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Abstract

Autonomous driving holds the potential to fundamentally transform transportation,
but realizing that potential requires rigorous testing across a vast and diverse range of
scenarios. Exhaustive real-world testing is neither safe for exploring edge cases nor
practical at the scale required for adequate coverage, making high-fidelity simulation
an essential component of the development and validation pipeline. This thesis
addresses the challenge of building digital twins for autonomous driving: data-driven
virtual replicas of real-world scenes that faithfully reproduce sensor observations
while remaining editable for counterfactual testing. The first contribution is NeuRAD,
a neural simulator that jointly reconstructs camera and lidar data from recorded
driving sequences. By explicitly modeling key sensor characteristics, including rolling
shutter effects, beam divergence, and non-returning lidar rays, NeuRAD achieves
state-of-the-art rendering fidelity across multiple autonomous driving datasets. The
second contribution is SplatAD, which replaces the volumetric representation of
NeuRAD with 3D Gaussian primitives and purpose-built rasterization algorithms.
This yields real-time rendering of both camera and lidar data at competitive fidelity,
while reducing training and inference times by an order of magnitude, making large-
scale simulation substantially more practical. The third contribution is IDSplat,
which eliminates the reliance on human-annotated 3D bounding boxes required by
both NeuRAD and SplatAD. By combining vision foundation models with classical
matching and estimation techniques, IDSplat achieves annotation-free dynamic scene
reconstruction that generalizes zero-shot to new datasets. The fourth contribution is
a highly parallelizable GPU algorithm for constructing large-scale 3D Voronoi and
power diagrams, addressing a key computational bottleneck in mesh-based neural
rendering and enabling larger, higher-fidelity scene representations. Finally, the thesis
investigates the real-to-sim gap: the discrepancy between how autonomous systems
perceive real and rendered sensor data. Through large-scale evaluation, correlations
between rendering quality and downstream perception performance are identified,
and fine-tuning strategies are developed that improve model robustness to simulation
artifacts without compromising real-world performance. Together, these contributions
advance the state of neural simulation for autonomous driving, bringing scalable,
high-fidelity virtual testing closer to practical deployment.

Keywords: Autonomous driving, sensor simulation, neural rendering, novel view
synthesis, neural radiance fields, 3D Gaussian splatting

ii



List of Publications

This thesis is based on the following publications:

[A] Adam Tonderski†, Carl Lindström†, Georg Hess†, William Ljungbergh, Lennart
Svensson, Christoffer Petersson, “NeuRAD: Neural Rendering for Autonomous Driv-
ing”. IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR),
2024.

[B] Georg Hess†, Carl Lindström†, Maryam Fatemi, Christoffer Petersson, Lenn-
art Svensson, “SplatAD: Real-Time Lidar and Camera Rendering with 3D Gaussian
Splatting for Autonomous Driving”. IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), 2025.

[C] Carl Lindström†, Mahan Rafidashti†, Maryam Fatemi, Lars Hammarstrand,
Martin R. Oswald, Lennart Svensson, “IDSplat: Instance-Decomposed 3D Gaussian
Splatting for Driving Scenes”. To be published in IEEE/CVF Conference on Computer
Vision and Pattern Recognition Findings (CVPRF), 2026.

[D] Bernardo Taveira†, Carl Lindström†, Maryam Fatemi, Lars Hammarstrand,
Fredrik Kahl, “Scalable GPU Construction of 3D Voronoi and Power Diagrams”. To
be published in ACM SIGGRAPH 2026 Conference Proceedings (SIGGRAPH), 2026.

[E] Carl Lindström†, Georg Hess†, Adam Lilja, Maryam Fatemi, Lars Hammarstrand,
Christoffer Petersson, Lennart Svensson, “Are NeRFs ready for autonomous driving?
Towards closing the real-to-simulation gap”. IEEE/CVF Conference on Computer
Vision and Pattern Recognition Workshops (CVPRW), 2024.

Other publications by the author, not included in this thesis, are:

[F] J. Strietzel, T. Fischer, C. Lindström, M. Pollefeys, X. Wang, “FiG3D: Fisher-
Guided Generative Priors for 3DGS Optimization”. In submission.

[G] W. Ljungbergh, A. Lilja, A. Tonderski, A. Laveno, C. Lindström, W. Verbeke,
J. Fu, C. Petersson, L. Hammarstrand, M. Felsberg, “GASP: Unifying geometric and
semantic self-supervised pre-training for autonomous driving”. IEEE/CVF Winter
Conference on Applications of Computer Vision (WACV), 2026.

†These authors contributed equally to this work.

iii



[H] T. Li, Y. Qiu, Z. Wu, C. Lindström, P. Su, M. Nießner, H. Li, “MTGS: Multi-
Traversal Gaussian Splatting”. In submission.

[I] D. Hagerman, R. Naeem, J. Lindqvist, C. Lindström, F. Kahl, L. Svensson,
“SwInception - Local Attention Meets Convolutions”. International Conference on
Pattern Recognition and Artificial Intelligence (ICPRAI), 2024.

[J] M. Alibeigi, W. Ljungbergh, A. Tonderski, G. Hess, A. Lilja, C. Lindström,
D. Motorniuk, J. Fu, J. Widahl, C. Petersson, “Zenseact Open Dataset: A large-scale
and diverse multimodal dataset for autonomous driving”. IEEE/CVF International
Conference on Computer Vision (ICCV), 2023.

[K] E. Jernheden†, C. Lindström†, R. Persson†, M. Wedenmark†, E. Erős, S. Roselli,
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CHAPTER 1

Introduction

The future of transportation might not be quite as exciting as the flying cars depicted
in sci-fi movies, but self-driving cars come pretty close. Autonomous driving (AD),
also known as self-driving or driverless technology, represents one of the most trans-
formative promises in modern transportation history. At its core, AD refers to vehicles
that can perceive their environment, plan ahead, and make driving decisions with
minimal or no human intervention. In its essence, it removes the task of driving from
the human driver, in any weather, time of day, or traffic situation.

The potential benefits are easy to imagine: from saving lives through fewer road
accidents, to more efficient, sustainable use of urban space. Early robotaxi deploy-
ments have already demonstrated safety improvements within restricted operational
design domains—predefined sets of operating conditions such as location, weather,
and traffic complexity [1]—and the number of consumer vehicles equipped with
advanced driver assistance (ADAS) and AD capabilities continues to grow [2].

However, deploying autonomous systems without human supervision requires an
exceptionally high degree of safety and reliability. The systems must be rigorously
tested and validated to ensure that they can safely handle any scenario they might
encounter in the real world. Such validation is difficult and complex, and is one of
the limiting factors in deploying autonomous systems to wider operational design
domains.

3



Chapter 1 Introduction

This thesis addresses this validation challenge by exploring how digital twins, high-
fidelity virtual replicas of real-world environments, can be created from real-world
data and used to enable more comprehensive testing in simulation. The work spans
multiple aspects of this problem, including scene representation, sensor modeling,
computational efficiency, scalability, and realism. Across these contributions, the
unifying objective is the development of digital twins that help advance the devel-
opment and deployment of safe autonomous vehicles. Although the primary focus
is AD, many of the proposed methods generalize naturally to related domains that
require reconstruction of virtual 3D environments for realistic sensor simulation, such
as robotics, augmented reality, and embodied AI systems.

The remainder of this introduction outlines the specific challenges addressed in this
thesis and concludes with an overview of the remaining chapters.

1.1 Challenges addressed by the thesis

This thesis addresses the following key challenges in building digital twins for AD:

Building high-fidelity twins from real-world data Validating AD systems
requires access to a large and diverse set of scenarios to ensure safe operation in all
settings prior to deployment. In practice, however, collecting safety-critical events
in the real world scales poorly and offers limited controllability, particularly as the
intended operating conditions expand and scenario coverage requirements increase.
Controlled testing on proving grounds can partially alleviate this limitation through
the use of inflatable vehicles and crash dummies. Nevertheless, such setups lack
the richness and diversity of real-world environments and are both costly and time-
consuming to scale.

This thesis addresses the challenge of constructing high-fidelity digital twins di-
rectly from real-world data. The goal is not only to faithfully replay recorded scenarios,
but also to enable controlled modifications that support (1) closed-loop simulation of
collected data and (2) transformation of nominal situations into safety-critical ones.

Traditionally, controllability has been achieved using fully synthetic data generated
by simulation engines. In these approaches, scenes are assembled from manually
created assets whose behavior is governed by predefined rules or data-driven models.
Planning and control systems can often be validated at an abstract level using object-
level interfaces alone. However, validating perception systems, or the full AD system
end-to-end, requires realistic simulation of raw sensor data, which is typically provided
by physics-based game engines [3], [4].
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Achieving sufficiently high sensor realism with such engines requires substantial
engineering effort, deep domain expertise, and detailed knowledge of proprietary
sensor specifications. Furthermore, engine-based simulation pipelines depend heavily
on artist-designed assets, which limits scalability and constrains the diversity of
generated scenarios.

Recent advances in differentiable scene representations for novel view synthesis,
often referred to as neural rendering [5], [6], offer a compelling alternative. Rather
than manually constructing environments, 3D scenes can be learned directly from
real-world sensor data. These learned representations, coupled with differentiable
rendering, enable photorealistic synthesis from novel viewpoints. As a result, recorded
real-world data can be explored from alternative perspectives to support closed-loop
simulation. Moreover, with additional instance-level scene decomposition dynamic
objects can be explicitly represented, allowing controlled manipulation of individual
objects and their trajectories.

Despite their promising fidelity, existing approaches face important limitations in
the context of AD. First, neural rendering methods are generally not designed primarily
for outward-looking scenes, multi-camera rigs, or multi-modal sensor setups that
combine cameras with lidar, which limits their practical utility for AD simulation.
Second, they struggle with the large-scale environments and high-speed dynamic
characteristics of AD scenes.

To address these challenges, we introduce new techniques for neural rendering that
jointly model camera and lidar data in the large-scale, dynamic settings typical of AD.
In Paper A [7], we present NeuRAD, a neural simulator that achieves state-of-the-art
performance in both camera and lidar rendering. By explicitly modeling key sensor
characteristics, including rolling shutter effects, beam divergence, camera-specific
exposure, and non-returning lidar rays, NeuRAD captures phenomena that prior
methods ignore, leading to substantial gains in rendering quality across multiple
datasets. Papers B [8] and C [9] build on these capabilities while tackling the further
challenges of computational efficiency and scalable scene reconstruction, as discussed
next.

Scaling neural rendering for autonomous driving simulation The tech-
niques proposed in Paper A [7] enable high-fidelity simulation of both camera and
lidar data. As demonstrated in [10], NeuRAD enables the transformation of recorded
nominal driving scenarios into safety-critical ones that force emergency maneuvers,
providing valuable test cases for AD validation. However, although the renderings are
sufficiently realistic for sensor-level closed-loop simulation, the underlying represen-
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tation limits efficiency in terms of training and inference time. This, in turn, restricts
the number of scenarios that can be reconstructed and simulated within a given time
budget.

To address this limitation, we develop SplatAD (Paper B [8]), which instead uses 3D
Gaussian primitives as its scene representation and employs rasterization for efficient
rendering. Through novel rasterization techniques and sensor modeling tailored to the
explicit Gaussian representation, SplatAD enables real-time, high-fidelity rendering of
both camera and lidar data. Notably, the method achieves state-of-the-art performance
while being an order of magnitude faster than NeuRAD, and can achieve competitive
fidelity in a fraction of the training time. These improvements make neural simulators
substantially more practical for autonomous driving applications.

While both NeuRAD and SplatAD demonstrate photorealistic rendering, with
the latter providing substantial efficiency gains, both approaches share an important
limitation when scaling to large scenario sets. To model dynamic actors as separate
instances, they rely on human-annotated object trajectories and 3D bounding boxes.
Although common in the field, such annotations are expensive and time-consuming to
obtain at scale.

In Paper C [9], we address this challenge by introducing IDSplat, a framework for
reconstructing and rendering dynamic scenes without requiring human annotations.
By combining vision foundation models as data priors with classical matching and
estimation techniques, IDSplat achieves performance competitive with SplatAD while
eliminating manual labeling and enabling zero-shot generalization to new datasets.
Together, these advances enable the construction of digital twins that are not only
high-fidelity but also scalable to large simulation workloads.

Both SplatAD and IDSplat highlight the advantages of explicit scene representa-
tions, particularly in terms of inference efficiency enabled by purpose-built rasteriza-
tion techniques. However, rasterization also introduces limitations. The approxima-
tions that enable high speed also make accurate modeling of light transport phenomena
more challenging, complicating the synthesis of realistic reflections, refractions, and
shadows, and limiting support for more complex sensor models.

Recent research has explored mesh-based neural rendering using polyhedral meshes
derived from Voronoi diagrams, enabling explicit representations that can be ray traced
with efficiency close to rasterization-based methods [11]. However, ray tracing in this
setting requires knowledge of mesh connectivity, which necessitates frequent updates
of the dual Delaunay tetrahedralization during training when the mesh is optimized.
Consequently, both training efficiency and scalability to a higher number of primitives
are limited by the computational cost of maintaining this connectivity.
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To address this bottleneck, Paper D introduces a highly parallelizable GPU algo-
rithm for fast construction of large-scale 3D Voronoi and power diagrams. The method
builds on parallel individual cell construction via iterative clipping against bisecting
planes from carefully selected candidate neighbors. Beyond matching state-of-the-art
performance for Delaunay tetrahedralization on small problem sizes, the proposed
approach scales robustly to large point sets and diverse spatial distributions, with
increased efficiency and succeeding where previous methods fail. Moreover, the
method naturally generalizes to power diagrams, which are not supported by many
existing methods. This has a direct practical impact on mesh-based neural rendering
by enabling larger scene representations and, consequently, improved reconstruction
quality. In the context of AD, where scenes are large and rendering efficiency is
critical, this brings mesh-based representations closer to a viable alternative to rasteri-
zation, offering a path toward accurate modeling of reflections, refractions, shadows,
and complex camera models without sacrificing efficiency.

Simulation validity and the real-to-sim gap Papers A–D focus on constructing
digital twins that are both high-fidelity and computationally scalable. However, for
simulation results to be meaningful, it is essential to verify that the AD system
perceives real and rendered data in a consistent manner. To this end, Paper E [12]
investigates the real-to-sim gap for neural simulators in the context of AD.

We identify meaningful correlations between image reconstruction metrics and
downstream model performance, providing insights into the expected performance
of the neural simulator under different conditions. In addition, we study fine-tuning
strategies in which rendered data is systematically leveraged to improve real-world
performance.

Furthermore, we introduce a complementary perspective on the real-to-sim gap
that focuses on improving model robustness to simulation artifacts, rather than solely
increasing rendering fidelity. Together, these findings offer practical guidance on
the reliability and effective use of neural simulators for both validation and training
augmentation.

1.2 Outline

The remainder of this thesis is organized as follows. Chapter 2 situates the work
within the broader context of AD. It reviews the structure of modern AD systems,
discusses the sensor modalities that simulation must reproduce, and examines current
validation strategies and their limitations. The chapter closes by surveying the land-
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scape of neural simulators for AD and identifying the open challenges that motivate
the contributions of this thesis.

Chapter 3 develops the technical foundations of neural rendering. It introduces the
novel view synthesis problem, the two fundamental rendering paradigms used through-
out the thesis, and the evaluation metrics employed in subsequent chapters. It then
traces the progression of scene representations from implicit volumetric fields through
explicit Gaussian primitives to mesh-based formulations, providing the background
needed to understand the design choices made in Papers A, B, and D.

Chapter 4 turns from general-purpose neural rendering to the specific demands of
AD. It discusses how large unbounded environments, fast ego-motion, and dynamic
actors complicate scene parameterization, how multi-sensor rigs require dedicated
modeling of camera and lidar characteristics, and how training and inference efficiency,
together with annotation requirements, determine whether a method can scale to the
scenario volumes required for validation. Papers A, B, C, and D are positioned within
this discussion as concrete responses to these challenges.

Chapter 5 addresses the question of simulation validity. It defines the real-to-sim
gap as a complementary problem to the more familiar sim-to-real gap, examines
the relationship between rendering quality metrics and downstream perception per-
formance, and presents practical strategies for mitigating the gap through both data
augmentation and model robustness. Paper E is discussed within this chapter.

Chapter 6 summarizes the included papers and their contributions, and Chapter 7
finally concludes the thesis by summarizing the contributions, reflecting on the broader
validation challenge, and outlining promising directions for future research.

8



CHAPTER 2

The role of simulation in autonomous driving

While driving along a highway, a vehicle in the adjacent lane suddenly swerves into
your path. You brake sharply, avoiding a collision but unsettling your passengers. In
the aftermath, a natural set of counterfactual questions arises: What if the other vehicle
had accelerated more aggressively? What if the braking had occurred earlier? What if
a lane change had been executed instead? For an autonomous vehicle, the ability to
systematically revisit and vary such scenarios, generating new sensor observations for
each hypothetical, would be enormously valuable for development and validation.

In practice, however, this capability remains limited. Contemporary validation
pipelines rely predominantly on two approaches: replaying previously recorded sensor
logs without modification, or accumulating additional real-world driving miles. Log
replay enables repeatable evaluation but is inherently open-loop; the autonomous
system cannot influence the environment, because no new sensor observations are
generated in response to its actions. Real-world testing, in contrast, provides closed-
loop interaction but is costly, time-consuming, and constrained by safety requirements,
thereby limiting controllability and ultimately scenario coverage. As a result, neither
approach alone scales to the breadth and diversity of situations required for robust
validation.

These limitations have motivated a growing interest in high-fidelity closed-loop
simulation, and in particular in digital twins constructed directly from real-world data.
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In the context of AD, a digital twin is a virtual replica of a recorded scene in which
static structure, dynamic actors, and sensor behavior are faithfully reproduced. Such
a representation supports controlled modifications of the environment, inserting or
removing traffic participants, altering trajectories, or executing alternative ego-vehicle
behaviors, while continuously generating sensor observations consistent with the
modified scene.

By enabling the autonomy stack to interact with a realistic yet fully controllable
virtual environment, digital twins offer a promising pathway toward scalable and safe
system evaluation. Compared to manually authored virtual worlds, data-driven digital
twins have the potential to better capture real-world complexity and rare edge cases
while reducing content creation effort. At the same time, achieving the required levels
of geometric fidelity, photorealism, physical consistency, and computational efficiency
remains an open research challenge. This chapter reviews the fundamentals of AD,
prevailing testing and validation methodologies, and the role of simulation within
them, before surveying the current digital twin landscape and positioning this thesis
within it.

2.1 Autonomous driving systems

Autonomous driving is fundamentally a robotics problem. The vehicle must perceive
its environment from a set of sensors, plan a path to reach a target destination, and
execute the plan while ensuring safety for itself and other road users. While this
might seem like a simple task at first glance, the environment is complex and dynamic,
with unpredictable road users, varying weather conditions, and a large set of traffic
rules, both formal and normative, that varies between countries and regions. To tackle
this complexity, the task has historically been divided into a series of sub-tasks, each
handled by a specialized module. A perception system detects relevant objects in the
environment, including other road users, lane markings, and traffic lights; a prediction
system anticipates how those objects will behave; a planning system computes safe
paths; and a control system executes the planned path [13]. This modular approach
has the advantage that each component can be developed, optimized, and tested in
isolation, with clear interfaces between them. Today, many of these components are
implemented as neural networks trained on large datasets for their specific tasks [14]–
[17].

While modular systems allow for decoupled development, the interfaces between
sub-systems introduce information bottlenecks. The planning module can reason only
about what is passed across the defined interface, not about the overall context of the
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Figure 2.1: Validation requirements across pipeline architectures. In a modular pipeline
(top), each module can in principle be validated using simulation at the appropriate
level of abstraction: planning and control require only behavioral and dynamic
models, while prediction can operate on object-level interfaces. Only perception
validation demands sensor-level simulation. In an end-to-end system (bottom), no
intermediate interface exists; the network consumes raw sensor data directly, so
sensor-level simulation is required throughout. Digital twins address this most
demanding requirement.

scene. As the diversity and complexity of the operational domain grow, so does the
difficulty of defining interfaces that transfer all decision-relevant information without
loss.

An alternative that has gained considerable traction is to reduce the number of
sub-systems by training neural networks to directly output driving decisions from
raw sensor data [18]–[21]. This end-to-end approach allows the system to reason
about the full context of a situation without human-defined information bottlenecks.
However, it presents its own challenges: the absence of isolated components makes
debugging harder and does not allow for decoupled optimization or testing of in-
dividual capabilities. Hybrid approaches also exist, such as architectures in which
perception and planning are trained jointly but control remains a separate sub-system,
or fully end-to-end models that retain intermediate outputs for auxiliary supervision
and easier diagnostics. Which paradigm is best suited for AD remains an active area
of research and industry discussion.

These architectural differences have direct consequences for simulation. As Fig-
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ure 2.1 illustrates, modular systems permit partial validation of individual components
at lower levels of abstraction: prediction, planning, and control can be tested with-
out sensor-level simulation. Full-system validation, however, demands sensor-level
simulation in both paradigms, and in end-to-end architectures there is no fallback for
component-level testing.

Despite their architectural differences, all contemporary AD systems share a critical
dependency on data. Much of the recent progress in the field has been driven by
advances in deep learning, where multi-layered neural networks extract patterns
from data and generalize them to previously unseen situations. Achieving robust
generalization to a vehicle’s intended operational domain therefore requires training
datasets that are both extensive and diverse, covering a broad range of scenarios
representative of real-world conditions. Crucially, this dependency does not end at
training. The same diversity requirement applies to validation: a system must be
tested across a wide range of conditions to provide credible evidence of safety before
deployment. Meeting both demands calls for large volumes of real-world data as well
as the ability to generate and simulate virtual scenarios at scale, which is the central
challenge this thesis addresses.

2.2 Sensor modalities and simulation
requirements

An autonomous vehicle perceives its environment through a suite of complementary
sensors. Cameras capture rich visual information about the scene, lidar provides
accurate depth measurements of the surroundings, and radar provides robust velocity
estimates and range measurements even in adverse weather. Beyond these primary
perception sensors, vehicles incorporate GPS, IMU, and odometry sensors for lo-
calization, and often consume high-definition map information as a structured data
source. Exact sensor configurations vary considerably between manufacturers and
operational domains and remain a topic of ongoing industry discussion.

What matters for simulation, however, is not the diversity of configurations per se,
but what each sensor type requires in order to be faithfully reproduced.

Cameras Cameras form images by projecting a three-dimensional scene through
a lens onto a two-dimensional image plane, recording each pixel as the integral of
incoming light over an exposure interval. Faithful simulation of a camera, therefore,
requires an accurate geometric model of the lens and projection, correct handling of

12



2.2 Sensor modalities and simulation requirements

(a) (b) (c)

Figure 2.2: Camera effects relevant to AD simulation. (a) Rolling shutter distortion causes
vertical structures to appear skewed when the vehicle is in motion, as the sensor
reads pixel rows sequentially rather than simultaneously. (b–c) The same scene
captured by two different cameras in a multi-camera rig, showing noticeable
differences in color and brightness arising from per-camera exposure and imaging
characteristics. Red dashed rectangles highlight the affected regions.

exposure, and realistic rendering of scene appearance, including lighting, material
reflectance, and shadows. Two effects deserve particular attention in the context of
autonomous vehicles. First, because many cameras use a rolling shutter, which reads
pixel rows sequentially rather than simultaneously, each row of an image is captured
at a slightly different moment in time. When the vehicle or scene objects are in
motion, this produces characteristic distortions: structures appear skewed or leaning,
as illustrated in Figure 2.2a. Second, in a multi-camera setup, individual cameras
may exhibit different appearances of the same scene due to differences in exposure
settings and imaging characteristics. As shown in Figures 2.2b–2.2c, the same sun
shade captured by two different cameras of the same sensor rig can differ noticeably
in color and brightness. Faithful simulation must account for both effects to generate
images that are consistent with what each specific camera observes.

Lidar Lidar sensors emit laser pulses and measure the time of flight of returning
echoes to produce dense point clouds of the environment. Automotive lidar sensors
are broadly categorized into spinning mechanical designs, which sweep a 360-degree
field of view and are the dominant type in public research datasets [22]–[27], and solid-
state designs with a fixed field of view that are increasingly prevalent in production
vehicles due to their lower cost and compact form factor [28]. Faithful simulation
requires accurate modeling of the beam geometry, including the angular pattern of
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emitters and the divergence of individual beams; the intensity of returned pulses,
which depends on surface reflectance and incidence angle; and the behavior of rays
that return no echo, due to specular surfaces, transparent materials, or range limits.
As with cameras, motion introduces distortions during a scan: since scanning lidars
acquire points sequentially, each return is measured at a slightly different instant,
meaning both ego-vehicle motion and moving objects in the scene can cause geometric
inconsistencies in the resulting point cloud.

Radar Radar sensors measure reflected electromagnetic waves to estimate range
and radial velocity of surrounding objects. They are notably robust to adverse weather
conditions and darkness, which makes them a common element of production sensor
suites. However, faithful simulation of radar at the raw signal level is substantially
more complex than for cameras or lidar, as it requires modeling wave propagation,
multi-path reflections, and clutter in a physically accurate way. Existing public
automotive datasets typically provide post-processed radar point clouds or object-level
detections rather than raw waveforms [26], [27], limiting the signal-level information
available for simulation development.

For these reasons, raw-signal radar simulation has received comparatively little
attention in the AD context. The scarcity of raw radar waveforms in public automotive
datasets has limited the development of data-driven reconstruction methods. Works
such as Radar Fields [29] and DART [30] have demonstrated neural rendering of raw
radar signals, but do so using custom sensor rigs rather than automotive platforms.
Simulation of post-processed automotive radar point clouds has been explored more
recently [31], [32], but the field remains in its early stages compared to cameras and
lidar.

Consequently, radar simulation falls outside the scope of this thesis, which focuses
on cameras and lidar as the primary high-bandwidth perception sensors covered by
the public automotive datasets considered. Accurate simulation of the full sensor
suite is, in principle, required for complete closed-loop testing of an autonomy
stack. The camera and lidar modalities addressed in this thesis represent the core
of that requirement, and the framework developed can, in principle, be extended to
accommodate additional sensor types as simulation methods for them mature.
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2.3 Validation strategies and their limitations

Validating an AD system is, at its core, a coverage problem. The system must perform
safely across an enormous space of possible situations: varying weather, lighting,
road geometries, traffic densities, and the unpredictable behavior of other road users.
Rare but safety-critical events, such as a pedestrian stepping into the road from
behind an occluding object, or a vehicle running a red light, may be encountered
only once in millions of kilometers of driving yet must be handled correctly every
time. Exhaustively testing an AD system in the real world to achieve such coverage
would require billions of miles of driving [33], an undertaking that is not feasible
within any practical timeframe. In practice, validation is therefore distributed across
multiple complementary strategies, each offering a trade-off between realism, cost,
and scenario coverage, and each leaving a specific gap that the next tries to fill.

Open-loop testing Open-loop testing represents the most fundamental form of
validation. It refers to an evaluation setting in which the system processes prede-
fined inputs without receiving feedback from its own outputs; effectively a replay of
recorded scenarios. The autonomous system consumes sensor data from previously
recorded drives, and its outputs, such as perceived objects, predicted trajectories, or
planned maneuvers, are assessed offline against annotated ground truth or expert driver
actions. Because these outputs do not influence the environment or alter subsequent
inputs, evaluation is limited primarily by computational resources and can be auto-
mated and repeated efficiently across large datasets and multiple software versions.
This scalability is valuable, but it comes with a fundamental limitation: open-loop
testing does not capture the consequences of the system’s decisions. The evaluation
indicates what the system would decide in a frozen snapshot of the scenario, but not
how that decision would affect subsequent events. A planned lane change may trigger
reactions from surrounding traffic or introduce new occlusions for the perception
system; such interaction-dependent effects remain invisible to open-loop evaluation.

Shadow testing A variant of open-loop evaluation is shadow deployment, in
which the autonomous system operates in parallel with a live production or human-
driven vehicle, receiving identical sensor inputs while its outputs are recorded for
offline analysis rather than actuated. This enables direct comparison between the
autonomous system’s decisions and those of the human driver or production system,
and can be distributed across an entire fleet for large-scale exposure to real-world
diversity. Shadow deployment therefore retains the scalability advantage of open-loop
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testing while providing naturally diverse data collection. However, it shares the same
core limitation: because the system’s decisions are never actuated, interaction effects
and error compounding over time remain unobserved.

Real-world testing Despite its costs and practical limitations, real-world testing
remains an indispensable component of system validation. Experiments in controlled
environments such as closed test tracks enable repeatable evaluation of specific
scenarios, including emergency braking responses, obstacle avoidance maneuvers, or
performance under varying road surface conditions. Scenarios can be executed without
risk to public road users, and conditions can be standardized across multiple test
runs. Controlled testing is also a key instrument for standardized safety certification
processes such as Euro NCAP [34].

Beyond controlled settings, real-world validation also occurs through supervised
operation in public traffic, where a trained safety driver monitors the autonomous sys-
tem and is prepared to intervene at any moment. This exposes the system to authentic
traffic dynamics and genuine interactions among road users but is resource-intensive
and provides limited control over scenario coverage. Safety-critical events are rare by
nature and cannot be reliably encountered on demand; achieving meaningful coverage
demands large fleets, substantial personnel, and enormous investment in time. Real-
world testing is necessary but insufficient on its own. The scale of coverage required
for robust validation and efficient iterative development cannot be reached without
simulation.

Simulation-based testing Simulation addresses the coverage and scalability
problems that real-world testing cannot overcome on its own. It enables precise control
of environmental conditions and allows safety-critical scenarios to be generated and
executed repeatedly without endangering road users. Regression testing following
software updates becomes practical, as large scenario suites can be run automatically
and consistently without physical vehicles or drivers.

The validity of simulation-based results, however, depends critically on fidelity.
For simulation to produce meaningful evidence, the autonomous system must behave
in the virtual environment as it would under real-world conditions, requiring accurate
reproduction of sensor inputs, realistic modeling of other traffic participants, and
credible vehicle dynamics. Insufficient fidelity risks producing misleading conclu-
sions: a system may appear robust in simulation yet fail in the real world, or may be
prematurely penalized due to unrealistic simulation artifacts.

Traditionally, high-fidelity simulators have been built using game engines and
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manually authored 3D assets [3], [4]. These environments offer controllability and
physical consistency, but their fidelity depends on the quality and diversity of hand-
crafted content, which is expensive to produce and may not capture the richness
and statistical diversity of real-world driving. The discrepancy between the system’s
behavior in simulation and in the real world, commonly referred to as the sim-to-real
gap, is precisely the limitation that motivates a data-driven alternative. A second
line of recent work pursues data-driven simulation through generative world models
that synthesize sensor data, typically video, directly from learned distributions of
real driving [35]–[39]. While such models offer impressive visual realism and scale
naturally with data, the controllability and 3D consistency required for closed-loop
sensor simulation remain open challenges, and these approaches are discussed in more
detail in Chapter 4. Digital twins constructed directly from real-world sensor data
address the sim-to-real gap by learning scene representations from recorded drives,
inheriting the diversity and complexity of real traffic while retaining the controllability
that simulation requires.

2.4 Neural simulation: landscape and open
challenges

The past few years have seen rapid development of a family of techniques, collectively
referred to as neural rendering, in which a scene representation is learned directly from
captured sensor data so that novel observations can be synthesized from viewpoints
that were never recorded. Neural Radiance Fields (NeRFs) [5] and 3D Gaussian
Splatting (3DGS) [40] are the two dominant paradigms, and the technical details of
both are the subject of Chapter 3. For the purposes of the present chapter, what matters
is the capability these methods provide: given a set of posed sensor observations,
they produce an optimized scene representation that can be rendered from alternative
viewpoints with a fidelity that approaches the original recording. Applied to AD data,
this opens a path toward the data-driven digital twins introduced earlier, in which
the static structure and dynamic contents of a recorded scene are reconstructed from
the ego vehicle’s own sensors and can subsequently be re-rendered along modified
trajectories or with altered actor configurations.

The result is a simulation paradigm that is conceptually distinct from game-engine-
based alternatives. Rather than authoring a virtual world from predefined assets, the
world is inferred from data and inherits whatever richness, variability, and distribu-
tional bias the recorded drives contain. This shift, from manual content creation to
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automated reconstruction, is the principal appeal of neural simulation for AD and is
also the source of its specific open challenges.

Current landscape Early adaptations of NeRF to automotive scenes [41]–[44]
established that volumetric representations could be trained on outward-looking
driving data and extended to handle moving objects by decomposing the scene into
a static background and a set of dynamic actors, typically localized using annotated
3D bounding boxes. UniSim [45] and MARS [46] subsequently demonstrated that
such decompositions could support closed-loop sensor simulation on full automotive
datasets, and NeuRAD [7], presented as Paper A of this thesis, showed that joint
camera and lidar simulation is feasible within a unified NeRF-based framework across
multiple public datasets.

Subsequently, the introduction of 3D Gaussian Splatting [40] triggered a rapid
wave of adaptations to driving scenarios [47]–[51]. The main attraction is rendering
speed: explicit primitives are markedly faster to rasterize than the dense ray sampling
required by volumetric fields, which is of direct practical importance when the same
scene must be rendered many times during closed-loop evaluation. Paper B [8] extends
this line of work by simulating cameras and lidar jointly within a Gaussian-based
framework. A complementary strand of research focuses specifically on high-fidelity
lidar simulation [52]–[54], treating the sensor’s characteristic beam geometry and
ray-drop behavior as a modeling target in its own right.

A separate line of work addresses the assumption that dynamic actors are known
in advance. Methods such as SUDS [55], EmerNeRF [56], PVG [57], 4DGS [58],
Desire-GS [59], and AD-GS [60] learn to separate static and dynamic content from
the sensor data itself, either by time-conditioning the scene representation or by
splitting it into explicit static and dynamic components using photometric or geometric
consistency cues. Paper C [9] belongs to this family and targets the specific case
where actor instances must be identified and tracked across time without relying on
human annotations.

Finally, a growing body of work applies neural simulation as a tool for evaluating
downstream autonomy. NeuroNCAP [10] is an illustrative example, using a data-
driven digital twin as the substrate for safety-relevant closed-loop benchmarking
of end-to-end driving models. Efforts along these lines make it tangible that the
ambition of the field is not photorealistic rendering in isolation, but the construction
of simulators whose outputs can be consumed by an AD stack as a stand-in for real
sensor data.
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Open challenges Despite this progress, several open challenges remain before
neural simulation can serve as a dependable substitute for real-world testing. The
remainder of this thesis is organized around three of them.

Fidelity under autonomous driving conditions. Most foundational work in neural
rendering has been developed and benchmarked on object-centric scenes with dense,
well-distributed camera coverage. Automotive recordings violate essentially all of
these assumptions. Sensors are outward-looking rather than inward-looking; scenes
extend far beyond what can be densely sampled, camera trajectories are close to linear,
sensors vary in capture settings and modalities, and the ego vehicle moves at speeds
that introduce the sensor-motion artifacts described in Section 2.2. Addressing these
factors requires dedicated design choices for how the scene is parameterized across
spatial scales, how far-field structure is represented, how dynamic actors are modeled,
and how rolling-shutter and multi-sensor characteristics are handled during rendering.
Papers A [7] and B [8] target precisely this setting, jointly modeling camera and
lidar, explicitly accounting for key sensor characteristics such as rolling shutter, beam
divergence, and ray drop, and introducing scene parameterizations suited to the large
spatial extents encountered in driving data. Chapters 3 and 4 survey the technical
foundations of neural rendering and the specific adaptations required to obtain faithful
multi-sensor simulation under AD conditions.

Scaling from single scenes to scenario suites. A second challenge concerns scal-
ability. The methods primarily discussed and studied in this thesis are per-scene
optimization procedures: each recorded sequence yields an independently trained
representation, and each additional scene requires additional optimization time. Mean-
ingful validation of an autonomy stack involves not one scene but thousands, ideally
covering a diverse spectrum of environments, traffic patterns, and rare events. Two bot-
tlenecks limit this progression. The first is computational: per-scene optimization can
take hours and rendering costs vary widely across methods, both of which constrain
how many scenes can be processed within a realistic budget. The second is supervi-
sory: most high-fidelity methods rely on accurate 3D bounding-box annotations for
dynamic actors, and such annotations are costly to produce at the scale implied by
fleet-wide data collection. Progress on either front is an active area of research, with
accelerated scene representations and rendering algorithms, annotation-free methods,
and feed-forward alternatives to per-scene optimization representing promising direc-
tions. Chapter 4 discusses these issues in detail. Paper C [9] targets the supervisory
bottleneck by reconstructing dynamic scenes without relying on human-annotated
actor trajectories, while Paper D [11] contributes a computational building block for
scaling mesh-based representations, a promising foundation for scene reconstruction
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that combines explicit geometry with principled yet efficient rendering.
Simulation validity. A neural simulator that produces visually convincing renderings

is not automatically a simulator whose outputs can be trusted as a proxy for real data.
Perceptually minor artifacts can bias a downstream perception model in ways that
are difficult to anticipate from rendering metrics alone, and whether higher rendering
fidelity translates into more valid simulation conclusions is itself an open question.
This concern has been termed the real-to-sim gap, and it coexists with the more
familiar sim-to-real gap rather than replacing it. The two describe distinct transfer
directions and can both apply to the same simulator. How to quantify the real-to-sim
gap in practice, how it affects downstream models, and what can be done to mitigate
it are the subject of Paper E [12] and Chapter 5.

These three challenges structure the remainder of the thesis. Chapter 3 covers the
technical foundations of neural scene representations and differentiable rendering.
Chapter 4 examines how these methods are adapted to the conditions and scale of AD.
Chapter 5 addresses the validity of the resulting simulations.
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CHAPTER 3

Neural scene representations and differentiable
rendering

Consider the challenge of synthesizing what a camera would see from a position that
was never actually occupied during a recorded drive. The question is deceptively
simple to state: given a set of images taken along a fixed trajectory, produce a new
image from a viewpoint nearby but not among those observed. This problem, known
as novel view synthesis, sits at the heart of data-driven digital twin construction. If it
can be solved with sufficient fidelity, then the recorded trajectory of an ego vehicle
becomes not a single fixed sequence but an explorable environment, one that can be
traversed from alternative paths and from which alternative sensor observations can
be synthesized on demand.

This chapter builds the technical foundation needed to understand how such synthe-
sis is achieved in the context of AD. Section 3.1 establishes the novel view synthesis
task, introduces the two fundamental rendering paradigms that make it tractable, and
defines the metrics used to evaluate rendering quality throughout this thesis. Sec-
tion 3.2 surveys the landscape of scene representations for neural rendering, tracing a
progression from implicit volumetric fields through explicit Gaussian primitives to
mesh-based representations.
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3.1 Novel view synthesis and neural rendering

Novel view synthesis (NVS) is the task of synthesizing images of a scene from specific
points of view, given only images from different viewpoints. A natural approach
would be to recover the physical properties of the scene and re-render it from the
desired viewpoint using classical computer graphics. In practice, however, physical
parameters such as geometry, material properties, and illumination are rarely available
in real-world captures, and estimating them from images alone, a problem known as
inverse rendering, remains highly challenging.

The field of neural rendering has emerged as an alternative, combining classi-
cal rendering ideas from computer graphics with deep learning to directly learn a
scene’s underlying geometry and appearance from observed data, without explicitly
recovering its physical parameters [6]. These methods optimize a compact scene
representation, typically parameterized by neural networks, using a differentiable
rendering function as supervision, with the goal of synthesizing photorealistic images
from novel viewpoints. By separating scene modeling from rendering in this way,
the learned representation can be queried at viewpoints that were never observed
during optimization. Applied to AD, the input is typically a set of timestamped, posed
images and lidar scans collected along a recorded drive, and the goal is to synthesize
new observations from nearby viewpoints or timesteps across both camera and lidar
modalities. Rather than replaying fixed sensor logs, a scene model learned via neural
rendering can generate observations for alternative ego trajectories and modified actor
configurations, enabling closed-loop testing beyond the original recording.

Rendering functions

Central to neural rendering is the choice of rendering function, which determines both
what the scene representation must encode and how well real sensor physics can be
modeled. Two dominant rendering paradigms exist, illustrated in Figure 3.1, each
with a distinct trade-off between speed and physical accuracy.

Rasterization is the process of converting 3D geometric primitives into fragments
that form a 2D image. Given scene primitives with known 3D positions, typically
polygons, lines, or points, each primitive is projected onto the image plane under the
camera model. A depth buffer tracks the closest primitive at each pixel location to
resolve visibility, and a programmable shader determines the final pixel color from
the fragment’s interpolated attributes together with material and lighting data. Rasteri-
zation maps well onto GPUs because primitive and fragment operations are highly
parallelizable and execute the same program across many fragments simultaneously,
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Rasterization

for each primitive → which pixels does it cover?

Camera

Primitive

Ray Tracing

for each pixel → what does this ray hit?

Camera

Scene
Object

Light
Source

Figure 3.1: Rasterization vs. ray tracing. Rasterization (left) iterates over scene primitives
and projects each onto the image plane, using a depth buffer to resolve visibility.
Ray tracing (right) iterates over pixels, casting a ray per pixel to find the nearest
intersection with scene geometry; secondary rays for shadows and reflections
emerge naturally from the same mechanism.

requiring limited synchronization. Its principal limitation is that while rasterization
solves primary visibility accurately, it models light transport only approximately;
effects such as reflections, refractions, and soft shadows typically require additional
approximations rather than emerging naturally from the algorithm.

Ray tracing, in contrast, determines pixel colors by casting rays from the sensor
into the scene and computing their interactions with surfaces as they propagate.
Because ray paths can follow specular and diffuse light transport more directly, the
method naturally supports complex optical effects such as reflections, refractions,
and soft shadows. Primary-ray visibility alone is typically more expensive than
rasterization because each ray must search the scene for intersections and often
accesses memory irregularly; the cost increases substantially with additional light
bounces, although dedicated GPU ray-tracing hardware has narrowed the performance
gap in recent years. Beyond surface interactions, ray tracing generalizes naturally to
volume rendering, where rays do not terminate at a surface but instead march through
a medium, accumulating properties such as opacity and color along their path.

This trade-off between the two paradigms is directly consequential for neural
rendering method design. Methods that rely on rasterization can be made extremely
fast but model light transport and sensor physics only approximately. Methods based
on ray tracing offer a closer correspondence to physical image formation, making them
naturally more flexible in this regard. The sensor model reduces to a ray generation
function, so arbitrary sensor geometries (e.g. non-pinhole cameras or the spherical
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parameterization of lidar) and per-ray poses (e.g. rolling shutter) follow without
any changes to the core algorithm. This flexibility, however, comes at the cost of
higher computational demand. As will become clear in Section 3.2, different scene
representations are closely coupled to one or the other paradigm.

Learning through differentiable rendering

All neural rendering methods discussed in this chapter share a common training
loop. A scene representation is initialized and a rendering function produces a
synthetic image from a known viewpoint. This synthetic image is compared to the
corresponding observed image using a photometric loss, typically an L1 or L2 pixel
error combined with a perceptual term, and gradients are propagated back through
the rendering function into the representation parameters via gradient descent. By
iterating this process across all available viewpoints, the representation is gradually
shaped to reproduce the observed data.

The key requirement that makes this possible is differentiability. The rendering
function must be differentiable with respect to the scene representation parameters so
that gradients can flow back into the representation. Volume rendering lends itself
naturally to differentiation because pixel colors are computed as weighted integrals
along a ray, and when the underlying representation is continuous, the pixel colors vary
smoothly with its parameters. Rasterization is not inherently differentiable due to the
discrete nature of primitive coverage, and achieving differentiability requires a custom
backward pass that approximates gradients through the visibility discontinuities.

Regardless of how these challenges are resolved, every method must encode two
fundamental quantities in its scene representation. The first is geometry, which de-
termines what is visible from a given viewpoint. The second is appearance, which
determines the color of visible surfaces, including view-dependent effects such as spec-
ular highlights. The choice of parameterization and its associated rendering function
is what most distinguishes the methods discussed in the following subsections.

Evaluation metrics

Measuring the quality of novel view synthesis requires comparing rendered outputs
to held-out sensor observations. A subset of frames is held out as a validation set
and the remainder used for optimization, directly analogous to the train/test split in
supervised learning. The held-out views are not truly independent, they are drawn
from the same scene and typically the same trajectory as the training frames, so
nearby viewpoints share significant visual overlap. The implications of this evaluation
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protocol for simulation utility are examined in Chapter 5.
For camera rendering, three complementary metrics are standard. Peak signal-to-

noise ratio (PSNR) measures pixel-level reconstruction accuracy in decibels; higher
values indicate closer agreement between rendered and observed images, but the
metric weights all pixels equally, so errors in large flat regions can mask poor recon-
struction of fine detail. The structural similarity index (SSIM) [61] captures perceptual
similarity in terms of luminance, contrast, and structure, and is more aligned with hu-
man visual judgment than raw pixel error. Learned Perceptual Image Patch Similarity
(LPIPS) [62] uses features from a pretrained network to measure perceptual distance
and tends to better capture differences that are visually salient but poorly reflected in
pixel-wise metrics. Together these three metrics provide complementary perspectives
on rendering quality. In settings where no ground-truth images exist, for example for
viewpoints outside the collected trajectory, Fréchet Inception Distance (FID) [63] is
sometimes used as a proxy. Rather than comparing individual image pairs, it measures
the distance between the distributions of generated and real image features, computed
over a collection of images. None of these metrics directly measures simulation
utility for downstream AD tasks, though they serve as useful proxies for developing
and comparing neural rendering methods, a distinction that will become central in
Chapter 5.

For lidar rendering, the relevant quantities differ. Geometry is typically evaluated by
measuring the depth error between synthesized and observed returns along the known
ray directions. Chamfer distance is also commonly used and measures the geometric
accuracy of the rendered point cloud relative to the observed one by summing nearest-
neighbor distances in both directions, penalizing both missing points and incorrectly
placed ones. Intensity error captures the accuracy of the predicted reflectance for each
beam, and ray drop accuracy measures how well the simulator predicts which beams
fail to return a measurement.

3.2 Scene representations for neural rendering

A scene representation for neural rendering encodes the geometry and appearance of a
scene in a form that supports both optimization from sensor observations and synthesis
of novel views via a rendering function. Such representations make fundamentally
different choices about where scene information is stored, how the rendering function
operates on it, and what rendering paradigm it is coupled to. These choices, in turn,
have cascading consequences for reconstruction quality, rendering speed, training
efficiency, editability, and memory consumption. Each of the representations surveyed
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below was partly motivated by limitations of earlier approaches, but they are best
understood as complementary design points rather than a strictly linear progression.

Implicit representations and neural radiance fields

In early works, novel view synthesis was approached through classical light field
methods [64], [65], which capture the full plenoptic function by densely sampling
rays and interpolating between them at render time. While effective for constrained
capture setups, these methods require impractically dense sampling to generalize
to new viewpoints. Neural network-based approaches subsequently emerged with
the rise of deep learning [66], [67], predicting blending weights using CNNs [68],
refining the texture space [69], [70], and coupling the learning with volumetric ray-
marching [71], [72]. Neural Radiance Fields (NeRF) [5] improved the efficiency
and quality of volumetric ray-marching by introducing importance sampling and
positional encoding, and its success resulted in a new paradigm with an explosion of
follow-up works.

Neural radiance fields A scene is modeled as a continuous volumetric function
that maps a 3D spatial position x = (x, y, z) and a viewing direction d = (θ, ϕ) to
a density σ(x) and an emitted color c(x, d) = (r, g, b). In practice, this function is
implemented as a multilayer perceptron (MLP) FΘ : (x, d) → (c, σ), whose weights
Θ are optimized to satisfy this mapping from the observed data. Inputs are commonly
encoded using positional encodings to enable the network to learn high-frequency
functions [73].

To render a pixel from this volumetric representation, principles from classical
volume rendering are applied [74]. A ray r(t) = o + td is cast from camera origin o
with direction d and sampled at multiple distances t along the ray. For each sample,
the MLP is queried to produce a density and color. The expected color of the ray
over bounds tn and tf is obtained by integrating these contributions weighted by
accumulated transmittance:

C(r) =
∫ tf

tn

T (t)σ(r(t))c(r(t), d)dt, (3.1)

where T (t) denotes the accumulated transmittance along the ray, i.e. the probability
that the ray travels from tn to t without being absorbed:

T (t) = exp
(

−
∫ t

tn

σ(r(s))ds

)
. (3.2)
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Rendering an image from the neural radiance field thus requires estimating the integral
in (3.1) for every pixel, or more precisely, for the camera ray passing through each
pixel. In practice, this integral is approximated numerically using quadrature:

Ĉ(r) =
N∑

i=1
Ti(1 − exp(−σiδi))ci, (3.3)

where δi is the distance between adjacent samples along the ray, σi and ci are the
density and color at sample i, and Ti is the transmittance at that sample:

Ti = exp

−
i−1∑
j=1

σjδj

 . (3.4)

Optimizing the scene representation reduces to finding weights Θ such that the
synthesized colors match the observed colors, typically via gradient descent under the
loss:

L =
∑
r∈R

∥∥∥C(r) − Ĉ(r)
∥∥∥2

2
, (3.5)

where R is the set of observed rays, C(r) the observed color, and Ĉ(r) the synthesized
color. With sufficiently many rays observed from diverse viewpoints, the optimization
is constrained enough to recover both the geometry and appearance of the scene,
enabling high-quality novel view synthesis.

The method’s key strengths are its continuity and expressive view-dependent ap-
pearance modeling. The implicit representation is continuous and not bound to any
fixed grid resolution, naturally interpolating between observed viewpoints, while
directional dependence allows it to reproduce specular and other angle-dependent
effects. Its primary limitation is computational cost: rendering each ray requires
querying the MLP at many sample points, making both training and inference slow.

The field of implicit representations Several lines of work have followed since
the introduction of NeRF. Several methods improve rendering efficiency [75]–[81] by
either precomputing the expensive neural field into representations that are faster to
render at inference time, or reparameterizing the scene to accelerate training. Instant-
NGP (iNGP) [75] replaced positional encodings with a learnable multi-resolution
hash grid, enabling fast spatial feature lookups while permitting a much smaller MLP.
This reduced training times from hours to minutes.

A separate line of work [82]–[85] targets aliasing, seeking alternatives to naive
supersampling of multiple rays per pixel. Mip-NeRF [82] renders conical frustums
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defined by each camera pixel rather than infinitesimal rays, constructing an approxima-
tion of the positional encoding over the volume of each frustum. Mip-NeRF 360 [83]
extends this with a scene parameterization better suited to large, unbounded scenes,
and Zip-NeRF [84] combines the anti-aliasing framework of Mip-NeRF 360 with the
grid-based representation of iNGP.

A further direction replaces volumetric density with signed distance functions
(SDFs) to obtain cleaner surface geometry. NeuS [86] and VolSDF [87] both reformu-
late the volume rendering integral in terms of an SDF, producing well-defined surface
normals and enabling mesh extraction without the ambiguous density boundaries of
standard NeRF.

Explicit representations and 3D Gaussian splatting

In contrast to continuous representations and volumetric rendering, explicit 3D repre-
sentations such as meshes and points can be rendered very quickly with GPU-based
rasterization. However, as discussed in Section 3.1, rasterization does not naturally
lend itself to differentiable rendering due to the discrete nature of primitive coverage.

3D Gaussian Splatting 3D Gaussian Splatting (3DGS) [40] resolves this by
representing the scene as a set of 3D Gaussians. The Gaussian distribution of these
primitives creates a differentiable volumetric representation, while closed-form solu-
tions for affine transformation of Gaussians allow for efficient projection to 2D where
they can be rasterized in a highly parallelized manner. The result is a method that
trains and renders at speeds far exceeding NeRF-based methods, with image quality
competitive on the scenes it was designed for.

Instead of learning a neural network to represent the geometry and appearance of
the scene, 3DGS parameterizes the scene as a set of 3D Gaussians, where the mean
µ = (x, y, z) represents the 3D position of a primitive and its covariance Σ represents
its extent and orientation, commonly factorized into a scaling matrix S and a rotation
matrix R:

Σ = RSST RT . (3.6)

In practice, these factors are commonly represented by a 3D vector s for the scale
and a quaternion q for the rotation, which can be converted into the corresponding
matrices. In addition to its spatial parameters, each 3D Gaussian has an associated
opacity o ∈ (0, 1) to represent how much radiance the primitive should absorb, and a
set of spherical harmonics (SH) coefficients representing its color. Similar to NeRF,
these parameters are optimized to minimize a photometric loss. Due to the more
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outlier-prone nature of an explicit representation, the more robust L1 loss is typically
favored over the L2 loss used in NeRF.

To render an image, the 3D Gaussians are first projected to 2D splats. Given a
posed camera, each mean and covariance are transformed from world to camera
coordinates, giving µC and ΣC . The mean is projected to image space µI ∈ R2 via
perspective projection. The covariance is propagated to image space using a first-order
approximation [88], linearizing the projection around the Gaussian mean:

ΣI = JIΣC
(
JI

)T ∈ R2×2, (3.7)

where JI is the two upper rows of the Jacobian of the projective transform. The color
of a pixel p ∈ R2 is then computed using point-based α-blending:

C =
∑
i∈N

ciαi

i−1∏
j=1

(1 − αj), (3.8)

where N is the ordered set of Gaussians that intersect the pixel, ci is the color of
Gaussian i, and αi is obtained by multiplying the associated opacity with the evaluated
2D Gaussian:

αi = oi exp
(

−1
2(p − µI)T (ΣI)−1(p − µI)

)
. (3.9)

This formulation allows gradients from the photometric loss to propagate to all
parameters of every Gaussian intersecting a given pixel, enabling gradient-based
optimization of the explicit representation.

To make this efficient, the rasterizer in [40] divides the image into tiles of 16 × 16
pixels and assigns each Gaussian to the tile or tiles it overlaps, determined by com-
puting axis-aligned bounding rectangles from the eigenvalues of the 2D covariance.
Gaussians are sorted globally by depth in view space, before being divided into per-tile
thread-blocks launching one thread per pixel, where each tile independently blends its
Gaussians front-to-back. Threads within the same tile collaboratively load Gaussian
data into shared memory before traversing the sorted list, yielding high parallelism
for both data loading and processing.

During optimization, Gaussians may be incorrectly placed or scaled due to am-
biguities in the 3D-to-2D projection, forming local optima that gradient updates
alone cannot resolve. Initializing from a sparse point cloud, typically obtained via
Structure-from-Motion (SfM) [89], mitigates this to some extent, but the narrow basin
of attraction of the photometric loss means positional gradients are only informative
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for small displacements, limiting the ability to relocate Gaussians over larger dis-
tances to explain unmodeled geometry or correct misplaced primitives. To address
this, 3DGS introduces heuristics for adaptive density control. At regular intervals,
primitives are cloned in under-reconstructed areas, split in over-reconstructed areas,
and removed if transparent.

The field of explicit representations Since its introduction, 3DGS has inspired
a wide range of follow-up works addressing its limitations along several directions.
Mip-Splatting [90] addresses aliasing, analogous to Mip-NeRF, by introducing 3D
smoothing filters to regularize the maximum frequency of primitives during opti-
mization and a 2D Mip filter in image space to handle aliasing when rendering at
lower sampling rates. 2DGS [91] replaces volumetric 3D Gaussians with flat 2D
Gaussians embedded in 3D space, which better align with surfaces. Gaussian Opacity
Fields [92] define a volumetric opacity field by casting rays through the scene and
computing opacity via explicit ray-Gaussian intersections, replacing the projection-
based rendering of standard 3DGS. This enables surface extraction directly from the
level sets of the opacity field, without resorting to Poisson reconstruction or TSDF
fusion. The adaptive density control heuristics have also received attention. 3DGS-
MCMC [93] reformulates densification as Markov Chain Monte Carlo (MCMC)
sampling, demonstrating increased robustness to initialization. Robustness to real-
world capture conditions has been addressed by [94], which compensates for motion
blur and rolling shutter caused by natural camera motion directly during optimization.
On the efficiency side, LightGaussian [95] reduces the storage and rendering cost
of trained scenes through pruning and knowledge distillation. Several works also
address approximations in the rasterization pipeline. StopThePop [96] corrects sorting
approximations in the tile-based rasterizer that cause popping artifacts during camera
motion. 3DGRT [97] and EVER [98] replace rasterization with ray tracing through
Gaussian volumes, inheriting the flexibility of ray-tracing frameworks and opening
the door to effects that are difficult or impossible to achieve with rasterization, such as
secondary rays. 3DGUT [99] replaces the projection model with an unscented trans-
form, enabling accurate projection under nonlinear camera models such as wide-angle
and fisheye lenses.

Neural rendering with explicit representations is not limited to 3D Gaussian-based
methods. A recent line of work has explored methods closer to mesh-based optimiza-
tion [11], [100], [101]. Triangle Splatting [100] uses triangle primitives as its scene
representation, with a window function to allow smooth, differentiable rasterization.
Since the optimized triangle soup can be rendered in a traditional game engine, it
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achieves very fast rendering speeds. Radiant Foam [11] and Radiance Meshes [101]
instead represent the scene using polyhedral and tetrahedral meshes, respectively.
Radiant Foam partitions the space using a 3D Voronoi diagram and forms images by
ray-tracing through the cells, striking an attractive balance between rendering speed
and the physical accuracy that ray tracing enables. Radiance Meshes take the dual
of the Voronoi diagram, a Delaunay tetrahedralization, to partition the scene, and
introduce a method for rasterizing the tetrahedral volume to achieve higher rendering
speeds. While both methods show promising results for mesh-based rendering, they
share a common bottleneck: maintaining mesh connectivity during optimization in-
curs a significant computational cost, and this recomputation currently scales poorly
to large scene representations.
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CHAPTER 4

Applying neural rendering to autonomous driving

Neural rendering offers a promising foundation for AD simulation, but the methods
introduced in Chapter 3 were primarily designed for object-centric benchmarks with
bounded scenes, dense viewpoint coverage, and controlled capture conditions. AD
data violates most of these assumptions. A recorded drive traverses a large, unbounded
outdoor environment along a single outward-looking trajectory, with dynamic actors
breaking the static-scene assumption that underlies most reconstruction pipelines. The
sensor suite is heterogeneous, typically combining multiple cameras with different
lenses and exposure settings alongside lidar, and both modalities exhibit artifacts
from fast ego motion. This chapter examines how methods in the field address these
challenges. Section 4.1 concerns the scene itself, discussing how representations
are parameterized to accommodate unbounded geometry, dynamic actors, and the
heterogeneous sensor configurations typical of AD capture. Section 4.2 turns to the
sensors, examining the characteristics of real cameras and lidars that must be modeled
for rendered observations to be faithful substitutes for recorded ones. Section 4.3 then
considers the cost of applying these methods at fleet scale, where the computational
burden of per-scene optimization and the reliance on manual annotations become the
dominant obstacles.
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4.1 Scene parameterization

As discussed in Section 3.2, the choice of how to parameterize the scene determines
the representation’s expressiveness, rendering speed, and training efficiency. In this
section, we discuss the implications that AD scenes impose on scene representations
and review common strategies to address these challenges.

Large and unbounded scenes

The neural rendering methods discussed in Chapter 3 were largely developed on
object-centric datasets [5], [83], where a camera captures dense views around a
central object of interest. AD scenes break this assumption in several ways. They
are inherently outward-looking, reconstructed from a sensor rig traveling through the
middle of the environment rather than orbiting around it. A typical scene consists
of 10–20 seconds of temporally collected sensor data, during which the sensor rig
may traverse more than 500 meters depending on the scenario and vehicle speed.
The spatial extent to which reconstruction must be performed is considerably larger
still, since geometry must be modeled out to the sensor horizon, which can involve
buildings and structures kilometers away.

Implicit representations of unbounded space Representing large scenes
using NeRFs comes with several challenges. Unbounded scenes can occupy arbitrarily
large regions of Euclidean space, while many methods require a bounded domain,
for example the hash grid used in iNGP [75]. Allocating representational capacity
uniformly across the scene is rarely desirable. Details in the far distance are typically
less important than the immediate surroundings of the ego vehicle, and a uniform
allocation would require feature grids or MLPs large enough to be memory-intensive
and slow to query.

In UniSim [45], the memory demands of such scenes are addressed by using
sparse voxel grids to represent and optimize features only near observed surfaces.
This approach requires a good initial estimate of surface locations. When lidar
measurements exist, they provide a strong prior, but their capture angle and range
are limited. A complementary strategy separates the modeling of distant regions
using dedicated radiance fields [45] or environment maps [46], [55], which represents
far-field objects and the sky as a 2D texture parameterized over a sphere at infinity.

Mip-NeRF 360 [83] presents a contracted scene parameterization: a mapping
from world space to a parameterization domain that acts as the identity in a region
around the scene center and becomes linear in disparity further out. The scene itself
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remains unbounded, but the mapped space fits inside a finite domain in all directions,
making it compatible with bounded representations such as feature grids. Maintaining
a volumetric representation for distant content, rather than collapsing it to a 2D
environment map, retains parallax in the far field as the ego vehicle moves. Distant
structures shift relative to one another in the way that real geometry at finite depth
does, which an environment map cannot reproduce.

These strategies address where representational capacity is placed but not how rays
are evaluated through it. Naive uniform sampling along rays in large scenes wastes
nearly all samples on empty space, and reducing the sample count uniformly degrades
quality wherever surfaces actually exist. Proposal sampling addresses this by using
smaller auxiliary MLPs to predict promising intervals along each ray, followed by
denser sampling with a more expressive network only in those intervals [83], [84].

Primitive-based representations at scale Explicit representations face analo-
gous challenges to those of implicit ones, but the relevant resource is the number of
primitives rather than the capacity of a feature grid or MLP. The two questions that
drove the implicit discussion, where to place representational capacity and how to
sample it, return in different forms: how to represent far-field content, where placing
primitives directly is difficult, and how to manage the primitive count itself in scenes
where adequate fidelity requires very many of them.

Far-field handling typically takes one of two forms. The most common choice in
AD-targeted 3DGS methods is to delegate sky and distant background to a separate
environment map [47], [49], [57], since both the gradient-based position updates
and densification heuristics of standard 3DGS struggle to place primitives at extreme
distances. As in the implicit case, this removes the ability to model far-field parallax,
but remains a practical choice, particularly if the far-field background is of little
interest in downstream applications. An alternative is to represent the far field with
primitives whose initial positions are placed on a disparity-spaced grid beyond the
lidar range, as in Paper B [8], retaining a single representation across near- and
far-field at the cost of additional primitives.

Primitive count is a defining property of the representation, with direct conse-
quences for memory, rendering cost, and the level of geometric detail that can be
captured. Large, unbounded AD scenes typically require many primitives to represent
near and far geometry simultaneously, and the standard gradient-based densification
strategy in 3DGS adaptively increases and prunes primitives based on optimization
signals, leading to a scene- and hyperparameter-dependent model size with only indi-
rect control over the final memory footprint. The MCMC-based formulation of [93]
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replaces these heuristics with state transitions consistent with stochastic-gradient
Langevin dynamics. The primitive count is then a directly controllable parameter,
useful when the memory footprint must be predictable.

Beyond the count itself, the per-primitive cost of view-dependent appearance can
be reduced by shrinking the spherical-harmonic parameterization or replacing it with
a small learnable feature decoded by a shared network. Orthogonal to both, post-hoc
pruning strategies based on importance [95] or Fisher-information sensitivity [102]
reduce primitive counts after optimization without changing the training procedure.

Mesh-based neural rendering approaches face the same primitive-count constraint,
with an additional bottleneck specific to their formulation: the algorithms that maintain
primitive connectivity scale poorly with the number of cells, which is particularly
limiting in AD scenes where large spatial extent and fine geometric detail jointly
demand high primitive counts. This setting remains comparatively underexplored for
AD data, and removing the connectivity bottleneck is a prerequisite for evaluating
mesh-based methods at AD scale.

Finally, extending to larger city-scale environments can be achieved by composing
independently trained scene blocks with careful handling of overlaps and transi-
tions [103]–[105]. Such block-based or hierarchical strategies are often necessary to
keep memory usage and optimization time tractable at urban scale.

Modeling dynamic actors

A core assumption of vanilla NeRF and 3DGS is that the scene is static: each point in
space has fixed appearance and geometry throughout all observations. This assumption
is routinely violated in AD data. Vehicles, cyclists, and pedestrians move continuously
through the scene, appearing at different positions in images and lidar scans captured
at different times. Without explicit treatment, dynamic objects create cross-view
inconsistencies that a static representation cannot reconcile, producing ghosted or
blurred artifacts that degrade reconstruction quality and prevent the controllable actor
manipulation that simulation requires.

Explicit instance decomposition The standard approach is scene decompo-
sition. The scene is partitioned into a static background and a set of rigid dynamic
actors, each represented in a canonical coordinate frame. A separate representation is
learned for each actor; at render time, actors are transformed into the world frame us-
ing their pose at the queried timestamp. This formulation, introduced in Neural Scene
Graphs [41] and adopted broadly in subsequent works [7], [8], [45]–[49], enables
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Figure 4.1: Trajectory editing through explicit scene decomposition. Three scenes recon-
structed with NeuRAD [7], showing original sensor data (left) alongside renders
with edited actor trajectories (right). Because each actor is represented in a canon-
ical frame and transformed into the world via a per-timestamp pose, recorded
trajectories can be replaced with arbitrary ones, enabling counterfactual scenarios.

controlled trajectory editing by replacing a recorded trajectory with a modified one.
Figure 4.1 illustrates this capability on scenes reconstructed with NeuRAD, where
actor poses have been modified to produce counterfactual trajectories.

The rigid-body assumption underlying this decomposition fits many actor classes
well but does not hold universally. For vehicles, which are kinematically rigid, the
assumption is appropriate: the entire actor can be described by a single time-varying
SE(3) pose, and trajectory editing is straightforward. The rigid assumption holds
reasonably well for cyclists, where pedaling introduces only minor non-rigidity.
Pedestrians are more problematic, as the articulated motion of swinging arms and legs
produces deformations that a single rigid transform cannot capture, leading to blurry
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reconstructions [7]. Extending the bounding-box paradigm to handle this would in
principle require annotating individual body parts, which is not feasible at scale.

OmniRe [49] relaxes this limitation by retaining rigid bounding boxes for vehicles
while modeling pedestrians and cyclists with SMPL-based [106] body pose parameters
estimated from video. This richer representation captures articulated motion more
faithfully. However, it comes with additional preprocessing, where human body poses
must be tracked and aligned, which relies on specialized models and is sensitive to
occlusion and viewpoint coverage. Moreover, SMPL is limited to standard human
body shapes and typical gaits, so actors with unusual configurations or non-standard
classes still fall back to less structured representations. Generalizing this approach
to the full diversity of actors encountered in real-world driving therefore remains
non-trivial.

Time-varying representations A different direction avoids explicit instance
decomposition altogether by making all scene representation parameters functions
of time. EmerNeRF [56] learns separate static and dynamic hash grid fields and
routes queries based on predicted scene flow. Periodic Vibration Gaussians [57] and
subsequent methods such as 4DGS [58], DeSiRe-GS [59], and AD-GS [60] extend
3DGS by making Gaussian attributes time-dependent, adding degrees of freedom to
the optimization that allow the representation to change over time. Being learned
solely from data, these methods can reconstruct more general non-rigid dynamics
without relying on pre-defined motion models or pose parameters. However, this
parameterization does not necessarily recover the true underlying motion, since both
appearance and opacity can be altered over time to satisfy the photometric consistency
objective. The result is often a temporally varying representation that faithfully renders
the training views but struggles with larger interpolations and the harder case of
extrapolation, as illustrated in Figure 4.2. Because temporal change is modeled at the
level of individual primitives rather than coherent instances, such representations also
provide no means to move, remove, or replace individual actors. The representation
reproduces observed motion but does not support arbitrary trajectory editing.

Discussion The choice of dynamic actor representation defines a trade-off be-
tween representational flexibility, the freedom to fit observed motion and appearance,
and structural editability, the degree to which the representation exposes coherent
instances that can be manipulated independently. The two are in tension, since flexibil-
ity is typically gained by relaxing the structural constraints that make editing possible.
Rigid bounding-box decomposition sits at one end, imposing strong structural con-
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With explicit scene decomposition With time-dependent parametersGround truth

Figure 4.2: Comparison of dynamic scene modeling strategies under sparse supervision.
A held-out frame from a scene reconstructed using every fourth frame of a 10 Hz
sequence during training. Left: ground-truth image. Middle: an explicit-trajectory
representation, where actors are modeled as rigid instances with parameterized
motion (IDSplat [9]). Right: a time-dependent parameterization, where scene
dynamics are modeled by Gaussian attributes that vary with time (DeSiRe-GS [59]).
The time-dependent parameterization tends to struggle with recovering the true
underlying motion, resulting in degraded performance in novel views.

straints that enable precise trajectory manipulation but cannot represent non-rigid
dynamics. The works in this thesis adopt this design, with NeuRAD, SplatAD, and
IDSplat modeling dynamic actors as rigid instances within a scene-decomposition
framework. Time-varying primitive methods sit at the other, fitting articulated motion
in the training views by absorbing dynamics into appearance and opacity variations,
but without recovering the underlying motion or supporting instance-level editing.
Hybrid approaches such as OmniRe occupy intermediate positions, gaining non-rigid
expressiveness for specific actor classes while retaining instance-level structure. A
more general hybrid that goes beyond class-specific extensions could combine mo-
tion modeling at multiple levels of granularity. The coarse rigid motion of an actor
would be captured through scene decomposition, faithfully recovering the kinematics
of the object as a whole, while finer non-rigid effects, such as articulated limbs or
opening car doors, would be modeled by time-dependent parameters that only need to
represent small deltas from the rigid motion. Such a decomposition would retain the
controllability of explicit trajectories while restoring the expressiveness needed for
non-rigid actors, making it a promising direction for future work. Underlying these
modeling choices is a more fundamental question: how faithfully does motion need to
be reconstructed for AD simulation to be useful? It is not obvious that capturing every
articulated detail of a pedestrian’s gait is necessary for the downstream perception or
planning models that the simulation is meant to evaluate. Answering this requires
empirical study of the real-to-sim gap as a function of motion fidelity, a direction
Chapter 5 returns to from a broader perspective.
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4.2 Sensor-realistic rendering

Geometric accuracy alone is insufficient for AD simulation. Even a representation
that perfectly reconstructs scene geometry can yield unrealistic sensor observations
if it fails to model the physical processes underlying each sensor’s measurements.
Moreover, accurate modeling of these processes is essential for reliable supervision
during optimization; otherwise, discrepancies and approximations must be absorbed
by the representation itself. This section reviews key sensor characteristics relevant in
the AD context and discusses how the choice of rendering paradigm constrains what
can be modeled faithfully.

Lidar properties

Lidar measures the world by emitting laser pulses and timing the returns. The
basic output is a sparse set of range samples, but several further properties of the
measurement process matter for downstream perception. Returns carry a reflectance
intensity that depends on the surface, the angle of incidence, and the range, and which
is the primary signal for tasks where target surfaces are geometrically indistinguishable
from their surroundings, such as lane and road-marking detection [107]. A laser
pulse may also fail to produce a return when its power is deflected away from the
sensor by a specular surface or when the returned signal falls below the detection
threshold, an effect commonly called ray drop. A simulator that emits a return for
every beam direction produces point clouds whose sparsity pattern does not match
that of the real sensor, constituting a domain shift that propagates into downstream
perception [12], [108], as illustrated in Figure 4.3. Because lidar is a light-based
sensor, the volume-rendering principles developed for cameras can be extended to
it with little modification: the same neural field that produces per-location density
and color can be augmented with a per-location reflectance and ray-drop output,
accumulated along the ray with the same alpha compositing as for color.

Beyond range, intensity, and ray drop, lidar measurements have further charac-
teristics whose detailed modeling lies outside the scope of this thesis: each pulse
has a finite beam footprint that grows with range and can produce multiple returns
when its footprint covers surfaces at different ranges, and as an active sensor incurs a
round-trip transmittance that the standard volume-rendering integral does not account
for. Dedicated lidar-simulation work has examined these effects in depth [52], [108],
[109].

40



4.2 Sensor-realistic rendering

Figure 4.3: Effect of modeling ray drop on simulated lidar point clouds. Highlighted regions
show areas where the absence of returns from specular or low-reflectance surfaces
is most pronounced. Without explicit modeling, the simulator emits returns for
every beam direction and produces point clouds that diverge in sparsity pattern
from the real sensor. Modeling ray drop probability recovers the characteristic
gaps and brings the simulated cloud substantially closer to ground truth. Reported
as Chamfer distance (CD) normalized by the number of ground-truth points (lower
is better).

Rolling shutter

Rolling shutter distortion is present in virtually all consumer and automotive cameras,
but its severity scales with the speed of relative motion between the camera and the
scene. In object-centric NVS settings, where the camera moves slowly around a
stationary subject, rolling shutter is rarely consequential. In AD, particularly for
side-facing cameras whose optical axis is perpendicular to the direction of travel, the
sensor can translate by tens of centimeters between the readout of the first and last
rows of a single frame. Treating the resulting image as captured from a single pose
introduces a temporal inconsistency that manifests as visible geometric distortion,
illustrated in Figure 4.4a.

The lidar sensor is subject to the same effect, often more severely. Many automotive
lidars are spinning sensors that complete a full rotation in roughly 100 ms, during
which the ego vehicle may travel several meters at highway speeds. The resulting
motion distortion of the point cloud is well known and is conventionally addressed
by ego-motion compensation, in which each return is transformed into a common
reference frame using its individual timestamp. However, ego-motion compensation
alone does not resolve the issue for training. A return that was visible from the
sensor pose at its emission time may not be visible from the reference pose used
after compensation. When such returns are used as supervision for a single-origin ray
model, the implied ray can pass through other geometry, producing line-of-sight errors
that yield inconsistent gradient updates. Neglecting these effects in neural rendering
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creates inconsistencies between views, resulting in inaccurate geometry and blurry
renderings, as shown in Figure 4.4b.

The appropriate remedy depends on the rendering paradigm. In volume rendering,
each ray can be assigned its own origin and direction, derived from the sensor pose
at the instant the corresponding row or lidar point was captured. This makes rolling
shutter compensation natural and exact within the ray-casting model and straight-
forward to implement when per-row or per-point timestamps are available, with the
camera shutter time approximated when not directly provided. Figures 4.4c and 4.4d
illustrate the effect of such modeling, adopted in Paper A. Modeling the lidar effect
alone already shows some improvement (Figure 4.4c), but inconsistencies with the
camera produce conflicting gradients, and the renderings remain blurry. Modeling the
effect for both sensors (Figure 4.4d) recovers the geometry faithfully and yields clean,
realistic renderings.

Handling this effect with rasterization is more difficult, as all Gaussians are pro-
jected to a single camera origin per frame. A direct correction would require re-
projecting every Gaussian against every row-level pose, which is computationally
prohibitive. A more tractable approach, explored in Paper B following [94], is to
approximate the effect directly in 2D image space. Given each Gaussian’s velocity,
composed from the ego vehicle and actor velocities, its velocity relative to the camera
is projected to the image plane, yielding an approximate pixel velocity that is used to
shift the Gaussian’s projected mean according to the capture time of each row:

vI = JI(−ωC × µC − vC + vdyn) ∈ R2. (4.1)

Here, vI is the Gaussian’s approximated pixel velocity, JI is the Jacobian of the
projection, µC is the Gaussian’s mean in the camera coordinate system, ωC and vC

are the angular and linear velocities of the camera expressed in the camera coordi-
nate system, and vdyn is the velocity contribution from an associated dynamic actor,
formed from its angular and linear velocities transformed into the camera coordinate
system. In practice, this approximation works well, as shown both qualitatively and
quantitatively in Paper B, without adding significant runtime. The approximation
reuses the Jacobian of the nonlinear projective transform that 3DGS already evalu-
ates at each Gaussian’s mean, and inherits the validity regime of that linearization.
Accuracy, therefore, degrades where the projection is strongly nonlinear, including
when image-space displacements during the exposure are large enough to leave the
neighborhood in which the linearization is accurate. The formulation additionally
assumes constant velocity over the exposure interval, neglecting acceleration and
other higher-order effects.
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(a) original (b) no modeling (c) modeling lidar only (d) modeling lidar + camera

Figure 4.4: Impact of modeling rolling shutter in a high-speed scenario, with inset PSNR.
(a) The original side-camera image. (b) Without any rolling shutter modeling,
renderings are blurry and the recovered geometry is unrealistic, particularly for thin
structures such as the pole. (c) Modeling only the lidar rolling shutter improves
quality but leaves cross-modal inconsistencies that keep the renderings blurry.
(d) Modeling the effect for both lidar and camera recovers sharp renderings and
accurate geometry.

Sensor footprint and aliasing

Both camera pixels and lidar beams have a non-trivial spatial footprint. A camera
pixel integrates radiance over a finite solid angle determined by the lens and sensor
geometry, and a lidar beam diverges into a cone whose cross-section grows with range.
Treating either as an infinitesimally thin ray amounts to point-sampling a continuous
signal, which produces aliasing whenever the scene contains detail finer than the pixel
footprint at the rendered scale [82], [90]. This is particularly relevant for AD data,
where the same surfaces are observed across a wide range of distances as the vehicle
moves through the scene. Without scale-aware modeling, training observations of the
same structure at different ranges impose mutually inconsistent constraints, and the
resulting representation generalizes poorly to novel views at any specific scale.

In volume-rendering, this problem is addressed by methods such as Mip-NeRF [82],
which approximates the integral of positional encodings over the full footprint, a
conical frustum along the ray. For grid-based representations [75], where such
integrals cannot be evaluated analytically, the footprint can instead be approximated
through multisampling combined with resolution-dependent downweighting [84].
While effective at reducing aliasing, these approaches incur a significant computational
overhead due to the increased number of samples.

The rasterization analogue is provided by Mip-Splatting [90], which introduces
a 3D smoothing filter that bounds each Gaussian’s spatial extent by the maximum
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sampling rate at which it was observed in training, and a 2D filter applied at render
time that approximates the box-integration a real camera pixel performs over its
footprint.

Per-camera appearance variation

Multi-camera rigs on production vehicles are heterogeneous. Individual cameras
may have different lens types, exposure curves, white balance settings, and post-
processing pipelines, so the same scene content appears with different brightness
and color depending on which sensor captures it. A representation that treats all
cameras as identical absorbs these systematic differences into the scene appearance
itself, producing inconsistent novel-view renderings and biased gradients during
optimization. The standard remedy in the AD setting is a per-sensor appearance
embedding, learned jointly with the scene and applied as a correction at render time.
Anchoring the embedding to the sensor rather than to the individual image, as is
sometimes done in static-scene NeRF work [110], is what makes the correction
generalize to novel views from the same sensor instead of overfitting to a specific
observed image. A useful side effect is that the embedding can be swapped at
inference, allowing any view to be rendered with the appearance of any sensor in the
rig.

4.3 Scaling to large scenario sets

High-fidelity neural simulation of a single scene is a necessary but insufficient con-
dition for practical AD validation. A meaningful test suite requires hundreds or
thousands of reconstructed scenarios, covering diverse traffic situations, road geome-
tries, and environmental conditions. Achieving this at scale exposes two practical
bottlenecks: the compute required to optimize per-scene representations and the
manual effort required to produce the annotations they depend on, alongside a more
fundamental question about whether per-scene optimization is the right paradigm at
all. This section examines each in turn.

Computational cost of per-scene optimization

Per-scene optimization requires fitting a separate scene representation for every
recorded sequence to be reconstructed. Although the cost of doing so determines how
many sequences can be reconstructed within a given compute budget, the relationship
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to scenario throughput is more nuanced. A single reconstruction can be replayed
against many ego policies, edited actor trajectories, and AD system versions, so the
amortized cost per scenario decreases with scene reuse. Training cost governs how
quickly the library of reconstructions can grow; inference cost governs how many
scenarios can be simulated against it.

Furthermore, the two costs are coupled. Because optimization in neural rendering
depends on gradients computed from synthesized observations, every training step
pays the cost of an inference pass, so improvements to rendering speed translate
directly into faster optimization. Total training time additionally depends on the
number of steps to convergence, which informative initialization, for example from
lidar point clouds or from dense image matching [111], can substantially reduce.

The two rendering paradigms differ markedly on both axes. Volume-rendering
methods [7], [45], [56] require dense ray sampling and many forward passes through
neural fields per pixel, keeping both training and inference times high. Rasterization-
based methods [8], [47], [49] replace dense sampling with primitive projection and
tile-based depth-ordered accumulation, evaluating decoders on the rasterized feature
image rather than per sample. The combined effect of explicit initialization, rasterized
rendering, and dedicated handling of AD sensor characteristics is, as Paper B demon-
strates, sufficient to bring training and inference costs an order of magnitude below
volume-rendering baselines at comparable quality. This combination of advantages
is broadly why rasterization has come to dominate AD-targeted neural rendering,
despite the additional engineering required to handle distorted lenses, lidar projection,
and rolling shutter, all of which fall out naturally in the volume-rendering formulation
but require dedicated mechanisms in rasterization (Section 4.2).

Mesh-based neural rendering approaches such as Radiant Foam [11] face a different
scaling bottleneck: training requires frequent recomputation of cell adjacencies via
Delaunay tetrahedralization as the mesh is optimized, which becomes the dominant
cost at large primitive counts. While Paper D proposes an algorithm that significantly
alleviates this bottleneck, the application to AD data remains future work. Conse-
quently, it is still unclear whether mesh-based methods can match both the quality
and efficiency of 3DGS-based approaches in AD-specific settings.

The annotation bottleneck

While the scene decomposition strategy discussed in Section 4.1 is effective for
modeling most dynamic actors in AD scenes, it depends on a costly input: 3D
bounding boxes with temporal associations across frames, commonly obtained by
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manual annotations. Most major AD datasets provide such labels for benchmarking
purposes, but producing them is a labor-intensive process that does not scale gracefully
to the volumes of data required for industrial deployment. Even with semi-automated
annotation pipelines, the cost of producing, verifying, and maintaining these labels
remains substantial.

A common partial substitute is to replace manual labels with predictions from 3D
object trackers, but this trades one dependency for another rather than removing it.
High-performing trackers are trained on specific datasets with specific annotation
taxonomies, requiring dataset-specific fine-tuning when applied to new sensor configu-
rations or object categories. Their predictions also tend to require post-hoc correction
of identity switches and state-estimation errors before they can be used effectively for
neural rendering.

An attractive annotation-free alternative is to rely on general-purpose vision foun-
dation models to obtain a self-supervised instance decomposition that can be applied
to any sequence without manual labor. Promptable 2D video segmentation models
such as SAM 2 [112] produce temporally coherent masks for arbitrary objects, and
have been trained on large enough corpora to generalize zero-shot across domains.
Language-grounded variants [113], [114] additionally enable querying by class, for
example car or pedestrian, removing the dependence on a fixed taxonomy. The chal-
lenge is that these models operate in 2D image space, while the scene representation
requires per-actor 3D geometry and trajectories.

This is the direction explored in Paper C [9]. Figure 4.5 illustrates the resulting
pipeline: per-frame 2D instance masks and image features from visual foundation
models are lifted to 3D using corresponding lidar point clouds, producing feature- and
instance-painted points. Per-instance poses are then estimated by matching feature
correspondences across time, and the resulting trajectories are smoothed and jointly
refined with the Gaussian scene representation during optimization. The approach
does not rely on dataset-specific retraining and can be applied across different object
categories. In experiments, it achieves rendering quality comparable to annotation-
dependent baselines, suggesting that priors from visual foundation models may be
sufficient to reduce reliance on manual annotations. Further reducing the reliance on
lidar by leveraging monocular depth estimation models [115] is a promising direction
for future work.
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Figure 4.5: Annotation-free instance decomposition in Paper C. A sequence of images is
processed by vision foundation models into 2D instance masks (Grounded-SAM-
2 [113]) and image features (DINOv3 [116]), which are lifted to 3D using cor-
responding lidar point clouds to produce feature- and instance-painted points.
Per-instance poses are estimated by feature correspondence matching across time,
and the resulting trajectories are smoothed and refined jointly with the Gaussian
parameters during scene optimization. The optimized representation supports
rendering of camera, lidar, instance masks, and motion trajectories.

Alternatives to per-scene optimization

Per-scene optimization remains the dominant paradigm in neural rendering for AD,
but its cost has motivated several alternative directions, each making a different
trade-off between fidelity, controllability, and the cost of producing a new scene.

Feed-forward reconstruction Feed-forward methods learn a generalizable
model that maps input observations directly to a scene representation in a single
forward pass, eliminating per-scene optimization entirely. Recent surveys provide
comprehensive reviews of the broader field [117], [118]; here we restrict attention
to AD-relevant developments. Several methods predict Gaussian primitives directly
from sparse surround-view input, either under a static-scene assumption [119] or
with explicit handling of dynamics through predicted scene flow [120], [121]. A
complementary line operates on pointmaps rather than Gaussians, extending DUSt3R-
style regression [122] to the AD setting [123]. Other methods couple feed-forward
reconstruction with generative components, using HD-map-conditioned voxel diffu-
sion to support scene synthesis and extrapolation [124], [125]. Current AD-targeted
feed-forward methods do not consistently match per-scene optimization in rendering
fidelity, but the gap is narrowing and the throughput advantage is structural. Hybrid de-
signs that use feed-forward output as initialization for a short per-scene refinement, or
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that iteratively refine feed-forward predictions through residual feedback [126], [127],
offer a plausible route to combining the throughput of the feed-forward paradigm with
the fidelity ceiling of per-scene optimization.

Generative world models A more radical alternative abandons explicit scene
reconstruction and replaces it with a generative model that synthesizes plausible
sensor observations conditioned on driving context. Models such as the GAIA se-
ries [35], [36], Cosmos [37] and its driving-specific variant [38], and the Waymo
World Model [39] take video, action, and structured conditioning as input and produce
future sensor observations as output, without an explicit 3D scene at any intermediate
stage. Their defining capability is the synthesis of scenes that were never recorded,
including traffic scenarios, weather conditions, and times of day that are absent or rare
in the training distribution but can be produced through conditioning. The strengths
and limitations are largely complementary to those of reconstruction-based methods.
The marginal cost of producing a new scenario is the cost of inference rather than the
cost of recording, annotating, and reconstructing it, and variation along axes such as
illumination and weather is comparatively easy to produce. Conversely, conditioning
is not the same as precise control: actor placement, sensor characteristics of the kind
discussed in Section 4.2, and geometric consistency across views and time are not
enforced by construction and are difficult to verify at the precision that perception
evaluation requires. Lidar output is largely absent from the paradigm altogether. Train-
ing such models also requires data and compute resources on a scale only available
among a small number of industrial actors, which is reflected in the origin of the most
prominent results. Reconstruction and generation are likely to remain complementary
in the near term, and an active line of work increasingly combines the two by using
reconstructed scenes as conditioning for generative variation, or generative outputs as
conditioning for reconstruction.

Actor compositing A third direction sidesteps full-scene reconstruction by com-
positing pre-built actor assets into a separately reconstructed static background. An
actor library is populated with neural representations of individual vehicles, pedes-
trians, and other dynamic objects, optimized once per asset and inserted at arbitrary
positions and orientations into any background scene. Recent work has extended this
paradigm using diffusion-based refinement to improve realism and scene integration
of inserted actors [128], and generating new assets directly in a learned latent space
rather than relying on a fixed library [129]. The approach offers strong scenario
controllability and amortizes asset cost across scenes, but the static background is

48



4.3 Scaling to large scenario sets

typically still produced by per-scene reconstruction.

Discussion These directions occupy different positions on a fidelity-controllability-
cost surface rather than ranking on a single axis. Per-scene optimization currently sets
the bar for reconstruction fidelity and for the precise reproducibility required when an
AD system must be evaluated against a specific recorded scenario. Actor compositing
extends this paradigm by amortizing actor models across scenes, raising the utility of
each reconstruction. Feed-forward methods aim to retain the geometric grounding of
optimization-based approaches while removing the per-scene cost. Generative world
models trade explicit reconstruction for breadth and ease of producing new scenarios,
with consistency and physical plausibility as the open issues. The latter two directions
have received limited attention addressing the physical sensor processes needed for
high-fidelity simulation, as discussed in Section 4.2, suggesting a promising avenue
for future research.

The work in this thesis sits within the per-scene optimization paradigm and con-
tributes to relaxing its main costs: Paper B reduces optimization and rendering time
by an order of magnitude relative to volume-rendering predecessors, Paper C removes
the dependence on manual 3D annotation, and Paper D extends the primitive-count
ceiling for mesh-based representations that may eventually serve as alternatives to
Gaussian primitives in this setting.

49





CHAPTER 5

Simulation validity and the real-to-sim gap

Chapters 3 and 4 address how to use neural rendering to build digital twins for
autonomous driving that are high-fidelity and computationally scalable. This chapter
asks a qualitatively different question: once a digital twin has been built, how reliably
can conclusions drawn from simulated data be transferred to real data?

A digital twin that produces photorealistic images but introduces structured visual
artifacts not captured by image quality metrics can produce misleading inputs to an
AD system in ways that are difficult to detect without direct comparison to real data.
If a simulator produces artifacts that make it easier for a perception model to detect
objects, then the test results in simulation will overestimate the performance of the
model. Conversely, if the simulator produces artifacts that make it harder for the
model to detect objects, equally wrong conclusions will be drawn about the model’s
performance.

This chapter examines the real-to-sim gap, its relationship to rendering quality and
downstream performance, and what can be done to make simulation results more
reliable in practice.
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5.1 The real-to-sim gap

Sim-to-real Two distinct but related simulation gaps arise in autonomous driv-
ing development. The sim-to-real gap is the long-studied problem of transferring
knowledge acquired in simulation to real-world deployment. A model trained on
synthetic data often generalizes poorly when applied to real sensors because the
simulator’s appearance and physics differ from reality. In the AD context, this gap
remains actively relevant. It arises when using game-engine-based simulators to
generate perception training data, when training planners or reinforcement learning
agents in synthetic environments, or when augmenting real datasets with synthetic
sensor observations. Extensive work in robotics and machine learning has developed
strategies for bridging this gap, including domain randomization, adversarial feature
alignment, and image-to-image stylization [3], [4], [130].

Real-to-sim The complementary problem, and the focus of this chapter, is the
real-to-sim gap: the tendency of a system trained entirely on real data to behave
differently when evaluated on simulated data. This gap is specific to simulation-based
validation, where an AD system that has never been exposed to rendered images is
asked to perform on them as a proxy for real-world testing. Unlike the sim-to-real
setting, no domain adaptation has been applied during training, and the gap arises
purely from the discrepancy between real and rendered sensor observations. The two
gaps are not mutually exclusive. A development pipeline typically uses simulated
data in both settings: augmenting training with targeted synthetic data, and validating
on simulated high-fidelity renderings. Each setting carries its own dominant gap,
and warrants different mitigation strategies. Despite the growing interest in neural
rendering for AD, the real-to-sim direction has received considerably less systematic
attention than its sim-to-real counterpart, and large-scale studies across models, scenes,
and rendering qualities remain scarce.

Measuring the gap Measuring the gap on interpolated views, where each rendered
image has a corresponding real image, is the most direct setting. Two complementary
quantities are informative. The first is the performance drop, defined as how much
the model’s standard metric (such as object detection accuracy) deteriorates for a
given perception task when the input is rendered rather than real-world data. The
second is detection agreement, which measures the fraction of predictions that the
model makes consistently across the two modalities, regardless of whether those
predictions are correct with respect to ground truth. Performance drop quantifies
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how much the simulation under- or overestimates model capability, while detection
agreement quantifies whether the model is responding to the same features in both
settings, and is therefore the more direct proxy for simulation validity. As shown
in Paper E, the detection agreement can vary drastically between models evaluated
on the same rendered scenes, highlighting the need for investigating the gap for the
specific simulation use case.

Prior work Few works on neural rendering for AD address the real-to-sim gap
directly. Where it appears, it is most often as supplementary downstream experiments
accompanying a method whose main contribution is rendering quality. UniSim [45],
DyNFL [53], and NeuRAD [7] each report how various downstream models, spanning
object detection, semantic segmentation, motion forecasting, planning, and depth
estimation, perform on rendered sensor observations relative to real ones, reporting
performance drop and detection agreement as measures of the real-to-sim gap. While
these experiments provide valuable quantitative results on the gap, they are run
on small evaluation sets relative to the scale at which AD perception is normally
benchmarked and offer little practical guidance on how to characterize, predict, or
mitigate the gap going forward, with more extensive studies so far limited to fully
synthetic setups [131]. Paper E [12] takes up the real-to-sim question as the object of
study rather than as a side check on a rendering method.

5.2 Limitations of image quality metrics

Progress in neural rendering for AD is conventionally tracked through the image
quality metrics discussed in Section 3.1, which quantify the pixel- or perceptual-level
distance between rendered and real images. The implicit assumption is that these
metrics serve as a proxy for the real-to-sim gap. If rendered images are perceptually
indistinguishable from real ones, then a perception model evaluated on them should
respond as if they were real. This assumption is partially correct, as shown by the real-
to-sim experiments in prior work where methods with higher rendering fidelity also
perform better when it comes to agreement with real data on downstream tasks [7],
[45]. But the relationship between image-space metrics and downstream task behavior
is more nuanced.

Image quality metrics vs. downstream performance Image quality metrics
are natural objectives for a rendering method since they directly quantify what is being
optimized. However, while serving as useful proxies for the real-to-sim gap, they do
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Original

PSNR: 24.61 dB 

PSNR: 28.51 dB 

(a) Original

Original

PSNR: 24.61 dB 

PSNR: 28.51 dB 

(b) NeuRAD rendering

Original

PSNR: 24.61 dB 

PSNR: 28.51 dB 

(c) Original with color shift

Figure 5.1: Image quality metrics can be misleading proxies for downstream performance.
Detections from an object detector are overlaid as 2D bounding boxes (blue:
pedestrian, orange: car). (a) The original image, on which the perception model
correctly detects the pedestrian. (b) A NeuRAD rendering of the same scene:
actor blurring causes the detection to be missed, despite the rendering attaining a
relatively high PSNR. (c) The original image with a uniform color shift applied:
PSNR is lower than in (b), yet the detection is preserved exactly because the spatial
structure the model relies on is intact. The example illustrates how rendering
errors that are spatially concentrated on semantically loaded regions can affect
downstream performance more than larger, more uniformly distributed pixel-level
errors.

not tell the full picture. A method with better PSNR may still produce artifacts that
are more consequential for tasks such as object detection. A rendering method may
distribute its error across many pixels in ways that are imperceptible to a perception
model, or concentrate it in small regions that happen to alter a single bounding
box prediction. Reported failure modes in neural rendering for AD include blurry
reconstructions of non-rigid actors such as pedestrians, thin structures appearing
semi-transparent under long night-time exposures, and floaters from strong blooming
and lens-flare [7]. As illustrated in Figure 5.1, blurry actor reconstructions can cause
missing detections from downstream models, despite achieving better PSNR than
the color-distorted version with zero real-to-sim gap. Sensor effects such as rolling
shutter and motion blur similarly have a small impact on image quality metrics when
unmodeled, yet their omission introduces a visible gap to real data that a perception
model may be sensitive to [7].

Image quality metrics still serve as useful proxies for the gap, in particular when
complemented with experiments to verify their correlation to downstream perfor-
mance, a topic further studied and discussed in Paper E.
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Downstream performance in extrapolated views Extrapolated views, pro-
duced by rendering from poses that deviate from the training trajectory, are the setting
most relevant for closed-loop simulation and targeted scenario generation. They are
also the setting in which the standard evaluation setup breaks down. No corresponding
real image exists, which rules out both image quality metrics as well as any direct
measurement of detection agreement. Distribution-based metrics such as FID remain
computable, since it compares distributions rather than paired images, but its scores
are difficult to interpret directly. However, correlations can first be established between
FID and detection agreement on interpolated views, and then be used as guidance
in the extrapolated setting. In practical terms, FID can be used to calibrate how far
a given rendering method can be extrapolated before the expected real-to-sim gap
exceeds an acceptable threshold.

A second, and in some ways more fundamental, difficulty is that extrapolated
evaluations combine two distinct effects. The first is a genuine degradation of the
renderings at poses far from the training trajectory. The second is that the downstream
model itself may perform worse in extrapolated scenarios, which differ from those
it was exposed to during training. For instance, a laterally shifted camera places the
vehicle between lanes or close to road boundaries, configurations that are rare in the
real training distribution. A measured performance drop on a downstream task under
extrapolation, therefore, cannot be cleanly separated without controlled real-world
data from the same shifted poses. Closed-loop simulation is consequently the setting
that most justifies neural rendering, and the one in which the real-to-sim gap is hardest
to measure.

5.3 Closing the gap

The preceding sections have aimed to give a more nuanced picture of what closing the
real-to-sim gap entails. Improving rendering fidelity remains a productive direction,
and image quality metrics remain useful benchmarks for tracking it, but neither on its
own gives a complete account of simulation validity for a given downstream task. This
section turns to what can be done about the residual gap in practice. Two directions
are discussed here: model-side strategies that adjust the perception model so that
whatever artifacts remain matter less for its predictions, and rendering-side strategies
that use generative priors to reduce the artifacts themselves in regimes where the
reconstruction signal is weak. Each addresses a different part of the problem, and
each carries its own caveats, which the section also examines.

55



Chapter 5 Simulation validity and the real-to-sim gap

Robustness to rendering artifacts A complementary direction to improving
simulator fidelity is to address the gap from the model side. Rather than making the
simulator more realistic, the downstream model is made more tolerant of simulation
artifacts. The most direct model-side intervention is to fine-tune the downstream
model on data that expose it to the artifacts simulation will introduce. Strategies span
a spectrum from agnostic to artifact-specific, with corresponding trade-offs in cost
and effectiveness.

At the simulator-agnostic end, classical image augmentations applied during fine-
tuning, such as Gaussian blur, photometric jitter, additive noise, and downsampling
followed by upsampling, broaden the distribution the model is exposed to without
requiring any rendered data and therefore scale to full perception datasets at negligible
cost. These are common augmentation strategies when training deep learning models
on computer vision tasks [132], and are likely already included in the model’s original
training. It is therefore not obvious that further fine-tuning with similar augmentations
provides additional value. A separate question is whether these generic augmentations
can be tuned to match the specific artifacts produced by neural rendering simulators,
rather than just broadening the input distribution in the abstract.

At the simulator-specific end, fine-tuning on a mixture of real and rendered images
from the simulator directly exposes the model to the same artifact structure it will be
evaluated against. This comes at the cost of running the rendering pipeline at training
scale: every scene to be used as augmentation must first be reconstructed, which
can incur substantial computational cost at the scale of typical perception training
datasets.

An intermediate strategy is to learn an image-to-image model [133] that maps real
images to the rendered domain and use its output as augmentation. Such models
can be trained once on a relatively small set of rendered target images, and then
applied at inference cost to a much larger dataset of real images, producing render-like
augmentations at the scale of the perception training set. This strategy avoids per-
scene reconstruction while still exposing the model to renderer-like artifacts, subject
to how well the image-to-image model captures the renderer’s output distribution.
Figure 5.2 illustrates examples of these different strategies applied to the same image.
Paper E discusses the approaches and their relative performance across downstream
models in detail.

When robustness becomes adaptation Fine-tuning the downstream model to
be more robust against rendering artifacts can affect its performance on real data, and
it is important to verify that real-data performance is not sacrificed in the process. As
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(a) Original (b) Image augmentations

(c) Rendered image (d) Image-to-image

Figure 5.2: The three model-side augmentation strategies discussed in Section 5.3, applied to
the same source image. (a) Original real image. (b) Classical image augmentations
(Gaussian blur, photometric jitter, additive noise, downsampling-then-upsampling),
which broaden the input distribution without targeting specific simulator artifacts.
(c) A NeuRAD rendering of the same scene, which carries the artifact structure
of the rendering pipeline directly but requires per-scene reconstruction. (d) An
image-to-image translation of the original toward the rendered domain, which
approximates the rendered artifact distribution at inference cost without per-scene
reconstruction.
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discussed in Paper E [12], this varies considerably across augmentation strategies and
models, where some configurations leave real-data performance untouched, others
degrade it slightly, and, more interestingly, certain augmentations actually improve
it for some models. The robustness gained depends on the specific combination
of renderer and downstream model, since the artifact structure changes with the
rendering method, the reconstruction quality, and the model’s own sensitivities. A
reliable understanding of how a given fine-tuning strategy affects a given (renderer,
downstream model) pair therefore has to be established per case rather than assumed
from a general result.

Augmenting real-world training with rendered views The fine-tuning ma-
chinery using rendered views can be turned to a different purpose: making downstream
models more robust on real data by training on rendered views that expose them to
configurations that are rare or absent in the original training distribution. Driving data
is heavily concentrated near the lane center, since vehicles spend most of their time
there, and downstream models trained on such data tend to perform poorly when con-
fronted with laterally shifted, off-axis, or steep cut-in configurations at test time [12].
Synthesizing training views that fill these gaps has been a long-standing goal. The
early end-to-end driving work of Bojarski et al. [18] simulated lane-shift and rotation
perturbations through approximate viewpoint warping precisely to teach the network
to recover from off-center positions. Neural rendering offers a substantially better
tool for this, since it produces geometrically and photometrically faithful renderings
rather than warped approximations, and labels from the original views can in many
cases be transferred to the synthesized poses through the known 3D transformation
between them. Several works have reported real-data improvements from training
on rendered novel views. UC-NeRF [134] augments monocular-depth training with
NeRF-rendered views and reports sharper, more accurate depth predictions on real
data, and S-NeRF++ [135] reports performance gains on multiple downstream percep-
tion tasks when training is supplemented with NeRF-simulated scenes. The caveat
for this use of rendered data is that geometrically valid relabeling assumes that the
new viewpoint sees the same scene content as the original, which may break under
occlusion. A laterally shifted camera can reveal previously occluded surfaces or hide
previously visible ones, and labels copied directly from the original pose will be
wrong in those regions.

Generative priors for residual artifacts Model-side robustness reduces sen-
sitivity to artifacts the model has been exposed to during fine-tuning. It does not,
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on its own, address the more severe quality degradation at extrapolated viewpoints,
where the rendering method itself is operating outside its reliable regime, and where
augmentation strategies calibrated to interpolated-view artifacts are not guaranteed to
cover the different failure modes that appear under large pose shifts.

A complementary direction, pursued independently of model-robustness work, is
to improve the rendering method’s own behavior in these regimes through generative
priors. Diffusion models trained on large corpora of real driving imagery encode
rich knowledge of plausible scene content, which can be used to fill in regions of an
extrapolated rendering that the underlying reconstruction has left underdetermined.

The diffusion model can be used as a post-hoc image enhancer that operates on ren-
dered outputs without modifying the underlying reconstruction [128]. Alternatively,
generated views can be distilled back into the 3D representation during reconstruction,
training it on a mixture of observed and generated views so that the geometry and ap-
pearance optimization is aware of the prior [136]. General-purpose work on diffusion
priors for novel-view synthesis, including ReconFusion [137] and CAT3D [138], has
demonstrated high-quality 3D reconstructions from very few input views, and is a
promising route to improved extrapolation.

Taken together, the strategies discussed in this section do not eliminate the real-to-
sim gap, but they make it more visible, at least partially quantifiable, and bounded,
which is the precondition for using simulation results to draw trustworthy conclusions
about real-world system behavior.
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CHAPTER 6

Summary of included papers

This chapter provides a summary of the included papers.

6.1 Paper A

Adam Tonderski†, Carl Lindström†, Georg Hess†, William Ljungbergh, Lennart
Svensson, Christoffer Petersson
NeuRAD: Neural Rendering for Autonomous Driving
Published in IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion (CVPR),
pp. 14895–14904, 2024.
DOI: 10.1109/CVPR52733.2024.01411
© 2024 IEEE. Reprinted, with permission, from A. Tonderski, C. Lindström, G.
Hess, W. Ljungbergh, L. Svensson and C. Petersson, “NeuRAD: Neural Ren-
dering for Autonomous Driving”, 2024 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), 2024.

We propose NeuRAD, a novel view synthesis method for dynamic autonomous
driving scenes. Our method is the first to jointly model full 360° multi-camera rigs
and lidar data, and the first to emphasize sensor-accurate modeling of rolling shutter
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effects, lidar beam divergence, and ray dropping for improved realism. Together,
these contributions set a new state of the art across five popular autonomous driving
benchmarks.

AT, CL and GH share first authorship. They jointly developed the method, carried
out the experiments, and wrote the manuscript. The implementation was done by AT,
CL, and GH, with assistance from WL. LS and CP provided valuable feedback on the
method and manuscript.

6.2 Paper B

Georg Hess†, Carl Lindström†, Maryam Fatemi, Christoffer Petersson, Lenn-
art Svensson
SplatAD: Real-Time Lidar and Camera Rendering with 3D Gaussian Splatting
for Autonomous Driving
Published in IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion (CVPR), pp. 11982–11992, 2025.
DOI: 10.1109/CVPR52734.2025.01119
© 2025 IEEE. Reprinted, with permission, from G. Hess, C. Lindström, M.
Fatemi, C. Petersson and L. Svensson, “SplatAD: Real-Time Lidar and Cam-
era Rendering with 3D Gaussian Splatting for Autonomous Driving”, 2025
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR),
2025.

NeuRAD produces high-fidelity reconstructions but training takes several hours,
and rendering is too slow for real-time simulation. We propose SplatAD, which
reformulates the problem using 3D Gaussian Splatting to enable real-time rendering
and training times measured in minutes rather than hours. While existing 3DGS
methods are limited to camera data, SplatAD is the first to jointly render both camera
and lidar from a single unified representation. This is achieved through purpose-built
rasterization algorithms paired with sensor modeling designed to fit the rasterization
paradigm. SplatAD reaches competitive performance within minutes of training and
surpasses the previous state of the art when matching their training times.

GH and CL share first authorship. They collaboratively developed and implemented
the method, performed the experiments, and wrote the manuscript. MF, CP, and LS
provided valuable feedback on the experimental setup and the manuscript.
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6.3 Paper C

Carl Lindström†, Mahan Rafidashti†, Maryam Fatemi, Lars Hammarstrand,
Martin R. Oswald, Lennart Svensson
IDSplat: Instance-Decomposed 3D Gaussian Splatting for Driving Scenes
To be published in IEEE/CVF Conference on Computer Vision and Pattern
Recognition Findings (CVPRF), 2026

Existing work on dynamic scene reconstruction rely on costly human-annotated
object trajectories or model dynamic content as unstructured time-varying primitives,
preventing decomposition and manipulation of individual objects. We propose ID-
Splat, which instead reconstructs dynamic scenes with explicit instance-level decom-
position and learnable motion trajectories, without requiring any human annotations.
By combining vision foundation models with classical matching and estimation tech-
niques, IDSplat achieves competitive reconstruction quality while enabling practical
scene manipulation such as actor removal and trajectory editing.

CL and MR share first authorship. CL proposed the original project idea and
concept in discussions with LS. CL led the development and implementation of the
proposed method, with MR contributing to the design and refinement of the approach.
MR took primary responsibility for setting up and running baseline comparisons. CL
and MR jointly carried out the experiments and led the writing of the manuscript.
MF, LH and MO provided input on the method and experiments, and all authors
contributed valuable feedback on the manuscript.

6.4 Paper D

Bernardo Taveira†, Carl Lindström†, Maryam Fatemi, Lars Hammarstrand,
Fredrik Kahl
Scalable GPU Construction of 3D Voronoi and Power Diagrams
To be published in ACM SIGGRAPH 2026 Conference Proceedings (SIG-
GRAPH), 2026

Mesh-based neural rendering methods represent scenes as volumetric meshes de-
rived from Voronoi or Delaunay topology, but repeatedly recomputing these structures
during training creates a computational bottleneck that limits scalability. We intro-
duce a highly parallelizable GPU algorithm for constructing large-scale 3D Voronoi
and power diagrams, where each cell is computed independently through iterative
cell-clipping, using a directional culling criterion and bounding volume hierarchy for
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efficient neighbor search. The method scales robustly to tens of millions of points
where existing methods fail, and naturally generalizes to power diagrams. Applied to
mesh-based neural rendering, removing this bottleneck directly enables larger scene
representations and improved reconstruction quality.

BT and CL share first authorship. They jointly conceptualized the work, developed
and implemented the method, designed and conducted the experiments, and took the
lead on writing the manuscript. MF, LH, and FK contributed through discussions
on problem formulation and evaluation and provided substantial feedback on the
experiments and the manuscript.

6.5 Paper E

Carl Lindström†, Georg Hess†, Adam Lilja, Maryam Fatemi, Lars Ham-
marstrand, Christoffer Petersson, Lennart Svensson
Are NeRFs ready for autonomous driving? Towards closing the real-to-simulation
gap
Published in IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion Workshops (CVPRW),
pp. 4461–4471, 2024.
DOI: 10.1109/CVPRW63382.2024.00449
© 2024 IEEE. Reprinted, with permission, from C. Lindström, G. Hess, A. Lilja,
M. Fatemi, L. Hammarstrand, C. Petersson, and L. Svensson, “Are NeRFs ready
for autonomous driving? Towards closing the real-to-simulation gap”, 2024
IEEE/CVF Conference on Computer Vision and Pattern Recognition Work-
shops (CVPRW), 2024.

As neural simulators improve, a critical question emerges: do perception models
interpret simulated data the same way as real sensor data? We conduct the first large-
scale study of the real-to-simulation gap in an autonomous driving context, evaluating
object detectors and an online mapping model on both real and neural-rendered data.
Rather than exclusively targeting rendering fidelity, we propose fine-tuning strategies
that improve model robustness to simulation artifacts, yielding notable gains and in
some cases also improving real-world performance. We further identify FID and
LPIPS as strong predictors of the real-to-simulation gap, offering practical guidance
on when neural simulators can be trusted.

CL and GH share first authorship. They developed the overall methodology, ran
the experiments, and analyzed the results, with AL providing additional support in
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implementation and experimentation. CL and GH led the writing of the manuscript,
with all co-authors providing valuable feedback on the manuscript.
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CHAPTER 7

Concluding remarks

In this thesis, we have studied how neural rendering can be used to construct digital
twins of recorded driving data, with the goal of creating virtual environments that are
sufficiently realistic and controllable to support the validation of AD systems. Our
contributions include methods for jointly rendering camera and lidar data, modeling
key sensor characteristics, reducing the cost and annotation requirements needed
to scale these approaches, and systematically evaluating how well simulated data
reflects real-world system behavior. While these results represent meaningful progress,
several open challenges remain before neural simulators can serve as a primary tool
for AD validation.

Toward the full automotive sensor suite This thesis focuses on the joint
treatment of camera and lidar modalities, while radar remains largely outside the scope
of current neural rendering approaches. Yet radar is a core component in many AD
systems and is essential to simulate for comprehensive system validation. Developing
methods that can render camera, lidar, and radar from a unified learned representation,
ensuring cross-modal consistency by construction, would help bridge a significant gap
between existing neural simulators and real-world sensor configurations. A notable
step in this direction is NeuRadar [31], which demonstrates such unified multi-modal
rendering, but this line of work remains relatively underexplored and would benefit
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from further attention. Progress in this direction is currently limited by the scarcity
of datasets that include radar, particularly those that capture all three modalities
simultaneously. Expanding such datasets would likely play a key role in advancing
the field.

Richer models of dynamic actors The works in this thesis model dynamic
scenes as collections of rigid instances, enabling precise trajectory editing but limiting
the representation of non-rigid motion in pedestrians, cyclists, and articulated vehicle
parts. At the other extreme, time-varying primitive methods capture such dynamics
by absorbing them into position, appearance, and opacity variations, but at the cost
of instance-level controllability. A promising direction is to bridge these paradigms
through multi-scale representations, where coarse rigid motion captures object-level
kinematics and finer non-rigid effects are modeled as local, time-dependent devia-
tions, balancing control and expressiveness. More fundamentally, it remains an open
question how accurately such motion must be reconstructed for the downstream tasks
the simulation is meant to support. Addressing this requires systematic study of the
real-to-sim gap as a function of motion fidelity.

Reconstruction and generation in combination The methods proposed in
this thesis achieve high-fidelity renderings and accurate geometric representations, but
they remain fundamentally limited by the coverage of the original training views. For
AD simulation, it is desirable to deviate substantially from the recorded trajectories in
order to explore a wider range of scenarios. Enabling this requires neural rendering
approaches to go beyond faithful reconstruction: in addition to stronger regularization,
they must be able to plausibly infer and synthesize content in regions that were not
observed during training. Recent advances in generative models point to a promising
direction for extending neural scene representations [128], [136]–[138]. Key open
challenges include extending these methods to support a broader range of camera
models, as well as generalizing them to lidar and radar modalities. Another important
research direction is the benchmarking of such generative approaches in the absence of
ground-truth data, an issue that will shape future progress and, if addressed effectively,
could accelerate development across the field.

Rendering paradigms and explicit representations The rasterization paradigm
has significantly accelerated the development and practical applicability of neural
rendering for AD, with SplatAD contributing along this line. This efficiency, however,
comes with approximations: sensor effects that are straightforward to model under ray
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tracing often require careful workarounds in a rasterization setting. Recent advances
in mesh-based neural rendering offer a promising alternative, providing explicit rep-
resentations that more naturally support both rasterization and ray tracing. Paper D
contributes in this direction by enabling such methods to scale to the complexity
required for AD scenes. Their adoption in AD, however, remains largely unexplored,
making this an interesting avenue for future research.
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