, there are two

fundamental problems with RL: low data efficiency and difficulty in specifying a
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FIGURE 1.2: Illustration of the decision-making modules in proposed method-
ologies and the outline of the thesis

cost function that aligns with human behavior. To address these issues, we propose
a novel method incorporating human prior knowledge in the training process of RL
actors. Specifically, we combine RL and IL methods to adjust the actor’s decisions
in accordance with human expectations. Our proposed approach not only enables
the actor to safely and efficiently navigate complex urban driving environments
(in simulation) that might challenge a human driver, but also customizes driving
styles (e.g., conservative or aggressive) based on particular human demonstrations.

A comprehensive description of the framework is presented in Chapter 2.

Contribution 2: An inverse reinforcement learning-based cost for mod-

eling human behaviors.

In this study, we focus on the cost module and the application of IRL to learn
personalized cost functions of driving behaviors using large-scale human-driving
datasets. Within the decision-making framework, the actor is a sampling-based
trajectory planner, and the world model employed to simulate the outcomes of
action proposals is simplified. In the cost module, we implement a maximum
entropy IRL algorithm that captures the uncertainty inherent in human decision-
making. The objective is to model the internal cost function evaluations of various
human drivers when making decisions, aiming to deliver a personalized driving

experience. Our proposed method demonstrates that the decision-making system,
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enabled by our learned cost module, is capable of making driving decisions that
align with the values of individual drivers. A thorough exposition of the framework

is provided in Chapter 3.

Contribution 3: A deep learning-based prediction model for joint multi-

agent interaction modeling.

A core aspect of this thesis involves the development of world models that can
accurately represent the complexity and dynamics of human behaviors in real-
world driving environments. We propose a joint multi-agent trajectory prediction
model utilizing Transformers, an advanced neural network architecture, to model
interactions among agents in driving scenarios. A crucial aspect of our proposed
method is the fusion of the concept of hierarchical game theory (level-k). More
specifically, we employ the Transformer encoder-decoder structure, in which the
encoding stage is responsible for extracting information from agents and map ele-
ments, while the decoding stage involves a series of Transformer decoders designed
to iteratively refine the interaction prediction process. The model is trained on
extensive real-world traffic data to ensure the accuracy of predicted human be-
haviors and their alignment with practical applications. Our proposed prediction
model has achieved state-of-the-art performance on the WOMD interaction pre-
diction benchmark and demonstrates superior performance when used for motion
planning in both open-loop and closed-loop settings. A comprehensive description

of the model is provided in Chapter 4.

Contribution 4: A behavior planning framework utilizing conditional

prediction model and cost learning.

In behavior planning or decision-making tasks, the majority of research efforts em-
ploy a prediction model to first anticipate other agents’ future trajectories and then
act accordingly. In contrast, we explore alternative approaches to utilizing world
models for improved and more proactive decision-making, shifting from preemp-
tively predicting other agents’ behaviors to forecasting their responses to the AV’s
potential decisions. Within the decision-making framework, the actor is a trajec-
tory sampler that can generate a diverse set of behavior proposals, while the world
model is based on deep learning models (Transformers). We propose a novel condi-
tional prediction model that takes the AV’s potential actions as input and outputs

other agents’ possible reactions. In addition, we pair the conditional prediction
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model with an IRL-based cost module to more accurately evaluate the costs of
behavior proposals in alignment with human behaviors. Our method outperforms
the conventional non-conditional prediction model in terms of both prediction ac-
curacy and planning performance, which indicates that the conditional prediction
model can better reflect the interaction dynamics in the real world. An in-depth

explanation of the framework can be found in Chapter 5.

Contribution 5: A learnable and integrated framework for interactive

prediction and planning.

We investigate methodologies that make all decision-making modules within the
framework differentiable and jointly learnable, allowing the entire framework to
be optimized end-to-end with the direct objective of enhancing the final planning
performance. Specifically, within the decision-making framework, we design the
actor as a differentiable trajectory optimizer that takes as input the prediction re-
sults from the world model and the weights of the cost function to explicitly plan a
trajectory for the AV. Since the trajectory planner is differentiable, the error of the
final planning trajectory can be backpropagated to the upstream modules (i.e., pre-
diction model and cost). As a result, we enable the entire framework to be modular
yet end-to-end trainable using human driving data by imitating the interaction pro-
cess between humans. We demonstrate that our proposed framework outperforms
other actor learning methods or separate prediction-planning methods, because it
is capable of generating planning-centric or planning-aware prediction results that
enable the planner to deliver human-like driving trajectories. A comprehensive

description of the framework is given in Chapter 6.

1.5 Thesis Outline

This thesis is structured into seven chapters, including the introduction and con-

clusions. The outline of the chapters is as follows:

Chapter 1 provides an overview of the research background, the motivation for
the study, the universal decision-making framework, and the main contributions
of the thesis. It presents the challenges of AV decision-making and highlights
the significance of developing learning-based methodologies for improved and more

human-like driving behavior.
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Chapter 2 introduces an efficient RL-based actor that incorporates human prior
knowledge. We discuss the combination of IL and RL methods for training the actor
module and showcase the effectiveness of our approach in generating customized

driving styles in complex urban environments.

Chapter 3 focuses on the development and implementation of an IRL-based cost
module for modeling and aligning human driving behavior. The maximum en-
tropy IRL algorithm, which captures uncertainty in human decision-making, is
introduced. We demonstrate the personalized driving experience provided by the

decision-making system, enabled by the learned cost module.

Chapter 4 proposes a joint multi-agent prediction model that utilizes Transformers
to model interactions among agents in driving scenarios. We explore the fusion
of hierarchical game theory with the Transformer encoder-decoder structure and
demonstrate the state-of-the-art performance of our prediction model in interaction

prediction, as well as open-loop and closed-loop planning settings.

Chapter 5 explores the development of a behavior planning framework that utilizes
a conditional prediction model and IRL cost learning. We discuss the advantages
of forecasting agents’ responses to the AV’s potential decisions and demonstrate
the superior performance of our proposed method compared to conventional non-

conditional prediction models.

Chapter 6 investigates establishing a differentiable and integrated framework for
interactive prediction and planning. We discuss the design of a differentiable tra-
jectory optimizer, its integration into the planning module, and the end-to-end
training of the entire framework using human driving data. The effectiveness
of our proposed framework in planning human-like driving trajectories, owing to

planning-aware predictions provided by our method, is also demonstrated.

Chapter 7 summarizes the main contributions and findings of the thesis. The
implications of our research are discussed, and potential avenues for future work

in the realm of human-centered AV development and related fields are proposed.



Chapter 2

Learning Actor with Human

Prior Knowledge

Learning the actor represents the most direct approach to decision-making, cir-
cumventing the complexities associated with learning cost functions and intricate
world models. Deep reinforcement learning (DRL) provides a promising avenue
for accomplishing this objective. Nevertheless, its limited sample efficiency and
the challenges in formulating reward functions for DRL impede its practical appli-
cations. In this chapter, we introduce a novel framework aimed at incorporating
human prior knowledge into DRL to enhance sample efficiency and reduce the in-
tricacies of designing sophisticated reward functions. This framework consists of
three core components: expert demonstration, expert policy derivation, and re-
inforcement learning. During the expert demonstration phase, a human expert
performs the task, and their behaviors are captured as state-action pairs. Subse-
quently, in the policy derivation step, the imitative expert policy is derived using
behavioral cloning and uncertainty estimation. In the reinforcement learning stage,
the imitative expert policy guides the DRL agent’s learning by regularizing the
Kullback-Leibler (KL) divergence between the RL agent’s policy and the expert
policy.

To evaluate the proposed method in the context of autonomous driving applica-
tions, we have designed two simulated urban driving scenarios: unprotected left

turn and roundabout navigation. The efficacy of our approach is demonstrated by

13
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the training results, which exhibit superior performance and a significant improve-
ment in sample efficiency compared to baseline algorithms. In testing conditions,
the agent trained with our method achieves the highest success rate and displays di-
verse, human-like driving behaviors. We observe that utilizing an imitative expert
policy trained with an ensemble method, which estimates both policy and model
uncertainties, as well as augmenting the training sample size, results in improved
training and testing performance, particularly for more complex tasks. As a con-
sequence, the proposed method showcases its potential for advancing the practical

implementation of DRL-enabled autonomous driving systems.

2.1 Introduction

Reinforcement learning (RL) has seen successful applications in various domains
including autonomous driving [22] and intelligent transportation systems [23]. Uti-
lizing an RL-based decision-making system can deliver a human-like driving ex-
perience, characterized by interaction awareness and personalization, by learning
to interact with other agents on the road without explicitly modeling the com-
plex driving environment. Nevertheless, RL faces two significant challenges. The
first major issue is the notoriously low data efficiency, which means an RL agent
requires a massive amount of interactions with the environment to learn a func-
tional policy. This problem becomes exacerbated when addressing increasingly
demanding and diverse autonomous driving tasks, such as navigating unsignalized
intersections or executing unprotected left turns in dense traffic. Another critical
challenge lies in designing the reward function, which specifies the desired behaviors
for the RL agent. A poorly designed reward function may cause the agent to mis-
takenly exploit the reward function and stick to unexpected behaviors, and thus it
often takes a significant amount of time and effort to design an appropriate reward
function and fine-tune parameters. Although the reward functions can be learned
from human driving data using techniques such as inverse reinforcement learning
24, 25], assumptions regarding the structure of the reward function (e.g., a linear

combination of different hand-crafted features) might not be valid in practice.

Facing these two major challenges, we propose a novel RL framework that can
transfer human prior knowledge to the RL agent with a small amount of human ex-

pert demonstration, aiming to improve sample efficiency and mitigate the need for
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designing sophisticated reward functions. First of all, we distill human prior knowl-
edge from demonstrations into an imitative expert policy using imitation learning
and uncertainty estimation. Subsequently, the imitative expert policy guides the
RL agent’s learning process by regularizing the RL policy to approximate the ex-
pert policy. The RL agent’s exploration ability is preserved when the uncertainty
of the imitative expert policy is high. We also demonstrate that human-like driving
behaviors can be achieved with only a sparse reward function. In detail, as shown
in Fig. 2.1, we first derive a stochastic expert policy using imitation learning from
expert demonstrations. By incorporating the Kullback—Leibler (KL) divergence
between the imitative expert priors and agent policy into the RL framework, we
can regularize the agent’s behaviors within the desired space, thereby significantly

enhancing learning efficiency. The main contributions of this chapter are as follows:

e An RL framework that incorporates imitative expert priors from expert
demonstrations is proposed. The imitative expert priors are learned using
imitation learning and an uncertainty quantification method, which can reg-

ularize the RL agent’s behavior while also maintaining its exploration ability.

e Two different approaches, value penalty and policy constraint, are proposed
to integrate the imitative expert policy within the actor-critic algorithm
framework. The superior sample efficiency of our proposed method is re-

vealed in comparison with other RL algorithms.
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e The proposed method is rigorously validated in challenging urban driving sce-
narios, demonstrating that human-like driving behaviors emerge even when
the agent receives sparse reward feedback from the environment. The effects
of expert policies trained with different sample sizes and different uncertainty

estimation methods are also examined.

2.2 Literature Review

2.2.1 Imitation learning and reinforcement learning

Imitation learning (IL) and reinforcement learning (RL) are two promising tech-
niques that can be applied in autonomous driving, which can help develop adap-
tive, flexible, and human-like decision-making systems. Imitation learning, which
leverages an efficient supervised learning mechanism, has seen widespread use in
autonomous driving research due to its simplicity and effectiveness. For example,
imitation learning has been used in end-to-end autonomous driving systems that
directly output control signals from raw sensor inputs [20, 26] or modular driving
systems that output planned trajectories from processed perception information
[27]. However, one intractable limitation of imitation learning is the distribution
shift, which means compounding errors lead to system failure due to the mismatch
of training and inference distributions. Conversely, RL does not encounter this
problem because it relies on online interactions with the environment. Numerous
studies have utilized RL to tackle complex tasks in autonomous driving, such as ur-
ban driving [28], multi-agent interactions [29], and handling near-accident scenarios
[30]. However, RL’s drawbacks are apparent and difficult to resolve, potentially im-
peding its practical applications. These drawbacks include low training efficiency,
even in simulated environments, and the challenges associated with specifying a

reward function and time-consuming parameter tuning.

2.2.2 Learning with human prior knowledge

To improve the sample efficiency of RL training or inject desired properties (e.g.,
safety, smoothness, and risk-aversion) into RL-based policies, many studies pro-

pose incorporating human prior knowledge into the RL framework. Human prior
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knowledge may include the understanding of the task, guidance, or demonstrations
provided to the RL agent, and it has been shown that combining human under-
standing with RL methods can help solve autonomous driving tasks safely and
efficiently. For example, [31, 32] proposed adding a safety check module encoding
the expert-defined safety rules to the RL-based control system, guiding the explo-
ration process and excluding dangerous actions to prevent unsafe exploration and
expedite training. [33] employed learning useful skills first (driving-in-lane, left lane
change, and right lane change), followed by a master policy to switch between differ-
ent skills, to hierarchically and efficiently solve driving tasks. In addition, utilizing
human guidance or demonstration helps constrain the solution space and direct
the RL agent’s exploration, to eliminate unwanted interactions and accelerate the
learning process. For instance, [34] proposed a real-time human-guidance-based
learning method that allows human experts to intervene in the training process in
real-time and provide guidance, enabling the RL agent to learn from both human
guidance and self-exploration. However, such methods are heavily dependent on
online human guidance, which may impose a heavy workload on human experts.
On the other hand, offline human demonstrations are easier to obtain and do not
require interactions between the RL agent and the human expert, making it more
advantageous to incorporate human expert demonstrations into the RL framework

to enhance performance.

2.2.3 Reinforcement learning with demonstrations

To make use of human demonstrations in RL, one approach is to pre-train the
policy using imitation (supervised) learning with expert demonstrations to initial-
ize the policy at a reasonable performance level, and then apply RL to achieve a
better policy with respect to the reward function [35, 36]. However, this method
often does not perform well, especially for the maximum entropy RL [37], which
encourages initial policy randomness to facilitate exploration. An alternate ap-
proach involves adding expert demonstrations to the experience replay buffer for
off-policy RL algorithms and sampling the experience from both expert demon-
strations and the agent’s interactions to update the policy [38, 39]. However, this
method requires annotating rewards for each state-action pair to comply with the
format of transition tuples in RL, which can be intractable in some cases due to

the inaccessibility of the expert rewards. [34, 40] proposed incorporating imitation
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learning (minimizing the discrepancy between agent actions and expert actions)
into policy updates in addition to reinforcement learning (maximizing Q values),
allowing the agent to learn from both human demonstrations and self-exploration.
However, a sophisticated design of reward function or reward shaping is still indis-
pensable for these methods. In contrast, our proposed method is inspired by recent
advances in offline RL [41, 42], which encourages the learned policy to be close to
the behavior policy. This idea was originally introduced to avoid value overestima-
tion for actions outside of the training distribution, since the agent learns purely
offline without online data collections. We propose to employ this method in an
online RL setting where the behavior policy is learned from expert demonstrations
and then used to guide exploration and constrain the RL agent’s behaviors. To
maintain the RL agent’s exploration capability, we propose using uncertainty esti-
mation in deriving the expert policy with imitation learning. As a result, the agent
can explore more when the uncertainty of the expert policy is high, indicating that
the action provided by the imitative expert policy is not reliable. Furthermore, the
reward function design can be significantly simplified since the agent’s behavior is
regularized by the expert policy, thus allowing a sparse reward to work effectively

even in complicated situations.

2.3 Preliminaries

2.3.1 Reinforcement learning

Reinforcement learning (RL) addresses the problem of learning to control a dy-
namic system, which can be defined by a Markov decision process (MDP) denoted
as M = (S, A, T,r,v). In this tuple, S represents the state space s € S, A denotes
the action space a € A, T is the transition probability distribution that defines
the system dynamics T'(s;11[ss, a;), r is the reward function r : S x A — R, and
v € (0,1] is a discount factor. The objective of RL is to find a policy, defined as a
distribution over actions conditioned on states 7(a;|s;), in order to maximize the

long-term discounted cumulative reward:

max [E
iy T~Dr (T)

Z*ytr(st,at)] , (2.1)

t=0
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where T represents a trajectory, p,(7) is the distribution of the trajectory under

policy 7, and T is the time horizon.

One approach to optimize the objective is to estimate the state or state-action
value function and then recover a policy. The state value function (V-function)

and state-action value function (Q-function) are recursively defined as:

V7T (st) = K Q™ (s, a¢)], (2.2)

ag~m( - |st)

Q™ (st,a) = (s, &) + VEs,  or(- jsa0) [V (S141)] - (2.3)

The optimal policy 7* can be obtained by maximizing V™ (s) at all states s € S.
In the actor-critic method, a policy 7 is optimized by alternately learning the
V-function and Q-function through minimizing the Bellman errors over one-step

transitions and learning the policy by maximizing the Q-values.

In addition to maximizing the cumulative discounted reward, the soft actor-critic
(SAC) [37, 43] method employs a stochastic policy and adds an entropy term of
the policy H to the objective to facilitate exploration:

T

max  E > 4 (r(sa) + oM (7(-]s))| - (2.4)

m T~Dr (7‘) =0

The entropy term is equivalent to the KL divergence between the agent’s policy
and a uniformly random action prior. However, in our method, we regularize the
learned policy 7 towards the non-uniform and informative expert behavior policy
7F. Furthermore, we propose an alternative approach to directly constrain the
discrepancy between the learned policy 7 and the expert behavior policy 7. Some
methods for obtaining the expert policy 7% from demonstration data are described

below.

2.3.2 Behavioral cloning

Since the expert policy is not directly accessible, one feasible and widely-used ap-
proach is to approximate the expert policy through imitation learning from expert

demonstrations. Formally, given the expert demonstration dataset DF : {7}y,
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which consists of N trajectories, and each trajectory is a sequence of state-action
pairs 7 = {sj,a;,...,sr,ar}, the imitative expert policy 7% : & — A can be

obtained by maximizing the log-likelihood over DF:

% = argmax E [logn(als)]. (2.5)

s (a,s) NDE

In a general behavioral cloning setup, the expert policy is a neural network param-
eterized by 6, which takes a vector of state inputs and generates a single determin-
istic output representing the action, a, = my(s;). Typically, the policy network is
trained by minimizing the mean squared error (MSE) between the network outputs

and expert actions, as shown:

)= E —al?. 2.
Lo = E ImE)-al (2.6)

However, this method can only yield a deterministic policy that outputs a point
estimation of actions. This is insufficient as a distribution of actions is needed to

regularize the action distribution of the stochastic RL policy.

2.3.3 Policy uncertainty

In order to obtain a stochastic expert policy, we first consider the uncertainty of
human (expert) behaviors, which implies that one can generate different feasible
actions in the same state. We term this kind of uncertainty as policy uncertainty,
which originates from the potential intrinsic randomness of human experts gener-
ating actions. To account for this uncertainty, we opt for outputting the parame-
ters of a parametric probability distribution over actions instead of deterministic
actions. We assume that the action is subject to a Gaussian distribution, i.e.,
a; ~ N (ua(si),02(st)). Subsequently, we employ the maximum likelihood ap-
proach to train the imitative expert policy, which is equivalent to minimizing the
negative log-likelihood (NLL) of the Gaussian distribution [44]:

o) log53(s)  (a— jio(s))’ .

= E
(a,s)~DE 2 + 25’3(5) el
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where 6 is the parameters of the policy network, jig and &7 are the predictive mean

and variance respectively, and c is a constant.

2.3.4 Model uncertainty

Although we have derived a stochastic expert policy, the predictive mean and the
variance of the policy are still uncertain and unreliable for data not included in the
training dataset. We term this kind of uncertainty as model uncertainty, resulting
from a lack of training data in certain areas of the state space. Model uncertainty
quantifies whether the model is confident about its action outputs. Estimating
model uncertainty is crucial for the imitative expert policy in our proposed method
because the RL agent can often encounter states not included in the demonstration
dataset, thus requiring confidence quantification on the out-of-distribution states.
Some approaches have been put forward to estimate this kind of uncertainty, such
as the Monte Carlo dropout method [45, 46] and deep ensemble method [44, 47]. In
this chapter, we use the deep ensemble method because it is more computationally
efficient and simple to implement. We adopt an ensemble of M networks (stochastic
policies) trained with different random initializations and orders of data using Eq.
(2.7). We take all networks (6; referring to the parameters of i-th network) and
combine their results into a Gaussian mixture distribution. The mixture mean and

variance can be calculated as:

P2e(s) = 17 D 0R) + |37 DA () — p2els)] 2:9)

We can treat the ensemble model as a Gaussian expert policy with mean i, =(s)

and variance 02, (s) that can capture both the policy uncertainty and model un-

certainty.
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2.4 Methodology

2.4.1 Framework

Fig. 2.1 illustrates the conceptual framework of our proposed method, which com-
prises three key steps: expert demonstration, policy derivation, and reinforcement
learning. Initially, a human expert demonstrates the execution of a task, and their
behaviors are encoded as sequences of state-action pairs. Next, the imitative ex-
pert policy is derived from the demonstration data using methods from Section
2.3. The imitative expert policy estimates the action distribution a human expert
would follow in a given state, and it can be queried with a state encountered by
the RL agent during training to respond with the reference action distribution.
Ultimately, the imitative expert policy guides the RL agent’s learning process, ei-
ther by adding a discrepancy penalty to the value function or by regularizing the

distributional discrepancy between the agent’s policy and the expert’s policy.

In the policy derivation step, we employ the stochastic policy setting and propose to
estimate both the policy uncertainty and model uncertainty of the expert policy,
which are necessary and important. The rationale is that when the uncertainty
(variance) of the expert policy is small, indicating the policy is confident about
its outputs, the RL agent’s action should be close to the expert policy to avoid
unnecessary exploration. In contrast, if the uncertainty (variance) is large, the
mean value of the expert policy may not be sensible, but it can admit a high
variance, allowing the resulting distribution to cover reasonable actions. In this
situation, the RL agent’s action should also be close to the expert policy to explore

more and find better actions.

2.4.2 Actor-critic algorithm

For the agent learning step, we propose a modified actor-critic RL algorithm that
can regularize the agent policy towards the imitative expert policy, and we present
two methods to achieve this. The algorithm concurrently learns four networks:
two Q-function networks (Qg, and @y,), a value function network (V},), and a
stochastic policy network (mg). We separately maintain a target value network

(Viarg) obtained by polyak averaging the V,, network parameters over the course of
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training. In addition, we introduce a pre-trained imitative expert policy network
(7F), which can be an ensemble of networks or a single network, to generate the
mean and standard deviation of the reference action distribution given a state

input.

Both Q-function networks are learned with a single shared target, which is to

minimize the mean-squared Bellman error (MSBE) as shown:

L(p;) = E [(Qo, (st,2¢) = (1t + VViarg (8611)))%] (2.10)

(st,at,rt,8¢41)~D

where ¢+ = 1,2, D represents the experience replay buffer containing transition
tuples, and V44 is the target value function, which is updated once per the value

network V,;, update by polyak averaging.

The value function network V,, updates by the following loss function:

(V¢ (st) — min Co, (st, ét)>2] , (2.11)

where the actions are sampled fresh from the policy a, ~ 74 (- |s;), whereas the
states should come from the replay buffer s; ~ D. Only the minimum Q-value
between the two Q-function networks is taken, to mitigate the overestimation in

the value function.

The policy network my( - |s;) outputs the parameters of a Gaussian distribution, i.e.,
the mean py and standard deviation oy, such that the final output action can be
generated by sampling from this distribution, a;, ~ N (g (s;), 03 (s;)). The policy
network is trained to maximize the value function at all states, which is equivalent
to maximizing the Q-value at any given state, and thus the loss function for the

policy network becomes:

5tN7T'0('|St) o

Having constructed the Q-learning and policy learning processes, we will introduce
two approaches to incorporate imitative expert priors into the actor-critic algo-
rithm, in order to regularize the learned agent policy my towards the expert policy

7P, Generally, there are two different ways: adding a divergence penalty to the
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value function (value penalty) or constraining the divergence between the agent
policy and expert policy (policy constraint). The details of these two ways are

provided below.

2.4.3 Expert priors as value penalty

To encourage the learned policy to be close to the expert policy, we can add a

penalty term into the reward function, resulting in the refactored reward function:
f(St, at) = T’(St, at) —aD (71'9 ( . |St) ,7TE ( : |St)) s (213)

where « is a temperature parameter, and D is a probability metric to measure
the divergence between two distributions over actions and is chosen to be the

Kullback—Leibler (KL) divergence, denoted as D, hereafter.

This is equivalent to directly incorporating the penalty term into the value func-
tion. Therefore, the updated loss function of the penalized value function can be

rewritten as:

L) = E,
ag~mp( " |st)

(V¢ (st) — <{£}% Qg (s, a;) — OéDKL (7T9 (-Ise) , (- |St)) ))2] )

(2.14)
where Dy, denotes the sample estimation of the KL divergence, 7y (- |s;) is the
learned policy, and 7% (- |s;) is the expert policy obtained through imitation learn-

ing. Both are modeled as Gaussian distributions over actions conditioned on states.

Accordingly, the policy should maximize the penalized value function in each state,

and thereby the loss function for the policy network should be modified as:

,C(Q) = . ]ED — g%% Qd)z (St7 ét) + OéﬁKL (7T0 ( . ’St) ,7TE ( . ‘St)) . (215)
a~ro( - Ist) ’

The update of the Q-function networks remains the same as Eq. (2.10), and now the
actor-critic algorithm has been tailored to incorporate the behavior regularization

through a penalty in the value function.
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2.4.4 Expert priors as policy constraint

Instead of adding a penalty term to the value function, another approach is to
explicitly constrain the deviation between the learned policy and expert policy
within a small value during policy optimization. Hence, the constrained optimiza-

tion problem for policy learning can be formulated as:

U | T Qe (end)]
A~omg (- |st) (2.16)

s.t. Dicr, (w0 (< 180) , 78 (- [se)) <,

where € is a small positive constant or the tolerance of the KL divergence, which

represents the closeness of the learned policy to the imitative expert policy.

To solve this constrained optimization problem, we can construct its corresponding

Lagrangian dual problem:

. o . ~ ~ . E . o
m)?xm#n~ s}EED | min Qs (8¢, a:) + A (DKL (7o (- |se) , 7" (- |se)) 6) ] :
a~mg(* st

(2.17)

where A is the non-negative Lagrangian multiplier A > 0.

We can employ the dual gradient descent method to optimize the unconstrained
objective by alternating gradient descent steps on ¢ and A respectively [48]. The
core idea is to first solve the Lagrangian function (Eq. (2.17)) with respect to
the policy 7y under the current Lagrangian multiplier A (starting with a random
guess), and then update the Lagrange multiplier A if the constraint is violated.

Therefore, the modified loss function for the policy network becomes:

LO)= E

St ~D

E  —minQ (s;,a)+ A ([)KL (o (-Is0) 7 (- |s1)) — e) ] .

ap~mg( - |st) 1=1,2

(2:18)

The Lagrangian multiplier A gets updated according to the following loss function
with the constraint A > 0:

L\ = E [—A (DKL (70 (- ]se) 72 (- |s0)) — e)] . (2.19)
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For Q-learning, the update of the value function network remains the same as Eq.
(2.11), and the update of the Q-function networks is consistent with Eq. (2.10). By
following this approach, the actor-critic algorithm can be modified to incorporate
behavior regularization through a constraint on the divergence between the learned

policy and the expert policy.

2.5 Experiments

2.5.1 Driving scenarios

Our proposed algorithm is validated in the context of urban autonomous driving
problems. We design two challenging urban driving scenarios using the SMARTS
simulation platform [49]. Fig. 2.2(a) presents a scenario where the autonomous
driving agent must execute an unprotected left turn in heavy traffic. This requires
the agent to turn left onto a major road, traverse a two-way four-lane road, and
finally reach the rightmost lane, without the regulation of traffic lights. Fig. 2.2(b)
shows a first-person view from the ego vehicle in the left turn scenario, allowing a
human expert to observe the environment. In Fig. 2.2(c), a roundabout scenario
is designed, and the autonomous driving vehicle needs to safely navigate from the
start point to the destination. The green area in Fiig. 2.2 shows the accessible routes
of the ego vehicle, and the waypoints ahead of the ego vehicle (up to 50 meters) are
shown. These two scenarios are sufficiently different and challenging to validate the
capabilities of our proposed method from different angles. The left turn scenario is
more complex in terms of the traffic situations, yet the vehicle maneuver is simpler
(focusing on speed control) and it requires less time to complete. Conversely, the
roundabout scenario has less complex traffic but demands more time to finish and
involves subtler maneuvers, such as avoiding collisions and changing lanes to evade

congestion.

To simulate real-world situations, we generate diverse driver behaviors for environ-
ment vehicles, given that different types of drivers may be present on the road.
Specifically, we randomly choose the parameters of the driving behavior models
(e.g., speed distribution, maneuver imperfection, impatience of waiting at intersec-

tions, and willingness to cooperate) for a specific type of actor within a reasonable
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First-person view

1
Target 1

FIGURE 2.2: The designed urban driving scenarios in the SMARTS platform

range, and each traffic flow consists of a mix of different types of actors. We gen-
erate 20 different traffic flows for training, and the initial conditions (e.g., vehicle
spawn points) are randomly generated by the simulator at the beginning of each
episode. In testing, we generate additional 50 traffic flows to test the generalization

capability of our trained policy.

2.5.2 MDP formulation

State space. We use a bird-eye view image encoding the environment information
within a square area of 32x 32 meters, with the ego vehicle at the center. This image
is assumed to be obtained from an upstream perception module. The bird-eye view
image is an RGB image of the abstracted driving scene (see Fig. 2.3), where the
grey area represents the road, the red rectangle denotes the ego vehicle, and the
white rectangles are surrounding vehicles. Since this representation encodes a rich
amount of information about the road structure and interaction situations and can
cope with an arbitrary number of objects, it is suitable for highly interactive urban
driving scenarios. The size of the bird-eye view image is 80 x 80 x 3, resulting in a
detection area resolution of 0.4 m/pixel. We use a stack of three consecutive bird-
eye-view images from the current time step and two previous time steps to include

a history of observations, yielding a state space with dimensions of 80 x 80 x 9.

Action space. We adopt a lane-following controller that allows a high-level target
input (i.e., target speed V and lane change Ly) to control the vehicle rather than
direct vehicle control commands (e.g., steering and accelerator). The longitudinal

motion control is a continuous target speed Vp within the range of [0,10] m/s,
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which is then normalized into [—1,1]. The lateral motion is determined by the
discrete lane change action Ly, specifically changing to the left lane Ly = —1,
lane-keeping Ly = 0, and changing to the right lane Ly = +1. To adapt the
discrete action into a continuous value for the lane-change control, we discretize
a continuous range [—1, 1] into three equal-sized bins, each representing a discrete
action. For example, [—1,—1/3] corresponds to the action of changing to the
left lane, while [—1/3,1/3] represents the lane-keeping action. The lane-changing
action executed at a decision-making step will not complete the entire lane-change
maneuver; thus, the policy must output the lane-change action during consecutive
decision-making steps to finish a lane-change maneuver. We choose this control
setting because longitudinal motion control necessitates more refined and precise
actions, while lateral motion control can be achieved through discrete lane-following
or lane-changing actions, as the vehicle typically follows road structure and traffic

rules and maintains its lane.

Reward function. We use a sparse reward function, which only emits a mean-

ingful value at the end of a training episode:
T(S, CL) = Tcollision + T'goal, (220)

where 7onision = —1 is the penalty for colliding with other objects, and 74, = 1 is

the reward for reaching the goal position. Both values are zero otherwise.

However, we find that the sparse reward makes it very difficult for the baseline
RL algorithms to achieve at least an acceptable performance. To improve the
performance of baseline RL algorithms for a fair comparison, we employ the reward

shaping technique, and the shaped reward function 7/(s, a) is:
T/<S7 a) = 0'001Tspeed + Tcollision + Tgoalu (221)

where rgeeq is the speed of the vehicle. It is important to note that this shaped
reward function is only used in other RL algorithms to enhance their perfor-
mance, and to prevent interference from the reward-shaping term with our pro-

posed method.
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2.5.3 Expert demonstration

We request a human expert to execute the designed urban driving tasks in the
simulator and collect their actions as expert demonstration data. The human
expert observes the driving environment in a first-person view (see Fig. 2.2(b))
and provides their actions, with four discrete actions available for manipulation
via keyboard input. For the longitudinal direction, two discrete actions, speed
up (increase the speed by 2 m/s) and slow down (decrease the speed by 2 m/s),
are used to set the target speed for the vehicle. For the lateral movement, two
discrete actions (change to the left lane and the right lane) are used, with the
default maneuver being to maintain the current lane. The human expert can
execute the longitudinal and lateral control actions simultaneously, but need not
provide actions at every timestep. The vehicle will continue executing the last set
target until the expert alters the target. We also ask the expert to demonstrate
various behaviors in the unprotected left turn task, such as aggressive behavior
like nudging forward in the intersection, and conservative behavior like stopping
to find an acceptable gap. The demonstration data is stored as state-action pairs,
and only successful task executions are counted. The states are normalized to
[0, 1] and the actions are normalized to [—1, 1]. We collect 40 trajectories of human
expert demonstration in the roundabout scenario, and for the left turn scenario, we
collect 40 trajectories each for two distinct driving behaviors. We also investigate
the effects of sample size in training imitative expert policy on the training and

testing results of the RL agent.

2.5.4 Comparison baselines

We implement several RL and IL methods as baselines to benchmark the perfor-
mance and efficiency of our proposed method. The baseline methods are listed

below.

e Soft actor-critic (SAC) [43]. SAC is a state-of-the-art off-policy RL algorithm,
which optimizes a trade-off between the expected return and entropy. We

adopt the version that can automatically tune the entropy parameter.

e Proximal policy optimization (PPO) [50]. PPO is a state-of-the-art on-policy
RL algorithm that can stabilize policy training by limiting the new policy
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from deviating too far from the old policy, using a clipped surrogate objective

function.

e Generative adversarial imitation learning (GAIL) [51]. GAIL employs expert
demonstration to recover a policy using generative adversarial training. The
policy serves as the generator, trained with an RL algorithm using a surrogate
reward given by the discriminator, which measures the similarity between

generated and demonstration samples.

e Behavioral cloning (BC). BC is a supervised learning method aiming to repro-
duce the expert demonstration actions at given states. We train a stochastic
policy using the behavioral cloning method with uncertainty estimation for
comparison, and for convenience, we directly use the imitative expert policy
as the BC baseline. Since the learning mechanism of BC is different from RL

training, it is only compared against our method during the testing phase.

2.5.5 Implementation details

The structures of the neural networks are shown in Fig. 2.3. All networks share
the same state encoder structure, which consists of four convolutional layers and
a global average pooling layer, followed by different structures of fully connected
layers for different networks to generate desired outputs. The hyperparameters of
the convolutional layers are provided in the figure in a tuple format, following the
meaning of (number of convolution kernels, kernel size, and moving stride). The
numbers of hidden units of the fully connected layers are also given. The action
distribution, which consists of two continuous actions with respect to longitudinal
and lateral motion control, is modeled as a multivariate Gaussian distribution.
The policy network generates the parameters of the Gaussian distribution, while
the value and Q-value networks output a single value, respectively. All the layers,
unless explicitly notated in Fig. 2.3, use the ReLU activation function. All the
networks are trained with the Adam optimizer in Tensorflow using an NVIDIA

RTX 2080 Super GPU.

For training the ensemble expert policy model, we train five single policy networks
with different random seeds, both in the initialization of the weights of the network

and shuffle of the dataset, and each network in the ensemble is trained for 100
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FIGURE 2.3: The structures of the neural networks in RL

epochs. The policy network in the ensemble adopts the same structure as the
policy network in Fig. 2.3. Since the expert demonstration actions (target speed,
lane selection) are recorded in discrete values, directly regressing on these discrete
values makes the network difficult and unstable to train and performs very poorly.
Therefore, we add a small normally distributed random number to the discrete
actions, which does not significantly change the actual action but makes the neural
network easier and more stable to train. The standard deviation of the Gaussian
distribution of the obtained expert policy model is added by 0.1 to form a final
output action distribution, which is to ensure that the distribution is wide enough

to cover feasible actions.

The simulation runs on an AMD Ryzen 3900X CPU and takes approximately one
hour to complete 100,000 steps of interaction with the simulated environment. The
simulation interval is 0.1 seconds, which means the RL agent makes decisions every
0.1 seconds. The hyperparameters used in this paper are carefully tuned to achieve

the best training performance, and the final settings are listed in Table 2.1.
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TABLE 2.1: Hyperparameters used in the experiment

Symbol Meaning Value
M Number of the ensemble models 5
« KL divergence parameter 0.002
Ao Initial Lagrange multiplier 0.01
€ KL divergence tolerance 0.8
Np Size of the replay buffer 20000
B Training batch size 32
lr Learning rate 0.0003
0 Discount rate 0.99
Nyarm Warm-up steps 5000
Nirain Total training steps 100000

2.6 Results and Discussions

2.6.1 Training results

We apply the proposed method along with baseline methods to train an au-
tonomous driving agent in the designed driving scenarios. In the unprotected
left turn scenario, the human expert purposely demonstrates two distinct driv-
ing styles, namely conservative and aggressive. Conservative behavior is reflected
by a driver always stopping at the intersection, waiting for an adequate gap to
cross without interrupting other vehicles, whereas aggressive behavior means that
a driver would nudge forward in the intersection to show aggressiveness, forcing
other vehicles on the main road to yield. In the roundabout scenario, the goal of
the human expert is to pass through the roundabout as quickly as possible and
avoid collisions, to ensure both efficiency and safety. The imitative expert policy
here is derived with policy and model uncertainty estimations (ensemble model),
and the effects of uncertainty estimation will be discussed subsequently. For each
method, ten trials are conducted with different random seeds to reflect the average
training performance of that method. Because the proposed method and baseline
methods use different reward functions, the scales of the average episodic reward
are different; thus, we use the average success rate to gauge the training perfor-
mance. It is defined as the number of successfully finished episodes over the last
20 episodes divided by 20. Success is counted only when the autonomous driving

vehicle reaches the goal within a limited time. Failure conditions include colliding
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with other vehicles, going off the drivable road, and exceeding the maximum al-
lowed time. The maximum allowed time for each episode in the left turn scenario

is 40 seconds and 60 seconds for the roundabout scenario.

° 20000 40000 60000 80000 100000
Stej

FIGURE 2.4: The training processes of different learning methods in the urban
driving scenarios

Fig. 2.4 shows the training results of different methods in the urban driving sce-
narios, in which the training curve is represented by a solid line of the mean value
and an error band of the 95% confidence interval. To smooth the training curve,
the average success rate at each step is the exponentially weighted moving average
over the immediate 3000 steps. In the unprotected left turn scenario, our proposed
methods achieve the best performance at the end of the training process, and the
value penalty method and policy constraint method perform equally well in this
scenario. In addition to the boost in training performance, our method shows a
significant improvement in sample efficiency. It only takes about 30% of interac-
tion steps to reach the same performance as that of SAC, improving the sample
efficiency by 70%. This is because while SAC is randomly searching for better
actions, the imitative expert policy used in our method could provide a reasonable
direction for searching for desired actions, thus remarkably enhancing the sample
efficiency. Furthermore, the training process of SAC is unstable across different tri-
als, as reflected in the wide error band (high deviation). In contrast, the superior
performance of our proposed method is consistent across different trials. The other
two baseline methods, PPO and GAIL, do not perform very well. Their perfor-
mance hardly improves during the training process, and the training curve almost
remains flat. This is because PPO can easily get trapped in local optima, and for
GAIL, the adversarial training setting is difficult and parameter-sensitive, which
may cause it to perform poorly with high-dimensional state input. In terms of the
difference in learning from different driving behaviors, we can observe that learning
conservative behavior is more challenging than learning aggressive behavior. This
is probably because stopping to find enough gaps is a very subtle behavior and

hard to learn, and there is ambiguity about when to start crossing. Moreover, we
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can find out aggressive driving behavior can lead to a higher success rate. One
possible reason is that the environment vehicles are intended to yield to the ego
vehicle even if it violates the safety requirement, and aggressive driving behavior

may exploit this feature.

In the roundabout scenario, our proposed method still demonstrates its advantages,
achieving a higher success rate and better sample efficiency than the other meth-
ods. Unlike the left turn scenario where decisions are made in a small fragment
of the scene (the intersection), the roundabout scenario is larger, involving more
complicated situations, and requires a longer time to finish the task. Therefore, the
value penalty method is more favorable than the policy constraint method in this
situation. This is because the reward feedback from the environment is sparse, and
adding additional feedback to the reward could help better estimate the value of
actions and states. Compared to SAC, our proposed method sees a 60% improve-
ment in sample efficiency and a better success rate at the end of training. PPO
and GAIL still perform poorly, and they can hardly improve the policy during the

training.

2.6.2 Testing results

In this subsection, we evaluate the testing performance of the learned driving poli-
cies. We first generate 50 distinct traffic flows that differ from the training situa-
tions. We then employ the driving policy with the best training return to control
the ego vehicle, navigating it from the starting point to the target point. During
testing, we only use the mean value of the stochastic policy (Gaussian distribu-
tion policy) as the output action, instead of sampling from it. We test all learned
driving policies obtained from different learning methods for 50 episodes, and use
the testing success rate, defined as the percentage of successful episodes divided
by the number of testing episodes, to measure the performance and generaliza-
tion capability. The results are presented in Table 2.2 (unit: %, A: aggressive, C:

conservative).

As indicated by the data in Table 2.2, the testing performance of each method
is generally consistent with their respective training performance. Our proposed
value penalty method achieves the highest testing success rate in all three situa-

tions, encompassing various driving scenarios and demonstration behaviors. The
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TABLE 2.2: Testing success rate of different learning methods in the urban
driving scenarios

Unprotected Unprotected

left turn (A) left turn (C) Roundabout
BC 72 70 36
GAIL 26 24 32
PPO 64 64 34
SAC 78 78 74
Ours (policy constraint) 92 90 80
Ours (value penalty) 96 96 84

basic behavioral cloning method outperforms GAIL and PPO, partially due to the
low sample efficiency of on-policy RL algorithms. However, our proposed method
attains superior performance with the same number of training steps, demonstrat-
ing higher sample efficiency. Although SAC performs relatively well in both un-
protected left turn and roundabout scenarios in terms of success rate, it falls short

compared to our proposed method.

In addition, we present the duration of the successful episodes for each learning
method in Table 2.3 (unit: seconds, A: aggressive, C: conservative), which illus-
trates the different outcomes of driving behaviors when dealing with the unpro-
tected left turn scenario. The duration of the driving policies with conservative
driving behavior is four to five seconds longer than that of aggressive behavior, as
the vehicle needs to wait for enough gap in the intersection. For the SAC agent,
the duration is significantly shorter than other methods, because it is motivated to
reach the target as quickly as possible at a higher speed. However, it is important
to note that the behavior of SAC is much more aggressive (rushing through the
intersection), and safety is somewhat compromised, resulting in more collisions at
the intersection. In contrast, our method can learn from a human expert that
shows a balance between safety and efficiency, as well as different driving styles.
In the roundabout scenario, the duration of GAIL and PPO agents is considerably
longer than SAC and our proposed method, because the vehicle only moves at a
slower speed. Although the SAC agent can move faster than GAIL and PPO, it
often sticks on the outer lane and does not learn to change lanes to gain a higher
speed, resulting in a longer time to complete the task compared to our proposed
method. Conversely, our proposed method with human demonstration can learn

to change lanes to run faster and complete the more quickly.
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TABLE 2.3: Testing duration of different learning methods in the urban driving

scenarios

Unprotected Unprotected

left turn (A) left turn (C) Roundabout
BC 14.89 +£1.54 1997+2.12 36.53 & 2.85
GAIL 15.04 £0.67 17.884+0.92 57.124+0.89
PPO 13.65 £ 0.83 - 53.48 £ 0.76
SAC 11.84 +0.95 - 43.55 £4.70
Ours (policy constraint) | 14.72+1.13 19.294+2.24 37.04 +3.97
Ours (value penalty) 14.26 +1.24 19.62+2.05 36.62+2.84

As depicted in Fig. 2.5, we analyze the vehicle dynamic states of different driving
policies in some representative cases. Fig. 2.5(a), (b), and (c) display the speed,
acceleration, and curvature of the vehicle in the unprotected left turn scenario for
our proposed methods and SAC, respectively. We can observe the different behav-
iors of aggressive and conservative policies. For aggressive policy, the vehicle will
cross the intersection at a low speed (nudging forward); for conservative policy,
the vehicle will stop at the intersection, waiting for enough clearance to cross. The
stability of the vehicle is maintained, as the acceleration and curvature are within a
reasonable and comfortable range. For the SAC agent, it will cross the intersection
at a higher speed, forcing other vehicles on the main road to yield, and its accelera-
tion profile is more volatile. Fig. 2.5(d) and (e) exhibit the vehicle dynamic states
of our proposed method and SAC in the roundabout scenario. For our proposed
method, the vehicle is able to decelerate when entering the roundabout, change to
the inner lane to gain a higher speed, and slow down to wait for other vehicles when
exiting the roundabout. The acceleration and curvature are smooth and within a
comfortable range. However, for the SAC agent, since it only stays in the outer
lane, it has to frequently adjust its speed to yield to other vehicles, and the vehicle

may decelerate harshly to avoid a collision.

We also provide supplementary videos® to illustrate the behaviors of different driv-
ing policies in detail. Overall, our proposed method demonstrates human-like driv-
ing behaviors, such as nudging forward in the intersection to show its aggressive-
ness, stopping and waiting for gaps, changing lanes to gain a higher speed, and
decelerating to reduce risk. Although the SAC agent can learn to accomplish the

driving tasks, it does not display human-like behavior, as it shows reckless moves

Thttps://mezhi.github.io/Expert-Prior-RL/
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FIGURE 2.5: Vehicle dynamic states of different driving policies in the urban
driving scenarios

like directly cutting into the main road without negotiation and sticking to the
slow lane. This is mainly because it learns only to avoid collisions, attain a higher
speed, and reach the target according to the reward function, without the guid-
ance of human prior knowledge. The PPO and GAIL methods are inefficient and
perform poorly in the test, as they have only learned to maintain a low speed and

cannot stop to avoid a collision.

2.6.3 Effects of imitative expert policy

Uncertainty estimation. We introduce the ensemble model that can quantify
both policy and model uncertainties to obtain the expert policy. In this subsec-

tion, we discuss the effects of different uncertainty estimations for expert policy
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derivation on the training and testing performance of our proposed method. In
addition to the proposed ensemble model, we use two other methods to acquire
the expert policy. One is a Gaussian distribution policy that considers only policy
uncertainty, meaning only a single policy network in the ensemble model is used.
The other method is a Gaussian distribution policy with fixed uncertainty, which
entails taking the mean value from a single policy network and setting the standard
deviation of the distribution as a constant. The fixed standard deviation is set to
0.2, slightly higher than the mean standard deviation provided by the ensemble
method during training. We employ the value penalty method since it delivers

better learning results, and the average success rate is employed as the metric.
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FIGURE 2.6: The training processes with different uncertainty estimations for
the expert policy

The training results in Fig. 2.6 indicate that our proposed method would bene-
fit from the expert policy that can estimate both policy and model uncertainty
through the ensemble method. This advantage becomes more pronounced as the
difficulty of the task increases. There is no significant difference between these
methods in the unprotected left turn scenario learning aggressive behavior, be-
cause the behavior is simple and solution space for this task is limited. However,
the ensemble method can stabilize the training process and obtain a higher suc-
cess rate when learning conservative behavior, while the other two methods could
cause an unstable training process and high variances across different trials. This
is likely because conservative behavior is more subtle and hard to learn for the
expert policy, and a single Gaussian policy network estimating only policy uncer-
tainty may not generate a high uncertainty in uncertain states. On the other hand,
the ensemble method can emit a larger uncertainty (representing the overall policy
and model uncertainty) in uncertain states, which could enhance the exploration
of the RL agent. The ensemble method also outperforms the fixed uncertainty
method since the fixed uncertainty cannot provide a sensible search range search
in different states. In the roundabout scenario, the ensemble method also shows
a better result than the other two methods. The data in Table 2.4 (unit: %, A:



Chapter 2. Learning Actor with Human Prior Knowledge 39

aggressive, C: conservative) concerning the testing success rate of different expert
policy derivation methods also reveals that the ensemble expert policy with both
policy and model uncertainty estimations is advantageous, providing better testing
performance and leading to improved robustness and generalization ability. There-
fore, we conclude that the ensemble method is capable of estimating both policy
and model uncertainties and is thus more effective at learning the expert policy
(generating expert action distributions), resulting in better performance in guiding
the training of RL agents, especially for difficult tasks.

TABLE 2.4: Testing success rate of the proposed method with different uncer-
tainty estimations for the expert policy

Unprotected Unprotected

left turn (A) left turn (C) Roundabout
Fixed uncertainty 90 84 66
Policy uncertainty 96 90 72
Policy4+model uncertainty 96 96 84

Training sample size. Another factor that could affect the quality of the expert
policy and training of the RL agent is the sample size of the expert demonstration.
In this subsection, we investigate the influence of the training sample size for the
expert policy on the training and testing performance of our proposed method.
Specifically, we select 10, 20, and 40 demonstration trajectories to train the expert
policy, respectively, and use them to guide the training of RL agents. The expert

policies are trained with the ensemble method, and the RL agents are trained using

the value penalty method.
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FI1GURE 2.7: The training processes with different training sample sizes for the
expert policy

The results in Fig. 2.7 reveal that increasing the training sample size is beneficial for
training the expert policy and consequently for training RL agents. The difference
in sample size becomes more significant with the increase in task complexity. In

the unprotected left turn scenario learning aggressive behavior (relatively simple),
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a small number of demonstration trajectories can effectively guide RL training,
improving the policy to a satisfactory level, although the learning efficiency and
stability are compromised. However, when learning conservative behavior (rela-
tively difficult), a larger training sample size can lead to a better performance in
terms of average success rate and learning speed. In the roundabout scenario, the
difference between the sample sizes is more notable regarding the obtained success
rate at the end of training. The results in Table 2.5 (unit: %, A: aggressive, C: con-
servative) about the testing success rate of different sample sizes demonstrate that
extending training samples is also beneficial for the test performance, especially for
more difficult tasks. The possible reason is that increasing training samples with
diverse demonstration data enables the expert policy to generate reference actions
more accurately and, thus, provide more accurate action distribution to regularize
the RL agent’s behavior.

TABLE 2.5: Testing success rate of the proposed method with different training
sample sizes for the expert policy

Unprotected Unprotected

left turn (A) left turn (C) Roundabout
Sample size = 10 92 70 60
Sample size = 20 94 80 78
Sample size = 40 96 96 84

2.6.4 Discussions

The two most significant challenges of RL can be categorized into two areas: one
is the low sample efficiency, which requires a massive amount of interactions, and
the other is the difficulty in specifying the reward function. Our proposed method
offers insights into addressing these issues by incorporating human prior knowl-
edge. Specifically, we propose distilling human knowledge, in the form of human
demonstration of executing a driving task, into an imitative expert policy, which is
subsequently used to guide the training of RL agents. As evidenced by the results
presented in the previous subsections, the strengths of our method include improved
sample efficiency (60% compared to the state-of-the-art RL algorithm) and reduced
requirement for designing reward functions (only using sparse reward), which could
potentially facilitate the application of RL-enabled human-like autonomous driv-

ing systems. That being said, some limitations of the proposed method should be
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acknowledged. The major drawback is that we use human experts’ high-level deci-
sions as demonstration data, which does not scale to real-world scenarios when only
the trajectories are available. Additionally, more hyperparameters are introduced
in the proposed algorithm, and it is time-consuming to tune them for optimal per-
formance. Therefore, future work will focus on utilizing naturalistic human driving
data to learn expert policies and guide the training of RL agents. Furthermore, ex-
ploring more methods for deriving the expert policy and generalizing the proposed

method to other scenarios is warranted.

2.7 Conclusions

In this chapter, we propose a framework that combines human prior knowledge and
deep reinforcement learning and apply it in autonomous driving scenarios. Our pro-
posed method consists of three key steps: expert demonstration, policy derivation,
and reinforcement learning. First, a human expert demonstrates their execution of
the task, potentially with their own preferences, in the expert demonstration step.
In the policy derivation step, the expert policy is obtained using imitation learning
and uncertainty estimation based on expert demonstration data. Finally, in the re-
inforcement learning step, we propose an actor-critic-based RL algorithm that can
incorporate the imitative expert policy into RL training. Specifically, we introduce
two methods to regularize the KL divergence between the RL agent’s policy and
the imitative expert policy, namely value penalty and policy constraint. To validate
our method, we design two driving scenarios and implement two distinct driving
behaviors demonstrated by a human expert in the left turn scenario. The train-
ing results reveal that our method can not only achieve the best performance but
also significantly improve the sample efficiency compared to baseline algorithms.
In terms of testing the learned driving policies in different traffic conditions, the
results also verify the performance of our method, with the highest success rate.
Additionally, the agent is able to perform different driving behaviors provided by
the human expert, as well as exhibit some human-like driving features. Moreover,
we find that the value penalty method generally performs better in environments
with sparse rewards. Using the ensemble expert policy with both policy and model
uncertainty estimations, as well as increasing training examples, can lead to better

performance, especially for more challenging tasks.






Chapter 3

Learning Cost Aligned with

Human Values

Acquiring cost functions for driving behaviors that aligned with human values is of
great importance for the development of intelligent and personalized autonomous
driving systems. In this chapter, a driving model based on internal reward func-
tions, which emulates human decision-making mechanisms, is employed. To infer
the reward function parameters from naturalistic human driving data, we propose
a structural assumption about human driving behavior, centering on discrete latent
driving intentions. This approach converts the continuous behavior modeling prob-
lem to a discrete setting, thus rendering maximum entropy inverse reinforcement
learning (IRL) tractable for learning reward functions. Specifically, a polynomial
trajectory sampler is adopted to generate candidate trajectories that account for
high-level intentions while approximating the partition function within the maxi-
mum entropy IRL framework. An environment model considering interactive be-
haviors between the ego and adjacent vehicles is constructed to better estimate the
generated trajectories. The proposed methodology is applied to learn personalized
reward functions for individual human drivers from the NGSIM highway driving
dataset. Qualitative findings indicate that the learned reward functions are able to
explicitly represent the preferences of different drivers and interpret their decisions.
Quantitative results reveal the robustness of the learned reward functions, as ev-
idenced by a negligible decrease in proximity to human driving trajectories when

employing the reward function under test conditions. For the testing performance,
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the personalized modeling method outperforms the general modeling approach, sig-
nificantly reducing modeling errors in human likeness (a custom metric for accuracy
assessment), and these two methods deliver better results compared to other base-
line methods. Furthermore, the study finds that predicting the response actions of
neighboring vehicles and incorporating their potential decelerations caused by the
ego vehicle are critical in estimating the generated trajectories, and the accuracy
of personalized planning using the learned reward functions relies on the accuracy

of the forecasting model.

3.1 Introduction

Achieving human-like driving is a critical objective for autonomous vehicles (AVs)
targeting widespread deployment in the real world. It is conceivable that AVs and
human drivers share the roads in the near future, which requires AVs to behave in
a human-like manner, ensuring predictability and interpretability for other human
drivers. However, current AVs show shortcomings in these aspects, which would
lead to conservative and unnatural decisions that may confuse and even endanger
other human drivers [52]. This is primarily attributed to their inability to interact
with other human traffic participants or, more specifically, to reason about other
agents’ possible behaviors and make proactive decisions accordingly. This problem
underscores the importance of studying and understanding human driving behav-
iors to enable a safe and efficient autonomous driving system. Moreover, personal-
ization constitutes another essential facet of human-like driving, which means AVs
should make decisions based on user-specific preferences [53]. This consideration
motivates our research into individual driving behavior, with the aim of explicitly

and individually expressing human driving styles.

Recent advancements in artificial intelligence [54] have provided us with powerful
tools in learning human driving behaviors for AV decision-making, with imitation
learning emerging as a state-of-the-art method for learning decision-making pro-
cesses by emulating human demonstrative actions [20, 55]. We adopt a similar
technique; however, instead of directly learning decision-making policies, we learn
the internal reward function used in decision-making. The underlying assumption
is that rational drivers choose actions that optimize their internal reward func-

tions. We adopt the internal reward function approach to model driving behavior
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for the following reasons. Firstly, this approach formulates the motivations behind
agents’ actions and is believed to better reflect human internal decision-making
processes. Secondly, the form of a reward function (typically linear) is highly suc-
cinct and interpretable because of its explicit physical meanings [56], allowing the
weights of the reward function to be adjusted to explicitly reflect the preferences
of various human drivers. Inverse reinforcement learning (IRL) has emerged as a
prominent approach for determining the parameters of the reward function that
optimally explain human behavior, with maximum entropy IRL [57] attracting
considerable attention in driving behavior modeling owing to its ability to address
the stochasticity of driving behavior and the ambiguity arising from multiple re-
ward functions that can explain human behavior. However, the original setting of
maximum entropy IRL is limited to discrete and small-scale problems, as it relies
on value iteration to evaluate the reward and state visitation frequency for feature
expectation calculation, which is intractable to solve in high dimensional problems

with large and continuous state spaces.

In our driving behavior modeling task, we observe that human actions are indeed
governed by their latent high-level tactical intentions. Thus, we propose a struc-
tural assumption of human driving behavior that focuses on the discrete latent
states, rather than continuous states and actions, enabling the maximum entropy
IRL framework to recover the underlying reward functions. Specifically, we as-
sume that a human driver makes long-term decisions, rather than instantaneous
actions, based on three sequential processes: generation, evaluation, and selection.
In essence, a human driver first generates multiple candidate trajectories in mind,
anticipates their outcomes, evaluates the rewards, and finally selects one to follow.
This structured assumption facilitates the calculation of the partition function in
the maximum entropy IRL framework and also significantly reduces the computa-
tion complexity. We validate the effectiveness of the proposed method and apply
it to learn diverse and mixed reward functions of different human drivers from a
naturalistic human driving dataset on a highway. The main contributions of this

chapter are listed as follows.

e We apply maximum entropy inverse reinforcement learning combined with
the proposed structural assumption for driving behavior modeling using natu-

ralistic highway driving data. We demonstrate the effectiveness and efficiency
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of the proposed method in driving behavior modeling both qualitatively and

quantitatively.

e We investigate two modeling assumptions: personalized modeling, in which
each driver possesses a distinct cost function, and general modeling, in which
all drivers share a common cost function. The personalized modeling method
exhibits superiority over the general modeling method in terms of robustness

and modeling accuracy.

e We examine the effects of simulating interactive behaviors in the environ-
ment model when evaluating the generated trajectories and incorporating
the agent’s interaction awareness into the reward function. The results in-
dicate that both factors significantly influence the estimation of rewards for
generated trajectories and improve modeling accuracy. Furthermore, we in-
vestigate the accuracy of applying the learned reward functions in the per-

sonalized planning process.

3.2 Literature Review

3.2.1 Driving behavior modeling

There is a large body of literature on the topic of modeling human driving behav-
ior, encompassing a broad range of problem formulations, model assumptions, and
methodologies [58]. Driving behavior modeling tasks primarily fall into three cat-
egories: intention estimation, motion prediction, and pattern analysis. Intention
estimation aims to identify a driver’s immediate future intentions. Classic methods
include the parametric models such as the intelligent driver model (IDM) [59] and
minimizing overall braking induced by lane changes (MOBIL) model [60], as well
as data-driven models like the hidden Markov model [61]. For motion prediction
tasks, which predict the future physical states of a vehicle, neural network mod-
els are the dominant method, such as convolutional neural networks [62] and long
short-term memory networks [63]. Parametric models generally postulate some
structure about the problem, resulting in high interpretability and computational
efficiency. However, these models are not very expressive in reflecting complex

dynamics, and the parameters are hard to specify. Data-driven methods do not
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make strong structural assumptions, relying instead on a wealth of data to ex-
tract underlying patterns in agent behaviors and make predictions. While these
methods boast strong performance, their lack of interpretability and generalization
limits their application to safety-critical problems. We utilize the generalized form
of agents’ internal decision-making schemes, which is mathematically formulated
as the reward function. It is easier to integrate into various control and planning
frameworks, and we propose extracting the parameters of the reward functions

from naturalistic human driving data.

Pattern analysis is another important branch in driving behavior research, focusing
on extracting features or patterns from human driving data to help understand the
traits of driving behaviors. For example, Siami et al. developed an unsupervised
pattern recognition framework to extract driving patterns from mobile telematics
data, identifying 29 unique driving styles from the data [64]. Birrell et al. examined
the correlation between certain parameters of human driving behavior and good
fuel economy in real-world driving scenarios [65]. More recently, with the advent
of the assisted driving system, research on driving behavior modeling in the driver-
vehicle system at a micro level has gained great interest. For instance, Na and Cole
proposed using game theory to model a human driver’s steering control behavior
in response to vehicle automated steering intervention [66]. Xing et al. presented
a deep learning-based joint driver behavior reasoning system to recognize both the

driver’s physical and mental states [67].

3.2.2 Inverse reinforcement learning and its applications in

driving behavior modeling

Many human driving behavior models employ an optimization setting, which pos-
tulates that human behavior optimizes the expected reward of actions over time.
Therefore, IRL has been widely used in many works as a tool to infer reward func-
tions from expert demonstrations. The core idea of IRL is to adjust the weights of
the reward function to produce a policy that matches the expert demonstrations
(trajectories). Several IRL algorithms have been applied in driving behavior mod-
eling, including the maximum margin method to learn driving styles and maneuver

preferences [68], and the maximum entropy method for learning individual styles
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[69]. The maximum entropy method is more popular as it can address the ambigu-
ity that multiple reward functions can explain the expert’s behavior. On the other
hand, Wulfmeier et al. proposed deep maximum entropy IRL capable of learning
highly nonlinear cost maps from raw high dimensional state input and applied it to
large-scale vehicle navigation tasks [70]. Although the network parameterization
can be very expressive, the interpretability and generalization capability could be
impaired. Since we aim to explicitly represent and interpret human driving behav-
ior, the maximum entropy method with a linear reward function setting is more

favorable.

The most significant challenges of maximum entropy IRL in driving behavior mod-
eling involve continuous and large state spaces and the computationally expensive
RL process required to evaluate the reward function at each iteration. To this end,
many works opt to optimize a sequence of actions or a trajectory instead of stepwise
actions during the evaluation process. The remaining challenge is the continuous
and high dimensional state space, which makes computing the partition function
intractable. [71, 72] utilized Laplace approximation to reshape the reward function
of a trajectory, considering only local optimal as in [73]. This approach enables
the partition function to be solved analytically, but the assumption of local optima
may not hold in real-world cases. [69] proposed optimizing the spline trajectory
with the updated reward function, and only the optimal trajectory is considered
to calculate the feature expectation to update the reward function. Similarly, [74]
utilized a spatiotemporal state lattice planner to search for an optimal trajectory,
which is then used to calculate feature expectations in the IRL framework. How-
ever, the assumption of using a single optimal trajectory may be too strong, as
human demonstrations can be sub-optimal and multi-optimal, and optimization

algorithms can be very time-consuming in optimizing long-horizon trajectories.

Instead of directly optimizing a trajectory, another course is to sample trajectories,
which can also be used to approximate the partition function. [25] proposed sam-
pling a set of actions at each step in a planning cycle, resulting in a set of policies
(trajectories) that encodes multiple behaviors. However, this approach only deals
with static environments with only a vehicle dynamics model as the environment
model, and thus more complex human driving behaviors from naturalistic driving
are not captured. [75] considered generating a set of trajectories instead of sam-

pling low-level actions and learned the cost function by minimizing the discrepancy
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between expert and planned trajectories rather than the feature expectation in the
general IRL setting. Our method is closely related to [76], where the authors sug-
gested generating a trajectory set with elastic band path planning and speed profile
sampler to estimate the partition function. However, these works do not focus on
driving behavior modeling and lack structural assumptions about human driving
behavior that can facilitate reward learning. Moreover, the interaction behaviors of
the surrounding agents in the environment are not well established in these works.
To address driving behavior modeling, we propose a reasonable structural assump-
tion on human driving behavior that can seamlessly integrate into the maximum
IRL framework.

Additionally, one limitation of previous studies is the assumption that all vehicles
in the human driving dataset share a common cost function, which contradicts
the reality that human driving behaviors are diverse and personalized. In real-
world scenarios, human drivers can have distinct preferences, which entails learning
reward functions that account for multiple intentions involving multiple agents
(77, 78]. We focus on personalized driving behaviors with the assumption that

each driver has a unique, personalized reward function.

3.3 Methodology

3.3.1 Problem formulation

Consider a human driver in an arbitrary traffic scene, the state s; € S the driver
observes at timestep ¢ comprises the positions, orientations, and velocities of the
driver’s vehicle and the surrounding vehicles. The action a; € A taken by the
driver is composed of speed and steering controls of the ego vehicle. Assuming a
discrete-time setup and a finite length L, a trajectory ¢ = [sy,a1,892,a9,...,S1,ay)]
is formed by organizing the state and action at each timestep within the decision
horizon. Note that the trajectory encompasses multiple vehicles in the driving

scene, since we consider interactions between agents.

The state s; represents a physical or partial observation that can be directly ob-
tained from sensors. However, the latent intention, which may include attributes

such as the driver’s navigational goals and driving intentions, actually governs
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the driver’s actions. Consequently, we propose a structural assumption about hu-
man driving behavior focusing on high-level intentions instead of low-level control
actions, as illustrated in Fig. 3.1. This assumption posits that human driving be-
havior consists of three processes: trajectory generation, trajectory evaluation, and
trajectory selection. In a given driving scenario, a human driver initially creates
multiple candidate trajectories in mind, which pertain to high-level decisions (e.g.,
lane-changing and lane-keeping) and speed requirements. At the same time, the
driver should anticipate the outcomes of the trajectories (involving interactive and
risk-averse behaviors) and evaluate the returns of different trajectories using their
internal reward functions (involving personal preference). The potential plans are
assigned with probabilities according to the Boltzmann noisily-rational model (i.e.,
the probability of a trajectory is exponential to the reward of the trajectory), and
the driver finally executes one of the trajectories subjecting to the distribution.
This assumption is justifiable and intuitive and can aptly explain the stochastic-
ity of human driving behavior. Furthermore, the probabilistic setting can address
the suboptimal and multi-optimal policies existing in naturalistic human driving

datasets.
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We assume a linear-structured reward function, which is a weighted sum of the
selected features. With a focus on highway scenarios with simple road structures,
where driving patterns are relatively stable and the drivers’ preferences or behaviors
do not change significantly over time, we assume the weights of the reward function

remain consistent. Therefore, the reward function r(s;) at a specific state s; is
defined as:
r(s)) = 07 f(sy), (3.1)

where @ = [01,0s,...,0k| is the K-dimensional weight vector and f(s;) is the
extracted feature vector f(s;) = [fi(st), f2(St), ..., [x(s¢)] that characterizes the

state s;. Therefore, the reward of a trajectory R(() is given as:

R(Q) =) r(s) =0"f =0 f(s1), (3.2)

t st€C

where f; denotes the accumulative features along the trajectory ¢. The selection

of features is presented in Section 3.4.2.

Formally, given the human driving demonstration dataset D = {(i, (s, ...,(n},
consisting of N trajectories, the objective is to obtain the reward weights 6 that
can generate a driving policy consistent with the human demonstration trajectories.
We employ the maximum entropy IRL algorithm to infer the reward weights 8,

leveraging our proposed structural assumption on human driving behavior.

3.3.2 Maximum entropy inverse reinforcement learning

In line with our assumption, a human driver follows a stochastic policy, which
results in a distribution over generated candidate trajectories. We presume the
distribution to be a Boltzmann distribution related to the returns of trajectories.
Such a distribution also possesses maximum entropy among all distributions that
match the feature expectations of expert demonstrations, which corresponds to
the maximum entropy IRL [57, 73]. Formally, the probability of a trajectory is
proportional to the exponential of the reward of that trajectory, as expressed by
RO 0T

PO = Zi8 = 7@y (33)
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where P(¢|0) denotes the probability of a trajectory ¢ given the reward parameter
0, and Z(0) is the partition function.

However, the partition function Z(6) is intractable for continuous and high di-
mensional spaces, because it requires integrating over the entire class of possible
trajectories. Referring to our assumption, the space of possible trajectories can be
reduced to several smaller subspaces. Therefore, we generate a limited number of
feasible trajectories to approximate the partition function, and thus the probability

of a trajectory becomes:

T
07t

M 0Tt
Zz’:le <

where 5’ is a generated trajectory that has the same initial state as ¢, fz the feature

P(¢|0) = (3.4)

vector of the trajectory, and M the number of generated trajectories. Through this
approximation, we transform P((|@) into a probability mass, which is much easier

to compute.

The goal of maximum entropy IRL is to adjust the weights @ to maximize the

likelihood of expert demonstrations under the trajectory distribution in Eq. (3.4):

max J(0) = mgxz log P((|6), (3.5)

¢eD
where D = {(;}, denotes the trajectory set of human demonstrations.

By substituting P(¢|@) in Eq. (3.5) with Eq. (3.4), we can rewrite the objective
function J(0) as:

Je)=>" [¢9TfC — log Ze"Tffi] . (3.6)

ceD i=1

Though it cannot be solved analytically, Eq. (3.6) can be optimized using a
gradient-based method. The gradient of the objective function [J(0) is:

M 0Tt
VoI (8) =Y [fC -y €—f~-] , (3.7)

M oTf; ¢
ceD o1 Dim1€ ©

where f¢ is the feature vector of a human demonstrated trajectory, f ¢ is one of the
generated trajectories that share the initial state of ¢, and f is the feature vector

of that trajectory.
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The gradient can be viewed as the difference in feature expectations between the

human demonstration trajectories and the generated ones:

VoJ(0) = [Q - Z P<§i|9)f@] . (3.8)

¢eD

We can employ the gradient ascent method to iteratively update the reward func-
tion until the loss converges. In practice, to prevent overfitting, we add L2 regu-

larization on the weights into the objective function:

J0) = Z [9Tf< — log ZeeTffi] — )0, (3.9)

CeD i=1

where A > 0 is the regularization parameter. Thus, the gradient becomes the
difference of the feature expectations along with the gradient of the regularization
term:

VoJ (0) = [fc -y P(§i|9)f@] —2)6. (3.10)

¢eD

3.3.3 Trajectory generation

To efficiently generate feasible trajectories in a structured environment (e.g., a
highway), we assume a human driver makes a short-term plan from the current
state to a target state, considering both the longitudinal and lateral targets. In
the longitudinal direction, the driver decides the target speed, and in the lateral
direction, the driver makes a tactical decision on lane-changing and lane-keeping.
Therefore, it is very convenient to use polynomial curves to represent the planned

trajectories.

We use the local coordinate system, with reference to the origin and path of the
road, to represent a vehicle’s trajectory along the longitudinal and lateral axes.
The generated trajectory should be smooth and dynamically feasible, which re-
quires continuous acceleration and jerk over time. For the lateral y-coordinate,
we need to specify the target position, velocity, and acceleration, resulting in six
boundary conditions along with the initial state, which entails a quintic polynomial
function. For the longitudinal z-axis, only the target velocity and acceleration are

needed, and a quartic polynomial function can ensure smoothness. Consequently,
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the trajectory is represented by two polynomial functions (continuous functions of

time) with respect to z and y coordinates:

x(7) = ap + a17 + a7 + azm> + ay7 (3.11)
y(7) = by + i 4 by + by7® + by + by '
where 7 is the time, and {aq,--- ,as} and {bo, -, b5} are the coefficients of the

polynomial functions.

Given the initial state of the ego vehicle and the target state, as well as the required
time T to reach the target, the boundary conditions of the polynomial functions

on the longitudinal and lateral axis are:

x(1=0) = }_’(T:O):ys
. . . y(T = 0) = Vys
X(T =0) = s Gr=0) —a
 X(r=0)=am , NT=T = e (3.12)
. Y(T = T) = Ye
X(T=T) = Uge o
o o Y(T - T) - Uye
| X(7=T) = az I
y(T - T) - aye

\

where (2, Vs, Qus, Ys, Uys, Qys) 1 the start state (7 = 0) including position, velocity,
and acceleration in the longitudinal and lateral directions; (vge, Gge, Ye, Uye, Gye) 1S
the target state (7 =T)).

By solving the boundary equations, we can determine the coefficients of the poly-
nomial functions, and thus generate a trajectory. The position, velocity, and ac-
celeration of the ego vehicle on the trajectory can be derived for any given time
7 (1 < T), and we set the horizon to 5 seconds (T" = 5 s). Given the instants (with
a time interval of 0.1 seconds) at which the acceleration, velocity, and position val-
ues are computed, a polynomial trajectory can be generated, which is a sequence

of these values aligning with the timesteps of the human driving trajectories.

We can generate multiple polynomial trajectories by sampling the target states
from the target space ® = {Vze, Gze, Ye, Uye, Qye }, Which covers a range of possible
maneuvers. Fig. 3.2 shows an example of the trajectory generation process, in
which only v,. and y. are variable while others are constant to 0. In Fig. 3.2,
multiple candidate trajectories are generated, covering decisions on lane-changing

and lane-keeping as well as the desired longitudinal speed.
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Ficure 3.2: Trajectory generation process considering the longitudinal and
lateral targets

3.3.4 Environment model

To simulate the outcomes of the generated trajectories and the reactions of other
agents to the ego’s actions, particularly those that deviate from the ground truth,
an environment model is essential. The model serves as a simulated mental world of
human drivers, helping to anticipate other agents’ reactions to the ego movements
and estimate the reward of the generated trajectory. We first construct a multi-
lane highway road with the same structure as the study area in the NGSIM US-
101 dataset, which consists of five mainline lanes throughout the section and an
auxiliary lane between the on-ramp and the off-ramp. More details about the road
structure can be found in Section 3.4.1. Then, we spawn vehicles on the road as
recorded in the dataset at a specific instant. One of these vehicles is designated
as the observation object and controlled by a pure-pursuit controller to track the
generated trajectory, ensuring the final trajectory is dynamically feasible. The

kinematic state of the vehicle is propagated according to the bicycle model.

Next, we predict the future trajectories of the surrounding vehicles in response
to the ego vehicle’s actions. The general idea is that the surrounding vehicles
follow their original trajectories from the dataset and react by maintaining a safe
distance from the ego vehicle or the influenced vehicle. The underlying assumption
is that humans are best-response agents who can accurately anticipate other agents’
reactions to their planned actions. It is worth noting that this setting may introduce
some bias in estimating the transition function. Specifically, only vehicles within a
50-meter range of the ego vehicle in the environment are considered. Surrounding

vehicles will initially follow their recorded trajectories and continually check the
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gap between themselves and the vehicle in front. If the front is the ego vehicle
and the gap between them is smaller than the desired gap determined by IDM, the
environment vehicle will be overridden by IDM and will no longer follow its original
trajectory. Similarly, if the front vehicle is an environment vehicle overridden by
IDM, the environment vehicle behind it will also be overridden if the gap between
them is too small. IDM is a parametric car-following model for highway traffic
simulation that models the driver’s desire to achieve the target speed and maintain
a safe distance from the vehicle in front. More details about IDM can be found
in [59]. We only consider the longitudinal responses of surrounding vehicles to
simulate the influence of the ego vehicle’s change-of-course behavior. Using these
simple rules, multiple surrounding vehicles can be sequentially affected by the ego

vehicle’s decisions.

F1GURE 3.3: Illustrations of interactive behaviors in the environment model

Fig. 3.3 shows some exemplar scenarios where the green vehicle is the ego vehicle,
blue vehicles are surrounding vehicles following their original trajectories, yellow

ones are vehicles affected by the ego vehicle’s actions and overridden by IDM, and
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red vehicles indicate collisions. Fig. 3.3(a): the ego vehicle tries to change to the
right lane, which makes the affected vehicles decelerate to yield; Fig. 3.3(b) the ego
vehicle runs too slow, which makes the rear vehicles decelerate to avoid a collision;

Fig. 3.3(c) the ego vehicle’s generated trajectory causes a collision.

3.3.5 Summary of the IRL algorithm

The algorithm of maximum entropy IRL with trajectory sampling is summarized
in Algorithm 1. We first initialize the reward parameters randomly and compute
the feature expectation of human driving trajectories. Given that the sampling
process requires the majority of the computation time, a buffer is created to store
the feature vectors of all generated trajectories, thereby avoiding iterative sampling
in the environment. For each driving scene provided by the demonstration data, a
set of trajectories is generated and rolled out in the environment model to obtain the
feature vectors. The size of generated trajectory set D; for a single driving scene is
determined by the size of the target sampling space (i.e., the product of the number
of longitudinal targets and the number of lateral targets). Upon completing the
sampling process and obtaining the buffer, the gradient can be calculated, and the
gradient ascent method is employed to iteratively update the reward parameters.
This process ensures that the feature expectation of the generated trajectories

matches that of the human trajectories.

3.4 Experiments

3.4.1 Naturalistic human driving dataset

To validate the proposed method for driving behavior modeling, we employ the
Next Generation Simulation (NGSIM) dataset [79], focusing on a segment of data
recorded between 7:50 a.m. and 8:05 a.m. on US Highway 101. The recording area
is a section of the highway with approximately 640 meters (2,100 feet) in length,
consisting of five main lanes throughout the section and an auxiliary lane situated
between an on-ramp and an off-ramp, as illustrated in Fig. 3.4(a). In addition
to the global positions, the dataset also provides local positions of vehicles with

respect to the local coordinate system. Based on this data, we reconstruct the
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Algorithm 1: Maximum entropy IRL with trajectory sampling

Input : Human demonstration trajectory dataset D = {(; fil, environment
model P, learning rate «, regularization parameter A, number of
epochs F

Output: Optimized reward function parameters 6*

Initialize 6 < N(0,0.05);
Compute human feature expectation f « Zf\il fe.:
Initialize buffer B « [ ];
foreach (; in D do
Determine the sampling space ® and planning horizon T
Generate a trajectory set D; = {CNf } with the same initial state as (;
according to the sampling space ® and horizon T
foreach ¢/ in D; do
Rollout the trajectory 5’{ in the environment model P and calculate the
feature vector of the trajectory fég ;

Add trajectory and its feature vector to buffer B & 55 . E

end
end

or epoch <— 1 to F do
Calculate the feature expectation with the collected samples from B:

=t

- exp 0Tf~j
Fex s, g
Zjexp(OTféj) v
Calculate the gradient Vo7 () < f —f — 2)0;
Update reward parameters 8 <— 0 + aVeJ (0);
end

0" — 0

road structure in our environment model, as shown in Fig. 3.4(b). The coordinate
system’s origin is positioned at the top-left corner vertex of the study area. The
longitudinal x axis extends along the road, while the lateral y axis is perpendic-
ular to the road’s direction. The road spans 640 meters and includes five main
lanes (Lanes 1 to 5), each with a width of 3.66 meters. The on-ramp (Lane 7)
and off-ramp (Lane 8), as well as the auxiliary lane between them (Lane 6), are
also considered but ramp merging scenarios are not the focus. The locations of
each vehicle are recorded at a rate of 10 frames per second, resulting in detailed
vehicle trajectories from the area’s beginning to its end. However, the originally
collected vehicle trajectories in the dataset are full of observation noise. To address
this issue, we employ the Savitzky-Golay filter with a third-order polynomial over

2-second windows to smooth the original trajectories and obtain the demonstration
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trajectories for reward learning. Fig. 3.4(c) displays the processed trajectories of
300 randomly selected vehicles in the dataset as examples, and speeds and accelera-
tions can be estimated from position data. The naturalistic human driving dataset
encompasses the trajectories of nearly 3000 vehicles and provides abundant infor-
mation on interactions between human drivers, which is essential for our study to

uncover the diverse, personalized, and highly interactive human driving behaviors.
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FIGURE 3.4: Illustrations of the dataset, simulated road structure, and processed
vehicle trajectories

3.4.2 Feature selection

Features are mappings from states to real values that capture important properties
of the state. In this study, we group the features of the driving state into the

following four main aspects that are important to human drivers [80].
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Travel efficiency. This feature is designed to reflect the human’s desire to reach

the destination as quickly as possible, defined as the speed of the vehicle:

fu(se) = v(t). (3.13)

Comfort. Ride comfort is another factor that human drivers prefer, and the
metrics to gauge comfort are longitudinal acceleration a,, lateral acceleration a,,

and longitudinal jerk 7j,:

Jao(se) = las ()] = |2(t)]
Jay (80) = lay ()] = [G(H)] (3.14)
fia(s) = laz(t)] = [ 2 ()] |

where z(t) and y(t) represent the longitudinal and lateral coordinates, respectively.

Risk aversion. Human drivers tend to maintain a safe distance from the sur-
rounding vehicles and this distance varies across different human drivers, which
reflects their individual levels of risk perception. We define the risk level to the
front vehicle as an exponential function related to the time headway from the ego
vehicle to the front vehicle, assuming a constant speed movement:

_ (wf(t)—xego(t))
fm’skf (St) =e veoot) ) (315)

where x;(t) is the longitudinal position of the nearest front vehicle, z¢4(t) is that

of the ego vehicle, and v.4(t) is the speed of the ego vehicle.

Similarly, the risk level to the rear end is defined as an exponential function related

to the time headway from the rear vehicle to the ego vehicle:

Zego (t)—xr(t) >

frisk, (8t) = e (0w (3.16)

where z,(t) and v,(t) are the longitudinal position and speed of the nearest rear

vehicle, respectively.

It should be noted that collisions may occur when evaluating the generated tra-

jectories in our environment model, including collisions with other vehicles or road
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curbs. Consequently, collision is also considered a risk indicator, defined as:

1, if collision,

fcollision (St) - (317)

0, otherwise.

Interaction. A fundamental property of human driving behavior is that humans
are aware of the influence of their actions on the surrounding vehicles, or more
specifically, whether their plans would impose additional inconvenience on others
(e.g., sharp decelerate to yield) [81]. We introduce the following feature to explicitly
represent such influence. It is defined as the sum of predicted decelerations of
the environment vehicles that have been affected by the ego vehicle’s behavior
according to our environment model (chain deceleration reactions of the following
vehicles), indicating that the ego vehicle’s change of the original course has caused

direct influence on them.

frls) =Y lai(t)], if ai(t) <0, (3.18)
where a;(t) is the acceleration of vehicle ¢ that has been influenced by the ego ve-
hicle. When applying the reward function in real-world scenarios, we can estimate
this feature with a prediction module that forecasts other agents’ actions due to

the planned actions using driving models such as IDM.

All the above features are calculated at every timestep and accumulated over time
to obtain the feature of the trajectory. The trajectory features are then normalized
to the range [0, 1] by dividing by the maximum value in the dataset to cancel out
the influence of their different units and scales. Additionally, we assign a fixed
large negative weight (—10) to the collision feature, because this could improve the

modeling accuracy compared to making this weight learnable.

3.4.3 Experiment design

e Driving behavior analysis. We utilize the proposed method to analyze
the driving behaviors of different human drivers. We first demonstrate the
reward learning process of a human driver from the dataset as an example to

highlight the effectiveness of our proposed method. Then, the learned reward



62 3.4. Experiments

function is used to determine the probabilities of the candidate trajectories

in testing conditions and to interpret some driving behaviors.

e Robustness. We test the learned reward functions in scenes that are not
included in the training phase to find out if there is a significant drop in the
similarity between the learned and human policies. This assessment investi-

gates the robustness of the proposed method.

e Modeling accuracy. We present the quantitative results of modeling accu-
racy in the testing conditions by comparing the learned policy to the ground-
truth human driving trajectory. We investigate the personalized modeling
assumption that each human driver has different preferences (driving styles),
resulting in different weights over the reward function. The general modeling
assumption that all drivers share an identical cost function is adopted as a
comparison. Two other baseline models are also employed: IDM and MOBIL
for longitudinal and lateral movement, respectively, and the constant velocity

model.

e Interaction factors. We analyze the effects of interaction factors on the
modeling accuracy, including the interaction feature in the reward function
and simulating the reactions of surrounding vehicles to the change of course

of the ego vehicle in the environment model.

3.4.4 Implementation details

For simplicity, the target sampling space is reduced to ® = {v,, ¥}, in which only
the longitudinal speed and lateral position are variables and other targets are set
to 0. The sampling range of the longitudinal speed is [v — 5,v + 5] m/s with an
interval of 1 m/s, where v is the initial speed of the vehicle. The sampling set of
the lateral position is {y, yr,yr} m, where y is the initial lateral position, and y,
and yg are the positions of the left lane and right lane, respectively, if available.
The planning horizon is 5 s and the simulation interval is 0.1 s. The parameters
of IDM are: desired velocity vg = Ueyprent M/S, maximum acceleration Gpa; =
5 m/s?, desired time gap 7 = 1 s, comfortable braking deceleration b = 3 m/s?,
minimum distance s = 1 m. A problem arises as the longitudinal and lateral jerk

of human trajectories and generated trajectories can hardly match, because the
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polynomial curves are smooth while the human driving trajectories exhibit noisy
movements. Therefore, we process the human driving trajectory to be represented
by a polynomial curve, given the initial state and end condition of the original

trajectory.

To stabilize the training process, we implement the Adam optimizer instead of the
vanilla gradient ascent method. Three hyperparameters require tuning: the regu-
larization parameter A, the learning rate o, and the number of training epochs E.
We use the grid search method with the parameter space as A € {0.1,0.01,0.001},
a € {0.1,0.05,0.01}, and E € {100, 200,300}, and the performance metric as the
average likelihood of demonstration trajectories from 10 drivers. The final set-
ting of the hyperparameters is A = 0.01,a = 0.05, £ = 200. Completing the
learning process with 35 human demonstration trajectories from a vehicle takes
approximately 18 minutes using an AMD Ryzen 3900X CPU. In the testing phase,
it takes about 30 seconds to implement a sampling and evaluation process (with
the size of sampled trajectories as 30). It is important to note that parallel sam-
pling is not used, as real-time planning is not the focus of this paper, but it could

significantly speed up the learning and testing processes.

3.5 Results and Discussions

3.5.1 Driving behavior analysis

For a vehicle in the dataset, its original trajectory throughout the highway section,
which spans approximately 50 to 70 seconds in duration, is evenly partitioned into
50 short-term trajectories, each lasting 5 s. Each trajectory represents a driving
scene involving different situations and various interactions with the surrounding
vehicles. Among these trajectories, 35 are randomly selected and used as the
training data for reward function learning. The remaining 15 trajectories serve
as testing conditions, where the learned reward function is applied to select the
candidate trajectories. An example of the training process is shown in Fig. 3.5,
which plots the curves of average feature difference (L2 norm) between the learned
policy and human driver, average log-likelihood of the human demonstrated tra-
jectories, and average human likeness. Human likeness is a custom metric designed

to gauge the accuracy of the model, i.e., closeness to the ground-truth human



64 3.5. Results and Discussions

driving behavior. Since our model is probabilistic, human likeness is defined as
the minimal final displacement error of the three trajectories with the highest
probabilities in the distribution over generated trajectories. It is calculated as
the L2 norm between the position at the end of the ground truth trajectory and
that of the closest prediction among the three most likely trajectories. Formally,
HL = mm{Hé(L) — Cau(L) ||, 3oy, where (; (i = 1,2,3) are the selected trajecto-
ries with the highest probabilities, (4 is the ground-truth trajectory driven by the
human driver, and L is the end of the time horizon. Therefore, smaller human

likeness values indicate better modeling accuracy.
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FIiGURE 3.5: Example of the training process: plots of the average feature
difference, log-likelihood, and average human likeness

As illustrated in Fig. 3.5(a), the average log-likelihood of the human demon-
strated trajectories gradually increases and converges, recalling that the goal of
the maximum entropy IRL is to maximize the likelihood of human demonstra-
tions. Meanwhile, the average feature difference between the learned policy and
human driver consistently decreases to a small value. This leads to the decrease
in human likeness, as shown in Fig. 3.5(b), which implies that the probability
of choosing the trajectories close to human driving behavior increases under the
learned reward function. These results validate the effectiveness of the proposed

maximum entropy IRL algorithm with trajectory sampling.

We select various human drivers and associated driving trajectories from the dataset
and apply the proposed method to infer their individual reward functions, and
subsequently use the learned reward to interpret their decisions. Fig. 3.6 shows
some representative cases of different vehicles from the US-101 highway dataset.

The candidate trajectories and their associated probabilities and the ground-truth
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(a) Vehicle ID: 1206 Timestep: 30 Weights: [4.846, 1.233, -2.201, -2.932, -4.665, -3.079, -10.0, -5.346]
Labels: [speed, longitudinal acceleration, lateral acceleration, longitudinal jerk, front risk, rear risk, collision, interaction]

Lane-keeping probability: 15.9918%
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(b) Vehicle ID: 1740 Timestep: 220 Weights: [0.959, -1.093, -1.158, -1.144, -0.802, -0.388, -10.0, -1.028]
Labels: [speed, longitudinal acceleration, lateral acceleration, longitudinal jerk, front risk, rear risk, collision, interaction]
Lane-keeping probability: 88.2663%
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FIGURE 3.6: Driving behavior analysis of some typical cases from the US 101
highway dataset

human driving trajectories are displayed, along with the trajectories of the sur-
rounding vehicles as the interaction context. Only the most likely trajectory in the
three discrete lateral decision groups (lane-keeping, change left, and change right)
is displayed in Fig. 3.6. Generally, minimizing the risk to both the front end and
rear end is a critical factor shared by most human drivers, while the importance of
other factors (speed, ride comfort, and interaction) varies among different drivers.

Fig. 3.6(a) shows an overtaking scenario in which the human driver, as represented
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by the recovered reward function, prioritizes speed over ride comfort (both longitu-
dinally and laterally). If the driver remains in the current lane and wants to keep
the speed, the distance to the front vehicle would be shorter, which is not likely to
happen since it would result in higher front risk. Furthermore, if the driver chooses
to change to the left lane, a significant speed loss can be imposed on the rear ve-
hicle, which is an undesirable outcome as the driver is averse to influencing others,
given a higher weight on the interaction term. Therefore, the driver would choose
to change to the right lane to overtake, as predicted by our model with a proba-
bility of nearly 75%. A detailed trajectory is also provided, which closely matches
the ground-truth human driving trajectory. This example signifies that our model
can accurately predict lane-changing behavior and generate detailed trajectories.
In another instance, as shown in Fig. 3.6(b), where the human driver regards ride
comfort (both longitudinally and laterally) as the main concern, the driver would
maintain the current lane to avoid acceleration and jerk, even if changing to the
left lane could yield higher efficiency. This decision is predicted by the model with
a probability of 88%.

3.5.2 Testing of accuracy and robustness

We randomly select 100 vehicles from the dataset, with 50 vehicles experiencing
lane changes and the rest only performing lane-keeping, as the target objects. For
the personalized modeling assumption that each driver has a unique cost function,
the proposed IRL method is applied to infer their individual reward functions. For
each individual vehicle, we examine the robustness of the learned reward function
in the on-hold 15 driving scenes, which are different from the training conditions.
For the general modeling assumption, a total of 150 trajectories from 20 vehicles
are used to learn a general cost function, which is assumed to be shared by all
human drivers. The learned cost function is utilized to select the candidate tra-
jectories in the same testing conditions as the personalized modeling method and
compared against the ground-truth human driving trajectories to investigate the
robustness of the learned reward function. The results of the robustness testing are
presented in Fig. 3.7(a). To evaluate the accuracy of the proposed reward function
modeling method, two other models are selected as comparison baselines, i.e., the
IDM and MOBIL for longitudinal and lateral behaviors, respectively, and the con-

stant velocity model. For IDM, the tuned parameters are: maximum acceleration
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Umaz = 1.3 m/s?, desired time gap 7 = 1.2 s, comfortable braking deceleration
b = 0.7 m/s* and minimum distance sy = 1.5 m; the parameters for MOBIL
are: safe deceleration limitation bs,p. = 2 m/ 52, politeness factor p = 0.01, and
lane-changing decision threshold ay, = 0.2 m/s®>. These models are applied in the
same testing conditions as the reward function modeling method, and only one
trajectory is generated, as they are deterministic methods. The metric to quantify
the modeling accuracy is the average human likeness on trajectories. The results
of the modeling accuracy of different models are shown in Fig. 3.7(b), in which the

boxplots display the summary of the 100 different vehicles in the testing conditions.
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Fi1Gure 3.7: Comparison of robustness and modeling accuracy of different mod-
els

The results in Fig. 3.7(a) indicate that the learned reward functions show accept-
able robustness in the testing conditions. There is only a slight deterioration in hu-
man likeness in the testing conditions, suggesting that the learned reward function
is robust in selecting the candidate trajectories close to human driving ones in the
untrained conditions. The personalized reward modeling method outperforms the
general modeling method in terms of robustness, as the general modeling method
shows lower mean accuracy and higher variance in the testing conditions. Fig.
3.7(b) reveals that personalized modeling more closely resembles human driving
behavior and thus demonstrates smaller errors compared to the ground-truth tra-

jectories (Mean = 2.066 m). A notable reduction in human likeness is observed
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when turning to general modeling (Mean = 2.681 m), but it still performs signifi-
cantly better than the IDM+MOBIL model (Mean = 4.504 m) and the constant
velocity model (Mean = 4.986 m). Additionally, the difference in human likeness
between personalized modeling and general modeling is found to be statistically
significant according to the t-test (p < 0.001). These findings suggest that a gen-
eral reward function can encode the basic requirements and common preferences
of human driving behaviors, whereas the personalized reward function is capable
of expressing diverse human driving preferences and thereby achieves better per-

formance in fitting personalized driving behavior.

3.5.3 Effects of interaction factors

We have considered the interaction factors among human drivers in this study,
which are reflected in the speed loss on other vehicles caused by the ego vehicle’s
movement and the modeling of behaviors of surrounding vehicles. We now investi-
gate how these two interaction factors could affect the modeling accuracy of human
driving behaviors in terms of training performance and generalization capability.
The former aspect is achieved by removing the interaction feature from the reward
function, while the latter is to maintain the original trajectories of the surrounding
vehicles instead of overriding them with reactive behaviors. The same 100 target
vehicles in the previous subsection are selected, and the results are shown in Table
3.1. The metrics, human likeness and training log-likelihood, are averaged first by

the trajectories of a vehicle and then by different vehicles.

TABLE 3.1: Comparison of training and testing performance for personalized
modeling with regard to interaction factors

Method Human likeness Log-likelihood Human likeness
eHHo (training) [m] (training) (testing) [m]

Proposed 1.572 -2.062 2.066

W /o interaction awareness 1.708 -2.145 2.199

W /o reactive response 1.533 -2.016 2.145

As evident from Table 3.1, removing the interaction awareness in the reward func-
tion impairs modeling accuracy, which suggests the importance of interaction or
courtesy factors in modeling naturalistic human driving behaviors. Another finding

is that although not simulating the reactive behaviors of surrounding vehicles may
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produce better training performance in terms of both human likeness and likeli-
hood, its generalization ability is compromised, and testing performance is worse
than the proposed method. The issue is possibly caused by the biased estimation
of the partition function. For the sampling-based IRL method, generating accu-
rate and plausible samples that agree with realistic human behaviors is crucial to
approximate the partition function. If all other vehicles follow their fixed paths in
the environment model, some sampled trajectories become less likely, as they may
cause a crash or become too risky. However, those trajectories are still possible
in real-world settings because other drivers can adapt to the ego vehicle’s actions,
and thus, the stochasticity of human driving behavior is ignored. This could un-
derestimate some sampled trajectories when approximating the partition function,
and thus bias the estimation to fit the training data and consequently leading to
compromised generalization ability. Therefore, it is reasonable to simulate other ve-
hicles’ responses to the sampled trajectories to approximate the partition function

and learn the parameters of the cost function more accurately.

For the general modeling assumption, a total of 150 trajectories from 20 vehicles
are selected as training data to learn a general reward function. The learned cost
function is then utilized to select the candidate trajectories in the same testing
conditions as the personalized modeling method. The human likeness and log-
likelihood of the training process are displayed in Table 3.2. Note that the training

log-likelihood is averaged over all training trajectories.

TABLE 3.2: Comparison of training and testing performance for general model-
ing with regard to interaction factor

Human likeness Log-likelihood Human likeness
Method . . .
(training) [m] (training) (testing) [m]
Proposed 2.231 -2.411 2.681
W /o interaction awareness 2473 -2.474 3.410
W /o reactive response 2.161 -2.381 3.174

The findings in Table 3.2 are consistent with those in Table 3.1, suggesting that
ignoring interaction awareness would lower the modeling accuracy and likelihood of
human demonstrations both in training and testing. Not simulating the responses
of other vehicles could produce better training performance but undermine the

generalization capability.
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TABLE 3.3: Evaluation of the learned reward function with the forecasting model
in planning

Human likeness Log-likelihood Human likeness
Method . .. .
(training) [m] (training) (testing) [m]
Proposed (personalized) - - 2.316
Proposed (general) - - 2.722
W/ forecasting model (personalized) 1.938 -2.181 2.354
W/ forecasting model (general) 2.266 -2.429 3.158

Moreover, we now consider another setting where the ground truth of the future
behavior of the surrounding vehicles is not available and use IDM and MOBIL
models to forecast the trajectories of the nearby vehicles without relying on the
log-replay data. First, we use the same training set to learn the reward function
with the forecasting model instead of log-replay data to investigate the effect of
the environment model. Second, using the same testing set, we test the previously
learned reward function for trajectory planning along with the forecasting model
in an open-loop manner, i.e., comparing the human-likeness of the planned (gener-
ated) trajectories and ground truth human driving trajectories. This reflects how
the learned reward functions can be used in planning and decision-making pro-
cesses in real-world application scenarios. For calculating the interaction feature,
the influenced surrounding vehicles will be the ones following behind the ego vehicle
in the same lane, which can also react sequentially to the action of the ego vehicle.
The results are given in Table 3.3, which reveal that the human-likeness of apply-
ing the personalized reward function degrades in this scenario but still outperforms
that of using the general reward function. This is primarily due to the inaccurate
forecasting of the surrounding vehicles and thus the inaccurate estimation of the
risk features, which often have higher weights for most individuals. However, the
general reward function is shown to be more robust against the change of the en-
vironment model, as the human-likeness metric remains at nearly the same level.
It indicates that the accuracy of using the personalized reward function in the
planning module is sensitive to the accuracy of the forecasting model, while the
general reward function is more robust to the accuracy of the forecasting model.
Additionally, using only the forecasting model instead of log-replay data to learn
the reward function would result in a decline in accuracy during training but could

still deliver similar performance in testing.
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3.5.4 Discussions

The primary application of the proposed driving behavior modeling method is in
the planning and decision-making modules of AVs to provide personalized driving
experiences. It is promising to learn a personalized cost function from naturalistic
human driving data offline and integrate the learned cost function into the tra-
jectory planning module, ultimately delivering a personalized driving experience.
Another application lies in predicting the motion of surrounding vehicles. The re-
ward functions of other vehicles can be inferred online through an offline dataset
containing a distribution of cost functions for different driving styles [82] or even
acquired via vehicle-to-vehicle communications. Due to the mutual influence of
agents, the trajectories of all interacting vehicles should be predicted. Although
this would considerably increase the computation time, the prediction process can
be accelerated by reducing the sampling space or the number of target vehicles and

parallelizing the sampling process.

It is important to note that the recovered reward function in this study may differ
from the reward function in classical reinforcement learning, which directly drives
the behavior of an agent interacting with the environment. Since we leverage
the assumption on human driving behaviors, the reward function is only used to
score the generated candidate trajectories, and thus the learned reward function is
somehow tailored to fit our problem setting. Investigating whether the recovered
reward function is applicable in the classical sense of reinforcement learning requires

further research.

Moreover, several limitations need to be acknowledged. First, the assumption of
a linear reward function with time-invariant weights may not hold in real-world
scenarios, and the hand-crafted features may not fully represent the factors in-
volved in human driving behaviors. Second, the trajectory sampling space in this
study may not sufficiently cover all possible maneuvers. This can be improved by
increasing the targets in the sampling space and diversifying the planning horizon
to include more complex driving behaviors. For example, we can segment the 5-
second planning horizon into several intervals and sample a target state for each
interval, adding more target states to generate complex actions. Future work may
focus on using a neural network to parameterize the reward function, mapping raw
sensory states to reward values, which could help address nonlinear reward function

modeling and improve expression ability. Another focus is refining the trajectory
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sampling method to capture more diverse behavior driving behaviors and achieve

a more accurate estimation of the partition function.

3.6 Conclusions

In this chapter, we employ an internal reward function-based approach to model
driving behavior from naturalistic human driving data in highway driving sce-
narios. To enable the maximum entropy IRL algorithm for inferring the reward
function behind human driving, we propose a structural assumption about human
driving behaviors, focusing on discrete latent intentions that govern continuous
low-level control actions. Based on this assumption, we first use a polynomial tra-
jectory sampler to generate candidate trajectories covering high-level decisions and
desired speeds, while the generated trajectories are used to approximate the par-
tition function in the maximum entropy IRL framework. An environment model
is constructed to predict the trajectories of the surrounding vehicles and evaluate
the outcomes of the generated trajectories. We apply the proposed method to
learn the personalized reward functions of different human drivers in the NGSIM
dataset and qualitatively interpret their driving decisions using the learned reward
functions. The quantitative results for 100 vehicles demonstrate that the personal-
ized modeling method outperforms the general modeling method in terms of both
robustness and human likeness. Moreover, the reward-function-based models sig-
nificantly outperform the IDM+MOBIL model and constant velocity model. We
also find that not simulating the response actions of vehicles influenced by the ego
vehicle’s generated trajectory could produce better training results but compro-
mise the generalization ability, and lacking interaction awareness could also reduce
the modeling accuracy. Furthermore, we investigate applying personalized reward
functions with a forecasting model in the trajectory planning process and find that
the accuracy of open-loop planning depends on the accuracy of the forecasting

model but still outperforms that with a general reward function.



Chapter 4

Learning World Model for Human

Interactions

In this chapter, we delve into neural network-based world models for predicting hu-
man interactions in real-world traffic scenarios. Accurate predictions of interactive
behaviors between traffic participants are crucial for AVs operating in complex envi-
ronments. We address the interaction prediction problem by formulating it within a
hierarchical game theory framework and introducing the GameFormer framework
for its implementation. Specifically, our prediction model adopts a Transformer
encoder-decoder structure. In the encoder, all agents and map polylines are en-
coded, and their relationships are extracted using self-attention Transformers. We
introduce a novel Transformer decoder structure that uses the prediction results
from the previous level together with the common environment background to it-
eratively refine the interaction process. Moreover, we propose a learning process
that regulates an agent’s behavior at the current level to respond to other agents’
predicted behaviors from the previous level. Through experiments conducted on
large-scale real-world driving datasets, we demonstrate the state-of-the-art predic-
tion accuracy of our model in the interaction prediction task. We validate the
model’s ability to jointly reason about the motion plans of the ego agent and the
behaviors of other agents in both open-loop and closed-loop planning tests. Our
model outperforms a variety of baseline methods, thereby showcasing its effective-
ness in modeling human interactions in traffic scenarios. Furthermore, we evaluate
the efficacy of our model on the nuPlan planning benchmark, where it achieves

high-quality planning performance in all tasks.
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4.1 Introduction

Accurately forecasting the future behaviors of surrounding traffic participants and
making safe and socially-compatible decisions are critical capabilities for modern
autonomous driving systems. However, predicting a traffic participant’s future be-
havior is a highly challenging task due to the heavy reliance of their behaviors
on road structures, traffic norms, and underlying interactions among road users.
In recent years, deep neural network-based approaches have enjoyed tremendous
growth and exhibited significant improvements in prediction accuracy and scalabil-
ity [83-86]. In particular, Transformer modules have gained widespread popularity
in motion prediction models [87-92] because of their flexibility and effectiveness
in processing information about the driving scene with a heterogeneous mix of
modalities (e.g., road maps, traffic signals, and historical states of agents), as well

as their ability to capture relationships among these heterogeneous elements.

Despite the success of existing prediction models in encoding the driving scene and
representing interactions through agents’ past trajectories, they often fail to explic-
itly model agents’ future interactions and their interaction with the autonomous
vehicle (AV). This limitation results in a passive reaction from the AV’s planning
module to the prediction results. However, in critical situations such as merges,
lane changes, and unprotected turns, the AV needs to move actively to seek coordi-
nation with other agents. Therefore, joint prediction and planning are required to
deliver more human-like and socially compatible decisions. One typical approach
to address this issue is the recently-proposed conditional prediction model [93-
98]. This model uses the AV’s internal plans to forecast other agents’ responses to
the AV. Although the conditional prediction model mitigates the interaction issue,
such a one-way interaction scheme still neglects the dynamic mutual influences be-
tween the AV and other road users. From a game theory perspective, the current
prediction/planning models can be regarded as leader-follower games with limited

interaction levels among agents.

In this study, we utilize a hierarchical game-theoretic framework [99-101] to model
the mutual interactions among agents and propose a new Transformer-based model
named GameFormer for interactive prediction and planning. Stemming from in-
sights in cognitive science, level-k game theory offers a structured approach to

modeling interactions among agents. At its core, the theory introduces a hierarchy
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of reasoning depths denoted by k. A level-0 agent acts independently without con-
sidering the possible actions of other agents. As we move up the hierarchy, a level-1
agent considers interactions by assuming that other agents are level-0 and predicts
their actions accordingly. This process continues iteratively, where a level-k agent
predicts others’ actions assuming they are level-(k—1) and responds based on these
predictions. Our model aligns with the spirit of level-k game theory by considering

agents’ reasoning levels and explicit interactions.
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FIGURE 4.1: Hierarchical game theoretic modeling of agent interactions

As illustrated in Fig. 4.1, we employ hierarchical reasoning games to model the
future interactions among agents in an iterative manner. First, we encode the driv-
ing scene as background information, which includes vectorized maps and observed
agent states, using Transformer encoders. In the future decoding stage, we follow
the level-k game theory [102, 103], which assumes that an agent performs a limited
number of iterations of strategic reasoning. Concretely, we set up a series of Trans-
former decoders to implement level-k reasoning. The level-0 decoder uses only the
initial modality query and encoded scene context as key and value to predict the
agent’s multi-modal future trajectories. Then, at each iteration k, the level-k de-
coder takes as input the predicted trajectories from the level-(k — 1) decoder, along
with the background information, to predict the agent’s trajectories at the current
level. Moreover, we design a learning process that regulates the agents’ trajectories
to avoid collision with the trajectories of other agents from the last level while also
staying close to human driving data. We train the proposed framework on large-
scale real-world driving datasets to evaluate our approach’s prediction performance
and planning performance in both open-loop and closed-loop settings. The main

contributions are summarized as follows:
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e We propose GameFormer, a Transformer-based interactive prediction and
planning framework. The model employs a hierarchical decoding structure
to capture agent interactions, iteratively refine predictions, and is trained

based on the level-k game formalism.

e We demonstrate the state-of-the-art prediction performance of our Game-

Former model on the Waymo interaction prediction benchmark.

e We validate the planning performance of the GameFormer framework in
open-loop driving scenes and closed-loop simulations using the Waymo open

motion dataset and the nuPlan planning benchmark.

4.2 Literature Review

4.2.1 Motion prediction for autonomous driving

A rapidly growing line of research on motion prediction studies a new paradigm
of forecasting traffic participants’ future trajectories with deep neural networks.
These models have shown powerful capabilities in encoding the scene context, which
typically involves road maps and agent history states, resulting in improved predic-
tion accuracy. Early works in this area utilized long short-term memory (LSTM)
networks [104] to encode the agent’s past states and convolutional neural networks
(CNNs) to process the rasterized image of the scene [15, 83, 95, 105]. To explicitly
model the interaction between agents, graph neural networks (GNNs) [106-109]
have been widely used to process the scene graph and capture the relationship
between agents. More recently, the unified Transformer encoder-decoder structure
for motion prediction has gained traction due to its compact model description
and superior performance, exemplified by models such as SceneTransformer [87]
and WayFormer [88]. However, most Transformer-based prediction models tend to
focus more on the encoding part, with less attention paid to the decoding part.
Motion Transformer [89] addresses this limitation by proposing a well-designed de-
coding stage that leverages iterative local motion refinement to enhance prediction
accuracy. Inspired by the idea of iterative refinement and hierarchical game theory,
we propose a novel Transformer-based decoder for interaction prediction, providing

an explicit way to model the interactions between agents.
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4.2.2 Joint prediction and planning

Regarding the utilization of prediction models for planning tasks, numerous works
focus on multi-agent joint motion prediction frameworks that enable efficient and
consistent prediction of multi-modal multi-agent trajectories. An inherent issue
in existing motion prediction models is that they often ignore the influence of the
AV’s actions, rendering them unsuitable for downstream planning tasks. To tackle
this problem, several conditional multi-agent motion prediction models [93, 97, 98]
have been proposed by integrating AV planning information into the prediction
process. However, these models still exhibit one-way interactions, neglecting the
mutual influence among agents. In contrast, our approach aims to jointly predict
the future trajectories of surrounding agents and facilitate AV planning through

iterative mutual interaction modeling.

4.2.3 Learning for decision-making

The primary goal of the motion prediction module is to enable the planning mod-
ule to make safe and intelligent decisions. This can be achieved through the use
of offline learning methods that can learn decision-making from large-scale driving
datasets. Imitation learning is the most widely used approach, which aims to learn
a driving policy that can replicate expert demonstrations [20, 110, 111]. Offline
reinforcement learning [112] has also gained interest as it combines the benefits of
reinforcement learning and large collected datasets. However, directly learning a
policy lacks interpretability and safety guarantees, and often suffers from distri-
butional shifts. In contrast, planning with a learned motion prediction model is
believed to be more interpretable and robust [113-116], making it a more desirable
way for autonomous driving. Our proposed approach aims to enhance the capabil-

ity of prediction models that can improve interactive decision-making performance.

4.3 Methodology

We introduce our interactive motion prediction and planning framework, called

GameFormer, which adopts the Transformer encoder-decoder architecture (refer
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to Fig. 4.2). The encoding of the scene context is achieved through a Transformer-
based encoder. The level-0 decoder utilizes the modality embedding and agent
history encodings as queries, producing level-0 future trajectories and scores. The
level-k decoder employs a self-attention module to model the level-(k — 1) future
interaction and appends it to the scene context encoding. In the subsequent sec-
tions, we first define the problem and discuss the level-k game theory that guides
the design of the model and learning process in Section 4.3.1. Next, we describe the
encoder component of the model, which encodes the scene context, in Section 4.3.2,
and the decoder component, which incorporates a novel interaction modeling con-
cept, in Section 4.3.3. Finally, we present the learning process that accounts for

interactions among different reasoning levels in Section 4.3.4.
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FIGURE 4.2: Overview of our proposed GameFormer framework

4.3.1 Game-theoretic formulation

We consider a driving scene with N agents, where the AV is denoted as Ay and its
neighboring agents as Ay, - -+, Axy_1 at the current time ¢ = 0. Given the historical
states of all agents (including the AV) over an observation horizon Tj,, S = {s; ™"},
as well as the map information M including traffic lights and road waypoints, the

goal is to jointly predict the future trajectories of neighboring agents Yif\;f_l over
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the future horizon 7%, as well as a planned trajectory for the AV Yé:Tf . In order
to capture the uncertainty, the results are multi-modal future trajectories for the
lle Tf

AV and neighboring agents, denoted by Yi1 T = {yj

is a sequence of predicted states, p; the probability of the trajectory, and M the

. pjlj =1: M}, where yjl-:

number of modalities.

We leverage level-k game theory to model agent interactions in an iterative manner.
Instead of simply predicting a single set of trajectories, we predict a hierarchy of
trajectories to model the cognitive interaction process. At each reasoning level,
with the exception of level-0, the decoder takes as input the prediction results from
the previous level, which effectively makes them a part of the scene, and estimates
the responses of agents in the current level to other agents in the previous level.

We denote the predicted multi-modal trajectories (essentially a Gaussian mixture
(k)

model) of agent i at reasoning level k as m;"’, which can be regarded as a policy for

that agent. The policy ng)

the i-th agent at level-(k — 1), denoted by ﬂilz_l). For instance, the AV’s policy
2
0

is conditioned on the policies of all other agents except

at level-2 737 would take into account all neighboring agents’ policies at level-1

ﬂizl])\,fl. Formally, the i-th agent’s level-k policy is set to optimize the following
objective:

min LV (ng) | ﬂ(k_1)> : (4.1)

i
e

where L£( -) is the loss (or cost) function. It is important to note that policy 7 here

represents the multi-modal predicted trajectories (GMM) of an agent and that the

loss function is calculated on the trajectory level.

For the level-0 policies, they do not take into account probable actions or reactions
of other agents and instead behave independently. Based on the level-k game theory

framework, we design the future decoder, which we elaborate upon in Section 4.3.3.

4.3.2 Scene encoding

Input representation. The input data comprises historical state information of
agents, S, € RV*Tnxds " where d, represents the number of state attributes, and

local vectorized map polylines M € RN *NmxNpxdp,

For each agent, we find N,,
nearby map elements such as routes and crosswalks, each containing NV, waypoints
with d, attributes. The inputs are normalized according to the state of the ego

agent, and any missing positions in the tensors are padded with zeros.
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Agent history encoding. We use LSTM networks to encode the historical state

RNXD

sequence S, for each agent, resulting in a tensor A, € , which contains the

past features of all agents. Here, D denotes the hidden feature dimension.

Vectorized map encoding. To encode the local map polylines of all agents,
we use the multi-layer perceptron (MLP) network, which generates a map feature
tensor M, € RN*NmxNoxD with a feature dimension of D. We then group the
waypoints from the same map element and use max-pooling to aggregate their
features, reducing the number of map tokens. The resulting map feature tensor is
reshaped into M, € RY*NmrxD “where N,,. represents the number of aggregated

map elements.

Relation encoding. We concatenate the agent features and their corresponding
local map features to create an agent-wise scene context tensor C* = [A,, M;] €
RWN+Nmr)XD for each agent. We use a Transformer encoder with E layers to cap-
ture the relationships among all the scene elements in each agent’s context tensor
C%. The Transformer encoder is applied to all agents, generating a final scene
context encoding Cy € RN*(N+Nmr)xD “which represents the common environment

background inputs for the subsequent decoder network.

4.3.3 Future decoding with level-k reasoning

Modality embedding. To account for future uncertainties, we need to initialize
the modality embedding for each possible future, which serves as the query to the
level-0 decoder. This can be achieved through either a heuristics-based method,
learnable initial queries [88], or through a data-driven method [89]. Specifically, a

RNXMXD

learnable initial modality embedding tensor I € is generated, where M

represents the number of future modalities.

Level-0 decoding. In the level-0 decoding layer, a multi-head cross-attention
Transformer module is utilized, which takes as input the combination of the initial
modality embedding I and the agent’s historical encoding in the final scene context

€ RV*M*D a5 the query

Cs,a, (by inflating a modality axis), resulting in (Cs 4, +1)
and the scene context encoding C; as the key and value. The attention is applied to
the modality axis for each agent, and the query content features can be obtained

after the attention layer as Zp, € R¥V*M*P Two MLPs are appended to the
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query content features Zr, to decode the GMM components of predicted futures

Gr, € RVMxT5x4 (corresponding to (pi, fiy, log 0., loga,) at every timestep) and

the scores of these components P, € RV*Mx1,
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FIGURE 4.3: The detailed structure of a level-k interaction decoder

Interaction decoding. The interaction decoding stage contains K decoding lay-
ers corresponding to K reasoning levels. In the level-k layer (k > 1), it receives
all agents’ trajectories from the level-(k — 1) layer S;’“‘l € RVXMxT;x2 (the mean
values of the GMM G, ) and use an MLP with max-pooling on the time axis to
encode the trajectories, resulting in a tensor of agent multi-modal future trajec-
tory encoding Ai’“f’l € RVXMxD Then, we apply weighted-average-pooling on the
modality axis with the predicted scores from the level-(k —1) layer Pr, , to obtain
the agent future features AJ]?’“_I € R¥*P We use a multi-head self-attention Trans-
former module to model the interactions between agent future trajectories AJch‘l

and concatenate the resulting interaction features with the scene context encoding
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from the encoder part. This yields an updated scene context encoding for agent
i, denoted by C} = [AJch’l, C] € RWHNm+N)xD = We adopt a multi-head cross-
attention Transformer module with the query content features from the level-(k—1)
layer Zj  and agent future features A;’}’l, (Zz;,  + AZ#’I) € RMXP as query
and the updated scene context encoding C7, ~as key and value. We use a masking
strategy to prevent an agent from accessing its own future information from the
last layer. For example, agent Ay can only get access to the future interaction fea-
tures of other agents {A;,---, Ay_1}. Finally, the resulting query content tensor
from the cross-attention module sz is passed through two MLPs to decode the
agent’s GMM components and scores, respectively. Fig. 4.3 illustrates the detailed
structure of a level-k interaction decoder. Note that we share the level-k decoder
for all agents to generate multi-agent trajectories at that level. At the final level

of interaction decoding, we can obtain multi-modal trajectories for the AV and

neighboring agents G, , as well as their scores Py, .

4.3.4 Learning process

We present a learning process to train our model using the level-k game theory
formalism. First, we employ imitation loss as the primary loss to regularize the
agent’s behaviors, which can be regarded as a surrogate for factors such as traffic
regulations and driving styles. The future behavior of an agent is modeled as a
Gaussian mixture model (GMM), where each mode m at time step ¢ is described by

a Gaussian distribution over the (z,y) coordinates, characterized by mean puf, and

covariance of . The imitation loss is computed using the negative log-likelihood
loss from the best-predicted component m* (closest to the ground truth) at each

timestep, as formulated:

Ty

L1 = Lnir(fhe; O, Dres 51)- (4.2)

t=1

The negative log-likelihood loss function Ly, is defined as follows:

1 dr\? dz\?
Lnrr =logo, +logoy, + 5 — ] +— — log(pmx), (4.3)

Oz O
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where d, = s, — p, and dy, = s, — py, (84, s,) is ground-truth position; p,. is
the probability of the selected component, and we use the cross-entropy loss in

practice.

For a level-k agent Agk), we design an auxiliary loss function inspired by prior works
[108, 117, 118] that considers the agent’s interactions with others. The safety of
agent interactions is crucial, and we use an interaction loss (applicable only to
decoding levels k > 1) to encourage the agent to avoid collisions with the possible
future trajectories of other level-(k — 1) agents. Specifically, we use a repulsive
potential field in the interaction loss to discourage the agent’s future trajectories
from getting too close to any possible trajectory of any other level-(k — 1) agent

A(ﬁ]zfl). The interaction loss is defined as follows:
M Ty

1
EInte’r‘ = Z max - - s (44)
S i d (3080 Y) 1

where d( -, -) is the Ly distance between the future states ((z,y) positions), m is
the mode of the agent ¢, n is the mode of the level-(k — 1) agent j. To ensure
activation of the repulsive force solely within close proximity, a safety margin is
introduced, meaning the loss is only applied to interaction pairs with distances

smaller than a threshold.

The total loss function for the level-k agent ¢ is the weighted sum of the imitation

loss and interaction loss.

Lf(ﬁz(k)) = w1£IL<7T§k)) + w2£lnter(7T(k), ﬂ(]?_l)), (4.5)

7 -1

where w; and w, are the weighting factors to balance the influence of the two loss

terms.

4.4 Experiments

4.4.1 Dataset

We set up two different model variants for different evaluation purposes. The

prediction-oriented model is trained and evaluated using the Waymo open motion
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dataset (WOMD) [119], specifically addressing the task of predicting the joint
trajectories of two interacting agents. For the planning tasks, we train and test the
models on both WOMD with selected interactive scenarios and the nuPlan dataset

[120] with a comprehensive evaluation benchmark.

4.4.2 Prediction-oriented model

This model variant focuses on improving prediction accuracy, especially in inter-
action prediction. We adopt the setting of the WOMD interaction prediction task,
where the model predicts the joint future positions of two interacting agents 8 sec-
onds into the future, based on their one second of historical data and high-definition
maps. The neighboring agents within the scene will serve as the background in-
formation in the encoding stage, while only the two labeled interacting agents’
joint future trajectories are predicted. The model is trained on the entire WOMD
training dataset, and we adhere to the official evaluation metrics, which include
minimum average displacement error (minADE), minimum final displacement er-
ror (minFDE), miss rate, and mean average precision (mAP). We investigate two
different interaction prediction settings. Firstly, we consider the joint prediction
setting, where only 6 joint trajectories of the two agents are predicted [87]. Sec-
ondly, we examine the marginal prediction setting and train our model to predict
64 marginal trajectories for each agent in the interaction pair. During inference,
the EM method proposed in MultiPath++ [86] is employed to generate a set of
6 marginal trajectories for each agent, from which the top 6 joint predictions are

selected for these two agents.

Training. In the training dataset, each scene contains several agent tracks to pre-
dict, and we consider each track sequentially as the focal agent, while the closest
track to the focal agent is chosen as the interacting agent. The task is to predict
six possible joint future trajectories of these two agents. To improve the prediction
accuracy, we employ only imitation loss at each decoding level. In the joint predic-
tion model, we aim to predict the joint and scene-level future trajectories of the two
agents. Therefore, we backpropagate the loss through the joint future trajectories
of the two agents that most closely match the ground truth (i.e., have the least
sum of displacement errors). In the marginal prediction model, we backpropagate

the imitation loss to the individual agent through the positive GMM component
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that corresponds to the closest intention point to the endpoint of the ground-truth
trajectory. Our models are trained for 30 epochs using the AdamW optimizer with
a weight decay of 0.01. The learning rate starts with le-4 and decays by a factor of
0.5 every 3 epochs after 15 epochs. We also clip the gradient norm of the network
parameters with the max norm of the gradients as 5. We train the models using 4
NVIDIA Tesla V100 GPUs, with a batch size of 64 per GPU.

Testing. There are three types of agents in the testing dataset, which are vehi-
cle, pedestrian, and cyclist. For the vehicle-vehicle interaction, we randomly select
one of the two vehicles as the focal agent. For other types of interaction pairs
(e.g., cyclist-vehicle and pedestrian-vehicle), we consider the cyclist or pedestrian
as the focal agent. For the marginal prediction model, we employ the Expectation-
Maximization (EM) method to aggregate trajectories for each agent. Specifically,
we use the EM method to obtain 6 marginal trajectories (along with their proba-
bilities) from the 64 trajectories predicted for each agent. Then, we consider the
top 6 joint predictions from the 36 possible combinations of the two agents, where

the confidence of each combination is the product of the marginal probabilities.

4.4.3 Planning-oriented model

We introduce another model variant that is designed for planning. Specifically,
the observation horizon is 1 second and the prediction/planning horizon is set to 5
seconds, and all the neighboring agents’ future interactions are considered to pre-
dict their future trajectories. We randomly select 10,000 20-second scenarios from
the WOMD dataset, where 9,000 scenarios are used for training and the remaining
1,000 for validation. Furthermore, we evaluate the model’s joint prediction and
planning performance on 400 9-second scenarios', which includes interesting inter-
actions such as lane-change, merge, and left-turn. To conduct closed-loop testing,
we utilize a log-replay simulator to replay the original scenarios and override the
AV with our planner. In addition, to improve the closed-loop planning perfor-
mance, we employ a motion planner [113] to refine the trajectory provided by the
model by explicitly optimizing the trajectory’s cost. In open-loop testing, we use
distance-based error metrics, including planning ADE, collision rate, miss rate,

and prediction ADE. In closed-loop testing, we focus on evaluating the planner’s

lhttps://github.com/smarts-project/smarts-project.offline-datasets/blob/
master/waymo_candid_list.csv
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performance in a realistic driving scenario by measuring metrics including collision
rate, off-route rate, progress along the route, longitudinal acceleration and jerk,

lateral acceleration, and position errors.

Training. In data processing, we filter those scenes where the AV’s moving dis-
tance is less than 5 meters (e.g. when stopping at a red light). Similarly, we
perform joint future prediction and calculate the imitation loss through the joint
future that is closest to the ground truth. The weights for the imitation loss and
interaction loss are set to w; = 1,ws = 0.1. Our model is trained for 20 epochs
using the AdamW optimizer with a weight decay of 0.01. The learning rate is
initialized to le-4 and decreases by a factor of 0.5 every 2 epochs after the 10th
epoch. We train the model using an NVIDIA RTX 3080 GPU, with a batch size
of 32.

Testing. In open-loop testing, we check collisions between the AV’s planned tra-
jectory and other agents’ ground-truth future trajectories, and we count a miss
if the distance between AV’s planned state at the final step and the ground-truth
state is larger than 4.5 meters. The planning errors and prediction errors are calcu-
lated according to the most likely trajectories scored by the model. In closed-loop
testing, the AV plans a trajectory at every timestep and executes the first step of
the plan.

4.4.4 GameFormer planner

For the nuPlan dataset, we design a comprehensive planning framework called
GameFormer Planner and adhere to the nuPlan challenge settings? to evaluate the

framework’s planning performance.

The planning process comprises the following steps: 1) feature processing: relevant
data from the observation buffer and map API undergoes preprocessing to extract
input features for the prediction model; 2) path planning: candidate route paths
for the ego vehicle are computed, from which the optimal path is selected as the ref-
erence path; 3) model query: the prediction model is queried to generate an initial
plan for the ego vehicle and predict the trajectories of surrounding agents; and 4)

trajectory refinement: a nonlinear optimizer is employed to refine the ego vehicle’s

’https://eval.ai/web/challenges/challenge-page/1856/overview
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trajectory on the reference path and produce the final plan. For computational
efficiency, we use a compact version of the GameFormer model, configuring it with
3 encoding layers and 3 decoding layers (1 initial decoding layer and 2 interaction
decoding layers). Additionally, we introduce an extra decoding layer after the last
interaction decoding layer to separately generate the ego vehicle’s plan. The ego
plan is then projected onto the reference path as an initialization of the refinement
planner. The output of the GameFormer model consists of multimodal trajectories
for the surrounding agents. For each neighboring agent, we select the trajectory
with the highest probability and project it onto the reference path using the Frenet
transformation, subsequently calculating spatiotemporal path occupancy. More de-

tails about this planning framework can be found in this dedicated report®.

We evaluate the planner’s performance in three tasks: open-loop planning, closed-
loop planning with non-reactive agents, and closed-loop with reactive agents. These
tasks are evaluated using a comprehensive set of metrics provided by the nuPlan

platform, and an overall score is derived based on these tasks.

4.4.5 Baseline methods

To validate the planning capability of our model, we introduce the following imi-

tation learning-based planning baselines.

Vanilla Imitation Learning (IL): A simplified version of our model that directly
outputs the planned trajectory of the AV without explicitly reasoning other agents’
future trajectories. The plan is only a single-modal trajectory. The original encoder
part of our model is utilized, but only one decoder layer with the ego agent’s

historical encoding as query is used to decode the AV’s plan.

Deep Imitative Model (DIM) [121]: A probabilistic planning method that
aims to generate expert-like future trajectories ¢ (Si.r|p) = Hthlq(St|Sl:t_1,¢)
given the AV’s observations ¢. We follow the original open-source DIM imple-
mentation and use the rasterized scene image R?00%200%3 and the AV’s historical
states R11*% as the observation. We use a CNN to encode the scene image and
an RNN to encode the agent’s historical states. The AV’s future state is decoded

(as a multivariate Gaussian distribution) in an autoregressive manner. In testing,

3https://opendrivelab.com/e2ead/AD23Challenge/Track_4_AID.pdf
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DIM requires a specific goal G to direct the agent to the goal, and a gradient-based
planner maximizes the learned imitation prior logq (S|¢) and the test-time goal
likelihood log p(G|S, ¢).

Robust Imitative Planning (RIP) [122]: An epistemic uncertainty-aware plan-
ning method that is developed upon DIM and shows good performance in conduct-
ing robust planning in out-of-distribution (OOD) scenarios. Specifically, we employ
the original open-source implementation and choose the worst-case model that has
the worst likelihood minglog ¢ (S1.7|¢) among d = 6 trained DIM models and im-

prove it with a gradient-based planner.

Conservative Q-Learning (CQL) [112]: A widely-used offline reinforcement
learning algorithm that learns to make decisions from offline datasets. We imple-
ment the CQL method with the d3rlpy offline RL library. The RL agent takes
the same state inputs as the DIM method and outputs the target pose of the next
step (Ax, Ay, Af) relative to the agent’s current position. The reward function
is the distance traveled per step plus an extra reward for reaching the goal, i.e.,
re = Ady + 10 x 1 (d(s¢, Sgoar) < 1). Since the dataset only contains perfect driving

data, no collision penalty is included.

Differentiable Integrated Prediction and Planning (DIPP) [113]: A joint
prediction and planning method that uses a differentiable motion planner to op-
timize the trajectory according to the prediction result. We adopt the original
open-source implementation and the same state input setting. We increase the
historical horizon to 20 and the number of prediction modalities from 3 to 6. In
open-loop testing, we utilize the results from the DIPP prediction network without

trajectory planning (refinement).

MultiPath++ [86, 123]: A high-performing motion prediction model that is based
on the context-aware fusion of heterogeneous scene elements and learnable latent
anchor embeddings. We utilize the open-source implementation of MultiPath++
that achieved state-of-the-art prediction accuracy on the WOMD motion prediction
benchmark. We train the model to predict 6 possible trajectories and corresponding
scores for the ego agent using the same dataset. In open-loop testing, only the

most-likely trajectory will be used as the plan for the AV.

Motion Transformer (MTR)-e2e [89]: A state-of-the-art prediction model that
occupies the first place on the WOMD motion prediction leaderboard. We follow
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the original open-source implementation of the context encoder and MTR decoder.
However, we modified the decoder to use an end-to-end variant of MTR that is
better suited for the open-loop planning task. Specifically, only 6 learnable motion
query pairs are used to decode 6 possible trajectories and scores. The same dataset
is used to train MTR~e2e model, and the data is processed according to the MTR

context inputs.

4.5 Results and Discussions

4.5.1 Interaction prediction

For the prediction-oriented model, we use a stack of £ = 6 Transformer encoder
layers, and the hidden feature dimension is set to D = 256. We consider 20
neighboring agents around the two interacting agents as background information
and employ K = 6 decoding layers. The model only generates trajectories for the
two labeled interacting agents. Moreover, the local map elements for each agent

comprise possible lane polylines and crosswalk polylines.

Quantitative results. Table 4.1 summarizes the prediction performance of our
model in comparison with state-of-the-art methods on the WOMD interaction pre-
diction (joint prediction of two interacting agents) benchmark. The metrics are av-
eraged over different object types (vehicle, pedestrian, and cyclist) and evaluation
times (3, 5, and 8 seconds). Our joint prediction model (GameFormer (J, M=6))
outperforms existing methods in terms of position errors. This can be attributed
to its superior ability to capture future interactions between agents through an
iterative process and to predict future trajectories in a scene-consistent manner.
However, the scoring performance of the joint model is limited without predicting
an over-complete set of trajectories and aggregation. To mitigate this issue, we
employ the marginal prediction model (GameFormer (M, M=64)) with EM aggre-
gation, which significantly improves the scoring performance (better mAP metric).
The overall performance of our marginal model is comparable to that of the ensem-
ble and more complicated MTR model [89]. Nevertheless, it is worth noting that
marginal ensemble models may not be practical for real-world applications due to

their substantial computational burden. Therefore, we utilize the joint prediction
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model, which provides better prediction accuracy and computational efficiency, for

planning tests.

TABLE 4.1: Comparison with state-of-the-art models on the WOMD interaction
prediction benchmark

Model | minADE (|) minFDE (]) Miss rate (1) mAP (1)
LSTM baseline [119] 1.9056 5.0278 0.7750 0.0524
Heat [106] 1.4197 3.2595 0.7224 0.0844
AIR? [124] 1.3165 2.7138 0.6230 0.0963
SceneTrans [87] 0.9774 2.1892 0.4942 0.1192
DenseTNT [85] 1.1417 2.4904 0.5350 0.1647
M2I [96] 1.3506 2.8325 0.5538 0.1239
MTR [89] 0.9181 2.0633 0.4411  0.2037
GameFormer (M, M=64) 0.9721 2.2146 0.4933 0.1923
GameFormer (J, M=6) 0.9161 1.9373 0.4531 0.1376

Table 4.2 displays the per-category performance of our models on the WOMD in-
teraction prediction benchmark, in comparison with the MTR model. The Game-
Former joint prediction model exhibits the lowest minFDE in all object categories,
indicating the advantage of our model and joint training of interaction patterns.
Our GameFormer model surpasses MTR in the cyclist category and achieves com-
parable performance with MTR in other categories, albeit with a much simpler
structure than MTR.

TABLE 4.2: Per-class performance of interaction prediction on the WOMD in-
teraction prediction benchmark

Class Model | minADE (}) minFDE (]) Miss rate (}) mAP (1)
MTR 0.9793 2.2157 0.3833 0.2977
Vehicle GF (J) 0.9822 2.0745 0.3785 0.1856
GF (M) 1.0499 2.4044 0.4321 0.2469
MTR 0.7098 1.5835 0.3973 0.2033
Pedestrian GF (J) 0.7279 1.4894 0.4272 0.1505
GF (M) 0.7978 1.8195 0.4713 0.1962
MTR 1.0652 2.3908 0.5428 0.1102
Cyclist ~ GF (J) | 1.0383 2.2480 0.5536 0.0768
GF (M) 1.0686 2.4199 0.5765 0.1338

Qualitative results. Fig. 4.4 illustrates the performance of our approach in

predicting interactions in various typical scenarios. The red boxes represent the
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interacting agents to be predicted, while the magenta boxes depict the neighboring
background agents. Our model predicts six joint trajectories for the interacting
agents. In the vehicle-vehicle interaction scenario, two distinct situations are cap-
tured by our model: vehicle 2 accelerates to pass the intersection first and vehicle
2 yields to vehicle 1. In both situations, our model predicts that Vehicle 1 creeps
forward to observe the actions of Vehicle 2 before completing a left turn. In the
vehicle-pedestrian scenario, our model predicts that the vehicle will stop and wait
for the pedestrian to pass before resuming movement. In the vehicle-cyclist inter-
action scenario, where the vehicle intends to merge into the right lane, our model
predicts the vehicle will decelerate and follow behind the cyclist in that lane. Over-

all, the results manifest that our model can accurately predict the possible joint

futures of interacting agents.

t+8s high

t+0s  low
Vehicle-Vehicle Vehicle-Pedestrian Vehicle-Cyclist Time Score

FIGURE 4.4: Qualitative results of the proposed method in interaction prediction

Additional qualitative results of our GameFormer framework in the interaction
prediction task are presented in Figure 4.5. These results showcase the capability

of our method to handle various interaction pairs and urban driving scenarios.

Level-k Prediction. Fig. 4.6 illustrates the most-likely joint trajectories of the
target agents at different interaction levels. Only the most-likely joint trajectories
of the target agents are displayed for clarity. The results demonstrate that our
proposed framework is capable of refining the prediction results in the iterated
interaction process. At level-0, the target agents are predicted rather indepen-
dently, and their trajectories may collide. However, through iterative refinement,

our model can output reasonable and close-to-human trajectories at the final level.
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t+8s high

t+0s low

F1GURE 4.5: Additional qualitative results of interaction prediction

4.5.2 Open-loop planning

We first conduct the planning tests in selected WOMD scenarios with a predic-
tion/planning horizon of 5 seconds. The model uses a stack of F = 6 Transformer
encoder layers, and we consider 10 neighboring agents closest to the ego vehicle to

predict M = 6 joint future trajectories for them.

Determining the decoding levels. To determine the optimal reasoning levels
for planning, we analyze the impact of decoding layers on open-loop planning
performance, and the results are presented in Table 4.3. It can be inferred that
the performance reaches its peak when the number of interaction decoding layers
is increased to 4. Although the planning ADE and prediction ADE exhibit a slight

decrease with additional decoding layers, the miss rate and collision rate are at
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FIGURE 4.6: Prediction results of the two interacting agents at different reason-
ing levels

their lowest when the decoding level is 4. The intuition behind this observation is
that humans are capable of performing only a limited depth of reasoning. In our
open-loop planning experiments, the optimal iteration depth empirically appears

to be K = 4.

TABLE 4.3: Influence of decoding levels on open-loop planning

Level | Planning ADE Collision Rate Miss Rate Prediction ADE

0 0.9458 0.0384 0.1154 1.0955
1 0.8846 0.0305 0.0994 0.9377
2 0.8529 0.0277 0.0897 0.8875
3 0.8423 0.0269 0.0816 0.8723
4 0.8329 0.0198 0.0753 0.8527
> 0.8171 0.0245 0.0777 0.8361
6 0.8208 0.0238 0.0826 0.8355

Quantitative results. Our joint prediction and planning model employs 4 de-
coding layers, and the results of the final decoding layer (the most-likely future
evaluated by the trained scorer) are utilized as the plan for the AV and predic-
tions for other agents. We set up some imitation learning-based planning meth-

ods as baselines, which are: 1) vanilla imitation learning (IL), 2) deep imitative
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model (DIM), 3) MultiPath++ (which predicts multi-modal trajectories for the
ego agent), 4) MTR-e2e (end-to-end variant with learnable motion queries), and
5) differentiable integrated prediction and planning (DIPP). Table 4.4 reports the
open-loop planning performance of our model in comparison with the baseline
methods. The results reveal that our model performs significantly better than
vanilla IL and DIM, because they are just trained to output the ego’s trajectory
while not explicitly predicting other agents’ future behaviors. Compared to per-
formant motion prediction models (MultiPath++ and MTR-e2e), our model also
shows better planning metrics for the ego agent. Moreover, our model outperforms
DIPP (a joint prediction and planning method) in both planning and prediction
metrics, especially the collision rate. These results emphasize the advantage of our
model, which explicitly considers all agents’ future behaviors and iteratively refines

the interaction process.

TABLE 4.4: Evaluation of open-loop planning performance of the proposed
method against baseline methods

.. . Planning error (m Prediction error (m
Method Collision rate (%) | Miss rate (%) Qls éi%s (@5)5 ADE FDE( )
Vanilla IL 4.25 15.61 0.216 1.273 3.175 - -
DIM 4.96 17.68 0.483 1.869 3.683 - -
MultiPath++ 2.86 8.61 0.146 0.948 2.719 - -
MTR-e2e 2.32 8.88 0.141 0.888 2.698
DIPP 2.33 8.44 0.135 0.928 2.803 | 0.925 2.059
Ours 1.98 7.53 0.129 0.836 2.451 | 0.853 1.919

Qualitative results. Fig. 4.7 displays qualitative results of our model’s open-loop
planning performance in complex driving scenarios. For clarity, only the most-likely
trajectories of the agents are displayed. The red box is the AV and the magenta
boxes are its neighboring agents; the red trajectory is the plan of the AV and the
blue ones are the predictions of neighboring agents. These results demonstrate
that our model can generate a plausible future trajectory for the AV and handle
diverse interaction scenarios, and predictions of the surrounding agents enhance

the interpretability of our planning model’s output.

Fig. 4.8 provides additional qualitative results of our framework in the open-loop
planning task, which depict the ability of our model to plan the trajectory of the
AV and predict its neighboring agents. The red box is the AV and the magenta
boxes are its neighboring agents; the red trajectory is the plan of the AV and the

blue ones are the predictions of neighboring agents
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FIGURE 4.7: Qualitative results of the proposed method in open-loop planning
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F1GURE 4.8: Additional qualitative results of open-loop planning
4.5.3 Closed-loop planning

We evaluate the closed-loop planning performance of our model in selected WOMD
scenarios. Within a simulated environment [113], we execute the planned trajec-
tory generated by the model and update the ego agent’s state at each time step,
while other agents follow their logged trajectories from the dataset. Since other
agents do not react to the ego agent, the success rate is a lower bound for safety
assessment. For planning-based methods (DIPP and our proposed method), we
project the output trajectory onto a reference path to ensure the ego vehicle’s ad-
herence to the roadway. Additionally, we employ a cost-based refinement planner
[113], which utilizes the initial output trajectory and the predicted trajectories of
other agents to explicitly regulate the ego agent’s actions. Our method is compared
against four baseline methods: 1) vanilla IL, 2) robust imitative planning (RIP)
[122], 3) conservative Q-learning (CQL) [112], and 4) DIPP [113]. We report the
means and standard deviations of the planning-based methods over three training
runs (models trained with different seeds). The quantitative results of closed-loop
testing are summarized in Table 4.5. The results show that the IL and offline

RL methods exhibit subpar performance in the closed-loop test, primarily due to
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distributional shifts and casual confusion. In contrast, planning-based methods
perform significantly better across all metrics. Without the refinement step, our
model outperforms DIPP because it captures agent interactions more effectively
and thus the raw trajectory is closer to an expert driver. With the refinement step,
the planner becomes more robust against training seeds, and our method surpasses
DIPP because it can deliver better predictions of agent interactions and provide a
good initial plan to the refinement planner.

TABLE 4.5: Evaluation of closed-loop planning performance of the proposed
method against baseline methods

Method Success rate  Progress | Acceleration Jerk Lateral acc. | Position error to expert driver (m)
N (%) (m) (m/s%) (m/s) (m/s%) @3s @5s @8s
Vanilla IL 0 6.23 1.588 16.24 0.661 9.355 20.52 46.33
RIP 19.5 12.85 1.445 14.97 0.355 7.035 17.13 38.25
CQL 10 8.28 3.158 25.31 0.152 10.86 21.18 40.17
DIPP 68.12+5.51  41.08£5.88 | 1.444+0.18  12.58+3.23 0.31£0.11 | 6.22+£0.52 15.55+1.12 26.1043.88
Ours 73.16£6.14  44.94£7.69 | 1.194£0.15 13.63+2.88 0.32+0.09 | 5.89+0.78 12.43+0.51 21.024+2.48

DIPP (w/ refinement) | 92.16+£0.62 51.854+0.14 | 0.58+0.03  1.54+0.19  0.11+0.01 | 2.26+0.10 5.55+£0.24  12.53+0.48
Ours (w/ refinement) | 94.50+0.66 52.67+0.33 | 0.53+0.02  1.56+0.23  0.10+0.01 | 2.11+0.21 4.87+0.18 11.13+0.33

4.5.4 nuPlan benchmark evaluation

To handle diverse driving scenarios in the nuPlan platform [120], we develop a
comprehensive planning framework GameFormer Planner. It fulfills all important
steps in the planning pipeline, including feature processing, path planning, model
query, and motion refinement. We increase the prediction and planning horizon
to 8 seconds to meet benchmark requirements. The evaluation is conducted over
three tasks: open-loop (OL) planning, closed-loop (CL) planning with non-reactive
agents, and closed-loop planning with reactive agents. The score for each individual
task is calculated using various metrics and scoring functions, and an overall score
is obtained by aggregating these task-specific scores. It is important to note that
we reduce the size of our model (encoder and decoder layers) due to limited compu-
tational resources on the test server. The performance of our model on the nuPlan
test benchmark is presented in Table 4.6, in comparison with other competitive
learning-based methods and a rule-based approach (IDM Planner). The results
reveal the capability of our planning framework to achieve high-quality planning

results across the evaluated tasks. Moreover, the closed-loop visualization results
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illustrate the ability of our model to facilitate the ego vehicle in making interactive

and human-like decisions?.

TABLE 4.6: Results on the nuPlan planning benchmark

Method ‘ Overall OL CL non-reactive CL reactive
Hoplan 0.8745 0.8523 0.8899 0.8813
Multi_path 0.8477 0.8758 0.8165 0.8506
GameFormer | 0.8288  0.8400 0.8087 0.8376
Urban Driver | 0.7467 0.8629 0.6821 0.6952
IDM Planner | 0.5912 0.2944 0.7243 0.7549

4.5.5 Ablation study

Effects of agent future modeling. We investigate the impact of different agent
future modeling settings on the open-loop planning performance. We compare
our base model to three ablated models, which are: 1) No future (where agent
future trajectories from the last level are not incorporated in decoding the current
level), 2) No self-attention (where agent future trajectories are incorporated but
not processed by a self-attention module), and 3) No interaction loss (where the
model is trained without the proposed interaction loss). The results presented in
Table 4.7 indicate that our game-theoretic approach can significantly improve the
planning and prediction accuracy by utilizing the future trajectories of agents from
the last level as the scene context in the current level. Additionally, incorporating
a self-attention module to represent future interactions among agents improves the
accuracy, while using the proposed interaction loss to train the model significantly

reduces the collision rate.

TABLE 4.7: Influence of agent future modeling on open-loop planning

‘ Planning ADE Collision Rate Miss Rate Prediction ADE

No future 0.9210 0.0295 0.0963 0.9235
No self-attention 0.8666 0.0231 0.0860 0.8856
No interaction loss 0.8415 0.0417 0.0846 0.8486
Base 0.8329 0.0198 0.0753 0.8527

Influence of decoder structures. We investigate the influence of decoder struc-

tures on the open-loop planning task in WOMD scenarios. Specifically, we examine

‘https://mczhi.github.io/GameFormer/
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two ablated models. First, we assess the importance of incorporating k indepen-
dent decoder layers, as opposed to training a single shared interaction decoder and
iteratively applying it k times. Second, we explore the impact of simplifying the
decoder into a multi-layer Transformer that does not generate intermediate states.
This translates into applying the loss solely to the final decoding layer, rather
than all intermediate layers. The results presented in Table 4.8 demonstrate better
open-loop planning performance for the base model (independent decoding layers
with intermediate trajectories). This design allows each layer to capture different
levels of relationships, thereby facilitating hierarchical modeling. In addition, the
omission of intermediate trajectory outputs can degrade the model’s performance,

highlighting the necessity of regularizing the intermediate state outputs.

TABLE 4.8: Influence of decoder structures on open-loop planning

‘ Planning ADE Collision Rate Miss Rate Prediction ADE

Base 0.8329 0.0198 0.0753 0.8547
Shared decoder 0.9196 0.0382 0.0860 0.9095
Multi-layer decoder 0.9584 0.0353 0.0988 0.9637

Ablation results on the interaction prediction task. We investigate the in-
fluence of the decoder on the WOMD interaction prediction task. Specifically, we
vary the decoding levels from 0 to 8 to determine the optimal decoding level for
this task. Moreover, we remove either the agent future encoding part from the
decoder or the self-attention module (for modeling agent future interactions) to in-
vestigate their influences on prediction performance. We train the ablated models
using the same training set and evaluate their performance on the validation set.
The results in Table 4.9 reveal that the empirically optimal number of decoding
layers is 6 for the interaction prediction task. It is evident that fewer decoding
layers fail to adequately capture the interaction dynamics, resulting in subpar pre-
diction performance. However, using more than 6 decoding layers may introduce
training instability and overfitting issues, leading to worse testing performance.
Similarly, we find that incorporating predicted agent future information is crucial
for achieving good performance, and using self-attention to model the interaction

among agents’ futures can also improve prediction accuracy.

Effects of decoding levels on closed-loop planning. We investigate the in-
fluence of decoding levels on closed-loop planning performance, using the success

rate (without collision) as the main metric. Additionally, we report the inference
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TABLE 4.9: Decoder ablation results on interaction prediction

Decoding layers ‘ minADE minFDE Miss Rate mAP

K=0 1.0505 2.2905 0.5113 0.1226
K=1 1.0169 2.1876 0.5061 0.1281
K=3 0.9945 2.1143 0.5026 0.1265
K=6 0.9133 1.9251 0.4564 0.1339
K=8 0.9839 2.1515 0.5003 0.1255
K=6 w/o future 0.9862 2.0848 0.4979 0.1256
K=6 w/o self-attention | 0.9263 1.9931 0.4599 0.1281

time of the prediction network (without the refine motion planner) in closed-loop
planning, which is executed on an NVIDIA RTX 3080 GPU. The results in Table
4.10 reveal that increasing the decoding layers could lead to a higher success rate,
and adding one layer of interaction modeling can bring significant improvement
compared to level-0. In closed-loop testing, the success rate plateaus when the
decoding level reaches 2, but the computation time continues to increase. There-
fore, using two reasoning levels in our model may achieve a good balance between

performance and efficiency in practical applications.

TABLE 4.10: Effects of decoding levels on closed-loop planning

Closed-loop testing

Level Success rate (%) Inference (ms)
0 89.5 31.8
1 92.25 44.1
2 94 56.7
3 94.5 66.5
4 94.5 79.2

4.6 Conclusions

We introduce GameFormer, a Transformer-based model that utilizes hierarchical
game theory for interactive prediction and planning. By leveraging level-k game
theory, our approach introduces level-k decoders that iteratively enhance the pre-
diction of future trajectories for interacting agents. Additionally, we have devel-

oped a learning process that effectively regulates the predicted behaviors of agents
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based on the prediction results obtained from the previous level. Through exten-
sive experimentation on the WOMD, we demonstrate the superior performance of
our proposed model. Our results indicate that GameFormer achieves state-of-the-
art accuracy in interaction prediction, and outperforms baseline methods in both
open-loop and closed-loop planning tests. This highlights the efficacy of our model
in capturing and forecasting complex interactive behaviors in various scenarios.
Moreover, our proposed planning framework delivers leading performance on the

nuPlan planning benchmark.

The practical implications of our work are significant, as the exceptional perfor-
mance of GameFormer underscores its potential for enhancing the capabilities of
AVs, making them more capable of understanding and responding to the behav-
iors of other agents on the road. Moving forward, there are several avenues for
future research and improvement, particularly in the closed-loop planning tests. In
particular, more rigorous methods should be explored to handle the multi-modal
predictions generated by the model, instead of simply selecting the prediction with
the highest probability. This would allow for a more comprehensive consideration

of uncertainty and improve the robustness of the planning process.



Chapter 5

Learning World Model to Predict

Human Response

In this chapter, the primary focus is on the development of world models that,
rather than forecasting the trajectories of other human road users, anticipate hu-
man responses to the vehicle’s decisions, in order to facilitate proactive, interactive,
and human-like decision-making for autonomous driving systems. The application
of such world models to learning-based behavior planning is emphasized. In con-
trast to existing learning-based approaches that directly generate decisions, this
chapter introduces a predictive behavior planning framework that learns to predict
and evaluate based on human driving data. The proposed framework comprises
three integral components: a behavior generation module responsible for generat-
ing a diverse array of candidate behaviors in the form of trajectory proposals; a
conditional motion prediction network tasked with predicting future trajectories
of other agents conditioned on each proposal; and a scoring module that assesses
the candidate plans using maximum entropy IRL. The effectiveness of the pro-
posed framework is ascertained via comprehensive experiments on a large-scale,
real-world urban driving dataset. The results indicate that the conditional predic-
tion model is capable of predicting distinct and plausible future trajectories given
different trajectory proposals, while the IRL-based scoring module can select plans
closely resembling human driving patterns. In terms of similarity to human driving
trajectories, the proposed framework surpasses other baseline methods. Moreover,
the conditional prediction model demonstrates improvements in both prediction

and planning performance compared to the non-conditional model. Finally, the

101
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importance of learning the scoring module for aligning evaluations with those of

human drivers is highlighted.

5.1 Introduction

Making human-like decisions is crucial for AVs because they need to operate among
humans in a safe and socially-compliant manner. The modern autonomous driving
stack divides the decision-making task into two sub-modules: behavior planning
and trajectory planning [125]. Behavior planning determines high-level decisions
such as lane changes, overtaking, and yielding, while trajectory planning generates
smooth trajectories to accomplish these high-level objectives. Behavior planning
plays a crucial role in the decision-making process because it informs downstream
trajectory planning and directs the final control outputs. However, widely-used
behavior planners rely on hand-engineered rules or finite-state machines to specify
the vehicle’s behaviors under various situations [12, 126]. This approach, although
prevalent, is not scalable, as the rules become difficult to maintain and can conflict
with each other as more scenarios are taken into consideration. Additionally, for
complex real-world scenarios, such as intersections with complex road structures
and many diverse traffic participants, it is challenging to design rules that align
with human expectations. To address these limitations, end-to-end learning-based
methods (e.g., imitation learning and reinforcement learning) that directly make
decisions from perception results or raw sensors have gained popularity. How-
ever, these methods lack reliability, interpretability, and safety guarantees. On the
contrary, this study proposes a predictive behavior planning framework [127] that
predicts the behaviors of surrounding road users and evaluates the goodness of syn-
thesized decisions using a cost function explicitly considering speed, comfort, and
safety. The framework is believed to be closer to the human decision-making pro-
cess, rendering it more scalable, robust, and suitable for real-world scenarios. Our
framework aims to address the scalability issue by learning from a variety of real-
world scenarios and making decisions that closely resemble human driving. The
main metric used to measure human likeness is the displacement error compared

to human driving trajectories.

We focus on learning the prediction model and evaluation model in the frame-

work, and we try to address two specific challenges. The first challenge is to
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improve the prediction accuracy and make the prediction results more suitable for
the downstream task. Deep learning-based approaches [16, 85, 128] have demon-
strated significant improvements in accuracy compared to conventional methods
(e.g., kinematic models and intelligent driver model). However, most motion pre-
diction models are only passively used in behavior planning, meaning the prediction
model often outputs fixed results for other agents and ignores the potential impact
of the ego vehicle’s future actions. This can often lead to overly conservative and
even dangerous decisions. To overcome this issue, we leverage the conditional mo-
tion prediction (CMP) method [87, 94, 129] in our behavior planning framework,
which jointly predicts the future motions of multiple interacting agents in a scene
based on the AV’s candidate decisions. This provides the evaluation module with
more accurate information, enabling improved evaluation of the consequences of
different decisions. The second challenge is to design the cost function, which de-
termines which behaviors are desirable, as human driving behaviors exhibit many
hard-to-specify nuances (e.g., speed profiles, comfort, and risk preference). Manu-
ally tuning the cost function can be laborious and may not reflect the actual human
preferences, resulting in unintended behaviors. To resolve this, we employ a maxi-
mum entropy inverse reinforcement learning (IRL) framework [57] to automatically

learn the cost function from human driving data.

Our proposed conditional predictive behavior planning framework consists of three
main components: generation, prediction, and scoring. The trajectory generation
module uses a performant and interpretable approach to create diverse trajectory
proposals for the AV, taking into account factors such as lane, traffic rules, and
speed profiles. The conditional motion prediction (CMP) module then forecasts
the future trajectories of surrounding agents based on each trajectory proposal
and generates different scene-compliant trajectories. The CMP module in our
framework is inspired by [93], but we propose a novel Transformer-based structure
in observation encoding and plan fusion. The scoring module with a learnable cost
function evaluates these trajectory proposals to make final decisions. Specifically,
the factors considered in the cost function encompass travel efficiency (speed), ride
comfort (longitudinal jerk and acceleration and lateral acceleration), risk (headway
and lateral distance), and safety (collision probabilities with other vehicles). The

main contributions of this study are summarized as follows:

e We propose a learning-based behavior planning framework that learns to
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predict conditional multi-agent future trajectories and evaluate decisions from

real-world human driving data.

e We propose a novel Transformer-based conditional motion prediction model
that utilizes the attention mechanism for effective environment encoding and

plan fusion.

e We propose a two-stage learning process where the conditional prediction
model is trained first and used as an environment model in the learning of

the cost function with maximum entropy IRL.

e We conduct comprehensive experiments to demonstrate the ability of our
framework to make conditional and multi-modal predictions and human-like

decisions.

5.2 Literature Review

5.2.1 Decision-making for autonomous driving

In addition to perception ability [130], decision-making has become a research
hotspot for autonomous driving in recent years, owing to its importance as a
bottleneck for the widespread deployment of autonomous vehicles. In particu-
lar, learning-based decision-making methods such as imitation learning (IL) and
reinforcement learning (RL) have shown promising results and potential [131]. 1L
attempts to directly imitate the actions of a human driver through the use of holis-
tic neural networks and massive offline driving datasets [20, 110, 132]. However, an
evident issue with IL is the distribution shift from training to deployment, which
is difficult to mitigate. Conversely, RL tries to optimize a reward function by in-
teracting with the environment and learning from trial and error but still faces
obstacles such as sample efficiency, accurate environment modeling, and proper re-
ward function design [21, 133-137]. Despite these ongoing efforts on learning-based
methods, IL and RL have their inherent flaws, and a fundamental problem is that
their safety, interpretability, and generalizability are somehow compromised. As a
result, there has been a shift towards classic planning methods (e.g., graph search,
sampling, and optimization) [138], which provide stronger safety guarantees, rule

compliance, and interpretability. Nevertheless, their performance heavily relies on
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the prediction accuracy of surrounding agents and proper evaluation of the planned

behaviors, which are the main focuses of this study.

5.2.2 Motion prediction

There has been a growing body of deep learning-based motion prediction ap-
proaches thanks to the wide availability of large-scale driving datasets [15, 139].
They have demonstrated excellent accuracy and scalability due to their ability to
handle high-dimensional map data and model agent interactions. [84] proposed
a vectorized high-definition map representation, which is more compact and easy
to process than an image-based map. To model the agent-agent and agent-map
interactions, the agents and map vectors are often abstracted into a graph and
processed by graph neural networks (GNNs) [106, 140] or Transformer networks
[16, 87]. In addition, the prediction model should be capable of outputting multi-
ple possible futures (to address uncertainty) for multiple surrounding agents in the

scene (for efficient inference and better scene consistency) [87, 141].

However, most of the motion prediction models ignore the influence of the AV’s fu-
ture actions on other agents, and the decision-making module has to act passively.
This is problematic because other agents may react differently if the AV makes
different decisions, and ignoring this may result in overly conservative or aggres-
sive behaviors. More recently, conditional motion prediction (CMP) has emerged
to address this issue and enable more interactive prediction. [94] proposed a CMP
model that predicts future trajectories for other agents conditioned on a query
future trajectory for an ego agent, which shows a 10% improvement in accuracy
over non-conditional prediction. M2I [96] extended CMP to multi-agent interac-
tive prediction, where an influencer is selected and reactors’ future trajectories are
predicted using a CMP model according to the influencer’s marginal prediction
result. Scene Transformer [87] proposed a unified Transformer-based architecture
with a masking strategy, enabling one to predict other agents’ behaviors condi-
tioned on the future trajectory of the AV. However, these works still focus on the
prediction task, and CMP models are not integrated into planning. PiP [93], which
conditions the prediction process on multiple candidate future trajectories of the

AV, is the most related to our study. However, the planning performance was not
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investigated, probably due to the difficulty in evaluating the candidate trajecto-
ries, and the model is only validated on highway datasets. Our method is more
focused on improving the downstream planning performance and validated on more

challenging urban driving datasets.

5.2.3 Inverse reinforcement learning

Inverse reinforcement learning (IRL) methods aim to learn underlying cost func-
tions from expert demonstrations, thereby avoiding manual specification. The
maximum entropy IRL approach [57], which addresses ambiguities or uncertainties
inherent in human demonstrations, has become popular in autonomous driving
applications. [69] applied maximum entropy IRL to learn individual driving styles
from highway driving demonstrations and reproduce distinct driving policies. [25]
combined maximum entropy IRL with a planning algorithm to automatically tune
the cost function, which exceeds the level of manual expert-tuned cost functions.
However, they either ignored other agents (which is not practical) or used very
simple models (e.g., constant speed) to predict other agents’ actions. In Chapter
3, we propose using sampling-based IRL to infer cost functions for human drivers
and construct a simple environment model that uses log replay and an intelligent
driver model to simulate other agents’ actions when they are influenced. In this
chapter, we improve the prediction module with a neural network-based conditional
prediction model and integrated it into a decision-making module based on IRL

scoring, which allows the framework to extend to complex urban driving scenarios.

5.3 Methodology

The proposed behavior planning framework is illustrated in Fig. 5.1 and consists
of three core components: behavior generation, conditional motion prediction, and
IRL scoring. The behavior generation component synthesizes a diverse set of tra-
jectory proposals by sparsely sampling plausible maneuvers and velocity profiles,
based on the current state and reference route of the AV. The conditional motion
prediction component predicts the trajectories of surrounding agents under each
planned trajectory, providing multiple possible futures for both the AV and other

agents. The features of the different trajectory proposals (including cumulative
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step-wise features over the time horizon and trajectory-level features) are com-
bined with learnable weights to calculate the costs, and the probabilities of tra-
jectory proposals are obtained according to maximum entropy IRL. The behavior
(trajectory proposal) with the highest probability or sampled from the distribution
can be used as a reference trajectory in the downstream trajectory planning, which
further refines the coarse trajectory and generates a well-defined trajectory for the
autonomous vehicle to follow. In this study, we omit the trajectory planning mod-
ule since it is well-established. In the following, we will first formulate the behavior

planning problem and then elaborate on the key components of our framework.

Conditional Motion Prediction
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FIGURE 5.1: The proposed learning-based behavior planning framework

5.3.1 Problem formulation

Consider an arbitrary driving scene consisting of N + 1 agents, where the AV is
denoted as A, and other surrounding agents are denoted as A; (i =1,--- , N). Let
s! represent the physical state of agent i at time step ¢. Assuming the current time
stept =0,8" 5, o= {s"p,, - ,s{} denotes the historical states over a past horizon
of length Tj. Given the joint historical states of surrounding agents X = Sl_%L 05
as well as the map information M, the conventional motion prediction task is
to model the posterior distribution p(Y|X, M), where Y = g}% denotes the
joint states of surrounding agents over a future time horizon T. For conditional
motion prediction, we incorporate additional information on the AV’s potential
future trajectory P = {8, -- | §%f}, which is to model the conditional distribution

p(Y|X, M,P).
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Given the planning and conditional prediction results P and p(Y|P), we utilize
a cost function f to score the results and make decisions. In particular, let
r(P) represent the reward (negative cost) of the planned trajectory and r(P) =
—f(P,p(Y|P); w), where w is the learnable weights. The probability of a planned
trajectory being selected according to the maximum entropy principle is P(P;) =
%. We adopt the IRL algorithm to learn the weights w from expert demon-
strations, which is to maximize the log-likelihood of the expert demonstration tra-

jectory P* being selected: maxy, log P(P*|w).

5.3.2 Behavior generation

We generate different candidate behaviors for the AV in the format of trajectory
proposals. This is done by considering the road structure (available lane cen-
terlines), semantics (changing lanes and lane-keeping, as well as different speed
profiles), and traffic rules (speed limit). The trajectory proposals are generated
by utilizing polynomial curves given the target lane and speed. This process en-
sures that the generated trajectories are dynamically feasible and the behaviors
are correct, interpretable, and compliant with traffic rules. To adapt to complex
road structures in urban scenarios, we represent a trajectory in the Frenet Frame
of the reference path (e.g., the lane centerline) [142] and then translate it back to
the Cartesian coordinate system. We consider a fixed time horizon 1" = 5s be-
cause it can balance prediction accuracy and long-term decisions, and satisfy the
requirement of generating coarse trajectory proposals. Specifically, for the longitu-
dinal s-axis, we specify a set of target velocities at the terminal state ranging from
braking to stop ($(7") = 0) to accelerating to the speed limit ($(7") = viimit), while
the target acceleration is fixed to be 0 (§(7") = 0). We use a quartic polynomial to

parameterize the longitudinal states along the trajectory:
s(1) = ap + a7 + aom* + azt + ayT, (5.1)

where 7 is the time, {ag,---,a4} are the coefficients. Given the initial state
[5(0),5(0), 3(0)] and target state [$(T"), 8(T)], we can calculate the coefficients and

get the longitudinal state at each time step on the trajectory.

For the lateral d-axis, we assume the AV completes the maneuver at the end of the
time horizon, i.e., d(T') =0, d(T) = D, or d(T)) = —D, where D is the distance to
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the neighbor lanes, and fix the end conditions d(T) and d(T) to be 0. We use a

quintic polynomial to represent the lateral states:
I(7) = by + biT + bo7? + bam® + by + bs7, (5.2)

where {b,--- ,bs} are the coefficients of the polynomial. Likewise, given the ini-
tial state [d(0), d(0),d(0)] and target state [d(T),d(T),d(T)], we can calculate the

coefficients and obtain the lateral states.

Expressway Mandatory lane change

Car following Unsignalized Intersection

FIGURE 5.2: Representative examples of the behavior generation process in a
variety of urban driving scenarios

The final trajectory is represented by a sequence of states with regard to the s
and d axis [s(7),d(7)], which is then translated back to the Cartesian coordinate
[z(7),y(7)] given the reference route’s coordinate, heading angle, and curvature
[142]. Approximately 10 — 30 candidate behaviors (trajectory proposals) are gen-
erated depending on the AV’s initial state and road structure. Fig. 5.2 shows
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some representative cases of the module generating candidate behaviors for the AV
according to different road structures. The examples provided demonstrate the ca-
pabilities of our method in handling various scenarios in urban driving. Given the
candidate lane centerlines, our proposed method is capable of addressing nearly all
scenarios on structured roads. More details about the behavior generation process

can be found in section 5.4.2.

5.3.3 Conditional motion prediction

We utilize a conditional motion prediction module to predict the future motions
of other agents conditioned on the AV’s planned trajectory. The prediction mod-
ule needs to address the inherent uncertainties (multi-modality) of other agents’
intentions, and consequently predict a diverse set of future outcomes for other
agents. Particularly, we represent the future outcomes as a Gaussian mixture
model (GMM), where each mixture component corresponds to a joint future state
sequence for all other agents. The state of a multi-agent joint future at each time

step is represented as a Gaussian distribution:
O(Si™P) = N (1u(P), Zu(P)), (5.3)

where p; and 3; are the mean and covariance, respectively. The agents’ historical

states X and map information M are omitted for conciseness.

We model a probabilistic distribution (GMM) over multiple joint future outcomes,

which represents the probability over each predicted future:

p(YIP) = p(Y"P)[]o(Si¥ P, Y"), (5:4)

where K is the number of the mixture components, p(Y*) is the probability of the

k-th component.

The multi-step means and covariances of each future, as well as its probability, are
learned parameters. We design a Transformer-based neural network to fulfill the
conditional prediction task. The architecture of the prediction network is shown
in Fig. 3.5, and the details of the building blocks are described below.
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Input Representations. The prediction network utilizes three diverse sources
of information: vectorized map, agent history, and AV plan. In practice, these
types of information are readily available in a modern autonomous driving system.
The agent history tracks can be obtained by the object detection and tracking
function in the perception system, and the vectorized map can either be obtained
from a high-definition map created offline or from an onboard mapping system.
The candidate plans for the AV are generated using the proposed method. For
each agent, we find its possible driving routes stretching a predefined length (100
meters) and extract the waypoints with a fixed interval (1 meter), as well as its

nearby crosswalk polylines.

Agent History and Map Encoding. The historical states of all agents (includ-
ing the AV) are encoded by different dual-layer long short-term memory (LSTM)
networks for different types of agents (i.e., vehicle, pedestrian, and cyclist). For
each agent, we apply two multi-layer perceptrons (MLPs) to encode the driving
routes and crosswalks respectively. A map waypoint is comprised of spatial at-
tributes, such as its position and heading angle, as well as additional attributes
like speed limit and traffic signals, which are effectively encoded by the MLP as
the latent feature of that waypoint. More details about the encoders can be found
in [113].

AV Plan Encoding. A candidate behavior is represented as a trajectory pro-
posal, which is filled into a tensor with shape (T}, D,). The future state D, of a

planned trajectory consists of the x and y coordinates, heading angles, and speed.
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Specifically, the trajectory is projected to a high dimension with an MLP and the
positional encoding is added, and then we employ a self-attention Transformer en-
coder layer [143] to extract the temporal relation of the trajectory, obtaining the
encoding of a planned trajectory with shape (7, D). The same encoder is applied

to all trajectory proposals.

Interaction Modeling. The agent-agent interaction is modeled by a two-layer
self-attention Transformer encoder, which takes as input the agents’ historical state
encoding and outputs the feature of relations between them, and we remove the
feature of the AV and obtain the agent interaction encoding with shape (N, D).
For each agent in the interaction encoding, we propose an agent-map encoder (two
cross-attention layers and a multi-modal attention layer [16]) to generate different
modes of agent-map interaction features with shape (K, D). All the surrounding
agents share the same agent-map interaction encoder. More details about the

interaction modeling encoders can be found in [113].

AV Plan Fusion. Injecting the AV’s planned trajectory as conditional information
into other agents’ encoded feature to predict their future trajectories is an essential
part of the model. To fuse that information, we design two viable approaches,
namely early fusion and late fusion. We first use a cross-attention Transformer layer
with the agent-agent interaction features as query and AV plan encoding as key and
value and obtain a tensor with shape (N, D) representing the influence of the AV’s
future plan on different agents. In the early fusion approach, an attention-based
fusion mechanism is designed by combining the agent-agent interaction feature
and AV’s future influence as the query to the agent-map interaction module. In
contrast, the late fusion approach simply concatenates the feature of the AV’s future
plan with the final encoding, which is used to decode the future trajectories. We
have also combined early fusion and late fusion (denoted as early + late fusion),
and the effectiveness of the different fusion methods will be evaluated through

experiments.

Decoding. We repeat the agent interaction encoding K times along the zeroth
dimension and concatenate it with the agent-map interaction encoding of all agents
(K, N, D), to generate a final latent representation tensor with shape (K, N,2D).
It contains the necessary information to predict an agent’s future motion, including
its historical physical states, interaction with other agents, relation with the map,

and the influence of the AV’s plan if using early fusion. For late fusion, the influence
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of the AV’s future plan on other agents is also concatenated to the latent represen-
tation tensor, yielding a tensor with shape (K, N,3D). We use an MLP to decode
the Gaussian parameters N (fz O Ly ay) for every agent at every timestep in the
future from the latent representation, outputting a tensor with shape (K, N, T}, 4).
To predict the probability of different futures, which is a tensor with shape (K, 1),
we first use max-pooling to aggregate the information of all agents and then pass
the obtained tensor with shape (K,2D) or (K, 3D) through another MLP.

5.3.4 Inverse reinforcement learning

Although we have obtained the candidate behaviors and other agents’ predicted
reactions through the CMP module, it is still challenging to appropriately evaluate
the behaviors and make human-like decisions. This is because driving behaviors
involve many hard-to-specify nuances, and different individuals may take different
actions even in the same situation. Therefore, we adopt the maximum entropy IRL

method [57] to learn to evaluate these behaviors from human driving data.

Maximum entropy IRL aims to recover the underlying reward functions from
demonstrations of human behaviors. It can address the ambiguity of multiple
solutions and the stochasticity of expert behaviors by recovering a distribution
over all trajectories. In essence, according to the principle of maximum entropy,
the resulting probability distribution over candidate behaviors (trajectories) is:

6_C(<i)

P(G) = W, (5.5)

where (; is a trajectory among the set of candidate trajectory proposals, and ¢((;)

is the cost of that trajectory.

To maintain interpretability, we use a linear cost function, which is a linear com-
bination of different features that characterize the driving behavior, and the cost

of a candidate trajectory is the weighted sum of these features:
c(Q) =wE(Q) = Y _wifi(¢), (5.6)

where w is the weights of the cost function and f(&) is the feature vector of the

trajectory. The features of a trajectory are designed to cover the major concerns
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of autonomous driving, such as travel speed, ride comfort, traffic rules, and most

importantly safety, which are detailed in section 5.4.3.

The objective of IRL is to optimize the cost function weights in order to maximize

the log-likelihood of the expert demonstration trajectories (* € D in the dataset:

w" = arg max Z log P(¢*|w). (5.7)

¢*eD

We can use a gradient-based optimization method with automatic differentiation

tools to optimize the weights.

5.3.5 Learning process

The learning process is divided into two stages. The first stage deals with condi-
tional motion prediction, which involves learning to predict other agents’ behaviors
conditioned on the AV’s future trajectory from a massive amount of interactions
among human drivers. Since we can only get access to the ground-truth trajecto-
ries for the AV and other agents, we use the AV’s ground-truth future trajectory
as the planned trajectory, and other agents’ joint future trajectories are predicted
and conditioned on the information. Although we cannot exactly learn how other
agents would react to the AV’s different plans in a specific scenario from an offline
dataset, the CMP model is capable of predicting reactive and different behaviors
of other agents given different plans. This is because the model can learn the re-
actions of other agents in a wide variety of scenarios where the AV takes different
plans, and then generalize to predict other agents’ reactions to different plans of

the AV in a specific scenario.

To train the CMP module (a deep neural network parameterized by 6), for each
agent at a specific future time step, we adopt the negative log-likelihood (NLL)
loss on the GMM parameters:

Lovp = —10g N (Ye = e, 003 Yy — piy, 0:p = 0)
L (Yo— 1 \> (Y- > (5.8)
:10g01+10gay+—<< o ) + <y_,uy> )—logpiw

2 Oy oy
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where (Y;,Y)) represents the ground-truth position, k is the selected predicted fu-
ture with the closest joint trajectories to the ground-truth ones measured by the
L2 distance, p; is the predicted probability of the selected Gaussian component.
Note that we take the joint loss formulation by aggregating the losses of all agents
jointly in the best-predicted future, meaning all agents have the same best predic-
tion mode k. We adopt the cross-entropy loss in the above equation to maximize

the probability of the selected Gaussian component.

In the second stage, we concentrate on learning the cost function weights for eval-
uating the candidate plans. After obtaining the well-trained CMP module, which
outputs the possible trajectories of other agents given a planned trajectory, we
can query the module for all the generated plans and obtain a set of future pre-
dictions. We then calculate the features and costs of all these futures (including
features of the AV’s trajectory and safety features considering other agents), and
consequently, the distribution of planned trajectories. We impose the NLL loss on
the distribution, which favors the trajectory that most closely matches the expert

demonstration in feature space:

M=

£IRL = — 1(m = Th) 10g P(Pm|W), (59)

m=1
where P,, is a planned trajectory, w is the learnable weights, M is the number of
generated plans, and m is the index of the plan with the closest end-point distance

to the ground-truth trajectory.

5.4 Experiments

5.4.1 Dataset

We train and validate the proposed framework (CMP and IRL modules) on the
Waymo Open Motion Dataset (WOMD) [144], a large-scale real-world driving
dataset containing 104, 000 unique scenes (each 20 seconds long at 10 Hz) collected
from 570 hours of driving and over 1750 km of roadways. The WOMD dataset
provides annotated high-definition map data (e.g., lane polylines, lane connectiv-

ity, speed limits, and traffic signal states) and high-accuracy agent track data (e.g.,



116 5.4. Experiments

coordinates, heading angles, velocities, and bounding box sizes), which is suitable

for both prediction and planning tasks.

In our experiments, we select 10,156 scenes from the dataset, allocating 80% for
training data and the remaining 20% for testing data. In each scene, we split
the 20-second long track data into several 7-second tracks with a sliding window,
where the observation horizon is 2 seconds and the prediction/planning horizon is
5 seconds into the future. Each scene includes one track labeled as the self-driving
car, which we choose as the AV for behavior planning, while its surrounding traffic
participants are the agents to predict. We only utilize the AV track in each scene
to train the IRL scoring module because they do not contain aggressive and unsafe
behaviors. Eventually, we obtain 113,622 training data points and 28, 396 testing
data points. For the CMP module, all the data points are used for model training
and evaluation of the prediction performance. For the IRL scoring module, we
focus on the high-level behavior planning task and thereby filter those data points
where the AV’s average speed is less than 3 m/s (e.g., waiting at a red light), as
well as a portion of data points where the AV cannot make lane changes. The
amount of training data for the IRL scoring module after the filtering is 10, 564

and testing data for evaluating the planning performance is 2, 246.

5.4.2 Behavior generation

To handle the complex road structures in urban areas, we generate candidate be-
haviors in the Frenet Frame of the given reference route, allowing us to separate
the behaviors in the longitudinal and lateral directions. In the longitudinal direc-
tion, 10 target speeds are evenly sampled in the range [0, vimit], Wwhere v, is the
speed limit of the route. In the lateral direction, according to the road structure,
we specify the target lateral displacement to complete a lane change. For example,
if there is a left lane adjacent to the reference route that allows lane changing,
we set the lateral displacement to be D, which is the distance from the current
lane to the centerline of the left lane. The number of target lateral displacements
varies with the road structure, ranging from 1 (keep lane) to 3 (keep lane, change
left, and change right). The different target speeds and lateral displacements are
combined to generate candidate trajectories in Frenet space. These trajectories are
then translated back to Cartesian space and fed to the CMP module.
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5.4.3 Feature design

To maintain the interpretability of the planner, we design a set of representative
features (scalar values) to characterize a candidate decision (trajectory). We com-
pute the features for each candidate trajectory, and the cost of the trajectory is
the sum of these features multiplied by the corresponding learnable cost weights:
c(¢) = >, wifi(¢). The designed features are described as follows.

Travel efficiency. We use the difference between the current speed and speed
limit to represent travel efficiency while also obeying traffic rules. The difference
is normalized by the value of the speed limit to balance high-speed and low-speed
cases, and the feature takes the average value over all timesteps along the trajec-

tory:
Ty

ftravel(() ! Z wa (51())

Ty~ Viimit

where v, is the speed of the trajectory point at time step ¢, and vy, is the speed

limit of the road.

Maximum acceleration. The maximum acceleration (m/s?) along the trajectory

is used as a measure of ride comfort, which is denoted as:

max; |ale"

facc(C) R P — (511>

lon
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where al" is the longitudinal acceleration of the trajectory point at time step t,

lon

and a0

=5 m/s? is used to normalize this feature.

Maximum jerk. In addition to acceleration, we use the maximum jerk (m/s?)
along the trajectory to represent the ride comfort in the longitudinal direction:

max; |j¢|

Jienc(C) = : (5.12)

]max

where 7, is the longitudinal jerk of the trajectory point at time step ¢, and jax =
10 m/s?.
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Maximum lateral acceleration. The maximum lateral acceleration (m/s?) in

the lateral direction is adopted as another measure of ride comfort:

max; |al®|

flat,acc(é-) == 5 (513)

lat
Amax

where al® is the lateral acceleration of the trajectory point at time step ¢, and

lat  __ 2
a =5m/s%

The computation of the following features requires an estimate of other road users’
states in the future, which is given by the CMP module. Note that we take the
mean values of the predicted Gaussian at each timestep as a road user’s state in

calculating these features.

Headway. The AV should keep a safe longitudinal distance to the leading vehicle,
which is dependent on the speed of the AV. We employ the concept of time headway

and define the headway feature as follows.

Kot (5.14)

where AsF is the longitudinal distance between the AV and leading vehicle at
timestep t according to k-th predicted future, and v; is the speed of the AV at
timestep t. We take the minimum value of time headway in the time horizon
and average across all predicted futures by their probabilities. Then, we use a
Gaussian radial basis function (RBF) to compute the headway feature, which aims

to penalize the states the AV is too close to the leading vehicle.

Lateral distance. The AV should maintain a safe lateral distance from other

vehicles, and thus we set up a feature to represent safety in the lateral direction.

(5.15)

where AlF is the lateral distance between the AV and the closest vehicle on the
sides of the AV at timestep t. Likewise, the minimum lateral distance in the time

horizon from each predicted future is obtained and then weighed by the probability
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of the future. We also use a Gaussian RBF to compute the lateral distance feature,

and if no other vehicles are on the sides, this feature is set to 0.

Safety. The safety feature explicitly considers the collisions between the AV’s
planned trajectory and other vehicles’ predicted trajectories, as well as uncertain-
ties. At each time step, we calculate if the AV’s planned state violates the spatial

occupancy of any other agents in a given predicted trajectory.
1 ik
fsafety = ? Zpk Z mzax 1ove7"lap(st7k7 Sg), (516)
k t

where éi’k is the predicted state of agent i at timestep ¢ in the k-th future, 8Y is the
state of the AV, and 1,,¢,14p is an indicator function, which emits 1 if the bounding
box of the AV overlaps with an agent’s bounding box and 0 otherwise. If the AV
collides with any other agents at timestep t, the frame is counted as a collision,
and the collisions are summed across all time steps in the time horizon. The final
safety feature averages the collision times from each predicted future weighted by

their probabilities.

5.4.4 FEvaluation metrics

To evaluate the prediction performance, two established metrics for behavior pre-
diction are used, which are the minimum Average Displacement Error (minADE)
and minimum Final Displacement Error (minFDE). minADE measures the aver-
age displacement of each point in the closest joint trajectories to the ground truth,
while minFDE calculates the displacement error between the final point of the joint
predicted trajectories and the ground truth. The prediction errors are averaged for

all agents in the joint trajectories.

We use a set of metrics to evaluate the behavior planning performance (primarily
focusing on the closeness to human driving trajectories): minFDE between the top-
3 most likely planned trajectories and the ground-truth one, the accuracy of any of
the top-3 most likely planned trajectories matching with the ground-truth one, and
intention accuracy. We choose the top-3 accuracy because our planning framework
is probabilistic, which can also address the stochasticity of human driving behav-
iors. In addition, we decrease the granularity of behaviors to discrete intentions,

i.e., acceleration and deceleration in the longitudinal direction and lane change in
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the lateral direction, and we calculate the accuracy of our model in identifying the

intentions.

5.4.5 Implementation details

The parameters of the prediction module are listed in Table 5.1. For all Transformer
modules in the network, the number of attention heads is 8, the hidden dimension of
the feed-forward network is 1024, and the activation function is ReLU. Every dense
layer, except for the output layer, is followed by a dropout layer with a dropout
rate of 0.1. The network outputs the displacements relative to an agent’s current
position instead of the original coordinates, which could significantly improve pre-
diction accuracy. We train the prediction module with the Adam optimizer, and
the learning rate with an initial value of 2e-4 decays by a factor of 0.5 every 5
epochs. The batch size is 32, and the total number of training epochs is 30. We

clip the gradient norm of the network parameters with the max norm set at 5.

TABLE 5.1: Parameters of the prediction module

Symbol Meaning Value
Th Length of historical timesteps 20
Ty Length of future timesteps 50
D, Dimension of AV plan features 4
D Dimension of embedding 256
N Number of surrounding agents to consider 10
K Number of predicted futures 3

For training the IRL-based planner (i.e., learning the cost function weights), we
use the Adam optimizer with a learning rate that starts at le-2 and decays by a
factor of 0.9 every 50 steps. We also add L2 regularization on the cost function
weights with a weight decay value of le-2 to prevent overfitting. The mini-batch
size is 64 and the total number of training steps is 500. To check if a collision
occurs between the AV and another object at a specific timestep, we approximate
each object via a list of circles given their poses. The circles from the AV and the
other object are paired, and if the distance between any pair of circles’ centers is
smaller than a threshold, it is considered that the two objects intersect and thus a

collision happens. More details about the collision indicator can be found in [145].
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5.5 Results and Discussions

5.5.1 Prediction performance

We first evaluate the performance of the conditional motion prediction module and

report the results in both quantitative and qualitative manners.
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FIGURE 5.4: Quantitative results of the conditional prediction module with
different fusion approaches

Quantitative results. Fig. 5.4 shows the quantitative prediction accuracy results
in the testing set for different network structures. Here, we use the ground-truth fu-
ture trajectory of the AV as its planned trajectory and feed it to the CMP network.
The structure of the non-conditional prediction model is the same as our proposed
prediction model, except that the AV plan encoding and fusion part is removed.
The results demonstrate that the early-fusion structure significantly outperforms
the others, showing an approximately 10% improvement in prediction metrics com-
pared with the non-conditional prediction. This clearly suggests that leveraging
future information of the controllable agent (AV) could allow the prediction module
to be more informed and the results more accurate. Nevertheless, the structure of
fusing the AV’s future information needs careful design. Here, we investigate three
fusion structures: the early fusion structure treats the AV’s future information as
part of the query to the agent-map interaction encoder; the late fusion setup feeds
the AV’s future information only at the final decoding stage; and the early+late
fusion structure employs both early and late fusion approaches. As the results in-
dicate, the late-fusion or early-late-fusion variant performs significantly worse than
the early-fusion structure and even worse than the non-conditional prediction net-
work. This implies that early fusion is a more effective structure in CMP modules,

and late fusion may negatively influence the prediction results.
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FIGURE 5.5: Qualitative results of the conditional prediction module to predict
multiple futures for surrounding agents given a planned trajectory

Multi-future prediction. Since the early fusion CMP module achieves the best
prediction performance, we demonstrate the network’s ability to jointly predict
multiple futures for surrounding agents based on the early fusion structure. Fig. 5.5
shows three representative driving scenarios, each with three possible predicted fu-
tures given a single planned AV trajectory, and we use the ground-truth AV trajec-
tory as the conditional information input to the CMP model. The prediction model
can capture the multi-modality of agents’ behaviors in accordance with the road
structure and generate other agents’ joint future trajectories in a scene-consistent
manner (i.e., no self-collisions between predicted trajectories). The model can also
assign a probability to each predicted future, and the predicted future closer to

the ground-truth one is assigned with a higher probability. The results reveal the
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model’s capability to handle the uncertainty of the future under the same future

plan, thus enabling the downstream planner better evaluate the plan.
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FIGURE 5.6: Qualitative results of the conditional prediction module to predict
other agents’ behaviors according to the AV’s planned trajectory

Conditional prediction. We also adopt the early fusion structure as the pre-
diction model and display the network’s ability to predict other agents’ behaviors
conditioned on the AV’s different plans in Fig. 5.6. Note that only the most-likely
prediction result given an AV’s plan is shown for clarity. In Scenario 1, the AV is
interacting with a vehicle that may conflict with the AV’s route at an unsignalized
intersection. Under the yield decision (Plan 1, target speed is 0), the other vehicle
is predicted to pass first and the vehicle behind the AV is predicted to stay still.
When giving a pass decision (Plan 2, target speed is high) to the AV, the other
vehicle is predicted to yield and the vehicle behind starts moving. In Scenario 2,
an expressway, we can see that if the AV chooses to decelerate (Plan 1), the vehicle
behind the AV is predicted to decelerate too and keep a safe distance (compared to
Plan 2). In Scenario 3, the other vehicle is predicted to slow down if the AV plans
a lane change to avoid the congested lane (Plan 1) and maintain its speed if the AV
plans to decelerate in its current lane (Plan 2) without interfering with other ve-
hicles. However, the model cannot completely make reactive predictions for other
agents, which means other agents may not react to the AV’s different plans and
cause collisions in some plans, as shown in Scenario 4. This is because some of
the AV’s candidate plans deviate from the training data or normal behaviors and

the model cannot make reactive predictions in such situations. Nonetheless, such
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plans will be ruled out by the downstream planner, which encourages the planner

to choose plans that comply with the training distribution from real-world data.

5.5.2 Planning performance

Qualitative results. We utilize the testing set with 2,246 urban driving scenes
to evaluate the behavior planning performance of our method. We first display the
qualitative results in Fig. 5.7, showing the proposed method’s capability to predict
other agents’ trajectories and select appropriate behaviors in some representative
driving scenarios. For each scenario, we present four candidate behaviors and
their normalized scores. Only the predicted future with the highest probability is
shown for clarity. Scenario 1 illustrates a car-following scenario on a multi-lane
expressway, where the AV should keep a safe distance from the leading vehicle.
Plan 1, which is the closest to the ground truth, has the highest score among
candidate trajectories. Other candidate plans (e.g., Plan 2 with lower target speed
and Plan 3 with higher target speed) have lower scores because they would lead to a
smaller headway to the leading vehicle (unsafe behavior) or unnecessary speed loss.
Changing lanes (Plan 4) is also unfavorable as it would induce unnecessary lateral
discomfort without increasing the speed. In Scenario 2, the AV needs to deal with a
cut-in vehicle from the right lane while interacting with other vehicles. Our method
selects the lane-changing behavior (Plan 1) with the highest score because it safely
avoids the collision risk with the cut-in vehicle and also speed loss. However, if the
AV attempts hard braking to yield to the cut-in vehicle (Plan 2), there is a risk
that the vehicle at the rear end could collide with the AV, and thus this plan has
a near-to-zero score. Other candidate plans, such as slowing down without lane
changing (Plan 3) and accelerating to overtake the cut-in vehicle (Plan 4), have low
scores because they sacrifice the safety gap to the leading vehicle. In Scenario 3,
slowing down and yielding to the cut-in vehicle (Plan 1 and Plan 2) have the higher
scores because either accelerating (Plan 3) or changing lanes (Plan 4) could result
in collision risks. The results suggest that the learned cost function can properly
score different candidate plans according to the plan itself and also the conditional
prediction result, and the behaviors (trajectory proposals) closest to ground truth

can be assigned with the highest scores in most cases.
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FIGURE 5.7: Qualitative results of the behavior planning module to properly
score different candidate plans

Quantitative results. To compare the model’s planning performance, we set
up several baseline methods and apply them to the behavior planning task in
the testing scenes. Neural network classifier: we build a neural network that
takes as input the planned trajectories and predicted trajectories from the CMP
module and directly outputs the score of each planned trajectory. The neural
network is trained with the classification (cross-entropy) loss and the same training
data for planning. Neural network regressor: we construct another neural
network to directly output the target speed in the longitudinal direction and a
value indicating lane change in the lateral direction. The network utilizes the
backbone of the CMP module, which takes as input the information of the AV’s
and other agents’ historical states and the map information. The network is trained
with the mean squared error loss between the outputs and label speed and lane
change indicator. Model-based: we use the intelligent driver model (IDM) to
compute the desired speed and the minimizing overall braking induced by lane

changes (MOBIL) algorithm to decide the lane-changing maneuver [146]. For the
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neural network regressor and model-based methods, a trajectory can be obtained
given the target speed and lane change. We compare the obtained trajectories from
different methods against the ground-truth trajectories in each scene and report

the results in Table 5.2 considering the evaluation metrics previously defined.

TABLE 5.2: Evaluation of the planning performance in comparison with baseline

methods

| minFDE  Accuracy (%) Speed Acc. (%) Lane Acc. (%)
Model-based 7.59 - 75.15 75.63
NN regressor 5.66 - 91.08 85.56
NN classifier 291 68.61 96.59 89.91
Ours 2.78 69.88 95.40 90.12

The results in Table 5.2 reveal that our proposed method delivers human-like
decision-making ability in terms of the position error to human driving trajec-
tories and the accuracy of choosing closed-to-human behaviors. The performance
of our method in making intention-level decisions is superior, reaching over 95%
of accuracy in target speed and over 90% of accuracy in target lane compared to
ground-truth human driving data. The NN classifier method, which can be re-
garded as deep IRL, attains similar performance to our approach. However, the
interpretability of such a method is compromised. On the other hand, the per-
formance of the NN regressor method is inferior, which shows the drawback of
learning-based methods that directly output decision values, lacking interpretabil-
ity and robustness. The model-based method performs the worst because they are
based on simple mathematical formulations and rules and are thereby not applica-

ble to complex urban driving scenarios.

5.5.3 Effects of the prediction model

We investigate the influence of the prediction module on the downstream planning
performance of our method. We utilize different prediction models in the behav-
ior planning framework and test the planning performance in the same testing
driving scenes. In addition to the proposed conditional prediction model (with
early fusion structure), other prediction models used are listed as follows. Non-
conditional: we remove the AV plan encoding and fusion parts from the proposed

conditional prediction model. Model-based: we use the constant turn rate and
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velocity (CTRV) model to predict the surrounding agents’ future trajectories, but
the model’s prediction accuracy is very limited. Oracle: we use the ground-truth
future trajectories as the predicted trajectories of surrounding agents to reveal the
upper bound of the influence of prediction accuracy. We report the primary plan-

ning evaluation metrics, i.e., minFDE and accuracy, and the results are given in
Fig. 5.8.

The results indicate that prediction accuracy plays an important role in ensur-
ing the downstream planning performance, and using a learning-based prediction
model can significantly improve prediction accuracy and consequently planning
performance compared to a kinematic-based prediction model. Moreover, using
the conditional prediction model in the planning framework outperforms the non-
conditional model, which emphasizes the benefit of leveraging the AV’s future plan
information in a prediction model. We also find that planning with the proposed
conditional prediction model has comparable performance to the oracle method,
which suggests that the conditional prediction model could better reflect the real-
world interaction dynamics. However, planning errors still exist even when using
the oracle model. First, the generated trajectory proposals are limited and coarse
and cannot cover all the possible trajectories that a human driver may take. Sec-
ond, the limitation of evaluation is that the IRL module only uses a linear cost
function, which cannot fully reflect a human driver’s actual evaluation of costs, and

thus the scoring of the generated trajectories may not be accurate in some cases.
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FIGURE 5.8: Evaluation of the influence of different prediction models on the
planning performance
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5.5.4 Effects of the cost function

We investigate the influence of the cost function to evaluate the candidate plans
and the final planning performance. Here, we fix the prediction module as the
proposed conditional prediction method and introduce two other baseline methods
to obtain the cost function. Manually tuned: we manually tune the cost function
weights according to a human expert’s experience. Maximum-margin: we learn
the cost function with the same training data using the max-margin method [147],
which is also a popular IRL algorithm. The results of planning performance with

different cost functions derived from different methods are summarized in Fig. 5.9.

We conclude that learning the cost function from data can significantly improve
the evaluation of the candidate behaviors and human-likeness compared to using
a manually tuned cost function. In addition, the maximum-entropy IRL method
and the maximum-margin IRL method have similar planning performance, but
the max-entropy method marginally outperforms the max-margin method. The
results underscore the importance of learning the cost function from data rather

than tuning it manually.
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FIGURE 5.9: Evaluation of the influence of cost functions derived from different
methods on the planning performance

5.5.5 Computation time

We compare the computation time of different methods, and all methods run on an
NVIDIA RTX 3080 GPU. For the conditional prediction methods, there are two
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inference approaches: 1) single, which means we query the prediction model for each
planned trajectory; 2) batch, which means we organize all the planned trajectories
into a batch and repeat the environmental context tensors to match with the plan
queries. The results in Table 5.3 reveal that the batch processing method can
significantly reduce the computation time by paralleling the conditional prediction
process. The computation time is sufficient to satisfy the real-time requirement,
as behavior planning runs at a lower frequency (< 2 Hz). The single processing
method that frequently queries the prediction model for multiple candidate plans
has the longest computation time and is not suitable for real-time usage. The
non-conditional method has the shortest computation time, but the planning and
prediction performance is a trade-off. In addition, the early fusion method runs

slightly faster than the late fusion method.

TABLE 5.3: Comparison of computation time of different methods

Method | Inference  Time (ms)
Non-conditional - 68
. Single 928
Early fusion Bateh 145
. Single 963
Late fusion Bateh 149

We also report the computation time for learning the cost function using IRL. Note
that IRL is only conducted offline, and the learned cost function is then directly
used in online testing. The computational requirements for IRL are minimal, as
only a few parameters in the cost function are learnable, but the computation of
features may take up a large amount of time. Specifically, the computing time of
a single IRL iteration (64 scenes in a batch) is approximately 28 seconds. Within
this time, 9 s are used to query the conditional prediction module for the responses
of other agents, and the remaining 19 s are spent on computing the feature vec-
tors of different plans for all scenes across the batch. We iteratively feed different
plans to the CMP model and use batch processing to obtain the prediction results
and compute the features, to improve the computation efficiency. Nevertheless,
computational time is not a major concern in offline learning, and only a few
hundred iterations are required to finish the learning process of the cost function
weights. When using the scoring module in online testing, computing the feature
vector of one candidate AV plan requires 120 ms. To meet the real-time require-

ment, we can parallelize the computing process to obtain the feature vectors of
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all candidate plans. Consequently, considering the computation time of genera-
tion, prediction, and scoring, our proposed framework can perform the behavior

planning task within an acceptable time frame (< 400 ms).

5.5.6 Discussions

The proposed framework in this study tackles the behavior planning task, which
is one of the critical challenges in autonomous driving, by dividing it into predic-
tion and scoring processes. Compared to other learning-based methods that only
output the decision values, the proposed framework learns prediction and cost to
evaluate candidate plans, which improves the safety, interpretability, and reliability
of the system. Based on the overall framework, we propose a conditional motion
prediction model that can forecast other agents’ future trajectories according to
the AV’s potential future plan, which tightly couples the prediction and planning
modules. Experimental results showed that the proposed framework outperforms
traditional model-based methods and neural network-based methods that directly
output decision values in terms of human-likeness and similarity to human behav-
ior. The proposed conditional prediction model and learning the cost function with
inverse reinforcement learning both play important roles to ensure the proper and

human-like evaluation of candidate plans.

However, some limitations of this study should be acknowledged. One limitation
is that the validation is performed in an open-loop manner because the low-level
trajectory planner and controller are ignored. Future work will test the proposed
behavior planner in a closed-loop simulator to fully manifest its capabilities. Addi-
tionally, this study did not investigate the performance of the proposed framework
in safe-critical scenarios, such as encountering road obstacles or navigating complex

intersections, which will be addressed in future work.

5.6 Conclusions

In this chapter, we propose a learning-based predictive behavior planning frame-
work that consists of three core modules: a behavior generation module, a condi-

tional motion prediction module, and a scoring module. Our proposed framework
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aims to address one of the major challenges in autonomous driving, namely, behav-
ior planning, by separating it into prediction and scoring processes. Compared to
other learning-based methods, our framework learns both prediction and cost func-
tions to evaluate candidate plans, which can lead to better safety, interpretability,
and reliability of the system. We conduct extensive experiments on a large-scale
real-world urban driving dataset to validate the proposed framework. The qual-
itative results demonstrate that the conditional prediction module can provide
multi-modal futures given a candidate plan and reactive predictions to different
plans. Furthermore, the scoring module, with the learned cost function, can se-
lect plans that are close to human-driving ones. The quantitative results suggest
that the early fusion structure is the most effective for the conditional prediction
model. Moreover, we find that the conditional prediction model not only improves
the prediction accuracy but also facilitates the downstream scoring module to bet-
ter evaluate candidate decisions, leading to more human-like behaviors. Lastly,
we emphasize that learning the cost function is crucial in correctly evaluating the
candidate plans to align with human values. Overall, we believe that our pro-
posed framework represents a significant step forward in addressing the challenges

of behavior planning in autonomous driving.






Chapter 6

Learning Differentiable and

Integrated Framework

In this section, we present a unified framework that combines the three key mod-
ules in the decision-making framework. We propose a differentiable and integrated
prediction-planning framework (DIPP) that can learn the cost function from data.
Our framework utilizes a differentiable nonlinear optimizer as the motion planner,
which takes predicted trajectories of surrounding agents provided by the neural
network as input and optimizes the trajectory for the autonomous vehicle. This
design allows all operations, including the cost function weights, to be differen-
tiable. To train the proposed framework, we use a large-scale real-world driving
dataset to imitate human driving trajectories in various driving scenes. We val-
idate the framework in both open-loop and closed-loop manners. The open-loop
testing results demonstrate that the proposed method outperforms the baseline
methods across multiple metrics and produces planning-centric prediction results,
enabling the planning module to generate trajectories similar to those of human
drivers. In closed-loop testing, the proposed method surpasses various baseline
methods, showcasing its capability to handle complex urban driving scenarios and
its robustness against distributional shifts. Notably, we find that joint training
of the planning and prediction modules achieves superior performance compared
to planning with a separately trained prediction module, both in open-loop and
closed-loop tests. Furthermore, the ablation study highlights the significance of the
learnable components in the framework, as they are crucial for ensuring planning

stability and optimal performance.

133
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6.1 Introduction

Making safe, socially-compatible, and human-like decisions is a fundamental ca-
pability of AVs. While learning-based end-to-end decision-making methods, such
as imitation learning and reinforcement learning [3], have enjoyed vigorous growth
recently, they still lack interpretability, robustness, and safety compared to classic
planning-based methods [138,; 148, 149]. Nonetheless, to make safe and smooth
plans in complex traffic scenarios, the key is to accurately forecast the future tra-
jectories of surrounding traffic participants [16, 106, 150, 151]. The current au-
tonomous driving stack treats prediction and planning as separate and sequential
parts (see Fig. 6.1(a) traditional sequential prediction and planning), which means
the prediction module is independent of the planning module. The problem with
this setting is that prediction and planning tasks are highly interrelated and inter-
dependent tasks, especially when the AV interacts with other traffic participants
in urban areas. Moreover, another challenge with the traditional method is how to
specify the cost function that can properly evaluate future motion plans and achieve
a delicate trade-off between different requirements, e.g., collision avoidance, travel
efficiency, and ride comfort. Manually tuning the parameters of the cost function is
laborious and time-consuming, and might only be applicable in certain scenarios.
Although some methods have been proposed to learn the cost function from driving
data, such as continuous inverse optimal control (CIOC) [73, 152], sampling-based
maximum-entropy inverse reinforcement learning (IRL) [19], as well as max-margin
method [125], they are not coupled with the prediction module and rely on the im-
practical assumption that the prediction results are perfect. Some other methods
have turned to a pure data-driven setting [87], which utilizes a holistic model to
directly output planned AV trajectory while predicting other agents’ future tra-
jectories (see Fig. 6.1(b) end-to-end method), implicitly handling the interactions
between agents. However, such methods lack safety guarantees and reliability for

the decision-making task in safety-critical applications.

In this chapter, we propose a novel framework called differentiable integrated pre-
diction and planning (DIPP), as shown in Fig. 6.1(c). The objective of the DIPP
framework is to make the prediction module aware of the downstream planning
task, so as to deliver planning-aware prediction results to the motion planner,
without altering the established structure of the prediction-planning process. The

principle of the DIPP framework is to implicitly change the prediction of other



Chapter 6. Learning Differentiable and Integrated Framework 135

(a) Traditional sequential forecasting and planning
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FIGURE 6.1: Three existing different motion planning paradigms

agents’ future behaviors in the training process, where the planning error of the
AV could also influence the prediction results of other agents, enabling the plan-
ner to make better and human-like plans at test time. Specifically, we construct a
Transformer-based neural network to forecast the future trajectories of surrounding
agents simultaneously. Then, the prediction results are channeled into a differen-
tiable motion planner (optimizer), which explicitly plans a trajectory for the AV.
When training the framework, the AV’s planned trajectory is compared against
the human driving one and the planning loss can be back-propagated to the pre-
diction module and cost function, to alter the prediction results and automatically
adjust the cost function with the objective of making human-like plans. Here,
we assume the perception results (e.g., detecting and tracking of moving objects
[153], localization, and mapping) are accurate and focus on the joint prediction and
planning problem. The proposed DIPP framework is trained to match the human
driving trajectories (interactions among humans) in the entire driving scene and

tested in both open-loop and closed-looped manners. In open-loop evaluations, we
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compared the planned trajectories of our framework directly against human tra-
jectories without executing the plan, while in closed-loop evaluations, we unrolled
the planned trajectory in simulation to test its performance in deployment scenar-
ios. The results show that our framework is able to deliver more planning-centric
prediction results, enabling the system better adapt to the scenarios in which they

are deployed. In summary, the main contributions are listed as follows:

e We propose a fully differentiable structured learning framework that inte-
grates prediction and planning modules for autonomous driving, enabling
the prediction results better fit to the downstream planning task and the

cost function learnable from real-world driving data.

e We train the proposed framework with a large-scale real-world driving dataset
that covers a wide variety of complex urban driving scenarios and validate it

in both open-loop and closed-loop manners.

e We demonstrate that the proposed framework outperforms the baseline meth-
ods in both open-loop and closed-loop tests and conduct an ablation study

to investigate the importance of each component.

6.2 Literature Review

6.2.1 Multi-agent prediction

There has been a growing body of learning-based approaches for trajectory predic-
tion to excellent effect because deep neural networks can handle complex environ-
ments with multiple interacting agents and various road structures. Some works
[16, 84, 85, 154] utilizing vector representation of scene context and Transformer-
based networks have advanced the forecasting accuracy even further. However,
most of the existing models are formulated to predict each agent’s future trajectory
independently, which is computationally inefficient and might produce inconsistent
results. Thus, some approaches focus on multi-agent joint prediction to generate fu-
ture trajectories for all agents of interest in a consistent manner [91, 106, 155, 156].
Importantly, using the multi-agent prediction method can allow the model to cap-

ture the interactions between agents and facilitate the planning task. Therefore, in
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our proposed framework, we employ the multi-agent prediction setting and provide
each agent with a local vectorized map that shows the possible lanes and nearby
crosswalks. We utilize Transformer modules to model the interactions between

agents and their relations to different elements on the local map.

6.2.2 Motion planning

Motion planning is a long-researched area and there are a variety of approaches
such as trajectory optimization, graph search, random sampling, and more re-
cently learning-based methods. Learning-based methods employ neural networks
as driving policies that generate actions or trajectories directly from sensor inputs
or perception results, such as deep imitation learning [20, 157] and reinforcement
learning [158-160]. Though simple and efficient, the neural network-based motion
planner suffers from poor interpretability and generalization capability and also
lacks stability and safety guarantees. Therefore, we turn to classic motion plan-
ning methods [138] and a popular choice is an optimization-based method as it is
flexible and achieves maximal control of the trajectory. In particular, we employ a
differentiable least-squares nonlinear optimizer as the motion planner, so that the
optimizer can be integrated into the neural framework and its parameters (e.g.,
cost function weights) can be learned at the same time. In contrast to other plan-
ning methods that often work in static environments or assume a perfect prediction
of surrounding obstacles, our proposed approach integrates the prediction of the
surrounding agents and jointly trains the predictor and planner to achieve better

performance of robustness.

6.2.3 Joint prediction and planning

Driving in dense and interactive traffic requires joint reasoning of other agents’
future behaviors and the AV’s plans [87, 97, 116] to make active and human-like
decisions. One promising framework is to generate a set of candidate trajectories
for the AV and predict other agents’ future trajectories conditioned on the AV’s
planned trajectories [93], and the best planning trajectory could be selected after
evaluating these candidate plans and corresponding prediction results [114, 116,

117]. For example, an interactive prediction and planning framework is proposed
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in [97], which can predict other agents’ future states according to a planned state
sequence of the ego vehicle. The planner in their approach uses a cross-entropy
method to sample a large number of action sequences and has to iteratively query
the prediction model to get other agents’ responses, which may significantly slow
down the planning process. In contrast, our method enables the prediction model
to output planning-aware prediction results and implicitly captures the influence
of the ego vehicle’s future actions during the training process. This allows the
planner to generate human-like plans in response to the prediction results during

test time without requiring iterative queries to the prediction model.

Another promising framework is the end-to-end holistic neural network model that
implicitly captures the prediction-planning interactions in the latent space, such
as SceneTransformer [87], which jointly outputs a motion plan for the AV and pre-
dicted trajectories for other agents. Although end-to-end models enjoy enhanced
accuracy and simple inference, they cannot explicitly compute the feedback loop
between planning and prediction from open-loop and offline training and thus can-
not guarantee safety. Another challenge of such methods is the distribution shift
encountered when the predicted actions are rolled out in deployment. Therefore,
some other methods, e.g., MATS (Mixtures of Affine Time-varying Systems) [161],
have tried to couple the prediction model with classic optimization methods be-
cause of their interpretability and reliability. MATS predicts the parameters of
a linear-affine dynamical structure, which are utilized by a model predictive con-
troller (MPC) for motion planning. Though efficient due to a small number of
parameters, MATS does not incorporate the scene context in forecasting, and its
performance is compromised. We propose to output the trajectories of surround-
ing agents using a neural network and combine it with differentiable optimization
steps that explicitly consider ride comfort, safety, and traffic rules, making the
feedback between planning and prediction differentiable and enhancing both safety

and human driving similarity.
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6.3 Methodology

6.3.1 Problem formulation

We formulate the driving scene with the AV and a varying number of diverse
interacting traffic participants as a continuous-space discrete-time system (time
discretization is uniform), where the AV is denoted as A, and other agents are
denoted as Aj,...,Ay. Each agent including the AV has a semantic class (i.e.,
vehicle, bicycle, or pedestrian), and its state at time ¢ is denoted as si, where
¢ is the agent index. We also introduce the scene context, such as a vectorized
high-definition map and traffic light signals, to the system and denote it as M.

Assuming the current time step is t = 0, given the historical states of all agents
0:N
:0

for the previous H timesteps X = s and the scene context M, the predictor
needs to predict K possible joint future trajectories of all agents for the next
T timesteps {Yilk = 1,--- K}, Y = 8% where 8! is the predicted state of
agent i at future timestep ¢, and the probability of each future {py|k =1,--- , K}.
The planner needs to further optimize the AV’s future trajectory according to the
initial trajectory of the AV &) .., the prediction results of other agents, and the cost

function.

Accordingly, the proposed framework consists of two main components, as illus-
trated in Fig. 6.2. The first component utilizes a neural network predictor to
forecast the future states of surrounding agents and generate the initial plan for
the motion planner. This predictor embeds the historical trajectories of agents and
scene context into high-dimensional spaces, producing key representations (K),
value representations (V), and query representations (Q) for the attention mech-
anism [143] within the interaction modeling modules. By establishing interaction
relationships, this module determines the different possible future trajectories for
each agent and their associated probabilities. The second component employs a
differentiable optimizer as a motion planner, explicitly determining a future tra-
jectory for the autonomous vehicle based on the most probable prediction outcome
and the initial motion plan. Specifically, we formulate the motion planning prob-
lem as a nonlinear least squares problem. The optimization variables (u) represent
the action sequence, while u’ C u denotes a subset of the action sequence. The
predicted states of other agents (8), individual costs (¢;), and cost weights (w;) are

incorporated into the objective function, which is a sum of squared cost terms.
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These cost terms encompass various driving factors, such as travel efficiency, colli-
sion avoidance, and ride comfort. We utilize a differentiable nonlinear optimizer to
solve this optimization problem, enabling back-propagation of gradients from the
planner (planning loss) to the prediction module and cost function during training,.
As a result, the entire framework is end-to-end learnable. The details of the neural
network predictor and differentiable motion planner are given in Section 6.3.2 and

Section 6.3.3, respectively.
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FIGURE 6.2: The proposed differentiable integrated prediction and planning
(DIPP) framework

6.3.2 Multi-agent prediction and initial plan

Input representation. The neural network predictor receives two types of input
data: historical agent states and scene context. For each agent, its historical state
is a sequence of dynamic features for the past timesteps H = 20, including its
2D position, heading angle, velocity, and bounding box size. We consider the
nearest N = 10 agents around the AV, whose observation data is stored in a fixed-
size tensor with the missing agents padded as zeros. For the scene context, we
consider two types of map elements, which are lanes and crosswalks. Each map
element is presented by a vector, which consists of a sequence of waypoints with

different associated features. For each agent, we build a local scene context, which
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encompasses the possible lanes it might take and surrounding crosswalks. The
features of the waypoint in the drivable lane include the positions and headings of
the lane center and lane boundaries, as well as the speed limit and traffic signals
(e.g., traffic light state and stop sign), and the features of the waypoint in the
crosswalk are the positions of points enclosing the crosswalk area. All the agents’
and map elements’ positional attributes are translated to the AV’s local coordinate

system.

Encoding agent history and scene context. To encode an agent’s observed
historical states, we feed the state sequence into a long short-term memory (LSTM)
network. LSTM is used because we find it would bring better final prediction
performance and computational efficiency than Transformers when dealing with
short-term time series, and we can retrieve the encoded state feature at the last
timestep from the LSTM as the node feature in the agent interaction graphs.
Each type of agent shares an LSTM encoder, and all agents including the AV
are stacked to form a tensor of agents’ encoded historical states. The local scene
context encoder consists of a lane encoder for processing the lanes and a crosswalk
encoder for processing the crosswalk vectors. The lane encoder uses a multi-layer
perceptron (MLP) to encode numeric features (e.g., positions, directions, and speed
limits) and embedding layers to encode discrete features (e.g., traffic light state,
lane type, and stop sign), and the crosswalk encoder is another MLP to encode the
numeric features (i.e., positions and headings). For each agent, we find its nearby
6 lanes and 4 crosswalks as map vectors, encode them separately, and concatenate

the encoded map vectors to form a tensor of the agent’s local scene context.

Modeling agent-agent and agent-scene interactions. Capturing relation-
ships or dependencies between agents and the environment is essential in ensuring
prediction accuracy. To realize this, we follow the idea of [106] and construct two
interaction graphs, which are the agent-agent interaction graph (all agents are fully
connected in the graph) and the agent-map interaction graph (a target agent is con-
nected to all local lanes and crosswalks polylines. We use a two-layer self-attention
Transformer encoder as the agent-agent interaction encoder to process the graph,
where the query, key, and value (Q, K, V) are the encoded agents’ historical tra-
jectory features. Here, the functionality of the Transformer is similar to the graph
attention network [106] but with improved structure and representation capabil-

ity, and using a few layers of Transformer blocks would not significantly increase
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the computational cost. With each agent’s encoded local scene context in hand,
we employ two cross-attention Transformer encoders as the agent-map interaction
encoder: one is for modeling the agent’s attention on each lane vector (focusing
on waypoints in the vector), and the other is for agent’s attention on each cross-
walk vector. We utilize an agent’s interaction feature as query (Q), and a single
map vector (a sequence of encoded waypoints) as the key and value (K, V). The
operation is called multiple times to process all the map vectors from an agent,
resulting in a sequence of agent-map vectors attention features. Then we introduce
a multi-modal attention Transformer encoder [16], which is essentially an ensemble
of cross-attention modules, to output multiple trajectories through the different
attention modules, representing the different relations between the agent and map
vectors. We still use an agent’s interaction feature as query, and agent-map vectors
attention as key and value, yielding different encodings of the agent’s relationship
with the local scene context. Likewise, we apply the multi-modal encoder to all
agents to extract their possible interactions with the scene context and stack the

results along the future axis.

Decoding multi-modal future. For each agent, its agent-agent interaction en-
codings are repeated and concatenated with the multi-modal agent-map interaction
encoding to form a final feature vector. For the surrounding agents, we decode their
possible future trajectories through a shared MLP from the final feature vector.
For the AV, we decode its future control actions (i.e., acceleration and steering
angle) from the feature vector through an MLP and translate the action sequence
to trajectory using a kinematic model (see Section 6.3.3). We also output multiple
possible trajectories for the AV to better model the interaction between agents.
To predict the probability of each future (joint trajectories for all agents), we use
max-pooling to aggregate the information from all agents and map vectors and an
MLP to decode the probability. The motion planner will take as input the future
(i.e., the initial plan and other agent’s prediction) with the highest probability.

6.3.3 Differentiable motion planning

Problem statement

We consider an open-loop finite-horizon optimal planning problem, which is to find

a sequence of control inputs u = {u;,us, -+ ,ur} to minimize the cost function
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in Equation (6.1). The cost function is a sum of squared residual terms, each
represented by a product of a weight w; and cost ¢; [162], and the state of other

surrounding agents § is provided by the neural network predictor.

1 , 9
Y= in — c;(u', 8 1
w = argmin 5 3 [lwici(u’§) | (61
where ¢; is a function of subsets of the control sequence u* C u and potentially
the predicted states of other surrounding agents 8. In the training process, the
gradient of the final planning error can be backpropagated to the predicted states
of other agents and cost weights through the optimization problem [163, 164], to

implicitly influence other agents’ future behaviors and adjust the cost weights.
Kinematic model

When calculating some costs, we need to convert the control action w; = {as, d;}
(where a; is acceleration and d; is steering angle) to state s, = {xy, ys, 0y, v, } (where
(x4,y;) is 2D position, 6, is heading angle, and v, is velocity). We adopt the
kinematic bicycle model [165] shown in Equation (6.2) to update the states of the
AV.

Uiy = v + a; At

Tip1 = Xy + vy cos(0y) At,
_ (6.2)
Yey1 = Yr + v sin(6;) At,

9t+1 = gt + %tan((St)At,
where L is the wheelbase of the vehicle and At is the time interval. The kinematic

bicycle model is differentiable, thus permitting calculating gradients and Jacobians

in the optimizer.
Cost function

The cost function encompasses a variety of carefully crafted cost terms that encode
different aspects of driving including travel efficiency, ride comfort, traffic rules, and

most importantly safety. The details of the different cost terms are given below.

Travel efficiency. We encourage the AV to reach the destination as fast as

possible but not run above the speed limit. Therefore, the cost of travel efficiency
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is defined as the difference between the AV’s speed v; and speed limit:

speed
Cy = Ut — Vlimit, (63)

where vy 18 the speed limit of the lane.

Ride comfort. Human drivers prefer comfortable maneuvers, and we introduce
four sub-costs to represent the ride comfort factors the AV needs to optimize. They
are longitudinal acceleration a; and longitudinal jerk a;, as well as steering angle

0; and steering change rate 6, for lateral stability and comfort.

C, = Gy,
jerk .
C; = Gy, (6 4)
steer (5 '
Ct — Uty
¢
¢ = 4,
where a; = % and 9; = AA—‘% are the discrete forms of the longitudinal jerk and

steering rate respectively.

Traffic rules. The AV is expected to adhere to the traffic rules and structure
of the road. Thus, to promote staying close to the lane (route) centerline and

following the lane direction, two sub-costs are designed.

pos __
C; =Pt — pl,J.a

" (6.5)
¢/ =0,—0 4,

where p; and p; , are the positions of the AV and closest point from the lane’s
centerline to the AV respectively, and 6; and ¢; | are the heading angles of the AV

and its closest point on the lane respectively.

In addition, obeying traffic lights should be treated as a hard constraint for the
AV. Here, we replace the hard constraint with a soft penalty term, which can be
assigned with a large cost weight. We assume the AV runs along a predefined route
and its running distance is s;, which is derived from s; = Zi/:l vy At, and the stop

line position (if encountering a red light) on the route is sg,,. We can formulate
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the cost of violating traffic lights using the hinge loss:

traf fic St — Sstopy St > Sstop
t

= ) (6.6)
0, otherwise

It means that if the AV goes past the stop line at a red light, a large penalty will
be induced, thus forcing the AV to stop near the stop point.

Safety. Keeping a safe distance from other traffic participants on the road to
avoid collision is a fundamental requirement for AVs. However, optimizing the safe
distances to all other agents in the scenario is unnecessary and time-consuming.
Therefore, we take advantage of the Frenet frame [166, 167], which decouples the
vehicle trajectory into the longitudinal direction along a predefined driving route
and the lateral direction perpendicular to the route, to define the interactive agents.
As illustrated in Fig. 6.3, all other agents’ positions are projected to the Frenet
frame with the AV’s route as the reference path. At each future timestep, those
agents whose predicted positions are within the route’s conflict area are defined
as the interactive agents. The calculation of safe distance at a specific timestep is

given as:

dsae = min || py = p} [2. (6.7)
where p! is the predicted position of the interactive agent i at future timestep .

We also employ the hinge loss to formulate the safety cost to ensure the safe
distance is large enough.
€ — dsafea dsafe S €

safety

. , (6.8)

0, otherwise

where € is the minimum safety distance requirement, which is defined as the sum

of the lengths of two agents and a safety gap.

Weights. The cost terms in Equation (6.1) consist of different features listed be-
fore at different timesteps. Here, we only consider the weights for different features
and the weights for individual features are the same at different timesteps. For
features other than safety and traffic rules, we consider all the timesteps over the

planning horizon. For the cost of traffic rule violation, we consider every other
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FIGURE 6.3: Illustration of the calculation of safe distance

timestep across the future horizon to reduce computation costs. Because the com-
putation for the safety cost is expensive, we only consider the trajectory waypoints
at [0.1,0.3,0.6,1.0,1.5,2.0,2.5, 3.0, 4.0, 5.0] seconds, which could significantly speed
up the optimization without compromising safety. To ensure the constraints are
satisfied, the weights for the constraints (i.e., safety and traffic light violations) in

the cost function, are set to a large enough value and fixed during training.
Differentiable optimization

The Gauss-Newton algorithm is utilized to solve the nonlinear optimization prob-
lem [164]. It is an iterative least-squares optimization approach, where at each
iteration step, the nonlinear objective is first linearized around the current control

variables to derive the linear system:

(Z J' Jl-) Au=)"Jlwe;, (6.9)

O(w;c;)
ou’

where J; = is the Jacobian of the cost with respect to the control variable.
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We can explicitly solve the linear system using Cholesky decomposition of the nor-

mal equations to find the update Au, and eventually update the control variables:
u <+ u— aAu. (6.10)

where 0 < a < 1 is the step size. In the original Gauss-Newton method, o = 1, but
it may cause the nonlinear objective not to decrease at every iteration. Therefore,
an improved version is setting 0 < a < 1 to employ a fraction of the update and

thus mitigates the divergence issue.

Since the above procedure is fully differentiable, we can set up other differentiable
components (e.g., prediction and cost function weights) and integrate them into
the planner, enabling the whole architecture to be differentiable. Moreover, to start
the optimization, one has to provide an initial guess for the control variables, which
is crucial to the convergence to the global optimum, and we use the control actions

given by the prediction network as the initial guess, which is also differentiable.

6.3.4 Learning process

At a high level, we regard the motion planner as the primary component of our
framework. During the forward pass, the motion planner takes as input the pre-
diction results of other agents and the initial plan (with the highest probability),
as well as the cost function, to start the trajectory optimization and iteratively
updates the planned trajectory until passing a convergence check or reaching the
maximum number of iterations. At the end of the optimization, the motion planner
will output a trajectory for the AV to follow. In the backward pass, we evaluate the
loss function on the planned trajectory, compute gradients with respect to the ini-
tial plan, cost function weights, as well as the predicted trajectories of other agents,
and back-propagate the loss through the neural components and update the pa-
rameters, in order to generate better quality trajectories. The learning process of
our framework is stable and efficient because all the components (i.e., prediction,
initial plan, and cost function) are learned in a supervised manner. Compared
to generative adversarial imitation learning (GAIL) [51, 168], which learns proxy
reward signals through adversarial learning, our method only learns the weights of

the cost function terms. However, the initialization of the cost function weights



148 6.3. Methodology

is important in our method because this can affect the optimization process. The

learning process of our framework is summarized in Algorithm 2.

Since all operations in the framework are differentiable, we can train the entire
framework in an end-to-end fashion from real-world driving data, and we implement
the framework using PyTorch and Theseus [162]. The loss function for training the
framework encompasses four terms: prediction loss for all agents, score loss to
accurately predict the probabilities of different futures, as well as imitation loss

and planning cost for the AV. The overall loss is defined as:
»C = )\lﬁprediction + >\2£score + )\3£imitation + )\4£cost7 (611)

where A1, A9, A3, and A4 are the weights to scale these different loss terms. For
prediction loss, we treat each future to be coherent individual futures across all
agents and back-propagate the smooth L1 losses on the trajectories through the

joint future that most closely matches the ground truth:

K N

Eprediction = Z ]-(k - ]%) Z SmOOthLl (gf - giﬁj) (612)

k=1 i=1

where 1 is the indicator function, k is the index of the best-predicted joint future
of multiple agents (the future with the smallest sum of displacement errors across
all agents, k = argming 3, || €8 — €7 ||y), and €7 is the individual ground-truth

trajectory. The scoring loss is defined as:

1(k = k) log p., (6.13)

1

K
Lscore =
=

where py, is the probability of future k.

The motion planner would take as input the most-likely trajectories of all agents,
where the AV’s trajectory (original control actions) is used as planning initialization
and other agents’ future trajectories are used in computing the safety cost. The
output of the motion planner &4y is compared against the ground-truth trajectory

9%, to calculate the imitation loss.

Limitation = smooth Ly (Eay — &%) (6.14)
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Algorithm 2: Learning of the proposed DIPP framework

Input : Neural network predictor fy, initial cost function weights {w;},
differentiable planner g

Get the environment information (Agent tracks X and vectorized map M);
Predict the AV and other agents’ multi-modal joint trajectories
{ff}k:LK,i:O:N, {Prti=1:x — fo (X, M);
Calculate prediction loss Lpediction and score loss Lgcore;
Get the most-likely prediction result {Sf}izow, k= argming Y. || &F — figt I|2;
Plan the AV’s trajectory using the differentiable planner
§avy Leost < ¢ <£§7 {& Yimin, {M})Q
Calculate imitation loss L;nitation;
Calculate total loss £ according to Equation (6.11);

Backpropagate loss and calculate gradients with respect to 6 and {w;};
Update fp and {w;} using Adam optimizer;

6.4 Experiments

6.4.1 Dataset

We train and validate our framework on the Waymo Open Motion Dataset [144], a
large-scale real-world driving dataset that focuses on urban driving scenarios with
complex and diverse road structures and traffic interactions. The dataset contains
103,354 unique driving scenes, each 20 seconds in duration, with detailed map data
and agent tracks. We randomly select 10% of the dataset, which corresponds to 100
data files out of 1000 files in total, resulting in a total of 10,156 different driving
scenes. Since the driving scenes are randomly stored in the data files and the
selected driving scenes are a random subset of the dataset, the data distribution
of the reduced dataset remains the same as the original. To segment a 20-second
driving scene into frames (each frame contains 7-second object tracks at 10Hz),
we set up a 7 s time window with a 2 s history observation horizon and a 5 s
planning/prediction horizon. The window slides from the beginning of the scene
with a stride of 10 timesteps (1 second), resulting in 14 segments of 7 s frames. For
training, we use 80% of the selected scenes, while the remaining 20% are used for
validation and open-loop testing. The total number of frames used for training is

113,622, while 28,396 frames are used for validation and open-loop testing.
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6.4.2 FEvaluation

We evaluate the performance of the framework in both open-loop and closed-loop
manners. In the open-loop testing, the motion planner plans a trajectory for the AV
based on the current states and prediction results at each frame, and we compare
the planned trajectory against the AV’s ground-truth trajectory. In the closed-
loop testing, we construct a log-replay simulator, where at each step, the AV will
take the first action from its planned trajectory and update its state, while the
neighboring agents will follow their record trajectories in the dataset. We set up

the following metrics to evaluate the performance of the framework.

Safety: the collision rate is employed to measure the safety performance of the
system. For open-loop testing, collision is calculated based on the AV’s planned
trajectory and the ground-truth future trajectories of other agents. If a collision
is detected at any step in the plan, then the frame is deemed as a collision. For
closed-loop testing, we check if the AV collides with other agents at every time step

during the simulation.

Traffic rule violation: we consider deviating from the route and passing over
the stop line at a right light as traffic rule violations, and we calculate the total

number of frames where the AV violates the traffic rules.

Vehicle dynamics: three metrics are introduced to quantify rider comfort and
feasibility of the planned trajectory, which are longitudinal acceleration and jerk,
as well as lateral acceleration. They are absolute values averaged over time in a

scene and will be compared against human driving metrics.

Human driving similarity: we use the position errors between the planned
trajectory in open-loop testing or rollout trajectory in closed-loop testing and the
ground truth to quantify the human likeness. We calculate the position errors at
different timesteps (i.e., 1 s, 3 s, 5 s in open-loop testing and 3 s, 5 s, 10 s in

closed-loop testing).

Prediction: we calculate the average displacement error (ADE) and final dis-
placement error (FDE) of the multi-agent joint trajectories from the most-likely
future to reflect the performance of the prediction module. ADE computes the L2

norm between the ground-truth state s,; and the most-likely joint prediction §§7t:

=2 || Sar — §§7t |2, where k = argmax p; is the index of the most-likely
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predicted joint future. FDE calculates the L2 distance between the ground truth
and predicted states at the final step T: 3 || $o7 — §§’T I|2-

6.4.3 Comparison baselines

We compare our proposed method with the following baselines to reveal the effects

and advantages of the proposed framework.

Vanilla imitation learning: based on the same scene context, we use only imi-
tation learning (IL) to train a network to directly generate the trajectory for the
AV. The structure of the network is the same as the proposed method, but the pre-
diction of other agents is removed and only one trajectory instead of multi-modal
trajectories is generated. The IL policy is trained on the same dataset with the
same hyperparameters as the proposed method, which makes sure the comparison

results are fair.

Imitation learning with prediction sub-task: we train a multi-task neural net-
work with the main task of imitation learning and the sub-task of predicting other
agents’ future trajectories. This is equivalent to the proposed network without the
differentiable motion planner, and the training settings and hyperparameters are

the same as the proposed method.

Separated prediction-planning: based on the same network, we separately
train a prediction module without the integrated motion planner to output the
initial trajectory for the AV and predicted trajectories for other agents, which is
the same as the IL with the prediction model. In testing, a motion planner, which
is the same as the proposed method, is utilized to perform trajectory planning for

the AV with the trained prediction model and a pre-specified cost function.

Conservative Q-learning (CQL) [112]: we utilize a widely-used offline reinforce-
ment learning algorithm that can learn to make decisions from offline datasets. We
implement the CQL method with the d3rlpy offline RL library [169] using the de-
fault hyperparameters. The observation space is a 3-channel RGB bird-eye-view
image 256 x 256 x 3 of the driving scene [15], the action is the target pose of the
next step (Az, Ay, Af) relative to the ego vehicle’s current position, and the re-
ward function is the distance traveled per step plus an extra reward for reaching

the goal. The policy is trained on the same scenarios as the proposed method and
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all transition steps (observations, actions, rewards, and terminals) in each scenario

will be used. The trained policy is only evaluated in the closed-loop planning test.

Intelligent driver model (IDM) [170]: we utilize a well-known model-based
driving model, IDM, to control the longitudinal movement of the ego vehicle along
the reference route. The IDM planner takes as input the current state of the ego
vehicle (position and speed) and the state of the leading agent (position, speed, and
length) under the coordinate of the reference route, and outputs the acceleration of
the ego, which is then translated to the coordinate in the scene. The IDM method

is only used in the closed-loop planning test.

6.4.4 Implementation details

Network. The network outputs 3 possible futures (joint trajectories of all agents)
and their probabilities. For other agents, we predict the displacements relative
to their current locations instead of their coordinates, which shows significant im-
provement in prediction accuracy. The learning of the cost function is also incor-
porated into the network and implemented by a small MLP, which takes a fixed
dummy input and outputs the weights of the cost function. We set the cost weights
for traffic light violations and collisions as large values (larger than two orders of

magnitude) and unlearnable to ensure the constraints are satisfied.

Training. We use a batch size of 32 and an Adam optimizer with a learning
rate that starts from 2e-4 and decays by a factor of 0.5 every 4 epochs. The
total number of training epochs is 20 and we pre-train the framework for 5 epochs
without the planner to get good initial prediction results and control actions. For
speed considerations, we set the max number of iterations for the motion planner
to 2, which will also encourage the network to produce high-quality initial plans,
and the step size for the Gauss-Newton update is a = 0.4. The weights for the
loss function are set to Ay = 0.5, Ay = 1, \3 = 1, and Ay = 0.001. The results
shown in Section 6.5.1 and Section 6.5.2 are based on this loss function setting and
we investigate the effects of the loss function weights in Section 6.5.3. We clip the

gradient norm of the network parameters with the max norm of the gradients as 5.

Testing. In the testing process, the max number of iterations for the motion

planner is set to 50, the step size is set to 0.2, and the absolute error tolerance is
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set as le-2, in order to plan a high-quality trajectory for the AV. Acceleration and
jerk in the longitudinal and lateral directions are calculated based on the positions
and headings on the trajectory. To check if a collision happens, we use a list of
circles to approximate an object at each timestep. If the distance between any two
circles’ origins of the given two objects is lower than a threshold, it is considered

as they collide with each other.

The main hyperparameters used are summarized in Table 6.1.

TABLE 6.1: Hyperparameters of the model and training process

Parameter Value
Number of neighbors N 10
Number of predicted futures K 3
Historical timesteps H 20
Future timesteps T’ 50
Step size « 0.4
Planning iterations 2
Initial learning rate 2e-4
Total training epochs 20
Pretraining epochs )
Batch size 32
Weight for prediction loss \; 0.5
Weight for score loss Ay 1
Weight for imitation loss A3 1
Weight for planning cost A4 le-3

6.5 Results and Discussions

6.5.1 Open-loop planning test

Multi-modal joint prediction. Fig. 6.4 shows two representative scenarios
where the neural network predictor makes multi-future predictions (ten nearest
agents to the AV), as well as the probabilities of the predicted futures. In Scenario
1, the AV consistently chooses to stop behind the leading vehicle in all futures, while
different interacting behaviors among the two agents in the intersection area are
predicted. The future (joint trajectories) closest to ground truth is assigned with a

higher probability. In Scenario 2, the predictor delivers different future predictions
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for both the AV and the other interacting agent at an unsignalized intersection.
For example, the AV would choose to go if the other agent is predicted to turn
left and stop if the other agent’s trajectory is predicted to conflict with the AV’s
route. The close-to-ground truth futures are also assigned with higher probabilities.
These results indicate that the neural network predictor is able to provide accurate
multi-modal joint predictions for all agents in the scene and a good initial guess

for the motion planner.

Future 1 Probability: 0.2043 Future 2 Probability: 0.4096 Future 3 Probability: 0.3861
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FIGURE 6.4: The multi-modal predictions given by the neural network predictor

Qualitative results. Fig. 6.5 displays some representative interactive scenar-
ios, demonstrating the proposed framework’s ability to plan a safe, traffic rule-
compliant trajectory for the AV, based on the prediction results of other surround-
ing agents’ future states (including vehicles, cyclists, and pedestrians). The colored
solid lines are the planned or predicted trajectories for AV or surrounding agents,
and black dotted lines are the ground truth trajectories. The results reveal that the
motion planner is capable of handling a variety of urban driving scenarios involving

a mixture of interacting traffic participants, including making a smooth right turn,
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yielding to pedestrians on the crosswalk, stopping at the red light, and yielding to

another vehicle at an unprotected left turn, etc.

i
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FIGURE 6.5: Qualitative results of the proposed framework in open-loop testing

In Fig. 6.6, we compare the proposed method with other baseline methods in
two interactive scenarios (top: interacting with a vehicle; bottom: interacting
with a cyclist). We can see that without explicit constraints, the neural network-
planned trajectory gradually deviates from the lane centerline, while the motion
planner’s output trajectory adheres to the road structure. Our proposed method
can generate planning-aware or planning-centric prediction results, which can help
the planner deliver more close-to-human trajectories compared to using separate
prediction results. For example, in the merging scenario, our method predicts
that the interacting vehicle should yield to the AV at a stop sign, leading to more
accurate prediction and planning results. In the interaction with a cyclist, our
method predicts that the cyclist may move in front of the AV (however not really
happen in the data) and the motion planner generates a slow-down trajectory
to avoid potential risks, which is in accordance with the human-like trajectory.
The result indicates that even if the prediction result is not entirely accurate, the

planning module would benefit from such planning-centric results and produce
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human-like plans. The prediction of other agents in our framework is similar to

the driver’s belief rather than an exact reflection of the ground-truth dynamics.
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FIGURE 6.6: Qualitative comparison between the proposed method and baseline
methods in open-loop testing

Quantitative results. Following the previously defined evaluation metrics, we list
the quantitative results of our method and other baseline methods in Table 6.2.
The results of open-loop testing indicate that the proposed method significantly
outperforms the imitation learning-based methods in terms of collision and traffic
rule violation rates. The imitation learning-based methods have a much higher off-
route rate due to the lack of explicit constraints on following the route, and without
considering the ride comfort, they yield an unacceptable lateral acceleration, which
is significantly worse than the planning-based methods and human driving. On the
other hand, the planning-based methods deliver much lower acceleration and jerk,
which ensures smoothness and ride comfort. Because the neural network is only
trained to predict the trajectories by direct regression, imitation learning with
the multi-agent prediction sub-task method achieves the smallest planning error
(compared with the ground-truth trajectories). However, since imitation learning
methods ignore other important factors, they perform very poorly in the closed-
loop test and barely finish a task (see Section 6.5.2). One major conclusion from
the results is that our proposed DIPP method, which jointly trains the predictor
and planner, outperforms the planner with a separate trained prediction module,
in terms of both planning and prediction errors. The improvements in DIPP may
come from two possible ways: 1) the additional regularization from the planning

module enables the prediction module to make fewer prediction errors that would
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negatively affect planning (e.g., large deviations from lane center and unnecessary
stops), and 2) without significantly impacting raw prediction accuracy, the influ-
ence of the planning task enables the prediction module to make planning-centric
results that would lead to better and human-like plans (e.g., react to possible cut-in
of other agents). Another interesting finding is that though the vanilla imitation
learning method performs the worst, adding the prediction sub-task can signifi-
cantly reduce the collision rate and planning error, which shows the importance of
multi-agent joint prediction. Fig. 6.7 shows the boxplots of the prediction error of
the proposed method compared against the separated prediction-planning method
and the planning error of all methods in open-loop tests. The results further clar-
ify the conclusion that differentiable and integrated training of the prediction and
planning modules (DIPP) can improve both the prediction and planning metrics

in open-loop tests.

TABLE 6.2: Open-loop evaluation of the proposed method against baselines

Collision  Red light Off route | Acc. Jerk  Lat. Acc. | Planning error (m) | Prediction error (m)

Method (%) (%) (%) (m/s?) (m/s®)  (m/s*) @ls @3s @bs | ADE FDE
IL 5.469 2.772 4816 | 0.546 2881 3151 | 0175 1416 4194 | - -
IL+Prediction 3.930 1.670 4542 | 0.672  4.004 3939 |0.127 0.892 2.901| 0.773 1.916
Sep. Plan+Pred. | 1.813 1.327 0527 | 0.269 0.149 0077 | 0238 1.251 3.466 | 0.766 1.908
DIPP (ours) 1.802  1.235  0.506 | 0.269 0.150  0.079 | 0.227 1187 3.335 | 0.740 1.814
Human | - - - ] 0620 1707 0101 | - - - | - -

Sep. Plan+Pred.: separated plan + prediction, Acc.: acceleration, Lat. Acc.: Lateral acceleration

6.5.2 Closed-loop planning test

Qualitative results. To fully reveal the planning performance of our proposed
method, we conduct a closed-loop test with 100 replayed scenes from the testing set.
Specifically, we build a log-replay simulator to roll out the AV’s planned trajectory,
where other agents follow their original tracks in the dataset and only the AV’s
state gets updated. At each timestep, the AV plans a trajectory according to the
prediction result and takes the first action from its planned trajectory, and replans
at the next time step. The simulation horizon is 15 seconds and the interval is 0.1
seconds. To evaluate the closed-loop testing performance, we add a progress metric,
which measures the running distance of the AV until it reaches the end of the scene,
collides with other agents, or goes off route. We measure the position error between
the AV’s rollout trajectory and its ground-truth one at several time steps to reflect

the similarity to the human driver. The results of the closed-loop test are given
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FIGURE 6.7: Boxplots of the prediction and planning errors of the proposed
method and other baselines in the open-loop planning test

in Table 6.3 and we provide supplementary videos' of our method navigating in a
variety of urban scenarios for better visualization and evaluation of our method.
It is important to note that the collision rate is just a lower bound of safety since
other agents do not react to the AV (e.g., the ego vehicle runs slower than the
human driver in the data). The supplementary videos encompass various driving
scenes where the proposed framework can handle different tasks such as cruising,
obeying traffic lights, making smooth turns, and more importantly interacting with
other road users. We also add some scenarios where other vehicles would take
adversarial actions toward the AV (not intentionally as the AV has deviated from
its original track), but our planning framework can handle such emergencies and

avoid collisions.

Qualitative results. The results in Table 6.3 indicate that the imitation learning-
based methods cannot finish a single scene without causing a collision or going off
route. Although the planning error of the IL+prediction method is the smallest in
open-loop testing, the position errors of IL-based methods are significantly worse.

The ride comfort is also compromised as IL-based methods deliver much higher jerk

"https://mezhi.github.io/DIPP/
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TABLE 6.3: Closed-loop evaluation of the proposed method against baselines

Method Collision  Off route Progress | Acc. Jerk — Lat. Acc. | Position error (m)
(%) (%) (m) (m/s*) (m/s?)  (m/s?) @3s  @5s  @10s
IL 40 60 8.23 1.857 3.249 1.872 11.29 1942 43.63
IL+Prediction 42 58 11.05 1.345 1.977 0.813 11.03  19.13 4225
CQL 50 50 16.38 3.456  8.798 2.154 12.85  20.18  45.10
IDM 28 0 49.44 0.885 2.236 0.081 3.895  9.568  30.32
Sep. Plan+Pred. 7 0 76.28 0.638  1.313 0.058 1.869 4.182 10.17
DIPP (Ours) 5 0 77.57 0.624 1.209 0.069 1.726 3.913 9.365
Human - - - 0.621  2.067 0.105 - - -

Sep. Plan+Pred: separated plan + prediction, Acc.: acceleration, Lat. Acc.: Lateral acceleration

and acceleration. This is because the IL-based methods suffer from distributional
shifts, which means the compounding errors lead the AV to a situation that deviates
from the training distribution and degrade its performance. Similar to IL-based
methods, the CQL method performs poorly in the test and cannot finish a single
task because of the difficulty of training and labeling the correct reward for human
driving behaviors. On the other hand, the planning-based methods leveraging
structural information and domain knowledge perform significantly better despite
learning purely from an offline dataset. The motion planner with a separate trained
prediction module shows similar yet worse performance compared to our proposed
method, which highlights the advantages of integrated training of the planning and
prediction modules. Aside from its simplicity and few parameters, the IDM method
is more effective in closed-loop testing since we only regulate the ego vehicle’s
longitudinal motion on the reference route. However, the performance of the IDM
method is inferior to the planning-based approach, which is more flexible and can

handle highly interactive and complex scenarios.

6.5.3 Ablation study

Effects of learnable components. To unveil the importance and function of
each key component in our proposed framework, an ablation study is conducted.
We set up three baselines in which the learnable components (i.e., initial plan,
cost function, and prediction) are dropped out one at a time. We also set up an
oracle method that uses the ground truth future trajectories of other agents as
the prediction results to examine the capabilities of the proposed motion planner.
For the non-learnable cost function baseline, the cost function used by the motion

planner is manually tuned to balance the different cost terms. For the non-learnable
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initialization baseline, the initial guess to the motion planner is fixed as (a; =
0,0, = 0) at all timesteps. For the non-learnable prediction baseline, the motion
prediction module is a constant turn rate and velocity model. The results of the
ablation study are summarized in Table 6.4 and Table 6.5. In open-loop testing,
we select the planning and prediction errors as the main metrics, and the planning
error is averaged over three timesteps (1 s, 3 s, and 5 s) and ADE is used as the
prediction error. In closed-loop testing, we employ the failure rate (sum of the
collision and off-route rates), progress, and average position error (3 s, 5 s, and 10

s) as the main metrics.

TABLE 6.4: Ablation study of each component in open-loop testing

Model ‘ Planning error (m) Prediction error (m)
Base (ours) 1.583 0.740

Base w/ oracle prediction 1.388 -

No learnable cost function 1.834 0.740

No learnable initialization 2.672 0.740

No learnable prediction 1.811 1.871

TABLE 6.5: Ablation study of each component in closed-loop testing

Model | Failure (%) Progress (m) Position error (m)
Base (ours) 5 76.28 4.083
Base w/ oracle prediction 6 76.16 4.153
No learnable cost function 13 69.09 0.881
No learnable initialization 17 57.52 6.571
No learnable prediction 19 44.01 9.971

The open-loop testing results in Table 6.4 indicate that learnable initialization is
the most important part of the framework to ensure the planned trajectory is close
to the human-driving one. This suggests that a good initial plan for the planner
is critical to solving the optimization and learnable initialization could substan-
tially improve the planning performance. Another important factor for planning
is the cost function, and we demonstrate that learning the cost function from data
can render the planned trajectories closer to humans. Surprisingly, using only a
physics-based non-learnable prediction model would not significantly deteriorate
the planning performance in an open-loop setting though the prediction error is
notably higher. Using the oracle predictor can improve the motion planner’s perfor-
mance in open-loop testing, which suggests that the proposed motion planner per-

forms well and could achieve even better performance with more training data and
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improved prediction accuracy. The closed-loop testing results in Table 6.5 reveal
that the prediction module plays a more critical role in ensuring safety and human
likeness. The gap between open-loop and closed-loop performance is due to that
the closed-loop testing set contains many interactive scenarios, where accurately
predicting other agents’ future states is required. In contrast to open-loop testing,
our method can deliver comparable performance to the oracle prediction method in
closed-loop testing, marking the advantage of our method (planning-aware predic-
tion) when deploying the system in practice. In addition, learnable initialization
and cost function are necessary to stabilize the planning process (solving the opti-
mization problem) and obtain better planning performance, which otherwise could
lead to instability to find viable solutions and consequently worse safety and reli-
ability. In summary, all three learnable components in our framework are integral

to maintaining the final planning performance.

Effects of weights of the training loss function. We investigate the influence
of the weights in the loss function (Equation (6.11)) and test the trained models in
the open-loop planning setting. To reveal the sensitivity of the framework perfor-
mance to these values, we set up the following groups of loss function weights: (1)
the default parameter setting in the experiment, (2) the weight for the prediction
loss A; is increased by 5x, (3) the weight for the prediction loss A; is decreased to
1/5 of the default value, (4) the weight for the score loss A, is increased by 5x. The
weights for imitation loss A3 and planning cost A4 are fixed, and the same metrics

in Table 6.4 are used to evaluate the framework’s performance.

TABLE 6.6: Effects of weights of the loss function in open-loop testing

No. A1 Ay A3 | Planning error (m) Prediction error (m)

1 05 1 1 1.583 0.740
2 25 1 1 1.837 0.733
3 01 1 1 1.642 1.244
4 05 o5 1 1.704 0.820

The results in Table 6.6 indicate that the default loss parameters in our exper-
iments (No.1) achieve the best planning performance. Although increasing the
weight of prediction loss (No.2) can slightly improve the prediction error, the plan-
ning performance is compromised because the loss signal of the initial plan or cost
function in motion planning is largely neglected in the total loss function. However,

decreasing the weight of prediction loss (No.3) still does not bring better planning
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performance because the prediction results are required to be more accurate for
both the ego vehicle and other agents. In addition, increasing the weight of score
loss (No.4) may not improve probability evaluation and even lead to worse plan-
ning or prediction performance. The results suggest that our multi-task learning
framework requires a trade-off between the planning and prediction tasks, and the

default loss function weights can strike a better balance between the tasks.

Effects of the step size and planning iterations. We investigate the effects of
the step size (« in Equation (6.10)) and planning iterations in the motion planner
on the final open-loop planning test. Note that the different parameters are only
applied in the training process while the parameters of the motion planner in the
testing process are the same. We explore different parameter settings in Table 6.7,
where the value of the step size a ranges from 0.2 to 1, and the maximum planning
iterations is 3 for speed consideration. The same metrics for open-loop testing are
used to evaluate the performance of the trained models.

TABLE 6.7: Effects of the planner update step size and planning iterations in
open-loop testing

step size @ planning iteration | Planning error (m) Prediction error (m)

0.4 2 1.583 0.740
1.0 2 1.856 0.867
0.4 3 1.551 0.725
0.2 3 1.549 0.797

The results in Table 6.7 indicate that using the default planner setting provides
satisfactory results in the final open-loop planning test. Setting the step size to
the maximum value (v = 1) could significantly impair the testing performance
because the large step size makes the optimization process unstable, which nega-
tively impacts the learning process of the prediction module and the cost function
weights. While increasing the number of planning iterations with the default step
size (a = 0.4) could slightly improve the planning and prediction metrics, this
would also result in longer computing time for the planner, making it an unnec-
essary choice. On the other hand, using a smaller step size (o = 0.2) along with
additional planning iterations could also achieve comparable performance to the
default setting, but may still be an unnecessary choice. Overall, the default planner
parameter setting provides a good balance between final performance and compu-

tational efficiency.
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Results of cost function learning. We report detailed results for the learned
cost function and hand-tuned one in Table 6.8. The traffic light violation and
safety weights are fixed at 10 because they are considered constraints, and other
parameters are learnable. The results indicate that using the learned cost function
as opposed to the hand-tuned cost function, significantly reduces planning errors in
the open-loop planning test and the failure rate in the closed-loop test. Generally,
the learned weights are reasonable from the viewpoint of human drivers. Adhering
to the driving route (for both positions and directions) is the most critical factor,
and driving comfort (acceleration and change rate of steering) is also an important
factor to optimize. The steering angle is not a significant factor in the cost since
the vehicle primarily needs to follow the route, but speed and jerk cost terms are
assigned with smaller weights due to their relatively large scales. It is important to
note that the cost terms have different scales, and the weights are learned to balance
the scales to facilitate the optimization process. This means that the learned cost
function weights may not reflect their actual weights in human driving and are

thereby unsuitable for other frameworks.

TABLE 6.8: Detailed results for the learned planning cost

Cost Weights | wy (¢¢4) wy (c™°)  wy (%) wy () ws (€7) we (") wy (") ws (c7/fi%)  wy (c*/*) | Planning error (m) Failure (%)

0.1 0.5 0.1 0.01 0.5 0.5 5 10 10 1.834 13
0.055 0.29 0.13 0.014 0.46 0.31 3.23 10 10 1.583 5

Hand-tuned
Learned

6.5.4 Discussions

Strengths. The direct benefit of our method is to integrate structural information
and domain knowledge into machine learning models, or from a different perspec-
tive, to apply machine learning models to some hard-to-solve points in traditional
optimization problems. We apply our method to the challenging autonomous driv-
ing task and focus on solving real-world problems (e.g., how to specify the cost
function and how other agents’ actions would affect the ego) by learning from real-
world data. The integration of prediction, cost function, and planning modules in
our framework leads to end-to-end, decision-focused learning, that trains the whole
pipeline to optimize the final planning performance directly. Experiments demon-
strate that the proposed method has excellent open-loop and closed-loop perfor-
mance and robustness against distributional shifts and adversarial agents, despite

only learning from offline data. In addition, the proposed method outperforms the
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separated planning and prediction method in both planning and prediction perfor-
mance, which underscores the advantage of our method to integrate the prediction

and planning modules in an end-to-end differentiable way.

Limitations and future work. Some limitations of this work should be acknowl-
edged. First is the computation time of the framework. The average runtime of
the prediction+planning step is 0.012 s per sample at training (with NVIDIA RTX
3080 GPU, 2 iterations) and 1.78 s at testing (with AMD 3900X CPU, max 50 iter-
ations). The bottleneck in the framework is the computation of Jacobin in solving
the least-squares optimization. However, we need to note that this work is just a
prototype of the proposed framework and the running efficiency has not been op-
timized. We plan to further improve the efficiency of the computation pipeline to
reduce the runtime in solving the optimization, potentially enabling the framework
to run near real-time. Another limitation is that we do not thoroughly consider
the uncertainty or multi-modality of human behavior prediction, only taking the
most probable one as the planner input. In future work, the planner can take
all modalities and uncertainties along the timesteps into account to make more

informed decisions or perform contingency planning.

6.6 Conclusions

We propose a novel differentiable integrated multi-agent interactive prediction and
motion planning framework, which is trained end-to-end from real-world driving
data. A Transformer-based predictor is established to predict joint future trajec-
tories of surrounding agents and provide an initial guess for the planner. The
predicted trajectories, initial plan, and learnable cost function are channeled to
an optimization-based differentiable motion planner, allowing every component in
the framework to be differentiable. The framework is validated on a large-scale
urban driving dataset in both open-loop and closed-loop testing. The open-loop
testing results reveal that our proposed method outperforms traditional pipeline
methods and IL-based methods in terms of planning and prediction performance,
ride comfort, and safety metrics. The closed-loop testing results indicate that
planning-based methods significantly outperform IL-based methods (though have
better similarity to human trajectories in open-loop testing), which suggests that

our method overcomes the distributional shift problem common in offline learning.
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Moreover, the proposed method outperforms the pipeline method in closed-loop
testing, emphasizing the benefit of joint training of prediction and planning mod-
ules. In the ablation study, we find that all learnable components in the framework
are integral to maintaining the stability of the optimizer and desired planning per-
formance. The proposed framework has the potential to accelerate the development
of autonomous driving decision-making systems by enabling all components to be

learned from real-world data.






Chapter 7

Conclusions

7.1 Summary

We summarize the findings of this thesis, which proposes a series of learning-
based methodologies for decision-making in AVs. The primary aim is to bolster
the stability, adaptability, and alignment of decision-making systems, which cur-
rently constitute significant barriers to the widespread deployment of AVs. Our
methodologies are based on a comprehensive autonomous intelligence architecture,
comprising three essential components: the actor, the cost, and the world model.
We develop various learning frameworks and neural architectures to enhance these
modules, subsequently augmenting the decision-making system’s performance in

terms of safety, interactivity, and human likeness.

In Chapter 2, we propose an RL-based actor module, which bypasses the need for
building a world model, the most complex component in our framework. Despite
their effectiveness, RL-based methods struggle to align agent behavior with human
expectations and require extensive interaction steps to reach functional capacity.
To address these issues, we develop a novel learning framework and algorithm that
incorporate human prior knowledge into RL training through a combination of IL
and RL. The proposed framework operates in three principal steps: expert demon-
stration, policy derivation, and reinforcement learning. Initially, a human expert
demonstrates their approach to a task, potentially with their personal preferences.
Subsequently, the policy derivation stage applies IL and uncertainty estimation to

derive an expert policy from the expert demonstration data. In the final RL step,
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we propose an actor-critic-based algorithm to integrate the imitative expert policy
into the RL training process. The results indicate that our proposed approach
significantly improves sample efficiency in comparison to baseline algorithms, and
successfully generates distinct driving styles in complex urban environments that

closely mimic human driving behaviors.

In Chapter 3, we introduce an IRL-based cost module, facilitating the modeling
and alignment of human driving behavior. Within the decision-making frame-
work, we simplify the actor and world model modules, focusing on learning the
personalized cost functions underlying human driving behaviors. Specifically, to
apply the maximum entropy IRL algorithm to infer the reward function within
our framework, we propose a structural assumption about human driving behav-
iors, centered on discrete latent intentions that guide continuous low-level control
actions. Based on our assumption, we first use a polynomial trajectory sampler
to generate candidate trajectories covering the high-level decisions and the de-
sired speed. These trajectories then serve to approximate the partition function in
the maximum entropy IRL framework. Furthermore, we devise a simplistic world
model to predict the trajectories of surrounding vehicles and assess the outcomes of
the generated trajectories. We validate our proposed method utilizing naturalistic
human driving data in highway driving scenarios. The results demonstrate that
our IRL-based cost module has enabled a personalized driving experience, closely
reflecting human driving preferences and behaviors. Furthermore, the personalized
cost learning method notably surpasses the general cost modeling method in terms

of robustness and human likeness.

In Chapter 4, we shift our focus to the most complex module of the decision-
making framework, the world model, and develop a joint multi-agent prediction
model. This model leverages Transformers to model interactions among agents in
driving scenarios. We approach the interaction prediction problem by adopting
hierarchical game theory and introducing our proposed framework for practical
implementation. Specifically, our method presents a novel Transformer decoder
structure that iteratively refines the interaction prediction process by utilizing the
prediction results from the previous level in tandem with the common environ-
mental context. Moreover, we propose a learning process that regulates an agent’s
behavior at the current level to respond to other agents’ behaviors at the preced-

ing level. We validate our model through rigorous experiments on an extensive



Chapter 7. Conclusions 169

real-world driving dataset, which demonstrates that our model can achieve state-
of-the-art prediction accuracy in the interaction prediction task. Furthermore,
we validate the model’s capability to jointly reason about the ego agent’s motion
plans and other agents’ behaviors in both open-loop and closed-loop planning tests,

showcasing performance superior to a variety of baseline methods.

In Chapter 5, we propose a comprehensive behavior planning framework integrating
all three core modules. Notably, we emphasize the world model part and intro-
duce a CMP model, which predicts the possible responses of other agents to the
AV’s potential actions. Our proposed framework comprises three integral modules:
behavior generation, CMP, and scoring. The behavior generation module pro-
duces a diverse set of trajectory proposals, while the CMP module forecasts other
agents’ future trajectories jointly conditioned on each candidate plan. The scor-
ing module evaluates these candidate plans using a cost function learned through
maximum entropy IRL. We conduct comprehensive experiments to validate the
proposed framework on a large-scale real-world urban driving dataset. The re-
sults demonstrate that the CMP module can predict multi-modal futures given a
candidate plan and provide reactive predictions to different plans. The CMP mod-
ule not only improves the prediction accuracy but also facilitates the downstream
scoring module in more effectively evaluating candidate decisions, leading to the
emulation of human-like behaviors. Moreover, the scoring module, equipped with
the learned cost function, can properly select plans that align closely with human

driving behaviors.

In Chapter 6, we construct a differentiable and integrated framework encompassing
the three core modules, allowing for end-to-end training of the entire framework
using real-world driving data. Specifically, our framework employs a differentiable
nonlinear optimizer as the motion planner, which takes as input the predicted
trajectories of surrounding agents produced by the neural model and optimizes the
AV’s trajectory, thereby enabling all operations to be differentiable, including the
cost function weights. The proposed framework is trained on a large-scale real-
world driving dataset and validated in both open-loop and closed-loop modes. The
open-loop testing results reveal that the proposed method outperforms baseline
methods across multiple metrics and provides planning-centric prediction results,
allowing the planning module to generate trajectories that closely resemble those of

human drivers. In closed-loop testing, our method exhibits superior performance
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over various baseline methods, showing its ability to handle complex urban driving

scenarios and robustness against distributional shifts.

This thesis represents a significant contribution to the development of learning-
based methodologies for AV decision-making, with the aim of creating more human-
like driving behavior. As the field of AV development continues to evolve, we hope
that the research presented in this thesis will serve as a foundation for further
advancements in human-centric AV decision-making, ultimately contributing to the
broader goal of safer, more efficient, and more enjoyable transportation experiences

for all.

7.2 Future Work

While this thesis has made significant progress, it is important to acknowledge the
limitations of the research and identify potential opportunities for future studies in
the field of advanced and human-centered vehicle autonomy. The following sections

outline some prospective avenues for future research.

Real-world deployment and evaluation. Conducting real-world deployment
and evaluation of the proposed methodologies is crucial for assessing their practical
viability and impact. However, due to constraints in time and resources, exten-
sive real-world experiments were unfeasible during this research. Nevertheless, to
address this limitation and pave the way for future studies, we outline several
potential plans for real-world experimentation. Field trials in controlled environ-
ments: conducting field trials in controlled environments, such as closed test tracks
or designated areas, allows for the evaluation of the proposed methodologies under
controlled conditions. These trials can provide insights into the system’s behavior,
performance, and limitations in a more realistic setting while minimizing poten-
tial risks associated with public roads. Collaborative partnerships with industry
stakeholders: establishing collaborations with automotive manufacturers or tech-
nology companies can provide access to real-world AV systems and the necessary
resources for conducting large-scale evaluations. Such partnerships can facilitate
the integration of the proposed methodologies into existing AV platforms, enabling

comprehensive performance assessments. Future studies focusing on real-world
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experimentation have the potential to bridge the gap between theoretical advance-
ments and practical implementation, thereby enhancing our understanding of the

proposed methodologies in real-world settings.

Handling real-world uncertainties. Achieving robust and reliable performance
in vehicle autonomy systems necessitates addressing uncertainties that arise in real-
world scenarios. These uncertainties stem from various sources, including percep-
tion, human behavior, and modeling errors. Perception Uncertainties: real-world
environments are complex, leading to uncertainties in perception. Factors such as
adverse weather, occlusions, sensor limitations, and lighting variations impact the
accuracy of perception modules.. Human Behavior Uncertainties: human behavior
introduces inherent uncertainty, necessitating the development of ML models capa-
ble of capturing distinct behavior patterns and enhancing the prediction of human
actions. Modeling Errors: ML models employed in vehicle autonomy systems are
prone to errors, especially when predicting human behaviors. These errors can re-
sult in unpredictability and erratic behavior, potentially affecting decision-making
and control algorithms. To tackle these challenges, it is imperative to develop al-
gorithms, tools, or methods that effectively handle real-world uncertainties. These
solutions should deliver robust and reliable performance even in situations where
one or more uncertainties exist in real-world scenarios. Additionally, designing
safety-assurance algorithms and tools plays a vital role in ensuring safety in au-
tonomous systems and enabling the confident integration of ML models within the

decision-making loop.

Development of decision-focused autonomy architecture. The current AV
system follows a more fragmented architecture, where each module is developed
and evaluated independently. This fragmented approach may potentially compro-
mise the overall downstream decision-making performance. Moreover, improving
the accuracy of specific modules may not necessarily enhance the performance
of the decision-making task, leading to wasted efforts. Consequently, there is a
pressing need to adopt a more integrated and holistic approach by developing a
decision-focused system architecture. Fig. 7.1 illustrates key elements of the next-
generation autonomy architecture, which emphasizes integration, modularity, and
decision-focused design. The utilization of modular architecture is crucial due to
its reusability and interpretability properties, particularly in safety-critical con-

texts. Additionally, the integrated nature of the architecture, featuring neural
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connections and end-to-end trainability, can eliminate information bottlenecks and
optimize efficiency, thus directly improving the final decision-making performance.
This decision-focused and highly integrated architecture combines the benefits of
classical decoupled designs with the advantages of end-to-end architecture. An-
other significant feature of the next-generation autonomy architecture is the inclu-
sion of humans in the decision-making loop. Recognizing the potential synergies
between human expertise and Al capabilities, the architecture aims to incorporate
human knowledge into decision-making processes, resulting in more reliable and
human-aligned outcomes. Incorporating humans in the loop involves enhancing
the intelligence of Al systems through human feedback and effectively communi-
cating the intentions of Al systems. By doing so, the architecture improves the

interpretability, transparency, and trustworthiness of the overall system.
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FIGURE 7.1: Key elements of next-generation autonomy architecture: modular,
integrated, learnable, and inclusion of humans in the loop

Connected autonomy. Investigating the potential of connected autonomy, wherein
AVs communicate with each other and with the surrounding infrastructure, can
lead to significant improvements in traffic efficiency, safety, and overall driving
experience. By leveraging vehicle-to-vehicle (V2V) and vehicle-to-infrastructure
(V2I) communication, AVs can share information about their intentions, trajec-
tories, and environmental observations. This connectivity enables more accurate
perceptions of their surroundings and more precise predictions of other agents’
behaviors, thereby facilitating safe, coordinated, and cooperative decision-making.
Research in connected autonomy can delve into the development of novel algorithms
for collaborative perception and planning, enabling AVs to navigate complex traffic

situations more effectively while maintaining human-like driving behavior.
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