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Figure 1. A radiance mesh parameterizes a radiance field using the tetrahedra produced by a Delaunay triangulation of a set of points,
where each tetrahedron has a constant density and a linearly-varying color. This representation allows us to use traditional mesh processing

(left) while still enabling semi-transparent rendering (middle), which allows our model to be rendered using a hardware triangle rasterizer
very quickly on a wide variety of platforms (right). See the supplement for an interactive web demo.

Abstract

We introduce radiance meshes, a technique for representing
radiance fields with constant density tetrahedral cells pro-
duced with a Delaunay tetrahedralization. Unlike a Voronoi
diagram, a Delaunay tetrahedralization yields simple trian-
gles that are natively supported by existing hardware. As
such, our model is able to perform exact and fast volume
rendering using both rasterization and ray-tracing. We in-
troduce a new rasterization method that achieves faster ren-
dering speeds than all prior radiance field representations
(assuming an equivalent number of primitives and resolu-
tion) across a variety of platforms. Optimizing the positions
of Delaunay vertices introduces topological discontinuities
(edge flips). To solve this, we use a Zip-NeRF-style back-
bone which allows us to express a smoothly varying field
even when the topology changes. Our rendering method ex-
actly evaluates the volume rendering equation and enables
high quality, real-time view synthesis on standard consumer
hardware. Our tetrahedral meshes also lend themselves to
a variety of exciting applications including fisheye lens dis-
tortion, physics-based simulation, editing, and mesh extrac-
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tion.

1. Introduction

Radiance fields have become the standard paradigm for 3D
reconstruction since NeRF [43]. It pioneered the use of dif-
ferentiable volume rendering for directly optimizing a ra-
diance field to explain a set of captured images. A funda-
mental tradeoff persists in radiance field model design: rep-
resentations that are fast to render are difficult to optimize,
such as opaque triangle meshes. Conversely, representa-
tions with well-behaved optimization dynamics, like MLPs,
tend to be slow to render.

A particularly effective point on this trade-off continuum
is 3D Gaussian Splatting (3DGS) [31]. It is fast to render
and relative easy to make backwards-compatible with the
existing graphics ecosystem. But 3DGS has a variety of
limitations: 1) The volume rendering approximations that
allow the high frame-rates introduce popping artifacts. 2)
Splatting is challenging with complicated camera models
like ultra-wide lenses. 3) Splats can be difficult to edit. 4)
Though 3DGS is faster than most radiance field models, it



is significantly slower than conventional mesh-based real-
time rendering techniques.

The recently introduced Radiant Foam [19] partitions
space using an optimizable 3D Voronoi diagram. While
this approach strikes a good balance between speed and
quality, it relies on ray tracing arbitrarily complex convex
polyhedra (the Voronoi cells). While GPU-based rasteriza-
tion of these cells is theoretically possible, it would be pro-
hibitively costly: Voronoi cells generally possess an average
of 15.5 faces [42]. Rasterizing a single cell would require
tessellating these faces into dozens of triangles. Even ac-
counting for the fact that the dual Delaunay graph contains
multiple tetrahedra per Voronoi site, the total triangle count
required to rasterize the Voronoi diagram is nearly double
that of the Delaunay representation. In addition, to find the
transparency of each cell, we need to find the distance from
the front face to the back face. However finding the distance
to the back face of the polyhedra requires iterating over all
of it’s neighbors within the fragment shader, which is very
expensive.

We introduce a method that is able to perform high qual-
ity view synthesis using tetrahedral meshes - specifically, a
Delaunay tetrahedralization. The Delaunay tetrahedraliza-
tion partitions space into tetrahedral cells, to which we as-
sign a constant density and linear color (radiance) to create
what we call a radiance mesh. The use of Delaunay tetrahe-
dralization enables unconstrained optimization of the vertex
locations, as we can simply recompute the triangulation af-
ter the points have moved. RadFoam had considered the
use of a Delaunay tetrahedralization, as it is the dual of the
Voronoi diagram. However, they chose not to pursue it be-
cause of the discontinuous mapping from vertex positions to
mesh topology. These present difficulties during optimiza-
tion, which we overcome.

The resulting radiance mesh can be sorted front to back
very efficiently [13, 29, 41] using a radix sort over the power
of the circumsphere. This, combined with the fixed num-
ber of faces per cell, enables fast rasterization, even faster
than Gaussian splatting, but without the popping. Since the
tetrahedral mesh produced is comprised entirely of trian-
gles, it is possible to utilize the hardware triangle rasterizer
to accelerate rendering, and to utilize the hardware triangle
intersector to accelerate ray tracing. For this purpose, we
introduce a novel hardware rasterization method that inter-
polates the exit intersection and uses mesh shaders to col-
laboratively load data onto vertices. We achieve rendering
speeds 32% faster than the original 3DGS implementation
at 1440p resolutions and higher quality than RadFoam. For
ray tracing, we achieve a 17% speed increase compared to
RadFoam on MipNeRF360 indoor scenes. Crucially, unlike
3DGS, our method utilizes exact visibility. This guarantees
that radiance meshes are free from the temporal popping
and photometric inconsistencies caused by the sorting er-
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rors inherent to splatting.

Because radiance meshes consist of semi-transparent
triangles, they are natively compatible with the real-time
graphics ecosystem. For example, we can support physics-
based simulations using Extended Position Based Dynam-
ics [39], which we demonstrate as an interactive applica-
tion. Additionally, we can extract a watertight opaque sur-
face triangle mesh by thresholding our primitives according
to their contribution to the rendered views. We provide ref-
erence implementations for both the rasterizer on desktop
and web, as well as the ray tracer.

2. Related Work

Neural Volume Rendering . Neural Radiance Fields use
numerical quadrature to integrate emission-only volume
rendering parameterized by a neural network [43]. Many
improvements to NeRF have since been proposed, such as
different filtering approaches [3—5] and different field rep-
resentations [0, 15, 38, 46, 63]. Adaptive Voronoi NeRFs
proposed partitioning a scene into multiple radiance fields
using a Voronoi diagram [14], and Radiant Foam [19] par-
tition a scene into constant density Voronoi cells to enable
fast ray-tracing.

Particle-Based Radiance Fields . Early works [1, 33, 62]
explored particle based representations as an alternative
to fields. 3DGS [31] popularized them by using Gaus-
sian primitives. Many other primitives have since been
explored [8, 22, 24-27, 34, 37, 50, 67], largely based on
the same splatting-based alpha compositing technique as
3DGS. Most splatting-based methods make different ap-
proximations to volume rendering that result in instabilities
and “popping”. StopThePop [51] and 3DGRT [44] use per-
ray-sorting to improve popping. SVRaster [56] is able to
perform high speed rasterization of voxel primitives using
few quadrature samples within each primitive. EVER [40]
is the first primitive-based representation able to perform
fast and exact integration via ray-tracing.

Mesh-Based View synthesis . Because meshes are the
dominant representation used in computer graphics, many
have explored how to best use meshes to accelerate ra-
diance field rendering. Popular approaches include opti-
mizing a field that has a dual interpretation and can be
used both as a radiance field and a surface [61, 64, 65].
Another way to obtain mesh-like properties while retain-
ing the image quality of 3DGS is to attach Gaussians to a
mesh [10, 16, 17, 36, 49, 55, 59, 60, 68], convert Gaussians
to a mesh using a Delaunay triangulation [20, 66], or bina-
rize during the optimization a volumetric field such that it
can be converted to a mesh [52]. Meshes can also be di-
rectly optimized via gradient descent [9, 30, 35], though
these approaches are limited due to edge discontinuities,
which cause optimization issues.



Tetrahedralizations . Tetrahedra has been widely studied
as a volumetric representation in graphics, specifically for
solids. To accelerate rendering, power sorting was first in-
troduced by Karasick et al. [29]. Even further acceleration
were introduced by [18, 47] and Tricard [57] utilized geom-
etry shaders for further acceleration. Tetrahedra have also
been used for view synthesis in [21, 58].

3. Preliminaries

Neural Radiance Fields A radiance field is an emission-
only volumetric field consisting of a density field o(x) and
a color field ¢(x,d), where color may depend on viewing
direction d. Each pixel’s color is rendered by setting up a
ray r(t) = o+ td with origin o and direction d through the
pixel, and ray marching using standard volume rendering
integral (also known as the radiative transfer equation [7]):

/OoO c(r(t),d)a(r(t))exp<— /Ota(r(s)) ds) dt. (1)

Delaunay Triangulation Given a set of points, the De-
launay triangulation [12] is the triangulation defined by the
empty sphere property: that the circumscribed sphere (cir-
cumsphere) corresponding to every tetrahedron contains no
other vertices. A Delaunay tetrahedralization can be sorted
from front to back [13, 41] with respect to a camera origin
o according to the power of each circumsphere with respect
to the camera origin:

2

where R(T") and O(T') are the radius and center, respec-
tively, of the circumsphere of T'. We offer a visual intuition
of why this works using the radical axis in the supplement
while the full proof can be found in [29]. This sort order is
particularly useful because it is with respect to the ray ori-
gin, which means it is valid for fisheye lens and other such
distorted projections.

P(T) = ||O(T) - oll3 — R(T)?,

Zip-NeRF Downweighting To mitigate aliasing, Zip-
NeRF [5] introduced a querying scheme where the output of
the instant-NGP is convolved with a gaussian. For a given
query with o denoting the filter variance, it multiplies each
level £ with a grid resolution of n, by the following factor:

o(o) = erf(l/ 802n§> , (3)

Together with a regularizer that pulls all features towards
0, this reduces the impact of higher resolution features for
larger sized queries.

4. Method

Our model takes as input a set of posed images and sparse
initial point cloud. During optimization, we represent our
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scene using a set of 3D points {v;}, initialized from the
COLMAP SfM reconstruction [54], and an Instant-NGP
datastructure Gy. Every 10 optimization iterations, the De-
launay triangulation of points {v;} is computed to yield
a set of non-overlapping tetrahedra {7} }. Because {v;}
move during optimization, tetrahedra may appear and dis-
appear. We therefore use the Instant-NGP data structure to
parameterize the non-spatial properties of each tetrahedron.
The output of our model is a set of tetrahedra {7} }, each
with a constant density oy, a base color given by spheri-
cal harmonics c%, and a linear color gradient Vcy, all of
which are produced by querying Gy with each T}, (see Sec-
tion 4.2).

Given our parameterization, the color at any interior
point p € T}, is:

ck(p) =+ Veg - (p— Oy), )

where Oy, is either the circumcenter or centroid of 7.

4.1. Rendering

Before rendering, we sort {T}} utilizing power sorting
(Equation 2). For any given ray, we can now iterate over
each primitive and compute the emission only volume ren-
dering equation across the interval bounded by the primi-
tive. Let ti* and 2" be the distances where the ray r(t)
enters and exits the k’th tetrahedron (computed using the
Cyrus-Beck algorithm [11]). The color contribution of
tetrahedron k to the ray, premultiplied by alpha, has the
form:

tout

k
ACk:/
t

in
k

ek (=t c(r(t)) op dt. Q)
This integral has a closed form solution that depends only
on the constant density and the color of the tetrahedron at
its entry and exit points. This solution for the color premul-
tiplied by the alpha is as follows:

o in « —dg ou
ACk == (1 - d;:)ck + (d: € dk>ck ta (6)
dk = (t(];ut — tikn)(Tk ap = 1-— e_d’“ (7)
o = ci(r(if) ot = cu(e(12™)

To render the radiance mesh, we rasterize the tetrahedra
front-to-back, using Eq. 6 and Eq. 7 to compute the color
and opacity of each tetrahedron, respectively. The final
pixel color is found by blending the colors of the pre-sorted
tetrahedra along the ray as follows:

k—1

W = H(l_af)a

=1

C:

wiACy , ()

k

which we efficiently compute using hardware rasterization.
For each pixel, the ACy, and «y, values are computed once



per tetrahedra within the fragment shader, and the prod-
uct of opacities wy, is efficiently computed using hardware
blending operations.

4.2. Querying Tetrahedron Properties

As vertices move during optimization, tetrahedra might ap-
pear and disappear after recomputing the Delaunay Tetra-
hedralization. Attaching density and appearance features
to vertices works poorly, as we demonstrate in our abla-
tion study in Tab. 2. We therefore optimize a field, pa-
rameterized by an Instant-NGP datastructure [46] and the
mip-NeRF 360 contraction function [4], which we query
with each tetrahedron to produce density and appearance
features.

Because tetrahedra are volumes but Instant-NGP expects
points as input, we query the NGP using an approach simi-
lar to that of Zip-NeRF [5]. We evaluated two strategies as
the center O, of a tetrahedra: the circumcenter and the cen-
troid. The circumcenter has the advantage of making the
method continuous. This is because,the circumcenters are
guaranteed to be the same for tetrahedra involved in edge-
flipping as visualized in Fig. 2, resulting in a continuous
function over the Delaunay Tetrahedralization. However,
the circumcenter has poor numerical conditioning, as it can
move very quickly when a tetrahedron is skinny. The cir-
cumradius Ry, is used to prefilter the NGP to address skinny
tetrahedra. As a tetrahedron becomes more co-planar, the
system of linear equations used to find the circumcenter be-
comes poorly conditioned (nearly singular), and the circum-
radius becomes larger. By filtering the NGP using this ra-
dius, using downweighing as in Zip-NeRF [5], we attempt
to mitigate this issue. Our second strategy, the centroid, has
the disadvantage of not being continuous, but has much bet-
ter numerical conditioning. We attempt to counteract this
lack of continuity with the same filtering strategy. We com-
pare these two methods in the ablation and show that the
centroid has better performance.

Each individual attribute is produced by the Instant NGP
Gy with downweighting function ¢ as follows:

by — ¢(Ri) 0 Go(O%) , )
Of < eXp(hU(bk)) ) (10)
cp = softplusg_q(han(br) - Y(dr)), (1)
min cg ha(bg))
Ve — , (12)
“T TR VT habo)l3

where each of h,, ha, he, and h;, are the different shallow
neural network heads that take the Instant-NGP bottleneck
feature b as input, and where Y (dy,) are the spherical har-
monics basis functions evaluated in the direction d,.

The purpose of the activation on the color gradient Vcy,
is to prevent the color from going negative within the tetra-
hedron. Since the vertices of the tetrahedron lie within a ball

8270

(b)

Figure 2. Top: Vertices A and B are moved slightly as we go from
left to right, illustrating the the problem with Delaunay Triangu-
lation. This small modification causes a topological flip. Thus
naively assigning colors to vertices and using barycentric interpo-
lation would not give a smooth optimization objective. Bottom:
Our circumcenter smoothing. We color each triangle based on the
position of their circumcenters (+ and x). This works, because at
the moment of the flip the centers are co-located.

of radius Ry, combining Eq. 12 into Eq. 4 yields a max-
imum negative change of —mincg. We need to use the
minimum across channels because we reuse the color gra-
dient across all color channels for the purpose of efficiency,
instead of giving each channel it’s own gradient. Using a
monochrome gradient saves 30% of memory loads in the
shaders.

4.3. Mesh Densification

Particle-based radiance field methods like 3DGS use heuris-
tics to densify or prune particles based on their contribution
to rendered images. We use only densification, done by
adding points to {v;} during optimization. We conceptu-
alize the densification process as choosing a tetrahedron to
“split”, then choosing a point within the selected tetrahe-
dron as the insertion point. Every 500 iterations, we iterate
over a sample of the training dataset of size M and collect
two metrics: an SSIM split score and a total variance split
score, select primitives to “split” according to these scores,
then chose a point to add to {v;} from each selected primi-
tive, before continuing with optimization.

The first and most important selection method, the SSIM
split S, is based on Error Based Densification [53]. We
select all primitives with a score S, > 0.5 for densification.
The idea is to back-project the image error associated with
each pixel, specifically SSIM, onto all of the primitives that
contributed to that pixel according to the proportion they
contributed, or the weight. These are accumulated on the
primitives across the image to obtain an error score, then we
take the mean of the top two error scores across the sample



images {m, })L,:

l/;" = [Z {]l[wkak > 0]};|

13)

Tn

Sk = mean| top2

Tn

[V%” Z {wkaks}i]

n

The brackets [{-};] . indicate that everything within takes
place within camera 7, at pixel i. So [}_,]  sums over all
pixels in image 7,,, and s is the SSIM error at pixel ¢ within
camera 7,,. The top two scores are used because at least two
views are needed to triangulate a primitive.

This first metric drives the majority of the densification
decisions, but fails to detect regions that are low density
to begin with. For regions with thin structures represented
by low density early in optimization, we devise a second
selection strategy we call the total variance split score 7y,
with the selection of all primitives 7 > 2.0 for densifica-
tion. We treat each tetrahedron as an estimator of radiance
within its volume and analyze the variance of its residuals.
We compute the variance of the error at each tetrahedron
to measure whether the radiance is being represented well.
This variance, o2, is then multiplied by the weighted sum
of the total error, as follows:

Do 22 {akwkx}i]ml
2w, [0 {anwr ]

Ty = o Z [Z {akwk}i]

where we use the same sum and bracket notation, and § =
C — Cy; is the pixel residual.

Next, we need to select the locations of the new points
within the selected tetrahedra. We note that uniform sam-
pling within a tetrahedron is ineffective for this purpose.
For example, it is common during initialization that a large
tetrahedron just touches the surface that needs to be densi-
fied. In such case, a random point would almost always fall
into the empty space rather than at the surface.

To address this, we select two rays corresponding to the
views with highest error scores, and use their approximate
intersection as the new point, falling back to a random point
within the tetrahedron should the intersection lie outside of
the tetrahedron. We use the mean ray for each of the two
views, computed by finding the line segment between the
entrance and exit centroids, pi* and p2"t. For a given cam-
era 7, and primitive k, those are computed as follows:

Zi{wkakr(tikfl)}i out __ Zi{wkakr(tzut)}i
S{wrary; 7" > idwrkar} s

oi = E[8*] ~E[0], E[x]=

(14)

Tn

in

i =
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We then take the two segments corresponding to the top
two SSIM error cameras and find the approximate inter-
section. This consists of finding the midpoint between the
shortest line between the two segments. Finally, this mid-
point is the new vertex added to {v;}.

4.4. High Speed Rendering

We introduce a novel method for rasterizing a tetrahedral
volume using hardware rasterization. A previous approach
emitted 2-3 triangles to represent the tetrahedron [57], then
interpolated the transparency across each triangle. How-
ever, emitting variable amounts of geometry is slow, so in-
stead we emit duplicate but static geometry. This includes
duplicating each face twice and each vertex as many times
as it is connected to a tetrahedron. We then rely on the ras-
terization pipeline to filter out what it needs. An overview
of the approach can be see in Fig. 3. Our approach can be
thought of as treating each tetrahedron as a distinct prim-
itive, for which we output an individually wound tetrahe-
dron. Then, instead of interpolating transparency, we in-
terpolate the distance to the back faces. Details of how to
interpolate this distance can be found in the Supplement.

When mesh shaders are not available, we use instanced
shaders, drawing an instance of a triangle strip for each
tetrahedron, where the vertex shader uses the instance index
to load the tetrahedron attributes and plane equations for
each tetrahedron. This means that we load each tetrahedron
4 times: once for each of its vertices. These duplicated loads
can be removed by utilizing mesh shaders. Mesh shaders
replace vertex shaders, allowing an entire thread block to
collaboratively generate mesh data which is passed directly
to the hardware rasterizer. We leverage this feature to allow
vertices to share the data they load within each tetrahedron
using warp shuffle operations, so we only need to load each
tetrahedron once.

The differentiable PyTorch renderer is implemented as
a tile based renderer in Slang.D [2] to enable tracking of
derivatives, which is difficult across the vertex and fragment
shaders. The Vulkan renderer is implemented in C++ and
Slang, which allows it to support mesh shaders, our fastest
rendering approach. Finally, the web viewer implements
instanced rendering in JavaScript and WebGPU, as mesh
shaders are not yet available.

5. Results

We evaluate radiance meshes on the nine scenes introduced
in Mip-NeRF 360 [4] and four scenes from DeepBlend-
ing [23] and Tanks&Temples [32]. We compare against
several recent state-of-the-art radiance field representations
including 3DGS [31], EVER [40], SVRaster [56], Radiant
Foam [19], and Triangle Splatting [25]. Results are shown
in Table 1.
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sents a different scene from the Mip-NeRF 360 dataset, plotted by
the number of primitives used for reconstruction (z-axis) against
the average rendering speed across test views (y-axis). Perfor-
mance is measured at standard test set resolution.

Our method, while generally faster than all baselines,
also achieves an improvement in terms of quality compared
to RadFoam [19], which is the most similar baseline to ours.
While 3DGS [31] achieves higher quality, it suffers from
popping artifacts and generally slower rendering speeds.
EVER [40] and SVRaster [56] have accurate volumetric
rendering and high quality, but suffer from even slower ren-
dering speeds and very limited portability, especially com-
pared to ours. To further investigate performance, we show
in Figure 4 that our method clearly defines the pareto front
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in terms of performance per primitive across a wide range
of baselines.

Another important metric that ensures practicality is
VRAM consumption. Radiant Foam has high VRAM re-
quirements; when running it on an RTX 4090 (24GB), we
observed that it runs out of memory at ~3.3 million cells.
In contrast, our method supports ~15 million tetrahedra on
the same hardware.

Our optimization also proves to be more robust than
Radiant Foam. In Tanks&Temples+DeepBlending dataset
RadFoam fails to reconstruct them in a catastrophic way,
while our method achieves competitive results with all the
other baselines. We hypothesize that the RadFoam tracing
algorithm fails because of numerical stability issues, as a
single incorrect intersection, such as on a nearly parallel
face, can cause a ray to diverge.

In Table 2 we present our ablation study, run on the bi-
cycle and room scenes, from Mip-NeRF360. We investi-
gate different approaches for splitting and colorizing prim-
itives, and different Instant-NGP querying approaches. We
see that omitting the SSIM based variance based densi-
fication (“SSIM Splitting”) decreases performance signif-
icantly. Omitting the total dataset variance based den-
sification (“Total Var Splitting”) decreases performance
marginally, and qualitatively mostly affects thin structures,
shown in Fig. 5. Assigning each tetrahedron a single color
(“Constant Color”) instead of using a linear color results
in a marginal decrease in quality. Ablating the Instant-
NGP (“No Instant-NGP”) and directly assigning properties



mip-NeRF360 Outdoor [4] mip-NeRF360 Indoor [4] T&T [32]+DB [23]

PSNR 1 SSIM1t LPIPS] | PSNR 1 SSIM1 LPIPS | | PSNR 1 SSIM 1 LPIPS |
3DGS [31] 24.63 0.729 0.271 31.05 0.924 0.238 26.65 0.876 0.263
EVER [40] 24.73 0.744 0.239 30.98 0.926 0.227 26.09 0.889 0.234
Triangle Splatting [24] 24.16 0.720 0.248 30.79 0.923 0.207 26.59 0.875 0.243
SVRaster [56] 24.70 0.738 0.234 30.67 0.927 0.203 26.52 0.874 0.229
RadFoam [19] 23.90 0.663 0.366 30.66 0.906 0.251 19.20 0.590 0.543
Our Model 24.64 0.735 0.272 30.31 0.923 0.234 26.53 0.884 0.263

GPU-hr |  #Prim. FPS 1 GPU-hr |  #Prim. FPS 1 GPU-hr |  #Prim. FPS 1
3DGS [31] 0.609 74 M 145 0.451 1.5M 251 0.336 5.0 M 535
EVER [40] 1.077 74 M 36 1.005 1.5M 66 0.861 5.0M 41
Triangle Splatting [24] 0.612 47 M 87 0.558 23 M 137 0.313 22M 200
SVRaster [56] 0.194 9.4 M 193 0.245 82 M 137 0.160 7.6 M 327
RadFoam [19] 1.587 33M 234 1.640 29M 162 2.816 24M 353
Our Model 4.515 9.3 M 240 3.457 42 M 384 2.575 4.8 M 475

Table 1. Results on the 5 outdoor scenes and 4 indoor scenes from the mip-NeRF 360 dataset [4], and 4 scenes from a combined Deep-
Blending [23] and Tanks&Temples [32] dataset. “GPU-hr” indicates the number of GPU hours required to train a model on an NVIDIA
RTX4090. FPS results are computed at the test resolution of each dataset. Note that our FPS results include time to display the results to
the frame buffer and indicate actual performance in use, while all others capture only render time.

PSNR1 SSIM1 LPIPS |
No Total Var Splitting 27.59 0.825 0.312
No SSIM Splitting 26.92 0.751 0.417
Constant Color 27.68 0.813 0.324
No Instant-NGP 27.25 0.787 0.360
No Downweighting 27.68 0.826 0.307
No Centroid 27.79 0.826 0.310
Our Method 27.89 0.830 0.301

Table 2. We evaluate the impact of different splitting criteria, the
benefit of linear color ramps (versus constant color), and various
methods for assigning attributes to primitives.

to the vertices works poorly due to topology flips, as ex-
pected. Ablating the downweighting used after in interpola-
tion (“No Downweighting”) hurts slightly. (“No Centroid”)
is a test where we used the circumcenter instead of the cen-
troid when querying the iNGP to get the value of each tet.
As described in Sec. 4, the circumcenter is mathematically
smooth but has worse numerical conditioning, a tradeoff
that this experiment shows to be disadvantageous.

In Figure 6 we analyze different shader implementations
to measure the impact of each choice. “Tile-based” is a
naive tile-based renderer that we adapted from the 3DGS
SlangTorch codebase, and “Instanced” is a hardware trian-
gle rasterizer with duplicated loads. We see that switching
from the tile-based renderer to the instanced hardware tri-
angle rasterizer that utilizes vertex and fragment shaders
yields a significant performance boost. As detailed in
Sec. 4, the standard rasterization pipeline incurs redundant
primitive loads in the vertex shader. We see that using
our mesh shader pipeline eliminates this redundancy and
achieves another significant performance gain.
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d) No SSIM split

e) Ours f) Ground Truth
Figure 5. Qualitative results of our ablation over our splitting
methods. SSIM splitting handles texture, while total variance
splitting handles thin structures. Red circles highlight missing de-
tail

5.1. Capabilities

Our model enables a variety of qualitative capabilities, all
of which are shown in Figure 7. We also provide a visual
demonstration of Boolean-based editing (removing a cube,
then adding one), in Fig 8.

Lens Models & Ray Tracing Because our representation
is highly general, we were able to straightforwardly imple-
ment a ray-tracer based on OptiX, by leveraging the trans-
parency method from 3DGRT [44]. Crucially, our tetra-
hedral mesh allows us to utilize built-in hardware triangle
intersection. We achieve 84 FPS on the MipNeRF 360 out-



Method Performance Across Resolutions

=== Mesh Shader
Instanced Shader

== Tile-Based CUDA

T

4k

0 T T T
Test(=720p) 1080p 1440p

Figure 6. We plot the frames per second across a wide range
of resolutions that are common in modern hardware. We show
how rendering tetrahedra with a tile-based approach similar to
3DGS is significantly slower than hardware-based rasterizers. We
also show how mesh shaders improve performance compared to
instance-based rendering by reducing the number of duplicate
memory loads.

door scenes and 190 FPS on the indoor scenes, at test reso-
lution (roughly 720p on outdoor scenes, less than 1080p on
indoor scenes). At comparable primitive counts, we achieve
a 17% speed increase relative to Radiant Foam’s ray tracer.

Surface mesh extraction Our volumetric representation
can be converted into a surface mesh using a straightfor-
ward procedure: We measure the peak color contribution
of each tetrahedron across all pixels and all training views.
We use this quantity to then threshold the radiance mesh by
removing the tetrahedrons with a smaller peak color contri-
bution than 0.1. We then identify the connected components
of all tetrahedra and construct a surface mesh for each one.

Deformation and Simulation Finite element analysis and
various simulation techniques like Position Based Dynam-
ics (PBD) [39, 45] are proven to be very useful and practi-
cal in interactive graphics applications. We demonstrate in
Fig. 7 that a radiance mesh can directly use PBD and xPDB
techniques to create interactive physical simulators, we also
provide recorded interactive sessions in our supplemental
video. This is a direct consequence of the nature of radiance
meshes, as we are using the primal form of the Voronoi dia-
gram — a simple Tetrahedral mesh. Previous work [19] that
use the dual form of a Voronoi diagram only store, optimize,
and render the generators of each cell. Animating these gen-
erator sites would cause non-trivial topological changes to
the cell shapes.

6. Conclusion

We have presented radiance meshes, a novel hybrid radi-
ance field representation that leverages the Delaunay trian-
gulation to surpass the speed and flexibility of fast particle-
based approaches, while still providing the physical consis-
tency, and the lack of temporal artifacts of much slower neu-
ral field approaches. To accomplish this, we have presented
a novel way to parameterize the attributes of the tetrahe-
dra yielded by a Delaunay triangulation using an Instant-
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Figure 7. Radiance meshes enable a variety of useful capabilities.
Bottom left: our splatting method supports fisheye during train-
ing because power sorting supports any camera where rays share
a common origin. Bottom right: Blender rendering of a surface
mesh of the bicycle scene obtained by thresholding the scene. Top
right: To simulate physics in realtime, we apply xPBD [39] to the
radiance mesh vertices.

Figure 8. Editing demonstration. Left: Original. Middle: Delete
the same cube. Right: Add a red cube. We perform these edits
by adding points to the surface of the edit volume, re-triangulating
the scene, then modifying the cell values.

NGP. We additionally presented techniques for tetrahedral
densification and hardware accelerated tetrahedral render-
ing. We have shown that this flexible backwards-compatible
representation enables a variety of standard editing appli-
cations and physics-based simulation approaches, in addi-
tion to supporting arbitrary lens distortions. We believe
that our approach represents a compelling combination of
highly desirable properties for radiance field models, and
we hope that this work will bring the community closer to
widespread adoption of radiance field techniques in user-
facing computer graphics applications.
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