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Transform-Aware Sparse Voxel Directed Acyclic Graphs

MATHIJS MOLENAAR, Delft University of Technology, Netherlands
ELMAR EISEMANN, Delft University of Technology, Netherlands

Fig. 1. Two scenes at a 64k> voxel resolution, losslessly compressed using our TSVDAG method to 597MB
and 721MB, respectively.

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.

CCS Concepts: » Computing methodologies — Ray tracing; Volumetric models.

Additional Key Words and Phrases: voxel, sparse voxel directed acyclic graph, SVDAG, sparse voxel octree,
SVO, compression, ray tracing

ACM Reference Format:
Mathijs Molenaar and Elmar Eisemann. 2025. Transform-Aware Sparse Voxel Directed Acyclic Graphs. Proc.
ACM Comput. Graph. Interact. Tech. 8, 1, Article 11 (May 2025), 16 pages. https://doi.org/10.1145/3728301

1 Introduction

The demand for large-scale 3D voxel structures (Figure 1) is growing across various domains, such
as 3D reconstruction [Chen et al. 2013], simulation [Hoetzlein 2016; Museth 2013], VR painting
[Kim et al. 2018], path guiding [Miiller et al. 2017], and real-time indirect lighting [Crassin et al.
2011]. Various solutions have been proposed, tailored for their specific use cases. This eventually
leads to trade-offs in the design goals. For example, a representation that is easy to manipulate
cannot afford the cost of the most compact compression logic [Museth 2013]. Conversely, the
most compressed representations may not support random voxel accesses or efficient rendering
algorithms [Ballester-Ripoll et al. 2019].
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11:2 Molenaar and Eisemann

In this paper, 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
[Parker and Udeshi 2003] and later ported to 3D [Kéampe et al. 2013], 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 [Villanueva et al. 2016], and approximate similarity [van der
Laan et al. 2020]. We introduce a more general framework for efficiently finding any transformation,
which 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.

2 Previous Work

Volumetric data is used in many fields both inside and outside of computer graphics, including
rendering [Gobbetti et al. 2012; Guthe and Goesele 2016; Yeo and Liu 1995], simulation [Museth
2013], VR painting [Kim et al. 2018], and 3D reconstruction [Chen et al. 2013]. Each use case poses
a different set of requirements, leading to a large variety of data structures. We focus on voxels,
defined on a regular grid; other volumetric-data types will not be discussed.

2.1 Decomposition-Based Methods

While dense grids are fast and easy to implement, their memory requirements prohibit their usage
for high-resolution data sets. Due to the need for high compression ratios, most techniques offer a
lowered quality to reduce memory usage. This is typically achieved by subdividing the data set
into smaller “bricks” of N voxels, where N is a small number such as 4 or 8. These bricks are
compressed by describing them as a weighted combination of 3D basis functions and quantizing
the corresponding coefficients.

Gobbetti et al. [2012] efficiently construct a dictionary of basis functions using coresets and K-SVD
[Aharon et al. 2006]. Yeo and Liu [1995] apply the JPEG compression scheme to three-dimensional
data, using the Discrete Cosine Transform (DCT) to create basis functions. Muraki [1993] uses
wavelets to decompose a dense grid. TThresh [Ballester-Ripoll et al. 2019] uses a Tucker-based
decomposition followed by various compression steps.

2.2 Sparse Volumes

Decomposition-based methods have been shown to achieve high compression ratios on dense sci-
entific datasets, such as medical imaging. However, there are also many other use cases, specifically
in real-time applications, where volumetric data consist mostly of empty space. Examples include
3D texturing [Benson and Davis 2002; DeBry et al. 2002], VR painting [Kim et al. 2018], and 3D
reconstruction [Chen et al. 2013]. Here, fast display and/or editing capabilities are required.

The spatial hash [Gaede and Giinther 1998] stores the voxels in a hash table using a 3D hash
function. Although the amortized search time is O (1), the worst case is O(N). Perfect spatial hashing
[Lefebvre and Hoppe 2006] guarantees constant-time accesses using a perfect hash function. More
recently, spatial hashing has been used to accelerate real-time light transport [Gautron 2022].

OpenVDB [Museth 2013] combines spatial hashing with a shallow N-ary tree to provide good data
locality. Memory is saved by omitting empty regions from the tree. This work was later modified
to run efficiently on the GPU [Hoetzlein 2016; Museth 2021]. Recently, Kim et al. [2024] achieved
significant memory savings by replacing the lower part of the tree with a neural representation.
Crassin et al. [2009] use N-trees to build an LOD-based out-of-core GPU renderer, including a
scene graph [Crassin et al. 2010]. Laine and Karras [2010] proposes an extension to octrees to more
accurately represent 3D surfaces.
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Fig. 2. A two-dimensional illustration how a Sparse Voxel Octree (left) can efficiently be converted to a Sparse
Voxel Directed Acyclic Graph (right) from the bottom-up. At each step, all duplicate nodes/leaves from a
single level are removed by only considering the child pointers.

2.3 Sparse Voxel Directed Acyclic Graphs

Voxel Octrees are trees organizing three-dimensional data with a branching factor of N = 2 along
each dimension, that is: the grid is recursively subdivided into equally sized (and non-overlapping)
regions. For sparse data sets, Sparse Voxel Octrees (SVOs) save memory by not subdividing empty
regions further, which also accelerates ray tracing through empty-space skipping.

Sparse Voxel Directed Acyclic Graphs (SVDAGs) [Kampe et al. 2013; Parker and Udeshi 2003]
aim to reduce the number of nodes inside a Sparse Voxel Octree, by finding and removing identical
subtrees. This creates subtrees with multiple parent nodes, turning the tree into a Directed Acyclic
Graph. The search for duplicate subtrees is very efficient and enables real-time edits [Careil et al.
2020; Molenaar and Eisemann 2024], albeit on a limited scale. SVDAGs have also been used for
compact storage of shadow maps [Scandolo et al. 2016], shadow volumes [Sintorn et al. 2014], and
animated volumes [Kampe et al. 2016].

The key for SVDAG compression to work is that the data set must contain many equivalent
subtrees. Encoding attribute data, such as density or colors, directly into the voxels significantly
reduces this property, as subtrees will only be equivalent if they match in attributes and geometry.
Instead, various works [Dado et al. 2016; Dolonius et al. 2017; Molenaar and Eisemann 2023;
Williams 2015] suggest separating geometry from attributes. The attributes of the non-empty voxels
are collected along a Morton space filling curve [Morton 1966] and compressed separately. Thus,
the SVDAG stores binary occupancy, and to index the attribute array, it stores additional data inside
nodes [Dado et al. 2016] or child pointers [Dolonius et al. 2017].

Two additional methods have been proposed to further increase the reuse of subtrees within the
SVDAG. Lossy compression [van der Laan et al. 2020] matches similar (not necessarily identical)
subtrees using a user-defined quality threshold. Villanueva et al. [2016] propose a method to
efficiently find and encode subtrees that are equivalent under mirror symmetry, dubbed Symmetry-
Aware Sparse Voxel Directed Acyclic Graphs (SSVDAG).

3 Background

In this section, we 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. We will start with a brief explanation of Sparse Voxel Octrees (SVOs),
followed by how they can be turned into SVDAGs and SSVDAGs. We will only consider binary
voxel data.

3.1 Sparse Voxel Octree (SVO)

A Voxel Octree is a tree over a voxel grid. Starting with a single voxel representing the entire
scene, which is set to 1 if it contains scene geometry (occupied) and 0 otherwise (empty). It is then
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Fig. 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.

subdivided into octants that are recursively treated. This process repeats for L steps. The resulting
voxel hierarchy levels are enumerated from the root level (L) to leaf level (0). In practice, most
implementations stop the recursion at level 2 and store the remaining subtree as a dense 4° voxel
grid. A Sparse Voxel Octree omits octants that do not contain any occupied voxels, reducing the
number of tree nodes in sparse data sets (Figure 2).

3.2 Sparse Voxel Directed Acyclic Graph (SVDAG)

At high voxel grid resolutions, duplicate subtrees (thus repeating geometry) are common. Rather
than storing all subtrees, a Sparse Voxel Directed Acyclic Graph (SVDAG) stores only a single subtree
representative.

SVDAG:ES are typically constructed from an existing SVO. This conversion process can be im-
plemented very efficiently using a bottom-up algorithm [Kampe et al. 2013; Parker and Udeshi
2003]. Starting at level L = 1 (where L = 0 stores individual voxels), we can trivially find and fuse
duplicates by flattening the subtrees into dense 2° voxel grids. Moving up to the parent level L = 2,
we now know that children representing the same geometry must have the same pointers. This
allows us to find duplicate subtrees in L = 2 only by looking for nodes that have the exact same
child pointers, without any further recursion (Figure 2). This process is repeated for all subsequent
levels until the root node is reached.

3.3 Symmetry-Aware SVDAG (SSVDAG)

Symmetry-Aware SVDAGs [Villanueva et al. 2016] (SSVDAGs) have been introduced as the first
and, so far, only method to support transformations inside an SVDAG. The core idea is that two
subtrees can be duplicates if their geometry matches after mirroring around the primary axes
(Figure 5). 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 2° voxel grids. Finding duplicates with respect to
symmetry transformations is more complicated than a regular SVDAG, as there may be multiple
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Fig. 4. 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.
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different grids g;, which become equivalent after a symmetry transformation Sy, ,, . (g) is applied. We
consider two grids equivalent when they represent the exact same geometry (Figure 4). We denote
that using =. This raises the question of which grid g; should be chosen as the representative. The
suggested solution[Villanueva et al. 2016] is to define, for each 2° grid g, the canonical representation
g* = argmaxg, B(Sx,y,2(9)), 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 2° 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.

Inner Nodes. To search for duplicate inner nodes (L > 2), Villanueva et al. [2016] 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). By processing the tree from the bottom up, the child subtrees c;, ¢; that
are equivalent under one symmetry transformation (i.e. ¢; = S,4,2(c;)), are guaranteed to have the
same child pointer addresses. To determine whether two subtrees are equivalent under a specific
transformation Sy, , ., each subtree maintains a (temporary) 3-bit mask, storing its invariance to x,
y, or z symmetry (g = Sx,,,:(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 Sy . is used to find all representative inner nodes and compute their respective
mirror invariance.

3.4 Improving Symmetry-Aware SVDAG

In the original work [Villanueva et al. 2016], the authors assume that the invariance to symmetry
along the x, y, or z axes is independent, and thus a 3-bit mask M = {m,, m, m.} 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 4
illustrates a grid invariant under xy, but not under x or y symmetry. This type of invariance is
currently missed by the original SSVDAG method [Villanueva et al. 2016], 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 2).

4 Our Method

We extend the concept of SSVDAGs (Section 3.3) to support all transformations that can be de-
scribed by reordering the children of the nodes to remove geometric redundancy. We then select
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Fig. 5. 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 [Villanueva et al. 2016]. Our method represents the same grid
with just 4 items. S; indicates mirror symmetry along axis i; A indicates that the x and y axes are swapped.

a suitable subset of transformations to achieve practical compression. In addition, we introduce
a new matching via geometric translations. In Section 5, we will describe a method for efficient
encoding.

4.1 Arbitrary Transformations

We define a node N as a tuple of eight child pointers, one for each octant: N := (cop,...,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 (¢; = @). 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(c;), we concatenate T
with the transform stored in ;. 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 2° voxel grids g;. 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 G be the set of grids that can be
transformed into g: G = {§ | T(§) = g}. We define the canonical representation g* of a grid g as
the “highest-value” grid in G: g* = argmax e B(§), 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 3.3), which assumed that T~! = T, which is not generally the case.

Using a precomputed look-up table, we replace each leaf by a canonical-transform pointer (con-
taining 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 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
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Table 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 (+41.3%)  559M (+17.1%)  6.08M (+27.5%)  4.94M (+3.6%) 4.77M (100%)
Bunny  9.75M (+103.1%)  6.44M (+34.2%)  6.89M (+43.6%)  4.81M (+0.2%) 4.80M (100%)
Crown 23.01M (+65.5%) 16.88M (+21.4%) 18.03M (+29.6%) 14.00M (+0.6%)  13.91M (100%)
Citadel 9.41M (+67.9%)  6.89M (+23.0%)  7.56M (+35.0%)  5.64M (+0.7%) 5.60M (100%)
Lucy  5.68M (+45.5%)  4.71M (+20.6%)  4.92M (+26.0%)  3.92M (+0.6%) 3.90M (100%)
Dragon 5.97M (+453%)  4.96M (+20.8%)  5.12M (+24.8%)  4.13M (+0.6%) 4.11M (100%)

in each cluster, testing for each node N; whether it can be deduced from any of the previous
nodes: 3j < i,T : N; = 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 N; = T(Nj;), we first apply the permutation T to node N;, which reorders
the children and updates the transformations stored in their pointers. Two transformed child
subtrees are equivalent T;(cx) = T;(cx) if they have the same canonical representation cy (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:
o =T, o Ty cp).

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: VT;, T; € Q :
T; o Tj € Q. Second, for any transformation in the subset, the subset must also contain the inverse:
VI, eQ:T 'eqQ.

In practice, we found that the combination of two types of geometric transformations together
accounts for almost all reuse (Table 1). Symmetries flip children along the primary axis; this is the
same as SSVDAG [Villanueva et al. 2016] (with the improvement discussed in Section 3.4). 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 [Villanueva et al. 2016].
This is the symmetry group of the cube and the octahedron.

4.2 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 voxels of a (2L)® subtree, any voxels that are translated “out” of the subtree will
disappear (Figure 6).

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 16° voxels
(L = 4). In practice, higher levels have diminishing returns anyway, as the increased translation
range [—2F + 1, +2F — 1] takes more bits to encode.
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Fig. 6. 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).

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
(21)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 of O(NV?), 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?) is
impractical (weeks of computation for 64K> scenes on a modern consumer computer).

Fast Translation Search. We propose a faster matching solution to reduce the complexity to
O(NYV). 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, i;) 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 [Karp and
Rabin 1987; Rabin 1981]. 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.

Consider a one-dimensional example: rather than computing a hash 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(v;) = hash_combine(H (v;41), v;); we use an implementation of the Boost C++
library [Boost 2024]. 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 6).
With this solution, finding all translations for the L = 4 (16*) nodes takes a couple of hours for
a 64K 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 trans-
lations, 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)
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Fig. 7. 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.

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 compres-
sion, 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 7). 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 7).

5 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 scheme should be compact, but still enable direct
traversal of the SVDAG. This precludes the use of pointerless encoding, such as those presented in
[Kampe et al. 2016; Mado$ and Adam 2021]. 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.

5.1 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 4.1) 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 [Moffat 2019] 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 8).
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Fig. 8. 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.

5.2 Node Encoding

Similar to [Laine and Karras 2010; Villanueva et al. 2016], 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 Villanueva et al. [2016], we sort our nodes such that the
most referenced ones appear first. This ensures that the most frequently used pointers are the
shortest.

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 8). This is somewhat similar to the far pointers of Laine and Karras [2010]. 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 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
n'" 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) + __popc(prefix & 001010101010101010)
pointer « nodes[nodestart + 1 + sum]|
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Fig. 9. The scenes used for our evaluation at a voxel resolution of 64k3.

5.3 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 [Laine et al. 2013]. 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 Séderlund et al. [2022].

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 Careil et al. [2020].

Child Reordering. Our renderer supports a subset of transformations, namely mirror symmetry
and axis permutations (Section 4.1). The transformation state 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 5) 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 = T; o T;) 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 16%). 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.

6 Results & Discussion

We evaluated our TSVDAG method on a variety of different inputs (Figure 9). We chose a com-
bination 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 [Villanueva et al. 2016]. For the Citadel scene, we
removed most of the surrounding landscape, making the scene 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 4> leaves using 64 bits.
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Table 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) 1692.1IM  69.6M 56.6M 55.2M 60.0M 47.6M 41.1M
21.4B occupied voxels (+2889%) (+23%)  (100%) (-2%) (+6%) (-16%)  (-27%)
Bunny (64/(3) 1267.2M  75.0M 58.0M 55.5M 59.0M 45.0M 29.2M
15.2B occupied voxels (+2085%) (+29%)  (100%) (-4%) (+2%) (-22%)  (-50%)
Crown (64k3) 3205.8M 1783M  143.4M 137.7M  150.3M 114.5M 83.5M
38.6B occupied voxels (+2136%) (+24%)  (100%) (-4%) (+5%) (-20%)  (-42%)
Citadel (64k%) 14288M  653M  528M  487M  548M  41.6M  28.2M
17.2B occupied 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 occupied 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 occupied voxels (+1191%) (+32%)  (100%) (-3%) (+1%) (-19%)  (-35%)

6.1 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 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 [Villanueva et al. 2016]. We abbreviate symmetry, axis permutation,
and translation by S, A, T, respectively. Translations are computed for nodes/leaves at the levels
representing grids of 16°, 8* and 4° resolution.

When comparing SSVDAG to our improved method of finding mirror symmetry (Section 3.4),
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 4%, 8%, and 16* further
reduces the number of nodes and leaves. The latter 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.

6.2 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 5) allows us to compactly store our TSVDAGs with various types of transformations.

Table 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), 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,

Proc. ACM Comput. Graph. Interact. Tech., Vol. 8, No. 1, Article 11. Publication date: May 2025.



Transform-Aware Sparse Voxel Directed Acyclic Graphs 11:13

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

the additional indirection helps to reduce memory usage, as 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.

6.3

Table 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

Overall Compression Ratio

Table 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. A dense voxel grid would require 35TB.

Scene SVO SVDAG SSVDAG S A S+AB) S+A S+A+T
Bistro (64k3) 13537MB  1309MB 870MB 838MB 890MB 803MB 764MB 721MB
21.4B voxels  (+1456%) (+50%)  (100%) (-4%) (+2%) (-8%) (-12%) (-17%)
Bunny (64k3) 10137MB  1736MB  1080MB 1014MB 1067MB  900MB 864MB 663MB
15.2B voxels (+838%)  (+61%)  (100%) (-6%) (-1%) (-17%) (-20%) (-39%)
Crown (64k3) 25647MB  4146MB  2654MB 2500MB 2708MB  2286MB 2182MB 1851MB
38.6B voxels (+866%)  (+56%)  (100%) (-6%) (+2%) (-14%) (-18%) (-30%)
Citadel (64k3) 11430MB  1454MB  932MB 840MB 935MB 787MB 749MB 597MB
17.2B voxels  (+1126%) (+56%)  (100%)  (-10%)  (+0%)  (-16%) (-20%)  (-36%)
Lucy (64k%)  4213MB  1264MB  673MB  645MB  674MB  597MB  561MB _ 535MB
6.3B voxels (+526%) (+88%) (100%) (-4%) (+0%) (-11%) (-17%) (-21%)
Dragon (64k3) 4191MB 1280MB  681MB 655MB 675MB 605MB 571MB 540MB
6.3B voxels (+516%)  (+88%)  (100%) (-4%) (-1%) (-11%) (-16%) (-21%)
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Fig. 10. Path-traced rendering performance comparison between a traditional SVDAG with 32-bit encoding,
SSVDAG, and various configurations of our method.

pointer plus a child mask. For SVDAG [Kampe et al. 2013] and SSVDAG [Villanueva et al. 2016],
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 [Kéampe et al. 2013]. Compared with the previous best method, SSVDAG,
we see a typical improvement between 20% and 30% depending on the scene.

6.4 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 10 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 5.3).

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.

7 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
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work shows how additional compression can be achieved by finding similarities via mirror trans-
formations. However, the previous solution only considered a subset, and we suggested a simple
extension (Section 3.4).

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 [Villanueva et al. 2016].
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