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SUMMARY
Despite the exponential growth in computational power, displaying highly
detailed scenes remains challenging due to memory and performance lim-
itations. One method of representing scenes is using voxels; the tiny cu-
bic cells of a regular grid. In this dissertation, we are concerned with the
Sparse Voxel Directed Acyclic Graph (SVDAG) data structure and how it can
be used to improve large-scene rendering. The SVDAG is a hierarchical data
structure that aims to reducememory usage by identifying geometric redun-
dancy. We address several challenges regarding this type of voxel compres-
sion.
Chapter 3 introduces a general framework for identifying geometric re-

dundancies under a specific set of geometric transformations such as mir-
ror symmetries and 90-degree rotations along the primary axis. In addition,
it presents a novel algorithm for finding redundancy after applying trans-
lations. These transformations are stored compactly using a novel pointer
encoding, resulting in additional compression over a regular SVDAG.
In Chapter 4 we address the challenge of real-time voxel editing by devel-

oping a GPU-accelerated editing framework for SVDAGs. This work relies
on a GPU hash table, and we present and evaluate various implementations.
Our results demonstrate that compact voxel structures, previously limited to
static scenes, can now be efficiently modified and updated in real time.
Chapter 5 focuses on voxel scenes where each voxel carries associated at-

tributes (such as color). To maintain high performance during editing, we
propose two attribute compression algorithms, one lossless and one lossy,
that are optimized for runtime speed rather than just memory savings. The
approach separates geometry fromattributes, allowingboth tobe compressed
and edited independently, and integrates elegantly into existing SVDAG edit-
ing pipelines.
Finally, Chapter 6 proposes a technique to accelerate out-of-core path trac-

ing through conservative ray batching using geometry proxies derived from
SVDAGs, without any loss in image quality. The memory compact voxel ge-
ometry provided by SVDAG compression helps to significantly reduce the
amount of geometry data that must be loaded from disk, accelerating the
rendering of large scenes that do not fit entirely in systemmemory.
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SAMENVATTING
Ondanks de exponentiële groei in computer rekenkracht blijfthetweergeven
van zeer gedetailleerde scènes een uitdaging vanwege zowel geheugen- als
prestatiebeperkingen. Een mogelijke methode om scènes weer te geven is
met behulp van voxels: de kleine kubusvormige cellen van een driedimensi-
onaal raster. In dit proefschrift focussen wij ons op de Sparse Voxel Directed
Acyclic Graph (SVDAG) datastructuur, en hoe deze gebruikt kan worden om
de weergave van grote en gedetailleerde scènes te verbeteren. De SVDAG is
een hiërarchische datastructuur die geheugengebruik vermindert door her-
halende patronen te identificeren. Wij behandelen verschillende uitdagin-
gen met betrekking tot dit type voxelcompressie.
Hoofdstuk 3 introduceert een algoritme voor het identificeren van geo-

metrische herhaling na toepassing van een specifieke set van geometrische
transformaties zoals spiegelsymmetrieën en rotaties van 90 graden langs de
primaire assen. Daarnaast wordt een nieuw algoritme gepresenteerd voor
het vinden van redundantie in de vorm van verschoven voxels. Deze trans-
formaties worden compact opgeslagen met behulp van een nieuwe pointer
codering, wat resulteert in extra compressie ten opzichte van een gewone
SVDAG.
In Hoofdstuk 4 behandelen we de uitdaging van hetmodificeren van voxel

modellen in real-time door middel van een methode die de videokaart ge-
bruikt. Dit werk is gebaseerd op een GPU hash tabel; wij presenteren en eva-
lueren verschillende implementaties hiervan. Onze resultaten tonen aan dat
compacte voxelstructuren, die voorheen beperkt waren tot statische scènes,
nu efficiënt kunnen worden bewerkt.
Hoofdstuk 5 richt zich op voxel scènes waar elke voxel geassocieerde at-

tributen heeft zoals kleur. Om hoge prestaties te behouden tijdens het be-
werken, stellen we twee attribuut compressie algoritmen voor: één lossless
en één lossy, die geoptimaliseerd zijn voor runtime snelheid in plaats van
alleen geheugengebruik. De aanpak scheidt geometrie van attributen, waar-
door beide onafhankelijk gecomprimeerd en bewerkt kunnen worden, en
integreert elegant in bestaande SVDAG bewerking programma’s.
Ten slotte wordt in Hoofdstuk 6 een techniek voorgesteld om out-of-core

path tracing te versnellen door middel van conservatieve ray batching met
behulp van geometrische proxies afgeleid van SVDAGs, zonder dat dit leidt

viii VIII
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tot kwaliteitverlies. De compacte voxel geometrie die wordt opgeslagenmid-
dels SVDAG compressie helpt om de hoeveelheid data die van de harde schijf
geladen moet worden te reduceren. Daarmee wordt het renderen van grote
scènes die niet volledig in het systeem geheugen passen versneld.





1
INTRODUCTION

The first full-length movie to be entirely generated by a computer
was Toy Story, released in 1995 by Pixar Animation Studios. Although
multiple studios had previously released computer animated shorts, this
was the first to span a runtime of over one hour. It was a marvel of
engineering, since none of the (software) tools that we would use today
were available. Making this movie required developing and researching
into many different software tools that we now take for granted. By today’s
standards, the movie does look dated. The lighting is flat, the 3D models
simplistic, and the animation wooden. However, this was all a limitation
of the available compute power at the time.
After multiple decades of exponential improvements in hardware

capabilities, our computers have become multiple orders of magnitude
faster than those used to develop early 3D movies. Indeed, even a simple
smartphone contains more computational power than the supercomputers
used back in the day. However, the availability of such enormous amounts
of computational power has not (yet) solved all fundamental problems in
computer graphics. With every increase in the number of computations we
can perform, we raise the bar in terms of the visual fidelity that we expect
the computer to generate. Not only do moviegoers now expect realistic
lighting (i.e. path tracing), but the virtual worlds in which we immerse
ourselves have become larger and more detailed with every new release.
As a result, movie studios actively employ their own supercomputers to
store and render their highly detailed scenes. In that sense, nothing has
changed, and rendering the pretty images we see on the silver screen may
still take weeks of number crunching.
A very similar development has taken place in the real-time entertain-

ment domain (gaming), although spread over an even larger timescale. In
1958 William Higinbotham released the first computer game called Pong.
A simple two-dimensional tennis game in two dimensions, where the ball

1
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consists of a single square and the tennis rackets of a rectangle. By
the 2000’s animation studios like Pixar were producing engaging stories
realized in a fully computer-generated world, and similar developments
also took place in the gaming industry. With computers becoming more
affordable, people were now able to run three-dimensional video games at
home using affordable gaming consoles. However, the quality of the virtual
worlds was clearly lacking behind their movie counterpart as it is hard
to feel an emotional connection to Hagrid displayed by the PlayStation 1.
This is obviously to be expected, as the images in the virtual worlds must
be produced in real-time on hardware that a regular consumer can afford.
By now, almost 25 years later, the hardware running these games has
accelerated by orders of magnitude, and as a result, modern video games
look more lifelike than ever. But, just as in movies, we are still limited
by both computational power and storage requirements. While developers
want to immerse their players in a highly detailed and large virtual world,
the reality is that storage space is limited, and this problem does not seem
to be going away.
Virtual worlds can be represented digitally in various ways. The

most common solution is to model only an object outside, doing so
with an infinitely thin surface. These surfaces are most often stored
explicitly, using basic primitives such as triangles or quads. However,
they can also be stored implicitly, for example, as a signed distance field.
Alternatively, a volumetric approach encodes a thin outer shell of the
surface and optionally the inner structure as well. Volume data structures
can be classified as either unstructured or structured. An example of an
unstructured data structure is a complex of tetrahedrons. It adapts well to
local details, but can be difficult to construct and operate on. In contrast,
a structured grid is easy to process and, as we will see, can be highly
compressed, allowing for very high voxel grid resolutions.
In this dissertation, we aim to address the storage concerns of

representing and displaying very large and detailed virtual worlds with
the use of Sparse Voxel Directed Acyclic Graphs, or SVDAGs for short.
The SVDAG data structure allows for very compact storage of (binary)
voxel scenes. The word “voxel” is a three-dimensional extension of the
concept of a pixel (or texel); it represents a single cube-shaped cell on
a regular three-dimensional grid. Conceptually, one might think of it as
the cells of a checkerboard but extended into the third dimension. We
will propose several improvements to existing SVDAG research in order
to achieve better compression (Chapters 3 and 5), real-time modifications
(Chapter 4), and show a novel use case (Chapter 6).







2
BACKGROUND

The concept of voxels is certainly not new. These nicely aligned cubes
have been used for many different use cases, such as physics simulations
[1, 2], medical imaging [3], real-time rendering [4–6], offline rendering [7],
3D reconstruction [8, 9], 3D painting[1, 10–12], and 3D printing [13]. We
can categorize these into two different types: dense and sparse voxel grids.
In this dissertation, we solely focus on the latter sparse voxel grids, how to
store them effectively, and how to apply them to accelerate rendering.
In a dense voxel grid, each voxel is "occupied" and assigned some value.

An example of this is some forms of medical scans, where each voxel
stores the density of the biological material. In contrast, a sparse voxel
grid assumes that most voxels are empty, they do not store any value. This
type of data is often found in real-time rendering [10], where the voxels
are used to represent the surfaces of objects, but not their interiors. As
mentioned above, in this dissertation, we focus exclusively on sparse voxel
grids.
From a high-level conceptual overview, computer memory is presented

as a one-dimensional array of numbers. Thus, storing any two- or
higher-dimensional data set requires a mapping to the one-dimensional
domain (e.g. f : NN → N). Due to its simplicity and computational
efficiency, the most common solution is to collect all rows of our grid and
concatenate them into a single array. The downside of this technique is
that we assign a memory address also to the empty voxels, wasting a lot of
memory. This generates the need for more complex data structures that
account for the sparsity of a data set.

2.1. RELATED WORK
Various methods have been proposed for compactly storing sparse voxel
grids. For example, the spatial hash [14, 15] stores all nonempty voxels

5
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in a hash table. Spatial hashing has recently been used to accelerate
real-time light transport [16]. A special hash function is used to map the
three-dimensional positions of the voxel to a single number (N3 → N).
Testing whether a voxel is empty requires a hash table look-up which
has O(1) amortized time-complexity; however, the time-complexity in
the worst case is O(N). Perfect spatial hashing [17] aims to solve this
by guaranteeing constant-time accesses using a perfect hash function.
However, a downside of this approach is that it takes a considerable
amount of computation to find such a perfect hash function.

N-wide trees provide another effective storage solution as was shown
by Crassin et al. [5], who use it to build an out-of-core GPU renderer
with multiple levels of detail. OpenVDB[2] combines spatial hashing
and wide trees into a single structure, providing improved data locality
when iterating through spatially close voxels. OpenVDB was originally
developed for the CPU, but was later ported to the graphics card[18,
19]. Recently, Kim, Lee, and Museth [20] achieved significant memory
reductions over OpenVDB by replacing the lower parts of the tree with a
neural representation.

2.2. SPARSE VOXEL OCTREE (SVO)
A commonly used specialization of these trees is the Sparse Voxel
Octree. Starting with the entire N3 voxel grid, the domain is subdivided
into eight equal-sized octants of

(
N
2

)3. Each nonempty octant is then
subdivided again to create

(
N
4

)3 octants. This process is repeated until a
predetermined leaf size is reached (typically 23 or 43), which are stored as
dense grids.
During this process, we can construct a tree structure to represent the

subdivisions. Initially, the entire N3 voxel grid is represented by the root
node, storing pointers to the eight

(
N
2

)3 child octants. If a child octant
only contains empty voxels, then that child is empty, and the parent node
stores an empty pointer. Since this is a common occurrence, programmers
typically choose to encode empty octants using a bitmask, rather than
storing explicit null pointers. Figure 2.1 provides an illustration of the
two-dimensional equivalent of an octree. The exact same concepts apply
to higher dimensions (e.g., 3D), but the two-dimensional example is easier
to visualize.
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2

7

0

2

10

6

4

32

0 1

5

0 1

2 3 6

4 5

0 1

2

0 2 3 4 5 61

0 1 2

0

82 voxel grid 42 quadrants 22 quadrants

Sparse Voxel Tree

Figure 2.1.: Two-dimensional example of a sparse grid and its sparse voxel
(quad)tree equivalent. Empty voxels are white, filled voxels are
black.

2.3. SPARSE VOXEL DIRECTED ACYCLIC GRAPH
(SVDAG)

While a Sparse Voxel Octree (SVO) may reduce memory requirements
by multiple orders of magnitude compared to a regular grid (for sparse
scenes), it is not yet the most compact solution. Instead, the Sparse Voxel
Directed Acyclic Graph (SVDAG) provides a generalization of the SVO,
which is typically more compact than its counterpart. The concept was
initially presented by Webber and Dillencourt [21] in two dimensions and
later applied in three dimensions by Parker and Udeshi [22]. Research
interest grew when Kämpe, Sintorn, and Assarsson used SVDAGs to
compactly store voxelized triangle models[23], after which they were used
for precomputed shadows [6, 24] and segmentation volumes in medical
imaging [3].

The core concept behind SVDAGs is to detect reoccurring patterns
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and to subsequently eliminate this redundant information. Consider the
two-dimensional example shown in Figure 2.1. It contains repeating
geometry at multiple levels in the tree. At the 22 level, the quadrants
{0, 2, 4, 6} and {1, 3, 5} store an equivalent pattern. The same holds for
42 quadrants 0 & 2. We update the tree by removing, for each group of
matching quadrants, all but one instance; the other removed quadrants
are replaced by a pointer to this remaining instance. This process is
illustrated in Figure 2.2.

Sparse Voxel Octree Sparse Voxel Directed Acyclic Graph

0 1

2 3 6

4 5

0 1

2

0 1

0 1

0 1

0

0

0 1

2

0 1

0

1

0 1

0 2 3 4 5 6 0 1 0 11

0 1 2

0

0 1 2

0

0 1

0

Figure 2.2.: Two-dimensional example of converting a Sparse Voxel Octree
(SVO) to a Sparse Voxel Directed Acyclic Graph (SVDAG).

2.3.1. EFfiCIENT CONSTRUCTION
SVDAG compression can be applied to an existing Sparse Voxel Octree
with low computational overhead. At a high level, the algorithm consists
of iterating over all octants in a level and eliminating duplicates. The trick
is to thus accelerate the process of searching for matching octants. This
poses two sub-questions: How to quickly compare two subtrees? And how
can we subsequently find matching subtrees without resorting to a (slow)
linear search?

The answer to the first question is to perform the conversion process
in a breadth-first bottom-up fashion. This means that we consider all
equal-sized octants (e.g. N3) at once, and we do so by starting at the leaves
and working our way up the tree. Testing whether two leaves are identical
is a trivial operation; we flatten the dense grids into an integer number.
The resulting comparison requires only a single computer instruction.
By processing our SVO in a bottom-up fashion, we can now efficiently

test whether the subtrees rooted at the parent nodes represent the same
geometry. After processing the previous level, we know that if two
child subtrees store the same geometry, then their pointers must also
match. Thus, comparing a pair of inner nodes only requires a comparison
between the eight child pointers.
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The second challenge posed by SVDAG construction is how to find
duplicates without iterating over all other subtrees. This is a field that has
been well-researched in computer science. Sorting the leaves and nodes
(per level) ensures that equivalent items are positioned consecutively
in memory. Alternatively, one iterates over the octants and builds a
dictionary of previously visited octants. This latter approach requires
more (temporary) memory, but allows for faster updates, as we will see in
Chapter 4.

2.3.2. OUR CONTRIBUTIONS
Sparse Voxel Directed Acyclic Graphs provide great memory savings over
Sparse Voxel Octrees with few downsides. Their effectiveness is tied to how
much geometric reuse can be discovered. As such, there is an incentive
to not only consider exact matches, but to also search for octants that
are geometrically similar [25] or equivalent under some transformation
[26, 27]. In Chapter 3, we advance the field of SVDAG compression by
proposing novel algorithms for efficiently finding matches under various
geometric transformations. Combined with an efficient encoding scheme,
we are able to beat the memory usage of the state-of-the-art.

While SVDAGs are often used for static scenes, some use cases require
either modification or incremental construction of voxel scenes. As
shown by Careil, Billeter, and Eisemann [28], SVDAGs can also be used
in this context due to their fast construction process. Their framework
implements SVDAG editing on the CPU which limits performance scaling.
We address this issue in Chapter 4 by proposing a GPU-accelerated editing
framework based on a novel GPU hash table design.

It is not uncommon for voxel grids to have some data associated
with each nonempty voxel. For example, we might want to associate a
material or a color with each voxel. When directly incorporated into the
SVDAG, this means that two octants only match if both their geometry
and associated voxel values are equivalent. Previous works [29–31] suggest
a decoupling scheme that separates geometry from voxel attributes. The
geometry is then stored in an SVDAG, while the attributes are compressed
separately [30, 31]. Existing work on attribute compression focused
solely on memory usage, resulting in algorithms that are too slow to be
integrated into an SVDAG editing framework. In Chapter 5 we propose
two compression algorithms with a focus on run-time performance and
integrate them into an editing framework [28].

As mentioned above, voxel data have many uses beyond the direct
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display of small cubes. The compactness of SVDAGs, and their ability to
act as a ray tracing acceleration structure, make them a great tool for
improving other rendering methods [3, 6, 24]. In Chapter 6, we propose a
novel use of SVDAGs to accelerate out-of-core rendering. This application
is very well suited to the SVDAG, as it requires a data structure that is both
very compact and fast to intersect.







3
TRANSFORM-AWARE SPARSE VOXEL

DIRECTED ACYCLIC GRAPHS

Mathijs MOLENAAR, Elmar EISEMANN

Sparse Voxel Directed Acyclic Graphs (SVDAGs) have proven to be an efficient
data structure for storing sparse binary voxel scenes. The SVDAG exploits
repeating geometric patterns; which can be improved when considering mirror
symmetries. We extend the previous work by providing a generalized framework
to efficiently involve additional types of transformations and propose a novel
translation matching for even more geometry reuse. Our new data structure is
stored using a novel pointer encoding scheme to achieve a practical reduction in
memory usage.

Parts of this chapter have been published in the Proceedings of the ACM on Computer
Graphics and Interactive Techniques Volume 8, Issue 1 (2025)[32].
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3.1. INTRODUCTION
In this chapter, we focus on improving a specific class of 3D voxel
structures, namely static Sparse Voxel Directed Acyclic Graphs (SVDAGs).
This representation, first suggested in a 2D image context [22] and
later ported to 3D [23], extends the concept of Sparse Voxel Octrees by
removing duplicate subtrees. The initial work on SVDAGs only considers
two subtrees equivalent if they represent the exact same geometry. Later
work extends this concept to equivalence under mirror symmetry [26], and
approximate similarity [25]. We introduce a more general framework for
efficiently finding any transformation that can be described by reordering
child nodes; e.g. 90 degree rotations. Additionally, we show how similarity
under geometric translation further decreases the size of the structure.
Finally, we propose a new compact pointer scheme that aids in reducing
memory usage.

Grid SVDAG
0 1

0

1 2 2 3

4

0 1 2 3 4

0 1

0

Sx

SSVDAG

0

1 2

0 0

0 1 2

0

0

Figure 3.1.: Example of a grid with its SVDAG and Symmetry-Aware SVDAG
(SSVDAG) representations.

3.2. BACKGROUND
We will now provide the necessary background for readers unfamiliar with
Symmetry-Aware Sparse Voxel Directed Acyclic Graphs (SSVDAGs), and we
present an improvement to the SSVDAG construction algorithm. For an
introduction to regular Sparse Voxel Directed Acyclic Graphs (SVDAGs), we
refer the reader to Chapter 2.

3.2.1. SYMMETRY-AWARE SVDAG (SSVDAG)
Symmetry-Aware SVDAGs [26] (SSVDAGs) have been introduced as the first
and, so far, only method to support transformations inside an SVDAG. The
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core idea is that two subtrees can be duplicates if their geometry matches
after mirroring around the primary axes (Figure 3.4). In this scheme, the
child pointers encode both the memory addresses and the mirror axes.
The latter are encoded using 3 bits, one bit per axis (x, y, z).

LEAVES
Construction of an SSVDAG follows a structure similar to that of a regular
SVDAG. The subtrees at the level L = 1 are flattened into 23 voxel grids.
Finding duplicates with respect to symmetry transformations is more
complicated than a regular SVDAG, as there may be multiple different grids
gi, which become equivalent after a symmetry transformation Sx,y,z(g)
is applied. We consider two grids equivalent when they represent the
exact same geometry (Figure 3.2). We denote that using ≡. This raises
the question of which grid gi should be chosen as the representative.
The suggested solution[26] is to define, for each 23 grid g, the canonical
representation g⋆ = argmaxSx,y,z

B(Sx,y,z(g)), where B(g) is the binary
number when concatenating all voxels of g. This canonical representation,
and the accompanying transformation, are precomputed for each possible
23 voxel grid and stored in a look-up table. Duplicates can then be easily
detected by comparing the canonical representation g⋆ of each grid g.

0 Sy SxySx

0 Sx Sy Sxy

0 Sx Sy Sxy

0 Sx Sy Sxy

Figure 3.2.: Different 22 leaves (left) that can be transformed into the same
canonical representation (right) in SSVDAG. Grids displayed in
gray indicate invariance to that transformation.

INNER NODES
To search for duplicate inner nodes (L > 2), [26] recognize that mirror
symmetry can be applied recursively. To apply a symmetry transformation
to an inner node, one swaps its children along the respective symmetry axis
and then applies the same transformation to those subtrees (Figure 3.3).
By processing the tree from the bottom up, the child subtrees ci, cj that
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are equivalent under one symmetry transformation (i.e. ci ≡ Sx,y,z(cj)),
are guaranteed to have the same child pointer addresses. To determine
whether two subtrees are equivalent under a specific transformation Sx,y,z,
each subtree maintains a (temporary) 3-bit mask, storing its invariance
to x, y, or z symmetry (g ≡ Sx,y,z(g)). To search for duplicate nodes,
the search space is first reduced by clustering nodes with the same child
pointers. An exhaustive search for the eight possible transformations
Sx,y,z is used to find all representative inner nodes and compute their
respective mirror invariance.

Sx

{ Sy } { } { Sx }

Sx

Sx

{ Sy } { } { Sx }

Sx

{ Sy }{ }{ Sx }

Sx

Sx
Sx

{ Sy } { } { Sx } { Sy } { } { Sx }
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0 1 0

00

{ Sy } { } { Sx } { } { Sy }

SVDAG
0 1

0

1 2 2 3

4

0 1 2 3 4

0 1

0

Figure 3.3.: Top row: converting an SVDAG to a Symmetry-Aware SVDAG
(SSVDAG). Underneath each leaf we denote the symmetries
to which it is invariant. Bottom row: after a mirror
transformation, the two inner nodes are equivalent. One child
received a different x transformation (pink) but is invariant to
it.

3.2.2. IMPROVING SYMMETRY-AWARE SVDAG
In the original work [26], the authors assume that the invariance to
symmetry along the x, y, or z axes is independent, and thus a 3-bit mask
M = {mx,my,mz} is sufficient to encode all invariances. However, while
an invariance along, for example, the x and y axes implies xy invariance,
the opposite does not always hold. The right/bottom example given in
Figure 3.2 illustrates a grid invariant under xy, but not under x or y
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symmetry. This type of invariance is currently missed by the original
SSVDAG method [26], which leads to an increase in the number of inner
nodes. This issue can be easily remedied using a 7-bit mask to store all
invariance (x, y, z, xy, yz, xz, xyz). We found that this has an impact on the
compression ratio of SSVDAG (Table 3.2).

3.3. OUR METHOD
We extend the concept of SSVDAGs (Section 3.2.1) to support all
transformations that can be described by reordering the children of the
nodes to remove geometric redundancy. We then select a suitable subset
of transformations to achieve practical compression. In addition, we
introduce a new matching via geometric translations. In Section 3.4, we
will describe a method for efficient encoding.
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A+Sx

Sxy

SxSx

0 1

2

0

1 2

3 1

4

0

10

0

1 0

1

1

0

0 0

0

0 1 2 3 4

0 1 0 1

0 1

0

0

0

0 1 2

0Grid SVDAG

SSVDAG Ours

Figure 3.4.: Example of a 2D grid represented by different data structures.
The SVDAG contains 9 items. This is reduced to 5 items by
the (improved) SSVDAG [26]. Our method represents the same
grid with just 4 items. Si indicates mirror symmetry along axis
i; A indicates that the x and y axes are swapped.
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3.3.1. ARBITRARY TRANSFORMATIONS
We define a node N as a tuple of eight child pointers, one for each octant:
N := (c0, . . . , c7). A child pointer consists of a memory address and a
transformation that is applied to that child; empty octants are represented
by a null pointer (ci = ∅). We will first consider all 8! permutation
transformations that can be applied to the set of child octants. We
define a permutation as a bijective function T : {0, . . . , 7} → {0, . . . , 7}.
To obtain a transformed child pointer T (ci), we concatenate T with the
transform stored in ci. Like Symmetry-Aware SVDAGs (SSVDAGs), these
permutations are applied recursively to all child levels. A transformed
node T (N) consists of the shuffled children with the transform T applied
to each child pointer. In theory, it would be possible to select a variable
subset of children to which this transformation is applied, but for the
transformation subset that we chose to use in practice, it proved beneficial
to apply it to all children. However, more exploration would be possible.

LEAVES
Like in previous work, we flatten subtrees at level L = 1 into 23 voxel
grids gi. Rather than searching only for exact geometric matches, we need
to consider that two different voxel grids can be deduced from the same
representative grid using different transformations. As such, we need a
deterministic method to pick a single representative. Let Ĝ be the set
of grids that can be transformed into g: Ĝ = {ĝ | T (ĝ) ≡ g}. We define
the canonical representation g⋆ of a grid g as the “highest-value” grid in
Ĝ: g⋆ = argmaxĝ∈ĜB(ĝ), where B(g) is the binary number obtained by
concatenating all voxels of a voxel grid. Note that this definition differs
slightly from that of SSVDAG (Section 3.2.1), which assumed that T−1 = T ,
which is not generally the case.
Using a precomputed look-up table, we replace each leaf by a canonical-

transform pointer (containing the canonical grid g⋆ and the corresponding
transformation) and a (temporary) bitmask that stores the invariance of
g⋆ with respect to all possible transformations (g⋆ ≡ T (g⋆)). This mask
requires 8! = 40, 320 bits, which limits the practical scene size. We
will address this later by reducing the number of permutations that are
considered.

INNER NODES
When processing level L, we know that two subtrees at level L − 1
are equivalent under some transformation if and only if they share the
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same canonical representation (canonical-transform pointer address). To
reduce the search space, we first create clusters of nodes that have
the same child pointer addresses. Note that the order in which the
children appear or the transformations that are applied to them may be
different. We then iterate through the nodes in each cluster, testing for
each node Ni whether it can be deduced from any of the previous nodes:
∃j < i, T : Ni ≡ T (Nj). We perform this test using an exhaustive search for
all possible transformations T . If no match is found, then we consider the
node a canonical representation, computing its invariance and outputting
the node.
To test whether Ni ≡ T (Nj), we first apply the permutation T to

node Nj, which reorders the children and updates the transformations
stored in their pointers. Two transformed child subtrees are equivalent
Ti(ck) ≡ Tj(ck) if they have the same canonical representation ck (canonical-
transform pointer address) and their transformations result in the same
geometry. The latter can be tested by checking the invariance bit mask of
the canonical representation for transformation: ck ≡ T−1

i ◦ Tj(ck).

PRACTICAL SUBSET
Using all possible transformations reduces the number of tree nodes the
most, but is impractical when it comes to encoding these transformations.
We aim to find a small subset of transformations that still cover most
reuse. Any valid subset must adhere to two requirements. First, the
combination of two transformations in the subset must also be in the
subset: ∀Ti, Tj ∈ Ω : Ti ◦ Tj ∈ Ω. Second, for any transformation in the
subset, the subset must also contain the inverse: ∀Ti ∈ Ω : T−1

i ∈ Ω.
In practice, we found that the combination of two types of geometric

transformations together accounts for almost all reuse (Table 3.1).
Symmetries flip children along the primary axis; this is the same as
SSVDAG [26] (with the improvement discussed in Section 3.2.2). Axis
permutations swap the primary axis (e.g. (x, y, z) → (z, x, y)); in total,
there are 6 different axis permutations. When combined, these two
types of transformation can represent any 90-degree rotation along one
of the primary axes, which was not previously possible [26]. This is the
symmetry group of the cube and the octahedron.
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Table 3.1.: The number of nodes & 43 leaves when considering only
the mirror symmetry (S) and axis permutation (A) subset
S + A, rather than all possible permutations. All scenes use a
resolution of 16k3.

Scene SVDAG S A S+A All

Bistro 6.74M 5.59M 6.08M 4.94M 4.77M
(+41.3%) (+17.1%) (+27.5%) (+3.6%) (100%)

Bunny 9.75M 6.44M 6.89M 4.81M 4.80M
(+103.1%) (+34.2%) (+43.6%) (+0.2%) (100%)

Crown 23.01M 16.88M 18.03M 14.00M 13.91M
(+65.5%) (+21.4%) (+29.6%) (+0.6%) (100%)

Citadel 9.41M 6.89M 7.56M 5.64M 5.60M
(+67.9%) (+23.0%) (+35.0%) (+0.7%) (100%)

Lucy 5.68M 4.71M 4.92M 3.92M 3.90M
(+45.5%) (+20.6%) (+26.0%) (+0.6%) (100%)

Dragon 5.97M 4.96M 5.12M 4.13M 4.11M
(+45.3%) (+20.8%) (+24.8%) (+0.6%) (100%)

3.3.2. TRANSLATIONS
A general limitation of SVDAGs is that repeating geometry presents itself
only as duplicate subtrees if they align with the SVDAG node boundaries.
This can be partially remedied by including geometric translation. More
specifically, we consider what we name destructive translations. This
means that, when translating the voxels of a subtree (2L)3, any voxels that
are translated “out” of the subtree will disappear (Figure 3.5).
The search space of all possible translations becomes very large for

deep subtrees. We therefore only consider translating one subtree to
obtain another, instead of applying destructive translations on both, and
limit ourselves to searching only for translation matches in subtrees of up
to 163 voxels (L = 4). In practice, higher levels have diminishing returns
anyway, as the increased translation range [−2L + 1,+2L − 1]3 takes more
bits to encode.
Because translations operate across the boundaries between child

subtrees, it is difficult to describe them in terms of SVDAG node/leaf
operations. The subtrees are therefore flattened into (2L)3 voxel grids.
We initially experimented with a naive search, iterating over the N voxel
grids, applying each possible translation, and subsequently searching for a
matching grid (using a hash table). This naive search has a time complexity
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of O(NV 2), where V = (2L)3 is the number of voxels. The quadratic term
originates from the fact that there are O(V ) different translations, which
take O(V ) to apply. Although we consider SVDAG compression to be a
preprocess; O(NV 2) is impractical (weeks of computation for 64K3 scenes
on a modern consumer computer).

FAST TRANSLATION SEARCH
We propose a faster matching solution to reduce the complexity to O(NV ).
We solve the problem for groups of translations at a time, distinguished
by the direction of the translations along each axis. For example, in
the following, we will consider translations of the form (−x,−y,−z) with
x, y, z ≥ 0. The process for all seven other direction groups is similar.
For each voxel, we compute a hash value that summarizes the voxel grid

in the (+x,+y,+z) direction; assuming that all voxels beyond the subtree
boundary are empty. We then find possible matches via translation in
the (−x,−y,−z) direction. If the hash of a voxel at the most extreme
subtree location in direction (−x,−y,−z) matches any of the other voxel
hashes in another grid, we have found a potential match (e.g., if (ix, iy, iz)
is a matching voxel, its translated subtree by (−ix,−iy,−iz) is a potential
match). Since two different grids may produce the same hash code
(hash collision), we confirm potential matches by translating the grids and
testing for equivalence.
The hash computation over a running window (a rolling hash) can be

accelerated [33, 34]. However, rolling hashes are typically not suitable for
input with a small alphabet size ( just 0 and 1 in our case), resulting in a
high number of hash collisions. Instead, we reformulate our problem so
that a regular hash function can be used.

Grid A Horizontal Hash Vertical Hash Matching Hash
to Grid B

Grid B Matching Hash

Figure 3.5.: We compute for each voxel a hash describing the area to the
top/right. The hash is first computed horizontally, and then
vertically. The hash at the lower/left voxel of grid B matches a
voxel in grid A, indicating that B could be constructable from
A by a translation of (−1,−1).

Consider a one-dimensional example: rather than computing a hash
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value based on the full region to the right of each voxel, we compute
a hash that describes the region to the rightmost occupied voxel. The
hash values can now be computed with a linear scan, starting with the
rightmost occupied voxel: H(vi) = hash_combine(H(vi+1), vi); we use
an implementation of the Boost C++ library [35]. This method can be
easily extended to our 3D grids. Similarly to separable image filters, we
apply the hash function along each of the primary axes, one at a time
(Figure 3.5). With this solution, finding all translations for the L = 4 (163)
nodes takes a couple of hours for a 64K3 scene on the CPU. Note that this
is significantly slower than the hierarchical search for mirror symmetry
and axis permutations, which can typically be performed in less than a
minute.
We can test the full set of our proposed transformations in a unified way.

While testing for translations, we can check matching between different
directions to additionally search for symmetry as well. For example, a
voxel in direction (+x,+y,−z) that matches a corner voxel (of a different
grid) in direction (+x,+y,+z), indicates that one can be transformed into
the other by a combination of translation and z-axis symmetry. We use a
similar process to search for permutations of axes.

DEPENDENCY GRAPH
A consequence of allowing destructive translations is that the dependency
graph between transformed subtrees becomes complex. To reduce
memory usage during compression, we only store a single “parent” per
subtree, rather than the entire dependency graph. A parent is another
subtree that can be transformed into the current subtree. If there are
multiple parents, then we store the one with the highest memory address.
This encourages clusters of similar subtrees to pick the same parent. We
sort the subtrees in advance based on their number of occupied voxels to
favor the most destructive translations. The resulting reduced dependency
graph may contain multiple levels of indirection (Figure 3.6). That is,
a subtree that can be constructed from another subtree, which itself
can be constructed from yet another subtree. Due to limitations in the
SVDAG encoding, we are forced to duplicate subtrees in these cases (C in
Figure 3.6).

3.4. IMPLEMENTATION
Achieving a high compression ratio requires not only a reduction in the
number of nodes/leaves, but also a compact encoding scheme. Such a
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A B C D E

Figure 3.6.: Five grids and their simplified dependency graph, storing only
a single match per grid. E is stored as a unique subtree
because it cannot be constructed from any of the other grids. C
must be stored because A and B depend on it. The remaining
grids (gray) can be constructed from C and E.

scheme should be compact, but still enable direct traversal of the SVDAG.
This precludes the use of pointerless encoding, such as those presented
in [36, 37]. Instead, we use a more traditional encoding where a node
is represented by a bitmask to indicate which children are nonempty,
followed by child pointers to these children.

3.4.1. TRANSFORM ID
Our TSVDAG complicates pointer encoding, as they do not only contain
a memory address, but potentially also a child-reorder transformation
(symmetry & axis permutation) and a translation. We encode all
transformations in the least-significant bits, followed by the corresponding
memory address.
Each child reorder transformation in our subset (Section 3.3.1) is

assigned a unique number. For translations, we find that the most
common translation distance along any axis is 0, with other distances
distributed somewhat uniformly. Thus, we treat a translation of 0 as
a special case. We combine the child-reorder transformation identifier
with a 3-bit mask indicating a 0 translation along each of the primary
axes. This combined identifier, which we call the Transform ID, is
stored using Huffman coding to ensure that the most frequently occurring
transformations use the least number of bits. We limit the length
of Huffman codes [38] to prevent very rare transforms from creating
extremely long pointers. The Transform ID is stored in the least significant
bits of the pointer, followed by a translation distance for each axis with
a non-zero translation, and finally the memory address to which it is
pointed (Figure 3.7).
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3.4.2. NODE ENCODING
Similar to [26, 39], we opt for variable-length pointer encoding, with
either 16-, 32-, or 48-bit pointers. The latter is necessary, as encoding
transformations create significantly longer pointers. Like [26], we sort our
nodes such that the most referenced ones appear first. This ensures that
the most frequently used pointers are the shortest.

Level L-1

Level L

...

Mask Mask

Mask Mask

Mask

Pointer LUT idx LUT idx Pointer

Pointer

Pointer

Symmetry along x/y/z?

Axis permutation?

Non-zero translation axis?

Transform IDLook-Up Table

Translation Amount(s)

Address ty Transform

Figure 3.7.: Left: illustration of two nodes at level L, each with two
children. The children are referenced either directly or
through a look-up table. Right: example of a pointer with
a translation along the y axis. The Transform ID encodes
symmetry, axis permutation and non-zero translation axis. The
translation amounts (ty) are stored in the more significant bits.

POINTER TABLES
Because of variable-length node encoding, our address space is indexed at
16 bit intervals rather than at node intervals. As a result, many memory
indices are never referenced because they do not point to the start of a
node. This significantly reduces the number of child pointers that can
utilize the compact 16-bit and 32-bit encoding. Second, transformation
encoding significantly bloats the pointer sizes. This incurs a heavy penalty
if the same pointer occurs many times.
To remedy both issues, we selectively store pointers in a look-up table

using fixed size entries of 64 bits (Figure 3.7). This is somewhat similar
to the far pointers of [39]. 16-bit pointers now always encode an index
into the look-up table, whereas 32-bit pointers reserve 1 bit to indicate
whether they contain a table index or a direct pointer; 48-bit pointers are
always direct pointers. One look-up table is constructed per SVDAG level
using a greedy algorithm. First, the pointers are sorted according to their
frequency (how often they occur in the parent level). We then iterate over
the sorted pointers, comparing the cost of storing them directly, versus in
the look-up table, and subsequently insert them into the look-up table if
it is the cheaper option. The cost of a direct pointer is simply its length
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in bits, rounded up to either 32-bits or 48-bits, times the number of times
it occurs. A table pointer incurs a fixed cost of 64 bits per entry, but the
resulting 16- or 32-bit pointer will result in lower overall memory usage if
it is referenced frequently.

NODE HEADER
The lengths of the child pointers are encoded using a 16-bit mask at the
start of the node. Conceptually, this represents eight 2-bit integers storing
the length of the child pointers, where a length of 0 represents an empty
child. Some tasks, such as rendering, require accessing the nth child
pointer. This can be efficiently computed using the __popc intrinsic:

Algorithm 1 Efficient extraction of the n’th child pointer.
prefix← nodes[nodeStart] & (0xFFFF >> (16− 2 ∗ childIndex))
sum← __popc(prefix) + 2 ∗ __popc(prefix & 0b1010101010101010)
pointer = nodes[nodestart+ 1 + sum]

3.4.3. RENDERING
To visualize our TSVDAGs, we implement a CUDA-based ray tracer that
can display various SVDAG formats. Path tracing uses a megakernel
approach, although a wavefront implementation is also available [40]. We
also experimented with replacing the top levels of the SVDAG, typically
showing very little reuse, by a hardware-accelerated BVH using Optix. We
found that this reduces performance, despite promising findings by [41].

RAY TRAVERSAL
Ray intersection is implemented as a stack-based traversal. The
intersection points between the ray and the three primary planes passing
through the center of a node are computed, from which a bitmask is
created indicating which children are intersected. The traversal order is
determined by the sign bits of the ray direction following the source code
of [28].

CHILD REORDERING
Our renderer supports a subset of transformations, namely mirror
symmetry and axis permutations (Section 3.3.1). The transformation state
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is stored on the traversal stack, enabling efficient backtracking. To reduce
the size of the stack, we store the transformations by assigning them
a unique identifier; this is similar to the transform ID (Section 3.4) but
without the translation part. A look-up table in GPU constant memory is
used to apply the respective permutations. A similar table stores the result
of applying two transformations (T = Ti ◦ Tj) as defined in these compact
identifiers.

TRANSLATION
Our definition of destructive translation requires careful adjustments to
the traversal algorithm. When encountering a translating pointer, the
contents of the subtree should be translated; removing any voxels that
are moved outside of the bounds of the (non-translated) subtree. This is
achieved using a second stack only for those levels of the TSVDAG which
may contain translations (up to 163). Each entry in this stack stores the
accumulated amount of translation and the distance at which the ray
entered & exited the subtree (tmin & tmax). These values are used to
translate the child node centers and to limit their intersection bounds.

Figure 3.8.: The scenes used for our evaluation at a voxel resolution of
64k3.

3.5. RESULTS & DISCUSSION
We evaluated our TSVDAG method on a variety of different inputs
(Figure 3.8). We chose a combination of architectural scenes (Citadel,
Bistro), artist-made models (Crown), and 3D scans of real-world objects
from the Stanford 3D Scanning Repository (Bunny, Lucy, Dragon). These
were turned into voxel models using the voxelizer in [26]. For the Citadel
scene, we removed most of the surrounding landscape, making the scene
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more cube-shaped, leading to a higher voxel occupancy. To add context to
our results, we include comparisons against a Sparse Voxel Octree, SVDAG,
and SSVDAG. All structures encode 43 leaves using 64 bits.

Table 3.2.: Number of nodes and 43 leaves for a Sparse Voxel Octree
(SVO), Sparse Voxel Directed Acyclic Graph (SVDAG), Symmetry-
Aware Sparse Voxel Directed Acyclic Graph (SSVDAG), and our
method(s). We present our method with symmetry S, axis
permutation A, and translation T .

Scene SVO SVDAG SSVDAG S A S + A S + A + T

Bistro (64k3) 1692.1M 69.6M 56.6M 55.2M 60.0M 47.6M 41.1M
21.4B voxels (+2889%) (+23%) (100%) (-2%) (+6%) (-16%) (-27%)
Bunny (64k3) 1267.2M 75.0M 58.0M 55.5M 59.0M 45.0M 29.2M
15.2B voxels (+2085%) (+29%) (100%) (-4%) (+2%) (-22%) (-50%)
Crown (64k3) 3205.8M 178.3M 143.4M 137.7M 150.3M 114.5M 83.5M
38.6B voxels (+2136%) (+24%) (100%) (-4%) (+5%) (-20%) (-42%)
Citadel (64k3) 1428.8M 65.3M 52.8M 48.7M 54.8M 41.6M 28.2M
17.2B voxels (+2607%) (+24%) (100%) (-8%) (+4%) (-21%) (-47%)
Lucy (64k3) 526.6M 52.9M 40.3M 39.1M 41.4M 32.4M 26.3M
6.3B voxels (+1207%) (+31%) (100%) (-3%) (+3%) (-20%) (-35%)
Dragon (64k3) 523.9M 53.7M 40.6M 39.5M 41.1M 32.7M 26.2M
6.3B voxels (+1191%) (+32%) (100%) (-3%) (+1%) (-19%) (-35%)

3.5.1. STRUCTURE SIZE
We will first consider the effectiveness of our methods in reducing the
size of the structure, measured in the number of nodes & leaves. Table 3.2
shows the total number of elements (nodes + leaves) for various scenes
and methods. The odd numbered rows count the number of elements
as a percentage relative to SSVDAG [26]. We abbreviate symmetry, axis
permutation, and translation by S, A, T , respectively. Translations are
computed for nodes/leaves at the levels representing grids of 163, 83 and
43 resolution.
When comparing SSVDAG to our improved method of finding mirror

symmetry (Section 3.2.2), we see that our fix indeed improves the
compression ratio. The number of elements marked as duplicates
increases by a couple percent depending on the scene. Only permuting
the primary axes, without symmetries, leads to a notable reduction in
the number of nodes and leaves compared to a regular SVDAG. When
combining both, we see a significant improvement over previous work,
which only considers axis mirroring. Translating subtrees of resolution
43, 83, and 163 further reduces the number of nodes and leaves. The latter
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suggests that a higher compression ratio may be achieved when one is
not limited to only transformations that can be described as a recursive
reordering of child pointers.

Table 3.3.: The impact of the different features of our pointer encoding on
the overall size of the Transform SVDAG. N/A indicates that the
scene could not be encoded due to running out of pointer bits.

Scene Base Pointer LUT Pointer LUT + Huffman

Bistro (64k3) 876MB 753MB 721MB
21.4B occupied voxels (+16%) (100%) (-4%)
Bunny (64k3) N/A 718MB 663MB
15.2B occupied voxels (100%) (-8%)
Crown (64k3) N/A 1965MB 1851MB
38.6B occupied voxels (100%) (-6%)
Citadel (64k3) 715MB 625MB 597MB
17.2B occupied voxels (+14%) (100%) (-4%)
Lucy (64k3) 683MB 567MB 535MB
6.3B occupied voxels (+20%) (100%) (-6%)
Dragon (64k3) 681MB 571MB 540MB
6.3B occupied voxels (+19%) (100%) (-5%)

3.5.2. POINTER COMPRESSION
Reducing the number of elements is only half of the story to achieve a
good compression ratio. In theory, with fully arbitrary transformations,
a single canonical representation would suffice to represent all subtrees.
However, in practice, the cost of encoding these transformations would
outweigh the cost of simply storing duplicates. Thus, we evaluate how the
presented encoding scheme (Section 3.4) allows us to compactly store our
TSVDAGs with various types of transformations.
Table 3.3 evaluates the impact of our pointer encoding scheme for

our full TSVDAG (symmetry, axis permutation, and translation). Without
pointer look-up tables (“Base” in Table 3.3), we find that some scenes fail
to encode due to running out of the 48-bit pointer space. This typically
happens for pointers at level L = 4 with translations along multiple axes,
as storing the translation amounts requires 5 bits per axis (in addition
to the Transform ID). Introducing a look-up table for large- or frequently
used pointers solves this issue by providing storage for 64-bit pointers.
As expected, the additional indirection helps to reduce memory usage, as
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frequently used pointers can now be stored as a small index into the table.
Finally, applying Huffman coding to the transform ID further reduces
memory usage by 4% to 8% depending on the scene.

Table 3.4.: Memory usage of an SVO, SVDAG, SSVDAG, and our method.
We present our method with symmetry S, axis permutation A,
and translation T . “S +A(B)” uses the “base” pointer encoding
(no look-up tables or Huffman coding), the other columns use
our full encoding scheme. An equivalent 64k3 dense voxel grid
would require 35TB.

Scene SVO SVDAG SSVDAG S A S + A (B) S + A S + A + T

Bistro 13537MB 1309MB 870MB 838MB 890MB 803MB 764MB 721MB
(+1456%) (+50%) (100%) (-4%) (+2%) (-8%) (-12%) (-17%)

Bunny 10137MB 1736MB 1080MB 1014MB 1067MB 900MB 864MB 663MB
(+838%) (+61%) (100%) (-6%) (-1%) (-17%) (-20%) (-39%)

Crown 25647MB 4146MB 2654MB 2500MB 2708MB 2286MB 2182MB 1851MB
(+866%) (+56%) (100%) (-6%) (+2%) (-14%) (-18%) (-30%)

Citadel 11430MB 1454MB 932MB 840MB 935MB 787MB 749MB 597MB
(+1126%) (+56%) (100%) (-10%) (+0%) (-16%) (-20%) (-36%)

Lucy 4213MB 1264MB 673MB 645MB 674MB 597MB 561MB 535MB
(+526%) (+88%) (100%) (-4%) (+0%) (-11%) (-17%) (-21%)

Dragon 4191MB 1280MB 681MB 655MB 675MB 605MB 571MB 540MB
(+516%) (+88%) (100%) (-4%) (-1%) (-11%) (-16%) (-21%)

3.5.3. OVERALL COMPRESSION RATIO
Table 3.4 compares our memory usage with a Sparse Voxel Octree (SVO),
Sparse Voxel Directed Acyclic Graph (SVDAG) and a Symmetry-Aware
Sparse Voxel Directed Acyclic Graph (SSVDAG). The Sparse Voxel Octree
is encoded by storing the children of a node in consecutive memory. It
requires that a node only stores a pointer to the first child; the remaining
children can be accessed with a simple offset. As commonly used in the
literature, we store these nodes using 64 bits: a 32-bit pointer plus a child
mask. For SVDAG [23] and SSVDAG [26], we use the encodings described
in their respective papers.
Despite the efficient SVO encoding that reduces the number of bits per

node, the SVO still requires significantly more memory than an SVDAG.
In comparison, the additional transformations supported by our method,
combined with our encoding scheme, provide significant memory savings
over a traditional SVDAG [23]. Compared with the previous best method,
SSVDAG, we see a typical improvement between 20% and 30% depending
on the scene.
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3.5.4. RENDER PERFORMANCE

We measure rendering performance by capturing the frame time of a
1080p path-traced image with up to four random bounces. The scenes
are lit by a (constant) environment light without next-event estimation.
Figure 3.9 shows the results as measured on an NVIDIA RTX4070.

As expected, an SVDAG with fixed 32-bit pointer encoding outperforms
variable pointer length methods in render time; typically by about
10%. With only child-reordering transformations (no translations), our
method performs slightly worse than SSVDAG when we disable the pointer
encoding features that require additional memory accesses (pointer
look-up tables and Huffman). Enabling these encoding features increases
the frame time by about 12%. Translations add an additional cost of about
30%. We theorize that most of this cost is caused by having to maintain
an additional, but short, traversal stack (Section 3.4.3).

The increased rendering cost of SSVDAG and our method stem from the
mechanisms to save memory and are linked to two main aspects. First, the
GPU memory system was not designed to efficiently read variable-length
pointers. Second, the larger traversal stack leads to either additional
registry pressure or registry spilling. Given these observations, we suspect
that the relative rendering cost of SSVDAG and our method will be lower
on a CPU renderer.
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Figure 3.9.: Path-traced rendering performance comparison between a
traditional SVDAG with 32-bit encoding, SSVDAG, and various
configurations of our method.
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3.6. CONCLUSION
Sparse Voxel Directed Acyclic Graphs (SVDAGs) have proven to be a
very efficient method for storing sparse binary voxel data, while still
enabling efficient random-access and ray intersections. The SVDAG is
constructed from a Sparse Voxel Octree (SVO) by fusing similar subtrees.
Previous work shows how additional compression can be achieved by
finding similarities via mirror transformations. However, the previous
solution only considered a subset, and we suggested a simple extension
(Section 3.2.2).
We then generalized the framework for efficiently finding subtrees

under any transformation, which can be described as a (recursive)
reorder of child pointers. We have shown how a limited subset of these
transformations can be used to achieve practical compression. However,
not all transformations can be described as permutations of a tree
structure, and we explored translations as an example. Currently, finding
these translations is still expensive due to the very large search space.
However, we believe that this is an interesting area for future research.
When combined with our novel pointer compression scheme, we achieve
a typical improvement of 20% to 35% over the state-of-the-art [26].
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EDITING COMPACT VOXEL

REPRESENTATIONS ON THE GPU

Mathijs MOLENAAR, Elmar EISEMANN

A Sparse Voxel Directed Acyclic Graph (SVDAG) is an efficient representation to
display and store a highly detailed voxel representation in a very compact data
structure. Yet, editing such a high-resolution scene in real-time is challenging.
Existing solutions are hybrid, involving the CPU, and are restricted to small
local modifications. In this work, we address this bottleneck and propose a
solution to perform edits fully on the graphics card, enabled by dynamic GPU
hash tables. Our framework makes large editing operations possible, such as 3D
painting, at real-time frame rates.

Parts of this chapter have been published in the Eurographics Digital Library (2024) [42].
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4.1. INTRODUCTION
A voxel representation that has received a lot of attention in recent years
is Sparse Voxel Directed Acyclic Graphs (SVDAGs). This representation
involves a sparse compressed voxel encoding, where repeated information
is only stored once. Thus, the typically high memory consumption of
voxel representations is significantly reduced. One major downside of this
representation is that being compressedmeans that real-timemodifications
are not straightforward, precluding the use of this representation in many
voxel contexts.

In this chapter, we present a method for storing, editing, and rendering
high-resolution voxel models using SVDAGs. Our work is closely related to
(and builds on top of) the HashDAG [28]. Yet, while HashDAG implements
editing on the CPU and achieves only interactive, not real-time frame
rates, we present a fully GPU-based method to make full use of the highly
parallel hardware. Our contributions include a novel GPU hash table
structure to encode the DAG, an efficient implementation for graphics
hardware, and extensive evaluation of various implementation variants.

4.2. BACKGROUND & RELATED WORK
Editing SVDAGs is more difficult than modifying octrees. Adding a new
subtree requires eliminating redundancy in its interior and the existing
DAG structure. Similarly to the construction algorithm in [23], this
operation can be efficiently implemented using a bottom-up approach,
which only requires node-node comparisons, rather than tree-tree
comparisons. A more detailed explanation is provided in Chapter 1.

4.2.1. HASHDAG
Careil, Billeter, and Eisemann [28] propose the HashDAG to display and
edit SVDAGs interactively. At the core of this framework lies a hash table,
which stores all SVDAG nodes and leaves. This hash table, which is created
at start-up, is sized to be large enough to contain any nodes/leaves that
are created during editing. This conservative memory estimate is likely to
exceed the physical memory constraints, which is addressed using virtual
memory.
The hash table is replicated in CPU and GPU memory (for editing and

rendering, respectively). Editing is performed on the CPU by traversing
the SVDAG and deciding at each node whether to modify it or keep it as-is.
The recursive algorithm descends into the to-be-modified children until
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the leaf level is reached. At this point, the updated leaves are constructed
and added to the SVDAG hash table. This returns a pointer to the new
leaf, which is used to construct an updated node at the parent level.
It is effectively a recursive implementation of the bottom-up algorithm
(Chapter 2). Multi-threading is achieved by spawning tasks for the first
levels of recursion. To prevent race conditions, each bucket of the hash
table is protected by a mutex. After editing, the changes are then uploaded
to the GPU so that they can be displayed. This can lead to large and
very scattered memory transfers which become a significant performance
bottleneck. Our goal is to move the entire editing operation to the GPU to
achieve better performance; allowing large edits in real-time.

4.2.2. GPU HASH TABLES
Like HashDAG[28], our SVDAG editing framework is based on hash tables.
Thus, we require a suitable high-performance hash table that runs on the
graphics card. Early work on GPU hash tables often focused on static
construction [15, 43, 44]. Although useful for many computer graphics
applications [17], they are not suitable for our use case.

Various dynamic GPU hash tables have been developed recently, which
differ in their collision handling (two keys mapping to the same bucket).
In open addressing schemes, collisions are handled by moving a key/value
(KV) pair to a different bucket. Searching then requires iterating over
multiple buckets until the item is found, or we can guarantee that the key
is not in the hash table.
Stadium Hashing [45] and WarpDrive [46] use probing schemes. If the

bucket pointed to by the hash function is full, they iterate over neighboring
buckets in a deterministic pattern until an empty slot is found.
Cuckoo hashing [47], as applied in [48, 49], assigns each key/value pair

to two buckets using two different hash functions. When encountering a
full bucket (a.k.a. a collision), the new item is inserted by removing an
existing item from the bucket. The removed item is subsequently inserted
into the hash table again using the secondary hash function, following the
same process. Since items may only reside in either of the two buckets,
lookups have a constant worst-case time complexity. Insertions can be
computationally expensive due to the potential for unbounded recursion.
In closed addressing hashing schemes, such as SlabHash [50], collisions

are handled by creating a linked list of key/value pairs in each bucket.
Compared to open-addressing this can make a table grow indefinitely,
although the lookup performance tends towards a linear search as the



4

36 EDITING COMPACT VOXEL REPRESENTATIONS ON THE GPU

number of items grows to infinity. The same concept also applies to
HashDAG [28], where virtual memory is used to create large buckets.

Developing hash tables for the GPU introduces additional challenges,
as a lot of performance can be gained by designing memory layouts that
better match the GPU hardware capabilities. A common approach in most
existing work [46, 48–50] is to assign insertion or search operations to
warps (currently a group of 32 threads) instead of individual threads. Each
bucket of the table stores multiple slots, typically a multiple of 32. The
threads inside a warp cooperate to check consecutive slots to either find a
search key or an empty slot in the case of insertion. This results in fast
coalesced memory accesses, which maximizes memory bandwidth and,
thus, performance.

4.2.3. SLAB HASH
For reasons that will be discussed in Section 4.3.2, SlabHash[50] forms
the basis for our hash table implementation for SVDAG editing on the
GPU. SlabHash consists of an array of N buckets. The search keys are
transformed into an arbitrary integer H by a hash function and inserted
into the bucket B = H mod N . By deterministically assigning items to
buckets, the search space is reduced from the entire data set to a single
bucket. Each bucket is represented by a linked list of slabs, allowing it
to grow dynamically (Figure 4.1). The slabs consist of 31 slots to store
key/value pairs, plus a pointer to the next slab. This memory layout
ensures that slabs are aligned to GPU cache lines (128 bytes).

Searching the hash table for a specific item is performed using a warp
of 32 threads. After computing the hash, a warp iterates over the linked

2

1

0

Figure 4.1.: Illustration of SlabHash [50] with four buckets. For illustrative
purposes each slab contains 10 slots, consisting of a key (green)
and a value (blue). Gray indicates an empty slot. The last slot
(red) is used to store a pointer to the next slab.
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list of slabs in the selected bucket. For each slab, thread i loads the i’th key
from the current slab and compares it with the key that is being searched
for. If a match is detected, all threads in the warp collectively return the
value in that slot. Empty slots are indicated by a special reserved key
(typically 0), which makes the insertion process similar to searching for
that value and atomically swapping it with the desired key.

4.3. OUR METHOD
In this chapter, we provide an overview of our method. We start with
a general overview of the Sparse Voxel Directed Acyclic Graph (SVDAG),
followed by our unique GPU hash table design. Finally, we describe
how editing is implemented in practice using various different compute
kernels.

4.3.1. SVDAG REPRESENTATION
Leaves in our SVDAG encode regions of 43 voxels, using a 64-bit mask
followed by 4-bit material indices for each of the occupied voxels. The
leaves are padded to align to 32 bits, which is the fundamental WORD
size of our SVDAG. The inner nodes of the SVDAG are stored in a similar
way, starting with a bitmask indicating which of the 23 child regions are
occupied, followed by the 32-bit child pointers to each nonempty child. We
additionally reserve some bits to store whether a region is homogeneous
(fully filled with a single material), and if so, with what material. This
information is used to accelerate editing tools that benefit from knowing
whether a region is fully filled.

MATERIALS
There are various real-world scenarios in which a user might want to store
not only occupancy but also a material (or some other numeric value)
in each voxel. This is supported in our GPU editing framework using
4-bit material identifiers for each occupied voxel, allowing for 16 unique
materials. The number of bits can be easily adjusted if more precision is
required. Furthermore, one may use these values to encode an index in a
position-dependent palette to allow more variety
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4.3.2. CUSTOM GPU HASH TABLE
We rely on a hash table to store the SVDAG nodes and leaves, which
allows us to quickly search for duplicates. This introduces the following
requirements to the GPU hash table design:

Pointers must be stable: Inserting new items should not change the
pointers of items that already reside in the hash table. If a pointer were to
change, all SVDAG nodes pointing to that item would have to be updated.
This would change their respective hash keys, moving them to a different
location in the hash table, and thus invalidating their pointers as well.
Due to this recursion, moving a single item would require a complete scan
over the entire SVDAG.
Large items: Our nodes and leaves are stored using variable length
encoding. For simplicity, we create separate hash tables for each potential
size (measured in WORDs). Most items exceed the size of the basic data
type of a GPU (8 bytes), eliminating the possibility of atomically swapping
items as in some related work [43, 44, 46, 48–50].
Optimized for SVDAG traversal SVDAG traversal is performed during both
editing and rendering. We optimize for this operation, even if it comes at
a (slight) cost to insertion or search performance. In practical terms, this
means that we try to avoid splitting items into different memory locations.

Based on these requirements, we conclude that open addressing schemes
are unsuitable for our use case. Probing insertion requires low load factors
(thus high memory usage) and replacement strategies, such as Robin Hood
and Cuckoo hashing, do not provide pointer stability. Furthermore, open
addressing requires re-hashing when the table becomes full. A closed
addressing scheme, such as SlabHash [50], is more suitable, even though
it may perform slightly worse than open addressing [49].

SlabHash [50] stores a linked list of slabs. A slab is an array of 31 item
slots, plus a pointer to the next slab. Empty slots are indicated by a
reserved value (typically 0), which is atomically swapped with the desired
key when inserting. Combining multiple items in a single slab reduces
stress on the memory allocator and allows efficient processing on the
GPU.
Extending SlabHash to support larger keys is challenging, as GPU

hardware does not provide atomic operations for values larger than 8
bytes. The size of our SVDAG nodes and leaves ranges from 2 to 10 32-bit
WORDs, making atomic swapping of entire items impossible. Thus, we
must make sure not to perform simultaneous insertions and lookups.
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Figure 4.2.: Memory layout of SVDAG nodes and leaves. A leaf starts with
a 64 bit mask (single green block for brevity) followed by up
to 64 material IDs (blue). A node starts with a 32-bit header
(green) followed by up to 8 child pointers (blue).

We reserve one special value for the first eight bytes of an item (see
Figure 4.2) to indicate empty slots. Because an inner node must have at
least one nonempty child, the child bitmask (stored in the fourth byte)
will never be zero. Similarly, a leaf node must contain at least one filled
voxel, and thus its 8-byte bitmask may not be zero either. Therefore, we
can use an 8-byte value of 0 to indicate empty slots.

HASH TABLE VARIANTS
We will now discuss four (novel) variations of SlabHash that we have
developed with the goal of supporting larger items. We will refer to these
as: Atomic64, Ticket Board and two Acceleration Hash variants.

Atomic 64 is a straightforward extension of SlabHash that stores the first
eight bytes (64 bits) of all items in a contiguous array at the beginning of
the slab (Figure 4.3). In case the items are larger than eight bytes, the
slots are followed by the remaining bytes of the items. The remainders
are stored in an array-of-structures layout such that accessing an item
typically requires loading two cache lines (the first eight bytes plus the
remainder). Like SlabHash, each slab consists of 31 slots and is padded to
achieve cache line alignment (128 bytes on our hardware).
In line with previous work, search and insertion operations are

performed by warps consisting of 32 threads (Algorithms 2 and 3 in
Appendix A). Each thread reads the first eight bytes of its corresponding
slot and compares them with the search item. The subsequent comparison
(or insertion) of the remainder of the item is also performed by the entire
warp.
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This memory layout is compact, but it splits nodes and leaves into
multiple cache lines. This causes the most common operation, traversing
the SVDAG, to be more expensive. Although we found this to have
little impact on primary visibility rays, where traversal is coherent, it
does reduce path-tracing performance. Placing the camera inside a
voxelization of the watertight Stanford bunny, we found that the rendering
performance decreased by 9% at 1 indirect bounce and by more than 16%
at 6 indirect bounces.

Ticket Board inspired by Stadium hashing [45], stores items contiguously
in memory to make the SVDAG traversal more efficient. A bitmask at the
start of the slab indicates whether each of the 32 slots is occupied. A
downside of this design is that search becomes less efficient. Searching
requires the entire slab to be loaded from memory, irrespective of whether
it contains the item being searched for. As such, there is also no reason to
strive for cache line alignment, and we forgo padding.

Acceleration Hash is a new variant that aims to address the limited search
performance of ticket board. Instead of a single bit, we store an array with
a second, different, hash of the item stored in each corresponding slot.
The hash-value range starts at 1 such that a value of 0 indicates an empty
slot. When searching, each thread in a warp loads its corresponding hash
value (stored contiguously in memory) and compares it to the secondary
hash of the item being searched for. With this solution, warps only load
a single cache line in order to decide whether the slab might contain the
item being searched for.
We consider two variants of the acceleration hash. The first optimizes

for performance by using 32-bit hash values. We again only use 31 slots
to ensure cache line alignment. The second version uses 8-bit hashes,
reducing memory overhead from 4 bytes to just a single byte per slot. For
compactness, we do not perform any memory padding and use 32 slots
per slab (Figure 4.3).

MEMORY ALLOCATION
When inserting an item into the hash table, a warp may encounter the
situation where all the slabs in the bucket are occupied. In this case, the
warp must allocate a new slab and add it to the linked list of the bucket.
We use SlabHash’s SlabAlloc [50] to allocate these (fixed-size) slabs. We will
provide a brief overview of the allocator. For more details, we refer the
reader to the original work of Ashkiani, Farach-Colton, and Owens [50].
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Figure 4.3.: The proposed slab memory layouts displayed as 128-byte cache
lines, storing items consisting of four WORDs (16 bytes) each.
Xi indicates the i’th WORD of item X. Repeating patterns are
indicated by "...". Each method contains a pointer to the next
slab (blue), and a garbage collection bitmask (red). The bottom
methods are tightly packed and may not always start at the
beginning of a cache line.

The allocator maintains memory blocks, which contiguously store 1024
slabs, along with a bitmask to indicate which of those slabs has already
been used. The allocation of a slab from a given memory block is carried
out by a warp of 32 threads. The 1024-bit mask is loaded in a single
memory transaction, with each thread searching a 4-byte subregion for
zero bits (indicating an unused slab).
To be able to allocate more than 1024 slabs, we must maintain multiple

memory blocks. These are grouped into what are called super blocks of (in
our case) sixteen memory blocks each. During each editing frame, the CPU
makes a conservative estimate of how many hash table insertions will
potentially take place. This is added to the number of currently allocated
memory blocks (tracked with a GPU atomic counter) to decide whether the
CPU must allocate additional super blocks in that frame.
To now perform parallel allocations on the GPU, a warp selects a super
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block based on its warp index. To reduce thread contention, each warp
selects one memory block at random within the chosen super block. If
the selected memory block does not contain an empty slab, then the warp
moves onto the next super block.

4.3.3. EDITING
In this section, we discuss how we implemented SVDAG editing using
the hash tables described above. Our implementation provides a limited
number of editing tools, such as 3D painting (placing new voxels),
recoloring (updating the voxel attributes), and a tool that copies a small
region of the scene to a new location. We chose these as they can
be considered representative of a variety of operations - additional tools
could easily be added.

SVO CONSTRUCTION
The first step of editing consists of constructing a Sparse Voxel Octree
(SVO) of the scene as it is after the editing operation, which is technically
a graph and not a tree, as the unmodified regions of the scene still refer
to the SVDAG (Figure 4.4). We reserve a couple of bits of the node header
to indicate for each child pointer whether it points to the SVO or the main
SVDAG (reserved bits in Figure 4.2).
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SVDAG before editingGrid after editing

Figure 4.4.: The existing SVDAG is traversed by the editing tool (red) to
create a Sparse Voxel Octree (SVO) of the scene after editing.
This is technically not an octree because it contains pointers
to the original SVDAG.

The SVO is constructed following a top-down breadth-first traversal of
the SVDAG. At each level, we collect the following information about
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the current nodes: their three-dimensional position, size, and whether
they are homogeneous (completely filled with a single material). This
information is sent to the editing tool, which decides whether to either
subdivide a region, fill it, or keep it as-is.
Simple editing tools like the 3D paint brush do not interact with the

existing scene; they simply overwrite it. However, the copy tool must
traverse both the source and target regions. To do so efficiently, an editing
tool can maintain a state during traversal; something that is not supported
by the HashDAG framework [28]. This allows the copy tool to perform a
dual traversal of the source- and target-copy regions.
The traversal process is implemented using two GPU kernels: one for

inner nodes and one for the leaves. Inner nodes are processed by groups
of eight threads, each determining whether one of the eight child regions
must be visited. These are appended to a work-queue using a combination
of warp intrinsics and an atomic counter. After each level, the counter is
copied to the CPU in order to determine how many items the next level
may at most produce. Since leaves represent regions of 43 = 64 voxels, we
spawn 64 thread workgroups so that each thread processes a single voxel.
The leaves are then constructed in shared memory before being copied to
global memory.

MERGING INTO THE EXISTING SVDAG
After the intermediate SVO is constructed (Figure 4.4), it must be merged
into the existing SVDAG. This process is performed level by level, starting
from the bottom, which allows efficient detection of duplicate subtrees
(Chapter 2). We divide the duplicate elimination process into two parts:
removing duplicates within the SVO, and removing duplicates between the
SVO and the existing SVDAG (Figure 4.5).

In a single-threaded application, one could simply iterate over the SVO
nodes/leaves, trying to find them in the SVDAG, and inserting them if
they are not present yet. Running the same algorithm in a massively
parallel environment requires that search and subsequent insertion are a
single atomic operation. This requires locking, which limits scalability,
especially with many duplicate items (which map to the same hash table
buckets). We work around this problem by eliminating duplicates before
we search and insert them into the SVDAG. We have experimented with
duplicate detection through sorting, but the performance cost dominated
the editing time. Instead, we construct a second hash table into which all
nodes/leaves at the current level are inserted, along with a pointer to their
location in the SVO. Note that we intentionally allow spurious duplicate
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Figure 4.5.: The Sparse Voxel Octree representation of the scene after
editing is turned into a SVDAG by merging duplicates within
itself (left). It is then merged into the original SVDAG, resulting
in an SVDAG with two root nodes representing the scene at
different points in time (right).

insertions. A subsequent search operation of each item selects a single
representative.

After performing the previous operations, we are left with two SVDAGs
(Figure 4.5). To merge them, we check whether each node/leaf in the new
SVDAG was already present in the original SVDAG. If this was not the case,
then they are inserted into the original SVDAG. Finally, child pointers of
the parent SVO nodes must be updated to the new memory addresses.
During this step, we also check whether the updated subtrees are fully
empty or fully filled with a homogeneous material. The latter information
can be used to accelerate some editing tools and is stored in the node
header (Figure 4.2). The entire process is repeated for the parent levels
until we reach the root node.

4.4. IMPLEMENTATION DETAILS
In this section, we will discuss some of the implementation details with
regard to the hash tables and the SVDAG.

4.4.1. HASH TABLES
The implementation of our SVDAG consists of multiple hash tables, each
storing items of one specific size. Nodes and leaves share the same hash
table, which means that a single piece of memory may store both a node
and a leaf at the same time when their bit pattern matches. As mentioned
in Section 4.3.2, both the insertion and search operations are performed
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by 32 threads (one warp) per item. The pseudocode for both operations
can be found in the Appendix A.

4.4.2. FINDING DUPLICATES IN THE SVO
As discussed in Section 4.3.3, we separate the process of eliminating
duplicates within the intermediate SVO from the elimination of duplicates
between it and the SVDAG. All nodes and leaves in the SVO are padded
such that they are the same size in memory and stored in a single
contiguous array per level. To eliminate duplicates within these arrays,
we initially experimented with sorting but found that using a specialized
hash table provides better performance.
The requirements for this duplicate detection hash table are more

relaxed compared to the SVDAG hash tables (Section 4.3.2). While this
does open the door for open addressing schemes, we stick with the slab
approach for simplicity. We use a very similar memory layout to the
64-bit atomic scheme (Figure 4.3) with some notable changes. Since the
hash table needs to store both keys and values (SVO pointers), we store an
additional 32-bit value for each slot at the end of the slab.
With many duplicates, we run the risk of creating long linked lists of

slabs for some buckets. To reduce this issue, we check, when an item is
inserted, whether it is already present in the first slab. If the first slab
already contains the key, then the insertion is canceled. This may not
catch all duplicate insertions, but it provides a good trade-off between
insertion and search performance in practice.
In a second pass, we iterate over all items that were inserted into the

hash table and search for them again. The search function is configured
such that, in the case of duplicate insertions, it always returns the first
key/value pair. We select one unique representative for each group of
matching items by comparing the inserted items’ memory index with that
returned by the hash table.

4.4.3. GARBAGE COLLECTION
Since nodes and leaves may have multiple parents, releasing them from
memory requires reference counting or garbage collection. Reference
counting adds an additional memory overhead, so we opt for garbage
collection. Each slab of the hash table contains a 32-bit mask that indicates
for each slot whether it is still being referenced. When the garbage
collector is invoked, these masks are initialized to zero. We then traverse
the SVDAG from top to bottom, using one kernel invocation per level, to



4

46 EDITING COMPACT VOXEL REPRESENTATIONS ON THE GPU

activate the respective bits. Finally, we iterate over the slabs in the hash
table and clear the inactive slots. If, as a result, the slab does not contain
any occupied slots, then it is removed from the bucket and returned to the
memory allocator.
Our garbage collection is a proof-of-concept implementation and must

be triggered manually. Because the implementation has not been
optimized, it causes a momentary pause when garbage collection is
invoked. This could theoretically be alleviated by running garbage
collection asynchronously. Both SVDAG traversal and hash table iteration
can be split into smaller steps, which can be interleaved with rendering.
For example, one may traverse only a part of the SVDAG each frame or
iterate over a subset of the hash table buckets. Alternatively, reference
counting may deliver more consistent performance at the cost of increased
memory usage.

4.5. RESULTS
To evaluate our solution, we first test the proposed hash table schemes
in a separate benchmark, comparing them to existing work on GPU hash
tables. Finally, we consider the entire SVDAG editing program as a whole.
All evaluation was performed on an RTX4080 equipped system running
PopOS 22.04 LTS.

4.5.1. HASH TABLES
We evaluate four different hash table schemes: SlabHash extended using
64-bit atomics, ticket board, and acceleration hash using 32 or 8 bits
(Section 4.3.2). Our first test consists of a simple hash table benchmark
that aims to replicate the SVDAG editing behavior. We initialize each hash
table with 225 ≈ 33M items and then perform a search operation and an
insertion operation for 223 ≈ 8M million items.

Figure 4.6 shows the results of our benchmark at different load factors
for an item size of 6 WORDs (24 bytes). Looking at insertion performance,
we find that high load factors (lower number of buckets) result in
improved performance despite an increase in thread contention. This is
explained by an increase in the L1 and L2 cache hit rate. The opposite is
true for search performance, which decreases because it needs to iterate
over a longer list of buckets. Note that this is not the case for insertions,
as there we typically find an empty slot in the first slab.

As expected, we observe that both insertion and search performance are
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Figure 4.6.: Search and insertion performance as well as memory usage
for different load factors. We search and insert 8M items into
a table initially filled with 33M items of 6 WORDs (24 bytes)
each. Memory usage is measured in slabs and thus includes
unused slots. The black line indicates the size of the input
data.

correlated with the number of bytes that need to be loaded from memory.
This explains why the 64-bit method trails in search performance, as
it checks more bytes before deciding whether an item might match.
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The 32-bit acceleration hash leads to the best search performance, as
it initially loads only half the amount of memory. Reducing the size
of the acceleration hash did not improve the run-time performance,
which could be attributed to various factors. For example, the slabs
are not aligned anymore, resulting in reduced memory bandwidth (due
to memory coalescing). Additionally, by allowing only 255 unique hash
codes, we increase the probability of hash collisions occurring. We found
that in practice, an additional 0.21 slots are checked per query. An
interesting observation is that search performance may increase as the hit
rate (percentage of successful searches) decreases. When an item is not
present, the search operation needs to visit all slabs and cannot stop early
(when an item is found). However, comparing an item after a potential
match is expensive due to non-coalesced memory accesses and branching.
Especially for larger items, traversing all slabs during an unsuccessful
search can be faster than having to compare an item.

Considering memory usage, we see that the additional 32 bits of
acceleration hash cause significant overhead compared to the other
three methods. The 64-bit atomic method uses additional memory for
padding, whereas the other methods (additionally) spend some memory
on acceleration hashes/ticket boards. Note that the results in Figure 4.6
include the memory used by empty slots, that is, the hash tables could
potentially fit more items without growing in size.
Table 4.2 shows the results of the same benchmark for different item

sizes. We include both SlabHash [50] and DyCuckoo [49] for comparison.
As expected, insertion and search performance both scale with item size.
Interestingly, we found that item sizes consisting of an even number
of WORDs typically perform slightly better than item sizes with an odd
number. We suspect that this is due to those items straddling cache lines
more frequently. Comparing our methods with SlabHash, on which they
are based, we see that insertion performance is comparable, while search
performance is reduced. One of the reasons for this decline is that, in
order to support dynamic memory growth, we require an extra level of
pointer indirection to access a slab. Although this is mentioned in the
SlabHash paper, it is not implemented in the published code. Our methods
also require more memory bandwidth (64-bit atomics) or additional
computation (acceleration hash), which introduces some overhead.

4.5.2. SVDAG EDITING
In this second part of the evaluation, we will look at the run-time
performance of our SVDAG editing system compared to the CPU-based
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Scene Method Memory

San Miguel 64K Nodes/Leaves Only 2929 MiB
4-bit Materials Atomic U64 3509 MiB

Ticket Board 3461 MiB
Acceleration Hash (32 bits) 4269 MiB
Acceleration Hash (8 bits) 3622 MiB

Citadel 128K Nodes/Leaves Only 980 MiB
No Materials Atomic U64 1199 MiB

Ticket Board 1155 MiB
Acceleration Hash (32 bits) 1400 MiB
Acceleration Hash (8 bits) 1203 MiB

Citadel 128K Nodes/Leaves Only 5997 MiB
4-bit Materials Atomic U64 7164 MiB

Ticket Board 7082 MiB
Acceleration Hash (32 bits) 8685 MiB
Acceleration Hash (8 bits) 7404 MiB

Table 4.1.: Memory usage of the tested scenes both with (4-bit) and without
(N/A) materials. This includes memory that is allocated but not
currently used (partially filled slabs).

HashDAG framework [28]. For both methods, we target a hash table load
factor (average number of items per bucket) of 96 directly after the scene
has been loaded. We used the same test scenes as in [28] but converted the
colors into a palette of 16 unique materials with similarly colored textures,
mimicking popular voxel-based games. The test scenes used are Citadel
and San Miguel (Figure 4.7), which are voxelizations of textured triangle
meshes. Citadel is stored with a voxel resolution of 128K3, whereas San
Miguel uses a resolution of 64K3. The reason for this difference is the
elongated shape of the Citadel scene, which results in a higher level of
sparsity and thus a smaller SVDAG size.
Table 4.1 shows the memory usage for both scenes. Including

materials in the SVDAG significantly increases memory usage because of a
combination of larger leaves and a reduction in repetition (since subtrees
only match if shape and material are identical). Materials are assigned on
the basis of the diffuse textures of the original triangle mesh. This creates
a high level of local material detail that may not be present in other data
sets. Despite this, storing the same scenes in a Sparse Voxel Octree (SVO)
would have required roughly four times more memory (22GiB Citadel,
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14GiB San Miguel) compared to our SVDAG. When only binary voxel
occupancy is stored, without materials, the SVDAG uses only 6.5% of the
memory of an SVO.

Figure 4.7.: Vegetation in the San Miguel scene.

We test our method using two different tools. We start with a sphere
tool, which acts as a three-dimensional paint brush, placing voxels within
the radius of a spherical brush. This creates a stress test for duplicate
detection, as the surface of the sphere has many repeating patterns. Note
that filling large homogeneous regions of space such as the interiors of
the spheres is handled as a special case in our implementation. For the
second test, we applied the copy tool to gradually make a copy of some of
the vegetation in the San Miguel scene. This tool copies a cubic region
around the mouse cursor. For larger objects, the user has to drag the
cursor along the surface to progressively copy it.
The results of both tests are shown in Figure 4.8. The placement of large

spheres in the Citadel scene takes between 15ms and 18ms, depending on
whether the materials are enabled. The radii of the spheres vary between
1140 and 1820 voxels per frame, which is reflected in the frame times. The
largest occupy roughly 25 billion voxels, creating an intermediate Sparse
Voxel Octree of 114MiB when materials are enabled. Note that this octree
does not subdivide the interiors of the spheres. SVDAG compression
reduces this to 23MiB for the first sphere and to merely 15MiB for
subsequent spheres as geometric repetition increases. The copy operation
in the San Miguel scene is distributed over many frames, taking only a
couple milliseconds each frame. This is well within the realm of real-time
frame rates.
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Figure 4.8.: Breaking down editing performance in San Miguel 64K3 and
Epic Citadel 128K3, as measured on the CPU, into the most
costly GPU kernels. The remaining time is spent on smaller
GPU kernels, memory allocation, synchronisation and other
CUDA related overhead.

Figure 4.8 breaks down the total editing time (CPU wall clock) into the
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most costly GPU kernels (GPU time). Considering the Citadel scene without
materials; traversing the editing region and constructing the temporary
Sparse Voxel Octree takes 1.7ms on average. Removing duplicate nodes
and leaves within this octree (Section 4.4.2) is a relatively costly operation
at just over 2.5ms. Finally, finding duplicates between the SVO and SVDAG
and inserting the unique items takes between 1.3ms and 3.2ms depending
on the hash table. These timings increase by roughly 30% when enabling
materials due to an increase in SVDAG leaf sizes. The remaining time is
spent on various other GPU kernels (updating parent pointers, detecting
homogeneous regions, etc.) and some CPU/GPU synchronization. We
found that this synchronization is negatively influenced by memory
allocation calls, such as cudaMalloc or cudaMallocAsync, which is why
we replace all memory allocations with the Vulkan Memory Allocator [51].
From the four proposed hash table implementations, the two accelera-

tion hash methods perform best, followed by the 64-bit atomics method.
This is exclusively due to a difference in search performance with 0.94ms
for the atomics method versus 0.87ms and 0.70ms for the 8-bit and 32-bit
acceleration hash methods, respectively. The ticket board method performs
significantly worse with 2.51ms. The cost of inserting new nodes and
leaves into the hash tables is comparable for all four methods at roughly
0.6ms. Based on both run-time performance and memory usage, we
conclude that the atomics and the 8-bit acceleration hash methods are most
suitable for our use case.
To compare against existing work, we perform the same editing

operations using HashDAG [28]. Some of the improvements we made,
such as faster memory allocation, were also ported to HashDAG since
our method was implemented in the same codebase. To ensure a
fair comparison, we disable the voxel colors, as they are not directly
comparable to our material system. It takes HashDAG 52.6ms to place
the spheres in the Citadel scene using 32 CPU threads, which is roughly 5
times slower than our GPU-based method. Additionally, HashDAG requires
192.8ms to copy these changes to the GPU, which is necessary to render
the updated scene.

4.6. CONCLUSION
Sparse Voxel Directed Acyclic Graphs (SVDAG) have proven to be a
memory-efficient data structure for storing dynamic sparse voxel data. In
this chapter, we have shown that it is possible to edit SVDAGs entirely
on the graphics card, vastly improving editing performance compared
to the previous CPU method and circumventing the expensive CPU/GPU
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memory copies. The main building block is a GPU-based dynamic hash
table, which can store large items and provides pointer stability. We
propose four different implementations inspired by SlabHash [50]. Despite
our additional requirements, stemming from the SVDAG support, the
performance of our solution remains close to the state-of-the-art.
Our GPU-driven SVDAG editing pipeline consists of almost a dozen

compute kernels and an additional hash table optimized to deal with
duplicate removal. We enable large SVDAG modifications in real-time,
while reducing memory usage by several factors compared to an octree.
Our application supports simple voxel attributes stored within the

SVDAG. Although this works well for small and coherent attributes,
additional memory savings may be achieved by separating geometry from
attributes and compressing them separately. However, current methods
[30, 31, 52] are not optimized for many fragmented modifications. We
believe this to be an interesting avenue for future work.
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Size Method Insert Search (25%) Search (50%) Search (75%) Memory

1 SlabHash 5.8 ms 3.1 ms 2.8 ms 2.4 ms -
DyCuckoo 4.7 ms 3.1 ms 2.8 ms 2.4 ms -

2 DyCuckoo 5.5 ms 3.5 ms 3.1 ms 2.7 ms -
Atomic U64 6.9 ms 7.6 ms 6.9 ms 6.2 ms 318.7 MiB
Ticket Board 5.4 ms 11.0 ms 9.9 ms 8.9 ms 328.4 MiB
Accel Hash (32) 5.8 ms 4.0 ms 4.1 ms 4.3 ms 478.1 MiB
Accel Hash (8) 5.9 ms 5.6 ms 5.6 ms 5.4 ms 362.7 MiB

3 Atomic U64 9.6 ms 7.9 ms 7.6 ms 7.3 ms 478.1 MiB
Ticket Board 5.7 ms 13.3 ms 13.4 ms 11.0 ms 485.1 MiB
Accel Hash (32) 6.2 ms 4.1 ms 4.4 ms 4.8 ms 637.3 MiB
Accel Hash (8) 6.4 ms 5.9 ms 5.9 ms 5.9 ms 519.4 MiB

4 Atomic U64 9.5 ms 7.9 ms 7.5 ms 7.1 ms 637.4 MiB
Ticket Board 6.0 ms 15.8 ms 14.5 ms 13.2 ms 642.0 MiB
Accel Hash (32) 6.2 ms 4.0 ms 4.3 ms 4.5 ms 796.7 MiB
Accel Hash (8) 6.6 ms 5.9 ms 6.0 ms 6.0 ms 676.3 MiB

5 Atomic U64 10.0 ms 8.2 ms 7.9 ms 7.7 ms 796.2 MiB
Ticket Board 6.2 ms 18.8 ms 17.3 ms 15.8 ms 798.6 MiB
Accel Hash (32) 6.6 ms 4.3 ms 4.8 ms 5.2 ms 955.6 MiB
Accel Hash (8) 6.9 ms 6.1 ms 6.3 ms 6.4 ms 832.9 MiB

6 Atomic U64 9.8 ms 8.1 ms 7.7 ms 7.3 ms 956.1 MiB
Ticket Board 6.4 ms 22.7 ms 20.4 ms 19.2 ms 955.7 MiB
Accel Hash (32) 6.8 ms 4.4 ms 4.9 ms 5.4 ms 1115.4 MiB
Accel Hash (8) 7.1 ms 6.2 ms 6.4 ms 6.6 ms 990.1 MiB

7 Atomic U64 10.4 ms 8.4 ms 8.3 ms 8.2 ms 1115.1 MiB
Ticket Board 6.6 ms 25.9 ms 23.7 ms 21.5 ms 1112.4 MiB
Accel Hash (32) 7.0 ms 4.6 ms 5.2 ms 5.7 ms 1274.6 MiB
Accel Hash (8) 7.3 ms 6.4 ms 6.7 ms 7.0 ms 1146.7 MiB

8 Atomic U64 10.3 ms 8.3 ms 8.1 ms 8.0 ms 1274.3 MiB
Ticket Board 6.8 ms 29.2 ms 26.8 ms 24.7 ms 1269.2 MiB
Accel Hash (32) 6.7 ms 4.3 ms 4.5 ms 4.8 ms 1433.9 MiB
Accel Hash (8) 7.5 ms 6.4 ms 6.7 ms 7.0 ms 1303.8 MiB

9 Atomic U64 10.7 ms 8.6 ms 8.6 ms 8.7 ms 1433.5 MiB
Ticket Board 7.0 ms 29.3 ms 27.3 ms 24.9 ms 1425.8 MiB
Accel Hash (32) 7.5 ms 4.8 ms 5.5 ms 6.1 ms 1592.6 MiB
Accel Hash (8) 7.7 ms 6.6 ms 7.0 ms 7.4 ms 1459.9 MiB

10 Atomic U64 10.3 ms 8.4 ms 8.0 ms 7.6 ms 1593.2 MiB
Ticket Board 7.2 ms 30.3 ms 27.4 ms 25.6 ms 1582.6 MiB
Accel Hash (32) 7.5 ms 4.9 ms 5.5 ms 6.2 ms 1752.2 MiB
Accel Hash (8) 7.8 ms 6.7 ms 7.1 ms 7.5 ms 1616.6 MiB

Table 4.2.: Searching 8M items and subsequently inserting 8M items into a hash table. The
hash tables initially store 33M items targeting a load factor (after insertion) of 96.
Search performance is evaluated for various hit rates (number of search operations
that succeed). Item size is measured in WORDs (4 bytes). Memory usage is reported
before insertions.
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EDITING COMPRESSED

HIGH-RESOLUTION VOXEL SCENES
WITH ATTRIBUTES

Mathijs MOLENAAR, Elmar EISEMANN

Sparse Voxel Directed Acyclic Graphs (SVDAGs) are an efficient solution
for storing high resolution voxel geometry. Algorithms for the interactive
modification of SVDAGs that maintain compressed geometric representation
have been proposed. Although compression techniques for voxel attributes, such
as colors, exist; they do not operate in real time, leading to high run-time
memory usage. In this chapter, we introduce two attribute compression
methods (lossless and lossy), which enable the interactive editing of compressed
high-resolution voxel scenes including attributes.

Parts of this chapter have been published in Computer Graphics Forum Volume 42, Issue 2
(2023) [52].
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A downside of voxel representations is the typical high memory
requirements. Because graphics card memory is very limited on consumer
hardware, often just a couple of gigabytes, compression schemes are
required (Sect. 5.1). Nevertheless, these often imply that access and
manipulation of the data becomes slower or even impossible at interactive
rates.
In this work, we focus on voxel models of 3D boundary representations,

which lead to sparse voxel occupancy. Various data structures have
been developed to reduce the storage requirements of this sparse voxel
geometry by omitting empty voxels [17, 53] or exploiting redundancy using
a DAG encoding [23].
Along with voxel occupancy, there is often a need to store additional

information inside non-empty voxels, e.g., presence of colors for 3D
painting. These attributes can be decoupled and compressed separately
from the geometry which improves the compression ratio [30]. Various
previous works propose specialized methods for compressing attribute
data [30, 31]. However, none of these works focuses on compression
time or enables real-time editing in this context. We present two novel
compression algorithms with the aim of supporting real-time editing. Our
lossless method achieves high performance by making use of a suitable
GPU mapping and competitive compression ratios. Our lossy method
improves the compression ratio further while maintaining a performance
level that enables interactive large-scale edits in highly detailed voxel
scenes with attributes.

5.1. BACKGROUND & RELATED WORK
Sparse Voxel Directed Acyclic Graph (SVDAG) exploits repeating patterns
in a SVO, which manifest themselves as identical subtrees. Having parent
nodes refer to a single remaining subtree saves memory. First expressed
by [21] in two dimensions, it was later extended to 3D by [22] and
popularized by [23]. Extensions to this approach match identical subtrees
under symmetry [26, 27] or allow approximate merges [25]. For more
details, we refer the reader to Section 2.

Storing attributes, such as colors, in an SVDAG is a challenge. SVOs can
store such information in leaves. However, doing so in an SVDAG reduces
the number of subtrees that can be merged, since both geometry and
attributes must match to be considered a duplicate. Williams [29] proposed
to decouple the voxel attributes by collecting them along a space-filling
curve (Figure 5.1). The Morton space-filling curve [54] was chosen because
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Figure 5.1.: The structure of the voxel grid (left) is captured in an SVO
(right). Each SVO node stores the number of voxels in its
subtree. The Morton order indices can be computed from the
SVO by summing the number of preceding voxels.

it is equivalent to a depth-first depth traversal of an SVO or SVDAG. The
attributes of non-empty voxels are stored in a one-dimensional array. The
index of each voxel is determined by the number of preceding non-empty
voxels along the Morton curve. To accelerate the computation of these
indices, the SVDAG stores, for each subtree, the total number of non-empty
voxels in that subtree (Figure 5.2). Williams [29] store these numbers
in the parent nodes, while later works reduce the memory overhead by
storing this information either in the child pointers [30] or the child nodes
[31].
The method described by Williams [29] decouples geometry from

attributes. This ensures optimal geometric reuse in the SVDAG but
leaves the attributes uncompressed. Dado et al. [30] propose a
lossless compression scheme specifically designed to compress the (one-
dimensional) array of colors. While the compression stage is performed in
an offline preprocess, the decompression of individual colors is possible
in real-time. This allows the colors to remain in compressed format
when rendering. In the same vein, Dolonius et al. [31] propose a lossy
compression scheme for the SVDAG attributes (colors). Lossy compression
means that the decoded colors might change slightly from the original
colors in an attempt to save more memory.

The latter technique[31] was used in the HashDAG framework [28] to
interactively modify the SVDAG structures. The program loads an existing
SVDAG scene with colors that are compressed with the Dolonius et al. [31]
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Figure 5.2.: The structure of the voxel grid (left) is captured in an SVDAG
(right). Each SVDAG node stores the number of voxels in its
subtree. The Morton order indices can be computed from the
SVO by summing the number of preceding voxels.

method. During the editing process, the user may fill in new voxels or
change the colors of existing voxels. This is implemented in HashDAG [28]
by embedding uncompressed colors in a memory format compatible with
Dolonius et al. [31]. Thus, prolonged editing sessions will lead to a
stark increase in color memory as more of the scene is replaced by
uncompressed colors. The creation of a new voxel effectively shifts the
attribute indices of all subsequent voxels in the attribute array, which is
an O(N) operation. To alleviate this issue, HashDAG splits the color array
into smaller chunks, one for each inner node at a predetermined level
of the SVDAG. This defines an upper bound on the number of attributes
that must be relocated during editing. It also creates an opportunity for
multi-threading as chunks can be updated independently.

In this chapter, we will present a real-time compression algorithm that
is compatible with the memory layout of Dolonius et al. [31], and is
integrated in HashDAG [28]. This allows for real-time editing of scenes
without inflating their colors. We also present an alternative lossless
compression scheme that is implemented on the GPU, resulting in even
higher run-time performance.
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5.2. OUR METHOD
We will now describe our two distinct SVDAG color compression
algorithms that provide real-time performance. The first is a novel lossless
compression scheme in which compression is implemented entirely on
the GPU. The second is an algorithm for lossy compression of colors in a
memory format that is compatible with the Dolonius et al. [31] method.

5.2.1. LOSSLESS ATTRIBUTE COMPRESSION
Real-time editing of SVDAGs with attributes requires not only fast
compression, but also efficient decompression of individual attributes.
The latter excludes most popular sequential techniques, such as Lempel-
Ziv (LZ) [55–62] and Huffman coding [63], which do not support random
access decoding. Our approach must achieve constant-time access to
individual attributes while achieving a high compression ratio. Although
our method could be adjusted to store arbitrary values; we simplify our
explanations by staying in the context of color compression.

The lossy method of Dolonius et al. [31] already splits the color array
into large macro blocks, which can be used to parallelize CPU processing.
To achieve massive parallelism on the GPU, we split the color array into
much smaller blocks of 128 consecutive entries, each of which is processed
by a group of GPU threads. Our underlying assumption is that the color
array exhibits limited local change, which we exploit in our compression
scheme. We normalize the colors by computing a minimum Ci

min and a
maximum Ci

max per color channel i in each block. The colors inside a
block are interpreted as an offset to Ci

min. The offsets are encoded using
Bi = bitwidth(Ci

max − Ci
min) bits per color channel i.

As a second step, a Frame-Of-Reference compression [64] is applied.
Instead of directly storing an offset to Ci

min, we store an offset to a
suitable reference color. This leads to smaller offsets, which can be stored
with fewer bits. The reference colors are determined by quantizing the
normalized colors into eight equally sized bins (3 bits) per channel.
We expect the same reference color to occur multiple times within a

block; thus, we store them in a per-block look-up table and refer to them
by index. Furthermore, consecutive colors are likely to share the same
reference color. So, rather than storing a reference color (index) for each
color, we instead store the reference index only if it changes from one
color to the next. This information is encoded with a 128-bit mask for the
entire color block (1 bit per color). To decode a color, the corresponding
reference color is computed using a popcount instruction.
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All of this information is stored in a compact memory format as shown
in figure 5.3. Each block may occupy a variable amount of memory, so the
64-bit start location of each block is stored in a secondary array. Together,
the fixed cost per block is 48 + 7 + 128 + 64 = 247 bits, resulting in a
minimum theoretical compression ratio of 247

128∗24 ≈ 8.04% for 8-bit RGB
colors.

min

max

palette size ref color 1

ref color ...

bitmask index 1

...

index ...

o�set 1

...

o�set 128

...

24 7 9 128 [1]* [2]*Bits

Min / Max Palette Reference Colors O�sets

Figure 5.3.: Memory layout of a single block of 128 colors as compressed
with our lossless compression method.
[1]∗ = ⌈log2(palette size)⌉ [2]∗ =

∑
c∈r,g,b⌈log2(

cmax−cmin
8 )⌉

Because blocks cover a fixed interval of colors, there is no option
for fast insertions and removals. Instead, we rely on the HashDAG
framework to split the color array into smaller chunks to limit the
computation time (Section 5.1). When editing, the affected color chunks
are decompressed into a temporary buffer (by the GPU), modified, and
subsequently compressed again.

5.2.2. LOSSY ATTRIBUTE COMPRESSION
A small loss in precision opens the door to a much smaller memory
footprint, as evidenced by many modern image file formats, such
as JPEG [65] with their impressive compression ratios. Dolonius et
al. [31] introduced a lossy scheme aimed specifically at compressing the
one-dimensional color array associated with an SVDAG. Their specific
compression algorithm is designed to achieve high quality but is too
slow for real-time updates. We present a fast, novel algorithm for color
compression that is compatible with their file format. We will now briefly
explain their method before explaining our algorithm in more detail.

S3TC block image compression schemes divide an image into a regular
grid of 4×4 pixel blocks. The colors inside each block are projected onto a
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line segment in RGB color space and stored as an interpolation coefficient
between the two endpoints. Dolonius et al. [31] applies the same concept
to the one-dimensional color array but using variable length blocks to
better adapt to the input data.
The number of bits used to store the interpolation weights varies per

block and are stored in a separate array. Like S3TC the line segment
endpoints are encoded using 16 bits in a RGB565 format. Blocks can also
encode a run of a single color without loss of precision when desired. For
additional information on memory layout, we refer the reader to [31].
To compress a set of input colors, the algorithm of Dolonius et al.

initially considers each color as a separate block. They then sequentially
merge neighboring blocks by applying a least-squares line fit to the colors.
This process is repeated until no two neighboring blocks can be merged
without exceeding a given error threshold. The number of bits used to
store the interpolation bits impacts the final error; therefore, they test all
possible interpolation bits, creating a tree of potential color blocks. The
final selection of blocks is decided by a tree cut.

While providing high-quality results, the method of Dolonius et al. is
too slow for real-time use. If not more than two neighboring colors fit
in each line segment without exceeding the error threshold, then the
algorithm finishes in Θ(N) time. However, if all colors can be assigned to
a single line segment, then we encounter the worst-case time complexity
of O(N logN). This is problematic as larger scenes generally contain
more coherence as a result of oversampling of textures, creating larger
color blocks.

OUR LINE fiTTING
Our solution increasingly relies on localized decision-making. In
the following explanations, we will generalize the problem of color
compression to that of fitting a line through a stream of points. The goal
is to find a collection of consecutive line segments that approach the input
points within a user-provided threshold. Changing this threshold allows
for control over the number of line segments (memory usage) and the
quality of the fit (image quality).
We sequentially iterate over the input points and decide for each color

whether it can fit onto a line segment with the previous colors or whether
a new block must be created. This greedy algorithm ensures that each
point is touched only once. To incrementally construct line segments,
we use a modified version of the Hough transform. We first focus on a
two-dimensional case before extending our solution to more dimensions.
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Figure 5.4.: Two points in (x, y) space (left) and their representation in
(θ, ρ) space after Hough transform. (center). The intersection
of the two lines in (θ, ρ) space defines a line in (x, y) which
passes through both points (right). To allow for approximate
fitting we define an error margin e in ρ which corresponds to
an euclidean error in (x, y) space. To accelerate the search we
discretize θ keeping only the overlapping values. The ρ bounds
are stored in a continuous representation (center)

Hough Transform [66] is a well-known operation in image processing to
detect lines in images. Lines are represented in a dual space as a point
with coordinates θ and ρ; representing a line with angle θ at distance ρ
from the origin (see Figure 5.4).
In classical line detection, a texture is used to discretize the dual space.

For a given point in primal space, the texels representing all lines passing
through that point are rasterized, which can be found with a simple
relationship:

p⃗ = (x, y)

ρ(θ) = x cos(θ) + y sin(θ)
(5.1)

Using additive blending [67], the texels with high values represent lines
that pass through many points in the primal space. Using textures to
represent the dual space is a form of quantization which makes the line
fitting approximate.

Our goal is to incrementally map points to the dual space and check
whether there is still a line that passes through all preceding points.
However, using the typical texture approach introduces some problems.
First of all, the quantization into texels leads to an unstable error margin.
For example, the values 9.51 and 10.49 will map to the same texel, while
10.49 and 10.51 would not, despite being much closer in R. The second
problem is performance. For each new pixel, many different values θ
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must be evaluated. Finally, the rasterization method requires the texture
to be cleared before fitting begins, which is an expensive operation.

To fix these issues, we keep the presentation of ρ continuous. For
each discrete step of θ, we store a minimum and maximum value of ρ,
representing all possible lines with angle θ that pass by the previously
added points within the user threshold. This threshold creates a range of
values for ρ that are considered valid for all preceding points (Figure 5.4).
To further accelerate the process, we observe that only lines that pass

close to all points are relevant. Hence, we can skip the (discrete) steps θ
that have no ρ that fits all the preceding points. We accomplish this by
keeping a list of θ steps for which a line fit still exists (Figure 5.4).

EXTENSION TO 3D
Attributes usually consist of more than two dimensions. For example,
colors are typically encoded as a triplet of red, green, and blue channels
(RGB). The three-dimensional equivalent of the Hough transform (for
example, employed in [68]) requires two angles, which is prohibitively
expensive for our real-time compression due to the large number of values
that would need to be cleared when starting the fitting.
Instead we perform a 2D Hough transform for the R&G, G&B and R&B

planes (simultaneously). As soon as the line fit fails for one plane, we
stop. By considering the resulting two-dimensional lines as projections of
the desired 3D line, we can reconstruct the 3D line as a plane intersection
involving any two of the three planes. For example, using lines in the
R&B and G&B planes (defined as l(t) = o⃗ + td⃗), we construct a 3D line as
follows:

⃗orgb = (o⃗rb
r − o⃗rb

b d⃗rb
r

d⃗rb
b
, o⃗gb

g − o⃗gb
b d⃗gb

g

d⃗gb
b
, 0)

⃗drgb = (
d⃗rb

r

d⃗rb
b
,
d⃗gb

g

d⃗gb
b
, 1)

(5.2)

Tracking all three planes allows us to choose the combination that
maximizes the spread along a shared axis (b in Eq. 5.2), which reduces
numerical problems due to division by values close to zero.
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5.3. IMPLEMENTATION
Here, we discuss the details of the implementation and integration in the
HashDAG interactive SVDAG editing framework [28].

Editing the SVDAG The HashDAG framework maintains two copies of the
scene, one in CPU memory and one in GPU memory. Editing is performed
by the CPU, and the changes made to its instance of the scene are copied
to the GPU at the end of each frame. Editing tools, such as a sphere
placement tool and paint brush, are provided by the HashDAG framework.
We also provide a new stamp tool that applies a colored height field to a
surface.
The array of voxel colors is split into chunks, one for each node at level 8

in the tree when using lossy compression (the same as HashDAG [28]) and
level 7 when using lossless compression (where level 0 is the root node).
The reason for using different values is that the GPU (lossless method)
requires larger pieces of work to make effective use of the hardware. We
define the contents of new or modified color chunks as an ordered stream
of three basic operations: copy existing colors, fill a single color and write
new colors. Once all color operations for a chunk have been recorded, the
chunk can be compressed using either our lossless or lossy method on a
worker thread.

Lossless colors Our lossless compression algorithm does not support
incremental updates and requires a full decompression and re-compression
of any modified color chunk. Both compression and decompression are
implemented in CUDA. For compression, we spawn a work group for each
128 color blocks with an equal amount of threads. Each work group
compresses its block into a shared-memory bit stream, which is then
atomically merged into a global bit stream. We use the cooperative groups
feature in CUDA to utilize the latest hardware intrinsics for reductions and
prefix sums.

Lossy colors Because the lossy compression scheme uses variable-sized
blocks, it is possible to perform partial updates to a color chunk. If none
of the colors in a block has changed, then the block is simply copied
over. Color compression thus only needs to be applied to the array of
new colors. We implement our greedy line fitting algorithm (Section 5.2.2)
on the CPU, where the angle θ is discretized in 96 steps, which was
empirically chosen. Calculation of ρ is performed in parallel using AVX2
instructions by grouping the θ steps into groups of size 8. The result of the
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Hough transform is a line rather than a line segment, so a second loop is
required to compute the endpoints of each segment. The number of bits
used to store the interpolation weights is decided by exhaustively checking
all options between 1 and 4 bits (using SSE intrinsics) and picking the
lowest bit count which allows each point to be fit, while staying within the
users specified error threshold.
Like Dolonius et al. [31], the threshold is defined as the maximum

Euclidean distance between any input color and its compressed represen-
tation in the output. We control the line fit precision by adjusting the 2D
threshold parameter e (Figure 5.4) which we set to half the desired 3D
error.
In addition, approximate line fitting, quantization of interpolation

weights, and quantization of the line segment endpoints (RGB565 format)
will further increase the final color error. As such, a situation may occur
where it is not possible to store the fitted colors in the same block. In
such cases, we encode these colors into individual color blocks using the
RGB101210 format (Section 5.2.2).

5.4. RESULTS
To evaluate the performance of our algorithms and HashDAG [28], we will
compare against the lossless compression scheme of Dado et al. [30] and
the compression algorithm of Dolonius et al. [31]. In case of Dolonius
et al., we use the original CUDA implementation and created our own
version of the Dado algorithm based on their paper.
All tests were performed on a system running a 10th generation Intel

I9 processor and a Nvidia RTX3070Ti on Linux. We found that CUDA
performance on Windows is significantly degraded when using managed
memory.

Color Compression In order to accurately measure just the compression
performance, we extract raw attribute arrays from various scenes and
compress them in whole. The scenes tested are voxelized versions of the
Epic Citadel, Lumberyard Bistro Exterior, and San Miguel scenes using
diffuse textures as voxel colors. In addition, we test the Citadel scene with
Perlin noise as colors to emulate the low frequency signal of irradiance
(Figure 5.5). For lossy color compression schemes, we use a color error
threshold of 0.06. As with actual voxel editing, we split the attribute
array into smaller chunks. With the exception of our lossless method and
Dolonius’s CUDA version [31], the chunks are processed in parallel using
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multiple CPU threads.
The results are shown in Table 5.1. For our lossless method, we tested

both the original RGB888 input and RGB565. Storing RGB565 colors will
lead to a small quality loss due to the conversion of the 24 bit input colors,
but, being lossless, this error cannot grow over time when editing. We
also include the method employed by HashDAG [28] in the table which
uses the Dolonius et al. memory layout. The only for of compression
applied by HashDAG is detecting consecutive equivalent colors, a simple
form of run-length encoding.

Our lossless method is capable of compressing the data at more than
20GB/s, which is two orders of magnitude faster than the Dado et al.
method [30]. At lower resolutions, our method achieves compression
ratios comparable to Dado et al. However, our method does not scale as
well to larger resolutions because of the fixed block size, and thus memory
overhead per voxel. Increasing the block size would help, but grouping
more colors also reduces their coherence in each block. In practice, we
found that blocks of 128 colors provide a good balance for most scenes.
Note that the Citadel scene is a bit of an outlier with respect to memory

scaling. The scene uses low-resolution textures and underneath the castle
are large single-colored triangles resulting in long homogeneous ranges in
the color array. The method of Dado et al. is capable of efficiently storing
ranges of single colors, while our lossless method is bound by the use
of blocks. The opposite happens when storing Perlin noise rather than
diffuse textures. Colors are not repeated locally, resulting in Dado using
more memory than the uncompressed input. In comparison, our method

Figure 5.5.: The Epic Citadel scene using Perlin noise colors.
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using local offsets handles this situation much better.

Our lossy compression algorithm was designed to achieve high run-time
performance, while using the Dolonius et al. memory format [31]. At
roughly 1GB/s on a 10 core CPU, our method is well suited to large-scale
interactive editing or small edits in real time. In terms of compression
ratio, our method typically requires between 30% and 80% more memory
than the offline method by Dolonius et al.
Lossy methods trade quality for compression ratio, which is illustrated in

Figure 5.6. The method of Dolonius et al. outperforms our lossy algorithm,
which we attribute to various factors. They perform an extensive search
over the space of combination of potential line segments rather than
our naive greedy method. Line fitting is performed using a least-squares
optimization, which we expect to outperform our 3D mapping of the
Hough transform in terms of accuracy. Their design decisions opt for
better compression, but it makes their method unsuitable for interactive
editing. Given the gain in performance, the increase in memory usage
could be seen as modest.

Real-Time Editing To demonstrate the use of our methods for editing, we
have recorded an editing session in which the Citadel scene is painted
using a rainbow brush defined by a Perlin noise function for each of
the three color channels. Figure 5.7 shows the usage of memory during
editing, the time it takes to perform compression, update the colors, and
the total frame time. The color update time includes the CPU to GPU copy
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Figure 5.6.: A plot showing compression ratio as a function of Root Mean
Square Error (RMSE), comparing our lossy method to Dolonius
et al. [31].
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required for the colors to be displayed on screen plus the compression
step.
We compare our compression methods with the work of HashDAG [28]

on which our code is based. HashDAG loads scenes using the same
compression format as Dolonius et al. and our lossy method. Colors
that are modified during editing are not compressed and instead encoded
in individual color blocks, leading to high memory usage over time
(Figure 5.7). In contrast, the use of real-time compression using our
methods ensures that memory usage remains stable.
Our lossy compression algorithm adds roughly 13 milliseconds (5̃0%) to

each frame. Although this difference is not insignificant, it does show
that our performance is suitable for interactive editing. Our lossless
method, which is GPU accelerated, slightly outperforms the HashDAG
method, which is in line with the compression performance on synthetic
benchmarks (Table 5.1).

5.5. CONCLUSION
To our knowledge, this is the first demonstration of an interactive editing
of a full SVDAG with attributes in the compressed domain. While previous
work required decompressing attributes, leading to a large memory
overhead, or relied on an offline processing, our method achieves fast
execution times while keeping memory cost low.
We have presented two methods for compressing attributes: a lossless

and a lossy solution. This makes our approach suitable for many
application scenarios. The lossless method is constructed from well-
known building blocks [64] and supports random access decoding. It can
compress large amounts of data in little time by leveraging the GPU. The
lossy solution enables even lower memory usage, although at the cost
of color errors and reduced performance. We believe that our solutions
increase the viability of using SVDAGs in interactive applications, as
attributes such as colors typically occupy more memory than the geometry
itself.
While the results are positive, large edits still run at interactive-

rather than real-time frame rates. This might be of relevance for some
applications, such as VR painting. Although we do believe that real-time
performance is possible if the GPU were to be used in the entire editing
process. Further, the scenes themselves are currently static, and how to
integrate animation capabilities into SVDAGs is still an open question.
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Scene Method Time Compression RMSE

Bistro (8K) Ours (lossy) 0.77s 18.44% 0.0158
649MB Dolonius (lossy) 76.66s 13.93% 0.0170

Ours (lossless RGB888) 0.07s 72.04% 0.0000
Ours (lossless RGB565) 0.07s 35.91% 0.0140
Dado (lossless) 4.15s 74.95% 0.0000
HashDAG (lossless) 0.28s 249.21% 0.0000

Bistro (16K) Ours (lossy) 3.25s 17.31% 0.0156
2643MB Dolonius (lossy) 312.12s 12.54% 0.0168

Ours (lossless RGB888) 0.14s 68.96% 0.0000
Ours (lossless RGB565) 0.14s 33.62% 0.0139
Dado (lossless) 20.10s 69.91% 0.0000
HashDAG (lossless) 1.23s 245.24% 0.0000

Citadel (8K) Ours (lossy) 0.22s 16.04% 0.0161
210MB Dolonius (lossy) 22.97s 12.36% 0.0170

Ours (lossless RGB888) 0.03s 65.84% 0.0000
Ours (lossless RGB565) 0.03s 33.88% 0.0088
Dado (lossless) 1.56s 63.72% 0.0000
HashDAG (lossless) 0.08s 183.63% 0.0000

Citadel (16K) Ours (lossy) 0.80s 14.52% 0.0161
844MB Dolonius (lossy) 92.88s 10.06% 0.0171

Ours (lossless RGB888) 0.06s 55.30% 0.0000
Ours (lossless RGB565) 0.06s 26.53% 0.0088
Dado (lossless) 10.62s 43.43% 0.0000
HashDAG (lossless) 0.21s 138.15% 0.0000

Citadel (32K) Ours (lossy) 3.19s 13.61% 0.0161
3412MB Dolonius (lossy) 388.63s 7.67% 0.0163

Ours (lossless RGB888) 0.15s 45.06% 0.0000
Ours (lossless RGB565) 0.16s 20.20% 0.0089
Dado (lossless) 64.00s 29.85% 0.0000
HashDAG (lossless) 0.74s 97.02% 0.0000

Citadel (16K) Ours (lossy) 0.61s 9.61% 0.0178
Perlin Noise Dolonius (lossy) 37.50s 5.58% 0.0161
844MB Ours (lossless RGB888) 0.06s 68.59% 0.0000

Ours (lossless RGB565) 0.06s 27.14% 0.0142
Dado (lossless) 10.85s 172.75% 0.0000
HashDAG (lossless) 0.40s 263.31% 0.0000

San Miguel (16K) Ours (lossy) 2.41s 17.15% 0.0154
1974MB Dolonius (lossy) 236.73s 12.04% 0.0156

Ours (lossless RGB888) 0.10s 63.01% 0.0000
Ours (lossless RGB565) 0.10s 32.93% 0.0149
Dado (lossless) 17.47s 79.23% 0.0000
HashDAG (lossless) 0.75s 200.46% 0.0000

Table 5.1.: The lossy methods target an error of 0.06 per color channel.
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CONSERVATIVE RAY BATCHING

USING GEOMETRY PROXIES

Mathijs MOLENAAR, Elmar EISEMANN

We present a method for improving batched ray traversal as was presented by
Pharr et al. [70]. We propose to use conservative proxy geometry to more
accurately determine whether a ray has a possibility of hitting any geometry
that is stored on disk. This prevents unnecessary disk loads and thus reduces the
disk bandwidth.

Parts of this chapter have been published in the Eurographics Digital Library (2020) [69].
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6.1. INTRODUCTION
Displaying large triangle scenes is an ongoing challenge in computer
graphics. Generating realistic looking images requires accurate simulation
of light, which is typically solved using Monte Carlo light simulation (path
tracing). This process requires tracing millions of light rays through the
scene and computing where they intersect the geometry. Acceleration
structures such as a Bounding Volume Hierarchy (BVH) allow us to quickly
compute a small selection of primitives which might intersect a light ray;
allowing us to skip most computations. However, for very large scenes,
both the geometry and the acceleration structure may not fit into system
memory.
A major challenge in this field, which is called out-of-core rendering,

is that some of the data must be offloaded to a larger storage device;
typically Solid State Storage (SSD). The bandwidth and access times of
even the fastest SSDs are significantly worse than those of system memory,
resulting in a performance bottleneck. The goal of a good out-of-core
renderer is to minimize the amount of memory that is loaded from disk
and the time spent waiting for these loads.
In this paper, we discuss and improve batched ray traversal, which was

first introduced in [70]. Batched ray traversal is a technique that improves
the performance of in-core, out-of-core, and distributed rendering by
making memory access patterns more coherent. We propose using Sparse
Voxel Directed Acyclic Graphs (SVDAGs) as a compact proxy geometry.
By intersecting with this proxy first, we reduce the amount of memory
that needs to be loaded from disk, reducing the time it takes to render
an image. Although we implemented this technique with batched ray
traversal [70], it could also be applied to other out-of-core or distributed
rendering frameworks.

6.2. RELATED WORK
The research field of large scene visualization can be divided into two
categories. The first aims to minimize the memory requirements by
reducing geometric complexity. This comes at the cost of a (slight)
degradation in image quality. Alternatively, carefully designed renderers
can visualize scenes at full geometric complexity by caching data to disk.
The challenge in this second category is to reduce disk traffic and hide the
latency associated with disk access.
Walt et al. [71] have shown a distributed ray-tracing system that is able

to produce images at interactive rates by replacing geometric objects that
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are not resident in memory with a low-resolution proxy. A similar concept
for GPU out-of-core rendering can be used for volumetric data sets [5,
72]. Offline rendering solutions have also explored replacing geometry
with proxies until a scene fits into memory [73]. Similarly, Yoon et al.
[74] replace geometry with oriented planes based on a screen-space error
function.
Most out-of-core rendering frameworks rely on a paging system to move

data between disk and system memory [71, 75]. Alternatively, application-
controlled data movement may provide more room for domain-specific
optimizations; Christensen et al.[76] use application-controlled caching of
surface tessellation to aid out-of-core traversal performance, while Wald,
Slusallek, and Benthin[77] use a two-level acceleration structure hierarchy
to manage data movement in a distributed system.
A common limitation of these works is that incoherent rays are difficult

to handle efficiently, due to their incoherent memory access patterns,
which are particularly pronounced in Monte-Carlo global-illumination
solutions. To combat ray divergence, breadth-first traversal, ray stream
traversal, and ray reordering schemes have been proposed. The breadth-
first traversal of an acceleration structure by a collection of rays ensures
that each node is touched at most once [78–81], but an "early-out" is
impossible, as no front-to-back traversal can be ensured. Ray stream
traversal techniques [82, 83] solve this, though at the cost of potentially
visiting nodes multiple times. Finally, global ray reordering schemes [84,
85] sort rays before acceleration structure traversal in an effort to improve
the resulting memory access patterns.
Batched ray traversal[70] aims to improve performance by increasing the

coherence of memory access patterns. The scene is stored in a two-level
acceleration structure. Rays are batched (enqueued) at the transition
between the top and bottom levels of the hierarchy. When enough rays
have been batched, the corresponding bottom-level acceleration structures
are loaded into memory and ray intersection is performed. Batched ray
traversal was designed for out-of-core rendering, but has also proven
effective in-core rendering by reducing CPU cache misses [86–88].

6.3. ALGORITHM OVERVIEW
Here, we give a more detailed overview of our approach. We first
discuss batched ray traversal and our specific implementation. Then we
present the memory-efficient geometric proxy, which allows us to quickly
and conservatively restrict the number of rays that require access to the
lower-level acceleration structure. In an out-of-core system, this solution
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reduces the dependence of disk accesses.

6.3.1. BATCHED RAY TRAVERSAL
Batched ray traversal is designed to improve memory coherency by
grouping rays passing through the same region of space (see Figure 6.1).
The objects in the scene are grouped into clusters, each of which forms a
batching point for rays to be queued. A ray is queued at a batching point
if it intersects the axis-aligned box that tightly bounds the batching point
geometry. Each batching point contains an acceleration structure such
that rays can be quickly intersected against the contained geometry. In
the case of out-of-core rendering, such as ours, geometry is stored on disk
and is loaded when needed.
The rendering process starts by spawning an initial set of camera rays

and inserting them into the first batching point at which they intersect.
The scheduler is then responsible for continuously selecting a batching
point to load and traverse. We use a simple scheduler that always
selects the batching point with the most rays. This ensures that the disk
bandwidth is amortized over many rays. When a light path ends, a new
camera ray is automatically spawned such that the number of rays in the
system remains constant. If a ray needs to continue its traversal of the
scene after visiting a batching point (e.g., it missed the geometry inside),
then it is batched at the next batching point along its path.
The top-level acceleration structure needs to be able to efficiently

restart traversal while storing as little state per ray as possible. We
choose a 4-wide BVH following Gasparian [88]. Geometry intersections at
batching points are implemented using Embree ray-tracing kernels. The

1

2 1 2

Figure 6.1.: The scene is spatially divided into batching points (left). Rays
that hit the bounding box of a batching point are queued
(right/top). Our proposal is to store SVDAGs which provide
more accurate intersection information (orange), reducing the
number of ray batch events (dotted rays).
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acceleration structures are (re)built when needed and are stored in a Least
Recently Used (LRU) cache.

6.3.2. PROXY GEOMETRY
Our contribution is to store, for each batching point, proxy geometry that
is both memory-efficient and conservative. When traversal of the top-level
structure reaches a batching point, the ray is first intersected against this
approximation. A ray is only batched if it intersects; otherwise, traversal
of the top-level acceleration structure continues.
We approximate the geometry as a binary volume, as there are

very efficient storage solutions that have been used in several real-time
applications [23, 30, 36, 89]. A proxy volume supports both closed and
open geometry without issues. However, care must be taken to ensure
that the volume is conservative with respect to the geometry it represents.
In a preprocess, each batching point conservatively voxelizes [90] its

corresponding geometry into a voxel grid. The binary grids are then
converted to Sparse Voxel octrees and subsequently compressed to Sparse
Voxel Directed Acyclic Graphs (Chapter 2). We generate multiple SVDAGs,
one per batching point, but allow them to share nodes and leaves between
each other. This can also be interpreted as a single SVDAG with multiple
root nodes (one per batching point). Intersecting rays with such an SVDAG
can be performed by most existing SVO traversal algorithms. We use the
traversal algorithm presented by Laine and Karras[39].

6.4. RESULTS & DISCUSSION
To evaluate our method, we implement a out-of-core unidirectional path
tracer with the batching system described above. The scenes used are the
crown model, the landscape scene, and the Moana Island scene by Walt
Disney Animation Studios. The crown model was artificially subdivided 5
times to increase its primitive count. For the Moana Island we only render
the triangle/quad control meshes, ignoring other geometric primitives
such as curves which are not supported in our renderer. All objects use
the same flat Lambert material in order to minimize shading cost.
Selecting the appropriate batching point size is important and nontrivial.

More (smaller) batching points increase the memory overhead of the
batching system and require more memory to store SVDAGs. The
minimum number of triangles per batching point was empirically chosen
for each scene, see Table 6.1. This results in 132, 335, and 1984 batching
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Table 6.1.: Triangle counts of the tested scenes.

Crown Landscape Island

Unique 860,272,002 25,947,395 142,771,030
Instanced 860,272,002 4,330,336,849 31,443,289,446
Per batching point 10,000,000 20,000,000 25,000,000

points for the crown, landscape, and island scenes, respectively. Our code
is available at https://github.com/mathijs727/pandora.

6.4.1. VOXEL GRID RESOLUTION
The resolution of SVDAG proxy geometry affects memory usage, computa-
tional overhead, and culling effectiveness; see Figure 6.2. As expected, the
memory usage of the SVDAGs scales cubic with respect to the voxel grid
resolution. The large discrepancies in memory usage between the scenes
can be attributed to the different numbers of batching points (and thus
SVDAGs) per scene.
Increasing the resolution quickly has a diminishing effect on the number

of times that rays are bached. Scenes with larger batching points, such
as the island scene, seem to benefit more from high voxel resolutions.
This is probably because the island scene has the most intricate geometric
details.
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Figure 6.2.: Total SVDAG memory usage (left) and the effectiveness of our
system (right) at different voxel grid resolutions.

https://github.com/mathijs727/pandora
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6.4.2. PROXY GEOMETRY
To evaluate the impact of the SVDAG proxy geometry on our system as a
whole, we rendered all scenes with 128 samples per pixel with different
memory budgets with a voxel grid resolution of 1283. Figure 6.3 shows the
reduction in the total disk bandwidth when our solution is enabled. We
see a large difference between our method and the reference in the island
and landscape scenes. The impact in the crown scene is more subtle. We
suspect that this is caused by its relatively simple shape despite its high
primitive count(due to our artificial subdivision).
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Figure 6.3.: The total disk bandwidth at different geometry memory
limits with and without our technique. When proxy geometry
intersection testing was enabled, the memory limit was
adjusted to compensate for the memory used by the SVDAGs.

6.4.3. DISCUSSION
Our addition of proxy geometry using SVDAGs to accelerate batched ray
traversal works well for all the scenes and memory limits that were tested.
Every time a ray is batched, it delays its traversal, requiring a disk read
to continue. By reducing the number of times that rays are batched,
we improve the flow of rays through the system. An issue with batched
traversal is that rays can get stuck at infrequently visited batching points.
Only when near the end of a render will these batching points be loaded
and traversed. Path tracing may lead to many bounces, causing long
delays when finishing a render. In our limited tests, discarding these



6

82 CONSERVATIVE RAY BATCHING USING GEOMETRY PROXIES

straggler rays did not reduce the effectiveness of our method.
Our solution works well for batched ray traversal[70], but could also be

applied to other traversal schemes. For out-of-core traversal, where the
discrepancy between processing power and disk bandwidth is high, the
overhead of SVDAG traversal is negligible. We are unsure whether this
approach could also work for in-core traversal, and we leave this up to
future work.
The hit points found by intersecting against the proxy geometry could

also be used to guide the bottom-level acceleration structure traversal. For
example, rays could be sorted according to their expected hit points as
suggested by Moon et al. [84].
Additionally, our method could work well for shadow rays. Here, we

would voxelize geometry conservatively in two manners; one as described
above, the other as an inner voxelization that conservatively predicts a
valid intersection. Testing against this inner voxelization would reveal
whether a shadow ray is occluded. If not, then we would test the ray
against the outer voxelization. Similarly to our current system, the ray
only needs to be batched if it hits the outer voxel structure. Otherwise, it
can continue its traversal and select the next batching point along its path.

6.5. CONCLUSION
The contribution presented in this paper is to batch rays only when an
intersection with a (conservative) proxy geometry occurred in order to
reduce disk bandwidth. To proof our concept, we build an out-of-core
unidirectional path tracer based on batched ray traversal[70] with SVDAGs
as proxy geometry.
Our results show that this improves the performance of batched ray

traversal. We also believe the same concept can be applied more broadly
for other traversal schemes but we leave this for future work.







7
CONCLUSION

There has always been a desire to store, modify, and display increasingly
larger and more geometrically detailed scenes. These can be represented in
various ways, such as geometric surfaces, continuous surfaces, or volumes.
In practice, there is no one-size-fits-all solution, andmost applications com-
bine multiple different solutions for various parts of the graphics pipeline.
In this dissertation, we focus on sparse voxel volumes and their uses in the
graphics pipeline, both directly (Chapters 5, 4, 3) and indirectly (Chapter 6).
These volumes were represented using the Sparse Voxel Directed Acyclic
Graph (SVDAG) [23] which forms the backbone of our work. This data struc-
ture is both very compact and has desirable properties such as fast access to
individual voxels, and the possibility to act as an acceleration structure for
ray tracing.

The goal of any compression algorithm is to detect patterns in a data set.
The SVDAG applies the same methodology to voxel scenes. Assuming that
there is some structure to the input data, the goal is to find repeating pat-
terns and encoding those efficiently. A standard SVDAG only considers exact
geometric matches that align with the voxel tree structure (SVO). As noted in
previous work [26, 27], removing this limitation has a positive effect on the
maximum achievable compression ratio. In Chapter 3 we address this prob-
lem by considering matching under various types of transformations. First,
we extended previous work [26] by considering all transformations that can
be described by a recursive permutation of SVDAGnode children. We showed
that almost all matches can be described with only a tiny subset of all re-
ordering transformations. Although we achieved significant improvements
over previous work, we remain limited in defining operations on the under-
lying tree structure. As a result, two subtrees that represent the same voxel
patterns cannot be matched if those patterns are not perfectly aligned. We
subsequently addressed this by providing an algorithm to efficiently match
voxel patterns after a translation. Finally, we described a novel pointer com-
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pression scheme to store the final Transform-Aware SVDAG. The result is a
SVDAG structure that is more compact than in the previous work.

While SparseVoxelDirectedAcyclicGraphs areoftenusedas an immutable
data structure, they do not have to be static. In Chapter 4 we presented an
SVDAG editing framework inspired by HashDAG[28]. By performing all ma-
jor computations on the graphics card, we were able to unlock a new level
of performance. Compared to previous work on SVO editing, our SVDAG
structure is significantly more compact; allowing editing of higher resolu-
tion voxel scenes.
In Chapter 4 we only considered scenes where voxels have either no at-

tributes or where the attributes consist of a small set of materials. However,
this is not a limitation of the SVDAG itself. In Chapter 5we addressed interac-
tively editing scenes with more complex voxel attributes, such as colors. We
propose both a novel GPU-accelerated color encoding scheme and a highly
efficient algorithm compatible with the encoding proposed in previous work
[31].

Although voxels can be displayed directly, they can also act as a building
block to other computer graphics algorithms. In Chapter 6, we utilized vox-
els to improve the run-time performance of an out-of-core path tracer that
displays surfacemeshes (e.g. triangles). Again, an SVDAGwas used to reduce
memory usage and to accelerate ray-intersection queries.

7.1. CHALLENGES AND FUTURE WORK
As discussed in Chapter 3, the SVDAG structure can be further compressed
bymatching under transformations. Althoughwe considered all possible re-
cursive permutations inside the SVDAG structure, there aremanymore trans-
formations that cannot be expressed this way. By considering translation in-
variance, wedemonstrate that removing this limitation extends the potential
for SVDAG compression. We believe that this was only the tip of the iceberg
and that many more interesting savings could be achieved by considering
other transformations. With the advent of machine learning, it would be in-
teresting, for example, to learn a set of transformations that most optimally
apply to a specific scene or data set.

InChapter 4wehavedemonstrated a real-timeediting framework for SVDAGs.
However, it did not support detailed attributes. Chapter 5 only partially ad-
dressed this issue by presenting faster compression algorithms. However,
only the lossless color compression scheme is GPU accelerated; thus, there
is currently no suitable solution for GPU editing of very large scenes where
some compression artifacts are acceptable in order to achieve much lower
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memory usage. Additionally, we did not combine bothmethods into a single
GPU editing framework. We believe that there are still significant engineer-
ing challenges to be solved to create a simple, reliable, and efficient editing
framework that combines both SVDAG compression and color compression.

Finally, in this work, we tend to display voxels as cubes. While this may be
suitable for some applications, where they are part of an art style, this level
of discretization is not always desirable. Some work has been done on dis-
playing voxels not just as small cubes, but as more complex shapes [2, 39].
However, these require additional information about the surface encoded
by the voxels (e.g. surface normals or signed distance) and have not been
applied to Sparse Voxel Directed Acyclic Graphs. We believe that there is a
need for a rendering algorithm that is able to display an SVDAG as a some-
what smooth surface, without the need to encode parameters into the voxels.

7.2. CLOSING WORDS
In this dissertationwehaveproposed various solutions to advance thefield of
Sparse Voxel Directed Acyclic Graph (SVDAG) research, making them more
compact, quicker tomodify, and showing how they can be used indirectly in
other disciplines within the field of computer graphics. Although voxels and
the SVDAG are obviously not always the best tool for the job, we do believe
that their usage in both research and industry is currently underutilized. We
hope that the work presented in this dissertation raises awareness and in-
spires future researchers and artists to create, modify, and display virtual
environments that are larger and more detailed than was otherwise possi-
ble.
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Algorithm 2 Warp-centric search operation
1: threadMask ← 0x7FFFFFFF
2: hash← HashFunction(needle)
3: search64← U64(needle)
4:
5: slab← table[hash % numBuckets]
6: while slab ̸= end do
7: comp64← U64(slab[2 ∗ threadIdx])
8: match← comp64 = search64
9: if warp.ballot(match) & threadMask ̸= 0 then
10: if match then
11: for i = 0 to itemSize− 2 do
12: comp32← slab[64 + threadIdx× (itemSize− 2) + i]
13: if needle[2 + i] ̸= comp32 then
14: match← 0
15: break
16: end if
17: end for
18: end if
19:
20: activeMask ← warp.ballot(match) & threadMask
21: if activeMask ̸= 0 then
22: outThreadIdx← bitscan(activeMask)
23: return encodePointer(slab, outThreadIdx)
24: end if
25: end if
26: slab = slab[62]
27: end while



Algorithm 3 Pseudocode to insert an item into the atomic64 hash table. Both the item
to be inserted (needle) and the slabs are pointers to 32-bit WORDs. We have omitted
memory fences for brievity.
1: threadMask ← 0x7FFFFFFF
2: hash← HashFunction(needle)
3: insert64← U64(needle)
4:
5: slab← table[hash % numBuckets]
6: loop
7: slab = warp.shfl(slab)
8: if slab = end then ▷ Add new slab to bucket
9: newSlab← allocateAsWarp()
10: newSlab[threadIdx]← 0
11: newSlab[32 + threadIdx]← 0
12: if threadIdx = 30 then
13: newSlab[62]← table[bucket]
14: h← atomicCAS(table[bucket], slab[62], newSlab)
15: if h = slab[62] then
16: slab← newSlab
17: else
18: free(newSlab)
19: slab← h
20: end if
21: end if
22: end if
23: ▷ Attempt inserting first 64 bits
24: comp64← slab[threadIdx]
25: activeMask ← warp.ballot(comp64 = 0) & threadMask
26: if activeMask ̸= 0 then
27: outThreadIdx← bitscan(activeMask)
28: if threadIdx = outThreadIdx then
29: prev ← atomicCAS(slab[2 ∗ threadIdx], 0, insert64)
30: if prev = 0 then
31: inserted← 1
32: end if
33: end if
34: ▷ Insert remaining bytes
35: if warp.shfl(inserted, outThreadIdx) then
36: if threadIdx ≤ itemSize− 2 then
37: slab[64 + outThreadIdx ∗ (itemSize − 2) + threadIdx] ← needle[2 +

threadIdx]
38: end if
39: return encodePointer(slab, outThreadIdx)
40: end if
41: else
42: slab← slab[62]
43: end if
44: end loop
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