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Abstract

Rendering shadows remains a fundamental problem in computer graphics, with existing approaches balanc‑
ing performance against visual quality. Traditional shadowmapping techniques are efficient but suffer from
aliasing artifacts due to its discretizednature. On the other hand, ray tracing canproducehighquality shadow
without discretization but is often too demanding for consumer hardware.

This thesis proposes a neural shadow representation that models a continuous mapping from light rays to
occluder depth. Instead of relying on discretized buffers, we represent each object’s shadowwith a fully con‑
nected neural network. Given a ray origin and direction, the network predicts the depth at which the ray in‑
tersects geometry. This allows for depth tests similar to shadowmapping while supporting continuous input.
The model is trained using ray‑traced supervision with a dead‑zone loss function that encourages the model
to output depth corresponding to a position inside the occluder’s geometry. It does not rely on discretized
shadowmaps and supports fully dynamic scenes, point lights, and directional lights.

Our results show that thismethod canachieve visual quality comparable tomedium‑resolution shadowmaps
while eliminating aliasing. The proposedmethod also has a unique ability to overfit to restricted light config‑
urations. In scenes such as outdoor scenes where light movement is limited, the model’s capacity is concen‑
tratedon relevantdirections, allowing it to capture finer geometric details. While limitations remain regarding
inference speed and high‑frequency geometry, the proposed method demonstrates unique strengths that
open up new trade‑offs, particularly in scenarios with partially restrained lighting configurations and large
scale but low‑frequency geometry such as landscapes.
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1
Introduction

Shadows are an important part of computer graphics, both for creating realistic rendered scenes and for pro‑
viding depth cues. Yet, efficiently rendering high‑quality shadows remains a challenge. Traditional shadow
maps are widely used due to their performance, but suffer from aliasing caused by their discretized nature.
These artifacts can be reduced with larger resolution or cascaded shadowmaps, but at the cost of increased
memory usage and rendering time. Ray tracing can be used to test for shadows per pixel in the view port and
eliminate aliasing , but the cost of traversingBounding VolumeHierarchies (BVH) andperforming intersection
tests is still too computationally expensive for most general‑purpose hardware.

In recent years, there have been promising advancements in the research surrounding Neural Rendering [15]
and its potential to encode and predict geometric signals. Papers such as Random‑Access Neural Compres‑
sion of Material Textures [16] have shown that neural networks can compactly represent material textures
while maintaining fast random access. Several papers have used neural techniques in view‑space to more
efficiently render lighting cues such as shadows [6, 4]. Although these papers had promising results, their
models still rely on discretized shadow maps. This makes visiblity prediction an inherently ill‑posed prob‑
lem, as the models lack access to sub‑pixel geometry or layered depth information. Here, the convolutional
neural networks function primarily as a post‑processing step for creating visually appealing smooth and soft
shadows that are not necessarily geometry‑based.

To overcome the limitations of intermediate discretization, several methods directly map rays to geometric
properties. The Neural Intersection Function [8] represents visibility as a continuous function of rays, using a
multilayer perceptron to replace part of the BVH‑traversal with forward inferences. N‑BVH [18] is even more
dependent on the BVH, but replaces the last few layers with a neural network to predict numerous geometric
properties. Since the last few layers are very wide, this allows a more compact representation of the scene
without losing visual quality. However, they still require traversal of spatial structures, which add time and
complexity.

In this thesis, we propose a neural shadow representation that directly learns a global continuous mapping
from rays to occluder depth. For each object, this representation is implemented using a fully connectedmul‑
tilayer perceptron (MLP). To help with high frequencies, a frequency encoding is used on the input, inspired
by NeRF [10]. To resolve ray aliasing, theMLP only considers rays which originate from theminimal bounding
sphere of the object. Any ray can bemapped to the minimal bounding sphere with a simple ray‑sphere inter‑
section, for which the neural network then predicts the depth to occluding geometry. This allows for depth
testing in a similar fashion to traditional shadow maps while allowing for real‑valued sampling without the
aliasing that causes artifacts with shadowmapping.

Furthermore, themethod relaxes supervision during trainingwith a technique inspired by dual shadowmaps
[19]. Instead of targeting a single point, we use two targets per ray sample: a lower and upper bound, which
correspond to the depths of the ray’s first entry and exit point with the occluder. We set the loss within these
bounds to zero, allowing the model to output anywhere within the geometry. We further improve the train‑
ing process with quadtree‑based importance sampling. We divide our training samples into several camera
angles and create an orthogonal silhouette render for each. A quadtree is created on this silhouette, which
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results in smaller quads near the high‑frequency silhouette borders. Evenly dividing samples among quads
results in a simple importance‑sampling strategy where samples are focused on high‑frequency parts of the
geometry. Finally, we use Poisson‑Disc sampling to guarantee minimum distances between origins, leading
to evenly distributed coverage.

We show that this representation can achieve visual quality similar to traditional shadow maps while elimi‑
nating aliasing. Furthermore, themodel has a unique and natural ability to overfit to restricted light paths. In
scenes such as outdoor landscapes, where the sun only rotates on a single axis compared to the landscape,
themodel is able to concentrate its learning capacity on the relevant light directions. This effectively reduces
theproblem’sdimensionality andenables themodel to learnhigher‑frequencygeometric details than it could
in a fully dynamic configuration.

The contributions of this paper are threefold:

• A continuousneural representation for hard shadows that predicts in ray‑spaceand stillworks as adrop‑
in replacement for traditional shadow maps. The representation allows for continuous input without
intermediate discretization or the need for spatial acceleration structures.

• A training strategy with ray‑traced supervision that is relaxed using dual depth bounds.
• Anevaluationof theproposedmethod toexisting shadowing techniques in termsof visual quality,mem‑
ory usage, and performance.



2
Related work

2.1. Background
2.1.1. Shadow Mapping
Shadow mapping [20] remains the dominant approach for real‑time shadow rendering due to its combina‑
tion of performance and simplicity. The method renders depth from the light’s perspective into a shadow
map, after which shaded points are tested for visibility by comparing their light‑space depth to the stored
depths in the shadow map [20]. Shadow mapping is efficient because it requires just one additional render
and a texture lookup for every fragment during shading, but it is susceptible to aliasing. Techniques such as
cascaded shadowmaps [22] or higher‑resolution shadowmaps can partially mitigate these issues at the cost
of performance and memory usage, but no shadow mapping technique can truly eliminate aliasing and res‑
olution limitations as shadowmapping relies on discretization [14]. Our method addresses this limitation by
replacing the discretized shadowmap with a continuous neural representation of light‑space visibility.

2.1.2. Ray tracing
Ray tracing computes visibility by tracing rays through the scene and testing for intersections with geometry.
A vast number of ray‑triangle intersection tests can be skipped through the traversal of spatial data structures
such as BVHs. Ray tracing can produce physically accurate shadows by tracing rays from the shaded points
to light sources and testing for visibility. Although its use is increasing and several techniques have been ap‑
plied to make ray tracing more efficient [2], ray‑traced shadows still require spatial acceleration structures
and high‑performance hardware to be viable in real‑time. In contrast, our method maps rays directly to visi‑
bility without requiring traversal of a spatial hierarchy.

2.2. Neural rendering
In recent years, neural rendering has emerged as an alternative or an extension of various parts of the ren‑
dering pipeline [15]. Instead of explicitly storing geometry or textures, a neural networkmodels a continuous
field that represents geometric information. It can be more compact or faster than traditional discrete tech‑
niques without losing fine detail due to discretization.

One of the most notable examples is NeRF [10], which models an entire 3D scene with a neural network that
outputs density and radiance when sampled at a given 3D position and viewing direction. While mainly used
for novel view synthesis, NeRF demonstrates that neural networks are powerful enough to model and ren‑
der continuous representations of complex geometry, with recent variants even enabling real‑time render‑
ing. [21]. Neural techniques have also been applied to textures [16]. Vaidyanathan et al. neurally encode
multiple channels andmipmap levels of material textures. These neural networks can bemore compact and
more detailed than explicit encodings while still allowing for random‑access sampling. These results suggest
that neural networks are capable of representing high‑frequency functions in a compact and continuousway,
highlighting their potential for shadow representations as well.

3
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2.2.1. Neural shadow rendering
Existing research on neural shadow rendering can be broadly divided into view‑space and ray‑spacemethods.
View‑space methods infer visibility from rasterized buffers, whereas ray‑space methods model visibility as a
function of rays.

View-space methods
View‑space methods predict screen‑space shadows from rasterized buffers, often in screen space or light
space. This can include screen‑space depthmaps, emitter‑space depthmaps (shadowmaps), and it can also
include screen space shadows cast by shadow maps. They typically use a convolutional neural network to
leverage the spatial structure in such buffers.

Neural Shadow Mapping by Datta et al. [6] proposes a neural extension to basic shadow mapping that pro‑
duces high‑quality hard and soft shadows. Their method uses several G‑buffers as input to a convolutional
neural network with a U‑net architecture, including shadowmaps and view‑space depth and normals. Their
training is supervised by ray‑traced screen‑space hard and soft shadows, while the loss is alsomeasured after
applying small perturbations to the camera and emitter, to reduce instabilities introduced by shadow map
aliasing.

More recent work by Chen et al. iterates on this approach by removing all extra G‑buffers from the features,
relying only on a number of hard shadows [4]. These shadows are created by sampling along the boundary
of an area light, creating virtual point lights with corresponding shadowmaps. The view‑space hard shadows
from the shadowmaps are used as input to the U‑net network to output high‑quality soft shadows.

Although screen‑spacemethods can create visually convincing shadows, their reliance ondiscretized shadow
maps prevents them fromaccurately predicting sub‑pixel occlusion. Furthermore, the network does not have
access to layered depth information, making visibility prediction inherently ill‑posed. These approaches per‑
form neural inference as a post‑processing step instead of directlymodeling the light‑space visibility function
as a neural field. The required number of shadowmaps may also increase with the emitter’s area to prevent
hard shadow contours from becoming visible in the soft shadow. In contrast, our method directly maps rays
to visibility and avoids intermediate discretization altogether.

Ray-space methods
Ray‑spacemethods aim tomodel visibility directly from rays, bypassing the need for intermediate discretiza‑
tion.

The Neural Intersection Function (NIF) [8] represents visibility as a function of rays, by mapping a ray’s origin
and direction to a visible probability between 0 and 1. One core problem with this representation is that
infinitelymany rays share the samedirectionwhile differing in origin. TheNeural Intersection Function solves
this by encapsulating the occluder in an Axis‑Aligned Bounding Box (AABB). For every ray, the intersection
point of the ray and the AABB is given to the neural network as the ray’s origin, collapsing the infinite number
of overlapping rays to a single representation.

However, for concave geometry, visibility strongly depends on the position of the ray’s origin. In these cases,
using only the AABB intersection pointwould prevent themodel from correctly predicting self‑shadowing. To
address this problem, NIF uses two neural networks: one for rays originatingwithin the AABB and another for
outside rays. To handle self‑shadowing, the inner network takes the distance from the center of the AABB to
the hit point as an additional input.

TheauthorsofNIFalsonote that sinceAABBsareconvex , theboundaries canbe representedwith2Dspherical
coordinates. Although this reduces the dimensionality of the problem, it is harder for the neural network to
learn the high‑frequency geometry from only two dimensions. Instead, the authors opt for a grid encoding,
which increases dimensionality but aids the network in learning high frequencies. Even though NIF is able to
speed up ray castingwith up to 1.53xwhile preserving image quality, it is overfit to the viewpoint and has only
been evaluated for secondary ray casting.

Although NIF uses a shallow BVH to split the scene into AABBs, Neural BVH [18] takes this a step further and
replaces only the last few layers with neural leaf nodes. Nevertheless, these layers are the widest and thus
their approach manages to reach a compression ratio of 13x across an entire scene. Their core idea is that
neural networks can more accurately predict the geometric properties of intersection locations when this
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intersection is close to the input location. This is achieved with the BVH, since a deep BVH creates bounding
volumes that more tightly surround the object.

Additionally, the neural network does not just take the ray origin and direction as input, but instead takes
multiple uniformly sampledpoints along the ray as input for a closerminimumdistancebetween thesepoints
and the actual intersection. This does raise issues with self‑shadowing, but the geometry within a neural leaf
is assumed tobe so small that it is assumed tobe convex. Although itmanages ahigh compression ratio, it still
relies on a spatial acceleration structure, the traversal of which takes some time. As such, it does not compete
with ray tracingmethods in termsof speed. Ourmethoddoesnot rely onBVHs, offering thepotential for faster
queries.

Unlike NIF, which is limited to static scenes, and N‑BVH, which replaces only the deepest levels of a BVH
with neural approximations, we propose a global continuous mapping from rays to occluder depth for di‑
rect shadow evaluation. Using a ray‑space representation and dual depth bounds [19], our model works as a
drop‑in replacement for shadowmaps without intermediate discretized buffers or spatial hierarchies.



3
Methodology

3.1. Overview
Training

(a) 1. The object is enclosed in a minimal
bounding sphere.

(b) 2. A number of training samples are
generated per direction. Here, one direction is
shown. The interval between the first two
intersections are used for supervision.

(c) 3. The neural network is supervised to learn a
boundary that is minimally outside of the

training intervals.

Rendering

(d) 4. During rendering, rays from from the light
sources to the shading points are created.

Ray‑sphere intersection tests determine if they
intersect the bounding sphere.

(e) 5. If so, the ray’s first intersection with the
sphere, and the normalized ray direction, are

used as inputs to the model.

(f) 6. The model predicts the occlusion depth. If
the shading point is further along the ray than

the occlusion depth, then it is shadowed.

Figure 3.1: Step‑by‑step visualization of training and rendering.

An object’s hard shadow is represented by a direct and continuousmapping from rays to occluder depth. Us‑

6
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ing rays from shading points to the light source, this allows for depth testing akin to shadow mapping. We
use a neural network to predict this function, allowing for continuous in‑ and output. To reduce the input
space to a finite domain, we restrict rays that are input to themodel to originate on an approximatelyminimal
bounding sphere surrounding the object. During rendering, we calculate the positions where rays enter the
bounding sphere. This position, together with the light direction, serve as input to the model. The occluder
depth that the model then outputs the depth along the ray that defines the transition between lit and shad‑
owed. Training samples are generated by generating random rays originating on the bounding sphere and
finding the first two intersections between the ray and the occluder. With a dead‑zone loss function (Section
3.5), we stimulate the network to predict in between these bounds for as many rays as possible.

3.2. Shadow representation

Figure 3.2: A function models the boundary between lit and shadowed.

Fora ray that intersectsgeometry, the transitionbetween illuminatedandshadowed regionsoccursat a single
depth along the ray. We therefore represent an object’s shadow by predicting this depth directly with the
following function:

f : (o,d) → ts

where o ∈ R3 is the ray origin on the minimal bounding sphere enclosing the object, and d ∈ R3 is a nor‑
malized direction vector. The scalar ts ≥ 0 denotes the parametric distance along the ray such that all points
o+ tdwith t > ts lie in shadowwith respect to the object. ts determines the position of the ”shadow bound‑
ary” along the ray (Figure 3.1f). When this shadow boundary is completely within the first two layers of geom‑
etry as seen from the light source, it correctly models the occluder’s shadow [19] (Figure 3.2).

To test whether a point p in the scene is in the shadow of the object, a ray is cast from the light source to this
point. If this ray intersects the object’s minimal bounding sphere (Figure 3.1d), the direction of this ray and
the first intersection point with the sphere serve as inputs to the function S to find ts (Figure 3.1e). Similarly
to regular shadow mapping, a depth test can determine whether p is occluded by comparing its distance to
a light source with ts: p is occluded by a light source l if and only if dist(p, l) > ts . Unlike shadowmapping,
the representation is continuous and not discretized into texels.

Representing theoccluder depth insteadof occlusion changes theproblemof predictinghard shadows froma
classification problem to a regression problem. Themain advantage of this representation is that it naturally
forces a single shadow boundary, which is physically accurate for hard shadows. If themodel were to directly
output occlusion, it would have to implicitly learn that there is a single transition point on a ray between lit
and shadowed regions. This is no easy task, as the sample set would have to containmany points on a single
ray before the model can implicitly learn the single transition.
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3.3. Neural Network Architecture
The function is represented using a fully connected neural network per object. ReLU activations are used
after every layer. To improve the network’s ability to represent high‑frequency detail, a positional encoding
is applied to both the origin and direction input vectors (Section 3.3.2).

3.3.1. Input parameterization
The shadow function could in principle operate on arbitrary rays. However, this domain is unbounded be‑
causemultiple ray origins along the same line of sightwould correspond to the same visibility queries: If a ray
r1 intersects the geometry, then any ray r2 that passes through the origin of r1 and has the same direction as
r1 will intersect the geometry at the exact same location. Representing all these rays independently would
add unnecessary redundancy.

Instead, we can limit the input domain by only taking into account origins on an object’s minimal bounding
sphere. For any ray, a ray‑sphere intersection test determines the origin to use as input to the function. This
essentially changes the input domain from unbounded R3 to a two‑dimensional manifold embedded in R3.
And since this domain is finite, it allows training samples to be normalized to the range [0, 1].

However, it must be noted that this representation could fail when the light ray originates from within a con‑
cave part of the geometry. While our implementation does not take this into account, this issue can be pre‑
vented by exclusively mapping ray origins outside of the bounding sphere to the sphere’s surface, while leav‑
ing rayoriginswithin thebounding sphereunchanged. This doesnotmatter for our experiments, as theywere
performed with directional lighting, for which rays never originate fromwithin the scene.

3.3.2. Frequency encoding
Multilayer perceptrons are known to suffer from a spectral bias: lower frequencies are learned more easily
than high‑frequency functions [13]. As a result, MLPs tend to reproduce smooth variations before capturing
fine details. Since our shadow representation has high‑frequency borders near object silhouettes, training a
model on raw origins and directions causes it to underfit to the data.

Following NeRF’s strategy [10], we use a frequency encoding to help the model represent higher frequencies.
Instead of just providing the networkwith the raw ray origin and direction, the input coordinates aremapped
to a set of sinusoidal basis functions with increasing frequencies. This gives the model access to low‑ and
high‑frequency variations of the input,making it easier to represent the sharp changes that are present in our
shadow representation.

For an input scalar x, the encoding is defined as

γ(x) =
(
x, sin(20πx), cos(20πx), . . . , sin(2L−1πx), cos(2L−1πx)

)
,

WhereL is the number of frequencies. The encoding is applied separately to all six scalars in the position and
direction coordinates, increasing the total number of dimensions from six to 6(1 + 2L). The model predicts
the unencoded scalar value corresponding to the occluder depth ts.

3.4. Training Data Generation
Training data is generated offline using ray tracing. While it is possible to sample origins and rays uniformly,
this approach has two issues. First of all, uniformly sampled sets of points are bound to have areas with high
and low sample densities, which hinder the network when learning areas with smaller sample densities. To
solve this, we use Poisson disk sampling [5] to sample rays in a blue noise pattern; blue noise contains high‑
frequency randomness while containing virtually no low frequency signals. This sampling strategy results in
even sampling density, while the high‑frequency randomness prevents the model from learning structures
that are not based on the ground truth.

The other issue with uniform sampling is that only a small portion of the rays will pass close by the object,
which is where the highest frequencies commonly exist in our representation. To get themodel to accurately
predict these borders, an incredibly large number of samples would be required without selective sampling.
Instead, we use an importance sampling strategy based on quadtrees which is simple to implement and fo‑
cuses samples on the high‑frequency borders.
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3.4.1. Poisson disk sampling

(a) Uniform sampling contains holes and clusters (b) Poisson‑disk sampling creates a blue noise, which contains
high‑frequency randomness but an even distribution in the low

frequencies

View directions are sampled from an object’s minimal bounding sphere using Poisson disk sampling to en‑
sure approximately uniform coverage, while also ensuring high‑frequency randomness to prevent unwanted
patterns from appearing in the model’s predictions. Poisson disk sampling ensures that every point has a
minimal given distance r from every other point [5]. This can be done with an active list [3]. A random point
is placed in the active list, after which the following steps are repeated until the active list is empty:

• A point p is randomly selected from the active list
• Up to k times, a new point is generated in the disk between radius r and 2r around p

• If this new point is at least a distance r from every other point in the sample set, accept it.
• If none of the k candidates were valid, p is removed from the active list. p is still kept in the sample set.

Here, k is a hyperparameter that controls howoften the algorithm tries to find a valid candidate. A largerk can
allow the algorithm to fit more points in a space, but it leads to a slower runtime. To improve performance,
sampled points are sorted into a grid of bins to allow fast spatial look‑ups that do not require iterating over
every single sample. [3].

3.4.2. Quadtree-based importance sampling
For each Poisson disk sampled view direction d, a silhouette rendering of the object is created by projecting
it orthogonally to d. Regions near the border of this silhouette correspond to discontinuities in the shadow
function and therefor contain high frequencies. To focus our training samples on these regions, we construct
a quadtree [7] on the silhouette and subdivide quads that contain the silhouette border until every quad is
completely inside or outside the silhouette, or reaches a minimum size. This results in a higher density of
quads near the borders of the silhouette. m points are divided evenly across quads, using Poisson disk sam‑
pling to generate point positions within the quad. For every point, we use the L2‑distance to the center of the
render to calculate o on the bounding sphere such that o+ td intersects this point. This procedure results in
an importance sampling strategy where more rays pass close by the border of the object, which is where the
highest frequencies are due to visibility discontinuities.

3.4.3. Ray tracing ground truth
After sampling a ray, ray tracing is used to find its intersections with the occluder. Both the first and second
intersection, tlb and tub respectively, are used as targets for the neural network. When the ray only intersects
the geometry once, which can happen in non‑closed geometry such as landscapes, tub is set to ∞. When
the ray completely misses the occluder, tlb is set to be the total length of the ray‑portion inside the bounding
sphere, and tub is set to∞. This ensures that for a ray o + td, tlb...tub is the maximum range for which any
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(a) For every viewpoint, an orthogonal render of the object is created. (b) A quadtree is created from this render such that the inside of
quads is either entirely white or black. By sampling an even number
of rays in every quad, we obtain a strategy that focuses samples on

high‑frequency borders.

Figure 3.5: The first two intersections between the ray and the geometry determine the lower and upper bounds used for supervision.

point o+ tpreddwhere tlb ≤ tpred ≤ tub is inside of the occluder or outside of the bounding sphere.

3.5. Dual-depth Supervision

Figure 3.6: The loss function takes two parameters: tlb and tub, between which the loss is 0. Outside these bounds, the loss is the
L1‑distance to the nearest bound.

The model takes advantage of dual depth bounds, inspired by dual depth mapping [19]. Instead of creating
a shadow map from the closest depths to the light source, dual depth mapping takes into account the first
two depth layers from the light. These two layers can then be used to determine a depth bias that reduces
aliasing. The core concept is that a shadowmap’s depth values can be anywhere in between these two layers,
without affecting the shadows produced; the first depth layer is ”in front of the shadowmap”, so it will be lit,
and the second layer is ”behind the shadowmap”, so it will be in shadow.
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We apply this concept to increase the target range during supervised training, using a dead‑zone loss func‑
tion based on two targets per sample: a lower bound tlb and an upper bound tub. The loss of the network’s
prediction tpred is the L1‑distance to the nearest bound when it is out of bounds, and 0 otherwise:

L(t) =


tlb − t t < tlb,

t− tub t > tub,

0 otherwise

Any predictionwithin the interval [tlb, tub] produces the same correct shadows. Penalizing differences within
this intervalwouldencourage thenetwork to learnarbitrarydetails thatdonot contribute to shadowaccuracy.
The dead‑zone loss function avoids this by treating all values in this interval as equally correct.

3.6. Rendering pipeline
Each dynamic object in a scene is represented by its own neural shadowmodel and corresponding bounding
sphere.

3.6.1. Constructing model input and culling
To keep the method space and time efficient, intermediate values are stored in screen‑space buffers. First, a
depth map is rendered from the camera viewpoint. A CUDA kernel then transforms every pixel in the depth
map to its world‑space coordinate p using the affine inverse of the view‑projection matrix. For every light or
sample point in an area light, a ray r = p+ tl is constructed, where l is the normalized vector fromp towards
the light.

As the model is trained on ray origins that lie on the object’s bounding sphere, a ray‑sphere intersection test
with the bounding sphere is used to get the origin to use as input to the neural network. Rays that completely
miss the bounding sphere are assigned a value of 0 in an additional booleanmask, while intersecting rays are
assigned a value of 1. Themask is then compacted using a parallel prefix‑sum operation [1], producing an in‑
dex list that contains the indices of all rays for which to run inference. Rays that do not intersect the bounding
sphere are ignored, significantly reducing the number of forward inferences when the object occupies only a
small portion of the screen.

3.6.2. Depth testing
For rays that intersect the bounding sphere, the model predicts an output tpred. This predicted depth is then
compared to the shadedpoint’sdistance to the light in the same fashionas itwouldbewith traditional shadow
maps; If tpred of forward inference on r is smaller than the distance between p and the light source, then the
point p is occluded in the direction of r. For soft shadows or multiple light sources, the results of all rays
can be aggregated to find the light intensity atp. This process is similar to ray tracing shadows, but the entire
BVH‑traversal and intersection calculation is replaced by a single bounding volume and a neural network that
directly outputs occluder depth for depth testing.

If r is occluded by any object, the process can be terminated earlywithout running inference on other object’s
correspondingMLP’s. To increase the chanceof early termination, it is sensible toorder the testingof different
objects with a metric such as the average occlusion percentage of an object in its bounding sphere over all
directions.



4
Results

4.1. Setup
All experiments were performed using an implementation based on the tiny‑cuda‑nn framework [11]. The
experimentswereexecutedona systemequippedwithanAMDRyzen79800X3Dprocessor, anNVIDIAGeForce
RTX 5070 Ti with 16 GB of memory, and 32 GB of DDR5 RAM.

Unless stated otherwise, all experiments use the configuration below. The configuration was based on the
hyperparameter optimization in section 4.2.

Encoding

• Encoding type: Frequency
• Number of frequencies: 10

Network Architecture

• Network type: CutlassMLP
• Activation function: ReLU
• Output activation: ReLU
• Hidden layers: 8
• Neurons per layer: 256

Optimization

• Optimizer: Adam
• Learning rate: 1× 10−3

• Loss function: Custom Dead-Zone Loss Function (Section 3.5)
• Batch size: 65 536
• Training steps: 1 000 000

Rendering

• Screen resolution: 1200× 800

12
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Model and sampling

• Default model: dragon
• Default sampling method: Poisson Disk sampling with quadtree importance
• Training set size: 250,000,000 samples (10,000 samples for 25,000 viewpoints)

The proposed method is evaluated against conventional shadow maps with resolutions ranging from 128 ×
128 up to 2048× 2048. All comparisons assume directional lighting, although our model also supports point
lights. For shadowmapping, the scale of the directional shadowmap is set to tightly enclose the object.

To quantitatively evaluate shadow quality, all methods are compared against a high‑resolution reference ren‑
dered using a 32768× 32768 shadowmap. At this resolution, aliasing artifacts are visually negligible and the
resulting images are treated as ground truth.

For each experiment, 2000 viewpoints are evaluated, consisting of 1000 viewpoints looking at the cast shad‑
owsand1000viewpointsaimedat theobject’s surface toevaluate self‑shadowing. Eachviewpoint is rendered
for our method and all shadowmap resolutions.

Image quality is measured using LPIPS [23], PSNR, and SSIM [17]. These are widely used image similarity
metrics. A higher PSNR or SSIM indicates a higher similarity with the image, while the LPIPS value decreases
when image similarity increases. LPIPS uses deep learning to measure perceptual similarity [23]. Because
LPIPS is the state‑of‑the‑art in measuring human perceptual similarity, our analysis will focus on this metric.

4.1.1. Test scenes
Themodel was evaluated on three different models with varying characteristics:

• Dragon: A common benchmark model containing both low‑ and high‑frequency geometric detail [9].
• Fence: A challenging scene with thin geometry, high‑frequency structures, and small depth ranges.
Such thin features are known to produce artifacts in conventional shadowmapping techniques.

• Landscape: A scene withmostly low frequencies. It consists of a single plane with extrusions. With our
method, many ray samples will only contain a lower bound.

For the landscape scene,wealso train amodel variant that learns topredict depth for only a single axis of light
directions. This simulates scenes where fully dynamic lighting is not required because light only originates
from a limited set of directions, such as outdoor scenes lit by sunlight. Common techniques such as shadow
mapping and ray tracing do not fully take advantage of such cases, and often treat them as fully dynamic
scenes. Our neural method is naturally able to overfit in these scenarios. This reduces the complexity of the
problem and allows the model to predict higher‑quality shadows for the relevant light directions.

4.2. Optimization
4.2.1. Sampling method
Table 4.1 comparesdifferent strategies for generating training rays. ThecombinationofPoissonDisk sampling
and quadtree‑based importance sampling, described in sections 3.4.1 and 3.4.2 respectively, achieves the
best visual quality across all evaluation metrics.

Uniform sampling produces the lowest quality results. This is expected, as it distributes rays evenly across
both high‑frequency areas as well as low‑information areas such as empty space. This results in undersam‑
pling of the high frequencies where rays either narrowly hit or miss the object.

Uniformquadtree sampling focuses sampleson this shadowboundary, leading toan improvement in theeval‑
uation metrics. However, uniform quadtree sampling does not guarantee full coverage of the scene. Some
regions might be underrepresented, while other areas will have a redundant number of ray samples.

Thebestachievingmethodcombinesquadtree‑based importancesamplingwithPoissonDisk sampling. Since
PoissonDisk samplingevenlydivides rays in low frequencies, this combinationboth focuses rayson thehigher
frequency border while reducing under‑sampled regions.

These results suggest that the distribution of training rays has a substantial impact on the quality of the
learned shadow representation. Focusing samples near shadow boundaries improves reconstruction quality
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in these high‑frequency regions, while Poisson Disk sampling reduces under sampled regions. Consequently,
this combination of PoissonDisk samplingwith quadtree‑based importancewas used for all remaining exper‑
iments.

Method LPIPS ↓ PSNR ↑ SSIM ↑
Poisson Disk Quadtree sampling 0.0392 27.21 0.9769
Uniform Quadtree sampling 0.0453 26.50 0.9746
Uniform Sampling 0.0539 25.54 0.9712

Table 4.1: Different sampling strategies sorted by LPIPS.

4.2.2. Hyperparameters
The optimal learning rate depends on multiple factors, including geometry shape, model size, and input en‑
coding. Optimizing the learning rate for every experiment was not feasible within the scope of this project.
Instead, the dragon occluder with the setup from Section 4.1 served as the baseline for all experiments. The
dragon contains both low and high frequencies, making it representative of general scene complexity.

Figure 4.1 shows the training loss for several learning rates over two million iterations. A learning rate of
0.001 resulted in the smallest loss, while both higher and lower rates resulted in a higher loss after 2,000,000
iterations.

Figure 4.1: Training loss for different learning rates

Figure 4.2 compares the training loss for varying numbers of frequencies. An encoding with ten frequencies
achieved the lowest training loss and LPIPS score.

Using fewer frequencies, such as 5 or the identity encoding, limits the ability of themodel to represent higher
frequencies, leading to underfitting. Increasing the number of frequencies beyond ten does not improve per‑
formanceand instead leads toahigher loss. Sinceboth theLPIPSand the training loss increased, this suggests
that the issue is not to do with overfitting. Instead, an encoding with more frequencies increases complexity
with no gains in the capacity to model high frequencies, making convergence more difficult.

Method LPIPS ↓ PSNR ↑ SSIM ↑
10 Frequencies 0.0379 27.39 0.9772
30 Frequencies 0.0496 27.13 0.9751
5 Frequencies 0.0539 25.35 0.9677
20 Frequencies 0.0590 25.83 0.9698

Table 4.2: Neural networks with different numbers of frequencies, sorted by LPIPS
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Figure 4.2: Training loss for different encodings

4.3. Comparison with shadow mapping
Figure 4.3 shows the training loss across several scenes. As expected, performance decreases as the scene
complexity increases. The mesh fence is the most difficult with its thin geometry, while the Dragon and land‑
scape scenes are easier to model because they have smoother and thicker geometry. The restricted single‑
axis lighting setup is the easiest case, as it reduces the complexity of the problem and allows the model to
overfit to a smaller input domain.

Figure 4.3: Training loss on different models

Table 4.3 shows that ourmethod achieves a lower LPIPS than a 256× 256 shadowmap for the dragonmodel,
while requiring no explicit shadow‑map rasterization. Visually, the neural representation preserves smooth
shadow boundaries and avoids the strong aliasing artifacts visible at lower shadow‑map resolutions, as in
Figure 4.5.

However, the 512× 512 and higher‑resolution shadowmaps still outperform the neural representation in all
similaritymetrics. This is primarily due to the neuralmethod’s difficultywith understanding high frequencies,
such as in the hind claws in Figure 4.4.

The mesh fence model is significantly more challenging because of its thin features and the high‑frequency
grid. Our method is unable to produce shadows of the diagonally overlapping mesh, and instead produces
shadows in one direction only, as seen in Figure 4.6. Quantitatively, the neural method performs only better
than a 128× 128 shadowmap (Table 4.4).
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Method LPIPS ↓ PSNR ↑ SSIM ↑
2k by 2k shadowmap 0.0095 38.50 0.9963
1k by 1k shadowmap 0.0207 35.48 0.9930
512 by 512 shadowmap 0.0329 32.46 0.9875
Our method 0.0379 27.39 0.9772
256 by 256 shadowmap 0.0465 29.42 0.9793
128 by 128 shadowmap 0.1541 24.63 0.9303

Table 4.3: Comparison of our method and directional shadowmaps with varying resolutions on the dragon object.
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Figure 4.4: Comparison of shadowmap resolutions, neural rendering, and ground truth for a pure shadow frame of the dragonmodel.
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Figure 4.5: Comparison of shadowmap resolutions, neural rendering, and ground truth for a self‑shadowing frame of the dragon
model.
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Method LPIPS ↓ PSNR ↑ SSIM ↑
2k by 2k shadowmap 0.0274 31.59 0.9807
1k by 1k shadowmap 0.0564 28.59 0.9634
512 by 512 shadowmap 0.0896 25.60 0.9349
256 by 256 shadowmap 0.1187 22.62 0.8954
Our method 0.1652 17.29 0.8282
128 by 128 shadowmap 0.2171 18.81 0.8166

Table 4.4: Mesh fence similarity with ground truth.

1349.png
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Figure 4.6: Comparison of shadowmap resolutions, neural rendering, and ground truth across certain frames of themesh fencemodel.
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The landscape scene is easier to approximate than thedragonand fence, as the scene contains predominantly
low‑frequency geometry. As such, the neural representation achieves a higher visual quality than in the previ‑
ous scene. Restricting the rotation of the lighting to a single axis further improves the quality, outperforming
a 512× 512 shadowmap.

For both the single‑axis and general neural model, a learning rate of 0.0001 was used, as this lower learning
rate lead to better convergence for simple geometry. Both models were also evaluated with a dedicated set
of 1000 viewpoints that are aimed at the landscape’s center. Lighting in both scenes is restricted to one axis
to allow for comparison between the two.

Method LPIPS ↓ PSNR ↑ SSIM ↑
2k by 2k shadowmap 0.0060 51.24 0.9981
1k by 1k shadowmap 0.0122 48.06 0.9962
Our method (single axis) 0.0210 40.52 0.9936
512 by 512 shadowmap 0.0240 44.13 0.9924
Our method 0.0284 39.04 0.9876
256 by 256 shadowmap 0.0549 39.53 0.9836
128 by 128 shadowmap 0.1297 32.09 0.9612

Table 4.5: Comparison of the neural shadow representation and conventional shadowmapping on the landscape scene. Restricting
the lighting domain to a single rotational axis substantially improves reconstruction quality.

215.png
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Figure 4.7: Comparison of shadowmap resolutions, neural rendering, and ground truth across certain frames of the landscapemodel
with single light direction axis.

Overall, the experiments show that the neural shadow representation is capable of approximating shadow
mapswith aquality roughly comparable tomedium‑resolution shadowmapswhile avoiding explicit rasteriza‑
tion artifacts. Performance depends strongly on the scene complexity, with the best results in low‑frequency
or restricted‑lighting scenes.

4.4. Performance
4.4.1. Inference speed
Training the model described in Section 4.1 for 1,000,000 iterations takes approximately 3 hours and 20 min‑
utes on the hardware described in Section 4.1.

Inference time depends both on the size of the MLP and on the portion of the viewport that is taken up by
the projected bounding sphere. This is because inference is only run for pixels on the screen for which the ray
from the corresponding shading point to the light intersects the object’s bounding sphere.

In addition, the inference cost increases with the size of the input encoding, the number of light sources, and
the number of objects that cast shadows. The inference speed is not directly dependent on the object’s shape.
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Different objects whose shadows are represented by MLPs of the same size will have the same inference
speed, since forward inference consists of predictable dense matrix multiplications. Nevertheless, geome‑
try with more complex structures can require larger MLPs to accurately represent its shadows compared to
low‑frequency or repetitive structures.

To investigate the trade‑off between shadow quality and inference cost, we trained additional variants of the
dragon and landscape models using 64 and 128 neurons per hidden layer, while network depth and other
hyperparameters stay unchanged. Table 4.6 summarizes the resulting LPIPS scores, average frame times, and
model sizes.

Scene Layer width Frametime LPIPS MLP Size
Dragon 64 neurons 11.5 ms 0.0894 160 KiB
Dragon 128 neurons 13.8 ms 0.0487 575 KiB
Dragon 256 neurons 29.1 ms 0.0379 2175 KiB
Landscape 64 neurons 13.2 ms 0.0279 160 KiB
Landscape 128 neurons 13.8 ms 0.0187 575 KiB
Landscape 256 neurons 32.8 ms 0.0210 2175 KiB

Table 4.6: Performance andmemory usage for Dragon and Landscapemodels with different numbers of neurons per hidden layer.

Increasing the network width consistently improves shadow quality for the dragon model, albeit with dimin‑
ishing returns. This is visualized in figure 4.8. A networkwidthof 128neurons significantly improves the recon‑
struction quality from an LPIPS of 0.0894 to 0.0487while increasing the frametime by only 2.3ms. However, a
model width of 256 neurons achieves a quality of 0.0379 in terms of LPIPS. This is still significantly better than
the 128‑wide model, but the rendering time is more than doubled. Since MLPs are fully connected, the re‑
quired number of matrix multiplications increases quadratically with network width. Furthermore, the small
difference in frametime between the 64‑wide and 128‑wide models suggests that most of the rendering time
for those models consists of overhead that does not scale with layer width, meaning that further decreasing
the model width will also give diminishing returns.

Figure 4.8: LPIPS and frametime for different numbers of neurons per hidden layer. Wider MLPs perform better on the dragon but
suffer from overfitting on the landscape

The results for the landscape scene are drastically different. Most interestingly, visual quality decreases as the
MLPwidth increases. This suggests that themodel with 256 neurons per layer is too fit to the landscape train‑
ing set, which could cause high‑frequency shadows that do not exist in the landscape. As such, it is important
to fit the model parameters to the scene that is to be represented.
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4.4.2. Memory usage
Using 32‑bit floats, the eight hidden layers in the MLP consist of 8 × 256 × 256 = 524288 parameters. The
implementation does not use a bias per layer. With ten frequencies, the input layer consists of 126 × 256 =
32256 parameters, and the output layer contains 256 parameters. Using 32‑bit floats, the entire MLP takes up
4 × (524288 + 32256 + 256) = 2,227,200 bytes or 2.12 MiB. Since MLPs are fully connected, the parameter
space increases linearly with network depth and quadratically with layer width (Table 4.6).

In practice, the majority of GPU memory usage in our implementation is taken up by auxiliary buffers that
store and pass data between OpenGL and CUDA. These buffers are not strictly required if the neural inference
is closely integrated within the graphics pipeline.

Representation Memory
2k by 2k shadowmap 16 MiB
1k by 1k shadowmap 4 MiB
Our method 2.12 MiB
512 by 512 shadowmap 1 MiB
256 by 256 shadowmap 256 KiB
128 by 128 shadowmap 64 KiB

Table 4.7: Analytic memory comparison using 32‑bit floats for both neural network parameters and shadowmap texels.
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Discussion

5.1. Limitations
Ourmethod offers a drop‑in replacement for shadowmappingwith the continuous function space of ray trac‑
ing, allowing it to represent shadows with a quality comparable to medium‑resolution shadow maps while
avoiding discretization artifacts. However, the experiments also reveal several limitations that currently pre‑
vent the method from competing with traditional approaches.

Themost significant limitation is the representationofhigh‑frequencystructures. This is especially clear in the
mesh fencescene,where themodel isunable toaccurately represent themanysharp transitionscausedby the
thinmesh. While positional encoding does improve themethod’s ability to represent higher frequencies, it is
not enough for thismodel. This suggests that either the network capacity is insufficient, or that the frequency
encoding is not expressive enough for the model’s complexity.

The occluder depth representation is also sensitive to self‑shadowing artifacts. This is because any prediction
slightly below thevalid interval immediately results in a falsepositive for occlusion, producing self‑shadowing
artifacts. This is only the case for the lowerbound; if themodel predicts above theupper bound, then this only
creates incorrect shadows when other geometry happens to be present between the erroneous prediction
and the true upper bound. As such, the lower and upper bounds do not contribute equally to the visual error.
This suggests that future representations should treat lower‑boundviolationsmore strictly thanupper‑bound
violations.

Finally, rendering speed remains a challenge. Although inference relies on predictable densematrix multipli‑
cations, the method remains slower than traditional shadow mapping approaches. The experiments show
that smaller models drastically reduce rendering time, but at the cost of visual quality for objects containing
high frequencies. As a result, the method shows a clear trade‑off between quality and performance.

5.2. Advantages
Despite these limitations, the experiments also reveal situations inwhich neural shadow representationsmay
be particularly effective. The experiments with the single‑axis light rotation show that the model is able to
direct its capacity towards restricted lighting configurations, something that traditional techniques cannot
exploit. Aside from scenes illuminated by the sun rotating on a single trajectory, this property is useful in
various other scenarios. Characters and vehicles are primarily illuminated from above, both in indoor scenes
with ceiling lights and in outdoor scenes with street lighting. Instead of a full sphere, the input domain can
be restricted to a hemisphere or an even smaller angular region if the scene size limits the maximum angle
between the light and the object.

Furthermore, the requiredMLP size for quality shadows scaleswith geometry complexity, and notwith geom‑
etry size. This makes the method most suitable for large, low‑frequency geometry such as terrains, whereas
shadowmapsneed tobeof large resolution regardlessof howcomplex theyare. In the caseof landscapes, our
method also benefits from large bounds during supervision. This is because landscapes can bemodeled as a
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2Dmanifold, causingmostof the light rays coming fromabove tohave just one intersectionwith thegeometry.
This allows our method to predict any value above the lower bound and still generate correct shadows.

Another advantage is the nature of the neural artifacts. Although ourmethod produces errors, these artifacts
tend tobe less structured than shadowmapping’s discretizationartifacts. Stair‑steppingandaliasingpatterns
are highly regular and therefor very noticeable, whereas the neural artifacts are less regular. In natural envi‑
ronments, such as natural terrains and foliage, these artifacts could blend into the scene and be perceived as
less distracting.

5.3. Implications
The results suggest that themethod isunlikely to immediately replace shadowmaps in fullydynamic real‑time
applications. In particular, scenes containing thin geometry, sharp edges, or other high‑frequency character‑
istics remain challenging for the proposed method. These types of features are most common in man‑made
environments.

At the same time, the results indicate that there are applications where neural shadows may be competitive
with traditional shadowing methods. The most promising example is outdoor scenes. These scenes often
contain large‑scale and low‑frequency landscapes, and they are commonly illuminated by the sun, which
follows a restrictedpath. Bothof theseproperties alignwith the strengths of theneuralmethod. Furthermore,
traditional shadowmaps struggle with outdoor scenes as the large scale requires shadowmaps with a large
resolution, especially in directional lighting.

5.4. Future work
The results show that neural shadow representations can approximate shadows with the level of medium‑
resolution shadow maps, but they also highlight several limitations, as discussed in Section 5.1. The future
work canbe divided into twodirections. The first direction focuses on improving the performance andquality
of the current method, and the second direction explores extensions that are made possible by the neural
representation of our method.

5.4.1. Improving quality and performance
In neuralmodels, quality andperformance are closely connected. Increasing the size of the network generally
improvespredictionquality at the cost of inference speed,while reducing its size improves theperformanceat
the cost of accuracy. As such, improvements thatmake the representationmore efficient can often be traded
for higher quality, and vice versa.

High frequencies
To improve the model’s performance in representing high frequencies, the problem size can be reduced by
splitting thegeometry into several smallerpartsusingaboundingvolumehierarchy. Thisallows themodels to
focus on local detail. Similar to NIF [8], the BVH could consist of only a few layers while the rest is represented
by MLPs. Additionally, other encodings can be explored. While our method uses frequency encoding, recent
methodshavedemonstrated theeffectivenessof hashgrid encodings, suchas InstantNGP [12], which reduces
the required MLP size for varying problems without sacrificing quality using a multiresolution hash table of
trainable feature vectors.

Improved loss
Section 5.1 showed that lower‑bound violations are more likely to introduce incorrect shadows than upper‑
bound violations. It is worth exploring asymmetric loss functions that assign greater punishment to errors
under the lower bound, as these types of errors are guaranteed to create false shadows. Additionally, the
loss function could have a small gradient within the bounds that slightly encourages predictions towards the
middle. A more drastic improvement could be made by having the model output a confidence value, where
shading points will only be shadowed if they both fail the depth test and if the confidence value is larger than
0.5. This allows the model to use the advantages of both the depth‑represented model and the confidence
model: the depth‑representation allows the input to be restricted to points on a single sphere, while the con‑
fidence value allows the model to represent discontinuities with a continuous function by transitioning the
confidence value smoothly from below to above 0.5, so discontinuities can be approximated with a continu‑
ous function.
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Directional lighting
When rendering scenes with directional lighting, a feature vector can be calculated from the light direction.
This requires two neural networks: one network that calculates feature vectors from light directions and one
network that predicts occluder depth from feature vectors and pixel locations. This allows one part of the
computation to be calculated per frame instead of per pixel.

Exploiting symmetry
The problem of predicting occluder depth within a bounding sphere is inherently symmetric; every ray has
an oppositely directed ray that intersects the occluder in the same positions. However, rather than explicitly
forcing this symmetry, ourmethod relies on the neural network to learn this symmetry implicitly. This allows
us to represent non‑hitting rays by assigning them a depth outside of the bounding sphere. Although neg‑
ative depths can also be used to represent non‑hitting rays, this approach is more prone to self‑shadowing
artifacts. Due to the continuous nature of neural networks, predictions near the occluder boundary will inter‑
polate between the occluder depth and negative values, which is more likely to lead to self‑shadowing than
interpolation between occluder depth and high values.

5.4.2. Extensions
Neural shadow representations enable extensions that can be incorporated more naturally than with tradi‑
tional techniques. Because the shadow function is represented with a learnedmodel, additional parameters
can be incorporated directly into the network inputs, allowing a single MLP to represent more complex con‑
figurations.

Soft shadows
Similar to ray‑traced soft shadows, our method can be used to render soft shadows by performing multiple
inferences per view‑space pixel, where each inference will be performed on a ray pointing towards a different
sample on an area light. However, this approach scales linearly with the number of samples.

Instead, soft shadows could be incorporated into the neural representation. Unlike hard shadows, soft shad‑
ows cannot be represented with binary visibility. Thus, a soft shadow representation should not output the
depth of a shadow boundary, but should output the light intensity. However, shadows of an area light are
much more difficult to learn than hard shadows. This is because hard shadows depend only on the occluder
and the direction from the light to the occluder, while soft shadows also depend on the rotation of the area
light, the translation between the occluder and the area light, and the translation from the shading point to
the occluder. Since both of these factors can change in dynamic scenes, a neural representation would need
to have many input parameters, of which the translation is a fundamentally unbounded input.

Although the general soft‑shadowproblem is challenging, several specific casesmay bewell suited for neural
representations. Oneexample is directional soft shadows,which are commonly used toapproximate sunlight.
While directional soft shadows do not exist in theory, the sun is sufficiently far away that the translation to
the scene can be considered constant, while simultaneously taking up a non‑negligible area in the sky. In
such cases, the required shadow function representation is not too different from that of hard shadows. The
direction from the area light to the occluder defines a 3D field of light intensity, which can be sampled with
the 3D position of the shading point relative to the occluder:

f : (p,d) → I ∈ [0, 1]

In this case, p ∈ R3 is not restricted to lying on a sphere, but is instead any unbounded 3D position. The
function does not output shadow boundary depth, but directly outputs light intensity.

Animation
Another interesting extension involves animatedgeometry. Givena3Danimation consistingof several frames,
the index of the frame can be used as an additional parameter to the neural representation. This allows the
singlemodel to predict shadows for an entire animation. This approach could be suitable for neuralmethods
when consecutive frames are highly correlated, as this would allow the model to exploit temporal similarity.
One example where this representation could be useful are movement animations that play when a video
game character performs a certain action.



6
Conclusion

This thesis introduced a continuous and globalmapping from rays to occluder depth to render real‑time shad‑
ows, implemented with a neural network. By directly mapping a ray’s origin and direction to a depth value,
the method does not rely on discretized intermediate representations, eliminating the aliasing artifacts that
shadowmaps suffer from.

To help the model focus its learning capacity on the occlusion boundaries, a training strategy was proposed.
The loss function uses a lower and upper target per sample and only assigns a loss outside of these bounds.
These bounds are set to correspond to the first two ray‑geometry intersections, allowing the model to repre‑
sent occluder depth as any value within this interval.

Experiments show that the model can represent both low‑ and high‑frequency geometry, achieving a visual
quality comparable to 512× 512 traditional shadowmaps. Additionally, the combination of quad‑tree based
importance sampling andPoissonDisk sampling significantly improve reconstructionquality by focusing rays
on shadow boundaries and ensuring full coverage. The results also show that the model has the unique abil‑
ity to take advantage of limited light directions, as it can naturally overfit to restricted domains and predict
shadows of higher visual quality than the general model. This makes themodel well‑suited for large outdoor
environments, which often contain low‑frequency geometry and illumination from a restricted light path.

Nevertheless, critical areas for improvement remain. The results show that theneural network fails to capture
high‑frequency details such as thin geometry and that prediction errors can lead to self‑shadowing artifacts.
Furthermore, optimizations are needed for the inference speed to be comparable with shadowmapping.

Ultimately, this thesis showed that neural fields can serve as an effective replacement for traditional shad‑
owing techniques. Although optimizations are needed to competewith traditionalmethods, neuralmethods
have several unique strengths that could make them especially well‑suited for specific scenarios.
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7
Reflection

7.0.1. Research in broader CS field
This research was motivated by a broader trend in computer graphics to replace traditional data structures
with neural representations. While many computer graphics techniques rely on explicit representations such
as textures andmeshes, recent developments have shown that neural networks can act as compact represen‑
tations of complex data.

Within this context, it is natural to explore neural methods for shadow casting as the most commonmethod,
shadow mapping, suffers from discretization artifacts whereas neural representations don’t have to rely on
discretizationat all. The results show that it is possible for aneural representation toachieve the visual quality
of medium‑sized shadowmaps while eliminating the typical staircase artifacts that stem from shadowmaps.
At the same time, the neural method takes more time to render shadows while struggling to capture high
frequencies and prevent unwanted self‑shadowing.

As such, the method presented in this thesis is not directly competitive with existing methods. However, the
experiments do highlight specific strengths and weaknesses. While further optimizations are required, the
neural method does have unique strengths that make it especially useful for specific scenarios such as out‑
door environments. So, aside from introducing several new approaches such as the neural occluder‑depth
representation, the thesis also shows thepotential of neuralmethods for shadowcasting. This couldmotivate
new research into variants and optimizations of this neural shadowingmethod.

7.0.2. Implications and applicability
The proposed method is particularly useful for developers of games and other interactive 3D applications.
Unlike traditional shadow rendering techniques, neural shadow representations can be trained offline and
distributed along with the application. In principle, this moves computational cost from consumer hardware
to developers, where specialized hardware and longer computing times are often available.

However, the results also suggest that the method is not yet suitable as a general replacement for shadow
mapping. The rendering costs are still too high and the model still produces artifacts in scenes with thin ge‑
ometry or high‑frequency structures. Neural methods often cannot guaranty complete accuracy as they are
deterministic methods, and it is impossible to test every sample in a continuous domain. As such, traditional
deterministic methods such as ray tracing remain preferable in scenarios where exact visibility is required, or
where there is no strict requirement for fast computation time. An example ismeasuring shadows for optimal
solar panel placement.

Furthermore, it is worth saying that the proposed method primarily competes with existing techniques in in‑
teractive applications. In static or partially static scenes, shadows can often be baked into textures or other
precomputed representations, making real‑time shadow rendering unnecessary. Similarly, in precomputed
animations, shadow rendering does not have to be performed in real time, allowing computationally expen‑
sive techniques such as ray tracing to be used for rendering.

Nevertheless, neural methods still offer some advantages in these scenarios. While pre‑baked shadows are
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less prone to aliasing than light‑space shadow maps, they are still discrete representations that can require
large textures to prevent oversampling for large landscapes. Neural alternatives could reducememory usage
and allow continuous shadows here. Additionally, neural methods could also benefit from static lighting, as
the results in this thesis have shown that the model naturally overfits to restricted lighting configurations.

Ultimately, the proposed method is most useful for interactive applications where exact visibility is not re‑
quired. The method is able to move computational power from the consumer to the developer. This saves
computational requirements from many general‑purpose machines to a select number of specialized com‑
puters, drastically reducing the cumulative number of computations.



8
AI Usage

Generative AI tools were used during this project to support with writing, programming, and finding informa‑
tion. Its use was limited to assistance and had no role in the core research, methodology, and analysis of the
thesis.

During writing, the LLM’s ChatGPT and NotebookLM were used to provide feedback on draft texts. This in‑
cludes suggestions in grammar, structure, or for clarity. While the LLM’s suggested better phrasings at times,
nowritingwas directly copied andpasted froman LLM’s output, aside from tables thatwere reformatted from
script output to LaTeX. All content is thoroughly reviewed and remains my responsibility.

LLM’soccasionally helpedwith finding references anddebugging code. All references in this thesis are verified
and read before use. LLM’s were also used to generate python scripts for running experiments or parsing
results. These tools were not used to generate large parts of the source code, but they were used to generate
examples of library usage, where it was not clear to me from the library’s documentation.

I retain full responsibility for the accuracy, validity, originality, and reliability of all content included in my
work. All generative AI output was critically evaluated.
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