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Abstract

Novel View Synthesis (NVS) generates target images from new camera poses us-
ing source images and their corresponding poses. It has gained prominence in the
field of autonomous driving (AD) as a tool for generating synthetic data to im-
prove perception systems. Current NVS implementations, such as Neural Radiance
Fields (NeRFs), excel at constructing 3D scenes from sensory inputs but struggle
to accurately render sparsely observed or unseen views. This thesis addresses these
limitations by integrating Di usion Models (DMs) into the NVS pipeline to enhance
reconstruction quality in such cases.

We propose a pipeline inspired by ReconFusion, training NeuRAD, a NeRF-based
NVS method designed for dynamic AD data, on additional poses not present in the
original training set. A pretrained, open-sourced DM, Stable Di usion, provides
supervision by refining NeuRAD’s outputs for these unseen views. To improve the
DM’s performance on AD scenes, we finetune it using Low-Rank Adaptation (LoRA),
enabling e cient adaptation to small datasets. ControlNet is incorporated to extend
the di usion model with additional conditioning signals, ensuring better alignment
with scene-specific characteristics.

Despite introducing these enhancements, our experiments reveal mixed results. While
some metrics show improvement, others remain inconsistent, particularly in chal-
lenging scenarios. We identify weak conditional signals and limited LoRA rank
as potential limitations. Future research should explore incorporating more robust
conditioning signals, such as depth or temporal information, and training on diverse
scenes to improve generalization and stability. These directions o er promising av-
enues for advancing NVS in AD applications.

Keywords: Scene Reconstruction, Novel View Synthesis, Neural Radiance Fields,
Autonomous Driving, Deep Learning, Generative Models, Di usion Models, Latent
Di usion Models, Closed Loop Simulation.
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1

Introduction

Autonomous vehicles have become increasingly popular in recent years, powered by
advances in Autonomous Driving (AD) [1]. Much of this progress has been preceded
by developments in artificial intelligence, where the key focus has shifted towards
data-driven deep learning solutions [2]. The deployment of physical cars requires
an emphasis on robustness and safety, stressing the need for high-quality data in
controlled environments to provide more accurate input. Although simulators are
used today for this purpose, they have numerous shortcomings, including di culty
modeling the complexity of real-world dynamics, and a laborious development pro-
cess, resulting in high costs [3]. This limits their viability for testing robust deep
learning systems.

To address these challenges, an emerging solution involves leveraging Novel View
Synthesis (NVS) techniques on the sensory input of Autonomous Vehicles (AVS)
to generate synthetic data. Recent studies highlight the e ectiveness of NVS in
improving perception systems for AVs [4]-[10]. We aim to improve on the state-
of-the-art in this area, particularly in the reconstruction quality of areas of the
simulation not covered by the ground truth, by using Di usion Models (DMs) to
generate training data for parts of the scene that lack ground truth data.

1.1 Overview

Recent advances in scene reconstruction have enabled data-driven simulations of
scenes based on sensory inputs [5], [11]. Rather than manually building a simulator,
NVS is used to generate sensory inputs for an agent’s new state. This process
involves the use of recordings from vehicles to create a virtual environment, which
gives us sensor-realistic simulation. In this digitally constructed environment, it
becomes possible to explore various scenarios and paths, thus facilitating closed-
loop simulation for di erent agents. Additionally, this technique allows for scene
editing, where dynamic actors, background conditions, and other aspects of the
scene can be modified to explore di erent scenarios. This approach is also valuable
for data augmentation purposes, for example, by capturing the same scene from
multiple perspectives and angles.

Recent progress in NVS is largely based on NeRFs and variants of it [12], like Instant-
NGP [13], Lerf [14], NeRFPlayer [15]. In the original NeRF architecture, classical
computer graphics are combined with neural networks to render sensory input from

1



1. Introduction

a given camera pose. An image is rendered by emitting rays from the camera,
estimating the color and density at multiple points along the ray, and aggregating
this to an expected color using volume rendering. The expected color depends on
the color and density of the objects it passes through, which are estimated with a
feedforward neural network. However, a limitation of this method is its di culty
in generalizing to parts of the scene that are not visible in the training images.
Particularly in autonomous driving scenarios, this poses a challenge in that even if
we have multiple cameras in the car, there are still unseen views that the cameras
cannot capture at certain angles. To overcome this, the model requires the capability
to "hallucinate’ or infer these unseen areas, necessitating the integration of generative
models into the system.

While there is substantial literature about applying generative models to NeRFs to
improve their generalization ability [16]-[19], applying them to AD scenes imposes
a set of particular challenges. One such challenge is the dynamic nature of AD
scenes, with each frame representing a particular point in time. Pedestrians and
vehicles move over time, making the reconstruction critically dependent on time
and position.

Another challenge is that of scale. Although prominent work achieves great fidelity
on inward-facing scenes where views are captured in an orbit around an object
[12], AD scenes are outward-facing, with the view covering large scenes with many
objects. Additionally, di erent weather and lighting conditions obfuscate certain
visual features. The data might also lack views from certain angles since objects in
AD scenes are moving, creating a need to generalize beyond the visible points in the
data. Other sensors in the car, such as Lidar signals, share similar limitations for
generalizing to new viewpoints since they have almost identical lines of sight.

In our work, we address these challenges by leveraging existing state-of-the-art ap-
proaches in NVS for AD, particularly NeuRAD [4]. Inspired by Reconfusion [17],
we propose a pipeline to enhance the training of the NVS model to better handle
unseen views. This is achieved by generating images with NeuRAD on unseen views,
improving the output image using a di usion model, and supervising NeuRAD with
the enhanced image. Additionally, we extend the Reconfusion architecture by incor-
porating conditioning signals using ControlNet [20]. Toe ciently train the di usion
model, we utilize LoRA [21], which models the change in the model parameters as a
decomposed low-rank matrix instead of altering the full-rank matrix. We use LoRA
to fine-tune the di usion model for each scene before applying it to the di usion
model.

1.2 Related Work

1.2.1 Novel View Synthesis for Autonomous Driving

The application of NVS for AD has seen an increase in popularity following the
introduction of neural closed-loop simulation. Neural Scene Graphs was the first to
apply NeRFs for AD scenes [9]. The scene is separated between dynamic nodes and

2



1. Introduction

background nodes, where the relations between objects are maintained using graphs.
In the paper, there are no reported results on the reconstruction quality of unseen
views, but comparisons made in [5] and [4] report significantly worse performance
on a lane shift test, i.e., how well the scene is recreated when the camera laterally
shifts a few meters.

The concept of splitting the scene into foreground and background is later repeated in
MARS [22]. Here, the NeRFs are implemented modularly using the open-source tool
Nerfstudio [23], enabling the switching and combination of di erent NeRF models.
However, MARS has limited support for Lidar data, which is commonly included
in AD datasets. Taking advantage of this modality gives potential advantages since
Lidar provides geometric information in the form of 3D points. Further, MARS
performance on views far from the training data was not evaluated.

A similar approach is taken in UniSim [5], where a scene is decomposed into dynamic
actors, a static background, and a sky. Here, both Lidar and RGB data are used
for the simulator. To improve e ciency, the NeRF generates features rather than
images, which are then upscaled using a Convolutional Neural Network (CNN).
However, this increases aliasing, as well as the discrepancy between RGB and Lidar,
as the reconstructed rays represent RGB patches while Lidar rays are thin beams.
UniSim also implements a discriminator network to improve render quality on unseen
views, which is trained per scene. The ability to generalize to unseen views is
compared to previous works with a lane shift test, where the Frechet Inception
Distance (FID) [24] is benchmarked. UniSim significantly outperforms previous
works on this metric. An ablation study is also done, where the FID is benchmarked
against various components of the UniSim. Here, the GAN is demonstrated to have
a significant e ect in lowering the FID on the lane shift test.

NeuRAD [4] is also a simulator composed of foreground and background, which
uses both Lidar and RGB data. It improves the reconstruction quality over UniSim
with extensive sensor modeling for both camera and Lidar, achieving state-of-the-
art performance on scene reconstruction for AD data. NeuRAD assumes actors to
be rigid and does not support any deformations. Furthermore, the reconstruction
quality is reduced for parts of the scene not visible in the training data, such as those
obstructed in all the frames, or those not visible due to the angle of the camera.
However, despite this reduction, NeuRAD is reported to outperform UniSim on the
lane shift test, as reported on a set of benchmarks, where the model consistently
gets lower FID scores.

DrivingGaussian [6] is another approach based on Gaussian Splatting [25], which
replaces the neural networks of NeRFs with a set of distributions for the density of
the points. While these point clouds are initialized from Structure from Motion in
the original Gaussian Splatting [26], DrivingGaussian uses Lidar priors to improve
initialization. Similar to the previous methods, DrivingGaussian manages dynamic
scenes by decomposing the scene into a set of Gaussians, modeling the relation be-
tween them with a dynamic graph. The overall performance of DrivingGaussian is
benchmarked against a set of comparable methods, including Neural Scene Graphs,
and significantly outperforms them. The paper does not include comparisons to
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NeuRAD or UniSIM and does not evaluate performance on previously unseen views.
Additionally, the GPU memory requirements are reported to reach 192GB for train-
ing, which is significantly larger than the other models.

1.2.2 Improving Novel View Synthesis with Generative Mod-
els

Generative models have previously been applied to NeRFs to improve performance
on sparse images and better generalize to unseen views. Several methods have ex-
tended NeRFs with Generative Adversarial Network (GAN) [27]-[29]. One drawback
is their potential instability during training which can lead to mode collapse or low-
quality outputs [30]. Following the increasing popularity of DMs [31], they have
seen increasing use in NeRFs [16], [17]. DMs learn to synthesize images by gradually
adding Gaussian noise to an image (forward process) and learning to reverse the
process to maximize the likelihood of the data (backward process), typically with
the use of a denoising U-Net. However, because they typically operate directly in
pixel space, their computational requirements are immense, requiring prohibitively
large computational resources to train.

Latent Di usion Models (LDMs) [32] build on this concept by performing the for-
ward and backward process in latent space. By making use of a powerful pre-trained
encoder-decoder, LDMs embed an image in latent space before running the di usion
process, and finally decoding the latent back to a denoised image. This significantly
reduces training time, increasing the potential for application in other domains.
Further, the embeddings can be combined with other sources of input, enabling the
output of the model to be conditioned on additional information. In the original
paper, the image embeddings are combined with encoded text captions by using
cross-attention. This enables text-to-image synthesis by denoising random noise
conditioned on the text caption.

The state-of-the-art in the combination of di usion models and NeRFs is ReconFu-
sion. It finetunes a pre-trained LDM to learn a plausible prior for NVS. The latent is
conditioned on embedded outputs from PixelINeRF and CLIP [33], [34]. This prior
is then distilled to a NeRF by regularizing it to render perceptually similar outputs
to the di usion model. In ReconFusion, the PixeINeRF architecture is modified to
produce a useful conditioning signal rather than rendering a realistic image using
volume rendering. The modified PixeINeRF encodes geometric scene information by
embedding each input image using a U-Net, creating a spatial feature map. When
querying for a point along the ray, the position is then projected to the view space of
each input image to select a feature vector from each feature map, which is aligned
with the input image. For each ray, the points are aggregated using Multi-Layer Per-
ceptrons (MLPs), creating a set of feature vectors, which encode the pose and spatial
information. These feature vectors are then further processed to produce useful fea-
tures, which get concatenated with the latent. Similarly, CLIP embeddings are used
to encode high-level information about the scene. CLIP learns joint embeddings for
text and images by training on large captioned image datasets on the internet. The
image and caption are embedded with a pre-trained image encoder and text encoder
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respectively, before being projected to the same semantic space using MLPs. These
MLPs are optimized using contrastive learning, where the cross-entropy loss is mini-
mized between the cosine similarity of the embeddings and their corresponding label.
The combination of the CLIP embeddings and PixelNeRF embeddings, along with
the LDM, provide a strong prior which ReconFusion uses to optimize the NeRF for
novel views, significantly improving the performance over previous few-view NeRF
reconstruction approaches. By leveraging a pre-trained LDM to generate plausible
scene images from novel viewpoints, ReconFusion uses this di usion-based prior to
guide the NeRF optimization beyond the observed training images. As a result,
the NeRF is refined not only to reconstruct the given views but also to generalize
e ectively to previously unseen viewpoints. By incorporating the di usion prior,
ReconFusion significantly improves upon previous few-view NeRF reconstruction
methods, while also enhancing performance in settings where multiple input images
are available.

1.3 Scope and Outline

Our thesis focuses on improving NeuRAD’s ability to handle views not included
in its training data. Although NeuRAD achieves state-of-the-art performance, it
struggles with views in areas of the scene that are not covered during training. By
integrating the Stable Di usion model and leveraging advanced di usion techniques,
we aim to improve NeuRADSs capacity to generate accurate and visually consistent
images in unseen views.

In Chapter 1, we begin with a comprehensive introduction to the challenges and
objectives of this thesis. This chapter explores the role of novel view synthesis in
autonomous driving, highlighting its significance and the critical problems encoun-
tered in its implementation. We then introduce the concept of di usion models and
outline how they o er a promising solution to overcome these challenges.

In Chapter 2, we talk about the foundational concepts of NeRFs. We also introduce
the overview of the NeuRAD model. Then we identify its current limitations.

In Chapter 3, we give the essential theoretical background on Variational Autoen-
coders (VAESs), LDMs, and an introduction to the Stable Di usion model. We also
describe the process of fine-tuning the di usion model using LORA. Here, we explain
how conditioning is added to the model with ControlNet. In the end we analyze the
results of fine-tuned di usion model.

In Chapter 4, we introduce the pipeline developed to integrate NeuRAD with Stable
Di usion. We detail the methodology, present the experimental setup, and showcase
the final results. We also discuss the performance impact and limitations of our
integrated models.

In Chapter 5, we summarize our work and discuss potential future developments.
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Neural Rendering for Autonomous
Driving

In this chapter, we describe the role of Neural Rendering in AD and investigate
the current solutions. We begin with an overview of the theoretical foundations of
NeRFs, which combine neural networks with volumetric rendering to model complex
3D scenes. NeRFs encode 3D scene representations, enabling the synthesis of novel
viewpoints from sparse 2D image inputs. We provide an overview of this model
and the core principles behind it. Next, we introduce the NeuRAD model, an
extension of NeRF designed specifically for dynamic AD scenarios. NeuRAD builds
upon NeRF’s framework with extensive sensor modeling for both Lidar and RGB
cameras to improve its performance. Finally, we examine the limitations of NeuRAD
by evaluating the renders on poses far from the ground truth.

2.1 Overview of NeRFs

NeRFs are parameterized fields that represent volumetric information about a given
scene with neural networks. A radiance field describes how light is emitted, reflected,
or transmitted within a 3D scene. Learning a representation of the radiance field
allows view synthesis using a neural network, enabling the rendering of images from
di erent positions and directions in a scene. Given a set of images with the corre-
sponding position and viewing direction of the camera (camera pose), NeRFs learn
this mapping from poses to views. As given in [12], the standard approach is done
by sampling along rays going into the scene and then using volume rendering to es-
timate the color of each ray. Volume rendering uses a neural network to predict the
color and volume density of the sampled points in the ray and then aggregates this
information for an estimated ray color. The NeRF then optimizes this network to
better predict the color and volume density of each point, and thus, a more accurate
estimate of the color of the ray. An overview of the basic NeRF-setup can be seen
in Figure 2.1.

2.1.1 Fundamental NeRF theory

To optimize a neural network in the context of NeRFs, we match sampled rays to
pixels in a given image to obtain ground truth colors. This involves segmenting the
camera view into a grid, where each grid cell corresponds to a pixel in the projected

7
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Figure 2.1: A set of image-camera pairs span a trajectory around an object, in this
case, a pillow (panels 1-3). The task then becomes to infer what the image looks
like from a novel camera view (panel 4).

image. To estimate the color of each cell, a ray is cast from the camera origin o in
the view direction through the pixel d. The color of the pixel in the rendered image
is determined by the point that intersects the ray,

r(t) =o+td, (2.1)

and is visible from the camera’s perspective.

In volume rendering, the expected color, C, of the ray depends on the likelihood of a
ray collision at a given point combined with the expected color, c, of the point. We
assume that a denser point is more likely to collide with the ray, and thus represent
this likelihood as the volume density . From this, we get the equation

t
cn = TOor®)(r), d)dt, (22)
tn
where T (t) is defined as the accumulated transmittance
t
T =exp — a(r(s))ds . (2.3)
tn

Here, t, and t¢ represent the near and far planes of the camera, o(r(t)) represents
the volume density at a given point, and c(r(t), d) is the expected color of the point.

This integral is solved by sampling points along the ray, and solving a discretized
version of the equation given by

C(n) = " Tiaici, (2.4)

i=1
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where 8; = ti+; — tj. The gap between points i and i + 1 on the projected line
of the ray is denoted by d;. The accumulated transmittance can be viewed as the
probability of reaching point i without colliding with another particle.

a; = (1 —exp (—0id)), (2.5)
i1

Ti=exp(— 0j9;). (2.6)
j=1

Similarly, a; can be viewed as a conditional probability of the ray colliding with
point i given that the ray has reached that point. Thus, we define

w; = T;a;, (2.7)
which is proportional to the probability of the ray colliding at a point.

To compute this discretized integral, points must be sampled along the ray. A naive
implementation would be to segment the ray into even splits and to use those points
for the integral. However, this would e ectively lower the resolution of the scene
representation since the network does not need to represent the points between the
splits. Instead, the standard approach is to split the ray into evenly spaced bins,
with one point uniformly sampled from each bin.

Additionally, to compute the integral, the estimated color and volume density need
to be given. This is done with a multilayer perceptron, which takes point position x
and viewing direction d as inputs and computes ¢ and ¢. However, neural networks
struggle to learn high-frequency outputs from low-frequency inputs [35], and there-
fore their inputs x and d are first embedded using positional encoding, where the
inputs are projected to higher dimensional space using sinusoidal functions, defined
as

V(P)ai = (Sin(2'mp), (2.8)

Y(P)2i+1 = (cos(2'mp).

2.1.2 Limitations in NeRFs for AD Scenes

While NeRFs prove promising for NVS, applying them to AD scenes imposes a set
of particular challenges. One such challenge is the dynamic nature of AD scenes,
with each frame representing a particular point in time. Pedestrians and vehicles
move over time, making the reconstruction critically dependent on time in addition
to position.

Another challenge in the application of NeRFs to AD scenes is that of scale. While
prominent work achieves great fidelity on inward-facing scenes, where views are
captured in an orbit around an object [12], AD scenes are outward-facing, with the
view covering large scenes with many di erent objects.

Additionally, di erent weather and lighting conditions are obfuscating certain visual
features. The data might also lack views from certain angles since objects in AD
scenes are moving, creating a need to generalize beyond the points in the data. In
certain environments, this is somewhat mitigated by additional sensors, such as

9
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Lidar, but these pose an additional challenge of utilization and integration with the
other sensors.

2.2 Neural Rendering for Autonomous Driving

Neural rendering techniques have been increasingly adopted in AD applications to
address the challenges of novel view synthesis, dynamic object rendering, and e -
cient scene modeling. While traditional NeRF models excel in static environments,
AD scenes require handling complex dynamics, large-scale environments, and sensor-
specific data such as Lidar and RGB images. NeuRAD is a state-of-the-art approach
that extends NeRF models to address these challenges, building on foundational
techniques like scene graph decomposition and hash encoding. This section pro-
vides an overview of key techniques leading up to NeuRAD and its contributions to
AD applications.

2.2.1 Scene Graphs

Neural Scene Graphs [9] introduced a pioneering approach for rendering dynamic
scenes by decomposing them into static and dynamic components structured within
a scene graph. This graph encodes object transformations and radiance, enabling
e cient rendering of novel views and dynamic arrangements of objects. By leverag-
ing video frame supervision and tracking information, the model learns to represent
scene elements as augmented implicit neural radiance fields, following the method-
ology established in NeRF [12].

A scene S in Neural Scene Graphs is defined as:
S= W,CFLE,

where W is the root node of the graph, C are the leaf nodes representing the camera,
F are the leaf nodes representing both static and dynamic scene objects, L are the
leaf nodes assigning latent codes to object representations, and E are the edges
connecting the nodes.

This approach enables inverse rendering, where 3D object detection is performed
by optimizing scene representations. Moreover, it allows for novel view synthesis
and manipulation of dynamic object arrangements, bolstering its utility for neural
rendering in AD.

2.2.2 Hash Encoding

Neural graphics primitives, parameterized by fully connected neural networks, can
be costly to train and evaluate. Instant Neural Graphics Primitives with a Multires-
olution Hash Encoding[13] reduce this cost with a versatile new input encoding that
permits the use of a smaller network without sacrificing quality, thus significantly
reducing the number of floating point and memory access operations.

10
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A small neural network is augmented by a multiresolution hash table of trainable
feature vectors whose values are optimized through stochastic gradient descent. The
multiresolution structure allows the network to disambiguate hash collisions, making
for a simple architecture that is easy to parallelize on modern GPUs. It achieves
a combined speedup of several orders of magnitude, enabling the training of high-
quality neural graphics primitives in a matter of seconds, and rendering in tens of
milliseconds at a resolution of 1920 * 1080.

2.2.3 Overview of NeuRAD

NeuRAD [4] extends NeRF models specifically for autonomous driving scenes, ad-
dressing the challenges posed by dynamic environments and sensor-specific data. It
achieves state-of-the-art performance across multiple AD datasets by incorporating
actor-aware hash encoding and unified feature fields.

During training, NeuRAD learns a unified neural feature field for both the static
and dynamic elements of an automotive scene. These elements are distinguished
through an actor-aware hash encoding, which enables the system to di erentiate
between static and dynamic components. Points within actor bounding boxes are
transformed into actor-local coordinates, and combined with the actor index, they
are used to query a 4D hash grid. The features extracted from this grid are then
decoded: volume-rendered ray-level features are converted to RGB values using an
upsampling CNN, while ray drop probability and intensity are predicted using MLP.

Separating the scene into static and dynamic elements enables easier manipulation
of the learned scene, since each dynamic actor can be modified or removed as needed.
These capabilities make NeuRAD ideal for use in applications like sensor-realistic
closed-loop simulators or advanced data augmentation systems, providing a flexible
foundation for improving the performance and reliability of autonomous driving
technologies.

2.3 Limitations of NeuRAD for AD Scenes

Although NeuRAD achieves state-of-the-art results on five publicly available AD
datasets and demonstrates both e ectiveness and robustness, it still has limitations
that require improvement. Like other NeRF-based models, NeuRAD’s reconstruc-
tion accuracy heavily depends on the quality of the input images. When input
images are obstructed by obstacles or other objects, NeuRAD struggles to render
fine details, resulting in incomplete or blurred regions in the final reconstruction.
This challenge is particularly evident in scenarios with partial occlusions or inter-
ruptions in the line of sight. Additionally, when the camera or vehicle capturing the
images is in motion, certain angles of the scene may not be captured at all, leading
to coverage gaps that limit the model’s ability to reconstruct the scene from all
perspectives.

To emphasize NeuRAD’s limitations, we train the model on a specific subset of a
scene and evaluate its performance on previously unseen parts. Using scene 001

11
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from Pandaset, the model is trained exclusively on images captured by front-facing
cameras. Once training is complete, we test the model’s ability to render novel views
by altering the cameras position and orientation.

As shown in Figure 2.2, NeuRAD struggles to reconstruct areas outside its training
perspectives. When the camera is rotated to the left, regions that were not visible
during training appear incomplete or distorted. Conversely, the model performs well
in rendering parts of the scene within its trained field of view, such as the right side,
which aligns with its training images. This highlights NeuRAD'’s reliance on the
specific angles and perspectives seen during training.

Further results, shown in Figure 2.3, illustrate NeuRAD’s performance when render-
ing novel views with varying camera shifts and rotations. In Figure 2.3 (a), NeuRAD
produces detailed reconstructions when the camera angle is similar to those observed
during training. However, as the camera shifts several meters to the left or rotates to
the right by a larger angle, as seen in Figure 2.3 (b-i), rendering quality deteriorates.
For example, the bottom right region in Figure 2.3 (b) appears clear and detailed,
while the upper left region shows a significant loss of detail. This degradation be-
comes more pronounced as the viewpoint deviates further from the original training
perspectives, underscoring the model’s current limitations in generalizing to novel
viewpoints.

These observations rea rm NeuRAD’s di culty in reconstructing unseen perspec-
tives, as previously discussed. Enhancing the model’s ability to handle a broader
range of viewpoints is a key focus of this thesis, as such improvements would enable
more robust and flexible scene generation. For instance, in autonomous driving sce-
narios, a vehicle often encounters occluded areas due to buildings, other vehicles, or
pedestrians. NeuRAD, in its current state, struggles to accurately reconstruct these
hidden or obstructed regions, which limits its applicability in complex, real-world
environments.

12
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Figure 2.2: NeuRAD struggles to accurately render sections of the scene that were
not observed during training. In this instance, the model is only trained with front-
facing camera images. The figure shows the NeuRAD rendered image with the
camera shifted 15 degrees to the left, thus illustrating the sharp quality di erence
between covered and non-covered sections.
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(a) shift: 0, Rotation: 0 (b) Shift: 0, Rotation: 30 (c) Shift: 0, Rotation: 45

e

(d) shift: 4, Rotation: 0 (e) Shift: 4, Rotation: 30 (f) Shift: 4, Rotation: 45

b

(g) Shift: 8, Rotation: 0 (h) Shift: 8, Rotation: 30 (i) Shift: 8, Rotation: 45

Figure 2.3: NeuRAD-renders across various shifts and rotations. In this setup, a
NeuRAD model is trained on front-facing images. (a) shows the render from a
view taken from the training dataset. (b-i) illustrate renders across various aug-
mented views, including shifting the camera Shift meters along the camera-local
x-axis (rows 1-3), and rotating the camera Rotation meters around the camera-local
z-axis (columns 1-3).
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Improving Di usion Models on
Autonomous Driving Scenes

To address the challenges outlined in Chapter 2, we propose leveraging generative
models to enhance scene reconstruction in autonomous driving scenarios. Generative
models are machine learning systems designed to generate new data samples that re-
semble the training data by learning its underlying distribution. These models have
been successfully applied to generate realistic outputs such as images, text, audio,
and 3D objects. In this chapter, we focus on utilizing pretrained generative models,
specifically di usion models, to address limitations in NeuRAD. Di usion models
represent the state-of-the-art in vision-based generative modeling. By incorporat-
ing their learned priors in parts of the scene where our dataset lacks information,
we aim to mitigate NeuRADs current constraints and improve its performance in
challenging scenarios, such as unseen perspectives or occluded regions.

This chapter begins with an overview of di usion models, outlining their founda-
tional principles, including Variational Autoencoders (VAESs), Denoising Di usion
Probabilistic Models (DDPMs), and Latent Di usion Models (LDMs). This pro-
vides the necessary context for understanding their application in our approach.
Next, we explore how di usion models can enhance noisy NeRF outputs by improv-
ing image clarity and detail. We also introduce key extensions to di usion models,
including Low-Rank Adaptation (LoRA) [21] and ControlNet [20], and explain how
these methods are adapted to our data. Finally, we present experiments examining
the performance of the di usion model for this task. These experiments include
a parameter sweep to identify optimal noise levels, fine-tuning the model for spe-
cific scenes, and testing control signal mechanisms. Together, these steps refine the
di usion model to better complement NeuRAD and enhance scene reconstruction
quality in autonomous driving datasets.

3.1 Generative Models

Recent advances in generative models are tied to advances in self-supervised learning,
where models are trained to uncover hidden structures in data without relying on ex-
plicit labels. One of the foundational frameworks in this domain is the Autoencoder
[36], which learns to compress data into a low-dimensional latent space and then
reconstruct it from this compressed form. The U-Net architecture [37] extends this
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concept by introducing residual skip connections between matching encoder-decoder
blocks, making it particularly e ective for tasks such as image segmentation and de-
noising. A variant of U-Net, the denoising U-Net [38], extends these capabilities
by learning to remove noise from corrupted inputs, a key component in generative
modeling.

Di usion Models (DMs), particularly Denoising Di usion Probabilistic Model (DDPM)
[31], leverage denoising U-Nets to approximate the underlying data distribution.
These models gradually add Gaussian noise to data during a forward process and
learn to reverse this process during a backward step to recover the original data.
The denoising U-Net serves as the backbone of this approach, iteratively refining
noisy data samples toward the training data distribution.

Another significant generative framework is the Variational Autoencoder (VAE) [39],
which extends the autoencoder by learning a probabilistic distribution over the la-
tent space. Unlike traditional autoencoders, VAEs model the input data distribution
explicitly, enabling both data generation and probabilistic reasoning. By combin-
ing the generative capabilities of VAEs with the iterative noise-removal process of
DDPMs, Latent Di usion Models (LDMs) [32] were introduced. LDMs operate
in the latent space of pretrained encoder-decoder networks, significantly reducing
the computational complexity of di usion models while preserving their ability to
generate high-quality data.

In this section, we examine the theoretical foundations of latent di usion models,
focusing on autoencoders, DDPMs, and LDMs. This theoretical discussion provides
the necessary context for understanding the principles and mechanics of these gen-
erative models, which will inform their broader applications in later sections.

3.1.1 Autoencoders

Autoencoders [36] are among the foundational approaches for representing data in
a latent space. As shown in Figure 3.1, an autoencoder consists of two main com-
ponents: an encoder, E(x), which maps input data x RH*W>*C to a latent rep-
resentation z  RP, and a decoder, D(z), which reconstructs the input data from
the latent space [36]. The encoder e ectively compresses the input data into a low-
dimensional latent space, while the decoder reconstructs samples drawn from this
space to approximate the original input.

A prominent extension to autoencoders is the Variational Autoencoder (VAE) [39].
VAEs di er from traditional autoencoders by introducing a probabilistic framework
that models the relationship between the input data x and the latent variable z
using the distributions g, (z|X) and pe(x|z). The encoder approximates the posterior
distribution qy(z|Xx), often modeled as a Gaussian with learnable mean and variance
parameters. The decoder models the likelihood pg(%|z), which measures how well the
reconstructed output aligns with the input. The VAE is optimized by maximizing
the Evidence Lower Bound (ELBO),

ELBO(X) = Eq,(z10[l0g pe(X|2)] — Dk(d(z[X)IP(2)), (3.1)
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Figure 3.1: Overview of an autoencoder. It consists of two main components: the
encoder and the decoder. The encoder maps input data (e.g., an image) to a lower-
dimensional latent space, capturing the most essential features. The decoder then
reconstructs the data from this latent representation.

where the first term evaluates the reconstruction quality, and the second term, a
Kullback-Leibler (KL) divergence, ensures the encoder output aligns with the prior
distribution p(z), typically a standard Gaussian.

The encoder and decoder are implemented as neural networks. During training, the
encoder predicts the mean and variance of g,(z|x), from which samples are drawn.
The decoder then reconstructs the input based on the sampled latent variable. This
probabilistic framework enables the VAE to generate new samples by sampling z
p(z) and decoding it via D(z).

3.1.2 Denoising Di usion Probabilistic Model (DDPM)

Denoising Di usion Probabilistic Models (DDPMs) [31] are a class of generative
models that iteratively transform Gaussian noise into samples resembling the input
distribution. DDPMs consist of two processes: the forward di usion process, D(zy),
which gradually corrupts the data by adding Gaussian noise at each timestep t, and
the reverse di usion process, D~(z;), which removes noise step-by-step to recon-
struct the original data. These processes are parameterized such that zt at the final
timestep approximates pure Gaussian noise, zr N (O, I).

In the forward process, the noise at each timestep t is added using:

0(zt|ze-1) = N (Zt|\/0(_t2t—1, 1 —ayl), (3.2)

where a; controls the scale of the noise. By combining these steps, the distribution
q(z¢|zo) can be directly expressed as:

V_
0(ztlzo) = N (z¢| arzo, (1 —al), (3.3)

where a is the cumulative product of noise coe cients. The reverse process, D(z),
predicts the mean and variance of q(z¢-1|zt, o) using a denoising U-Net [38]. The
model is trained by minimizing the variational ELBO, which consists of reconstruc-
tion, prior matching, and consistency terms:
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T

ELBO = Eqllogps(zolz1)] = Eql Hg(zt, Z0) — He(zt) °]. (3.4)
t=2

The learned parameters 8 predict the noise added at each timestep, enabling the
model to denoise iteratively during inference. Training involves randomly sampling
timesteps t, corrupting data according to q(z¢|zo), and optimizing the network to
predict the original data.

3.1.3 Latent Di usion Models (LDM)

Latent Di usion Models (LDMs) [32] extend DDPMs by operating in a latent space
instead of pixel space, significantly reducing computational requirements while re-
taining high-quality synthesis capabilities. LDMs utilize an autoencoder structure,
based on VAE and VQVAE [40], to encode input data x into a latent representation
z = E(x). This autoencoder is trained by combination of a perceptual loss [41] and
a patch-based adversarial objective [42]. The di usion process is then applied in the
latent space, D(z), rather than directly on pixel values. The forward process adds
noise to the latent, producing a noisy latent Z, and the reverse process removes the
noise step-by-step using a U-Net. The denoised latent z is finally decoded with D(z)
to generate a recreated image, X.

Because the LDM operates on latent vectors, other signals can also be encoded into
the same latent space. This enables conditioning on additional inputs such as text
captions using cross-attention. This is typically used to create text-to-image models,
by combining the latent from the images with the latent of the corresponding text
captions. Figure 3.3 illustrates the di usion process in an LDM, while Figure 3.2
details its architectural layers.

Fig 3.3 shows that the LDMs can be conditioned via concatenation or by cross-
attention. It turns di usion models into powerful and flexible generators for general
conditioning inputs such as text or bounding boxes and high-resolution synthesis
becomes possible in a convolutional manner. It also shows that LDMs achieve new
state-of-the-art scores for image inpainting and class-conditional image synthesis and
highly competitive performance on various tasks, including text-to-image synthesis,
unconditional image generation and super-resolution, while significantly reducing
computational requirements compared to pixel-based DMs.

3.2 Finetuning with Low-Rank Adaption

Adapting large, pretrained di usion models to specific tasks or domains can be
computationally expensive due to the substantial number of parameters involved.
Low-Rank Adaptation (LORA) [21] addresses this issue by reducing the number of
trainable parameters during fine-tuning while keeping the original model weights
unchanged.

LoRA introduces low-rank matrices A R™%n and B R%ut™" jnto selected layers
of the model, where r is a tunable rank parameter. These matrices decompose the
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Figure 3.2: Anoverview of the LDM architecture. Animage X
to latent space z RP with an encoder E. The latent passes through the forward
di usion process, D, resulting in the noisy latent Z = D(z). This then goes through
the reverse di usion process, D%, which is implemented as a denoising UNet with
encoding blocks Dg?, middle block Dy, and decoding blocks D5'. Between each
matching encoding and decoding block, Dgil, Dgil , there is a residual connection
passing from the encoder to the decoder. The denoised latent Z = D1 (Z) is then
decoded with the pre-trained decoder D, resulting in the recreated image X.
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Figure 3.3: Overview of the di usion process in an LDM. An image x = RH>WxC
is encoded to latent space z  RP with an encoder E. The latent goes through
the forward di usion process, D, during which, Gaussian noise is added at each
timestep, t, resulting in the intermittent latent z;. This continues until timestep T,
at which point, the noisy latent zr = Z is acquired. If run to completion, this noisy
latent is equivalent to gaussian noise, Z N (0,1),0 RP,1 RP*P. The noisy
latent then goes through the reverse di usion process, D™, where a parameterized
model iteratively predicts the denoised latent Z,_; = D! (Z,), at each timestamp
t. At the finally step, t = 0, the denoised latent z = Z; is uncovered. This is then
decoded with the pre-trained decoder D, resulting in the recreated image X.
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Figure 3.4: Matrix composition using LoRA. The parameter update, AW
RYout=din jg factorized into low-rank matrices, A R™ % and B R%ut>" where r
is a tuneable parameter a ecting the size of the model. By only finetuning A and
B, the number of parameters, represented by the area of the shapes, is significantly
reduced during training.

parameter update AW such that AW = BA. To ensure that the adaptation process
does not initially alter the behavior of the pretrained model, B is zero-instantiated
at the start of training. This guarantees that AW starts as a zero matrix, leaving
the output of the model identical to that of the original pretrained model.

During fine-tuning, the original model weights remain frozen, and only the low-rank
matrices A and B are updated. The output of the adapted model for a given input
X can then be expressed as:

y = Wx + AWX, (3.5)

where Wx represents the output of the original pretrained model, and AWXx =
(BA)x introduces task-specific adjustments learned during fine-tuning. This formu-
lation allows the model to combine the knowledge of the original pretrained weights
with the new information introduced by A and B.

3.3 Conditioning on Additional Signals with Con-
trolNet

DMs can be conditioned on additional inputs, such as edge maps, human pose skele-
tons, segmentation maps, or depth images, to guide the generation process. These
conditioning signals provide explicit control, enabling task-specific or personalized
image generation. Learning conditional controls for large pre-trained text-to-image
DMs presents significant challenges. These include limited training data for specific
conditions and the risk of overfitting or catastrophic forgetting when fine-tuning
large models. ControlNet [20] addresses these issues by introducing an e cient end-
to-end architecture for incorporating conditional signals without compromising the
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performance of the pre-trained model.

As illustrated in Figure 3.5, ControlNet extends the architecture of an LDM by
freezing the original encoder weights and adding a trainable copy of the encoder and
middle block. The conditioning signal c, provided as an image-shaped input (e.g.,
edge maps or depth images), is encoded using a pre-trained encoder E; to produce a
feature vector c¢. This feature vector is processed through zero-convolution layers,
which are initialized to zero, before being passed to the trainable copy of the model.
The outputs of the trainable layers are further processed with zero-convolutions and
then added to the corresponding layers of the original frozen model. This integration
ensures that the trainable components augment the pretrained model’s capabilities
without degrading its original performance.

ceRHxWXQ, x € REXWxC % € REXWxC

| | !

W

leGRp z € RP Ti
EEEEEEEEER ENIEEEEEEER EEEEEEEEER
EEEEEEEEER EEEEEEEEER EEEEEEEEER
D
- //T z

-1 — 1 T~ =il
Dg; #/ Dy, \f) Dy,

v v t

L 1 \\\\ 7
D@ 4r/ D& \\{) DD2

' v 4

—1 g T~ # -1
DC3 # Dy, == Dy,

¥ S t

il — —1 —1 = =1
D@ AV/ DE4 ‘/;i) Dy ﬂbf) DD4

—
v —
- .
Da41 . ————O Add signals
’-———— Zero Convolution

Figure 3.5: An overview of the ControlNet architecture. An LDM backbone, seen
in Figure 3.2, is extended by freezing each layer and adding a trainable copy of
the encoder blocks and middle block. An image-shaped conditioning signal c is
encoded with another pre-trained encoder E., resulting in a conditioning feature
vector c¢. Zero-convolutions are applied to this feature vector before it is passed
to the trainable copy. Another zero-convolution is applied to the output of each
trainable block before the final output is added to the corresponding mid- and

decoder block.
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3.4 Adapting Stable Di usion to improve NeRF
renders in AD Scenes

To integrate di usion models into NeuRAD for AD, we adapt Stable Di usion v2,
an open-source LDM provided by HuggingFace [43]. Stable Di usion is a state-of-
the-art text-to-image model trained to generate high-quality, photo-realistic images
based on text prompts. For this application, we leverage its pre-trained weights and
fine-tune the model to suit the specific requirements of AD scenes. In this section,
we describe how the previously mentioned techniques are implemented, and the
evaluations we make to select a good configuration for integrating Stable Di usion
with NeuRAD.

While Stable Di usion has been trained on diverse datasets, we assume that most
objects within the AD scene are represented in its training data. However, the model
lacks knowledge of the specific spatial layout of our target scenes, which increases
the complexity of the latent space and reduces the likelihood of e ective denoising.
To address this, we fine-tune Stable Di usion on images from each specific AD
scene, tailoring a di usion model to complement each NeRF model. Due to the
computational demands of fine-tuning large di usion models, we employ LORA to
e ciently update the model parameters while maintaining computational feasibility.

3.4.1 Tuning Noise Strength

A critical parameter in this adaptation process is the noise strength, which controls
the level of noise added to an image before the sampling steps in the denoising
process. In image-to-image tasks, the noise strength ranges from 0 (no noise) to 1
(maximum noise), and it determines the extent to which the di usion model modifies
the input. Figure 3.8 illustrates the impact of noise strength on di usion outputs
for two augmented reference views.

As seen in the figure, increasing the noise strength introduces more randomness to
the input image, which can enable the model to address noise artifacts introduced
by NeRF. However, excessive noise strength complicates the denoising process, often
resulting in oversmoothing or loss of detail. Conversely, low noise strength limits
the models capacity to correct artifacts, constraining improvements in image quality.
Through experiments, we aim to identify an optimal noise strength that balances
e ective denoising with the preservation of image detail, ensuring that the di usion
model enhances the visual quality of NeRF renders without introducing additional
distortions.

3.4.2 Finetuning on Autonomous Driving Dataset

AD scenes exhibit significant variation in road conditions, weather, time of day, and
tra c. While Stable Di usion is trained on a broad dataset, it lacks the specificity
needed to accurately represent individual AD environments. To address this, we
finetune the DM for each unique scene in NeuRAD, ensuring it captures scene-
specific characteristics and improves the denoising of NeRF outputs.
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We apply LoRA to the U-Net architecture, specifically targeting the cross-attention
and linear layers. This approach allows e cient fine-tuning of the di usion model
for each scene while minimizing computational costs.

3.4.3 NeRF-Compatible Conditioning Signals

The original di usion model employs text-to-image conditioning during the denois-
ing process. However, AD scenes lack text annotations, necessitating the use of
visual information extracted directly from the scene. To incorporate these signals,
we utilize ControlNet, as outlined in Section 3.3, enabling the model to condition
on visual inputs during training.

In the original ControlNet architecture, a trainable copy of the di usion model is
used. However, this approach introduces significant computational overhead, which
conflicts with the e ciency of our LoRA strategy. To mitigate this, we replace the
trainable copy with additional LoRA weights, reducing computational requirements.
These weights are trained jointly with the low-rank weights of the original encoder,
forming two complementary encoders that operate together during training.

When choosing which signals to condition on, some are more eective than others.
E ective signals provide relevant scene information, such as Spatial information, i.e.,
depth and pose, which can encode object positions and geometry, and temporal in-
formation, where the video timestep can help capture motion dynamics. In practice,
Conditioning signals must be available during NeRF training and conform to the
image-shaped input format required by ControlNet.

For simplicity, we condition on pose information. During NeRF training, an image
segment is sampled along with the corresponding camera pose. Rays are projected
through the camera for each pixel, forming a ray bundle that describes the origin
and direction of each ray in global coordinates. This ray bundle serves as the
conditioning signal, guiding the di usion model to align with the spatial structure
of the scene.

3.4.4 Rendering Consistency of Di usion Models

To distill the knowledge from a di usion model into NeuRAD, it is critical to ensure
that the di usion process produces consistent outputs across frames and, more im-
portantly, for repeated applications on the same input. High variability in outputs
for the same frame can negatively impact NeRF training, as the radiance field relies
on multiple views of the same regions to reconstruct the scene.

To evaluate consistency, we apply the di usion model to the same input image
multiple times, using di erent random seeds for each iteration. Figure 3.6 illus-
trates the resulting visual discrepancies. These variations were quantified using the
Learned Perceptual Image Patch Similarity (LPIPS) metric, which measures percep-
tual di erences closely aligned with human perception. LPIPS provides an objective
measure of the variability introduced by the di usion process.
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(c) Di usion model with Seed 1 (d) Di usion model with Seed 2

Figure 3.6: The di usion outputs on a NeuRAD-rendered image from an area with
poor coverage in the training set. (a) displays the original NeuRAD render. (b-d)
show the outputs of the di usion process with seeds 0, 1,2 respectively. Notably,
the di usion model morphs small details, such as the noise on the ground, between
each render. This comparison illustrates the visual inconsistency between subse-
quent di usion renderings, even when the input image is completely unchanged. A
qualitative comparison can be seen in Table 3.1.

Table 3.1 reports the LPIPS scores between di usion outputs generated with di er-
ent seeds and compares them to the original NeuRAD render. Notably, the LPIPS
scores are higher between outputs generated with di erent seeds than between the
NeuRAD output and the di usion-processed image. This highlights the significant
role of inherent randomness in the di usion process, which can overshadow di er-
ences between di usion models.

To investigate whether fine-tuning improves consistency, we repeated the experi-
ments using di usion models fine-tuned with LoRA at ranks 4 and 128, as well as
models conditioned on ray information using ControlNet. Table 3.2 demonstrates
that fine-tuning and conditioning significantly reduce LPIPS variability across dif-
ferent seeds. The additional context provided by the fine-tuned weights and control
signals stabilizes the denoising process, resulting in more consistent outputs. This
improved reliability is crucial for handling noisy NeRF renders and ensures better
alignment across views, enhancing NeRF training.
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Table 3.1: LPIPS between di usion outputs from di erent seeds on a NeuRAD
render. The distance metric LPIPS (x;, X;) is reported for each i ~ {0,1,2},]

{1, 2, 3}, where X; is the reference NeuRAD output, while Xy, X,, X3 are the di usion
outputs with seeds 0, 1, 2 respectively. A visual comparison can be seen in Figure 3.6.

Seed 0 | Seed 1 | Seed 2
Reference | 0.1507 | 0.1511 | 0.1526
Seed 0 - 0.1644 | 0.1638
Seed 1 - - 0.1621

Table 3.2: LPIPS between di usion outputs from di erent seeds on a NeuRAD
output, with the di usion being finetuned with various configurations, similar to
Table 3.1. In (a) and (c), a finetuned di usion model is used with LoRA-ranks 4
and 128 respectively. In (b) and (d), the models use a ControlNet model to condition
on ray-information, as described in Section 3.4.3, once again with LoRA-ranks 4 and
128.

Seed 0 | Seed 1 | Seed 2 Seed 0 | Seed 1 | Seed 2

Reference | 0.1464 | 0.1473 | 0.1486 Reference | 0.1467 | 0.1474 | 0.1462

Seed 0 - 0.1221 | 0.1225 Seed 0 - 0.1057 | 0.1045

Seed 1 - - 0.1215 Seed 1 - - 0.1047

(a) Di usion UN4 (b) Di usion UN4CN4

Seed 0 | Seed 1 | Seed 2 Seed O | Seed 1 | Seed 2

Reference | 0.1928 | 0.1904 | 0.1920 Reference | 0.1751 | 0.1723 | 0.1746

Seed 0 - 0.0889 | 0.0878 Seed 0 - 0.0895 | 0.0882

Seed 1 - - 0.0872 Seed 1 - - 0.0876
(c) Di usion UN128 (d) Di usion UN128CN128

3.5 Results and Discussion

To evaluate the e ectiveness of finetuning di usion models in improving noisy NeRF
outputs, we finetune Stable Di usion using LoRA as described in Section 3.4.2. The
model is trained on images from a single scene, focusing on front-facing camera
images. For evaluation, two approaches are employed: first, the model is validated
on a reserved subset of front-facing images not used during training. Second, the
model’s performance on NeRF outputs is tested using a pretrained NeuRAD model
applied to front-left camera images from the scene. These images, not included in
the NeRF models training data, exhibit poor reconstruction quality, allowing us to
assess how e ectively the di usion model improves these noisy outputs. Metrics
such as LPIPS, PSNR, and SSIM are used to evaluate the denoised outputs against
the ground truth.

Figure 3.7 highlights qualitative di erences across LoRA configurations. While vary-
ing LoRA ranks does not produce substantial qualitative di erences, all configu-
rations significantly reduce NeRF noise. However, a noticeable smoothing e ect
is observed in the outputs, particularly in background elements. This smoothing
could hinder NeRF training, as volume rendering relies on maintaining consistent
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and distinct pixel colors to ensure accurate reconstruction.

Quantitative results are presented in Table 3.3. Finetuned di usion models con-
sistently outperform the base model on general image-quality metrics across all
measures. For noisy NeRF images, however, the base model achieves competitive
LPIPS scores, indicating that perceptual similarity alone may not fully capture the
improvements introduced by finetuning. Finetuned models with higher LORA ranks
consistently achieve better SSIM scores, suggesting improved structural similarity
and robustness to noise. We also observe that conditioning the di usion model on
pose information via ControlNet, as described in Section 3.4.3, improves consistency
across outputs. Despite this, pose conditioning does not mitigate the performance
degradation caused by increased noise strength. These findings emphasize the impor-
tance of balancing noise strength to achieve e ective denoising without sacrificing
image clarity.

Figure 3.8 illustrates the e ect of noise strength on the di usion models outputs. At
low noise strength (e.g., 0.1), the model e ectively reduces NeRF-induced noise while
preserving high image quality. However, as noise strength increases, the outputs be-
come increasingly blurred, and image quality deteriorates, eventually surpassing the
original noisy input in degradation. This degradation suggests that excessive noise
during di usion negatively impacts reconstruction quality, even with finetuning.

Table 3.3: An evaluation of finetuning the di usion model across various configu-
rations. Stable Di usion 2.1 is fine-tuned and evaluated on Scene 001 from Pan-
daset. Specifically, we compare the base di usion model (base), di usion with
LoRA weights (UN4, UN128) as described in Section 3.4.2, and di usion with LORA
weights combined with ControlNet (UN4CN4, UN128CN128) as described in Sec-
tion 3.4.3. For each configuration, LORA-weights are tested at both rank 4 and rank
128, with each run representing a complete fine-tuning of the di usion model weights.
Performance is assessed using standard image-based metrics - LPIPS, PSNR, and
SSIM - on the dataset. To evaluate generalization, the models are also tested on a
reference dataset, as described in Section 3.5. Each metric is reported for both the
ground truth image in the validation set and for the reference dataset.

Model Noise Strength | LPIPS! | PSNR1t | SSIM 1 | Ref LPIPS! | Ref PSNR1 | Ref SSIM 1
Base 0.1 0.18 23.43 0.69 0.49 20.45 0.66
Base 0.2 0.25 22.00 0.63 0.51 20.46 0.67
Base 0.3 0.31 21.00 0.59 0.52 20.49 0.67
UN4 0.1 0.14 24.40 0.72 0.49 20.70 0.67
UN4 0.2 0.16 23.66 0.69 0.51 20.71 0.67
UN4 0.3 0.18 23.09 0.66 0.53 20.60 0.67

UN128 0.1 0.11 25.41 0.77 0.52 20.66 0.68

UN128 0.2 0.13 24.91 0.74 0.58 20.47 0.68

UN128 0.3 0.14 24.55 0.72 0.64 19.96 0.68

UN4CN4 0.1 0.11 25.00 0.75 0.50 20.78 0.67
UN4CN4 0.2 0.13 24.45 0.72 0.56 20.63 0.67
UN4CN4 0.3 0.15 23.94 0.70 0.59 20.37 0.65
UN128CN128 0.1 0.10 25.45 0.77 0.52 20.82 0.68
UN128CN128 0.2 0.11 25.05 0.75 0.58 20.59 0.68
UN128CN128 0.3 0.12 24.93 0.75 0.66 19.52 0.68
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(a) NeuRAD reference image (b) Di usion with UN4
i Tl ; ot

(c) Di usion with UN128 (d) Di usion with UN4CN4

(e) Di usion with UN128CN128

Figure 3.7: NeuRAD outputs which have been refined with Di usion models fine-
tuned with di erent configurations. (a) shows a poor NeuRAD render from a view
in an area not covered in the training set. (b-c) show the image refined by a di usion
model which has been finetuned with LoRA rank 4 and 8 respectively, as mentioned
in Section 3.4.2. (d-e) show the result of adding the ray as a conditioning signal, as
outlined in Section 3.4.3.

28






	List of Figures
	List of Tables
	Introduction
	Overview
	Related Work
	Novel View Synthesis for Autonomous Driving
	Improving Novel View Synthesis with Generative Models

	Scope and Outline

	Neural Rendering for Autonomous Driving
	Overview of NeRFs
	Fundamental NeRF theory
	Limitations in NeRFs for AD Scenes

	Neural Rendering for Autonomous Driving
	Scene Graphs
	Hash Encoding
	Overview of NeuRAD

	Limitations of NeuRAD for AD Scenes

	Improving Diffusion Models on Autonomous Driving Scenes
	Generative Models
	Autoencoders
	Denoising Diffusion Probabilistic Model (DDPM)
	Latent Diffusion Models (LDM)

	Finetuning with Low-Rank Adaption
	Conditioning on Additional Signals with ControlNet
	Adapting Stable Diffusion to improve NeRF renders in AD Scenes
	Tuning Noise Strength
	Finetuning on Autonomous Driving Dataset
	NeRF-Compatible Conditioning Signals
	Rendering Consistency of Diffusion Models

	Results and Discussion

	Augmenting Neural Rendering with Diffusion Models
	ReconFusion
	Adapted Training Pipeline
	Results and Discussion

	Conclusion
	Bibliography

