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Fig. 1. Scalability and perceptual quality. Our efficient construction of 3D Voronoi diagrams enables mesh-based neural rendering to scale to 20 million
cells, and reveals a strong correlation between model capacity and perceptual quality. We apply our method to the Radiant Foam [Govindarajan et al. 2025]
on the challenging “Garden” scene from the mip-NeRF 360 dataset [Barron et al. 2022]. (Left) The bottom plot shows that total training time (wall-clock,
including all optimization steps) increases approximately linearly with the point-count limit. The top plot tracks the evolution of the LPIPS perceptual error
across multiple training runs with different point budgets, demonstrating how higher point capacities allow for better visual convergence during training.
(Right) A split view of the rendered image and a 2D slice of the Voronoi mesh, color-coded to reflect cell size, highlights the massive and highly varying cell

density required to model this scene.

Voronoi diagrams, and their more general weighted counterpart, power
diagrams, are fundamental geometric constructs with wide-ranging applica-
tions in biology, physics simulation, and computer graphics. Recently, they
have gained renewed attention in mesh-based neural rendering. Despite
being extensively studied, the construction of 3D Voronoi diagrams for large-
scale point sets remains computationally expensive, limiting their adoption
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in large-scale applications. Existing CPU-based approaches typically rely on
computing its dual, the Delaunay tetrahedralization, but are prohibitively
slow for large diagrams, while GPU-based methods either struggle to scale
efficiently to large point sets or assume homogeneous point distributions.
The weighted case, power diagrams, is even less explored in this context. Ex-
isting approaches are typically tailored to the application at hand, assuming
homogeneous point distributions and small weight variations, making them
unsuitable for general use in more complex heterogeneous data.

In this paper, we present a highly parallelizable GPU algorithm for the fast
construction of large-scale 3D Voronoi and power diagrams. Our approach
constructs each convex cell from a weighted 3D point by progressively
clipping an initial cell volume against bisecting planes induced by candi-
date neighboring points. To efficiently identify candidate neighbors under
arbitrary spatial distributions, we introduce a culling criterion based on di-
rectional geometric bounds of the evolving cell, combined with a hierarchical
best-first traversal of bounding volumes.

We achieve performance on par with state-of-the-art Delaunay tetrahe-
dralization methods on small and moderate problem sizes, while exhibiting
robust scalability to large point sets and diverse spatial distributions. More-
over, our method naturally generalizes to power diagrams without additional

SIGGRAPH Conference Papers *26, July 19-23, 2026, Los Angeles, CA, USA.


https://orcid.org/0009-0006-4592-2289
https://orcid.org/0009-0006-3563-8946
https://orcid.org/0009-0003-4513-6737
https://orcid.org/0000-0001-5676-1392
https://orcid.org/0000-0001-9835-3020
https://orcid.org/0009-0006-4592-2289
https://orcid.org/0009-0006-3563-8946
https://orcid.org/0009-0003-4513-6737
https://orcid.org/0000-0001-5676-1392
https://orcid.org/0000-0001-9835-3020
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3799902.3811229

2« Taveira, Lindstrom, et al.

assumptions. To facilitate reproducibility and future research, we release
our source code, see

CCS Concepts: « Computing methodologies — Massively parallel algo-
rithms.
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1 Introduction

Voronoi diagrams and their dual, Delaunay triangulations, stand as
pillars of computational geometry. For decades, these have been a
fundamental concept to computer graphics, enabling mesh gener-
ation, fluid simulation, collision detection and surface reconstruc-
tion [Aurenhammer 1991; Brochu et al. 2010; Shewchuk 2002]. The
generalization to weighted points—known as power diagrams and
weighted Delaunay triangulation—further extends their utility, en-
abling the modeling of poly-disperse aggregates and volume pre-
serving partitions. Extensive research, particularly for unweighted
cases, has produced reliable and precise methods for computing
these geometric structures.

The advent of differentiable rendering has shifted the computa-
tional demands from the rendering task into the optimization of
the underlying representation. Recent mesh-based neural rendering
methods like Radiant Foam [Govindarajan et al. 2025] and Radiance
Meshes [Mai et al. 2025] demonstrate high quality results and valu-
able applications by representing 3D space as a mutable volumetric
mesh, derived from Voronoi or Delaunay topology. However, these
methods introduce a constraint that geometric solvers were never
designed to meet: computing diagrams of massive scale (exceeding
10° sites) within iterations of an optimization problem. As we show
in our experiments, the mesh generation frameworks currently em-
ployed face scalability and generality limitations that constrain their
broader adoption.

This computational bottleneck now limits the scaling of volu-
metric neural rendering methods. While CPU-based solvers are
well-studied and precise (e.g., [The CGAL Project 2025]), they lack
the efficiency to scale. GPU alternatives remain underexplored, with
existing methods exhibiting stability issues, failing to scale beyond
a few million points, or relying on restrictive assumptions on the
point distribution. As the compute hardware improves and neural
rendering pushes towards higher resolutions, finer details and larger
scenes, the inability to efficiently generate Delaunay and Voronoi
meshes becomes the limiting factor on visual quality.

We address this challenge by introducing a highly parallelizable,
unified framework for computing 3D power diagrams, weighted De-
launay, and their special cases, Voronoi and Delaunay. Our method
is designed to tackle large-scale problems beyond the degree used by
current applications. By decoupling cell computation into indepen-
dent threads, designing a directional culling criteria and utilizing a
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bounding volume hierarchy tree (BVH) for rapid geometric search
and traversal, our algorithm harnesses the massive parallel capabili-
ties of current and future GPUs.

Despite being a general-purpose algorithm, we demonstrate its
potential in the context of neural rendering. By replacing the Radiant
Foam Voronoi generation method with our drop-in replacement, we
effectively remove the computational bottleneck. This allows us to
scale the explicit representation from the previous practical limit by
5%, to over 20 million points. We show that this increased capacity
alone directly results in improved reconstruction quality.

2 Related work

We review prior work on the construction of Voronoi and power
diagrams, organized by algorithmic strategy, and conclude with a
discussion of mesh-based neural rendering, the application driving
our scalability requirements.

2.1 Voronoi and power diagram construction

The construction of Voronoi diagrams, power diagrams, and their
Delaunay duals is a long-studied problem in computational geome-
try. Existing solvers fall into three broad algorithmic approaches:
incremental insertion, convex-hull lifting, and cell-oriented clipping.

Incremental insertion. Incremental algorithms build the diagram
one site at a time, locally retriangulating the cavity of conflicting
simplices. The classical Bowyer-Watson method [Bowyer 1981,
Watson 1981] underpins mature CPU libraries such as CGAL [The
CGAL Project 2025] and Geogram [Lévy 2025], both of which ship
multi-core implementations. Parallel formulations of this approach
have also been the subject of dedicated research [Chrisochoides and
Nave 2003]. A carefully engineered multi-threaded implementation
by Marot et al. [2019] tetrahedralizes three billion points on a single
workstation in under a minute, and their HXT library [Marot and
Remacle 2020] represents the current CPU state of the art. On the
GPU, gDel3D [Cao et al. 2014] adapts this strategy to the massive
parallelism the hardware permits, but its resource footprint limits
scalability to a few million sites on consumer hardware.

Convex-hull lifting. Lifting sites onto a paraboloid in R%*! reduces

Voronoi and power diagram construction to a lower-convex-hull
problem [Aurenhammer 1987]. This formulation naturally accom-
modates the weighted case, and is used by the Quickhull imple-
mentation QHull [Barber et al. 1996] and the Delaunay routines of
SciPy [Virtanen et al. 2020], which rely on QHull internally. How-
ever, the added dimension makes it uncompetitive for the large 3D
point sets we target.

Cell-oriented clipping. Cell-oriented methods construct each cell
independently by progressively clipping an initial convex volume
against bisecting half-spaces induced by neighboring sites. This
formulation was popularized by the CPU library Voro++ [Rycroft
2009], later extended to multi-threaded execution [Lu et al. 2023].
A key concept for efficient cell clipping is the radius of security
criterion of Lévy and Bonneel [2013], which guarantees that the
cell has been clipped by enough neighbors, allowing early termina-
tion of per-cell construction. Sainlot et al. [2017] build on this idea,
proposing corner validation as an alternative termination criterion.
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Ray et al. [2018] and the subsequent work of Basselin et al. [2021]
brought the cell-oriented strategy to the GPU, targeting meshless
volume integration. Their approach assumes a near-uniform distri-
bution of sites. Neighbor search is driven by a k-nearest-neighbor
heuristic and terminates at a fixed multiple of the current cell radius.
These assumptions break down in the heterogeneous and weighted
settings we target, where local density, and thus the required search
radius, varies by orders of magnitude across the domain.

Our method builds on Basselin et al. [2021]. We preserve the
per-cell independence that makes this formulation well suited to
massive parallelism, and replace the isotropic radius criterion with
a directional culling criterion derived from the evolving axis-aligned
bounds of each cell, combined with a hierarchical best-first traversal
over a BVH augmented for power-distance queries. Together, these
components enable a GPU-native construction that scales to tens of
millions of sites under arbitrary spatial and weight distributions.

2.2 Mesh-based view synthesis

Research on novel view synthesis was significantly accelerated by
Neural Radiance Fields (NeRF) [Mildenhall et al. 2021], which rep-
resents scenes as continuous volumetric radiance fields optimized
via differentiable volume rendering. Subsequent work has focused
on improving rendering efficiency by adopting explicit scene repre-
sentations and point-based rasterization, most notably through 3D
Gaussian Splatting (3DGS) [Kerbl et al. 2023].

Given the foundational role of meshes in computer graphics,
several approaches have explored the use of meshes for both NeRF-
style implicit fields [Wang et al. 2021; Yariv et al. 2021, 2023] and
3DGS-style explicit representations [Choi et al. 2024; Gao et al. 2024;
Lin et al. 2024]. More recent work has investigated differentiable,
mesh-based scene representations that explicitly discretize space.
Radiant Foam [Govindarajan et al. 2025] represents scenes as an
optimizable 3D Voronoi diagram. To support accurate ray-tracing,
it requires frequent updates of cell adjacencies during training via
Delaunay triangulation. Similarly, Radiance Meshes [Mai et al. 2025]
partitions space into tetrahedral cells derived from gDel3D’s [Cao
et al. 2014] Delaunay tetrahedralization.

These methods typically initialize cell sites using structure-from-
motion [Schonberger and Frahm 2016], then optimize their positions
via gradient descent on photometric reconstruction losses, a process
requiring up to 20k optimization steps. Heuristics are also employed
to densify and prune the representation throughout training.

While these approaches enable explicit control over scene dis-
cretization, they critically depend on efficient triangulation algo-
rithms, as connectivity must be updated frequently during opti-
mization. Moreover, visual fidelity scales with the number of sites,
motivating the need for larger geometric meshes and scalable con-
struction methods.

3 Preliminaries

To understand our method, we begin by formally defining the geo-
metric structures that underlie it. Let P = {py,...,pn} C R% be a
set of n points, each with an associated scalar weight w; € R. The
power diagram of P partitions space into convex cells according to
the power distance, where each cell site p; is
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Ci={x eRY | |lx—pill> —wi < [lx—pjI2 —wj, Vi #i}. (1)

When all weights are equal, the problem is reduced to the standard
Voronoi diagram, which partitions space by nearest neighbors. The
sites p; and p; are considered adjacent if their cells share a polygonal
face. The resulting adjacency graph defines the connectivity of the
dual regular (weighted) Delaunay triangulation.

Equation 1 reveals a key property for parallel construction. Each
power cell C; is computationally independent, defined solely by the
intersection of half-spaces derived from its neighbors. This indepen-
dence implies that the construction of the power diagram of P can
be decomposed into n local clipping tasks. However, computational
efficiency depends on identifying relevant neighbors from the large
set P that contribute to the cell boundary.

4 Method

Given the set of weighted points P, our goal is to compute the power
diagram where each point’s cell is given by Eq. 1 and forms a convex
polyhedron defined by the intersection of half-spaces induced by
bisecting planes with neighboring cells. Note that the special case
of equal weights reduces to the Voronoi diagram and its dual, the
Delaunay triangulation.

To this end, we present a new GPU-accelerated algorithm for
computing 3D power diagrams at scale. Our method combines three
key components:

(1) a convex cell clipping algorithm to construct individual dia-
gram cells (Sec. 4.1),

(2) adirectional culling criterion that efficiently identifies rele-
vant neighbor sites (Sec. 4.2), and

(3) a hierarchical spatial data structure that enables rapid neigh-
bor queries (Sec. 4.3).

Our key technical innovation efficiently discards large volumes
of irrelevant neighbor sites using tight geometric bounds and a
hierarchical data structure, while guaranteeing correctness.

4.1 Convex cell clipping

The core of our algorithm lies in computing each cell independently
as the intersection of a set of half-spaces, following [Basselin et al.
2021]. In a power diagram, the half-spaces of a cell are defined by
the bisection planes between a site and its neighbors. Consequently,
given the adjacency of a site, the corresponding convex polyhedron
can be constructed directly via half-plane intersection. Naively, if a
cell is iteratively clipped by all bisecting planes induced by other
sites in the point set, and the sites whose planes contribute to the
final boundary are recorded, the resulting convex polyhedron and
its adjacency are recovered.

The clipping procedure follows [Basselin et al. 2021]. For each
candidate neighbor, the vertices lying outside the corresponding
half-space are removed. The intersection between the bisecting
plane and the current convex cell is then computed, producing a
polygonal boundary whose vertices are added to the cell. If the
bisecting plane lies entirely outside the current cell, the intersection
is empty and the cell remains unchanged. See the supplementary
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(a) Convex cell clipping by a bisecting plane. The  (b) Isotropic culling using the maximum cell radius.  (c) Directional culling using AABB-based geometric
blue site induces a plane that intersects the current  All sites within the global radius are retained as  bounds yields a significantly tighter candidate set

cell (orange) and therefore must be considered dur-  candidates (red), including many whose bisecting  (red).

ing clipping.

planes cannot intersect the cell.

Fig. 2. Effect of geometric bounds on neighbor culling during convex cell construction. The current cell is shown in orange, with previously accepted neighbor
sites highlighted. (a) A site whose bisecting plane intersects the cell (blue) must be selected in the candidate set for cell clipping. (b) An isotropic bound based
on the maximum cell radius correctly includes the site, but also admits many irrelevant candidates. (c) Directional geometric bounds derived from an AABB of
the cell provide a tighter criterion, reducing the number of unnecessary neighbors while preserving correctness.

material for a detailed description. Fig.2(a) demonstrates the comple-
mentary case where a non-empty intersection triggers clipping. To
achieve optimal performance, clipping should begin with neighbors
that are most likely to contribute to the final cell. Early reduction of
the cell volume increases the likelihood that subsequent clipping
operations result in no modification and can be skipped.

4.2 Geometric bounds and culling criteria

The brute-force cell sculpting procedure described in Sec. 4.1 guar-
antees the correct diagram construction, but becomes prohibitively
expensive for large point sets if all points are treated as potential
neighbors. As the cell is progressively clipped, however, many neigh-
bors can be rejected early if their bisecting planes are too distant to
intersect the current cell. Since exact intersection tests are costly,
we instead rely on conservative geometric bounds.

For a site p; € R? with weight w; € R and a candidate neighbor
pj € R® with weight w; € R, the (power) distance from p; to their
bisecting plane is

g P =il +wi—w,
Y 2llpi - pjll

@

Given a geometric bound r; on the extent of the cell C;, the candidate
neighbor C; can be safely discarded if d;; > r;. Provided that r;
upper-bounds the distance to all vertices relevant to that neighbor,
this criterion preserves correctness.

4.2.1 Directional culling. Prior work [Basselin et al. 2021] employs
an isotropic bound defined as the maximum distance from the
cell site to any current cell vertex, see Fig.2(b). While effective for
roughly uniform point distributions, this bound becomes overly con-
servative for more complex configurations, when the cell’s spatial
extent varies significantly across directions.
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We address this limitation with a directional geometric bound
that depends on the relative position of the candidate neighbor.
The key observation is that a bisecting plane can only intersect a
subset of the cell faces depending on the direction vector p; — p;.
By restricting the bound based on those faces, we obtain a tighter
and more informative culling criterion.

Specifically, we define a directional cell radius using the distances
from the cell site to the corners of an axis-aligned bounding box
(AABB) enclosing the current cell vertices, Fig.2(c). The appropriate
bound for a candidate neighbor is determined by identifying the
octant of space in which the neighbor p; lies relative to the cell site
pi. This octant uniquely determines which subset of AABB corners
can possibly intersect with the corresponding bisecting plane.

The directional radius is the maximum distance to these corners,
giving a conservative upper bound on the cell’s extent toward the
candidate neighbor. This significantly reduces unnecessary clipping
while retaining the efficiency of a max over a small, fixed set.

4.2.2  Bounding-volume culling. Evaluating the directional culling
criterion for every individual site can still be inefficient for large
point sets. Prior work [Basselin et al. 2021] mitigates this by itera-
tively querying the k nearest neighbors in a growing search radius,
which works well for homogeneous point distributions and small
weight differences between cells. In contrast, we make no assump-
tions on point distributions, and instead formulate a general strategy
for discarding entire volumes of candidates.

We extend directional geometric bounds to spatial groups of
candidates by testing entire axis-aligned bounding volumes at once.
Specifically, we determine whether any point p; within a volume
B = [ bmin, bmax |, where bmin, bmax € R3, could clip the current
cell defined by p;. Since we assume no symmetry, size, or placement
of the volume, the test naturally supports directional discarding and
applies to arbitrary spatial partitions.



Each volume B is associated with the maximum weight wpgx =
max; w; of any site it contains. This represents a worst case, as
higher weights induce bisecting planes closer to the cell site. We
conservatively assume the closest potential candidate lies on the
surface of B at the location minimizing its distance to p;, giving a
lower bound on all bisecting-plane distances d;; for points p; in B.

Because B may span multiple octants relative to p;, we compute
the directional radius for each occupied octant and take their maxi-
mum as a conservative bound. This upper-bounds the cell extent in
all directions from which a candidate in B could affect it.

Finally, we compare the bisecting-plane distance induced by the
closest possible site on the boundary of B, using the maximum
weight Wpay, against the upper-bound r;. If d is the distance be-
tween the closest possible boundary point of B and p;, then

_lpi = pjll

wi—wj
dij—

Wi — Wmax
+ > d)2 4+ Wi Vmax
2 2|lpi — pjll 2d

provided w; < Wmax, and otherwise, d;; > d/2 is a valid lower

bound. If this lower bound on d;; exceeds r;, no candidate in B can
clip the current cell, and the entire volume is discarded.

4.3 Hierarchical neighbor search

Efficiently identifying the subset of sites that define the cell bound-
ary requires a spatial acceleration structure that supports rapid
culling of distant candidates. Furthermore, the amount of clips re-
quired to reach the final cell polyhedra is highly dependent on the
order in which planes are processed. Processing the nearest neigh-
bors first can rapidly shrink the cell, tightening the bounding box
and allowing us to discard large portions of the search space early.

To partition the sites, we employ a bounding volume hierarchy
(BVH). This structure inherently supports hierarchical, multi-scale
culling: a single test at a high-level node can discard vast regions
containing millions of sites, while deeper traversals allow precise
culling of smaller subsets. This spatial adaptivity is crucial for dis-
tributions of drastically varying densities, where uniform grids or
voxelization approaches [Basselin et al. 2021] struggle to balance
skipping large empty volumes with processing high-density clusters.
To support power diagrams, we augment each BVH node to not
only store its volumetric bounds but also the maximum weight of
any site in its subtree, enabling the culling test in Sec. 4.2.2.

Standard BVH traversals usually employ a depth-first search (DFS)
using a LIFO (last-in-first-out) stack. However, DFS does not ensure
that nodes are visited in order of proximity, leading to wasted cell
clipping operations against distant sites that are later occluded and
discarded as adjacent. Instead, we employ a best-first search, using
a local priority queue ordered by distance. This approach prioritizes
proximity, ensuring that we clip the most restrictive planes early in
the process, rapidly shrinking the cell.

During the traversal and clipping process we maintain and update
an axis-aligned bounding box (AABB) of the current partially clipped
cell. As described in Sec. 4.2, this bounding box is used to determine
if any point within a volume could potentially clip the cell bounding
box. The same signed distance function is employed to pick the
closest of the node’s children. By using this signed function instead
of the euclidean distance to the site seed, we prioritize the neighbors
most likely to induce a cut on the current bounding volume. The
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ALGORITHM 1: Best-First Cell Neighbor Traversal

Input:BVH tree 7, Seed point P, Initial Radii R
1 stack «— 0

2 node «— T .root

3 while true do

// Traverse down until a leaf or dead-end is reached
4 while not IsLeaf(node) do

5 ng, ny < node.children

6 ro < COMPUTEDIRECTIONALRADIUS (R, P, ng.bounds)?

7 r1 < CoMPUTEDIRECTIONALRADIUS (R, P, ny.bounds)?

8 dy < NODESQRDIsT(ng); di <« NODESQRDIST(n1)

9 So—dy—ry; O —d—n

10 if min(&, §1) > 0 then

1 node < NULL // Both children too far
12 L break

// Traverse near child, push far child if
potentially valid

13 if 5y < 61 then

14 ‘ node « no;  far «— {n,d1}; Spar < &
15 else

16 L node « ny;  far « {no,do}; Sar < &
17 if 5p4r < 0 then

18 L stack.Push(far)

19 if node # NULL then
// We reached a valid leaf
20 | R < PrROCESSLEAF (node.prims, R)

// Backtrack: Pop next candidate

21 while true do

22 if stack is empty then

23 L return

24 {idx, dist} « stack.Pop()
25 Tnew <

CoMPUTEDIRECTIONALRADIUS (R, P, T idx].bounds)?
// Check if node is still valid with potentially

shrunk R
26 if dist — rpew < 0 then
27 node «— 7 [idx]
28 L break // Resume traversal

signed distance metric effectively measures how deep a candidate
site can potentially penetrates the current validity region of the
cell. By prioritizing based on this penetration depth, we ensure that
the algorithm processes the nodes most likely to clip the cell in
a significant manner. This strategy maximizes the rate of volume
reduction, as the most intrusive planes are clipped immediately.
Pseudo-code of this best-first neighbor traversal is provided in Alg. 1.

5 Experiments

We evaluate our method across synthetic datasets and a real-world
neural rendering application to demonstrate both computational
efficiency and practical applicability. Our experiments are designed
to evaluate our method’s performance across different spatial dis-
tributions, how it scales with an increasing number of points, and
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its effectiveness in existing applications. We describe the datasets
used for our experiments in Sec. 5.1, and present the corresponding
results in Sec. 5.2. Finally, we demonstrate how our method can
scale up neural rendering applications in Sec. 5.3.

5.1 Datasets

Synthetic test cases. To evaluate the computational efficiency of
our method across different point set distributions, we generate
three synthetic test configurations. All configurations sample points
within the domain Q = [-10, 10]3. The first configuration samples
points uniformly:

pi ~ UQ). ®)

This represents generic spatial distributions with no inherent struc-
ture but varying density.

The second configuration samples points from multiple Gaussian
clusters to simulate scenarios with local density variations and large
empty regions. We first sample K cluster centers uniformly in Q,
then distribute points evenly among clusters:

cj ~UQ), pi~N(cj, oD, (4)

where ¢ = 0.1 and points are clamped to Q. We evaluate with
K € {5,10} clusters.

In the third test configuration, we sample points with a linear
density gradient along the x-axis using inverse transform sampling:

p(x) < (x—a), x¢€lab] (5)
=>x=a+(b-aVu, u~7UO01) 6)
y.z~U(a,b) ()

where [a, b] = [-10, 10]. This configuration produces higher point
density at x = 10 and lower density at x = —10.

For each synthetic test configuration, we evaluate performance
with point counts ranging from 0.1M to 15M, spanning from mod-
erate to large-scale problems. Fig. 3 shows a visualization of the
synthetic test cases.

Real-world test cases. To evaluate our method on realistic point
distributions that arise in practical applications, we use trained
checkpoints from Radiant Foam [Govindarajan et al. 2025], a neural
rendering model that uses 3D Voronoi diagrams as its differentiable
scene representation. We obtain publicly available checkpoints from
the original paper, trained on seven scenes from the Mip-NeRF 360
dataset [Barron et al. 2022] and two scenes from the Deep Blending
dataset [Hedman et al. 2018]. Each checkpoint contains the seed
point positions of the final Voronoi diagram configuration after op-
timization convergence. These checkpoints provide representative
examples of moderately large point sets (ranging from 2M to 4.2M
sites, depending on the scene) with complex spatial distributions
that emerge from volumetric rendering optimization. These test
cases exhibit realistic patterns of local clustering, empty space, and
varying density that reflect the underlying scene geometry. Fig. 7
shows a visualization of the real-world test cases.

Power diagrams. To validate that our method remains efficient
for the more general case of weighted Voronoi diagrams (i.e., power
diagrams), we evaluate on both the synthetic and real-world test
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cases with weighted point sets. We sample weights from a Gaussian
distribution:
2
o N dnn 2
wi ~ (0,(7) ) 3)
where dpy, is the median nearest-neighbor distance in the point set.
We use identical point positions as in the unweighted experiments

to isolate the impact of weights on performance.

5.2 Results

We evaluate our algorithm on the datasets presented in Sec. 5.1,
measuring computational efficiency on both consumer-grade GPUs
(NVIDIA RTX 5090) and enterprise GPUs (NVIDIA H200). We com-
pare against two GPU-based algorithms for 3D Delaunay trian-
gulation, gDel3D [Cao et al. 2014] and the implementation from
Radiant Foam [Govindarajan et al. 2025]. Further, we include our
own CUDA implementation of [Basselin et al. 2021], adapted to
facilitate explicit mesh construction. Additionally, we evaluate CPU-
based implementations from SciPy [Virtanen et al. 2020], CGAL [The
CGAL Project 2025], Geogram [Lévy 2025], Voro++ [Rycroft 2009]
and HXT GmSH [Marot and Remacle 2020]. For CPU methods, we
use 16 CPU cores from an AMD Epyc 9534. We run three warm-up
iterations followed by ten timed runs from which we compute the
average runtime. We impose a 300-second timeout limit. All reported
timing results are end-to-end; no preprocessing or preallocation is
excluded.

Computational efficiency. For the synthetic test cases, we evaluate
point counts of 0.1M, 0.5M, 1M, 2M, 5M, 10M, and 15M, presenting
results in Fig. 3. Detailed numerical results for Fig. 3 are provided
in the supplementary material. We also measure runtime on the
trained checkpoints from Radiant Foam (described in Sec. 5.1) and
present results in Tab. 1. Finally, we show aggregated results of the
best performing methods in Fig. 5.

As illustrated in Fig. 5, our algorithm is competitive across all
point distributions and scales. Notably, it is the fastest across all
point sizes for both the Poisson-distributed cases (density gradient
and white noise) and the real-world scenes, and the fastest overall for
large point sets (>5M). Among the GPU-baselines, gDel3D achieves
the best efficiency on the small clustered point sets, but exhausts
memory for larger scenes even on enterprise hardware. On real-
world scenes it is on average ~ 55% slower than our method on the
H200 and ~ 137% slower on the 5090. Our implementation of [Bas-
selin et al. 2021] scales to large point sets on Poisson-distributed
data, but fails to complete any other test cases due to the limitations
of KNN-based search on irregular distributions. HXT is the best-
performing CPU-baseline, closely followed by Geogram. HXT per-
forms very close to our method on the clustered data and scales well
to larger point sets, but is on average ~ 55% slower than our method
(H200) on the Poisson-distributed data and ~ 129% slower on real-
world scenes. Overall, our method outperforms both CPU and GPU
baselines on both real-world scenes and Poisson-distributed data
across all point set sizes, while remaining competitive on the clus-
tered data, particularly for large point sets. Further details on pre-
cision and timing breakdown of our method are provided in the
supplementary material.



Table 1. Voronoi diagram creation/Delaunay triangulation. Runtime
results (in seconds) on point sets obtained from Radiant Foam check-
points trained on the Mip-NeRF 360 dataset. Color coding denotes fastest ,

second fastest , and third fastest .
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Table 2. Power diagram creation/regular Delaunay triangulation. Run-
time results (in seconds) on point sets obtained from Radiant Foam check-
points trained on the Mip-NeRF 360 dataset. Color coding denotes fastest ,

second fastest , and third fastest .

bicycle bonsai counter drjohnson garden kitchen playroom room stump
4.2M 2.0M 2.0M 2.8M 4.1M 2.0M 3.2M 1.9M 4.2M

bicycle bonsai counter drjohnson garden kitchen playroom room stump
4.2M 2.0M 2.0M 2.8M 4.1M 2.0M 3.2M 1.9M 4.2M

SciPy 279.710 121.480 127.273  187.908 260.904 133.174 207.022 119.729 268.345
Voro++ - - - - - - - - -
E CGAL 20.445  9.591 9.366 13.522 19.205 9.781 15.016 8.877  19.559
O CGAL Parallel 26.986 18.900 97.873 21.249 20.066 57.639 49.721 40.528  40.466

Geogram 1.593 0826  0.859 1.244 1732 0.865 1.370 0.812  1.560
HXT GmSH 1.243  0.730  0.720 0.928 1.299  0.821 0.980 0.675 1375
Basselin® - - - - - - - - -

& RF Del 124.929 25.299 24.980 24.201 40.413  24.762 93.342 16.889  44.777
2 gDel3D 1.204 0570 0.592 0.826 1.168 0.604 0.931 0.542 1.197
Ours 0.570  0.245  0.248 0.331 0.496  0.235 0.359 0.240  0.491
Basselin* - - - - - - - - -
§ RF Del 250.688 22.501 24.800 25.142 39.551 25.851 122.038 18.020 43.680
T gDel3D 0.893 0.428 0.444 0.620 0.862 0.462 0.678 0.424  0.896
Ours 0.684 0.298  0.256 0.355 0.574  0.297 0.371 0.293  0.564

Generalization to power diagrams. As our method generalizes to
power diagrams, we validate performance on the weighted ver-
sion of our datasets, comparing against CPU-based algorithms for
Regular Delaunay triangulation from SciPy, CGAL and Geogram.
We also include results from our implementation of [Basselin et al.
2021] on the white noise and density gradient cases; however, their
KNN-based search cannot produce valid results for the remaining
distributions. Neither HXT, gDel3D nor the Radiant Foam imple-
mentation supports the weighted case. We present results from the
synthetic data in Fig. 4 and real-world data in Tab. 2. The results
demonstrate that our method generalizes well to the weighted case
across all datasets, achieving similar runtimes and scaling behavior
as for the unweighted case. We provide further results on how our
method scales with varying weight distributions in the supplemen-
tary material.

5.3 Scaling mesh-based neural rendering

To demonstrate the practical benefits of efficient diagram construc-
tion at scale, we study the scaling behavior of a recent mesh-based
neural rendering model, Radiant Foam [Govindarajan et al. 2025].
Radiant Foam represents scenes using differentiable 3D Voronoi
diagrams and therefore requires frequent updates of cell adjacencies
via Delaunay triangulation as the sites move during optimization.
While the authors show that reconstruction quality improves con-
sistently with an increasing number of points, indicating that higher
geometric resolution leads to better reconstructions, their evaluation
is limited to 2M points.

In this context, the Voronoi diagram serves as a scene’s spatial
discretization. Each cell stores learnt parameters for density and ap-
pearance effects. Volumetric rendering is performed by casting rays
through the diagram and accumulating the per-cell contributions,
producing a final color for the pixel. During training, site positions
and each site’s attributes are optimized via gradient descent, which
demands the mesh to be recomputed exhaustively, to reflect the
changing geometry. The repeated reconstruction of the mesh is the
computational bottleneck of scaling our method addresses. While

SciPy 212,538 94919 117.140 174.597 230.981 124.567 188.740 110.533 214.884
E CGAL 16.000 7.754 8.606 12.016 17.151  8.931 13.742 8.033  16.669
O CGAL Parallel - 110.926 141.335  49.209  269.222 118.085 174.701 63.181 154.698

Geogram 2.939 1.368 1.444 1.776 2.670 1.379 2.666 1.321 3.206
& Basselin* - - - - - - - - -

3

© Ours 1134 0319  0.266 0.346 0.613  0.248 0.385 0.264  0.836
§ Basselin® - - - - - - - - -
T Ours 1697 0.827 0414 0.419 1.038  0.465 0.462 0.344  1.280

Radiant Foam uses incremental updates when possible, we bench-
mark full reconstruction for a controlled comparison.

To enable Radiant Foam to scale beyond this regime, we replace
their Delaunay triangulation step with our algorithm and retrain
the model on scenes from the Mip-NeRF 360 dataset. We vary the
final number of Voronoi sites from 3M to 17M, making no other
changes to the method, training procedure, learning rate, or hyper-
parameters.

Fig. 1 reports the training time of Radiant Foam as a function of
the number of points, along with LPIPS [Zhang et al. 2018] scores
measured on the validation set as a function of training time for dif-
ferent final resolutions. The results highlight two key observations.
First, mesh-based neural rendering models exhibit familiar scaling
behavior, with reconstruction quality improving as the number of
geometric primitives increases. Second, our approach enables such
scaling with near-linear complexity, making large-scale Voronoi-
based scene representations practically feasible.

6 Conclusion

We presented a GPU-based algorithm for efficiently and robustly
constructing 3D Voronoi and power diagrams that supports large-
scale point sets with complex spatial distributions while remaining
competitive with state-of-the-art methods on small to moderate
problem sizes.

Our approach is based on convex cell clipping, which naturally
maps to massively parallel GPU execution. Combined with a culling
criterion based on directional geometric bounds and a hierarchical
best-first search strategy, this design yields an efficient and general
algorithm that scales robustly with the number of points and across
diverse spatial distributions.

We evaluated our method on both synthetic and real-world datasets,
demonstrating performance comparable to or exceeding prior work
on Delaunay triangulation across a wide range of distributions and
scales. In several scenarios, our method achieves the best reported
performance and naturally extends to the weighted case of power
diagram construction.

Finally, we demonstrated the practical impact of our approach
in the context of large-scale mesh-based neural rendering, where
efficient and scalable construction of 3D Voronoi diagrams directly
translates into improved reconstruction quality. These results un-
derscore the importance of scalable Voronoi and power diagram
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algorithms as foundational tools for emerging large-scale graphics
and vision applications.

In summary, we introduced a scalable and general method for 3D
Voronoi and power diagram construction that matches or exceeds
prior Delaunay-based approaches and enables efficient processing
of substantially larger point sets.

Limitations and Future Work. Our current implementation targets
single-GPU execution and static point sets, and its scalability is
ultimately bounded by available device memory rather than com-
putation. Supporting incremental updates to diagrams, multi-GPU
execution, and distributed construction remains an important direc-
tion for future work. In addition, our method relies on floating-point
arithmetic and does not target the exact geometric guarantees of
CPU-based libraries. Finally, further study of extreme weight dis-
tributions could provide additional insight into the limits of our
culling strategies.
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Fig. 3. Runtime results (in seconds) for Voronoi diagram creation/Delaunay triangulation on the synthetic generated point sets described in Sec. 5.1. Missing
data points indicate that the method could not finish within the maximum allowed time limit of 300 seconds.

@ SciPy  ~M- Basselin (RTX5090) ~=@= Basselin (H200) ~~—®= CGAL(PARALLEL) ~~#- CGAL(SERIAL) ~~®— Geogram  ~#- Ours (RTX5090) ~®= Ours (H200)
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Fig. 4. Runtime results (in seconds) for power diagram creation/regular Delaunay triangulation on the weighted synthetic generated point sets described in
Sec. 5.1. Missing data points indicate that the method could not finish within the maximum allowed time limit of 300 seconds.
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—— Ours (H200) —— gDel3D (H200) —— Basselin (H200) —— Geogram —— HXT GmSH

Fig. 5. Runtime comparison on synthetic and real-world point sets. The outer ring corresponds to the fastest method on that dataset (score = 1). A score of
zero indicates that the method failed to complete a valid result. Poisson represents the average of the Poisson-distributed test cases (white noise and density
gradient). Clustered represents the average of the clustered test cases. Our method consistently achieves scores near the outer ring across all distributions,
while competitors degrade at higher point counts and non-uniform distributions.
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Fig. 7. Images from the real-world test cases (described in Sec. 5.1), with point sets projected to illustrate the density and spatial spread of the data. The
scenes span a range of indoor and outdoor environments with complex spatial distributions and point counts ranging from 2M to 4.2M.
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