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Abstract

In this dissertation I examine the main scaling challenges in autonomous driving develop-
ment, discussing recent advances in the field while contributing specific solutions to key
bottlenecks. The first challenge is the reliance on human labor, particularly for annotations.
Here we make two key contributions: new techniques to extract additional value from exist-
ing annotations through future prediction (1), and an adaptation of vision-language learn-
ing to 3D automotive sensors that reduces dependence on explicit labels while maintaining
interpretability (11). The second challenge concerns access to training data covering the full
spectrum of driving scenarios. We address this data bottleneck through complementary ap-
proaches: releasing a diverse European driving dataset collected across multiple years and
conditions (11), and developing a neural rendering method that enables scalable genera-
tion of realistic synthetic data (1v). Finally, to enable scalable safety testing, we introduce
a closed-loop neural simulator that transforms ordinary driving scenarios into challenging
near-collision cases (v). Together with broader advances in the field, our contributions
suggest a promising path toward scaling autonomous vehicle development.






Popular Science Summary

The dream of self-driving cars is swiftly transitioning from science fiction to reality, largely
due to rapid advancements in deep neural networks. However, the performance of these
networks is inherently constrained by the quality and quantity of their training data and
supervision. Achieving each seemingly incremental improvement in safety often demands
an order-of-magnitude scaling of data and computational resources. In this thesis, I identify
key bottlenecks that hinder this scaling — often boiling down to the human-in-the-loop —
and propose novel solutions to overcome them.

Typical autonomous driving stacks consist of multiple specialized modules, like object de-
tection and road model estimation, that heavily depend on human-annotated data. Such
manual labeling is extremely laborious and expensive, so naturally we want to extract max-
imum value from each annotation. Therefore the first question we address in this thesis
is how to increase the value of existing human annotations. We find that by training net-
works to predict future annotations from past sensor data, we force the model to reason
about dynamics and depth and even implicitly perform 3D object tracking. This simple
approach enables the model to unlock new capabilities, extracting insights beyond the ori-
ginal annotations without any additional human input.

But what if we can dispense with human-generated labels entirely? An intriguing approach
involves moving away from predefined categories such as ’car’ or ’pedestrian,” and instead
using unconstrained natural language. This shift has been well-explored in the domain of
image-language models, but our work extends this to lidar — a critical sensor in self-driving
vehicles. Lidar devices measure the distance to surrounding objects by emitting laser pulses
and recording the light’s return time. Our model allows these resulting point clouds to
be queried with natural language, facilitating the exploration and understanding of com-
plex 3D environments without relying on detailed manual annotations or predefined label
categories. With the recent advancements in large language models, which now include im-
age understanding, we are optimistic that some version of our approach will enable these
models to also reason about lidar data, and possibly other automotive sensors as well.

The next bottleneck in developing autonomous driving systems is, of course, the data itself.
Given that neural networks are notoriously slow learners, needing huge amounts of data
to learn seemingly simple concepts, we need to ensure that the training set covers every
imaginable scenario — from snowstorms in northern sweden to nightime driving in busy
street in downtown paris. Since existing open datasets often fall short in this regard, we re-
lease a comprehensive dataset collected across Europe over several years, curated to contain
a diverse set of driving conditions and environments.

However, certain scenarios, such as near-miss accidents and encounters with rare obstacles,
are too infrequent or hazardous to capture through traditional data collection methods.
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Typically, training on such cases would involve generating synthetic data using a mix of hu-
man creativity and procedural generation within a game engine. Yet, this method requires
extensive human effort and often fails to represent the diversity of the real world accurately.
To address this, we develop a neural renderer capable of transforming real-world driving
logs into sensor-realistic, interactive 3D environments. This allows us to significantly ex-
pand the coverage of our dataset, by generating a suite of rare and diverse scenarios from a
single boring driving log — in a safe and scalable way.

By integrating these strategies — gathering high-quality datasets, maximizing the value of
human supervision, leveraging self-supervised learning (potentially with language models),
and employing neural simulation to enrich our data with rare scenarios — we can signific-
antly enhance autonomous vehicle development efficiency. This holistic approach reduces
dependence on manual annotation while broadening training data scope and depth, en-
abling systems that can better navigate real-world driving complexities.

A crucial question remains: how can we verify the safety of the models we develop? In
response, we have introduced NeuroNCAP, a closed-loop simulator that employs our neural
renderer to transform ordinary driving scenes into potential near-crash scenarios. This tool
allows for rigorous stress testing of autonomous systems, uncovering potential safety issues
that conventional testing might miss, and allowing developers to assess and refine system
safety before public road deployment.

While many open questions and challenges remain in autonomous vehicle technology, the
bitter lesson suggests that success ultimately depends on scaling. By painting a broad picture
of the necessary pieces and proposing novel solutions to the most critical bottlenecks, we
hope to move one step closer to realizing the dream of fully autonomous vehicles safely
navigating every street in every country.
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Chapter 1

Introduction

The development of autonomous driving systems stands as one of the most complex and
impactful challenges in the fields of artificial intelligence and robotics, requiring solutions
to problems in perception, decision-making, and control in dynamic, real-world environ-
ments. These systems heavily rely on machine learning techniques, particularly supervised
learning, to navigate the intricate and dynamic environments encountered on roads. How-
ever, the traditional supervised learning paradigm faces two significant bottlenecks: the
requirement for vast quantities of human-annotated data (the supervision bottleneck) [1]
and the need for diverse, high-quality data representing a wide range of driving scenarios
(the data bottleneck). This thesis explores both established and emerging approaches to
these fundamental bottlenecks, while providing several key contributions that advance the
state of the art in scalable autonomous driving development.

One avenue that has been explored in recent research is to increase the efhiciency of human
supervision by selectively applying it where it provides most value. The autonomous driv-
ing community has made significant progress in this direction through active learning and
automatic annotation techniques [2, 3]. Active learning methods identify the most inform-
ative or uncertain samples for human annotation, ensuring that manual labeling efforts are
focused on the most challenging examples. Complementing this, automatic annotation
techniques, often powered by large offline models, can process vast amounts of data to
generate initial labels [4, s].

This combination of targeted human supervision and large-scale automatic labeling creates
a powerful synergy. Human annotators provide high-quality labels for critical or ambigu-
ous cases, while automatic systems handle the bulk of more straightforward annotations.
The resulting dataset strikes a balance between the precision of human expertise and the
scale of machine-generated labels. Moreover, these techniques can be integrated into an
iterative process, where the model’s performance continuously improves as it learns from



both human-verified and automatically generated labels, ultimately accelerating the devel-
opment of robust autonomous driving systems.

Another approach to increase efliciency focuses on extracting more value from each annota-
tion through novel training methodologies. We contribute to this direction through the
development of a method that repurposes 2D annotations to train neural networks about
world dynamics (Paper 1). This approach leverages pre-existing annotations to extract ad-
ditional value from data that has already been labeled, demonstrating how the field can
progress without always requiring fresh annotation efforts. By finding new ways to util-
ize existing annotations, this method effectively multiplies the impact of human labeling
effort, complementing the advances in active learning and automatic annotation.

While these approaches optimize the use of human annotations, the field has increasingly
sought methods that can learn from raw data without any human supervision at all. Self-
supervised learning has emerged as a promising direction for addressing the annotation
bottleneck [6—9]. This approach extracts knowledge directly from raw data without human
input, enabling the development of foundation models, i.e. large generalist models that can
be fine-tuned for specific tasks with minimal labeled data. A particularly powerful form of
self-supervision has emerged through the joint learning of vision and language from web-
scale image-text pairs [10], leading to models with rich understanding of both modalities.
This approach represents an intriguing middle ground, moving away from rigid predefined
categories toward more flexible and expressive descriptions while still maintaining a form
of human guidance and interpretability through natural language supervision.

Building on these advances, we introduce LidarCLIP (Paper 11), which adapts the CLIP
(Contrastive Language-Image Pre-training) [10] model to work with lidar data. LidarCLIP
learns to associate point cloud data with natural language descriptions, enabling zero-shot
transfer to various 3D understanding tasks. By combining language supervision with rich
sensor data, LidarCLIP demonstrates the potential of creating powerful foundation models
for autonomous driving, enhancing capabilities in scene understanding, anomaly detection,
and human-Al interaction.

These complementary approaches to the supervision bottleneck — optimizing human an-
notation through active learning and automatic labeling, extracting additional value from
existing annotations, and developing self-supervised learning methods — each contribute
to reducing the dependency on extensive manual labeling. Together, they suggest a path
toward more scalable development of autonomous driving systems. However, despite these
techniques — or rather because of them — we encounter a more fundamental bottleneck: the
scarcity of available high-quality autonomous driving data.

To address this challenge, we introduce a novel dataset (Paper 111) that complements existing
autonomous driving datasets with a focus on data diversity. Collected across multiple years
and spanning all of Europe, our dataset captures a wide range of driving scenarios under



diverse environmental conditions, seasons, and cultural contexts. This comprehensive ap-
proach significantly enhances the robustness and generalization capabilities of autonomous
driving models, providing crucial benefits for real-world applications.

As data collection for autonomous driving expands, it also encounters inherent limitations.
Critical scenarios in real-world driving are often too rare to gather at a meaningful scale, and
achieving broader operational design domains requires an ever-increasing amount of data to
cover increasingly rare edge cases. Traditional approaches to address these challenges rely on
synthetic data generation through game engines and computer graphics-based simulators,
with modular systems typically undergoing closed-loop testing in simplified object-level
environments. However, modern end-to-end driving models require realistic sensor sim-
ulation for effective evaluation, making traditional approaches costly and time-consuming
due to their reliance on substantial input from artists and designers.

Recent advancements in neural rendering offer a compelling alternative: learning a sim-
ulator directly from data using differentiable rendering techniques [11]. Building upon
these advancements, we introduce NeuRAD (Paper 1v) — a neural simulator that demon-
strates state-of-the-art performance in both camera and lidar reconstruction across major
autonomous driving datasets. This data-driven approach enables more efficient and scalable
generation of realistic synthetic data, addressing the limitations of traditional simulation
methods.

The final frontier we tackle is the generation of data that cannot be safely or practically
collected by humans at scale. This includes rare scenarios, unexpected behaviours, and
near-crash situations that are too dangerous to recreate in the real world. To address this
critical gap, we introduce NeuroNCAP (Paper v), a closed-loop safety-testing evaluation
framework that transforms ordinary driving scenes into near-crash scenarios using neural
rendering techniques. By subjecting state-of-the-art end-to-end driving models [12, 13] to
these challenging conditions, we uncover alarming safety concerns that underscore the crit-
ical importance of robust evaluation methods in autonomous driving development. This
approach not only pushes the boundaries of synthetic data generation but also provides in-
valuable insights into the real-world performance and safety of autonomous driving systems
in extreme situations.

In conclusion, this thesis presents my perspective on how the autonomous driving field can
address its fundamental scaling challenges through multiple complementary strategies. For
the supervision bottleneck, approaches range from optimizing human annotation through
active learning to eliminating the need for supervision entirely through self-supervised
learning. The data bottleneck is addressed through both the collection of diverse real-world
data and the generation of synthetic data, particularly for rare and safety-critical scenarios.
Together with this broad picture, our specific contributions help make autonomous driving
development more scalable and robust.






Chapter 2

Research Questions

As the field of autonomous driving progresses toward vehicles capable of operating without
human intervention in any condition, it faces critical scaling challenges that threaten to
bottleneck development. The core assumption underlying this thesis is that to achieve the
required robustness and reliability, we must dramatically scale up the training and testing
of autonomous systems.

This scaling challenge can be decomposed into several dimensions: computational re-
sources, algorithms, raw data, and supervision'. Computational scaling, though critical, is
primarily driven by hardware advances and industry investment. Similarly, algorithmic im-
provements such as advanced network architectures or alternatives to gradient-based learn-
ing remain tantalizing due to their unknown potential. However, empirical studies across
various domains consistently demonstrate that current approaches can achieve remarkable
performance when scaled far enough [1, 14].

Given this, we focus our efforts on the data and supervision bottlenecks, which present both
unique challenges and the most promising path towards advancing autonomous driving
capabilities. We structure our investigation around two main research questions, one for
each bottleneck:

RQu: What strategies can be employed to overcome the supervision bottleneck in autonomous
driving development?

The supervision bottleneck stems from the extensive human annotation required by tra-
ditional supervised learning approaches. Modern perception systems require millions of

"While data could be considered to encompass both raw data and its annotations, we deliberately separate
these dimensions as they present distinct scaling challenges with different solution spaces.



precisely labeled objects across diverse scenarios, with each object potentially requiring mul-
tiple annotations (e.g., 2D bounding boxes, 3D boxes, instance segmentation). As dataset
sizes grow exponentially to handle more complex scenarios, the cost and time requirements
for manual labeling become prohibitive. This challenge demands both immediate solutions
to maximize the value of existing supervision and approaches to reduce our dependence on
human annotations entirely.

The autonomous driving industry invests substantial resources in creating high-quality hu-
man annotations, ranging from basic bounding boxes to complex semantic segmentation
masks. While these annotations are primarily used for their immediate purpose of training
specific perception models, they contain valuable implicit information about scene dy-
namics, object relationships, and real-world physics that could be leveraged for additional
learning objectives. This untapped potential leads to our first subquestion:

RQua: How can we extract more value from existing human annotations, beyond their directly
intended use? (Paper 1)

However, maximizing the value of existing annotations alone cannot solve the scaling chal-
lenge. A more sustainable approach requires reducing our dependence on explicit human
supervision entirely. Pure self-supervised learning techniques have shown remarkable suc-
cess in learning representations from raw data, but they often lack semantic grounding and
interpretability - crucial requirements for safety-critical systems. Vision-language models
offer a promising direction by providing both semantic understanding through natural lan-
guage associations and human interpretability without requiring explicit labels [10]. How-
ever, autonomous driving presents unique challenges for such approaches due to the lack
of freely available text pairs, unlike general text-image datasets which can be scraped from
the internet. While general image understanding transfers somewhat well to autonomous
driving, this problem is particularly pronounced for non-image sensors like lidar. This leads
us to ask:

RQ1b: How can we achieve semantic understanding of multi-modal autonomous driving data
without explicit human supervision? (Paper 11)

Having addressed the supervision challenges, we turn our attention to the other bottleneck:

RQ2: What strategies can be employed to overcome the data bottleneck in autonomous driving
development?

The data bottleneck centers on the essential challenge of collecting sufficiently diverse and
comprehensive real-world driving data. Achieving robust performance requires exposure to



varied weather conditions, cultural contexts, driving styles, and infrastructure variations - a
breadth of experience difficult to obtain through limited fleet operations. Moreover, safety-
critical scenarios present a particular challenge, being either too dangerous to deliberately
encounter or too rare to collect at meaningful scale through normal driving - a limitation
that affects both training and systematic safety validation.

While simulation offers a potential solution to these challenges, conventional approaches
either lack the necessary fidelity for interfacing with modern perception systems, suffer
from a lack of diversity, or require too much human artistry to be scalable. To address these
challenges systematically, we explore two complementary research directions.

The fundamental challenge in autonomous driving data collection lies in its inherent long-
tail nature: while standard driving scenarios can be collected at scale, many critical situ-
ations occur extremely rarely in practice. This creates a crucial gap between the data needed
for robust deployment and what can be feasibly collected through conventional means. This
leads us to ask:

RQ2a: How can we ensure comprehensive data coverage of real-world driving scenarios?
(Papers 111, 1v)

The complexity of modern autonomous driving systems, with their deep neural networks
and intricate software stacks, suggests the need for joint evaluation of the full system — from
raw sensor inputs to final control outputs. Even in traditional modular architectures, sim-
ulating realistic error modes in perception components remains challenging, and conven-
tional sensor simulation approaches struggle to generate the photorealistic data needed by
modern perception systems at scale. The increasing adoption of end-to-end driving models
further complicates this as there are no explicit interfaces between perception and planning
for simulation injection. Real-world validation approaches like test track evaluation offer
controlled conditions but limited scale, while public road testing cannot safely explore im-
portant edge cases. This fundamental tension between comprehensive safety validation and
real-world feasibility leads us to ask:

RQzb: How can we effectively verify the safety of the full AD system, from pixel to rorque?
(Paperv)

Together, these research questions address two critical bottlenecks in scaling autonomous
driving development: the need for scalable supervision strategies and comprehensive, di-
verse, and even interactive datasets for training and validation. By addressing these chal-
lenges through novel approaches and techniques, this thesis aims to advance the robustness
and reliability of autonomous systems, paving the way for safe and effective deployment.






Chapter 3

The Supervision Bottleneck

The performance of deep learning systems is fundamentally constrained by what we can
teach them. Traditionally this teaching has come through supervised learning from human-
annotated data. As established in our research questions, this creates a critical supervision
bottleneck that limits the scalability of autonomous driving development.

This chapter explores these challenges and their potential solutions through increasingly
scalable approaches: from methods that make human annotation more efficient through
active learning and automatic annotation, to techniques that extract additional value from
existing labels, and finally to approaches that reduce or eliminate the need for explicit hu-
man supervision entirely.

Our work addresses two key research questions in this progression: how to maximize value
from existing annotations (RQ1a), which we tackle through a novel method for extracting
additional training signals from standard 2D annotations through future prediction (Paper
I), and how to move beyond explicit supervision while maintaining interpretable 3D un-
derstanding (RQ1b), which we address through LidarCLIP (Paper II), demonstrating how
language supervision can provide semantic understanding in lidar point clouds without
explicit labels or even text pairs.

Throughout this chapter, we will examine how these various approaches complement each
other and how they contribute to the broader goal of developing scalable autonomous
driving systems.



3.1 Learning from Human Supervision

To understand the challenges of human supervision in autonomous driving, let’s begin with
the basic principles of supervised learning before examining how these principles scale in
complexity for real-world applications. Consider the classical supervised learning setup: we
have adataset D = {(x1, 1), (x2,%2), ..., (xn, yn) }, where each x; represents an input (such
as an image) and y; its corresponding human-assigned label. Our goal is to train a neural
network f{x; ) with parameters 6 that can accurately map inputs to their corresponding

labels.

The training process follows three basic steps:

* Forward pass: For each input x;, compute the network’s prediction
i = fxi;0). G.1)

* Loss calculation: Compare the prediction to the true label using a task-appropriate
loss function (/)

N
1
E(Q) = N E /(}/,‘,j/l'). (3.2)
i=1

* Backwards pass: Perform back-propagation to calculate the gradient of the loss for
each parameter 6; using the chain rule and adjust the network parameters using gradi-
ent descent:

0 0 —nVoLl(0). (3)

This process, while conceptually straightforward for simple tasks like image classification,
becomes increasingly complex when applied to autonomous driving. Let us examine how
this complexity manifests through a progression of increasingly sophisticated perception
tasks:

2D Object Detection: More complex image-space tasks, such as 2D object detection, add
an additional layer of complexity. Now the network must make multiple predictions per
image, and not only classify objects but also locate them in the image. The input x; could
still be an image, but the label y; now includes both class information and bounding box
coordinates (x, y, w, /) for a variable number of objects. The loss function becomes multi-
objective

‘C(e) = )‘clsﬁcls + )‘loc‘clou (34)

where s and Ajo. balance classification and localization objectives.
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3D Perception: Moving to 3D perception, the complexity increases dramatically. Labels
now specify full 3D bounding boxes with position (X, Y, Z), dimensions (Z, W, H), and
either ground-aligned yaw(6) or full orientation (¢, 0, 1). The input space also expands to
include multiple sensor modalities (camera, lidar, radar), each requiring careful calibration
and synchronization, and some projection is often needed to map the input space to the
output space (e.g. image plane to 3D). The loss function grows accordingly:

L(Q) = )‘clsﬁcls + )‘loc[’loc + )‘dim'cdim + )\rot*crov (35)

4D Scene Understanding: Beyond frame-level perception, capturing the temporal con-
sistency of object identities, motion trajectories, and behavioral patterns across sequences
becomes essential. This temporal aspect is intrinsically linked with spatial and semantic
understanding - annotators must label not only the evolution of object states but also their
interactions. For instance, annotating a lane change maneuver requires tracking vehicle
position and orientation over time while simultaneously encoding the relationship to sur-
rounding traffic participants and road infrastructure. Such holistic 4D scene understanding
exponentially increases the annotation complexity, as each additional temporal frame mul-
tiplies the number of spatial and semantic relationships that must be consistently labeled.

This progression illustrates how the seemingly straightforward paradigm of supervised learn-
ing becomes increasingly challenging when applied to autonomous driving. Each step up
in complexity not only increases the dimensionality of the label space but also introduces
new sources of uncertainty and ambiguity that must be carefully handled in the annotation
process.

3.1.1 Real-world complexities

Beyond the inherent progression of complexity described above, the practical challenges of
annotation in autonomous driving create additional layers of difficulty. A single frame in a
complex and crowded urban scene can take an experienced annotator more than an hour to
fully annotate [15, 16], with each challenge compounding the others to create a formidable
annotation task.

Spatial and Temporal Complexity: The fundamental challenge lies in the high-dimensional
nature of autonomous driving data. Annotations must capture precise 3D positioning
(x, 7, z), orientation (yaw, pitch, roll), and temporal aspects such as motion states and tra-
jectory patterns. This dimensionality explosion is particularly challenging in dynamic en-
vironments, where annotators must maintain consistency while tracking multiple objects.
For example, annotating a busy intersection requires simultaneously tracking numerous
vehicles and pedestrians, each with their own trajectories and interactions.
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Sensor Interpretation and Fusion: Autonomous vehicles typically employ multiple sensor
modalities, each with its own characteristics and challenges. Lidar point clouds, while
providing precise depth information, are often sparse and require significant expertise to
interpret correctly. Camera data offers rich visual information but suffers from perspective
distortion and lighting variations. Radar data adds another layer of complexity with its
unique noise patterns and reflection characteristics. Annotators must cross-reference these
different modalities to ensure accurate and consistent labeling, significantly increasing the
cognitive load and time required for each annotation.

Occlusion and Uncertainty Handling: Real-world driving scenarios frequently involve par-
tial observations and occlusions. Objects may be hidden behind other vehicles, buildings,
or vegetation, requiring annotators to make informed estimates about their full extent and
shape. This introduces an element of uncertainty into the annotation process, as different
annotators might make different judgments about the same partially observed object. The
challenge becomes even more pronounced when dealing with temporal sequences, where
maintaining consistent object identities across frames with varying levels of occlusion (in-
cluding complete occlusion) requires careful attention and expertise.

Semantic Complexity: Beyond basic geometric properties, autonomous driving annota-
tions must capture rich semantic information. This includes fine-grained classifications
(distinguishing between various vehicle types or pedestrian poses), behavioral states (turn
signals, brake lights, pedestrian gestures), and interaction patterns between different road
users. The semantic complexity extends to scene-level understanding, requiring annotation
of road topology, traffic rules, and possibly even social behaviors. This multi-level semantic
annotation adds a significant cognitive load to the annotation process and requires annot-
ators with deep domain knowledge.

These real-world complexities interact with and amplify the challenges discussed earlier. For
instance, the need for temporal consistency in annotations affects not only the basic object
tracking but also the interpretation of semantic states and behaviors over time. Similarly,
sensor fusion challenges impact everything from basic object detection to complex scene
understanding.

Moreover, the relationship between annotation quantity and model performance is often
non-linear. Empirical studies have shown that order-of-magnitude increases in labeled data
are often necessary to achieve meaningful performance gains [1, 17]. This pattern has been
particularly well-documented in large language models, where exponential increases in both
compute and training data are required to achieve linear improvements in performance [14].
It’s reasonable to assume that autonomous driving faces similar or even steeper scaling chal-
lenges, especially when evaluating performance on rare edge cases that are critical for safety.
This non-linear scaling poses a significant challenge for autonomous driving development:
as we push for ever-higher levels of accuracy and reliability, the annotation requirements
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grow exponentially.

The quality-quantity trade-off is also an interesting aspect of the problem. As mentioned,
even experienced annotators, taking their time to make the best possible annotations, may
interpret ambiguous situations differently, leading to noise in the training data. Some-
times such noise is inherent to the problem (such as tracking a fully occluded object),
and sometimes due to subjective interpretations of annotations guidelines. The pool of
expert annotators is also limited, creating a bottleneck in the data preparation pipeline.
By relaxing the quality requirements, we could produce vastly larger datasets, but with a
significantly higher level of noise. Some works [18, 19] have shown that this could be a
worthwhile tradeoff. For the same amount of human effort (and thus time and money),
we can maximize value by annotating a mix of high-quantity low-quality and low-quantity
high-quality data. However, more studies are needed on how this approach scales to very
large-scale datasets where model capacity starts to become a limiting factor. There is a risk
that this low-quality data could eventually serve as a lower bound on model performance,
meaning that the effort spent on low-quality data only gave short-term benefits and in the
long term it was completely wasted.

This fundamental tension - between the need for extremely precise and detailed annotations
for training robust autonomous systems and the practical limitations of human annotation
capabilities - lies at the heart of the supervision bottleneck. In the following sections, we will
explore various strategies to address this challenge, from maximizing the value of existing
labels to reducing the reliance on extensive human annotation entirely.

3.2 Efficient Human Supervision

Given the challenges outlined in the previous sections, increasing human efficiency be-
comes critical for scalability in autonomous driving development. Significant advances
have been made in maximizing the impact of human effort through intelligent tooling
and semi-automated approaches. These range from active learning strategies that prioritize
the most informative samples for human review, to fully automatic pipelines that require
human verification only in rare cases. This section examines these approaches in detail. Ad-
ditionally, we introduce our approach to Research Question 1 (RQra), which complements
these methods by maximizing the value extracted from existing annotations.

3.2.1  Offline Auto-Labeling

One key advantage in autonomous driving development is the ability to perform offline
processing. Unlike real-time inference, where computational resources and latency require-
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ments impose strict constraints, offline processing allows us to leverage powerful tools and
techniques to improve annotation quality and consistency. This enables the use of com-
putationally expensive models, such as large-scale transformers [20], alternative task for-
mulations, such as end-to-end detectors [21], and even large language models with vision
capabilities, like GPT-4 [22]. Besides just being bigger (more parameters), these models
may use higher quality inputs (e.g., smaller voxel sizes, full resolution images), have longer
temporal context (e.g., processing 3s sequences instead of 2-3 frames), use test-time aug-
mentation [23], chain-of-thought reasoning [24], or employ other computationally intens-
ive techniques that would be prohibitive in real-time settings.

Another powerful way to make use of “unlimited” compute is to employ ensembles, com-
bining predictions from multiple diverse models to achieve more robust and accurate an-
notations [25]. The benefits are twofold: improved accuracy through consensus, and re-
liable uncertainty estimates. These uncertainty estimates can be used to weigh training
samples based on annotation confidence and to efficiently route challenging cases to hu-
man annotators for verification and refinement.

Perhaps the most powerful aspect of offline processing is the ability to utilize temporal
context, including future information. This "benefit of hindsight” enables sophisticated
annotation strategies that would be impossible in real-time settings. For instance, we can
use an object’s future positions to refine its past locations, reducing jitter and improving
consistency. Future frames can reveal objects that were previously occluded, allowing for
retroactive annotation of their presence. For example, a pedestrian temporarily hidden
behind a parked vehicle can be tracked consistently through the occlusion by using their
visible positions before and after. We can also leverage moments of closest approach - when
objects are most clearly visible - to improve annotations in frames where these objects were
distant or partially visible. This temporal context is particularly valuable for understanding
agent intentions and behaviors, as the full trajectory of an interaction becomes available for
analysis.

Several works have studied how to build auto-annotation pipelines for 3D object detection
in autonomous driving [4, 5]. These approaches typically start off by generating frame-by-
frame detections using an ensemble of the best available 3D object detectors. An object-level
tracking algorithm [26] is then used to associate detections across frames. Finally, a learned
refinement model takes the associated detections, including their sensor measurements (e.g.
all lidar points that fall within the bounding box), and refines the annotations to produce a
final set of bounding boxes over time. Similar approaches can be used for other tasks, with
a prominent special case of offline mapping, which has been a huge research topic [27-29]
both due to the importance of the task and the possibility of making strong assumption
about the (mostly) static nature of such maps.

These offline advantages, when properly leveraged, can significantly reduce the burden on
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human annotators and potentially improve annotation quality. However, these systems
are not without failure modes, which often arise in the most complex or ambiguous cases.
In such instances, human expertise remains essential, not only to resolve these challenges
effectively but also to provide critical feedback that improves the system over time. The
key to building an efficient and scalable auto-annotation pipeline lies in minimizing fail-
ure modes through robust design, quickly identifying those that occur, and enabling their
resolution with minimal human effort.

3.2.2  Superior Sensors

Another strategy for efficient supervision involves leveraging high-quality, often expensive
sensors during the data collection and annotation phase. This approach recognizes that
while deployment vehicles must optimize for cost and practicality, development fleets can
utilize more sophisticated sensor configurations to generate high-quality training data.

For instance, high-resolution lidar sensors that generate dense point clouds can provide de-
tailed geometric information that makes object boundaries and classifications more appar-
ent. Multi-camera setups with overlapping fields of view can help resolve ambiguities and
occlusions through multi-view geometry. High-dynamic-range cameras can capture clear
images in challenging lighting conditions, while precision GPS/IMU systems can provide
accurate ground truth for motion and localization tasks.

This superior sensor data serves multiple purposes. First, it simplifies the annotation process
by providing clearer, more detailed information to annotators. Second, it can serve as
ground truth for training models to perform well with more cost-effective sensors - a form
of teacher-student learning where models learn to replicate the performance of superior
sensors using more practical hardware configurations. Third, the high-quality data can
be used to validate and refine annotations generated by other means, such as automated
labeling systems.

A very concrete example of this in autonomous driving is the use of lidar 3D object de-
tectors as teachers for camera-only 3D object detectors [30—32]. This asymmetric setting is
particularly powerful, as the lidar provides direct measurements of 3D geometry, while the
camera-only detector must infer this information from 2D images, thus leading to mean-
ingful learning even under noisy and partial labels from the teacher. Furthermore, the lidar
may be too expensive for deployment on customer vehicles, but still feasible to deploy on
data collection vehicles.
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3.2.3 Using the Human Where It Counts

As discussed in the previous section, automated annotation systems can provide initial labels
for large datasets while identifying uncertain cases that require human verification. This
uncertainty-based routing of human attention naturally connects to the broader field of
active learning, which studies how to select the most informative samples for annotation to
maximize model performance [33]. In autonomous driving, this selection process operates
at multiple scales: choosing which driving sequences to annotate, which frames within
those sequences, and even which parts of individual frames require human attention [34].

At the dataset level, selection strategies typically consider multiple factors. Uncertainty-
based sampling identifies scenes where the model’s predictions have low confidence [35],
indicating potential edge cases or difficult scenarios that require human expertise. This un-
certainty can be effectively estimated using model ensembles, as discussed earlier, providing
a natural bridge between automated and human-in-the-loop annotation processes. Di-
versity sampling ensures broad coverage across different environmental conditions, object
types, and interaction patterns. Expected model change estimation [36] identifies samples
likely to cause the largest updates to the model’s parameters, maximizing the learning im-
pact of each annotation.

Within individual samples (images or point clouds), interactive annotation techniques [2]
can further optimize human effort. For instance, in 3D scene labeling, a model might auto-
matically segment most of the scene but request human verification for ambiguous regions
or object boundaries. These approaches often combine automatic proposals with efhcient
user interfaces that allow rapid verification and refinement [37], effectively leveraging hu-
man expertise while minimizing tedious manual work.

While these approaches significantly improve the efficiency of human annotation, they still,
by definition, rely on a human in the loop, which will always be somewhat of a bottleneck.
Furthermore, even with the approaches described here, it’s not easy to accurately allocate
the human effort to the most valuable samples. Sure, we can annotate the most difficult,
or most uncertain cases, but it’s not clear whether those are the most valuable samples for
the ultimate task of safe driving.

3.2.4 Making the Most of Your Labels (Paper 1)

Given the significant investment required for human annotation in autonomous driving,
maximizing the utility of each label becomes crucial. A vast body of research focuses on
improving model performance through better architectures, loss functions, and data aug-
mentation strategies. While these advances are important, they primarily optimize how we
use annotations in their intended way - as direct supervision signals for specific tasks. Less
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attention has been paid to extracting additional value from existing annotations in novel
ways.

One established approach is multi-task learning, where a single model is trained on multiple
related tasks using shared representations[38]. However, the effectiveness of this approach
is highly situational and depends on finding naturally complementary objectives with well-
balanced loss functions [39, 40]. Instead, we propose an orthogonal approach: training
networks to predict human annotations in future frames using only unlabeled past data.

This approach is conceptually similar to how language models learn by predicting the next
word in a sentence. Just as predicting the next word requires understanding grammar,
context, and semantic relationships, predicting future annotations requires understanding
scene dynamics, object relationships, and physical constraints. Importantly, predicting
future annotations offers a more stable learning objective than directly predicting future
sensor data (such as raw images or point clouds). While future sensor data is extremely
high-dimensional and has high inherent uncertainty, future annotations capture the es-
sential semantic and geometric information we care about while abstracting away these
irrelevant variations.

Our work on "future object detection” (Paper I) demonstrates the power of this approach.
Using standard 2D bounding box annotations, we train a network to predict future bound-
ing boxes from a short sequence of past frames. Despite the apparent simplicity of this task
- predicting 2D boxes from 2D data - the network develops sophisticated capabilities:

* The model learns an implicit understanding of 3D scene geometry and object mo-
tion, despite being trained only on 2D annotations.

* In uncertain situations, the network learns to predict multiple possible future tra-
jectories, effectively reasoning about the inherent uncertainty in dynamic scenes.

* Most surprisingly, the model exhibits emergent tracking capabilities, learning to
associate objects across frames without explicit tracking supervision, as shown in

fig. 3.1.

This work exemplifies how seemingly simple prediction tasks can guide models to learn
rich, generalizable representations of the world. By requiring the network to reason about
future states, it develops an understanding of scene dynamics, physical constraints, and
object interactions. The emergence of tracking capabilities is particularly noteworthy - it
suggests that temporal prediction tasks can naturally lead to the development of funda-
mental perception capabilities, without explicit supervision.

The success of this approach suggests a promising direction for maximizing the value of
human annotations through prediction-based pre-training. Rather than just using an-
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(a) input w/ attention (b) input w/ attention (c) future w/ predicted box

Figure 3.1: Emergent tracking capabilities visualized through attention maps, showing how the model learns to as-
sociate objects across frames without explicit tracking supervision. lllustration from Paper 1.

notations as direct supervision signals, we can use them as targets for prediction tasks that
encourage a deeper understanding of scene dynamics and temporal relationships. While
our work demonstrates the potential of this approach, several important questions remain
for future research. We focused primarily on qualitative analysis of emergent capabilities,
leaving systematic evaluation on downstream tasks for future work. Additionally, direct
comparison with sensor prediction approaches, which have shown recent progress despite
their inherent challenges [41], would be valuable to explore. Future work should also in-
vestigate how this approach scales with larger datasets and more complex annotation types.
Nevertheless, our results point toward more efficient ways of incorporating human super-
vision into autonomous driving systems, potentially offering a complementary approach
to existing self-supervised techniques.

3.3 Learning Without Labels

While the strategies discussed in the previous section can significantly improve the efficiency
of human supervision, they still fundamentally rely on explicit labeling. However, the
persistent challenge of the annotation bottleneck in autonomous driving has motivated
researchers to explore more radical approaches that can learn directly from raw sensor data
with minimal or no human supervision [6, 7, 9, 10, 42]. These approaches not only offer
the potential to dramatically reduce annotation costs but also to leverage the vast amounts
of unlabeled data collected during vehicle operations.

In this section, we explore three key paradigms for learning without explicit labels: self-
supervised learning, which creates supervision signals from the data itself; weak supervision,
which leverages readily available but noisy sources of information; and language supervi-
sion, which uses natural language as a flexible form of supervision. Each approach offers
unique advantages and faces distinct challenges in the context of autonomous driving.
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3.3.1  Self-Supervised Learning

Self-supervised learning has emerged as a powerful paradigm for learning rich representa-
tions from unlabeled data, making it particularly relevant for autonomous driving where
vast amounts of raw sensor data are collected during vehicle operations. The core idea is
to create pretext tasks that the model can learn from without requiring explicit human
annotations, often by exploiting the natural structure and relationships within the data it-
self. These pretext tasks are carefully designed to encourage the model to learn meaningful
features that can transfer to downstream tasks of interest.

General Approaches in Computer Vision: Recent years have seen remarkable progress
in self-supervised visual representation learning, with several key approaches demonstrat-
ing how carefully designed learning objectives can lead to powerful visual representations.
Contrastive learning methods like SimCLR [6] learn by maximizing cosine similarity (sim)
between differently augmented views of the same (z;, 2;), while minimizing similarity to all
other images (z;):

exp(sim(z;, zj) /)

Ei = — log
/ S e exp(sim(zi, 22) /7)

(3.6)

The intuition behind this approach is powerful yet simple: features that remain consistent
across different views of the same image (e.g., different crops, color changes, or rotations)
are likely to capture meaningful semantic information. The temperature parameter 7 is
essentially a hyperparameter that controls how the model treats difficult negative examples,
helping it learn fine-grained distinctions between similar but different objects.

DINO (Dlstillation with NO Labels) [7] uses a similar pretext task of matching features
across different views of the same image, but takes a different approach. Instead of us-
ing negative examples, a teacher-student architecture is used, where the teacher f; provides
stable learning targets for the student f;, and the loss is essentially cross-entropy, with cen-

tering (C) for the teacher:

Pi(x) = softmax(fi(x)/7,)) (37)
Pi(x) = softmax((fi(x) — C)/7:)) (3.8)
£DINO = H(Pt(x), P;(x/)) = —Pt(x) log P;(x/) (3.9)

The key insight of DINO, and similar methods [42], is that by using a momentum-updated
teacher network (essentially an ensemble of past student networks), the model can learn
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Figure 3.2: Overview of how self-supervised methods can be used in practice. The self-supervised pre-training (top)
is exemplified using the Masked AutoEncoder [8] due to its simplicity. The input is split into patches and
tokenized, and most of these tokens are dropped. The encoder (what we want to use later) extracts
meaningful features from the remaining patches, and a decoder attempts to reconstruct the whole im-
age. During task-specific fine-tuning (bottom) the original decoder is discarded and replaced with a more
suitable task-decoder. For 2D object detection (bottom left) this might be a DETR decoder [21], but the pre-
trained image encoder can also be part of more complex AD-specific architectures (bottom right) which
transform image features into a bird’s eye view (BEV) for more accurate 3D processing [43].

consistent and meaningful representations without negative examples and without col-
lapsing to trivial solutions. This approach has proven particularly effective at learning rep-
resentations that capture object-centric features and semantic relationships.

MAE (Masked AutoEncoder) [8] demonstrates that even simpler reconstruction objectives
can be highly effective when combined with appropriate augmentations and architectural
choices, see fig. 3.2. By masking a large portion of the input (typically 75%) and recon-
structing it (using simple mean squared error), MAE forces the model to develop a deep
understanding of image structure and content. The high masking ratio is crucial - it pre-
vents the model from taking shortcuts and forces it to learn semantic and structural patterns
rather than low-level pixel relationships.

Building upon these foundational approaches, DINOv2 [9] has recently emerged as a
powerful synthesis of various self-supervised techniques. By combining distillation, teacher-
student, image level objectives (like DINO), patch level objectives (like MAE), many other
carefully tuned design choices, and training on a very large curated dataset!, DINOv2

"The authors show that DINOvz2 outperfoms prior self-supervised methods when trained on public data as
well, but the magic sauce contained in the scale and curation of the private training set is not be understimated.
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achieves state-of-the-art performance across a wide spectrum of vision tasks. Its success
demonstrates how the complementary strengths of different self-supervised approaches can
be unified into a single framework, producing rich visual representations that rival or even
exceed those learned through traditional supervised training.

The remarkable performance of these methods, particularly DINOvz, suggests exciting pos-
sibilities for autonomous driving. While most self-supervised approaches have focused on
2D image understanding (besides language of course), their principles could be extended to
3D perception. Just as these methods learn powerful visual features from 2D image struc-
ture and relationships, similar approaches could potentially learn rich 3D representations
from lidar point clouds and multi-view videos. Alternatively, there are promising methods
that learn to lift the knowledge of pre-trained 2D models into the 3D domain [44].

Tailored Approaches for Autonomous Driving: The autonomous driving domain offers
unique opportunities for self-supervised learning by leveraging the rich geometric and tem-
poral structure inherent in driving data. For instance, Monodepth2 [45] demonstrates how
geometric consistency between multiple views can enable depth estimation without depth

labels:

L= ﬁp/ﬂoto + ALgnoorh (3.10)

This approach exploits the fundamental relationship between camera motion and scene
structure, effectively using the camera’s movement as a form of supervision. Given a se-
quence of images /;, the photometric loss £, measures how well the predicted depth can
explain adjacent frames through reprojection:

Lopory =  min 1, 1, .
phot el Py, Iy —s) (3.11)

where 7;_,, is frame ¢ warped to frame # using the predicted depth (4;) and known camera
motion, and p combines SSIM and Lt distance. The minimum over adjacent frames helps
handle occlusions. The smoothness loss L, encourages locally smooth depth predic-
tions while allowing discontinuities at image edges:

Loy = |0udi|e™ 10 118, | 7191 (3.12)

The intuition is powerful: if we correctly predict the depth of a scene, we should be able
to use that depth to explain how the scene appears from slightly different viewpoints. The
photometric loss captures this by essentially asking ”if I move the camera slightly, does
my depth prediction explain what I see?”, while the smoothness loss incorporates the prior
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knowledge that depth typically varies smoothly except at object boundaries (where the
pixels typically also change rapidly, causing a large 0./, term).

Recent works Agro ez al. [13] and Khurana ez al. [46] extend these geometric principles to
learning a more complete 4D scene understanding. They show how self-supervised optim-
ization of continuous occupancy fields can capture rich spatio-temporal scene represent-
ations without explicit supervision. Both methods use future lidar point clouds to learn
a 4D occupancy field, with the key insight that directly predicting future point clouds is
suboptimal. Instead, they predict dense future occupancy and supervise it using the fu-
ture point cloud through differentiable rendering or clever sampling. At a high level this
follows a similar principle to our work in Paper 1, where we avoid predicting raw sensor
signals in favor of more structured representations (occupancy in their case, object boxes in
ours) that abstract away irrelevant variations in sensor space while preserving the essential
information that facilitates learning a robust world representation.

Beyond these AD-specific approaches, general self-supervised methods have also been suc-
cessfully adapted to the autonomous driving domain. For instance, the MAE approach
described earlier has been modified to handle lidar data by reconstructing masked voxel-
ized point clouds [47]. This adaptation exemplifies how advances in general self-supervised
learning can be effectively transferred to autonomous driving, providing powerful pre-
training objectives for 3D perception tasks.

The Role of Self-Supervised Learning: While self-supervised learning has shown remark-
able success in learning rich representations of the world, there’s an important distinction
between implicit and explicit semantics. Self-supervised models can learn deep semantic
understanding of scenes - recognizing objects, understanding spatial relationships, and cap-
turing temporal dynamics. However, this understanding remains implicit in the model’s
representations, not explicitly aligned with human-defined categories and concepts. For
instance, a model might learn to distinguish between different types of vehicles based on
their shape and motion patterns, but without supervised fine-tuning, it cannot explicitly
label them as "cars,” "trucks,” or "buses.”

This makes self-supervised learning an ideal pre-training strategy rather than a complete re-
placement for human supervision. Models initialized with self-supervised weights demon-
strate significantly improved performance, faster convergence, and better generalization
when fine-tuned on limited labeled datal[6, 8, 48]. The self-supervised pre-training provides
a strong foundation of implicit understanding, while the supervised fine-tuning aligns this
understanding with human-defined concepts, effectively addressing the annotation bottle-
neck by minimizing the required amount of human annotation.
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3.3.2 Weak Supervision

While self-supervised learning creates supervision signals from the data itself, weak su-
pervision leverages readily available but potentially noisy or imprecise sources of inform-
ation. In autonomous driving, the domain naturally provides several such supervision
sources. Driver interventions - moments when a human driver takes control from an
autonomous system - can serve as weak labels for potentially challenging or unsafe situ-
ations. Vehicle telemetry data, including brake pressure, steering angle, and acceleration
patterns, provides implicit supervision about appropriate driving behavior in different con-
texts. High-definition maps offer structured information about road layout and navigation
constraints, while established traffic rules encode basic behavioral expectations.

The power of weak supervision lies in its scalability and natural alignment with the task
at hand. Unlike human annotations, which require explicit effort to create, these signals
are automatically generated during normal vehicle operations. For instance, fleet vehicles
continuously generate telemetry data that captures how human drivers respond to various
traffic situations. This data, while noisy and not explicitly annotated, contains valuable
information about appropriate driving behavior.

Comments on End-to-End Driving: Perhaps the most ambitious application of weak su-
pervision in autonomous driving is the recent push toward end-to-end architectures that
learn to directly predict driving actions from sensor inputs. These approaches typically use
the vehicle’s future trajectory as a form of supervision, essentially learning to imitate human
driving behavior. By bypassing intermediate perception and prediction tasks, end-to-end
systems potentially offer a more direct path to autonomous driving while avoiding many
of the annotation challenges discussed earlier.

The appeal of end-to-end approaches is clear: they eliminate the need for expensive inter-
mediate annotations and potentially learn more optimal representations for the ultimate
task of driving. However, their success heavily depends on the quality and quantity of
available driving data. While basic driving behavior can be learned from demonstrations,
handling rare and safety-critical scenarios remains a significant challenge.

This suggests that while end-to-end architectures may indeed represent the future of autonom-
ous driving, their training likely needs to be supplemented with the various supervision
strategies discussed in this chapter. Self-supervised pretraining can help learn robust rep-
resentations from unlabeled data, explicit supervision can guide the learning of critical se-
mantic concepts, and various forms of weak supervision can provide additional learning
signals. The key challenge lies in effectively combining these different forms of supervision
to create systems that are both scalable and reliable.
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3.3.3 Language Supervision (Paper 11)

Language supervision has emerged as a powerful paradigm for learning visual representa-
tions, particularly following the success of CLIP (Contrastive Language-Image Pre-training)
[10].? These models learn by aligning visual and textual representations in a shared embed-
ding space, leveraging the natural correspondence between images and their descriptions.
The key insight is that language can serve as a flexible, scalable form of supervision that
captures rich semantic information without requiring explicit task-specific labels.

Vision-Language Models: CLIP demonstrates how contrastive learning between image
and text embeddings can create powerful visual representations. The objective is similar
to that of SimCLR (discussed earlier), but with two terms to handle the two modalities
symmetrically:

Lo = — log exp(sim(iz, 2;)/T) g exp(sim(i;, 2;)/T) (.13)

Z]. exp(sim(i;, £j) /T) Zj exp(sim(ij, ;) /T)’

where 7 and # are embeddings of an image and its corresponding text description, instead
of two augmentations of the same image. By training on hundreds of millions of image-
text pairs from the web, CLIP learns to align visual and linguistic concepts in a way that
generalizes remarkably well to new tasks and domains.

Adaptation to Autonomous Driving: In Paper 11, we present LidarCLIP, which extends
vision-language learning to 3D point cloud data. While autonomous driving lacks the vast
image-text datasets available for general computer vision, we show how to effectively trans-
fer knowledge from pretrained vision-language models to the lidar domain. This enables
zero-shot transfer of semantic understanding to 3D perception tasks, reducing the need for
explicit 3D annotations. See fig. 3.3 for an overview of our method.

The power of language supervision in autonomous driving extends beyond basic perception
tasks. Language provides a natural interface for specifying complex behavioral objectives,
describing unusual scenarios, and communicating safety constraints. For instance, a model
could learn to recognize "a pedestrian about to cross the street” or "a truck blocking multiple
lanes” from textual descriptions, without requiring explicit annotations of these scenarios.

The retrieval capabilities enabled by such language-vision models are particularly valuable
for autonomous driving development. In cloud-based development, these models enable
efficient mining of specific scenarios from vast amounts of unlabeled data, such as find-
ing instances of “vehicles merging in heavy rain” or ”pedestrians crossing between parked

2In most cases language supervision is simply a particular form of weak supervision, and some formulations
could maybe even be considered self-supervised, but it is noteworthy enough to merit a separate section.
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Figure 3.3: Schematic of LidarCLIP. We assume access to aligned texted an image encoders (CLIP), pre-trained on
massive online datasets. We then train a lidar encoder to match the embeddings of the frozen image
encoder on a large automotive dataset. By proxy this also aligns the lidar embeddings with the text em-
beddings, since all map into the same space. This enables a range of applications: primarily retrieval (top
right), but also the more exotic lidar-to-image generation, point cloud captioning, and zero-shot object
classification (bottom right). Illustration from Paper 1.

cars.” Even in deployed vehicles, this retrieval capability could help identify and log relev-
ant edge cases for further analysis. Beyond single-modality retrieval, our approach enables
cross-modal queries between images and point clouds, leveraging the shared embedding
space. This is particularly powerful when combining embeddings from multiple modalities
of the same scene, as each modality captures complementary aspects of the environment.
For instance, lidar provides precise geometric information while images capture rich visual
details, allowing for more nuanced and accurate retrieval queries.

As demonstrated in fig. 3.4, the multi-modal nature of our approach enables sophisticated
retrieval strategies that would be impossible with single-modality models. By directing
different aspects of a query to different modalities - for example, using image embeddings
to identify poor visibility conditions while using lidar embeddings to verify the presence
of specific objects - we can precisely identify challenging scenarios that combine multiple
factors.

Our approach to aligning lidar to a pre-existing text-image space has some issues however.
For one, the lidar embedding is trained to match an image embedding of the same scene,
which is not necessarily a reasonable objective since the sensors can pick up different as-
pects of the scene. For example, there is a big difference between a round prohibitory sign
and round mandatory sign, which will have a big effect on the image embedding but is
impossible to distinguish using lidar alone. Another issue is the global alignment of the a
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Figure 3.4: Example of multi-modal retrieval using LidarCLIP. In the typical case (left) we query both modalities with
the full query, but this fails as shown in the retrieved examples. However, by using different queries for
each modality (right), we can use image embeddings to find corrupted images, and lidar embeddings to
find nearby pedestrians, and when the retrieval scores are matched we can find extremely valuable edge-
cases as the one shown here. Illustration from Paper 1.

single embedding of the entire scene. This is understandable when aligning text and image,
since it is not clear which parts correspond to each other, but for image and lidar we have
accurate calibration and could potentially learn a local feature alignment instead, which is
interesting an interesting direction that has been explored in some subsequent works [49,

50].

3.4 Putting it All Together

The various approaches discussed in this chapter each address different aspects of the su-
pervision bottleneck, but their true potential emerges when combined into an integrated
pipeline. The recent success of the Segment Anything Model (SAM) [3] demonstrates how
such integration can create powerful, scalable systems through self-supervised pretraining,
targeted fine-tuning with high-quality annotations, iterative refinement through pseudo-
labeling, resulting in a system with strong zero-shot capabilities in novel scenarios.

Drawing from these insights, we can envision a comprehensive pipeline for autonomous
driving development, also visualized in fig. 3.5:
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Figure 3.5: A high-level visualization of how the different components discussed in this chapter come together. First,
powerful foundation model is pre-trained on all available data. Then a task-specific fine-tuning loop is
begun with recursive self-improvement. Finally, once satisfactory performance is achieved, the large task-
specific model is distilled into an efficient model that can be deployed to the target vehicle.

Foundation: The pipeline begins with training a large foundation model that combines
multiple complementary forms of scalable supervision discussed above. By integrating self-
supervised learning, weak supervision signals, and language supervision, we create a model
with a rich understanding of the driving domain across multiple dimensions. The resulting
foundation model develops strong temporal and geometric understanding of driving scenes
through self-supervision, grounds this understanding in human concepts through language
supervision, and learns practical driving behaviors through weak supervision signals. This
multi-faceted approach creates a robust foundation that captures both the physics and se-
mantics of autonomous driving.

Task Adaptation: The foundation model can then be adapted to specific autonomous driv-
ing tasks through various approaches. One path involves fine-tuning on carefully curated
human annotations, benefiting from superior sensors and offline processing capabilities.
Alternatively, the model could be trained end-to-end using trajectory data and behavioral
cloning, potentially supplemented with auxiliary tasks that leverage the pretrained repres-
entations. The choice depends on the specific requirements and constraints of the target
application.

Scaled Auto-Labeling: An ensemble of such adapted (or fine-tuned) models can be de-
ployed to generate high-quality annotations for a much larger dataset. Different models in
the ensemble might use different sensor combinations or training approaches, providing di-
verse perspectives on each scene. Areas where the ensemble disagrees highlight potentially
challenging cases that might benefit from human verification. This verification process,
guided by active learning principles, can be scaled up or down based on safety require-
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ments and resource constraints.

Iterative Refinement: The larger auto-labeled dataset can be used to train new adapted
models, creating a flywheel effect where each iteration improves both the quality of the
dataset and the models’ performance.

Knowledge Distillation: Finally, the knowledge from the adapted models is distilled into
a compact, eflicient model suitable for deployment in vehicles, preserving the rich under-
standing while meeting real-time computational constraints.

Importantly, this pipeline remains flexible - the role of human supervision can be adjusted
based on empirical performance and safety requirements, potentially decreasing over time
as the self-supervised and language-guided components become more sophisticated. Fur-
thermore, the task adaptation stage is highly flexible as well. We have primarily discussed
this in the context of traditional perception tasks and direct trajectory prediction. How-
ever, one of the tasks could just as well be a pure language commentary, explaining the
driving decisions, as has become popular recently [s1, 52].

In conclusion, we have outlined an approach for addressing the supervision bottleneck
in autonomous driving. While the individual components of this pipeline may appear
straightforward, their successful integration requires careful attention to implementation
details. In our field a well-executed simple approach often outperforms the more sophistic-
ated alternatives. By thoughtfully combining multiple supervision strategies and maintain-
ing flexibility in their relative roles, we can create scalable development pipelines that adapt
to advancing capabilities in self-supervised and language-guided learning. This approach
paves the way for more eflicient and robust autonomous driving systems, while remaining
open to evolving best practices in model development and validation.

28



Chapter 4

The Data Bottleneck

No matter how clever we are, at the end of the day the quality of our self-driving systems
will be bounded by the quality and quantity of the data that has been used for training and
evaluation. This has been demonstrated over and over in the field of deep learning — data
is king. From the initial breakthrough of deep networks for image classification, enabled
by ImageNet [23], to the recent advances in generative text systems such as GPT 4 [22],
access to large amounts of high-quality data has been the common denominator (given an
architecture and loss function that can scale enough to make use of that data).

The development of the family of LLama models is particularly noteworthy of study, as
the entire training pipeline is described in great detail in the white papers [53—55]. Partic-
ularly, one can note that the architecture and training objectives remain almost identical
between LLama 2 and Llama 3. Instead, the massive increase in capabilities is attributed
to longer training, and especially much higher quality and quantity of data, including a
healthy amount of synthetic data. This pattern — where data quality and quantity drive
progress more than architectural innovations — has profound implications for autonomous
driving development.

In this chapter, we examine how these principles apply to autonomous driving through
three complementary perspectives. First, we analyze what makes a great autonomous driv-
ing dataset and discuss our contribution in the form of the Zenseact Open Dataset (Paper
11). Next, we explore how neural rendering techniques can enable scalable generation
of synthetic data through learned reconstruction and modification of real scenarios, and
present our method that is tailored to handle the additional complexities of autonomous
driving scenarios (Paper 1v). Finally, we demonstrate how neural rendering can address the
challenge of safety validation by creating a closed-loop simulator with our neural renderer at
its core (Paper v). This enables reconfiguring ordinary driving logs into safety-critical scen-

29



arios that would typically require dedicated test tracks, allowing evaluation of autonomous
driving systems on challenging cases that cannot be safely tested in the real world.

Through these three perspectives, we address both the challenge of ensuring comprehensive
data coverage (RQ2a) and the need for effective safety validation of the full autonomous
driving system (RQ2b).

4.1 Real-World Data Collection

The development of robust autonomous driving (AD) systems requires vast amounts of
diverse, high-quality data that captures the full complexity of real-world driving. This data
must span different geographical locations, weather conditions, trafhc patterns, and cultural
contexts. Moreover, it must include both common scenarios that form the backbone of
everyday driving and rare events that are critical for safety validation. In this section, we
first examine the unique characteristics and challenges of AD data collection, particularly
the trade-offs between traditional data collection campaigns and fleet-based approaches.
We then analyze existing open datasets and introduce the Zenseact Open Dataset (Paper
111), which addresses critical gaps in geographical and environmental diversity.

4.1.1  Characteristics and Challenges of AD Data Collection

Autonomous driving datasets differ fundamentally from traditional computer vision data-
sets. While most computer vision tasks focus on a central object, AD scenes are complex
and multi-faceted, with multiple objects of interest coexisting at varying scales. Moreover,
while many driving scenarios may appear similar at first glance, tiny differences can be ex-
tremely important - a slight change in a pedestrian’s body language might indicate their
intent to cross the street, or a partially obscured road sign might contain crucial informa-
tion.

The multi-modal nature of AD data further sets them apart. They often incorporate mul-
tiple sensor types, including different cameras, lidars, radars, and other sensors (ultrasonics,
infrared cameras, event cameras, etc). This multi-sensor approach provides a richer repres-
entation of the environment but also introduces challenges in sensor fusion and synchron-
ization. Moreover, AD datasets typically include multiple annotation types, such as 2D
and 3D bounding boxes, segmentation masks, and object trajectories, adding additional
complexity.

But most importantly, AD data inherently reflects the messiness and ambiguity of real-
world scenarios, see fig. 4.1. Sensor quality can vary, and calibration issues are not un-
common. Annotation ambiguities arise from real-world complexities such as reflections,
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Figure 4.1: Examples of the kind of diverse samples we would like to see in our AD dataset. Varying weather and
light conditions from snowy to night to sunny day. Unusual objects, such as the children in snow-sleds and
bikes on the back of a car. And somewhat atypical driving environments like tunnels, snow covered roads,
and cobblestone roads. All images are taken from ZOD.

billboards, and partially occluded objects, as discussed in section 3.1.1. Environmental
factors—including weather conditions (e.g., heavy rain), time of day (e.g., low sun shin-
ing directly into the camera), and seasonal changes (e.g., snow on the road obstructing
lane markers)—add further variability. These factors collectively contribute to making AD
datasets particularly challenging and distinct from more controlled computer vision data-
sets. Importantly, cleaning up these imperfections would be counterproductive, as these
difficulties will inevitably be encountered during real-world vehicle operations.

Perhaps the final nail in the proverbial coffin is the need to capture the "long tail” of driving
scenarios. While most driving time consists of relatively straightforward situations, the rare
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and unusual cases are the most valuable for both training and safety evaluation. Beyond
the aforementioned conditions (e.g., difficult weather), this long tail consists of rare objects
(e.g., furniture fallen from vehicles), unexpected road actors (e.g., kangaroos crossing the
road), unusual road configurations (e.g., diagonal pedestrian crossings), and atypical be-
haviors and interactions (e.g., drunk driving). This latter is further complicated by strong
behavioral differences across regions and cultures, which manifest in diverse pedestrian be-
haviors, traffic patterns, and even vehicle types (e.g. tuk-tuks and Jeepneys in Southeast
Asia, pick-up trucks in the US, and EPA-tractors in Sweden that look identical to other
cars but can only drive 30 km/h) [56].

Traditionally, autonomous driving data is collected using specially equipped vehicles with
high-end sensors and precise calibration. While this approach ensures high-quality data,
it has inherent limitations. These vehicles typically operate in predefined areas and condi-
tions, leading to highly correlated data that may not capture the full diversity of real-world
driving. Moreover, the cost of operating such vehicles means that the total driving time
and geographical coverage are limited.

A more scalable approach is to collect data from customer vehicle fleets during regular op-
eration. This approach naturally captures a much wider range of scenarios and conditions,
as vehicles are genuinely being used in diverse environments and situations. Fleet vehicles
are more likely to encounter rare but important events simply due to the massive amount of
collective driving time. However, this approach presents its own challenges. Continuous
data collection from thousands or millions of vehicles is infeasible due to bandwidth and
storage limitations[s7]. For context, a typical autonomous vehicle generates several tera-
bytes of raw sensor data per hour of operation [58]. Even with aggressive compression and
filtering, streaming this volume of data from millions of vehicles would require unpreced-
ented infrastructure. Instead, intelligent data selection strategies are needed, such as those
briefly discussed in section 3.2.3, to identify and preserve the most valuable data.

Furthermore, fleet vehicles are constrained to production-grade sensors, which limits the
application of supervision techniques discussed in section 3.2.2. While some approaches
remain viable, such as using production lidar to supervise camera perception, the inability
to mount superior sensors on production vehicles precludes many advanced ground truth
generation methods. The fleet approach also impacts trajectory data quality in complex
ways. When collecting from human-driven vehicles, the trajectories reflect authentic driv-
ing behaviors and interactions, providing valuable data from the true driving distribution.
However, these trajectories cannot be assumed to represent optimal or expert driving. The
situation becomes particularly nuanced when collecting data from self-driving fleets, such
as the current situation with Waymo’s large fleet of robotaxis in San Francisco. Here, the
human drivers have adjusted their driving behaviour as they learn the strengths and weak-
nesses of the self-driving system, thus potentially significantly skewing the collected data
distribution away from ”"normal driving”. To exaggerate the point, if the robotaxi’s exhibit
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slighltly over-aggressive behaviour in for example cut-ins, human drivers will learn that they
need keep some additional margin to allow for this behaviour. This effect can amplify over
time through a feedback loop: as humans adapt their behavior, the autonomous system
learns from this adapted behavior, potentially leading to further behavioral changes in hu-
man drivers. This gradual distribution shift poses a significant challenge when deploying to
new regions where drivers have not yet learned to accommodate autonomous vehicles - the
learned behavior may be extremely unsafe when interacting with the original, unadapted
distribution of human driving.

Even with fleet data collection, certain scenarios may remain difficult to capture. When
collecting from human-driven fleets, market penetration limits geographical coverage - we
cannot collect data from regions with insufficient market penetration (due to regulatory
restrictions, local purchasing power, import tariffs, market preferences, etc.). When col-
lecting from self-driving fleets, the operational design domain (ODD) of the autonomous
system [59] naturally restricts data collection to conditions where the system is already op-
erating reasonably well, leading to a catch-22 situation. While ideally the fleet can collect
data from the boundary of its capabilities, in practice we may need to complement fleet
collection with a small amount of targeted data gathering. This can be done using custom
vehicles, equipped with additional sensors and driven by expert drivers in specific condi-
tions or regions that are underrepresented in the fleet data - similar to mostly unsupervised
learning, with a sprinkle of human supervision.

4.1.2  Open Datasets for Autonomous Driving (Paper 111)

Several notable AD datasets have emerged over the years, each with its own strengths and
limitations. The KITTT dataset [60], one of the earliest and most influential, provided
carefully calibrated multi-sensor data and established many standard benchmarks still used
today. nuScenes [61] significantly expanded upon this foundation, introducing a focus
on temporal sequences and 360-degree perception through carefully synchronized multi-
sensor data collection. The Waymo Open Dataset [62] and Argoverse (especially 2) [63,
64] further refined this paradigm, providing higher quality annotations and more diverse
driving scenarios across multiple cities and weather conditions. While these datasets make
reasonable design choices in focusing on temporal sequences and dense annotations in spe-
cific locations, this inherently leads to strong correlations between samples and limited data

diversity.

These datasets, while crucial for academic research, represent only a tiny fraction of the data
used in industrial autonomous driving development. Companies like Tesla and Waymo
collect orders of magnitude more data through their vehicle fleets [57], with individual
companies reporting datasets of millions of sequences compared to the few thousand avail-
able in open datasets. This massive disparity in data volume raises concerns about academic
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research potentially overfitting to these relatively small datasets, particularly as companies
demonstrate capabilities that seem completely unattainable on the scale of public datasets,
creating a widening gap between academic and industrial development that risks slowing
down overall progress in the field.

We designed the Zenseact Open Dataset (ZOD) to complement existing autonomous
driving datasets, with a particular emphasis on geographical and environmental diversity.
While existing datasets excel in certain aspects, such as dense temporal annotations or
surround-view sensing, ZOD focuses on capturing the broad spectrum of real-world driv-
ing conditions across Europe. Although not collected from a true customer fleet, ZOD
approximates many benefits of fleet-based collection through its extensive temporal and
geographical coverage. By deliberately selecting samples that are well-distributed in both
time and space, ZOD achieves greater scenario diversity than traditional datasets collected
through short-term campaigns in limited areas.

ZOD is structured in three complementary tiers to support different research needs. At
its core are 100,000 individual frames, carefully selected to maximize diversity across geo-
graphical locations, weather conditions, and driving scenarios, as demonstrated in fig. 4.1.
This allows researchers to build robust single-frame perception models that can serve as
foundation blocks for more complex temporal tasks. The diversity between frames is partic-
ularly valuable for self-supervised learning approaches, where having uncorrelated samples
is often more beneficial than having many frames from the same sequence [6, 42]. For
tasks requiring temporal context, ZOD provides approximately 1,500 sequences of similar
length to other AD datasets (typically 15-20 seconds). Finally, for long-term prediction or
planning tasks, ZOD includes about 30 extended driving sequences lasting several minutes
each, enabling research into tasks requiring extended temporal context and evaluation of
mapping or localization drift over longer distances.

The dataset features highly detailed and long-range annotations with 3D annotations ex-
tending up to 250 meters, while 2D annotations continue as long as objects remain visible,
sometimes beyond soo meters depending on conditions. This is complemented by multi-
task annotations including linked 2D-3D objects, instance-level lane markings, and drivable
road segmentation, see fig. 4.2. However, it’s worth noting that ZOD currently lacks tem-
poral annotations (such as object trajectories), which is an area where other datasets may
be more suitable.

In terms of sensors, ZOD provides high-quality data from a focused sensor suite. The
primary sensor is a front-facing 8MP camera with a 120-degree field of view, complemented
by three lidar sensors including a top-of-the-line VLS-128, and recently released radar point
clouds. While this configuration lacks the 360-degree camera coverage found in some other
datasets, it emphasizes exceptional range and data quality in the driving direction.

Through this combination of geographical diversity, multi-tier structure, and detailed an-
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Figure 4.2: Examples of ZOD's detailed annotations, showing linked object detection at extended ranges and multi-
task annotations including lanes and road segmentation. lllustration from Paper m1.

notations, ZOD complements existing datasets by addressing specific gaps in the autonom-
ous driving research ecosystem. While the dataset has begun to see adoption in the research
community, we believe its full potential remains untapped. ZOD’s unique strengths in
environmental diversity and long-range perception could be better leveraged through ded-
icated challenges and benchmarks that specifically evaluate robustness across different en-
vironments and accuracy at extended ranges. As the autonomous driving field continues to
mature, we expect the value of geographically and environmentally diverse data to become
increasingly apparent, making ZOD’s complementary nature to existing datasets even more
significant.

4.2 Creating Digital Twins of Real Data

No matter how comprehensive our dataset collection efforts, we face a fundamental lim-
itation: real-world data represents static recordings of past events, akin to a movie that
plays out the same way every time. However, autonomous driving systems are inherently
interactive - their actions influence how scenarios unfold. A slight change in the behavior
of a self-driving car could have cascading effects that completely transform the outcome
of a given situation, reminiscent of the butterfly effect where minor perturbations lead to
dramatically different results over time.

Traditional data augmentation techniques have long been employed to artificially expand
dataset diversity. Simple image-space transformations like color jittering, brightness adjust-
ment, and geometric warping provide basic robustness to visual variations [65]. More soph-
isticated approaches leverage 3D scene understanding for structural modifications: depth-
aware view synthesis enables realistic perspective changes [66], while instance-level copy-
paste methods can insert new objects with proper occlusion handling [67]. Recent works
have pushed the boundaries further with physics-based augmentations that simulate differ-
ent weather conditions [68] and lighting scenarios [69]. However, these methods remain
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fundamentally constrained by the originally recorded scenario and cannot reconfigure it to
introduce novel interactions (e.g. changing the trajectory of a neighboring vehicle so that
it performs a cut in scenario - necessitating a response from the ego vehicle).

Game engines and purpose-built simulators have emerged as a complementary approach,
offering complete control over scenario generation. Early works demonstrated the poten-
tial of repurposing commercial games for autonomous driving research, with Grand Theft
Auto V being particularly influential due to its realistic urban environments [70]. This in-
spired the development of dedicated simulators like CARLA [71], which provides precise
control over weather, lighting, and actor behavior while maintaining physical accuracy.
AirSim [72] extended similar capabilities to aerial vehicles, while NVIDIA’s Drive Sim [73]
showcases the potential of real-time ray tracing for sensor simulation. However, these ap-
proaches face a fundamental trade-off between visual fidelity and scenario complexity -
achieving photorealistic rendering with accurate physics becomes computationally prohib-
itive at scale, especially when simulating multiple sensor modalities.

Recent advances in generative Al, particularly video diffusion models, have demonstrated
remarkable capabilities in creating synthetic driving scenarios[74, 75]. These models can
generate highly photorealistic sequences with unprecedented creativity - from mundane
variations like weather changes to fantastical scenarios like Santas sleigh landing in down-
town traffic during a snowstorm. However, their limitations are severe: generated content
often violates basic physics and geometry, lacks precise control over scene dynamics, and
struggles with multi-sensor consistency. Moreover, the generation process is computation-
ally expensive, making real-time interactive simulation impractical.

What we truly need is a method to convert our static driving logs into dynamic, interact-
ive 3D environments that maintain physical realism while enabling scenario modification.
Such 7digital twins” would bridge the gap between real and synthetic data, combining
the authenticity of real-world recordings with the flexibility of simulation. This capabil-
ity would enable unprecedented experimentation, from exploring "what-if” scenarios by
modifying weather conditions or object behaviors, to generating rare but critical cases that
are difficult or dangerous to capture in real-world testing.

The most immediate application of such digital twins is closed-loop resimulation. While
software development practices commonly employ nightly regression tests to catch unin-
tended consequences of code changes, proper testing of AD systems requires more than just
running new models on pre-recorded data. Open-loop evaluations fail to account for the
interplay between a system’s actions and its subsequent perceptions - for instance, whether
accurate tracking is maintained during an emergency maneuver. Digital twins enable true
closed-loop testing where the autonomous system’s decisions actively influence how the
scenario unfolds.

Recently emerging methods in neural scene reconstruction, such as Neural Radiance Fields
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[76] and 3D Gaussian Splatting [77], offer a promising direction. These techniques learn to
optimize a 3D scene representation directly from sensor data, in essence creating a learned
game engine environment that maintains physical consistency with the real world and en-
ables rendering of novel views. In the following sections, we will introduce the fundament-
als of these methods and explore the unique challenges of adapting them to autonomous
driving scenarios, where dynamic objects, multiple sensor modalities, and latency require-
ments create additional complexity beyond traditional static scene reconstruction.

4.2.1  Primer on Neural Rendering

Neural rendering is a rapidly evolving field that combines traditional computer graphics
techniques with deep learning. While the term can be used somewhat ambiguously, here
we refer to generating (rendering) sensor data from a learned (neural) 3D/4D scene repres-
entation.

The core idea is straightforward: given enough views (e.g. images) capturing an environ-
ment from different perspectives, along with a neural rendering process to generate new
views from an underlying 3D representation, it is possible to learn that representation
through pure optimization — in some sense brute-forcing the problem by minimizing the
difference between rendered and observed views. While the success of this optimization
approach is not guaranteed, the underlying principle is sound: only a representation that
accurately captures the true scene geometry and appearance could successfully explain all
observed views !. Imagine a chair, which has been photographed from all directions — the
learned representation must include exactly 4 legs, as any additional (or missing) leg would
be visible, and cause reconstruction errors, in some of the views.

There are of course some intricacies to this: we need our rendering process to be differ-
entiable, so that we can backpropagate gradients to the scene representation, and physic-
ally plausible (for example respecting occlusions). Furthermore, we need a well-structured
representation, with learnable parameters, that can effectively approximate the true envir-
onment and that exhibits reasonable convergence from the initial scene parameters. This
combination of differentiable rendering and learnable parameters gives rise to the term
neural rendering.

At the forefront of this field are Neural Radiance Fields (NeRFs) and, more recently, 3D
Gaussian Splatting.

"There are some degenerate solutions, such as infinitesimal planes in front of each training image that
essentially just display the image in question. However, in practice the learned representations have limited
resolution and such near-camera artifacts will cause errors in other views that make them a sub-optimal solution
— making it easier to learn the correct representation than to ”cheat” in this way.

37



Neural Radiance Fields (NeRFs)

NeRFs [76] represent a scene as a continuous sD function that maps a 3D location (x, y, 2)
and viewing direction (6, ¢) to a color (7, g, 4) and volume density . This function is
approximated by a neural network, originally a simple Multi-Layer Perceptron (MLP).

The rendering process in NeRFs is based on classical volume rendering. For each pixel in
the desired output image, we cast a ray through the scene and sample points along this ray.
The color C(r) of a ray r is computed using the volume rendering equation
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where #, and #¢are the near and far bounds of the ray, 7(#) = o+ #d is the ray with origin o
and direction d, ¢(7(¢), d) is the color at position 7(#) in direction &, o(()) is the volume
density at 7(¢), and 7(#) is the accumulated transmittance
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In practice, this integral is approximated using numerical quadrature
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where §; is the distance between adjacent samples.

While the original NeRF achieved impressive results, it suffered from slow rendering times
due to the need to evaluate the relatively large MLP for many points along each ray. An-
other way to think about it is that each sample, independently of location, had to execute
the full MLP, which is a compressed version of the full scene, i.e. there is no locality. Sub-
sequent work has focused on accelerating NeRFs, with Instant Neural Graphics Primitives
(INGP)[78] being a notable advancement. INGP significantly accelerates NeRF render-
ing through several key innovations, including multi-resolution hash encoding, fully-fused
MLP kernels, and an explicit occupancy grid. The hash-encoding stores learned embed-
dings in a local data structure, which means that the MLP has a much easier job and can be
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much smaller, since it only needs to interpret a set of local embeddings, rather than mem-
orizing the full scene. These improvements allow INGP to train and render high-quality
novel views much faster than original NeRFs, leading to widespread adoption. Of course,
there are many other ways to accelerate NeRFs, see e.g. [79-82].

Beyond NeRFs

While NeRFs took the field of neural rendering by storm in the early 2020s, the space
of neural scene representations has rapidly diversified. Researchers have explored many
variations of neural fields, encoding different types of information from geometric distances
to semantic features. Some have moved away from fields entirely, exploring primitive-based
representations that offer different trade-offs. These methods can be broadly categorized by
both their underlying representation (fields vs. primitives) and rendering approach (ray
tracing vs. rasterization)?. Interestingly, the evolution of neural rendering mirrors in many
ways the development of computer game graphics - though in reverse, as neural rendering
started with ray tracing of fields, whereas computer games started with rasterized triangles.
And now both fields are converging to hybrid rasterization and ray tracing of geometric
primitives.

Signed Distance Fields (SDFs) represent an early alternative field representation, with a
long history in computer graphics, encoding scenes as continuous functions that measure
the distance to the nearest surface at any point in space [83]. Their key advantages include a
strong geometric prior that encourages sharp, well-defined surfaces, efficient ray marching
through empty space, and natural handling of inside/outside queries which enables oper-
ations like boolean composition of shapes. However, they struggle with semi-transparent
effects common in real-world scenes such as fog, motion blur, or partially reflective surfaces,
as the binary surface representation cannot easily model varying densities.

Language-Enhanced Neural Fields (LERF) [84] represent another direction in field-based
representations, replacing traditional RGB color with learned language embeddings at each
point in space. This enables semantic queries and editing of the scene while maintaining
the benefits of volumetric representation. Similar approaches have encoded other types of
information into neural fields, from semantic segmentation [85] to self-supervised DINO
features [11, 86], demonstrating the flexibility of the field-based paradigm.

3D Gaussian Splatting [77] marked a significant departure from field-based approaches by
representing scenes as collections of oriented 3D Gaussian primitives. Each Gaussian is
defined by its position, covariance matrix (determining its shape and orientation), and ap-

?Interestingly, while fields can be ray traced and primitives can be either ray traced or rasterized, rasterizing
a continuous field is impossible by definition. Finding efficient approximations to this remains an intriguing
research frontier.
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pearance properties (color and opacity). The rendering process is highly efficient: each 3D
Gaussian is projected to create a 2D Gaussian splat in screen space, which can be rasterized
using modern graphics hardware. The method achieves remarkable speed by leveraging the
rasterization pipeline and adapting the Gaussian density to scene complexity - areas with
fine detail are represented by many small Gaussians, while smooth regions use fewer, lar-
ger primitives. This adaptive density, combined with the inherent soft nature of Gaussian
primitives, results in efficient optimization and high-quality, high-speed rendering (1o00s-
1000s of frames per second).

Recent work has sought to combine the benefits of primitive-based representations with
more flexible rendering approaches. Several works [87, 88] adapt the Gaussian represent-
ation to a ray tracing framework, enabling accurate handling of complex camera models,
shadows, reflections, and global illumination. Similarly, EVER (Exact Volumetric Ellipsoid
Rendering) [89] provides analytical solutions for rendering ellipsoidal primitives, offering
both mathematical elegance and practical efficiency. These hybrid approaches maintain
many of the computational benefits of primitive-based representations while supporting
the more accurate physics simulation needed for sensor modeling, and represent a prom-
ising direction for autonomous driving applications where both accuracy and speed are
crucial.

Ideally one would have a unified representation that can be rendered using both rasteriza-
tion and ray tracing, potentially rasterizing the first pass and then ray tracing any secondary
effects, like reflections or shadows [88]. Hybrid approaches that combine the strengths of
both paradigms represent a promising direction for future research, particularly in the con-
text of autonomous driving where both accuracy and speed are crucial.

4.2.2 Neural Rendering for Autonomous Driving (Paper 1v)

Adapting neural rendering techniques to autonomous driving scenarios presents several
fundamental challenges that push these methods far beyond their original design paramet-
ers. While methods like NeRF and 3D Gaussian Splatting have shown impressive results
on controlled datasets, autonomous driving data differs in almost every aspect:

First, driving scenes are inherently dynamic, with multiple objects moving at high speeds
and potentially complex interactions between them. This violates the fundamental assump-
tion of multi-view consistency that underlies most neural rendering approaches - a single
3D representation cannot explain all observations since they are inherently 4D (3D + time).
The straightforward solution of using a 4D field [90] relies on having access to many dif-
ferent simultaneous views of the scene, which is of course not available in our setting with
a single driving log, leaving the reconstruction extremely underconstrained.
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Figure 4.3: Method overview of NeuRAD. At the core lies the neural feature field which learns a joint representation
of the entire scene, including dynamic objects, sky, and distant objects. This field allows us to render
lidar and camera rays into abstract features, which are decoded to sensor space using modality-specific
decoders. Notably, NeuRAD models important sensor characteristics like rolling shutter, lidar ray drop,
and appearance variation across cameras. lllustration from Paper 1v.

Second, the data collection geometry in driving scenarios is highly constrained. Unlike
typical neural rendering datasets where cameras orbit around a central subject, vehicle-
mounted cameras move roughly in a straight line, creating a highly anisotropic viewing
distribution. This limited angular coverage makes it difficult to resolve depth ambiguities
and leads to significant uncertainty in regions observed from only a single angle. The inside-
out nature of the camera setup - where cameras point outward from roughly the same center
point - further complicates matters compared to the outside-in setup common in object-
centric neural rendering.

Third, the scale of driving scenes far exceeds typical neural rendering applications. While
most NeRF scenes span a few meters, driving scenarios must handle hundreds of meters
in every direction. This not only increases computational requirements but also creates
challenges in balancing detail across different scales - nearby objects require high-resolution
representation while distant objects may only occupy a few pixels yet remain semantically
important.

Finally, autonomous driving data introduces several practical challenges. Vehicle sensor
suites typically include multiple cameras with different intrinsics, fields of view, and mount-
ing positions, all of which must be handled consistently. Additional sensor modalities like
lidar and radar provide valuable 3D information but require careful sensor fusion. Fast-
moving sensors introduce artifacts like rolling shutter and motion blur that must be ex-
plicitly modeled. The combination of these factors makes it impossible to directly apply
existing neural rendering methods to autonomous driving data.
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Naturally, there have been many attempts to address these challenges in the literature.
Neural Scene Graphs [91] use available 3D annotations to create a scene graph, which treats
moving objects as separate static NeRFs which can be rigidly inserted into the static NeRF
using the object pose for a given timestamp. An additional bonus of this approach is that
it allows for easy editing of the scene, by simply moving the object NeRFs around. UniSim
[92] further builds on this idea, improving the neural field with ideas from INGP [78],
adding a CNN upsampler to increase rendering speed, and adding a GAN to improve the

quality of novel views - overall achieving very strong rendering results.

EmerNeRF [11] addresses the dynamic nature of driving scenes by having three fields, a 3D
radiance field modelling the static environment, a 4D radiance field modelling the dynamic
environment, and a separate 4D flow field. The flow forces the 4D field to be consistent
under the flow transformation and both fields are regularized: acceleration for the flow
to encourage smooth motions, and density for the dynamic field since most of the world
should be static. Notably, all these fields can be optimized jointly using the typical rendering
loss without any extra supervision (such as 2D optical flow). Besides the clear benefit of not
needing annotations to reconstruct dynamic scenes, this approach is able to model non-
rigid and non-annotated motions, such as pedestrians and flying debris. Furthermore, the
learned flow field can be a useful supervision for various downstream tasks.

These methods, while promising, each come with distinct issues and limitations that make
them unsuitable for simulating the complete autonomous driving sensor suite found in
widely-used datasets. While they demonstrate impressive results on front-view scenarios,
or in a camera-only setting, they struggle to handle the full complexity of multi-modal
surround-view autonomous driving data. In Paper 1v, we address these challenges through
NeuRAD, a robust neural rendering framework designed to work with any autonomous
driving dataset out of the box. Through extensive experimentation, we found that proper
modeling of seemingly minor sensor effects proves crucial for achieving high-quality re-
construction. For instance, we explicitly model the rolling shutter effect, which becomes
particularly pronounced during high-speed driving, especially in side cameras and the rel-
atively slow-spinning surround lidars. Similarly, we account for lidar ray drop phenomena,
which occur not only at long distances but also when rays glance off reflective surfaces
[93]. Lastly, multi-camera setups can experience significant color inconsistencies between
cameras due to variations in hardware specifications and image processing pipelines. These
inconsistencies are further complicated by dynamic exposure adjustments during driving,
such as when transitioning from dark tunnels into bright daylight.

In developing NeuRAD, we strived for architectural simplicity, with the idea that it would
lead to better generalization across datasets and environments. While our high-level ar-
chitecture draws inspiration from UniSim, particularly in using a feature field with an up-
sampling CNN decoder to improve rendering quality and speed, we developed a more
streamlined yet expressive underlying field representation. This approach, incorporating
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Point cloud Original (ZOD) | Ego lane shift

Figure 4.4: Qualitative examples showcasing the capabilities of NeuRAD. At the core is the ability to accurately re-
render images, depth maps, and point clouds. By manipulating pose of the view that is rendered one can
simulate a novel driving trajectory (shown on ZOD) and/or a different mounting position of the sensor
(shown on PandaSet). Furthermore, since NeuRAD uses an explicit decomposition of static scene and dy-
namic actors, the actors can be removed or modified (shown on KITTI, NuScenes). All capabilities can of
course be combined, resulting in realistic surround-consistent novel scenario simulation (shown on Pan-
daSet). lllustration from Paper 1v.

key insights from [94], enables efficient handling of dynamic elements and avoids explicit
boundaries between near-and-far regions. The improved field representation also handles
the extreme scale variations inherent in driving scenes, where the same object might be
observed both at close range and hundreds of meters away.

The effectiveness of these design choices is demonstrated through comprehensive evaluation
across five popular autonomous driving datasets, where NeuRAD achieves state-of-the-art
performance in both quantitative metrics and qualitative assessment. To facilitate further
research and development, we have released NeuRAD as an open-source framework, build-
ing upon the widely-used nerfstudio [95]. Encouragingly, the framework has seen some
adoption within the community, with multiple groups and individuals building upon our
work for various autonomous driving applications.

There are many potential improvements to NeuRAD around more efficient representations,
deformable objects, faster rendering, secondary rays, etc. One particularly interesting av-
enue of research is solving the data collection geometry problem, where the collected views
of the scene are very limited, using sensor-space generative models (e.g. video diffusion
models). However, there is also an elephant in the room — we are missing an entire sensor
modality. While radar data is frequently not provided in open AD datasets, it remains a
very important sensor for commercial vehicles. And with the ascent of 4D radars [96],
which provide much higher resolution than conventional radars, the importance of radar is
not likely to decrease any time soon. While there has been some promising work on neural
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rendering for radar data [97, 98], developing a unified representation that can handle the
fundamentally different physical principles and noise characteristics of all sensor modalities
remains an open challenge.

4.3 Simulating What Cannot Be Collected (Paper v)

The neural rendering techniques discussed in Section 4.2 provide a powerful foundation for
converting static driving logs into dynamic, interactive environments. However, this cap-
ability raises an important question: how can we leverage these reconstructed environments
to advance autonomous driving research and development? One of the most pressing chal-
lenges in autonomous driving is the difficulty of testing how driving algorithms perform
in realistic, safety-critical scenarios. This challenge has become particularly acute with the
rise of end-to-end driving systems, where we can no longer cleanly separate perception and
planning components for independent testing in abstract, object-level simulators.

In industry, this challenge is typically addressed through extensive testing on dedicated
tracks, where vehicles undergo standardized safety evaluations such as Euro NCAP tests
[99]. These tests include scenarios like emergency braking for suddenly appearing ped-
estrians, responses to cut-in vehicles, and various other safety-critical situations. While
effective, this approach requires significant infrastructure investment, is extremely time-
and resource-intensive, and suffers from limited scenario diversity compared to real-world
conditions. These limitations make track testing infeasible for most academic research and
early-stage development, and highly impractical even for the big players in the industry.

Our work in Paper v demonstrates how neural rendering can bridge this gap. We introduce
NeuroNCAP, a closed-loop simulation framework built around our neural renderer that
enables NCAP-style safety testing using only existing driving logs. The framework operates
by reconfiguring recorded scenarios to match standardized safety test configurations while
maintaining the realism and complexity of the original scene. At its core, NeuroNCAP
implements a simulation loop that:

o. Initializes the scenario by reconfiguring NeuRAD according to the scenario descrip-
tion.
1. Generates sensor observations given the current vehicle state.

2. Requests a trajectory prediction from the tested driving model (using the current
sensor observations).

3. Computes acceleration and steering using a simple linear—quadratic regulator (LQR)
controller, following [100].
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Figure 4.5: Closed-loop simulation diagram of NeuroNCAP. A scenario definition reconfigures a real-world driving log
to safety-critical collision scenario. The neural renderer then generates realistic sensor data, which the AD
model consumes to plan a driving trajectory. A simple controller and vehicle model propagate the ego
pose forward in time, and this cycle repeats until the scenario is passed or a collision occurs. Illustration
from Paper v.

4. Propagates the vehicle state using a bicycle dynamics model with realistic constraints.

5. Checks for collisions, if no collision go to step 1, otherwise abort the simulation.

Using the NuScenes dataset[61], which has become the de facto standard for evaluating
end-to-end driving approaches, we create a suite of 20 test scenarios, with an allowed range
of randomization per scenario. These scenarios correspond to three different collision risks:
stationary obstacles, frontal collisions, and side impacts. For each scenario, we compute a
very simple safety score (inspired by the s-star NCAP scoring system) that only considers
collision severity:

5.0 if no collision

NeuroNCAP Score = , (4.5)

4.0 - max(0,1 — v;/v,) otherwise

where v; is the impact speed, and v, is the reference impact speed that would occur if no
action is performed.

Our evaluation reveals several important insights about current end-to-end driving ap-
proaches[1o1, 102]. Models that perform well on standard metrics often struggle in safety-
critical scenarios, particularly when their actions can influence the scene evolution. This
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Original Stationary Frontal Side

time

Figure 4.6: Example of the same original NuScenes scene (left) reconfigured and rendered for each type of NeuroNCAP
collision scenario: stationary, frontal, and side. The shaded regions highlight the newly inserted object,
and time flows from top to bottom. Illustration from Paper 1.

suggests that current evaluation protocols, which typically focus on open-loop trajectory
prediction, may not adequately capture the challenges of real-world autonomous driving.
Furthermore, the ability to systematically vary the scenario parameters reveals edge cases
and failure modes that would be difficult to identify through traditional testing methods.

To accelerate progress in this critical area of AD development, we publicly release our sim-
ulator and a suite of safety-critical scenarios as an easy-to-run evaluation package. This
resource invites the research community to explore the behavior of their AD models in
controlled yet highly configurable and challenging environments.

While our current scenario suite demonstrates the potential of this approach, it represents
only a first step. The manual effort required to create these scenarios limits both their
number and complexity. Future work should focus on automated scenario reconfiguration
- developing algorithms that can automatically transform existing driving logs into diverse
NCAP-like scenarios. Such automation would enable the creation of more sophisticated
test cases across a much larger number of base scenes, providing broader coverage of poten-
tial edge cases and environmental conditions. Furthermore, just like in real NCAP testing,
our actors are entirely on rails, meaning that they do not interact with each other or the
tested vehicle. While reasonable since we want a controlled collision trajectory, more com-
plex multi-agent scenarios would probably require some behaviour modelling (while still
keeping at least one of the behaviours as dangerous and collision-causing).

The importance of simulation-based safety validation is increasingly recognized by regu-
latory bodies. Recent Euro NCAP reports explicitly acknowledge that physical test track
evaluations cannot scale to cover the vast number of scenarios required for validating fully
autonomous systems [103]. As the complexity of autonomous driving systems continues to
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grow, we believe that neural rendering-based simulation will become the de facto approach
for comprehensive safety validation, complementing limited physical testing with extensive
virtual scenario exploration.
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Chapter s

Concluding Remarks

Throughout this work, we have tackled two major scaling bottlenecks in autonomous driv-
ing development, focusing on efhicient supervision strategies, comprehensive data collec-
tion, and neural simulation techniques for safety validation. However, while we consider
high-quality data and supervision to be the main scaling challenges, there are other aspects
as well. We need both efficient algorithms whose capabilities continue to scale with the data
and supervision, and we need enough compute to train these algorithms for long enough.
Recent advances in large language models (LLMs) and diffusion models have shown in-
credibly promising scaling behavior(ss, 104, 105], with models continuing to improve as
we throw more compute and data at them, enabled by truly monstrous compute clusters.
While this is promising, there may be some differences that prohibit autonomous driving
development from directly following this recipe.

One such challenge lies in the fundamental nature of our data — while language models
work with relatively compact text data (a few kilobytes per example), autonomous driv-
ing requires processing and storing massive amounts of synchronized multimodal data:
multiple high-resolution video streams, dense point cloud sequences, radar data, and high-
definition maps, easily reaching hundreds of megabytes per training example. All of these
modalities must scale together, making the storage and processing requirements orders of
magnitude more demanding.

Another potential scaling roadblock is the on-board compute. We have seen in general
that model size, compute, and data need to be scaled together [106]. While techniques
like distillation can greatly help compress the final model size [9], it remains a significant
challenge to compress these increasingly powerful models to a point where they can be
deployed on hardware that can run in the vehicle (as evidenced by Tesla’s recent struggles
with deploying their latest software version 13.x on older Hardware 3 compute platforms
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[107]). Fortunately, time is on our side here, with continuous advances in both model
efficiency techniques and on-board compute capabilities.

New scaling approaches are also emerging in the field. Recent work on language models
has shown remarkable success with scaling test-time compute and sophisticated reasoning
techniques [108-111], raising interesting possibilities for autonomous driving. As modern
autonomous driving models become increasingly LLM-like in their architecture and cap-
abilities, it is possible that we can adapt these same reasoning techniques. Importantly,
this reasoning need not happen in explicit language - recent works have demonstrated that
reasoning can occur effectively in latent space [112]. This approach seems more suitable for
autonomous driving applications where the role of explicit natural language in generating
core driving logic remains questionable!. A significant benefit of test-time compute scal-
ing is that it naturally adapts to scenario complexity - allowing the vehicle to slow down
and dedicate more processing time to particularly challenging situations can dramatically
improve overall system capabilities. Naturally, some reasonable boundaries must be set,
as we cannot spend minutes deliberating during time-critical scenarios like potential colli-
sions. While this direction shows promise for advancing autonomous driving capabilities,
it places even stronger demands on the on-board compute.

Our work on LidarCLIP points to an important consideration in this potential LLM-
centric future for autonomous driving: these models must be able to reason effectively
across all relevant modalities, not just visual data. However, it is still far from clear that
they will be a core component of the self-driving stack - they may instead be used as tools for
human interaction and explainability, or not have a place in the vehicle at all. Nevertheless,
LLMs are still likely to play a crucial role offline, particularly in auto-annotation pipelines,
where we previously highlighted the importance of human arbiters for extremely difhicult
or novel scenarios. It is entirely plausible that this role could be fulfilled by a powerful lan-
guage model, acting as a proxy for human judgment and further increasing the scalability
of our annotation processes.

All this raises some interesting thoughts on the role of humans in the future of autonomous
driving development. We will likely continue to rely heavily on implicit human supervision,
whether through fleet collection from human drivers, mining YouTube data (which humans
have selected to upload), or using LLM:s trained on vast amounts of human-generated text.
However, the role of explicit human supervision will continue to diminish, especially in the
training phase, as we increasingly rely on automated tools to reach the necessary volumes
of data. For testing, even with our advances in neural simulation, it is hard to imagine that
we will not want to perform some final verification with expert humans behind the wheel.

"While natural language is very suitable as a human-machine interface and can aids in system interpretab-
ility, the utilization of chain-of-thought reasoning through explicit language appears suboptimal for the real-
time, continuous nature of the driving task.
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Beyond fleet learning, web-scale video data presents another compelling opportunity for
autonomous driving development. For example, a plethora of (in)famous Russian dashcam
videos provide an incredible source of edge cases and unusual scenarios. This data could
be valuable in multiple ways: either as a source of pre-training data to improve model
robustness, or, connecting to our work on synthetic data, these videos could serve as an
invaluable source of edge case scenarios. We could either generate a synthetic environment
(like a NeRF) from the video where we can simulate the actual production sensors, or
convert the videos to high-level scenarios which can then be used to transform existing
driving logs into the desired scenarios (similar to what we do in NeuroNCAP).

Neural rendering has demonstrated significant promise as a simulation technology for
autonomous driving and embodied robotics in general. However, certain phenomena re-
main challenging to simulate with this approach due to the simplified rendering process.
This particularly applies to lens effects, such as water droplets on camera sensors during
heavy rain, and flares from headlights at night. When such effects are combined, for ex-
ample with oncoming headlights in heavy rain (see fig. 5.1), the limitations of current neural

rendering processes become particularly apparent.

(a) water on windshield (b) sun glare (c) rainy and many lights

Figure 5.1: Heavy rain and strong sun glare, and the worst case when both are combined (headlights in heavy rain).
These effects pose major difficulties for neural reconstruction methods like NeRFs and 3DGS.

Pure generative models, in contrast, do not exhibit particular difficulty with these effects
compared to their handling of other phenomena. This raises the question: is neural render-
ing a dead end when it comes to these truly worst-case settings? One promising direction
forward is a hybrid approach, combining neural rendering’s precision and consistency with
generative models functioning as a specialized effects layer, similar to post-processing in
traditional computer graphics. This approach faces two primary challenges: maintaining
geometric consistency while applying generative effects, and achieving the real-time per-
formance necessary for practical applications. However, these challenges appear tractable
given the strong prior information provided by the underlying neural rendering process.

Another promising direction is to move away from image-space generative models toward
3D-aware generative models whose outputs can be directly integrated with neural render-
ing. While this approach doesn’t immediately address the challenges of heavy rain and
lens effects, it enables us to leverage the full capabilities of generative models for creating
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complex scenarios while maintaining geometric consistency. Recent work [113] has shown
particular promise in generating diverse yet physically plausible driving scenarios, though
significant challenges remain in achieving the necessary level of realism and fidelity.

A significant challenge we have only briefly touched upon is determining what scenarios to
actually simulate. Even with a hypothetically perfect neural renderer or generative model,
the question remains of how to use it effectively. The current iteration of NeuroNCAP,
despite using only relatively simple scenarios, required significant manual effort to cre-
ate. This process could feasibly be automated using trajectory-level diffusion models [114],
LLM-based scenario generators [115], or reinforcement learning [116]. Once we have a way
to generate plausible scenarios, we need to steer them towards cases that are relevant for
the current model in an adversarial manner [116-118]. The challenge here lies in generat-
ing scenarios that are both challenging for the current model and relevant for real-world
driving. Humans are particularly good at allowing certain theoretical collision possibilities
because we understand their extremely low probability (e.g., oncoming traffic on a narrow
road could suddenly swerve and cause a fatal accident). The goal is not to develop driving
behavior that eliminates all crash possibilities, as such behavior would be impractically con-
servative in many real-world scenarios. Rather, the goal is to develop behavior that never
causes an accident, while of course attempting to avoid potential accidents caused by other
drivers whenever possible.

Finally, as I hinted earlier, the goal with our work on neural simulation is not just to enable
efficient testing, but also to enable full closed-loop training. Recent advances in neural
rendering, particularly the development of 3D Gaussian Splatting for autonomous driving
[119], offer promising directions for improving the computational efficiency of these evalu-
ations. Together with advances in feed-forward generalizable reconstruction methods [120,
121], which promise to generate neural simulation environments in mere seconds, it truly
feels like all puzzle pieces are coming together and we are getting close to the end-game.
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