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End-to-end Autonomous Driving:
Challenges and Frontiers

Li Chen, Penghao Wu, Kashyap Chitta, Bernhard Jaeger, Andreas Geiger and Hongyang Li

Abstract—The autonomous driving community has witnessed a rapid growth in approaches that embrace an end-to-end algorithm
framework, utilizing raw sensor input to generate vehicle motion plans, instead of concentrating on individual tasks such as detection
and motion prediction. End-to-end systems, in comparison to modular pipelines, benefit from joint feature optimization for perception and
planning. This field has flourished due to the availability of large-scale datasets, closed-loop evaluation, and the increasing need for au-
tonomous driving algorithms to perform effectively in challenging scenarios. In this survey, we provide a comprehensive analysis of more
than 250 papers, covering the motivation, roadmap, methodology, challenges, and future trends in end-to-end autonomous driving. We
delve into several critical challenges, including multi-modality, interpretability, causal confusion, robustness, and world models, amongst
others. Additionally, we discuss current advancements in foundation models and visual pre-training, as well as how to incorporate
these techniques within the end-to-end driving framework. To facilitate future research, we maintain an active repository that contains
up-to-date links to relevant literature and open-source projects at https://github.com/OpenDriveLab/End-to-end-Autonomous-Driving

Index Terms—Autonomous Driving, End-to-end System Design, Policy Learning, Simulation.
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1 INTRODUCTION

CONVENTIONAL autonomous driving systems adopt a
modular deployment strategy, wherein each function-

ality, such as perception, prediction, and planning, is indi-
vidually developed and integrated into the onboard vehicle.
The planning or control module, responsible for generat-
ing steering and acceleration outputs, plays a crucial role
in determining the driving experience. The most common
approach for planning in modular pipelines involves using
sophisticated rule-based designs, which are often ineffective
in addressing the vast number of situations that occur while
driving. Therefore, there is a growing trend to leverage
large-scale data and to use learning-based planning as a
viable alternative.

We define end-to-end autonomous driving systems as
fully differentiable programs that take raw sensor data as
input and produce a plan and/or low-level control actions
as output. Fig. 1 (a)-(b) illustrates the difference between
the classical and end-to-end formulation. The conventional
approach feeds the output of each component, such as
bounding boxes and vehicle trajectories, directly into sub-
sequent units (dashed arrows). In contrast, the end-to-end
paradigm propagates feature representations across compo-
nents (gray solid arrow). The optimized function is set to
be, for example, the planning performance, and the loss
is minimized via back-propagation (red arrow). Tasks are
jointly and globally optimized in this process.

In this survey, we conduct an extensive review of this
emerging topic. Fig. 1 provides an overview of our work. We
begin by discussing the motivation and roadmap for end-to-
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end autonomous driving systems. End-to-end approaches
can be broadly classified into imitation and reinforcement
learning, and we provide a brief review of these method-
ologies. We cover datasets and benchmarks for both closed-
and open-loop evaluation. We summarize a series of critical
challenges, including interpretability, generalization, world
models, causal confusion, and others. We conclude by dis-
cussing future trends that we think should be embraced
by the community to incorporate the latest developments
from data engines, large foundation models, and vehicle-to-
everything, amongst others.

1.1 Motivation of an End-to-end System

In the classical pipeline, each model serves a standalone
component and corresponds to a specific task (e.g., traffic
light detection). Such a design is beneficial in terms of
interpretability, verifiability, and ease of debugging. How-
ever, since the optimization goal across modules is differ-
ent, with detection in perception pursuing mean average
precision (mAP) while planning aiming for driving safety
and comfort, the entire system may not be aligned with a
unified target, i.e., the ultimate planning/control task. Errors
from each module, as the sequential procedure proceeds,
could be compounded and result in an information loss for
the driving system. Moreover, the multi-task, multi-model
deployment may increase the computational burden and
potentially lead to sub-optimal use of compute.

In contrast to its classical counterpart, an end-to-end
autonomous system offers several advantages. (a) The most
apparent merit is its simplicity in combining perception,
prediction, and planning into a single model that can be
jointly trained. (b) The whole system, including its inter-
mediate representations, is optimized towards the ultimate
task. (c) Shared backbones increase computational efficiency.
(d) Data-driven optimization has the potential to offer emer-
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Fig. 1: Our Survey at a glance. I. Pipeline and methods. We define end-to-end autonomous driving as a learning-based
algorithm framework with raw sensor input and planning/control output. We classify the 250+ papers surveyed into
imitation learning (IL) and reinforcement learning (RL). II. Benchmarking. We group popular benchmarks into closed-
loop and open-loop evaluation, respectively. We cover various aspects of closed-loop simulation and the limitations of
open-loop evaluation for this problem. III. Challenges. This is the main section of our work. We list key challenges from a
wide range of topics and extensively analyze why these concerns are crucial. We also comment on promising resolutions
to these challenges. IV. Future trends. We discuss how end-to-end autonomous driving could benefit from the aid of the
rapid development of foundation models, visual pre-training, etc. Some photos by courtesy of online resources.

gent abilities that improve the system by simply scaling
training resources.

Note that the end-to-end paradigm does not necessarily
indicate one black box with only planning/control outputs.
It could be modular with intermediate representations and
outputs (Fig. 1 (b)) as in the classical approach. In fact,
several state-of-the-art systems [1, 2] propose a modular
design but optimize all components together to achieve
superior performance.

1.2 Roadmap
Fig. 2 depicts a chronological roadmap of critical achieve-
ments in end-to-end autonomous driving, where each part
indicates a significant paradigm shift or performance boost.
The history of end-to-end autonomous driving dates back to
1988 with ALVINN [3], where the input was two “retinas“
from a camera and a laser range finder, and a simple
neural network generated steering output. Bojarski et al. [8]
designed a prototype end-to-end CNN system for both sim-
ulation and on-road testing, which reestablished this idea in
the new era of GPU computing. Notable progress has been
achieved with the development of deep neural networks,

both in imitation learning [15, 16] and reinforcement learn-
ing [4, 17, 18, 19]. The policy distillation paradigm proposed
in LBC [5] and related approaches [20, 21, 22, 23] has sig-
nificantly improved closed-loop performance by mimicking
the policy of a well-behaved expert. To enhance generaliza-
tion ability due to the discrepancy between the expert and
learned policy, several papers [10, 24, 25] have proposed
aggregating on-policy data [26] during training.

A significant turning point occurred in 2021 for end-
to-end autonomous driving. With a diverse range of sen-
sor configurations available within a reasonable computa-
tional budget, attention was focused on incorporating more
modalities and advanced architectures (e.g., Transformers
[27]) to capture global context and representative features,
as in TransFuser [6, 28] and many variants [29, 30, 31].
Combined with more insights about the simulation environ-
ment, these advanced designs resulted in a substantial per-
formance boost on the closed-loop CARLA benchmark [13].
To improve the interpretability and safety of autonomous
systems, approaches such as NEAT [11], NMP [32], and
BDD-X [33] explicitly incorporate various auxiliary modules
to better supervise the learning process or utilize attention
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Fig. 2: Roadmap of End-to-end Autonomous Driving. We present the key milestones chronologically, grouping similar
works under the same theme. The representative or first work is shown in bold with an illustration, while the date of
the rest of the literature in the same theme may vary. We also display the score for each year’s top entry in the CARLA
leaderboard [13] (DS, ranging from 0 to 100) and the recent nuPlan challenge [14] (Score ranging from 0 to 1).

visualization. Recent works prioritize generating safety-
critical data [7, 34, 35], pre-training a (large) foundation
model or backbone curated for policy learning [12, 36, 37],
and advocating a modular end-to-end planning philosophy
[1, 2, 38, 39]. Meanwhile, the new and challenging CARLA
v2 [13] and nuPlan [14] benchmarks have been introduced
to facilitate research into this area.

1.3 Comparison to Related Surveys

We would like to clarify the difference between our survey
and previous related surveys [40, 41, 42, 43, 44, 45, 46, 47, 48].
Some prior surveys [40, 41, 42, 43] cover content similar to
ours in the sense of an end-to-end system. However, they
do not cover new benchmarks and approaches that arose
with the significant recent transition in the field, and place
a minor emphasis on frontiers and challenges. The rest of
the prior work focuses on specific topics in this domain,
such as imitation learning [44, 45, 46] or reinforcement
learning [47, 48]. In contrast, our survey provides up-to-date
information on the latest developments and techniques in
this field, covering a wide span of topics and providing an
in-depth discussion of critical challenges.

1.4 Contributions

To summarize, this survey has three key contributions:
(a) We provide a comprehensive analysis of end-to-end
autonomous driving for the first time, including high-level
motivation, methodologies, benchmarks, and more. Instead
of optimizing a single block, we advocate for a philosophy
to design the algorithm framework as a whole, with the
ultimate target of achieving safe and comfortable driving.
(b) We extensively investigate the critical challenges that
concurrent approaches face. Out of the more than 250
papers surveyed, we summarize major aspects and pro-
vide in-depth analysis, including topics on generalizability,
language-guided learning, causal confusion, etc.

(c) We cover the broader impact of how to embrace large
foundation models and data engines. We believe that this
line of research and the large scale of high-quality data it
provides could significantly advance this field. To facilitate
future research, we maintain an active repository updated
with new literature and open-source projects.

2 METHODS

This section reviews the fundamental principles behind
most existing end-to-end self-driving approaches. Sec. 2.1
discusses methods that use imitation learning and provides
details on the two most popular sub-categories, namely
behavior cloning and inverse optimal control. Sec. 2.2 sum-
marizes methods that follow the reinforcement learning
paradigm.

2.1 Imitation Learning

Imitation learning (IL), also referred to as learning from
demonstrations, trains an agent to learn the optimal policy
by imitating the behavior of an expert. IL requires a dataset
D = {ξi} containing trajectories collected under the expert’s
policy πβ , where each trajectory is a sequence of state-action
pairs {(s0, a0, s1, a1, · · · )}. The goal of IL is to learn an agent
policy π that matches πβ . One important and widely used
category of IL is behavior cloning (BC) [49], which reduces
the problem to supervised learning. Inverse Optimal Con-
trol (IOC), also known as Inverse Reinforcement Learning
(IRL) [50] is another type of IL method that utilizes expert
demonstrations to learn a reward function. We elaborate on
these two categories in the following sections.

2.1.1 Behavior Cloning
In behavior cloning, the objective of matching the agent’s
policy with that of the expert is accomplished by minimizing
planning loss as a supervised learning problem over the col-
lected dataset: E(s,a) `(πθ(s), a). Here, `(πθ(s), a) represents
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Fig. 3: Overview of methods in end-to-end autonomous driving. We illustrate three popular paradigms, including two
imitation learning frameworks (behavior cloning and inverse optimal control), as well as online reinforcement learning.

a loss function that measures the distance between the agent
action and the expert action.

Early applications of BC for driving tasks [3, 8, 51]
utilized an end-to-end neural network to generate control
signals from camera inputs. Further enhancements, such as
multi-sensor inputs [6, 52], auxiliary tasks [16, 28], and im-
proved expert design [20, 21], have been proposed to enable
BC-based end-to-end driving models to handle challenging
urban driving scenarios.

Behavior cloning is advantageous due to its simplicity
and efficiency, as it does not require hand-crafted reward
design, which is crucial for RL. However, there are some
common issues associated with behavior cloning. During
training, behavior cloning treats each state as independently
and identically distributed, resulting in an important prob-
lem known as covariate shift. For general IL, several on-
policy methods have been proposed to address this issue
[26, 53, 54, 55]. In the context of end-to-end autonomous
driving, DAgger [26] has been adopted in [5, 10, 25, 56].
Another common problem with behavior cloning is causal
confusion, where the imitator exploits and relies on false
correlations between certain input components and output
signals. This issue has been discussed in the context of end-
to-end autonomous driving in [57, 58, 59, 60]. These two
challenging problems for imitation learning-based end-to-
end autonomous driving are further discussed in Sec. 4.8
and Sec. 4.7, respectively.

2.1.2 Inverse Optimal Control
Traditional IOC algorithms learn an unknown reward func-
tion R(s, a) in a Markov decision process (MDP) from
expert demonstrations, where the expert’s reward func-
tion can be represented as a linear combination of fea-
tures [50, 61, 62, 63, 64]. However, in continuous, high-
dimensional autonomous driving scenarios, the definition
of the reward is implicit and difficult to optimize.

Generative Adversarial Imitation Learning (GAIL) [65,
66, 67] is a specialized approach in IOC that designs the
reward function as an adversarial objective to distinguish
the expert and learned policies, similar to the concept of
generative adversarial networks (GANs) [68]. Recently, sev-
eral works have proposed optimizing a cost volume or cost
function with auxiliary perceptual tasks. Since a cost is an
alternative representation of the reward, we classify these
methods as belonging to the IOC domain. We define the cost
learning framework as follows: end-to-end approaches learn
a reasonable cost c(·) in conjunction with other auxiliary

tasks, and use simple non-learnable algorithmic trajectory
samplers to select the trajectory τ∗ with the minimum cost,
as illustrated in Fig. 3. Thus, the cost learning paradigm
breaks down into two aspects: how to design the cost and
how to sample the trajectories to optimize in an end-to-end
manner.

Regarding cost design, NMP [32] utilizes a learned cost
volume in a bird’s-eye-view (BEV). It also conducts object
detection in parallel but does not directly link the cost with
the detection outputs. Wang et al. [69] predict future motion
for all agents and use the joint energy as an interactive
cost to generate the final plan results. [39, 70, 71] propose
estimating a set of probabilistic semantic occupancy or
freespace layers as an intermediate representation, which
provides explicit clues as to where the vehicle should not
maneuver to ensure safety. On the other hand, trajectories
are typically sampled from a fixed expert trajectory set [1]
or processed by parameter sampling with a kinematic model
[32, 38, 39, 70]. Then, a max-margin loss is adopted as in
classic IOC methods to encourage the expert demonstration
to have a minimal cost while others have high costs.

Several challenges still exist with cost learning ap-
proaches. In particular, in order to generate more realistic
costs, HD maps, auxiliary perception tasks, and multiple
sensors are typically incorporated, which increases the diffi-
culty of learning and constructing datasets for multi-modal
multi-task frameworks. To tackle this, MP3 [1], ST-P3 [38],
and IVMP [72] discard the HD Map inputs used in prior
work and utilize the predicted BEV map to calculate the
cost of traffic rules, such as staying close to centerlines and
avoiding collisions with the road boundary. We provide
further discussions in Sec. 4.1 and Sec. 4.4. In general,
the aforementioned cost learning approaches significantly
enhance the safety and interpretability of decisions made
by self-driving cars (see Sec. 4.6), and we believe that
the industry-inspired end-to-end system design is a viable
approach for real-world applications.

2.2 Reinforcement Learning
Reinforcement learning (RL) [73, 74] is a field of learning
by trial and error. The success of deep Q networks (DQN)
[75] in achieving human-level control on the Atari 2600
benchmark [76] has popularized deep reinforcement learn-
ing. DQN trains a neural network called the critic (or Q
network), which takes as input the current state and an
action, and predicts the discounted future reward of that
action (when following the same policy afterward). The
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policy is then implicitly defined by selecting the action
with the highest Q value. RL requires an environment that
allows potentially unsafe actions to be executed, since it
requires exploration (e.g., sometimes executing random ac-
tions during data collection). Additionally, RL requires sig-
nificantly more data to train than supervised learning. For
this reason, modern RL approaches often parallelize data
collection across multiple environments [77]. Meeting these
requirements in real-world cars presents great challenges.
Therefore, almost all papers that use RL in autonomous
driving have only investigated the technique in simulation.
Most works use different extensions of DQN. As of yet, the
community has not converged on a specific RL algorithm.

Reinforcement learning has demonstrated successful
learning of lane following [4] on a real car on an empty
street. Despite this encouraging early result, it must be noted
that a similar task was already accomplished by imitation
learning three decades prior [3]. To date, no report has
shown results for end-to-end training with RL that are
competitive with imitation learning. In a direct comparison
conducted in conjunction with the release of the CARLA
simulator [78], reinforcement learning fell far behind the
modular pipeline and end-to-end imitation learning. It is
likely that the reason for this failure is that the gradients
obtained via RL are insufficient to train the deep perception
architectures (ResNet scale) required for driving. The mod-
els used in benchmarks like Atari, where RL succeeds, are
relatively shallow, consisting of only a few layers [79].

Reinforcement learning has been successfully applied in
autonomous driving when combined with supervised learn-
ing. Implicit affordances [18] and GRI [19] both pre-train the
CNN encoder part of their architecture using supervised
learning with auxiliary tasks like semantic segmentation
and classification. In the second stage, the pre-trained en-
coder is frozen, and a shallow policy head is trained on the
implicit affordances from the frozen image encoder with a
modern version of Q-learning [80]. Both works report state-
of-the-art performance on the CARLA leaderboard [13] at
the time of writing. Reinforcement learning has also been
successfully used to finetune full architectures on CARLA
that were pre-trained using imitation learning [17, 81].

RL has also been effectively applied to planning or
control tasks where the network has access to privileged
simulator information [48, 82? ]. In the same spirit, RL has
been applied to autonomous driving for dataset curation.
Roach [21] trains an RL method on privileged BEV semantic
segmentation and uses the policy to automatically collect a
dataset with which a downstream imitation learning agent
is trained. WoR [20] employs a Q function and tabular
dynamic programming to generate additional or improved
labels for a static dataset.

A future challenge in the field is to transfer the findings
from simulation to the real world. In RL, the objective is
expressed as a reward function, and most algorithms require
these reward functions to be dense and provide feedback at
every environment step. Current works typically use simple
objectives, such as progress and collision avoidance, and
linearly combine them. These simplistic reward functions
have been criticized for encouraging risky behavior [? ].
Designing or learning better reward functions remains an
open problem. Another direction would be to develop RL

algorithms that can handle sparse rewards, enabling the op-
timization of relevant metrics directly. RL can be effectively
combined with world models [83, 84, 85], although this
presents specific challenges that are discussed in Sec. 4.3.
Current RL solutions for autonomous driving rely heavily
on low-dimensional representations of the scene, and repre-
sentation learning is further discussed in Sec. 4.2.

3 BENCHMARKING

Autonomous driving systems require a comprehensive eval-
uation of their reliability to ensure safety [86, 87]. To accom-
plish this, researchers must benchmark these systems using
appropriate datasets, simulators, and metrics. This section
delineates the two methods of large-scale benchmarking
for end-to-end autonomous driving systems: (1) online or
closed-loop evaluation in simulation, and (2) offline or open-
loop evaluation on human driving datasets. We focus, in
particular, on the more principled online setting and provide
a brief summary of offline evaluation for completeness.

3.1 Online Evaluation (Closed-loop)

Conducting tests of self-driving systems in the real world
is costly and risky. To address this challenge, simulation is
a viable alternative [14, 78, 88, 89, 90, 91, 92]. Simulators
facilitate rapid prototyping and testing, enable the quick
iteration of ideas, and provide low-cost access to a wide
range of scenarios. In addition, simulators offer tools for
measuring performance reliably and accurately. However,
their primary disadvantage is that the results obtained in a
simulated environment do not necessarily generalize to the
real world (Sec. 4.8.3).

Closed-loop evaluation involves constructing a simu-
lated environment that closely mimics a real-world driving
environment. The evaluation of the driving system entails
deploying the system in the simulated environment and
measuring its performance over time. The system has to
navigate safely through simulated traffic while progressing
toward a designated goal location. There are three main sub-
tasks involved in developing such simulators for evaluation:
parameter initialization, traffic simulation, and sensor sim-
ulation. We briefly describe these sub-tasks below, followed
by a summary of currently available open-source simulators
for closed-loop benchmarks.

3.1.1 Parameter Initialization
Simulation offers the benefit of a high degree of control over
the environment, including weather and lighting conditions,
maps and 3D assets, and low-level attributes such as the
arrangement and pose of objects in a traffic scene. While
powerful, the number of these parameters is substantial, re-
sulting in a challenging design problem. Current simulators
tackle this problem in two ways:

Procedural Generation: Traditionally, initial parameters
are hand-tuned by 3D artists and engineers, which we refer
to as procedural generation [78, 88, 89, 91]. Each prop-
erty is typically sampled from a probabilistic distribution
with manually set parameters, which is a time-consuming
process requiring a lot of expertise. This limits scalability.
Nevertheless, this remains one of the most commonly used
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methods of initialization. Procedural generation algorithms
combine rules, heuristics, and randomization to create di-
verse road networks, traffic patterns, lighting conditions,
and object placements [93, 94].

Data-Driven: Data-driven approaches for simulation ini-
tialization aim to learn the required parameters. Arguably
the simplest data-driven approach to initialization is to sam-
ple directly from a log of real-world driving data [14, 92].
In this method, parameters such as road maps or traffic
patterns are directly extracted from pre-recorded datasets.
The advantage of log sampling is its ability to capture the
natural variability present in real-world data, leading to
more realistic simulation scenarios than procedural gen-
eration. However, it may not encompass rare or extreme
situations that are critical for testing the robustness of the
autonomous driving system. The initial parameters can be
optimized to increase the representation of such scenarios
[7, 34, 35]. Another advanced data-driven approach to ini-
tialization is generative modeling, where machine learning
algorithms are utilized to learn the underlying structure and
distributions of real-world data. These algorithms can then
generate novel scenarios that resemble the real world but
were not included in the original data [95, 96, 97, 98].

3.1.2 Traffic Simulation
Traffic simulation involves generating and positioning vir-
tual entities within the environment with realistic motion
[95, 99]. These entities often include vehicles (such as trucks,
cars, motorcycles, bicycles, etc.) and pedestrians. Traffic sim-
ulators must account for the effects of speed, acceleration,
braking, obstructions, and the behavior of other entities.
Moreover, traffic light states must be periodically updated
to simulate realistic city driving. There are two popular
approaches for traffic simulation, which we describe below.

Rule-Based: Rule-based traffic simulators use pre-
defined rules to generate the motion of the traffic enti-
ties [78]. This approach is straightforward to implement, but
the resulting motion may not be highly realistic. The most
prominent implementation of this concept is the Intelligent
Driver Model (IDM) [100]. IDM is a car-following model
that computes acceleration for each vehicle based on its
current speed, the speed of the leading vehicle, and a
desired safety distance. Although widely used, IDM may
be inadequate to capture complex interactions in urban
environments.

Data-Driven: Realistic human traffic behavior is highly
interactive and complex, including lane changing, merging,
sudden stopping, etc. To model such behavior, data-driven
traffic simulation utilizes data collected from real-world
driving. These models can capture more nuanced, realistic
behavior but require significant amounts of labeled data for
training. A wide variety of learning-based techniques have
been proposed for this task [95, 97, 99, 101, 102, 103].

3.1.3 Sensor Simulation
Sensor simulation is crucial for evaluating an end-to-end
self-driving system. This involves generating simulated raw
sensor data, such as camera images or LiDAR scans that the
driving system would receive from the environment from
different viewpoints in the simulator [104, 105, 106, 107].
This process needs to take into account noise and occlusions

Simulator Benchmarks

CARLA CoRL [78], noCrash [118], Town05 [6], LAV [52],
Roach [21], Longest6 [28], Leaderboard v1 and v2 [13]

nuPlan Val14 [119], Leaderboard [14]

TABLE 1: Open-source Simulators with active benchmarks
for closed-loop evaluation of autonomous driving.

in order to realistically assess the autonomous system’s per-
formance. There are two branches of ideas in the literature
concerning sensor simulation, as described below.

Graphics-Based: Recent computer graphics simulators
use 3D models of the environment, along with vehicle
and traffic entity models, to generate sensor data via ap-
proximations of physical rendering processes in the sen-
sors [78, 89, 91]. For example, this can take into account
occlusions, shadows, and reflections present in real-world
environments while simulating camera images. However,
the realism of graphics-based simulation is often subpar or
comes at the cost of extremely heavy computation, making
parallelization non-trivial [108]. It is closely tied to the qual-
ity of the 3D models as well as the approximations used in
modeling the sensors. A comprehensive survey of graphics-
based rendering for driving data is provided in [109].

Data-Driven: Data-driven sensor simulation leverages
and adapts real-world sensor data to create a new simu-
lation where both the ego vehicle and background traffic
may move differently from the way they did in the original
data [110, 111, 112]. One popular approach is the use of
Neural Radiance Fields (NeRF) [113], which can generate
novel views of a scene by learning an implicit representation
of the scene’s geometry and appearance. These methods
can produce more realistic sensor data than graphics-based
approaches, but they have limitations such as high render-
ing times or requiring independent training for each scene
being reconstructed [107, 114, 115, 116]. Another approach
to data-driven sensor simulation is domain adaptation,
which aims to minimize the distribution shift between real
and graphics-based simulated sensor data [117]. Machine
learning techniques, such as GANs or style transfer, can
be employed to improve realism. Further details regarding
these ideas can be found in Sec. 4.8.3.

3.1.4 Benchmarks
We provide a succinct overview of driving benchmarks
available up to date in Table 1. In 2019, the original bench-
mark released with CARLA [78] was solved with near-
perfect scores [5]. The subsequent NoCrash benchmark [118]
involves training on a single CARLA town (Town01) under
specific weather conditions and testing generalization to
another town and set of weathers. Instead of a single town,
the Town05 benchmark [6] involves training on all available
towns in CARLA while withholding Town05 for testing.
Similarly, the LAV benchmark trains on all towns except for
Town02 and Town05, which are both reserved for testing to
increase the diversity of the test routes. Roach [21] expands
to a setting with 3 test towns, albeit all seen during training,
and without the safety-critical scenarios used in Town05
and LAV. Finally, the Longest6 benchmark [28] uses 6 test
towns. Two online submission servers for CARLA agents,
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known as the leaderboard (v1 and v2), are available at [13].
The leaderboard ensures fair comparisons by keeping the
evaluation routes confidential. Leaderboard v2 is highly
challenging due to the extremely long route length (over
8km on average, as opposed to 1-2km on v1) and a wide
variety of new traffic scenarios. No methods have been
benchmarked there yet.

The nuPlan simulator is not currently accessible for end-
to-end systems since the sensor data and corresponding
sensor simulation aspect (Sec. 3.1.3) have not yet been made
public. However, there are two existing benchmarks on
which agents directly input maps and object properties
available via the data-driven parameter initialization for
nuPlan (Sec. 3.1.1). Val14, proposed in [119], uses a publicly
accessible validation split of nuPlan [14]. The leaderboard,
a submission server for testing on the private test set, was
used in the 2023 nuPlan challenge. Unfortunately, this is no
longer publicly available for submissions.

3.2 Offline Evaluation (Open-loop)
Open-loop evaluation involves assessing a system’s perfor-
mance against pre-recorded expert driving behavior. This
method requires evaluation datasets that include (1) sensor
readings, (2) goal locations, and (3) corresponding future
driving trajectories, usually obtained from a human driver.
Given sensor inputs and goal locations from the dataset as
inputs, performance is measured by comparing the system’s
predicted future trajectory against the trajectory taken by
the human in the driving log. Systems are evaluated based
on how closely their trajectory predictions match the human
ground truth, as well as auxiliary metrics such as the colli-
sion probability with other agents [120]. The advantage of
open-loop evaluation is that it is easy to implement and
realistic traffic and sensor data, as it does not require a
simulator. However, the key disadvantage is that it does
not measure performance in the actual test distribution
encountered by the system during deployment. During
testing, the driving system may deviate from the expert
driving corridor, and it is essential to verify the system’s
ability to recover from such drift. Furthermore, the distance
between the predicted trajectory and the observed trajectory
is not a suitable indicator of performance in a multi-modal
scenario. For example, in the case of merging into a turning
lane, both the options of merging immediately or later are
equally valid, but open-loop evaluation penalizes the option
that was not observed in the data. Similarly, the predicted
trajectory could depend on observations that will only be
available in the future, e.g., stopping at a light that is still
green but will turn red soon, a situation that is invalid to
evaluate with a single ground truth trajectory.

This approach requires a comprehensive dataset of tra-
jectories to draw from. The most popular datasets for
this purpose include nuScenes [121], Argoverse [122, 123],
Waymo [124], and nuPlan [14]. All of these datasets com-
prise a large number of annotated trajectories from real-
world driving environments with varying degrees of diffi-
culty. However, open-loop results do not provide conclusive
evidence of improved driving behavior in closed-loop, due
to the aforementioned drawbacks [118, 119, 120]. Overall, a
realistic closed-loop benchmarking, if available and applica-
ble, is recommended in future research.
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Fig. 4: Examples of input modality and fusion strategy.
Different modalities have distinct characteristics, leading to
the challenge of effectively fusing them and attending to
action-critical features. We take point clouds and images as
examples to depict various fusion strategies.

4 CHALLENGES

For each topic/problem illustrated in Fig. 1, we now discuss
the related works, current challenges, and promising future
trends and opportunities. We start with challenges related
to handling different input modalities and formulations in
Sec. 4.1, followed by a discussion on visual abstraction for
efficient policy learning in Sec. 4.2. Further, we introduce
learning paradigms such as world model learning (Sec. 4.3),
multi-task frameworks (Sec. 4.4), and policy distillation
(Sec. 4.5). Finally, we discuss general issues that impede
safe and reliable end-to-end autonomous driving, including
interpretability in Sec. 4.6, causal confusion in Sec. 4.7, and
robustness and generalizability in Sec. 4.8.

4.1 Input Modality
4.1.1 Multi-sensor Fusion
Though early works [3, 8] successfully achieved simple
self-driving tasks such as lane-following with a monocu-
lar camera, this single input modality is insufficient for
handling complex scenarios [28]. Therefore, various sensors
have been introduced and equipped on recent self-driving
vehicles, as shown in Fig. 4. Particularly, RGB images
from cameras naturally replicate how humans perceive the
world with abundant semantic visual information; LiDARs
or stereo cameras provide accurate 3D spatial knowledge.
Additionally, vehicle states such as speed and acceleration
from speedometers and IMUs, together with high-level nav-
igation commands, are other lines of input that guide the
end-to-end system. However, various sensors have distinct
perspectives and data distributions, and the large gaps
between them present great challenges in effectively fusing
them to complement each other for autonomous driving.

Multi-sensor fusion has predominantly been discussed
in perception-related fields, e.g., object detection [125, 126],
tracking [127, 128], and semantic segmentation [129, 130],
and is typically categorized into three groups: early, mid,
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and late fusion. End-to-end autonomous driving algorithms
explore similar fusion schemes [131]. Early fusion means
combining sensory information before feeding it into the
feature extractor. Concatenation is a common way for fusing
various inputs, such as images and depth [132], BEV point
clouds and HD maps [32, 133], etc., and then processing
them with a shared feature extractor. [134, 135] paint LiDAR
points on BEV with the same size as perspective-view
images and combine them as inputs. To resolve the view
discrepancy, some works attempt to project point clouds on
2D images [136] or attach an additional channel for each
LiDAR point by predicting semantic labels from images in
advance [52, 137]. On the other hand, the late fusion scheme
combines multiple results from multi-modalities. It is less
discussed due to its inferior performance [6, 131].

Contrary to these approaches, middle fusion achieves
multi-sensor fusion within the network by separately en-
coding inputs and then combining them at the feature
level. Naive concatenation is also frequently adopted to fuse
features from different modalities [15, 22, 30, 138, 139, 140,
141, 142]. Recently, works have employed Transformers [27]
to model interactions between pairs of features. Transfuser
[6, 28] processes images and LiDAR inputs using two inde-
pendent convolutional encoders, interconnecting each res-
olution of features with Transformer encoders, resulting in
four-stage feature fusion. Self-attention layers are employed
for sensor tokens, attending regions of interest and updating
information from other modalities. MMFN [143] further
incorporates OpenDrive map and radar inputs on top of
Transfurser. [29, 144] take a one-stage Transformer encoder
architecture to fuse various features after the last encoder
block. The attention mechanism has demonstrated great
effectiveness in aggregating the context of different sensor
inputs and achieving safer end-to-end driving performance.

Different modalities generally bring increased fields of
view and perceptual accuracy, but fusing them to extract
critical information for end-to-end autonomous driving re-
quires further exploration. It is essential to model these
modalities in a unified space such as BEV [125, 126], identify
policy-related context [6, 12], and discard irrelevant sensory
information. Besides, fully utilizing the powerful Trans-
former architecture remains a challenge. The self-attention
layer interconnects all tokens to model their areas of interest
freely, but it incurs a significant computational cost and
cannot guarantee useful information extraction. More ad-
vanced Transformer-based multi-sensor fusion mechanisms
in the perception field, such as [145, 146], hold promise for
application to the end-to-end driving task.

4.1.2 Language as Input
Humans drive cars using both visual perception and in-
trinsic knowledge, such as traffic rules and desired routes,
which together form causal behaviors. In some areas related
to autonomous driving, such as robotics and indoor navi-
gation (also called embodied AI), incorporating natural lan-
guage as fine-grained instructions to control the visuomotor
agent has achieved notable progress [147, 148, 149, 150].

However, the outdoor autonomous driving task owns
different characteristics compared to indoor robotic applica-
tions in the following contexts: (1) The outdoor environment
is unknown, and the vehicle cannot explore back and forth.

(2) There are few distinctive anchor landmarks, posing great
challenges in grounding language instructions. (3) Driving
scenarios are much more complex, with a continuous action
space and highly dynamic agents. Safety is a top priority
during maneuvering. To incorporate linguistic knowledge
into driving actions, the Talk2Car [151] dataset provides
a benchmark for localizing referred objects in outdoor en-
vironments. The Talk2Nav [152], TouchDown [153] and
Map2Seq [154] datasets introduce visual language naviga-
tion tasks using Google Street View. They model the world
as a discrete connectivity graph and require navigating
toward the goal in a node selection format. HAD [155] first
takes human-to-vehicle advice and adds a visual grounding
task with an LSTM-based controller. Sriram et al. [156] en-
code natural language instructions into high-level behaviors
including turning left, turning right, not turning left, etc.,
and verify their language-guided navigation approach in
the CARLA simulator. In DOROTHIE [157], Ma et al. even
extends the language with speech to realize human-vehicle
cooperative planning. [158, 159] tackle the low-level real-
time control problem by attending to the textual action com-
mand. Recently, CLIP-MC [160] and LM-Nav [161] utilize
CLIP [162] which benefits from large-scale visual language
pre-training to extract both linguistic knowledge from in-
structions and visual features from images. They showcase
the advantages of the pre-trained model and provide an
attractive prototype for solving complex navigation tasks
with multi-modal models.

Despite the successful attempts to use CLIP for landmark
feature extraction, the application of large language models
(LLMs) such as GPT-3 [163] or instructive language models
like ChatGPT [164, 165, 166] in the autonomous driving field
remains unclear. Modern LLMs present more opportunities
to handle sophisticated linguistic instructions. However,
considering their long inference times and instability, it is
also crucial to determine the interaction mode for on-road
application. Moreover, current language-guided navigation
works validate their effectiveness in simulation or specific
robot embodiment, and a large-scale benchmark comprising
meaningful linguistic prompts is missing.

4.2 Visual Abstraction

An end-to-end autonomous driving system achieves the
maneuvering task roughly in two stages: encoding the state
space into a latent feature representation, and then decoding
the driving policy with the intermediate features. In the
case of urban driving, the input state, i.e., the surrounding
environment and ego state, is much more diverse and high-
dimensional compared to common policy learning bench-
marks such as video games [18, 19, 167]. Therefore, it is
helpful to first pre-train the visual encoder of the network
using proxy pre-training tasks. This enables the network
to effectively extract useful information for driving, thus
facilitating the subsequent policy decoding stage while also
meeting memory and model size constraints for all end-to-
end algorithms. Furthermore, this can improve the sample
efficiency for RL methods.

The process of visual abstraction, or representation learn-
ing, often incorporates certain inductive biases or prior
information. To achieve a more compact representation than
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raw images, some methods directly utilize semantic seg-
mentation masks from pre-trained segmentation networks
as the input representation for subsequent policy training
[168, 169]. SESR [170] takes this a step further by encoding
the segmentation masks into class-disentangled representa-
tions through a VAE [171]. In [172, 173], predicted affor-
dance indicators, such as traffic light states, speed, offset
to the lane center, hazard indicators, and distance to the
leading vehicle, are used as the representation for policy
learning.

After observing that segmentation or affordances as a
representation can create a bottleneck defined by humans
and result in the loss of useful information, some have cho-
sen intermediate latent features from pre-training tasks as
effective representations. PIE-G [174] has demonstrated that
early layers of the ImageNet [175] pre-trained model can
serve as effective representations. [18, 19, 176, 177] employ
latent representations pre-trained with tasks including se-
mantic segmentation and/or affordance predictions as input
for RL training and achieve excellent performance. In [178],
latent features in VAE are augmented by attention maps
obtained from the diffused boundary of segmentation and
depth maps to highlight important regions. PPGeo [12] pro-
poses to learn effective representation through motion pre-
diction together with depth estimation in a self-supervised
way on unlabeled driving videos. TARP [179] utilizes data
from a series of previous tasks to perform different tasks-
related prediction tasks to acquire useful representations. In
[180], the latent representation is learned by approximating
the π-bisimulation metric, which is comprised of differences
of rewards and outputs from the dynamics model. Besides
these pre-training tasks with supervised prediction, unsu-
pervised contrastive learning based on augmented views
is adopted in [133]. ACO [36] further adds steering angle
discrimination into the contrastive learning structure.

As current methods mainly depend on human-defined
pre-training tasks, there inevitably exist possible informa-
tion bottlenecks in the learned representation, and redun-
dant information unrelated to driving decisions may be
included. Thus, how to better extract critical information for
driving policy during the representation learning process
remains an open question.

4.3 World Model and Model-based RL

Besides the ability to better abstract perceptual representa-
tions, it is essential for end-to-end models to make reason-
able predictions about the future to take safe maneuvers.
In this section, we mainly discuss the challenges of current
model-based policy learning works, where a world model
provides explicit future predictions for the policy model.

Deep reinforcement learning typically suffers from the
challenge of high sample complexity, which is especially
pronounced for tasks like autonomous driving due to
the large size of the sample space. Model-based rein-
forcement learning (MBRL) offers a promising direction
to improve sample efficiency by allowing agents to inter-
act with the learned world model instead of the actual
environment. MBRL methods explicitly model the world
model/environment model, which is composed of tran-
sition dynamics and reward function, and the agent can

interact with it at a low cost. This is particularly helpful
in autonomous driving, as 3D simulators like CARLA are
relatively slow.

Modeling the highly complex and dynamic environment
in driving is a challenging task. To simplify the problem,
Chen et al. [20] assume that the world is on rails, factoring
the transition dynamics into a non-reactive world model
and a simple kinematic bicycle model for the ego vehicle.
They enrich the labels of a static dataset by utilizing this
factorized world model together with a reward function
to optimize for better labels via dynamic programming.
In [135], a probabilistic sequential latent model is used as
the world model to reduce the sample complexity for RL
learning. To address the potential inaccuracy of the learned
world model, Henaff et al. [181] train the policy network
with dropout regularization to estimate the uncertainty cost.
Another approach [182] uses an ensemble of multiple world
models to provide uncertainty evaluation, based on which
the imaginary rollout between the world model and the
policy agent could be truncated and adjusted accordingly.
Motivated by the successful MBRL model Dreamer [83],
ISO-Dream [183] considers non-deterministic factors in the
environment and decouples visual dynamics into control-
lable and uncontrollable states. Then, the policy is trained
on the disentangled states, considering the uncontrollable
factors (such as the motion of other agents) explicitly.

It is worth noting that learning the world model in
raw image space is not suitable for autonomous driving.
Important small details, such as traffic lights, would easily
be missed in the predicted images. To tackle this, MILE
[184] incorporates the world model in the BEV semantic
segmentation space. It combines world modeling with imi-
tation learning by adopting the Dreamer-style world model
learning as an auxiliary task. SEM2 [134] also extends the
Dreamer structure but with BEV segmentation maps, and
uses RL for training. Besides directly using the learned
world model for MBRL, DeRL [177] combines a model-free
actor-critic framework with the world model. Specifically,
the learned world model provides self-assessments of the
current action, which is combined with the state value from
the critic to better access the actor’s performance.

World model learning or MBRL for end-to-end au-
tonomous driving is an emerging and promising direction
as it greatly reduces the sample complexity for RL, and
understanding the world is helpful for driving. However,
as the driving environment is highly complex and dynamic,
further study is still needed to determine what needs to be
modeled and how to model the world effectively.

4.4 Multi-task Learning with Policy Prediction
Multi-task learning (MTL) involves jointly performing sev-
eral related tasks based on a shared representation through
separate branches/heads. MTL offers significant computa-
tional cost reduction by using a single model for multiple
tasks. Additionally, related domain knowledge is shared
within the shared model, and the task relationship can be
better exploited to improve the generalization ability and
robustness of the model [185, 186]. Consequently, MTL is
a good fit for end-to-end autonomous driving, where the
ultimate policy prediction requires a comprehensive under-
standing of the current environment.
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Fig. 5: Policy distillation. (a) The privileged agent learns a
robust policy with access to privileged ground-truth infor-
mation. The expert is labeled with dashed lines to indicate
that it is not mandatory if the privileged agent is trained
via RL. (b) The sensorimotor agent imitates the privileged
agent through both feature distillation and output imitation.

In contrast to common vision tasks where dense predic-
tions are needed, end-to-end autonomous driving predicts a
sparse signal. The sparse supervision here brings a challenge
for the input encoder to extract useful information for
decision-making. For image input, auxiliary tasks such as
semantic segmentation [28, 31, 136, 187, 188, 189] and depth
estimation [28, 31, 187, 188, 189] are commonly adopted in
end-to-end autonomous driving models. Semantic segmen-
tation ensures that the model gains a high-level understand-
ing of the scene and recognizes objects of different cate-
gories; depth estimation enables the model to understand
the 3D geometry of the environment and better estimate dis-
tances to critical objects. By performing these tasks, the im-
age encoder can better extract useful and meaningful feature
representations for subsequent planning. Besides auxiliary
tasks on perspective images, 3D object detection [28, 31, 52]
is also useful for the LiDAR encoder. As BEV becomes a
natural and popular representation for autonomous driving,
tasks such as HD map mapping and BEV segmentation
are included in models [11, 23, 28, 29, 30, 31, 52, 144] that
aggregate features in BEV space. Moreover, in addition to
these vision tasks as multi-tasks, [29, 187, 190] also predict
visual affordances including traffic light states, distance to
the junction, and distances to opposite lanes, etc.

Multi-task learning for end-to-end autonomous driving
has demonstrated its effectiveness in improving perfor-
mance and providing interpretability of the autonomous
driving model. However, the optimal combination of aux-
iliary tasks and the appropriate weighting of their losses
to achieve the best performance remain to be explored.
Additionally, constructing large-scale datasets with multiple
types of aligned and high-quality annotations presents a
significant challenge.

4.5 Policy Distillation
As imitation learning, or its predominant sub-category, be-
havior cloning, is simply supervised learning that mimics
expert behaviors, corresponding methods usually follow the

“Teacher-Student” paradigm. Teachers, such as the hand-
crafted expert autopilot provided by CARLA, have access
to the ground-truth states of surrounding agents and map
elements, while students are directly supervised by the
collected expert trajectory or control signals with raw sensor
input only. This raises great challenges for student models,
as they must not only extract perceptual features but also
learn a driving policy from scratch.

To address the difficulties above, a few studies propose
to divide the learning process into two stages, i.e., training a
teacher network and then distilling the policy to the ultimate
student network. In particular, Chen et al. [5] first employ a
privileged agent to learn how to act with direct access to
the state of the environment. They then let the sensorimotor
agent (student network) closely imitate the privileged agent,
with distillation occurring at the output stage. With more
compact BEV representations as input for the privileged
agent, it provides stronger generalization abilities and su-
pervision than the original expert. The process is depicted
in Fig. 5. LAV [52] further empowers the privileged agent to
predict the trajectories of all nearby vehicles and distills this
ability to the student network which uses vision features.

Apart from directly supervising planning results, several
works train their predictive models by distilling knowledge
at the feature level. For example, FM-Net [191] employs
off-the-shelf networks, including segmentation and optical
flow models, as auxiliary teachers to guide feature train-
ing. SAM [192] adds L2 feature loss between the teacher
and student networks, where the teacher network predicts
control signals from ground-truth semantic segmentation
maps, and stop intention values. WoR [20] learns a model-
based action-value function and then uses it to supervise
the visuomotor policy. CaT [23] recently introduces BEV
safety hints in the IL-based privileged expert training and
distills in BEV space to align features. Roach [21] proposes
to train a stronger privileged expert with RL, eliminating
the upper bound of imitation learning. It incorporates mul-
tiple distillation targets, i.e., action distribution prediction,
value estimation, and latent features. By leveraging the
powerful RL expert, TCP [22] achieves a new state-of-the-
art on the CARLA leaderboard with a single camera as
visual input. A recent work DriveAdpater [193] explores to
learn a perception-only student network and adapters with
the feature alignment objective. The decoupled paradigm
fully enjoy the teacher’s driving knowledge and student’s
training efficiency.

Though a great amount of effort has been devoted to
designing a more robust expert and transmitting knowledge
from teachers to students at various levels, the teacher-
student paradigm still suffers from inefficient distillation.
As shown in all previous works, the visuomotor networks
exhibit large performance gaps compared to their privileged
agents. For instance, the privileged agent has access to the
ground-truth states of traffic lights, which are small objects
in images and pose a challenge to distill corresponding fea-
tures [193]. This may lead to causal confusion for students,
as discussed in Sec. 4.7. Thus, it is worth exploring how to
draw more inspiration from general distillation methods in
machine learning to minimize the gap.
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Fig. 6: Summary of the different forms of interpretability.
They aid in human comprehension of the decision-making
processes of end-to-end models, perception failures, and the
reliability of the outputs.

4.6 Interpretability

Interpretability plays a critical role in autonomous driv-
ing [194]. It enables engineers and researchers to better
test, debug, and improve the system, provides performance
guarantees from a societal perspective, increases users’ trust,
and promotes public acceptance. However, achieving in-
terpretability in end-to-end autonomous driving models,
which are often referred to as black boxes, is challenging.

Given a trained autonomous driving model, some post-
hoc X-AI (explainable AI) techniques could be applied to the
learned model to gain saliency maps [187, 195, 196, 197, 198].
Saliency maps highlight specific regions in the visual input
on which the model primarily relies for planning. How-
ever, this approach provides limited information, and its
effectiveness and validity are difficult to evaluate. Instead,
we focus on autonomous driving frameworks that directly
enhance interpretability in their model design. We will
introduce each category of interpretability in Fig. 6 below.

Attention Visualization: The attention mechanism usu-
ally provides a certain degree of interpretability. In [33,
187, 190, 198, 199], a learned attention weight is applied to
aggregate important features from the intermediate feature
map. Attention weights are learned to adaptively combine
ROI pooled features from different object regions [200] or
a fixed grid [201]. NEAT [11] iteratively aggregates fea-
tures to predict attention weights and refine the aggregated
feature. Recently, the Transformer attention mechanism
has become commonly used in many autonomous driv-
ing models. Transformer attention blocks are employed in
[6, 11, 28, 29, 31, 143, 202] to better aggregate the information
from sensor inputs, and attention maps display important
regions in the input for driving decisions. In PlanT [203],
the attention layers process features from different vehi-
cles, providing interpretable insights into the corresponding
action. Similar to post-hoc saliency methods, although the
learned attention maps could offer some straightforward
clues about the models’ focus, their faithfulness and utility
remain limited.

Interpretable Tasks: In a deep driving model, the inputs

are initially encoded into intermediate representations for
subsequent predictions. Therefore, many IL-based works
introduce interpretability by decoding the latent feature
representations into other meaningful information, such as
semantic segmentation [2, 11, 15, 28, 29, 31, 52, 136, 160, 187,
188, 189, 204], depth estimation [15, 28, 31, 187, 188], object
detection [2, 28, 31, 52], affordance predictions [29, 187, 190],
motion prediction [2, 52], and gaze map estimation [205].
Although these methods provide interpretable information,
most of them only treat these predictions as auxiliary tasks
[11, 15, 28, 31, 136, 187, 188, 190], with no explicit impact on
the final driving decision. Some [29, 52] do use these outputs
for final driving actions, but they are incorporated solely for
performing an additional safety check.

Cost Learning: As discussed in Sec. 2.1.2, cost learning-
based methods share some similarities with traditional
modular autonomous driving systems and thus exhibit a
certain level of interpretability. NMP [32] and DSDNet [206]
construct the cost volume in conjunction with detection
and motion prediction results. P3 [39] combines predicted
semantic occupancy maps with comfort and traffic rules
constraints to construct the cost function. Various repre-
sentations, such as probabilistic occupancy and temporal
motion fields [1], emergent occupancy [71], and freespace
[70], are employed to score sampled trajectories. Factors in-
cluding safety, comfort, traffic rules, and routes based on the
perception and prediction outputs are explicitly included
[38, 207] to construct the cost volumes.

Linguistic Explainability: As one aspect of interpretabil-
ity is to help humans understand the system, natural lan-
guage is a suitable choice for this purpose. Kim et al.
[33] generate the BDD-X dataset, pairing driving videos
with descriptions and explanations. They also propose an
autonomous driving model with a vehicle controller and an
explanation generator, and force spatial attention weights
of the two modules to be aligned. BEEF [208] proposes
an explanation module that fuses the predicted trajectory
and the intermediate perception features to predict justi-
fications for the decision. In [209], a dataset named BBD-
OIA is introduced, which includes annotations for both
driving decisions and explanations for high-density traffic
scenes. Recently, ADAPT [210] proposes a Transformer-
based network to jointly estimate action, narration, and
reasoning based on driving videos from the BBD-X dataset.
Given the recent progress of multi-modality and foundation
models, we believe that further combining language with
autonomous driving models holds promise for achieving
superior interpretability and performance, as discussed in
Sec. 4.1.2.

Uncertainty Modeling: Uncertainty is a quantitative ap-
proach for interpreting the dependability of model outputs.
Since planning results are not always accurate or optimal,
it is essential for designers and users to identify uncertain
cases for improvement or necessary intervention. For deep
learning, there are two types of uncertainty: aleatoric un-
certainty and epistemic uncertainty. Aleatoric uncertainty
is inherent to the task, while epistemic uncertainty is due
to limited data or modeling capacity. In [211], quantita-
tive evaluations of uncertainty for end-to-end autonomous
driving systems are conducted, leveraging certain stochastic
regularizations in the model to perform multiple forward
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Fig. 7: Causal Confusion. The current action of a car is
strongly correlated with low-dimensional spurious features
such as the velocity or the car’s past trajectory. End-to-End
models may latch on to them leading to causal confusion.

passes as samples to measure the uncertainty. However, the
requirement of multiple forward passes is not feasible in
real-time scenarios. RIP [212] proposes capturing epistemic
uncertainty with an ensemble of expert likelihood mod-
els and aggregating the results to perform safe planning.
Regarding methods modeling aleatoric uncertainty, driving
actions/planning and uncertainty (usually represented by
variance) are explicitly predicted in [142, 213, 214]. With
the predicted uncertainty, [213] chooses the output with the
lowest uncertainty from multiple outputs, while [142] gen-
erates a weighted combination of proposed actions. VTGNet
[214] does not directly use the uncertainty for planning but
demonstrates that modeling data uncertainty can improve
general performance. Currently, predicted uncertainty is
mainly utilized in combination with hard-coded rules. Ex-
ploring better ways to model and utilize uncertainty for
autonomous driving is necessary.

4.7 Causal Confusion
Driving is a task that exhibits temporal smoothness, which
makes past motion a reliable predictor of the next action.
However, methods trained with multiple frames can be-
come overly reliant on this shortcut [215] and suffer from
catastrophic failure during deployment. This problem is
referred to as the copycat problem [57] in some works and
is a manifestation of causal confusion [216], where access
to more information leads to worse performance. One of
the earliest reports of this effect was made by LeCun et al.
[217]. They used a single input frame for steering prediction
to avoid such extrapolation. Though simplistic, this is still
the preferred solution in current state-of-the-art imitation
learning methods [22, 28, 29]. Unfortunately, using a single
frame has a downside of not being able to extract the
velocity of surrounding actors. Another source of causal
confusion is speed measurement [16]. Fig. 7 showcases an
example of a car waiting at a red light. The speed of the car
is highly correlated with the brake action because the car
is waiting for many frames where the speed is zero and the
action is the brake. Only at the single frame where the traffic
light changes from red to green does this correlation break
down.

There are multiple approaches to combat the causal
confusion problem when using multiple frames. Chauffeur-

Net [218] addresses the issue by using intermediate visual
abstractions in BEV. One abstraction is the ego agent’s past,
while other abstractions do not contain this information.
During training, the past motion of the ego agent is dropped
out with a 50% probability. However, explicit abstractions
are required for this approach to work effectively. In [57], the
authors attempt to remove spurious temporal correlations
from a learned intermediate bottleneck representation by
training an adversarial model that predicts the ego agent’s
past action. This results in a min-max optimization problem
where the imitation loss is minimized, and the adversarial
loss is maximized. Intuitively, this trains the network to
eliminate its own past from its intermediate layers. This
approach works well in MuJoCo but does not scale to
complex vision-based driving. The first to work on driving
complexity is [58]. They propose upweighting keyframes in
the training loss. Keyframes are frames where a decision
change occurs (and hence are not predictable by extrapo-
lating the past). To find the keyframes, they train a policy
that predicts the action with only the ego agent’s past as
input. PrimeNet [60] improves performance compared to
keyframes by using an ensemble, where the prediction of a
single-frame model is given as additional input to a multi-
frame model. Chuang et al. [219] do the same but supervise
the multi-frame network with action residuals instead of ac-
tions. OREO [59] maps images to discrete codes representing
semantic objects and applies random dropout masks to units
that share the same discrete code. This helps in Confounded
Atari, where the previous action is rendered on the screen.
In autonomous driving, the problem of causal confusion
can be circumvented by using only LiDAR histories (with
a single frame image) and realigning point clouds into the
same coordinate system. This removes information about
ego-motion while retaining information about other vehi-
cles’ past states. This technique has been used in multiple
works [1, 32, 52], though it was not motivated this way.

Causal confusion in imitation learning has been a per-
sistent challenge for nearly two decades. Significant ef-
fort has gone into studying this problem in recent years
[57, 58, 59, 60, 216, 219]. However, these studies have used
environments that are modified to simplify studying the
causal confusion problem. Showing performance improve-
ments in state-of-the-art settings remains an open problem.

4.8 Robustness

4.8.1 Long-tailed Distribution
One important aspect of the long-tailed distribution prob-
lem is dataset imbalance, where a few classes make up the
majority and many other classes only have a limited number
of samples, as shown in Fig. 8 (a). This poses a big challenge
for models to generalize to various environments. Various
methods tackle this problem with data processing, including
over-sampling [220, 221, 222, 223, 224], under-sampling
[225, 226, 227], and data augmentation [228, 229, 230]. Be-
sides, weighting-based approaches [231, 232, 233, 234, 235,
236, 237] are also commonly used to mitigate the dataset
imbalance problem.

In the context of end-to-end autonomous driving, the
issue of long-tailed distributions is particularly severe.
Dataset imbalance is especially problematic in driving
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Fig. 8: Challenges in robustness. Three primary generalization issues arise in relation to dataset distribution discrepancies,
namely long-tailed and normal cases, expert demonstration and test scenarios, and domain shift in locations, weather, etc.

datasets because most typical drives are repetitive and
uninteresting e.g., following a lane for many frames. Con-
versely, interesting safety-critical scenarios occur rarely but
are diverse in nature. To tackle this issue, some works rely
on handcrafted scenarios [13, 90, 99, 238, 239] to generate
more diverse and interesting data in simulation. LBC [5]
leverages the privileged agent to create imaginary supervi-
sions conditioned on different navigational commands. LAV
[52] argues that though the ego car for data collection has
few accident-prone cases, other agents may have experi-
enced some safety-critical or interesting cases. Therefore, it
includes trajectories of other agents for training to promote
data diversity. In [240], a simulation framework is proposed
to apply importance-sampling strategies to accelerate of the
evaluation of rare-event probabilities.

Another line of research [7, 34, 35, 86, 241, 242] generates
safety-critical scenarios in a data-driven manner through ad-
versarial attacks. In [86], Bayesian Optimization is employed
to generate adversarial scenarios. Learning to collide [35]
represents driving scenarios as the joint distribution over
building blocks and applies policy gradient RL methods
to generate risky scenarios. AdvSim [34] modifies agents’
trajectories, while still adhering to physical plausibility, to
cause failures and updates the LiDAR accordingly. The
recent work KING [7] proposes an optimization algorithm
for safety-critical perturbations using gradients through dif-
ferentiable kinematics models.

In general, efficiently generating realistic safety-critical
scenarios that cover the long-tailed distribution remains a
significant challenge. While many works focus on adversar-
ial scenarios in simulators, it is also essential to better utilize
real-world data for critical scenario mining and potential
adaptation to simulation. Besides, a systematic, rigorous,
comprehensive, and realistic testing framework is crucial for
evaluating end-to-end autonomous driving methods under
these long-tailed distributed safety-critical scenarios.

4.8.2 Covariate Shift
As discussed in Sec. 2.1, one important challenge for behav-
ior cloning is covariate shift. The state distributions from
the expert’s policy and those from the trained agent’s policy
differ, leading to compounding errors when the trained
agent is deployed in the unseen testing environment or
when the reactions from other agents differ from training
time. This could result in the trained agent being in a
state that is outside the expert’s distribution for training,
leading to severe failures. An illustration is presented in

Fig. 8 (b). DAgger (Dataset Aggregation) [26] is a commonly
used method to overcome this issue. DAgger is an iterative
training process, in which the current trained policy is rolled
out in each iteration to collect new data, and the expert is
used to label the visited states. This enriches the training
dataset by adding examples of how to recover from the
suboptimal states that an imperfect policy might visit. The
policy is then trained on the augmented dataset, and the
process repeats. However, one downside of DAgger is the
need for an available expert to query online.

For end-to-end autonomous driving, DAgger is adopted
in [24] with an MPC-based expert. To reduce the cost of con-
stantly querying the expert and improve safety, SafeDAgger
[25] extends the original DAgger algorithm by learning
a safety policy that estimates the deviation between the
current policy and the expert policy. The expert is only
queried when the deviation is large, and the expert takes
over in those dangerous cases. MetaDAgger [56] combines
meta-learning with DAgger to aggregate data from multiple
environments. LBC [5] adopts DAgger and resamples the
data so that samples with higher loss are sampled more
frequently. In DARB [10], several modifications are made
on DAgger to fit the driving task. To better utilize failure
or safety-related samples, it proposes several mechanisms,
including task-based, policy-based, and policy & expert-
based mechanisms, to sample such critical states. It also uses
a fixed-sized replay buffer for iterative training to increase
diversity and reduce dataset bias.

4.8.3 Domain Adaptation
Domain adaptation (DA) is a type of transfer learning in
which the target task is the same as the source task, but the
domains differ. Here we discuss scenarios where labels are
available for the source domain while there are no labels or
a limited amount of labels available for the target domain.

As shown in Fig. 8 (c), domain adaptation for au-
tonomous driving tasks encompasses several cases [243]:

• Sim-to-real: the large gap between simulators used
for training and the real world used for deployment.

• Geography-to-geography: different geographic loca-
tions with varying environmental appearances.

• Weather-to-weather: changes in sensor inputs caused
by weather conditions such as rain, fog, and snow.

• Day-to-night: illumination variations in the sensor
input.

• Sensor-to-sensor: possible differences in sensor char-
acteristics, e.g., resolution and relative position.
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Note that the aforementioned cases often overlap.
VISRI [244] uses a translation network to map simulated

images to real images, with segmentation maps serving
as the intermediate representation. An RL agent is trained
based on the translated simulated images. In [245], domain-
invariant feature learning is achieved with image translators
and discriminators to map images from two domains into a
common latent space. Similarly, LUSR [246] adopts a Cycle-
Consistent VAE to project images into a latent representation
comprised of a domain-specific part and a domain-general
part, based on which the policy is learned. UAIL [213]
targets weather-to-weather adaptation by disentangling the
image from different weather conditions into a distinguish-
able style space and a shared content space with a GAN. In
SESR [170], class disentangled encodings are extracted from
a semantic segmentation mask to reduce the domain gap
between images in simulators and the real world. Domain
randomization [247, 248, 249] is also a simple and effective
technique for sim-to-real adaptation for RL policy learning
in simulators, which is further adapted for end-to-end au-
tonomous driving [168, 250]. It is realized by randomizing
the rendering and physical settings of the simulators to
cover the variability of the real world during training, and
obtain a trained policy with good generalization ability.

Currently, sim-to-real adaptation through source tar-
get image mapping or domain-invariant feature learning
is the focus for end-to-end autonomous driving. Other
domain adaptation cases such as geography-to-geography
or weather-to-weather adaptation are handled through the
diversity and scale of the training dataset. As LiDAR has
become a popular input modality for driving, specific adap-
tation techniques tailored to the characteristics of LiDAR
must also be designed, given that current works mainly
concentrate on image-based adaptation. Besides, attention
should be drawn to traffic agents’ behavior and traffic rule
gaps between the simulator and the real world, as current
methods only focus on the visual gap in images. Incorporat-
ing real-world data into simulation through techniques such
as NeRF [113, 251] is another promising direction.

5 FUTURE TRENDS

Considering the challenges and opportunities discussed, we
list some crucial directions for future research that may have
a broader impact in this field.

5.1 Zero-shot and Few-shot Learning
It is inevitable for autonomous driving models to eventually
encounter real-world scenarios that lie beyond the training
data distribution. This raises the question of whether we can
successfully adapt the model to an unseen target domain
where limited or no labeled data is available. Formalizing
this task for the end-to-end driving domain and incor-
porating techniques from the zero-shot/few-shot learning
literature are the key steps toward achieving this.

5.2 Modular End-to-end Planning
The modular end-to-end planning framework optimizes
multiple modules while prioritizing the downstream plan-
ning task, which enjoys the advantages of interpretability as

indicated in Sec. 4.6. This is advocated in recent literature
[2, 252] and certain industry solutions (Tesla, Wayve, etc.)
have involved similar ideas. When designing these differen-
tiable perception modules, several questions arise regarding
the choice of loss functions, such as the necessity of 3D
bounding boxes for object detection, whether the occupancy
representation is sufficient for detecting general obstacles,
or the advantages of opting for BEV segmentation over lane
topology for static scene perception.

5.3 Data Engine
The importance of large-scale and high-quality data for
autonomous driving can never be emphasized enough. Es-
tablishing a data engine with an automatic labeling pipeline
[253] could greatly facilitate the iterative development of
both data and models. The data engine for autonomous
driving, especially modular end-to-end planning systems,
needs to streamline the process of annotating high-quality
perception labels with the aid of large perception mod-
els in an automatic way. It should also support mining
hard/corner cases, scene generation, and editing to facili-
tate the data-driven evaluations discussed in Sec. 3.1 and
promote diversity of data and the generalization ability of
models (Sec. 4.8). A data engine would enable autonomous
driving models to make consistent improvements.

5.4 Foundation Model
Recent advancements in large foundation models in both
language [165, 166, 254, 255] and vision [253, 256, 257, 258]
have had a significant impact on various aspects of soci-
ety. The utilization of large-scale data and model capacity
has unleashed the immense potential of AI in high-level
reasoning tasks. The paradigm of finetuning [259, 260] or
prompt learning [164], optimization in the form of self-
supervised reconstruction [261] or contrastive pairs [162],
and data pipelining, etc., are all applicable to the end-to-end
autonomous driving domain. However, we contend that
the direct adoption of LLMs for autonomous driving might
seem misaligned between the different goals of the two
targets. The output of an autonomous agent often requires
steady and accurate measurements, whereas the generative
sequence output in language models aims to behave like
a human, irrespective of its accuracy. A feasible solution
to develop a large autonomous driving model is to train
a video predictor that can forecast long-term predictions
of the environment, either in 2D or 3D. To perform well
on downstream tasks like planning, the objective to be
optimized for the large model needs to be sophisticated
enough, beyond frame-level perception.

5.5 Vehicle-to-everything (V2X)
Occlusion and obstacles beyond the perceptual range are
two fundamental challenges for modern computer vision
techniques, which can even pose great difficulties for human
drivers when they need to react quickly to crossing agents.
Vehicle-to-vehicle (V2V), vehicle-to-infrastructure (V2I), and
vehicle-to-everything (V2X) systems offer promising solu-
tions to address this crux, where information from various
viewpoints complements the ego blind spots. Witnessing the
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progress in information transmission mechanisms for multi-
agent scenarios [262, 263, 264, 265, 266], these systems could
provide a solution to realize advanced decision intelligence
among autonomous vehicles.

6 CONCLUSION

In this survey, we give an overview of fundamental method-
ologies and summarize various aspects of simulation and
benchmarking. We thoroughly analyze the extensive litera-
ture to date, and highlight a wide range of critical challenges
and promising resolutions. Future endeavors to embrace the
rapidly developed foundation models and data engines are
discussed in the end. End-to-end autonomous driving faces
great opportunities and challenges simultaneously, with the
ultimate goal of building generalist agents. In this era of
emerging technologies, we hope that this survey would
serve as a starting point to shed new light on this domain.
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