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Abstract—Autonomous vehicles (AVs) are among the most
transformative technologies of the 21st century, reshaping our
vision of transportation and mobility. Since the debut of the
first prototypes in 2004, rapid technological breakthroughs have
significantly advanced AV capabilities, culminating in real-world
deployments such as robotaxi services. However, progress has
recently slowed, and the path toward achieving safe, scalable,
high-level autonomy remains uncertain. Meanwhile, a new wave
of AI innovation, particularly in generative AI, is beginning
to reshape the AV landscape. At this pivotal moment, critical
reflection is necessary. This article highlights key achievements
over the past two decades, focusing on major trends propelled
by advances in AI. It traces the evolution from rule-based to
data-driven approaches, reflecting a shift in design philosophy
from “Autonomous Driving by Design” to “Autonomous Driving
through Discriminative Learning.” To frame this discussion, the
article identifies safety and scalability as the two fundamental
driving forces behind AV development, examining how successive
paradigm shifts have sought to address them and envisioning
future systems grounded in “Autonomous Driving through Gen-
erative Learning.” This work presents a system-level perspective
on key milestones, uncovers the forces driving progress and
ongoing challenges, and offers visions and insights into future
research directions.

Index Terms—Autonomous Driving, Safety, Scalability, Deep
Learning, Generative AI.

I. INTRODUCTION

AUTONOMOUS Vehicles (AVs) represent one of the most
transformative technologies of the 21st century, with the

potential to revolutionize transportation systems, improve road
safety, and reshape urban mobility. Since the inception of
AV technology in the early 2000s with the DARPA Grand
Challenge, significant progress has been made over the past
two decades, moving from theoretical concepts to limited com-
mercial deployment. However, despite these advancements, the
path toward achieving safe and scalable high-level autonomy
remains elusive. As the field enters a critical juncture, it
demands reflection, reassessment, and renewed innovation to
address persistent challenges and realize its full potential.
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A. Understanding the Current Status of Autonomous Vehicles

After two decades of development, the architecture of
modern AV systems has converged around three core modules:
perception, planning, and control. This modular paradigm
has guided both academic research and industry applications,
with deep learning playing a central role. Recently, end-to-
end (E2E) approaches—especially those leveraging large-scale
neural networks trained on human demonstrations or labeled
datasets—have emerged as promising alternatives, offering the
potential for higher performance but at the cost of increased
opacity.

Driven by advancements in artificial intelligence, increased
availability of high-quality datasets, and greater computational
power, AV systems have achieved significant performance
milestones. These developments have facilitated the emergence
of commercial AV services across various levels of automa-
tion. Notable examples include Waymo’s fully driverless Level
4 ride-hailing services in cities like San Francisco, Los Ange-
les, and Phoenix, which now deliver over 150,000 paid trips
and 1 million autonomous miles weekly [1]. Baidu has also
rolled out robotaxi services across multiple cities in China,
delivering nearly 900,000 rides in Q2 2024 [2], while Tesla’s
Autopilot and Full Self-Driving (FSD) offer widespread Level
2 capabilities.

These developments demonstrate the feasibility of small-
scale deployments for AV systems. However, they come with
significant constraints. Current deployments often rely on ex-
tensive high-definition mapping, manual rule-setting tailored to
specific regions, and exhaustive testing to address unique local
conditions. This highly localized and customized approach,
with tailored operational design domains (ODDs), makes
scalability a daunting challenge. Deployment typically begins
in densely populated cities with predictable returns on invest-
ment, and service areas are often limited to simpler ODDs,
such as restricted times of day and favorable traffic conditions.
Moreover, safety remains a critical concern. A high-profile
incident involving Cruise in 2023—where a pedestrian was
dragged by a driverless vehicle—led to a six-month suspension
of operations and the company’s eventual shutdown by General
Motors in 2024 [3]. While AV companies frequently claim
safety performance exceeding that of human drivers1,2, such
claims are typically self-reported, with limited transparency
or third-party validation. This contributes to ongoing public

1https://www.tesla.com/VehicleSafetyReport/
2https://waymo.com/blog/2023/12/waymo-significantly-outperforms-

comparable-human-benchmarks-over-7-million/
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skepticism, as reflected in a 2025 AAA survey showing that
only 13% of U.S. drivers are comfortable riding in AVs [4].

B. Motivation and Uniqueness of This Survey

Despite two decades of rapid development, progress to-
ward high-level autonomy has begun to plateau. Incremental
refinements alone have proven insufficient to overcome the
fundamental challenges of safety and scalability. For instance,
it took Waymo nearly a decade to launch its first fully
driverless service in Phoenix in 2019, and expansion to just
two additional cities followed over the next five years. At
the same time, a new wave of innovation—driven by large
language models (LLMs) and foundation models—is begin-
ning to influence the AV research landscape. Yet, their role
in advancing the long-standing goals of autonomous driving
remains uncertain and largely underexplored.

In this context, there is a growing need for a comprehensive
and critical assessment of where the field stands and where
it is headed. This survey aims to fulfill that need. Our
goal is twofold: to provide a retrospective analysis of key
developments in AV technology and to offer a forward-looking
framework that can guide future innovation. The survey is
designed to be accessible to newcomers seeking an entry point
into the AV field, while also offering experienced researchers
a structured synthesis of emerging trends and open challenges.

This survey distinguishes itself from existing literature in
several key ways:

• In-Depth Analysis of Critical Challenges: While exist-
ing surveys often catalog technical advances, we center
our discussion around two persistent bottlenecks—safety
and scalability—and explore how these challenges have
shaped and constrained the evolution of AV systems.

• Systematic Overview of Technological Development:
Rather than focusing on isolated components or specific
methodologies, our survey provides a holistic view of the
technological evolution of AV systems. We categorize the
existing developmental journey into AV 1.0 (Autonomous
Driving by Design) and AV 2.0 (Autonomous Driving
through Discriminative Learning) and propose the fu-
ture AV 3.0 (Autonomous Driving through Generative
Learning). This structured framework allows us to trace
how development strategies have shifted over time—from
rule-based engineering to data-driven learning, and now
toward generative models.

• Vision for the Future: Our survey not only consolidates
existing knowledge but also provides a forward-looking
perspective. We articulate our vision for overcoming the
core challenges faced by AV systems and summarize
initial exploration towards AV 3.0. Our goal is to spark
new ideas and catalyze research that addresses the fun-
damental roadblocks to safe and scalable autonomy.

C. Structure of This Survey

The remainder of this paper is organized as follows: In
Section II, we analyze the two fundamental driving forces
of AV development—safety and scalability—and review how
each phase of AV evolution has attempted to address them.

Sections III and IV present comprehensive reviews of the
AV 1.0 and AV 2.0 paradigms, including key milestones,
representative methods, and remaining limitations. In Sec-
tion V, we offer our perspective on the transition toward
AV 3.0, summarizing early explorations and discussing future
research directions aimed at enabling high-level autonomy.
Finally, Section VI concludes the survey and reflects on the
implications of the technological trajectory we have outlined.

II. DRIVING FORCES FOR AV DEVELOPMENT: SAFETY
AND SCALABILITY

A. Safety and Scalability Requirements for AV

Safety and scalability have been the two core driving forces
behind the development of AVs over the past two decades. The
foundational motivation for AV technology arises from a per-
sistent and well-documented issue: human error accounts for
approximately 94% of traffic crashes, as reported by the Na-
tional Motor Vehicle Crash Causation Survey [5]. The central
vision for AVs is to create intelligent machine drivers—free
from distraction, fatigue, or impaired judgment—that can sig-
nificantly reduce crash rates and improve overall road safety.
Consequently, from early experimental prototypes to today’s
commercial pilot programs, the pursuit of safe and scalable
AV systems has consistently guided both research agendas and
industry strategies.

The safety objective for AVs is twofold: (1) statistically
outperform human drivers in terms of crash rates and fatality
rates, delivering a measurable safety improvement over the
existing transportation system; (2) guarantee the avoidance
of commonplace driving errors, specifically those that a non-
impaired, attentive, highly skilled human driver would rarely
make. By achieving these two goals, AVs can fulfill their
original promise of eliminating the 94% of crashes attributed
to human error and offer superior, reliable road safety at a
societal scale.

In parallel, scalability remains a critical requirement for
realizing the full potential of AV technology. The goal is
to develop AV systems capable of operating across broad
operational design domains (ODDs) with minimal adaptation
or operational overhead, while consistently upholding high
performance of safety. Central to this capability is robust
model generalization—the ability of learned models to per-
form reliably in diverse, previously unseen environments with-
out retraining and exhaustive location-specific tuning, enabling
large-scale, cost-effective deployment. Meeting this challenge
is essential for bringing the vision of Level 5 autonomy closer
to reality.

B. Curse of Dimensionality and Curse of Rarity: Root Causes
of the Dilemma

Two fundamental challenges underlie the difficulties in
achieving AV safety and scalability: the Curse of Dimensional-
ity (CoD) and the Curse of Rarity (CoR) [6]. Together, these
factors give rise to the persistent dilemma of safety versus
scalability. The real-world driving environment is inherently
high-dimensional, encompassing complex road geometries,
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heterogeneous traffic infrastructures, diverse traffic rules, dy-
namic road users, variable weather conditions, and constantly
changing temporal contexts. As a result, the operational state
space that an AV must handle becomes exceedingly large,
leading to the CoD problem, where the amount of data needed
to adequately represent and generalize across all possible
situations increases exponentially with the number of relevant
variables.

On top of this, the Curse of Rarity (CoR) poses a critical
challenge. As emphasized in [6], autonomous vehicle (AV)
training typically requires exhaustive data collection and road
testing to ensure safety. However, the AV’s performance cannot
be guaranteed in scenarios that have not been explicitly
encountered during training. Given the continuous and highly
diverse nature of real-world driving, AVs are vulnerable not
only to rare, safety-critical events but also to failures in
seemingly routine situations—those that are well-represented
in the training data but not captured in precisely the same
form. A recent survey of self-driving accidents [7] revealed
that 96.45% of failures occurred under normal conditions, such
as daylight and dry roads, and 93.2% involved no dangerous
behaviors. This paradox highlights the limitations of current
AV generalization capabilities, significantly inflating the cost
of training and testing, and contributing to persistent public
skepticism toward autonomous driving technologies.

The compounding effects of CoD and CoR create a fun-
damental dilemma in autonomous driving. To improve safety,
developers often resort to constraining the ODD, running more
physical testing, and adding cost in the form of more sensors,
HD maps, compute power, teleoperators, and other hazard
countermeasures. While beneficial to safety, these measures
undermine AV scalability to high-volume implementations
in widely variable usage environments. Over the past two
decades, addressing this tension between safety and scalability
has been one of the most significant research and engineering
challenges in the field, driving a series of paradigm shifts in
AV system design, as discussed next.

C. AV Development Stages

To address the intertwined challenges of safety and scalabil-
ity, the AV research community has undergone several major
methodological paradigm shifts over the past two decades.
Although there is no universally accepted framework for de-
marcating the stages of AV development—and the boundaries
between them are inherently fluid—we adopt a categorization
informed by foundational paradigms in the broader field of
artificial intelligence. Based on this perspective, we delineate
the evolution of AV systems into three distinct stages, as shown
in Fig. 1.

1) AV 1.0: Autonomous Driving by Design: In this early
phase, the primary objective was to demonstrate AV function-
ality by building complete, rule-based AV pipelines. These sys-
tems were mostly manually engineered with explicit, human-
crafted logic for perception, decision-making, and control.
While these early designs enabled proof-of-concept demon-
strations and the execution of simple driving tasks, they
lacked adaptability and robustness in complex, dynamic, and
unpredictable real-world environments. As a result, AV 1.0
systems suffered from limited safety performance and scal-
ability, constrained by the inherent limitations of rule-based
systems and the CoD problem.

2) AV 2.0: Autonomous Driving through Discriminative
Learning: This stage marked a paradigm shift toward data-
driven, learning-based approaches, particularly leveraging
deep learning within a discriminative framework. Core AV
components such as perception, prediction, and planning in-
creasingly rely on learning mappings from observed inputs to
labeled outputs — such as inferring object detections from
sensor data or generating control actions from traffic scenes.

Deep neural networks offered far superior representational
capacity than rule-based systems, significantly alleviating
the CoD issue by enabling AV systems to handle high-
dimensional, complex driving environments. However, dis-
criminative learning methods focus on modeling conditional
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distributions, expressed as p(y|x), where the output y is
conditioned on the given input x. This approach inherently
assumes that (1) the available training dataset x sufficiently
covers the full space of possible driving situations, and (2)
the learned function p(y|x) can generalize to the complete
joint space of (x, y) based on this partial dataset. In practice,
extensive experience during the AV 2.0 phase revealed that
these assumptions break down in autonomous driving. Real-
world driving occurs in an open, dynamic, and highly unpre-
dictable environment, where collected (x, y) pairs only capture
a narrow subset of possible situations. Models trained on such
discrete, limited datasets struggle to generalize to unseen or
rare situations, which are often the most safety-critical. This
limitation raises significant safety concerns and leaves AV 2.0
systems vulnerable to out-of-distribution events — the long-
tail cases at the heart of the CoR problem. Although AV
2.0 systems delivered notable improvements in scalability and
performance over rule-based predecessors, they continued to
face fundamental challenges: poor generalization in long-tail
scenarios, a lack of true scene understanding and reasoning
capabilities, and limited interpretability. These shortcomings
ultimately constrained their safety and scalability in real-world
driving environments.

3) Towards AV 3.0: Autonomous Driving through Genera-
tive Learning: The field is now entering a third stage—AV
3.0—driven by the growing recognition that the limitations of
AV 2.0 stem fundamentally from the discriminative learning
paradigm that defines it. A notable shift in AV 3.0 lies in
its emphasis not only on aligning generated trajectories with
human demonstrations, but also on capturing the internal
structure that emerges during the trajectory generation process.
This perspective follows the generative learning paradigm,
which aims to model the joint distribution between inputs
and outputs, i.e., p(x, y), rather than merely learning a con-
ditional mapping. These internal relationships may reflect
physical constraints, contextual consistencies, or spatial regu-
larities—providing the foundation for scene understanding and
reasoning about how environment dynamics influence driving
actions. In AV 3.0, the agent is no longer trained on isolated
instances; instead, it aims to generalize across interrelated sce-
narios through structured and regularized modeling, enabling
it to learn from, rather than merely mimic, observed data.

Notably, not all generative learning architectures—such as
Transformers or Diffusion models—are inherently suited for
autonomous driving tasks. Although these models are capable
of learning internal relationships, the representations they
capture may not align with the specific relational structures
required for driving. The compatibility between model archi-
tecture and task structure plays a crucial role in determining
model effectiveness. For instance, Transformers perform well
in natural language processing due to their ability to model
long-range dependencies via attention mechanisms, while ear-
lier generative models such as GANs struggled in this regard.
Likewise, Diffusion models have shown superior performance
in image generation tasks compared to Transformers, owing
to their better adaptation to global and local image features.
These examples highlight that architectural suitability is highly
task-dependent. Therefore, the central challenge in realizing

AV 3.0 lies in designing a learnable generative architecture that
can acquire the foundational internal relationships essential to
driving—relationships that enable inherently scalable and safe
autonomous behavior.

Recent research related to the AV 3.0 paradigm, particularly
those efforts involving vision-language models (VLMs) and
world models, attempt to leverage their pre-trained internal
relationships across driving scenarios. However, we observe
that relying on existing pre-trained architectures remains in-
sufficient to meet the scalability and safety requirements
of autonomous driving. Further research on how to design
structured and regularized models—more explicitly aligned
with the unique characteristics of driving tasks—may serve as
a critical foundation for the future development of autonomous
vehicle systems.

III. AV 1.0: AUTONOMOUS DRIVING BY DESIGN

A. Overview

Autonomous driving technology was initially developed to
improve traffic safety. During the 1950s-1990s, vehicles had
become essential for transportation but were also a leading
cause of traffic accidents, driving the development of vehicle
safety technologies. One of these research ideas aimed to
assist human driving and mitigate human errors, called driver
assistance systems (DAS) [8]. It typically obtained the vehicle
and surrounding environment status and then intervened to
help control the vehicle when necessary, enabling limited
autonomous operation. This also inspired researchers’ explo-
ration of the vehicles with more intelligence.

Early research on intelligent vehicles encompassed a range
of objectives, from developing comprehensive intelligent sys-
tems integrating multiple technologies to focusing on specific
functionalities like lane keeping and obstacle detection, laying
the groundwork for modern autonomous driving technologies.
A landmark initiative was the launch of the Partners for
Advanced Transit and Highways (PATH) program in 1986,
led by the University of California, Berkeley, which aimed
to improve traffic flow and safety through advanced vehicle
technologies [9]. PATH was a pioneer in developing early
automated and connected vehicle systems, including traffic
detection technologies and wireless communication infras-
tructure. In parallel, Advanced Driver Assistance Systems
(ADAS) were actively developed to support intelligent driving
functions such as Advanced Emergency Braking (AEB), cruise
control, adaptive cruise control, and lane-keeping assistance
[10]. Other research efforts focused on enabling precise control
of vehicles along predefined trajectories, leading to signifi-
cant progress in vehicle dynamic control technologies [11].
A notable milestone from this era was the development of
ALVINN (Autonomous Land Vehicle In a Neural Network),
which used a neural network trained on camera images to
steer a vehicle [12]. Often cited as a foundational example
of data-driven autonomous driving, ALVINN marked an early
integration of machine learning into vehicle control. During
this formative period, research objectives, system architec-
tures, and methodological approaches varied widely across
projects. A unified technological framework for autonomous



5

PATH
Automated Highway Systems

Path Tracking
(PID, MPC)

DARPA Ground/
Urban Challenge

1990 s

Objects

Perception

Lanes
Traffic Sign

(Shape/Color Filter)

Distance 
Estimation:
KNN

Feature 
points:
RANSAC

Localization:
Perspective-n-
Point/IPM

Dynamic object: 
Optical flow

Tracking: (SIFT 
SURF, ORB)

Color Filter
Gaussian Smoothing
+ Edge Detection

Lane Shape 
Fitting

Ego State
(GNSS, IMU)

Path Planning & Control

Navigation
A*/Hybrid A*/ D*

Behavior 
Planning

Finite State 
Machine

Gipps/
IDM/MOBIL

Trajectory Planning
RRT/A*/Polynomial Curve

Controller
PID/MPC/LQR/Preview

Others

Connected Vehicles HD Map

2004 2005 2007 2011

AV 1.0 by Design
(2004-2017)

Baidu Apollo
/ Autoware

2017

Input Output

Typical AV structure in AV 1.0: Finite State Machine

Remained Challenge: Scaling Application

Milestone: Achieve 
AV Function

Milestone: Full-State 
AV Platform

Milestone: Form Perception 
– Planning – Control Stack

Fig. 2. AV 1.0: Autonomous Driving by Design

driving had yet to emerge, and consensus within the research
community regarding the path forward remained elusive.

A turning point occurred with the 2007 DARPA Urban
Challenge [13], which required participating teams to design
autonomous vehicles capable of completing a fully self-driving
journey in an urban environment. During the challenge, ve-
hicles needed to perceive their surroundings, avoid dynamic
obstacles, plan the path, control the vehicle, and arrive at
the destination. This challenge attracted participants from
Stanford [14], MIT [15], and CMU [16] et al. After the
challenge, all teams published technical papers detailing their
approaches to achieving autonomous driving. Some teams
subsequently began commercial development of autonomous
driving technologies, e.g., Waymo (Google). This marked the
emergence of a consensus on the architecture of the first-
generation autonomous driving systems, i.e., AV 1.0, and
initiated focused research on various system modules shown
in Fig. 2. The following sections introduced the AV 1.0 and
related subsequent studies.

B. Architecture

The widely accepted structure of autonomous driving sys-
tems primarily includes perception, planning, control, and oth-
ers. This system structure was also adopted by most DARPA
Urban Challenge teams, shown in Fig. 3. The rationale behind
this segmentation lies in the distinct objectives and functions of
each module, as well as the fact that the technologies required
to achieve these objectives were often from closely related
fields. This section follows this structure to review the related
research works.

C. Perception

The goal of the perception module is to obtain the driving
conditions, including static and dynamic road objects, road
lanes, traffic signs, and the ego vehicle’s kinematic states.
These methods are closely related to the sensors equipped
on autonomous vehicles. In the DARPA Urban Challenge,

Fig. 3. A typical structure in AV 1.0: The agent relies on a predefined set of
rules to generate driving trajectories.

commonly used environmental perception sensors included
LiDAR, cameras, radar, GPS, and IMU. This paper does not
provide an in-depth discussion of sensors; readers may refer
to [17] for related work. In subsequent sections, we will focus
on perception methods that leveraging these sensors.

1) Objects: The initial concept of object detection focused
on identifying the drivable area, which simply required de-
tecting areas without elevated objects on the ground. LiDAR
proved to be an ideal sensor for this task, as it emitted dense
point clouds around the vehicle and measured the distance of
each point from the vehicle. By applying methods such as
K-Nearest Neighbors (KNN) [18] clustering, objects elevated
above the ground could be identified. This approach did not
require object recognition or classification, yet it provided
reliable collision avoidance for vehicles. As a result, LiDAR
was widely adopted in early autonomous vehicles.

Images can also be used to identify environmental obstacles.
The primary approach involves extracting feature points from
the image and estimating their relative position to the vehicle
using the physical characteristics of the camera, thus identify-
ing objects elevated above the ground. A classic method for
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detecting image feature points is RANSAC (Random Sample
Consensus) [19].

The approach for evaluating relative positions depends
on the number of cameras installed on the vehicle. Stereo
cameras use the relative distance between two cameras with
PnP (Perspective-n-Point) [20], while monocular cameras rely
on the camera’s height above the ground and its intrinsic
parameters using IPM (Inverse Perspective Mapping) [21]. The
measurement accuracy of stereo cameras generally depends
on the precision of feature point matching between the two
images, whereas monocular cameras are more reliant on
calibration accuracy.

For dynamic objects, their velocity was crucial for au-
tonomous driving, requiring the perception module to per-
form sequential measurements of these objects. Two common
methods were widely employed for this purpose: 1) Optical
Flow Method [22]: This technique analyzed the differences
between two consecutive frames to generate an optical flow,
which was used to estimate the motion of dynamic obstacles;
2) Feature Point Matching Method: Algorithms such as Scale-
Invariant Feature Transform (SIFT), Speeded Up Robust Fea-
ture (SURF), and Orientated FAST and Robust BRIEF (ORB)
[23] matched feature points between consecutive frames, and
the displacement of these points was used to estimate their
velocity and, consequently, the motion of the object. Among
these, the feature point matching method generally offers
higher accuracy and is therefore more widely adopted in
practice.

There were also some feature-based vehicle detection meth-
ods, e.g., detecting the vehicle plates by their shape and color,
and then detecting the car [24]. However, the localization
of vehicles was significantly below acceptable levels, not
to mention the challenges in recognizing pedestrians and
uncommon objects. Thus, measuring the drivable area was the
main target at that time.

2) Lanes: Lane detection usually relies on images, with
feature-based methods falling into three main categories:
color-based, edge-based, and shape-based approaches. Color-
based methods identify lane markings by setting color thresh-
olds to extract yellow and white pixels from the road surface.
Edge-based approaches first apply a blurring process to the
image and then extract edges from the blurred color gradients
to identify lane lines. Shape-based methods assume that the
lane lines take the form of straight or continuous curved lines.
Based on this assumption, they fit key feature points on the
road surface to derive the lane boundaries.

The details of these methods can be found in [25], which
also includes the pre-processing of the image. All three
methods rely on some assumptions about the attributes of lane
lines. When these assumptions are not met, the accuracy of
detection often suffers. Consequently, these methods struggled
to achieve high precision. During this period, enhanced digital
maps and high-precision maps (HD maps) [26] collected in
advance were commonly used to obtain lane line information,
adopted by most DARPA Urban Challenge teams.

3) Traffic Signs: Similarly, traffic sign detection also relies
on images and sign-specific features, including shape, color,
symbols, and text. Shapes, symbols, and text are typically

identified using template-matching methods [27], while color
features are detected through color filtering techniques. Since
the types of traffic signs are usually fixed, these methods
generally achieve good detection performance.

However, the challenge lies in understanding the applicable
range of detected traffic signs. For instance, detecting a speed
limit sign that does not apply to the current lane may cause
the vehicle to unnecessarily slow down, potentially leading to
safety risks. As a result, enhanced digital maps and HD maps
have still been widely used for traffic sign detection to ensure
reliability.

4) Ego states: Ego vehicle’s state usually includes its
position, orientation, velocity, and acceleration, which are
measured using onboard sensors. Position estimation is usually
achieved through satellite-based navigation systems (GNSS)
[28], with higher-precision differential real-time kinematic po-
sitioning RTK-GPS [29] often employed, achieving accuracy
within 10 cm. The vehicle’s heading is calculated using two
GPS devices placed at the front and rear of the vehicle.
Velocity and acceleration can be derived from positional
differences or measured using wheel speed sensors and inertial
measurement units (IMU) [30].

Ego vehicle’s state information is critical not only for
vehicle planning and control but also for querying map data
based on the vehicle’s position. Therefore, the accuracy of
vehicle state estimation is essential for the effectiveness of
autonomous driving systems.

D. Path Planning and Control

After obtaining the driving environment state, the au-
tonomous vehicle should plan a reasonable route and control
itself to reach the destination. This process typically involves
four components: navigation, behavior planning, trajectory
planning, and control. Navigation is responsible for map-
ping an origin-to-destination path within the road network,
while high-level behavior planning generates abstract com-
mands such as yielding, passing, or lane changing. Trajec-
tory planning, on the other hand, is focused on generating
detailed vehicle trajectories, while motion control translates
these trajectories into actionable throttle, brake, and steering
commands. These components generally operate sequentially
but often overlap in functionality. For example, some systems
integrate behavior planning with trajectory planning, where
trajectory planning inherently includes decision-making. Sim-
ilarly, some systems consider trajectory generation during
navigation planning. This paper provides an overview of the
objectives and common approaches for these four modules.
However, it should be noted that not all systems necessarily
include all four components.

1) Navigation: Navigation methods had been explored
before autonomous driving. The goal is to determine the
optimal route from a starting point to a destination, with graph
searching methods, e.g., A* and D*. Related work can be
found in [31]. Traditional navigation systems typically output
a sequence of road segments and intersections. However, early
autonomous driving algorithms required denser route infor-
mation. To address this, navigation systems for autonomous
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driving usually adopt waypoint-based or reference trajectory
methods, where waypoints or trajectories connect the start and
end points. During driving, autonomous vehicles can follow
these waypoints or trajectories and avoid objects on the road.
This largely simplifies the autonomous driving problem. The
DARPA Urban Challenge also utilized the waypoint method
for releasing driving tasks.

However, ideal autonomous vehicles should plan the path
according to the real-time environment instead of always fol-
lowing a pre-designed trajectory. Thus, as autonomous driving
algorithms improved, this method was gradually phased out.
For related research, please refer to [32].

2) Behavior Planning: Driving behavior is critical as it
reflects the intelligence of autonomous vehicles. The devel-
opment of behavior planning methods has progressed through
three key stages: finite state machines, behavior modeling, and
general behavior planning.

In the DARPA Urban Challenge, most teams adopted the
finite state machine (FSM) approach for behavior decision-
making [14]. The FSM method categorized all environmental
states and assigned specific behaviors to each category to
achieve decision-making. The advantage of this approach was
its ability to associate vehicle behavior with environmental
states while ensuring that different behaviors did not interfere
with each other. This simplified the decision-making process
for autonomous driving while enabling more complex vehicle
behaviors.

This method was later extended into scenario-based au-
tonomous driving [33], where vehicle behaviors were fur-
ther refined by constructing extensive scenario libraries. This
approach significantly influenced the development of au-
tonomous driving systems for a long time thereafter. How-
ever, as the scenario libraries expanded, researchers began
to encounter challenges such as overly complex scenario
descriptions, unclear scenario boundaries, and difficulties in
defining certain scenarios.

Therefore, many studies introduced driver behavior models
to integrate multiple scenarios, for example, the Integrated
Driving Model (IDM) [34] and Minimizing Overall Braking
Induced by Lane Changes (MOBIL) [35] models, derived from
microscopic traffic simulation models. These models define
vehicles’ longitudinal and lateral behaviors, enabling tasks like
car-following and lane-changing, thereby merging numerous
multi-lane scenarios into a single scenario.

Simultaneously, behavior algorithms tailored to specific
scenarios were proposed, addressing tasks such as merging or
exiting highways, intersections, and yielding to pedestrians.
However, due to the complexity of scenario segmentation,
no widely accepted models for specific scenarios have been
proposed, limiting further development of this approach.

To overcome the limitations of scenario-specific behavior
models, general behavior planning methods have been devel-
oped to enable broader adaptability across diverse driving con-
texts. Among these, sampling-based approaches have gained
prominence. These methods frame behavior generation as an
optimization problem: finding a feasible and cost-effective
trajectory within the vehicle’s reachable state space.

A representative class is structured sampling-based methods,
such as lattice-based planning [36], [37]. These approaches
discretize the continuous state space into a lattice of candi-
date states and use precomputed motion primitives to ensure
dynamically feasible paths. Cost functions - which account for
safety, comfort, traffic rules, and task-specific goals - guide the
selection of the optimal trajectory from the set of candidates.

3) Trajectory Planning: The goal of trajectory planning is
to generate a path or trajectory from the current or a specific
starting point to a target point. Here, a path usually means
a sequence of positions, while a trajectory also contains the
speed at these positions. This section will generally use the
term trajectory for short. A trajectory should avoid collisions
with surrounding objects and remain smooth to be tracked by
the controller. However, the definition and scale of trajectory
planning vary significantly across different systems.

In early systems, trajectories were often static or updated
only when necessary, resulting in large-scale trajectory plans
that sometimes included navigation functionality. As behavior
decision-making modules became more sophisticated, trajec-
tories needed to adapt dynamically to behavioral changes. This
increased the frequency of trajectory generation and reduced
the planning scale. Consequently, algorithm complexity de-
creased while real-time performance improved.

The emergence of general behavior models further advanced
and unified trajectory planning algorithms, often integrating
trajectory planning and decision-making into a single module.
This section introduces some representative algorithms of
these three phases.

In the DARPA Urban Challenge, most teams used the
classical A* algorithm [14] for trajectory planning, while
MIT’s team adopted the Rapidly-Exploring Random Tree
(RRT) [15] method. Both algorithms computed a collision-free
trajectory from the starting point to the target point on a planar
surface. The A* algorithm iteratively searched for the optimal
path from the start to the goal by generating a trajectory
through pre-established nodes in the space, evaluating the
cost to reach each node. However, if the nodes were too
dense, the method became inefficient, whereas overly sparse
nodes resulted in poor-quality trajectories. In contrast, the RRT
algorithm sampled points randomly in the space and refined
the trajectory iteratively, balancing efficiency and performance.
This made RRT the state-of-the-art method during that phase.

Nonetheless, both methods had limitations, particularly their
inability to account for dynamic environmental information.
Additionally, RRT was more challenging to integrate with
behavior decision-making modules. As a result, RRT did
not become a mainstream algorithm for autonomous driving
systems.

With better behavior planning modules, trajectory planning
modules mostly aim to execute specific behaviors. During
this time, algorithms such as A* and Hybrid A* remained
commonly used. Meanwhile, methods based on predefined
curves were introduced to accelerate trajectory generation
while ensuring smoothness. These curve types include poly-
nomial curves, B-spline interpolations, and Bézier curves [38].

The computation of these curves is typically based on
constraints from the start point, end point, and intermediate
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control points, allowing for the rapid generation of trajectories.
The advantage of curve-based methods lies in their high com-
putational efficiency and guaranteed smoothness. However,
their limitation is the inability to represent complex trajectory
shapes. Consequently, in more complicated scenarios, such as
parking lots, algorithms like A* still work well.

Trajectory planning algorithms later evolved and converged
into the Lattice algorithm [39], which is based on spatial
sampling and uses quintic polynomials for smoothing. This
method offers significant flexibility for various behaviors while
maintaining high efficiency, making it widely adopted in self-
driving systems.

4) Control: A control module is designed to enable the ve-
hicle to track the planned trajectory accurately. PID controllers
[40] and optimal control techniques (like MPC) [41]–[43] were
widely adopted. These methods ensured stable and predictable
control performance, particularly in urban driving contexts.
This paper does not delve into these methods in detail; readers
may refer to [44] for related research.

It should be noted that during the development of self-
driving cars, some vehicle control algorithms incorporated
environmental information to add safeguards or correct un-
smooth trajectories. These methods emerged due to the lim-
ited capabilities of decision-making and trajectory planning
modules, necessitating assistance from the control module.
However, as self-driving capabilities improved, the control
module returned to focusing solely on the execution of its
control objectives.

E. Others

In addition to the essential modules required for self-
driving functions, certain supportive modules have also been
developed independently. Here, we focus on introducing two
key modules: connected vehicles and enhanced digital maps.

1) Connected Vehicles: Connected vehicle technology was
initially developed to collect dynamic traffic information, with
the main technical challenge being the establishment of a
stable and reliable communication network [45].

For self-driving cars, the most critical role of connected
vehicles lies in enhancing perception capabilities in situa-
tions of insufficient sensor performance. Using communication
methods, the connected vehicle network can provide accu-
rate and reliable information about surrounding vehicles and
pedestrians. In addition, connected vehicle technology offers
potential solutions to challenges such as autonomous vehicle
platooning [46], cooperative perception [47], and cooperative
decision-making [48].

2) HD maps: Accurate lane and traffic sign detection
remains challenging for onboard sensors, making High-
definition (HD) maps [26], [49] an important tool in the AV
by providing highly detailed, pre-constructed representations
of the road environment. These maps are used to augment real-
time perception systems and support localization, navigation,
and decision-making [50], [51], particularly in complex or
unfamiliar environments. HD maps typically include precise
lane-level information, road geometry, traffic signs, and other
static elements such as intersections and crosswalks.

However, the creation and continuous updating of HD maps
require substantial computational resources and data [52],
presenting ongoing challenges for the field. More detailed
information on HD mapping can be found in [53]. To address
these, simultaneous localization and mapping (SLAM) has
become a crucial technology, enabling real-time map cre-
ation and localization in previously unexplored areas. SLAM
facilitates the real-time update of maps, helping to tackle
dynamic changes such as road construction or environmental
alterations, which are critical for maintaining map accuracy
and consistency. For more detailed discussions on SLAM, see
[54].

3) Open-source systems: A key milestone of the AV 1.0
stage was the release of open-source AV platforms, which
enabled rapid research and development. Notable systems such
as Autoware [55] and Baidu Apollo [56] provided modular,
full-stack pipelines covering core AV functions, including
perception, planning, and control. These platforms allowed
researchers and developers to experiment with, customize,
and extend AV functionalities, accelerating innovation and
fostering collaboration across academia and industry.

F. Discussions

In the AV1.0 stage, autonomous driving technology
achieved the following objectives: 1) The hardware of au-
tonomous vehicles could support self-driving capabilities. 2)
The community formed a well-adopted autonomous driv-
ing system consisting of perception, planning, and control
modules. 3) Autonomous driving vehicles demonstrated self-
driving ability under some given conditions.

However, the remaining issues to be addressed during this
stage were: 1) The accuracy and reliability of environmental
perception remained insufficient, compromising driving safety.
2) There were still concerns regarding the trustworthiness of
large-scale deployment of autonomous driving technology.

IV. AV 2.0: AUTONOMOUS DRIVING THROUGH
DISCRIMINATIVE LEARNING

A. Overview

The transition from AV 1.0 (Autonomous Driving by De-
sign) to AV 2.0 (Autonomous Driving through Discriminative
Learning) marks a pivotal evolution in AV development.
Unlike the hand-crafted rules-based methods that dominated
the AV 1.0 era, AV 2.0 embraces data-driven approaches,
leveraging large-scale real-world datasets, including human-
labeled annotations and driving demonstrations, to train both
modular and end-to-end (E2E) systems. This shift automated
feature extraction and function design, enabling more scalable
and adaptable solutions to meet the complexity of real-world
driving environments. Methods from this era predominantly
followed a discriminative learning paradigm, mapping inputs
directly to outputs based on labeled data pairs rather than
depending on explicitly encoded rules or model-based designs.

The motivation for this transition stemmed from the inherent
limitations of AV 1.0. While AV 1.0 established a foun-
dational architecture—comprising perception, planning, and
control—its model-based methods struggled to cope with the
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CoD of real-world driving. The diverse behaviors of road users
and the dynamic nature of the environment posed significant
challenges for heuristic-driven approaches, limiting their scal-
ability and intelligence. As a result, AV 1.0 systems largely
remained confined to structured environments or conceptual
demonstrations.

Two major factors catalyzed the emergence of AV 2.0.
First, the rise of deep learning (DL) revolutionized approaches
to high-dimensional tasks. Landmark achievements such as
AlexNet [57] demonstrated the potential of DL for computer
vision, while AlphaGo [58] highlighted the promise of re-
inforcement learning (RL)3 for decision-making in complex
domains. Second, the availability of large-scale, high-quality
datasets—such as KITTI [59], [60] and the Waymo Open
Dataset [61], [62]—enabled data-driven methods to advance
rapidly.

Together, these technological and data-driven breakthroughs
laid the foundation for transformative growth in AV 2.0,
leading to two major milestones: the development of AI-
enhanced modular AV systems and the emergence of E2E AV
pipelines.

B. Architecture
The AV 2.0 architecture initially extended the modular

structure established in AV 1.0, retaining the core components
of perception, planning, and control. However, each mod-
ule evolved substantially, with data-driven learning replacing
much of the handcrafted design. The architectural strategy
followed a divide-and-conquer approach: each component was
developed and optimized independently using large-scale data,
and later integrated into a complete system. A typical structure
of AV 2.0 is shown in Fig. 5.

As research progressed, E2E pipelines emerged, encompass-
ing either fully differentiable modular systems or complete
black-box models trained in a holistic manner. The E2E
paradigm offered the potential to minimize compounded errors
and preserve valuable information across components by opti-
mizing the full AV stack jointly. Alongside these architectural
innovations, this period also saw the rapid development of
a broad ecosystem of supporting tools, including large-scale
datasets, standardized benchmarks, and high-fidelity simula-
tors, all of which accelerated AV development and deploy-
ment.

Broadly, AV 2.0 can be characterized by the following key
advancements:

• Perception: The perception module shifted entirely to
learning-based approaches. Breakthroughs in deep learn-
ing for computer vision drove advancements in object
detection, semantic segmentation, and sensor fusion, uti-
lizing data from cameras, LiDARs, and radars.

• Planning: While model-based methods remained valu-
able for their robustness and interpretability, learning-
based approaches, particularly imitation learning and re-
inforcement learning, gained traction for planning tasks,
offering greater adaptability in complex environments.

3Conceptually, reinforcement learning is not part of the discriminative
learning paradigm. Reviewed here due to its brief exploration during AV 2.0,
despite a lack of widespread adoption.

• End-to-End (E2E) Pipeline: While modular pipelines
offer advantages in terms of interpretability and ease of
development and debugging, E2E architectures offer the
potential for higher upper-bound performance by jointly
optimizing across the full AV stack.

• Testing and Evaluation: As AV technology advanced,
safety testing and evaluation became critical for de-
ployment readiness. AV 2.0 introduced functional safety
checks and scenario-based evaluations to assess the per-
formance and reliability of AV hardware and software
components.

• Supporting Tools: Publicly available sensing and tra-
jectory datasets were instrumental in benchmarking and
advancing perception and planning modules. The emer-
gence of high-fidelity simulators has provided virtual
environments for training and evaluation of AV systems.

We will follow this structure to review key research efforts
during the AV 2.0 era.

C. Perception
1) Early Milestones: Image-Based Perception with CNNs:

The wave of deep learning-based perception systems be-
gan in 2012 with the introduction of AlexNet [57], which
leveraged Convolutional Neural Networks (CNNs) for image
classification. This breakthrough spurred numerous influential
works that extended CNNs to object detection, semantic
segmentation, and tracking tasks. Notable milestones include
OverFeat [63], the R-CNN series [64]–[67], YOLO series
[68]–[70], SPP [71], FCN [72], SSD [73], CenterNet [74],
and Deep SORT [75]. These methods were often built on
foundational architectures such as AlexNet [57], VGG-16
[76], Inception [77], and ResNet [78]. Image-based perception
systems significantly improved the ability of AVs to sense
and interpret their surroundings using camera inputs, achieving
unprecedented scalability and accuracy compared to traditional
handcrafted methods. For a comprehensive overview of image-
based perception methods, refer to [79], [80].

2) Moving to 3D: LiDAR-Based Perception: LiDAR is crit-
ical for AV perception, providing accurate depth measurements
and reliable performance in diverse lighting and weather con-
ditions, complementing camera-based systems. While cameras
capture rich semantic details, they struggle in low-light or
adverse environments, whereas LiDAR excels in geometric
precision and robustness. This synergy enables multimodal
approaches that combine the strengths of both sensors. LiDAR
ushered in the era of 3D perception, where methods such as
PointNet [81], PointNet++ [82], VoxelNet [83], PIXOR [84],
and PointPillars [85] leveraged the 3D point clouds generated
by LiDAR. These approaches adapted 2D CNN concepts to
3D CNN architectures to extract meaningful features from
spatial data. The complementary nature of 2D images (rich
in semantics) and 3D point clouds (precise in geometry and
distance) inspired multimodal perception methods. Ground-
breaking works like MV3D [86], Frustum PointNet [87], Cont-
Fuse [88], and AVOD [89] combined camera and LiDAR data
to achieve more holistic perception capabilities. For a detailed
exploration of LiDAR-based and multimodal perception, see
[90], [91].
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Fig. 5. A typical structure in AV 2.0: The agent is supervised using
human driving data, learning to generate trajectories that closely match those
demonstrated by human drivers. Perception and planning modules may be
jointly learned within a unified network, commonly referred to as an end-to-
end driving framework.

3) From CNN to Transformer: The Evolution of Perception
Backbones: In earlier methods, CNNs dominated perception
tasks, serving as the backbone for data processing and feature
extraction. However, the introduction of the Transformer ar-
chitecture [92] in 2017 revolutionized the field, initially trans-
forming natural language processing and later gaining traction
in computer vision. The Transformer’s attention mechanism al-
lowed for better handling of long-range dependencies and con-
text, which CNNs struggled with due to their local receptive
fields. Early applications in perception, such as DETR [93],
Deformable DETR [94], and Conditional DETR [95], adopted
the Transformer’s encoder-decoder structure, delivering sim-
plified architectures with fewer handcrafted components like
anchor generation and non-maximum suppression (NMS) in
previous method [96]. Furthermore, Vision Transformer (ViT)
[97] marked a shift to pure Transformer architectures, applying
Transformer principles to sequences of image patches. Over
time, variants like Swin Transformer [98], Twins [99], and
TNT [100] emerged, cementing the Transformer as a superior
backbone for perception tasks. Representative works such

as SegFormer [101] further demonstrated its capability to
outperform traditional CNN-based methods in detection, seg-
mentation, and tracking. For a detailed review of Transformers
in vision tasks, refer to [96], [102].

4) Emergence of Bird’s-Eye View Representations: Bird’s-
Eye View (BEV) representations emerged during the AV
2.0 stage as a powerful alternative to traditional front-view
perception, offering benefits such as seamless sensor fusion,
reduced occlusion and scale issues, and natural alignment
with planning and control. Early works like PIXOR [84] and
HDNET [103] laid the foundation, but BEV gained widespread
traction following Tesla’s adoption of BEV-based vector space
construction [104]. Transformer-based models such as BEV-
Former [105] and BEVFusion [106] further pushed the frontier
by leveraging multi-view camera and LiDAR data.

As BEV became the mainstream perception approach, de-
velopment split into two major directions: 2D-to-3D lifting
and direct 3D projection. The former estimates depth and
unprojects features into 3D space, as in BEVFormerV2 [107],
introducing a two-stage BEV detection framework with per-
spective view supervision. The latter projects predefined 3D
coordinate volumes onto 2D views and aggregates image
features, exemplified by SparseBEV [108], which introduces
a scale-adaptive attention mechanism and a spatio-temporal
sampling strategy, significantly enhancing the detector’s adapt-
ability in both BEV and image space.

Recent advances also incorporate language as a comple-
mentary modality to enhance semantic understanding. BEV-
TSR [109] enables scene retrieval via cross-modal BEV-
language embeddings, while CLIP-BEVFormer [110] applies
contrastive learning to integrate language supervision into
BEV features with minimal ground truth. For a complete
review of BEV perception, see [111].

5) From 2D to 3D Holistic Representations: Occupancy-
based perception, rooted in classic Occupancy Grid Mapping
(OGM) [112], has evolved into 3D occupancy prediction—a
richer scene representation that classifies voxels as free, occu-
pied, or unobserved, often with semantic labels. Unlike BEV
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or OGM, modern 3D occupancy methods remove dependence
on range sensors and static scene assumptions, offering more
complete spatial understanding.

Monocular and vision-centric approaches have recently ad-
vanced, including MonoScene [113], Tesla’s occupancy net-
work [114], and TPVFormer [115], achieving LiDAR-level
performance using only cameras. Models like SurroundOcc
[116], OccFormer [117], and FB-OCC [118] enhance multi-
view fusion and spatial reasoning. Cam4DOcc [119] further
extends occupancy into the spatiotemporal domain for dy-
namic scene prediction.

Due to the high cost of dense voxel annotations, methods
such as Occ3D [120], OpenOccupancy [121], and SelfOcc
[122] explore dense label generation and self-supervised learn-
ing. NeRF-based techniques like OccNerf [123], RenderOcc
[124], and OccFlowNet [125] push the frontier by reconstruct-
ing 3D volumes from 2D or multi-view images with minimal
supervision. For a more comprehensive overview of occupancy
prediction, refer to [126].

D. Planning

The AV 2.0 stage was marked by active exploration in
planning systems, with numerous approaches proposed but no
definitive consensus established. The overall pipeline remained
consistent with the AV 1.0 structure, comprising navigation,
behavior planning, trajectory planning, and control. Among
these, navigation and control saw minimal change, while
significant advancements occurred in behavior and trajectory
planning. In fact, the boundary between behavior and trajec-
tory planning became increasingly blurred, and in many AV
2.0 systems, the two are treated jointly. Accordingly, we do
not distinguish them explicitly in this discussion.

We categorize AV 2.0 planning methods into three ma-
jor groups: Imitation Learning, Reinforcement Learning, and
Others. The first two represent dominant learning-based
paradigms: learning from expert demonstrations or through
trial-and-error interaction with the environment. The Others
category includes formal methods and hybrid approaches that
integrate multiple paradigms or adopt alternative formulations.

1) Imitation Learning: Imitation Learning (IL) gained sig-
nificant traction during the AV 2.0 stage, allowing AVs to
learn from human driving demonstrations. Unlike model-based
methods in AV 1.0, IL-based approaches train neural networks
directly on real-world driving data, bypassing the need for
handcrafted rules.

Modularized planning pipelines typically involve two key
modules: trajectory prediction and planning. In trajectory
prediction, IL-based methods learn to forecast the behavior
of surrounding agents—such as vehicles, pedestrians, and
cyclists—to enable safe and effective planning. By leveraging
large-scale driving datasets, these methods use supervised
learning to map observed states to future trajectories. Notable
advancements included Social LSTM [127], MultiPath [128],
Multipath++ [129], VectorNet [130], TNT [131], DenseTNT
[132], MotionLM [133], MTR [134], MTR++ [135], and
QCNet [136]. VectorNet [130], in particular, introduced a
vectorized representation of road networks, which was later

widely used by other methods, improving model efficiency
and scalability.

Once trajectory prediction has been completed, the planning
module leverages the predicted agent behaviors to plan the ego
vehicle’s trajectory by mimicking human driving behaviors.
During training, the system incorporates additional loss terms
related to collision avoidance, off-road deviations, and map
adherence, in addition to the standard IL imitation loss, to
optimize the future trajectory. However, the distinction be-
tween trajectory prediction and planning is not always clear-
cut. Many approaches, such as ChauffeurNet [137], LookOut
[138], PiP [139], MP3 [140], and DIPP [141], jointly predict
both the behavior of surrounding agents and the ego vehicle’s
future trajectory. While IL has enabled significant advances,
it is still hampered by challenges such as compounding errors
[142], which can lead to the degradation of performance in
AV sequential decision-making processes.

2) Reinforcement Learning: The rise of reinforcement
learning (RL) during the AV 2.0 stage brought a promising
new direction for the AV planning. Unlike IL, which relies on
expert demonstrations, RL empowers agents to autonomously
explore environments and learn through trial and error, en-
abling AVs to potentially achieve superhuman performance in
complex and dynamic driving tasks. Inspired by RL’s success
in Atari games [143], AlphaGo [58], and AlphaGo Zero [144],
extensive research [145]–[152] has explored RL applications
to AV planning using value-based, policy-based, and actor-
critic methods in both simulated and real-world environments.
Notable studies, such as [146], developed RL frameworks for
controlling vehicles in simulators, while [147] applied Deep
Deterministic Policy Gradient (DDPG) to control a full-sized
robotic vehicle in real-world environments.

While RL has demonstrated promising results, its real-world
deployment faces challenges such as data inefficiency, the sim-
to-real gap, and the lack of theoretical safety guarantees. To
address these issues, recent developments in safe RL [153]
and confidence-aware RL [154] have focused on ensuring
continuous performance improvement and safety in dynamic
environments. A comprehensive survey on RL applications in
AV planning can be found in [155].

3) Others: Formal methods have also been explored as
a means to develop safe and theoretically sound planning
algorithms. These methods focus on ensuring safety by
providing guarantees about AV behavior. Reachability-based
methods [156] calculate the reachable sets of surrounding
agents, allowing formal verification of the AV’s planned tra-
jectories. However, these methods tend to be conservative,
often over-approximating reachable sets, and they struggle
to scale when the number of surrounding agents increases.
Similarly, safety-envelope methods, such as Responsibility-
Sensitive Safety (RSS) [157], rely on assumptions about the
behavior of surrounding agents and construct safety layers to
ensure safe operation of the AV. While these methods provide
formal safety guarantees, their reliance on predefined rules
and assumptions can limit their applicability in dynamic, real-
world environments.

Hybrid methods have also garnered attention, combining
the strengths of different approaches to address the limi-
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tations of individual methods. For instance, methods that
integrate model-based planners with RL [158] combine the
interpretability and robustness of model-based methods with
the flexibility of RL, enabling more adaptable planning in
complex environments. Hybrid approaches that combine IL
with RL [159], [160] exploit IL for pretraining and RL for
fine-tuning, achieving better generalization in dynamic situ-
ations. Furthermore, Generative Adversarial Imitation Learn-
ing (GAIL), which combines IL with Generative Adversarial
Network (GAN), has been applied to model human driving
behaviors [161]–[164]. These hybrid strategies seek to bal-
ance interpretability, robustness, and performance, allowing for
more effective and scalable solutions in real-world autonomous
driving tasks.

To further enhance the robustness of AV decision-making,
efforts are increasingly directed toward improving system
transparency and interpretability, making it easier to debug and
optimize the system. One approach is attention visualization
[165], where the system highlights the most relevant elements
to its decision-making process, offering a visual insight into its
reasoning. Another strategy involves designing interpretable
tasks [166] that decode latent feature representations into
meaningful insights like reconstructing input characteristics.
Furthermore, some models generate explanations in natural
language [167], [168] for their predictions, making the under-
lying processes more accessible to human understanding.

E. E2E Pipeline

End-to-End (E2E) pipelines fundamentally differ from tra-
ditional modular architectures, which design perception, plan-
ning, and control components independently. The core idea
of E2E systems is to jointly optimize the entire autonomous
driving stack, either through a fully differentiable modular
system or as a complete black-box model, holistically trained
using data-driven approaches such as IL. This unified training
framework enables integrated task optimization and allows for
seamless information flow across components.

Early E2E approaches demonstrated the feasibility of di-
rectly mapping raw sensor inputs to control commands using
deep neural networks. Notably, Nvidia’s DAVE-2 [169] and
other contemporaneous systems [147], [170], [171] employed
CNNs to predict steering commands from front-facing camera
images, achieving short-range autonomous driving in real-
world settings. These pioneering efforts showcased the intu-
itive appeal of E2E learning by removing the need for hand-
engineered intermediate representations and separate modules.

As the field evolved, researchers began integrating modular
principles into E2E systems while preserving end-to-end train-
ability. For instance, UniAD [172] introduced a differentiable
modular design where perception, prediction, and planning
components were jointly optimized using auxiliary IL losses.
This approach maintained the interpretability and structure of
modular pipelines while benefiting from unified learning and
optimization.

Building on this foundation, recent systems further en-
hanced performance and generalization through architectural
innovations. VAD [173] introduced a fully vectorized scene

representation, avoiding rasterized inputs and post-processing,
thus improving both interpretability and accuracy. OccNet
[174] employed a multi-view, vision-centric architecture lever-
aging occupancy maps and object detection outputs to improve
planning accuracy. VADv2 [175] modeled the planning policy
as an environment-conditioned, nonstationary stochastic pro-
cess, using a probabilistic field to map the action space to prob-
ability distributions and significantly improving closed-loop
performance. SparseDrive [176] addressed the inefficiencies of
dense BEV representations by introducing a sparse perception
module and a parallel planner with hierarchical decision layers,
achieving notable gains in safety and computational efficiency.

Despite these advancements, challenges remain. Most cur-
rent E2E systems lack safety guarantees and struggle to
generalize reliably in complex driving scenarios. In particular,
probabilistic planning under uncertainty with safety constraints
is still an open problem in end-to-end autonomous driving.

F. Testing and Validation

Testing and validation are critical phases in the development
lifecycle of AV, essential for AV developers, customers, and
regulators. In AV 2.0, testing and validation are focused on two
main aspects: functional safety evaluation and scenario-based
testing. The primary goal was to identify and address potential
failures before deployment, refining system reliability and
safety. The complexity of AV systems significantly amplifies
the challenge of validation. Modern AVs can incorporate up to
100 million lines of code—far surpassing the 14 million lines
in a Boeing 787 aircraft [177]. Validating the safety of such
intricate systems requires advanced methodologies and robust
testing frameworks [178], [179].

1) Functional Safety Evaluation: Traditional automotive
testing programs, such as the New Car Assessment Program
(NCAP) [180], initially focused on vehicle crashworthiness
and have recently expanded to include Advanced Driver As-
sistance Systems (ADAS) features like Automatic Emergency
Braking (AEB). For higher-level AVs, the emphasis shifted to-
ward functional safety, guided by standards such as ISO 26262
[181] for Functional Safety and ISO 21448 [182] for Safety of
the Intended Functionality (SOTIF). The objective is to ensure
the absence of unreasonable risks that arise from hardware
or software malfunctions or insufficiencies, for example, a
malfunctioning sensor (FuSa), or a miss detection of objects
(SOTIF). Functional safety evaluation adopts a vehicle-centric
view, examining the reliability, robustness, and sufficiency of
AV hardware and software components. Additionally, UL 4600
[183] offers structured guidelines for building comprehensive
safety cases tailored to AV systems.

2) Scenario-based Testing: To assess system-level safety,
scenario-based testing emerged as a major focus in AV valida-
tion. This approach involves executing a wide range of testing
scenarios, from simple to complex, often within controlled
environments, to evaluate AV safety performance. Recent
standards like ISO 34502 [184] provide high-level frameworks
to formalize scenario-based evaluation. Generating effective
test scenarios is a key challenge. Early research employed
combinatorial techniques to manage the vast scenario space



13

[185], while later works proposed adaptive sampling [186] and
worst-case scenario generation [187] to probe AV performance
limits. To accelerate testing, advanced scenario-generation
techniques have been developed to efficiently identify critical
scenarios that stress AV systems [33], [188], [189]. The
scenario-based testing can be conducted in either simulations
or closed testing facilities like Mcity [190].

However, scenario-based testing has limitations. Most sce-
narios involve only a few dynamic agents and short time
horizons, which may not capture the complexity of real-
world driving. Moreover, successful performance in predefined
scenarios does not guarantee the absence of failures in untested
conditions, as comprehensive coverage remains difficult to
achieve. Another complementary line of research involves
formal verification, which seeks to provide mathematically
rigorous safety guarantees. While formal methods offer strong
theoretical assurances, they often face scalability challenges
in with complex systems and are constrained by assumptions
about the correctness of sensor and perception subsystems
[191].

G. Supporting tools

The transition to AV 2.0, characterized by data-driven
methodologies, was facilitated by the development of various
supporting tools. These tools enabled the shift from rule-based
systems to data-centric approaches by addressing critical needs
in data accessibility, benchmarking, and simulation. Below, we
discuss the major supporting tools and their contributions to
the AV ecosystem.

1) Datasets: A key driving factor in the AV 2.0 stage
was the emergence of large-scale, high-quality, real-world
datasets from diverse sources. These datasets provided critical
human-labeled data and demonstrations for training data-
driven models. The first wave of sensing datasets, such as
KITTI [59], [60], paved the way for tasks like detection,
tracking, and segmentation. Subsequent datasets, including
Cityscapes [192], BDD100K [193], and ApolloScape [194],
expanded the scope of data available for AV perception.

Major AV companies also contributed significantly by re-
leasing datasets like Argoverse [195], [196], nuScenes [197]
and nuPlan [198], Waymo Open Dataset [199], [200], and Lyft
L5 Dataset [201]. These datasets, captured by fleets of vehicles
equipped with advanced sensors, incorporated not only raw
sensing data but also high-definition maps and the trajectories
of surrounding traffic participants, enabling advancements in
AV development.

Infrastructure-based datasets, collected using mounted cam-
eras or drones, provided a complementary perspective to
vehicle-based datasets. Examples include NGSIM [202], IN-
TERACTION [203], highD [204], rounD [205], inD [206],
MSight [207], CitySim [208], I-24 Motion [209], and
pNEUMA [210]. These datasets offered richer contextual
information about the AV surrounding environment, captur-
ing interactions among multiple road users from a broader
vantage point. However, infrastructure-based datasets were
typically limited in size, often spanning only a few hours.
In contrast, vehicle-based datasets released by companies

were significantly larger, often comprising hundreds or even
thousands of hours of data. For a more detailed discussion and
comprehensive overview of these datasets, see surveys such as
[211], [212].

2) Benchmarks: Benchmarks and challenges were estab-
lished to promote fair comparisons and consistent improve-
ments in AV systems. Notable initiatives included the KITTI
Vision Benchmark Suite [59] for perception tasks and the
Waymo Open Data Challenges [213], [214], which span
perception, planning, and simulation domains. The nuPlan
Planning Challenge [215] introduced benchmarks for both
open-loop and closed-loop planning evaluation. Other notable
benchmarks and challenges, such as the CARLA Challenge
[216], Autonomous Grand Challenge [217], and Mcity AV
Challenge [218], fostered innovation by providing transparent
leaderboards and encouraging the development of robust AV
solutions. These events not only highlighted the technological
progress in AV systems but also helped to align industry and
academic efforts towards common goals.

3) Simulation: Simulation platforms played a critical role
in complementing real-world datasets by providing synthetic
data and virtual environments for AV training and testing.
High-fidelity simulators, such as CARLA [219], AirSim [220],
and LGSVL [221], offered full-stack simulation systems,
including sensor simulation, traffic interaction modeling, and
vehicle dynamics. Among these, CARLA stood out as a
leading open-source platform, extensively used for developing
perception and decision-making modules, as well as training
E2E learning-based driving systems, due to its comprehensive
functionality and rich customization capabilities. Other simula-
tors, such as TORCS [222], SUMO [223], HighwayEnv [224],
Gazebo [225], CarSim [226], and MetaDrive [227], specialized
in specific functionalities, offering focused solutions for partic-
ular aspects of AV development. Some of these simulators can
be co-simulated with comprehensive platforms like CARLA,
enabling more versatile and detailed simulation setups. The
effectiveness of simulators depended heavily on their fidelity,
with significant research devoted to improving sensor [228]–
[230] and traffic simulation [231]–[233] fidelity.

H. Discussions

AV 2.0 represents over a decade of rapid progress, fueled
by advancements in deep learning and the availability of large-
scale real-world datasets. This era fundamentally transformed
perception, shifting from handcrafted feature extraction to
neural network-based solutions. The widespread adoption of
BEV representations and Transformer-based architectures in
recent years reflects a growing convergence toward stan-
dardized design patterns across the field. However, decision-
making remained fragmented, with no clear consensus be-
tween model-based and learning-based approaches. Mean-
while, control modules largely continued to rely on traditional
model-based techniques. The emergence of E2E pipelines
during this stage further exemplified the momentum toward
holistic learning systems, with unified architectures gaining
attention for their conceptual elegance and promising perfor-
mance. At the same time, commercial products matured from
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experimental prototypes to real-world applications. Notable
examples include Tesla’s Full Self-Driving (FSD), a Level 2
system, and Waymo, which operates at a higher autonomy
level and has launched Robotaxi services in several cities
in the United States. Similarly, Baidu’s Apollo Go expanded
Robotaxi services across multiple cities in China, signaling
broader deployment efforts.

Despite the significant progress of AV 2.0, current systems
still struggle to handle long-tail events, particularly those that
fall outside the training distribution. These limitations have
highlighted the need for for AV 3.0: a new paradigm that
leverages generative AI to enable safe autonomy at scale.

V. TOWARDS AV 3.0: AUTONOMOUS DRIVING THROUGH
GENERATIVE LEARNING

A. Technical challenges in AV 2.0

Under the data-driven paradigm of AV 2.0, autonomous
vehicles have made remarkable progress. However, we find
some inherent limitations of AV 2.0 as follows:

a) Limited training data v.s. Infinite driving scenarios:
AV 2.0 relies on collecting data to cover as many driving
scenarios as possible. However, real-world driving scenarios
are actually infinite due to the diverse and stochastic nature of
driving tasks. This intrinsic complexity imposes fundamental
limitations on the generalization capabilities of data-driven
autonomous driving systems.

b) Statistical model training v.s. Rare scenario safety:
AV 2.0 models are typically biased toward high-frequency sce-
narios during training, since these contribute more significantly
to the optimization of the training objective. However, rare
scenarios are often the primary contributors to safety-critical
failures in autonomous driving. Relying solely on naturally
collected driving data cannot overcome the “curse of rarity”
problem.

c) Discrete data v.s. Continuous space: Even in common
scenarios with dense training data, AV 2.0 systems may still
fail, as the training data consist of independent, discrete sam-
ples that cannot fully cover the continuous space of real-world
driving scenarios. The performance of AV systems cannot be
reliably guaranteed when real-world scenarios deviate even
slightly from the training data.

We believe that the root cause of these limitations lies in
the discriminative learning paradigm that defines AV 2.0. In
detail, most AV 2.0 systems are trained to predict actions that
closely match the ground truth, effectively learning to estimate
and reconstruct the conditional distribution of outputs given
inputs, i.e., p(y|x). This formulation, which conditions on x,
treats the training data as independent and discrete samples,
without capturing any inherent relationships between them.
Thus, such an approach ensures performance only in trained
cases. Thus, AV 2.0 models must rely on the collection of
exhaustive datasets and large-scale road testing to compensate
for the lack of generalization and to ensure safety.

B. Vision and Paradigm for AV 3.0

Fundamentally addressing these limitations requires a
paradigm shift in autonomous driving. We thus introduce AV

3.0, a new generation of autonomous driving systems grounded
in the generative learning paradigm.

The most significant shift in AV 3.0’s objective is that it
no longer trains on isolated cases, but rather learns the inher-
ent relationships across driving scenarios, enabling scalable
and trustworthy autonomous driving. It adopts the generative
learning paradigm, which directly models the joint distribution
p(x, y), thereby capturing both the mapping from inputs to
outputs and the underlying dependencies between them. These
inherent relationships may capture physical characteristics,
stable contextual dependencies, or spatial structures. In other
words, AV 3.0 should be capable of understanding these
relationships and reasoning about how they influence the final
driving actions.

The shift to the AV 3.0 paradigm offers significant benefits.
Unlike traditional approaches that rely heavily on extensive
data collection, AV 3.0 leverages learned internal relationships
to enable extrapolation from limited demonstration examples,
allowing the system to scale across a wide range of similar
scenarios. Moreover, these structured internal relationships
support continual learning by preserving previously acquired
driving knowledge. As a result, the system can integrate new
experiences and continuously adapt to novel scenarios with-
out degrading prior performance. Crucially, AV 3.0 endows
the agent with a key capability—predicting and navigating
previously unseen scenarios while consistently maintaining
reliable collision avoidance, especially under high-risk and
time-critical conditions. These features position AV 3.0 as a
promising paradigm for enabling inherently scalable and safe
autonomous driving.

Recent studies have started exploring AV 3.0 paradigm, rep-
resenting initial progress toward generative and relationship-
aware autonomy. Fig. 6 summarizes the recent works, and Fig.
7 shows a typical structure in AV 3.0. The following section
will review these studies.

C. Enhancing AV system with LLMs/VLMs/MLLMs
LLMs, VLMs, and broader multimodal large language mod-

els (MLLMs) have demonstrated the ability to capture sta-
ble inherent relationships within natural language and across
modalities—particularly between language and vision—often
referred to as commonsense knowledge. Hereafter, we use
MLLMs as a unified term for LLMs, VLMs, and multimodal
language models, unless stated otherwise. Leveraging these
stable relationships in the context of autonomous driving
has the potential to significantly enhance AV performance in
unseen scenarios, aligning closely with the vision of AV 3.0.

Firstly, these pre-trained models can be utilized to de-
scribe diverse driving conditions [234], [235], interpret traffic
rules [236], and represent ongoing contextualized events [237].
They serve as intermediaries to translate high-level semantic
information into actionable commands that autonomous driv-
ing systems can interpret, thereby enabling AVs to handle
scenarios that were not explicitly considered during system
design.

These models and their associated modeling techniques
can also be integrated into perception [238], motion pre-
diction [133], scenario formulation [239], behavior planning
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modules [240], and driver interaction [241] within autonomous
driving systems. In most of these approaches, the module-
specific inputs are first converted into language-like represen-
tations, allowing LLMs to perform reasoning or generation
in the linguistic space. The outputs are then transformed
back into the original modality or control format, enabling
compatible integration with existing AV system components.
Some works further distill the outputs of LLMs to improve
the performance of downstream modules and overall driving
capabilities [242].

Finally, these models can also be utilized during the train-
ing process of autonomous driving systems—for example, to
support critical data selection [243] or to assist with object
annotation [244]. However, these approaches remain heav-
ily constrained by the limitations of the pre-trained models
themselves. In particular, the hallucination issue inherent to
large models raises significant safety concerns. In our own
study [245], we evaluated the driving-related capabilities of
12 different VLMs and found that their current performance
still falls short of practical deployment requirements.

D. AV Agents Built upon MLLMs

Instead of simply incorporating MLLMs into existing AV
architectures, some approaches aim to retrain or adapt MLLMs
as the foundation for building autonomous driving agents. A
key distinction from the previous section is that the MLLM
is now assigned the role of making final control decisions,
moving beyond its earlier use as an auxiliary module for
perception or semantic reasoning.

For instance, DriveGPT4 [246], DriveMLM [247], and
LanguageMPC [248] enable the MLLMs to analyze scenes
and predict planning actions from a predefined action set.
MTD-GPT [249] formulates the decision-making process as a
sequence modeling task, while [250], [251] leverage driving
data along with advanced MLLMs for scene understand-
ing and evaluation via question-answering (QA) task. GPT-
Driver [252] takes a different approach by framing motion
planning as a language modeling problem, offering a token-
based interpretation of the planning process from the perspec-
tive of GPT-style models.

Driving with LLMs [253], proposed by Wayve, introduces
an architecture that embeds vectorized driving inputs into an
LLM, combined with a two-stage pretraining and fine-tuning
strategy to enhance driving-specific reasoning and control. Fur-
thermore, models such as DriveVLM [254], which fine-tunes
QWen-VL [255], and EMMA [256], which fine-tunes Gem-
ini [257], along with the follow-up works OpenEMMA [258]
and LightEMMA [245], demonstrate the feasibility of adapting
general-purpose MLLMs for driving tasks. DriveMLM [247]
and LMDrive [259] also fine-tune LLaMA [260] as a back-
bone, incorporating an additional vision encoder to improve
driving performance.

Additionally, some works optimized the MLLM-based AV
agents for higher computational efficiency, e.g., DriveVLM
[254] and Senna [240]. Some novel datasets and benchmarks
are also proposed to further enhance the reasoning capacity of
VLMs in the driving domain [261], [262]. LANGPROP [263]
applies LLMs to optimize code within driving applications
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to improve the computational efficiency and performance of
autonomous driving algorithms.

However, it should be acknowledged that while these works
explore various ways to apply MLLMs to autonomous driving
tasks, they fall short of fundamentally addressing the core
challenges of autonomous driving. Moreover, there is still a
lack of consensus on the precise role that MLLMs should
play within the autonomous driving framework.

E. World Model-based AV
Another line of exploration involves training models to cap-

ture the a compact, structured representation of environment
dynamics that supports planning and control in AV systems,
referred to as world models [264]. These world models are
often combined with reinforcement learning [265] or model
predictive control (MPC) [266] to enhance scalability and
generalization in unfamiliar scenarios.

World models can be constructed through various modali-
ties, including video prediction [267]–[269], point cloud pre-
diction [270], occupancy prediction [271], [272], and abstract
state prediction [273]. OccLLaMA [274] extends traditional
occupancy prediction by incorporating 4D scene understand-
ing, temporal reasoning, and motion planning, trained on
large-scale real-world datasets. By leveraging the generative
capacity of world models, the generalization capability of AV
systems in handling previously unseen scenarios has been
significantly enhanced. For example, DriveDreamer2 [275]
integrates LLMs with diffusion models to generate controllable
driving scene videos from natural language inputs—including
rare events such as sudden overtaking—and achieves over
a 4% improvement in perception performance. In addition,
several studies have explored integrating world models with
RL [276], MPC [277], and continual learning [154] to en-
hance an AV agent’s ability to handle corner cases. These
approaches leverage imagination-based rollouts from world
models to improve sample efficiency, long-horizon reasoning,
and adaptability in complex or rare driving scenarios.

Some works have explored the design of generative archi-
tectures for building world models. Most of these approaches
are based on diffusion models [278]–[284] or Transformer-
based models [285]–[287]. These works improve the accuracy
and realism of world models from different perspectives,
such as spatial-temporal consistency, physical plausibility, or
controllable generation.

In contrast to generic world models, a subset of research
targets autonomous driving–specific world models, which pri-
marily focus on capturing and predicting the behavior of sur-
rounding agents. Notable examples include NeuralNDE [164],
MTR/++ [134], [135], SMART [288], MotionDiffuser [289]
and CTG++ [290]. These works focus directly on modeling
the behavior of agents that have the greatest impact on
autonomous driving, while intentionally ignoring irrelevant
scene details such as roadside trees or lighting variations. As
a result, they offer a more direct and efficient world model to
improve autonomous driving performance.

Another subset of research focuses on constructing highly
accurate 3D representations of the environment, aiming to cap-
ture as much spatial detail as possible in order to reconstruct

every element in the scene. A representative work is Neural
Radiance Fields (NeRF) [291] and its derivatives [292]–[296],
which aim to reconstruct photorealistic 3D environments.
The other is based on 3D Gaussian Splatting [297], with
follow-up work [298]–[300] improving real-time rendering
and geometry fidelity for dynamic scenes. Yet, both NeRF and
3DGS approaches tend to offer limited diversity and require
considerable effort to produce multi-camera videos that align
with real-world lighting, weather conditions, and other factors.
Generalizing to entirely novel views remains challenging.

Despite recent progress, the application of world models
to autonomous driving still faces a significant gap: many
existing efforts remain closely tied to traditional perception
and motion prediction paradigms. Such approaches often carry
over the design mindset of modular pipelines or adopt end-
to-end formulations that integrate perception, prediction, and
control into a single, monolithic structure. However, there
has been limited investigation into two critical challenges
following the concept of world models: (1) how to transform
multi-modal sensory inputs into a unified and compatible latent
representation, and (2) how such latent representations can
be effectively leveraged to guide decision-making and ac-
tion generation. As previously emphasized, world models are
not simply predictive tools—they are integral components of
broader decision-making frameworks. From this perspective,
the development of world models for autonomous driving
remains in its infancy. A world model that can reliably
handle the complexity, uncertainty, and real-time demands of
autonomous driving has not yet been realized.

F. Testing and evaluation with AV 3.0

The advent of AV 3.0 marks a pivotal shift in AV develop-
ment, aiming to achieve safe autonomy at scale. This progres-
sion necessitates a transformation in testing and evaluation
methodologies. During the AV 2.0 era, safety assessments
were predominantly vehicle-centric, focusing on functional
safety and scenario-based testing to verify individual vehicle
responses under controlled conditions. While effective for
isolated cases, these methods are insufficient for evaluating
the complex interactions and systemic behaviors critical for
large-scale deployment. AV 3.0 introduces a paradigm shift to-
wards evaluating behavioral safety through environment-based
testing. This approach emphasizes assessing how autonomous
vehicles interact within dynamic and unpredictable real-world
environments, accounting for the behaviors of other road users
and varying traffic conditions. By focusing on the broader
context, environment-based testing aims to ensure that AVs can
safely and reliably operate across diverse scenarios, thereby
supporting scalable and trustworthy autonomous driving.

1) Behavioral Safety Evaluation: Behavioral safety evalu-
ation focuses on assessing the AV’s capability to make ap-
propriate decisions when the system is functionally sufficient
and error-free. During the evaluation, the AV will be treated
as a black-box system, and the evaluation examines both
the AV’s own safety performance and its influence on the
overall safety impact of the traffic environment. For instance,
if another vehicle suddenly cuts into the AV’s lane, behavioral
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safety evaluation assesses whether the AV reacts appropriately
(e.g., braking or lane changing) without triggering secondary
conflicts, such as rear-end collisions. Behavioral safety also in-
herently encompasses evaluation for proactive risk mitigation,
such as avoiding prolonged driving in blind spots to reduce
cut-in risks. The critical role of behavioral safety evaluation
is enabling real-world AV readiness at scale, which is also
emphasized in the CertiCAV Assurance Paper by Connected
Places Catapult of the United Kingdom [301].

2) Environment-based Testing: Behavioral safety must be
assessed in dynamic, closed-loop environments with con-
tinuous agent interactions over long time horizons. This
environment-based testing enables observation of emergent
behaviors and the collection of statistical safety measurements
(e.g., crash rates). While real-world testing is valuable, it
is costly and time-consuming. In contrast, simulation offers
scalability, safety, repeatability, and cost-efficiency. Recent
advances in generative simulation such as TeraSim [164],
[302], GAIA-1 and 2 [286], [303], SMART [288], CAT-K
[304], and OMNIVERSE [305] provide promising tools for
constructing rich virtual environments.

However, rare safety-critical events make mileage-based
brute-force testing impractical, even in simulation—it may
take billions of miles to observe sufficient events [306]. To
address this, recent work has explored accelerated testing
environments [307], [308], which significantly improve effi-
ciency while preserving evaluation unbiasedness. Neverthe-
less, simulation fidelity, especially in sensor modeling and
agent behavior, remains a critical challenge for bridging the
sim-to-real gap and ensuring trustworthy results. Additionally,
as AV systems grow more complex, maintaining the coverage
and adaptability of accelerated testing environments is an
ongoing research frontier.

A major advantage of environment-based testing is its
ability to uncover unknown unsafe events. When AVs are
evaluated in spatiotemporally continuous traffic environments,
they are exposed to a virtually infinite range of situations,
making it possible to uncover unknown system deficiencies
that are difficult to detect through predefined, fragmented,
and short-horizon scenario-based tests. Importantly, behavioral
safety evaluation is not limited to single AV testing but extends
to evaluations involving multiple AVs operating at scale. It
captures a diverse range of interactions between AVs and
background vehicles (BVs), including AV-AV, AV-BV, and
BV-BV dynamics. This comprehensive approach enables a
systemic assessment of the safety impacts AVs may have
across the broader transportation ecosystem.

G. Future Direction

Despite the promising potential of these new technologies,
a clear technical roadmap for fundamentally addressing the
safety and scalability of autonomous vehicles has yet to be
established. In the following, we outline several ideas and
proposals under the new generative learning paradigm.

a) Autonomous Driving Foundation Models built upon
LLM/VLM: LLMs and VLMs have demonstrated great success
as generative models in natural language and vision-language

processing, and their underlying principles align well with the
objectives of AV 3.0. However, autonomous driving goes be-
yond a language task; it requires not only contextual reasoning,
but also spatial reasoning, dynamics awareness, and more.
Therefore, a generative foundation model for autonomous
vehicles should not only leverage LLMs or VLMs, but also
introduce a novel modality specifically designed for driving
tasks. Research into what structures are most suitable for
modeling driving behaviors, and how to effectively train a
unified Vision-Language-Driving foundation model, remains
an important direction for future exploration.

b) Physical Encoded World Models: World models natu-
rally fit the AV 3.0 paradigm if they are able to capture stable
relationships across driving scenarios. However, existing world
models remain insufficient for safety-critical applications. To
meaningfully enhance the safety and scalability of AV systems,
world models must explicitly encode physical constraints,
dynamics, and environmental interactions. Therefore, inves-
tigating how to incorporate physical laws into world models,
or how to construct high-fidelity world models that accurately
reflect real-world complexities, represents a critical direction
for realizing the vision of AV 3.0.

c) Driving-Task-Oriented Novel Generative Model:
LLMs and world models were not originally developed for
driving tasks. As a result, they naturally require further
adaptation, and their final performance in autonomous driv-
ing remains uncertain. However, the driving task itself pos-
sesses many unique characteristics—for example, the need for
spatial-behavior relationship understanding, and the inherent
influence of traffic rules and signals on behavior. These
relationships are difficult to capture effectively using general-
purpose learning architectures. Therefore, a promising direc-
tion in AV 3.0 is to develop new generative model structures
specifically aligned with the nature of driving tasks, enabling
more targeted and efficient training for autonomous vehicles.

VI. CONCLUSION

In this paper, we have presented a comprehensive overview
of the technological evolution of AV systems over the past
two decades. To systematically understand the paradigm shifts,
we first analyzed the two fundamental driving forces behind
AV development: safety and scalability. The ultimate goal
for AVs is to build intelligent systems capable of safely
operating across diverse ODDs with minimal adaptation effort,
achieving superior safety performance compared to human
drivers and improving overall transportation system safety.
However, AV development has proven far more challenging
than initially anticipated, facing two key compounding diffi-
culties: the CoD, arising from the inherent complexity of real-
world environments, and the CoR, stemming from the long-
tail distribution of rare but critical events. Trade-offs between
safety and scalability have driven continuous innovation and
methodological evolution throughout the past two decades.

To address these challenges, the AV research community
has undergone major methodological paradigm shifts. We
categorized these into three primary phases: AV 1.0 (Au-
tonomous Driving by Design), AV 2.0 (Autonomous Driving
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through Discriminative Learning), and AV 3.0 (Autonomous
Driving through Generative Learning). AV 1.0 marked the
early stage, where rule-based and heuristic-driven methods
were employed for initial trials. AV 2.0 emerged with the
rise of deep learning, switching the development philosophy
to data-driven approaches. This transition enabled the devel-
opment of modular AV systems trained on vast real-world
datasets and sparked interest in end-to-end architectures aimed
at building more intelligent and scalable systems. Throughout
these phases, we have highlighted key milestones, offering
a clear understanding of past advancements and providing a
valuable reference for readers.

Today, we are at a critical inflection point, transitioning
toward the next phase of AV development. Looking ahead,
we believe that the next major shift will be the move from
discriminative imitation to generative learning, heralding the
era of AV 3.0. For AVs to reach their full potential, they must
develop true driving intelligence—encompassing understand-
ing, reasoning, and decision-making capabilities—rather than
relying solely on imitation and memorization from training
data. The challenge is that, regardless of how large the training
dataset is, it remains finite, discrete, and subject to long-tail
distribution, while real-world driving incorporates an infinite
number of potential situations. This renders purely imitative
approaches inherently insufficient. To address this, a paradigm
shift is needed—one that moves from discriminative modeling
to generative modeling, enabling AVs to learn the inherent
relationships between scene context, agent behaviors, and
driving outcomes. Early explorations into generative models,
such as LLMs/VLMs and world models, mark the beginning
of this transformation. We envision that the development
of autonomous driving foundation models, physical encoded
world models, driving-task-oriented generative models, and
behavioral safety assessment frameworks will play pivotal
roles in this transformative shift.

In conclusion, we hope this paper provides a comprehensive
roadmap for understanding the evolution of AV technologies,
identifies the key challenges, and outlines promising future
directions. By reflecting on the past and critically examining
ongoing challenges, we aim to inspire future research that
will overcome current limitations and pave the way for fully
autonomous, safe, and scalable AV systems.
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