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Figure 1. We propose SVRaster, a novel framework for multi-view reconstruction and novel view synthesis. (a) Sparse voxel represen-
tation effectively captures the volume density and radiance field of the scene, without the need for neural networks, 3D Gaussians, and
sparse-points prior. (b) Using our customized sparse voxel rasterizer, we can learn the underlying 3D scene efficiently and achieve state-of-
the-art performance in both rendering quality and speed. (c) Notably, lifting 2D modal to the trained sparse voxels is simple and efficient by
integrating the classic Volume Fusion [7, 8, 34]. We show examples of vision foundation model feature field from RADIO [38], semantic
field from Segformer [52], and signed distance field from rendered depth, making it flexible and suitable for a wide range of applications.

Abstract

We propose an efficient radiance field rendering algorithm
that incorporates a rasterization process on adaptive sparse
voxels without neural networks or 3D Gaussians. There
are two key contributions coupled with the proposed sys-
tem. The first is to adaptively and explicitly allocate sparse
voxels to different levels of detail within scenes, faithfully
reproducing scene details with 655363 grid resolution while
achieving high rendering frame rates. Second, we cus-
tomize a rasterizer for efficient adaptive sparse voxels ren-
dering. We render voxels in the correct depth order by us-
ing ray direction-dependent Morton ordering, which avoids
the well-known popping artifact found in Gaussian splat-
ting. Our method improves the previous neural-free voxel
model by over 4db PSNR and more than 10x FPS speedup,
achieving state-of-the-art comparable novel-view synthesis
results. Additionally, our voxel representation is seamlessly
compatible with grid-based 3D processing techniques such
as Volume Fusion, Voxel Pooling, and Marching Cubes, en-
abling a wide range of future extensions and applications.
Code: github.com/NVlabs/svraster

1. Introduction

Gaussian splatting [20] has emerged as one of the most
promising solutions for novel view synthesis. It has drawn
wide attention across multiple communities due to its ex-
ceptional rendering speed and ability to capture the nuanced
details of a scene. Nevertheless, Gaussian splatting in its
base form has two key limitations: first, sorting Gaussians
based on their centers does not guarantee proper depth or-
dering. It may result in popping artifacts [37] (i.e., sud-
den color changes for consistent geometry) when chang-
ing views. Second, the volume density of a 3D point is
ill-defined when covered by multiple Gaussians. This am-
biguity makes surface reconstruction non-trivial.

On the other hand, grid representations inherently avoid
these issues—both ordering and volume are well-defined.
However, due to ray casting, the rendering speed of these
methods [4, 5, 24, 43, 44, 51] is slower than that of Gaussian
Splatting. This raises the question: is it possible to take
the best of both worlds? Can we combine the efficiency of
Gaussian splatting with the well-defined grid properties?

Fortunately, the answer is yes. Our key insight is to re-
visit voxels—a well-established primitive with decades of
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history. Voxel representations are inherently compatible
with modern graphics engines and can be rasterized effi-
ciently. Additionally, previous work has demonstrated their
ability to model scene volume densities, despite through
volume ray casting. This positions voxels as the perfect
bridge between rasterization and volumetric representation.
However, naively adopting voxels does not work well [11].
Since a scene may consist of different levels of detail.

With these observations in mind, we present SVRaster,
a novel framework that combines the efficiency of rasteri-
zation in 3DGS with the structured volumetric approach of
grid-based representations. SVRaster leverages (1) multi-
level sparse voxels to model 3D scenes and (2) implements a
direction-dependent Morton order encoding that facilitates
the rasterization rendering from our adaptive-sized sparse
voxel representation. Our rendering is free from popping
artifacts because the 3D space is partitioned into disjoint
voxels, and our sorting ensures the correct rendering order.
Moreover, thanks to the volumetric nature and neural-free
representation of SVRaster, our sparse voxel grid can be
easily and seamlessly integrated with classical grid-based
3D processing algorithms.

We show that our method is training fast, rendering fast,
and achieves novel-view synthesis quality comparable to
the state-of-the-art. We also integrate Volume Fusion, Voxel
Pooling, and Marching Cubes operations into our adaptive
sparse voxels, which showcases promising results of mesh
extraction and 2D foundation feature fusion.

2. Related Work
Differentiable volume rendering has made significant
strides in 3D scene reconstruction and novel-view synthesis
tasks. Neural Radiance Fields (NeRF) [30] laid the founda-
tion for this progress by optimizing a volumetric function,
parameterized by multi-layer perceptrons (MLPs) to encode
both geometry and appearance through differential render-
ing. Subsequent studies focus on accelerating speed by
decomposing large MLPs into grid-based representations,
with a shallow MLP typically still being employed. Several
grid representations have been explored—dense grids [43],
factorized grids [5], tri-planes [4], and hash grids [32].

In particular, our method is closely related to sparse
voxel grid representations. Sparse Voxel Octrees [22] and
VDB trees [33] are commonly used to manage sparse vox-
els and facilitate rendering. In contrast, our sparse vox-
els are stored in a 1D array without advanced data struc-
tures. Our rasterizer with the proposed direction-dependent
Morton order ensures correct rendering order. To model
volumes in sparse leaf nodes, different strategies exist,
such as low-resolution 3D grid [33, 50] or implicit neural
field [25, 45]. Our leaf node is a single voxel with explicit
density and color parameters, like Plenoxels [11]. Regard-
ing voxel levels, previous methods allocate voxels to a tar-

get level [11, 25, 45, 55] or use a shallow tree [33, 50]. Our
voxels can adaptively fit into different levels across the en-
tire tree depth, maximizing flexibility and scalability.

Another scalability issue of the previous grid-based
methods is that they still use some sort of dense 3D grid in
the field of novel-view synthesis. For instance, dense occu-
pancy grids [5, 23, 32, 43] for free-space skipping or dense
pointer grid [11] to support sparse voxel lookup. We do not
use any 3D dense data structures.

3D Gaussian Splatting (3DGS) [20] takes a different ap-
proach by representing scenes with 3D Gaussian primitives
and using rasterization for rendering, achieving state-of-the-
art trade-off for quality and speed. Our work is inspired
by the efficiency of using a rasterizer by 3DGS. However,
3DGS exhibits view-inconsistent popping artifacts due to
inaccurate rendering order and primitive overlapping. Some
recent works mitigate this artifact [31, 37], but completely
resolving it significantly harms rendering speed [28]. Our
method does not suffer from the popping artifact. Typi-
cally, 3DGS [20] initializes Gaussians from the triangulated
points via COLMAP [41], which is especially critical for
unbounded scenes. The sparse points geometry is also em-
ployed to guide the training of volumetric representations
and has shown improvement in some NeRF-based meth-
ods [9, 12]. In this work, we do not use the sparse points.

Mesh reconstruction is an important extended topic for
both volumetric-based and GS-based methods. Recent
3DGS variants [14, 16] with proper regularization have
shown a good speed-accuracy trade-off. However, di-
rectly extracting meshes from 3DGS remains challeng-
ing, so these methods still rely on volumetric-based post-
processing algorithms to extract meshes. NeRF vari-
ants [24, 44, 47, 48, 51, 53] improve surface quality by ren-
dering a signed distance field (SDF) instead of density field.
The well-defined volume makes it straightforward to extract
a mesh from the isosurface. Our sparse voxels are also a
volumetric representation. Though our voxel also follows
volumetric representation focusing on the density field, we
still can achieve promising accuracy with minimal time.

For efficient rendering, another line of research is to
convert (or distill) the geometry and appearance of a high-
quality but slow model into other efficient kind of represen-
tations such as smaller MLPs [39, 46], meshes [40, 49, 54],
grids [10], or the recent Gaussians [35]. Typically, the pow-
erful Zip-NeRF [3] is employed as the teacher model which
requires hours of training per scene. Our volumetric repre-
sentation could enable training-free conversion from a large
implicit field, which is however out of our current scope.

Finally, the sparse voxel is also a widely-used represen-
tation for 3D processing [7, 8, 19, 26, 34, 36] and under-
standing [6, 13, 50]. We mainly focus on rendering in this
work while we believe that adapting our method to these
techniques is a promising future direction.
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Figure 2. Sparse voxels scene representation. (Left) We allocate
voxel under an Octree layout. Each voxels has its own Spherical
Harmonic coefficient for view-dependent appearance. The color
field is approximated as a constant inside a voxel when render-
ing a view for efficiency. The density field is trilienarly varied
inside a voxel and is modeled by the density values on the corner
grid points (i.e., the black dots •) of each voxel. The grid points
densities are shared between adjacent voxels. (Right) We evenly
sample K points inside the segment of ray-voxel intersection to
compute volume integration for its alpha value contributing to the
pixel ray. See Sec. 3.1.1 for details.

3. Approach
We present our approach as follows. First in Sec. 3.1, we
introduce our sparse voxels scene representation and our
rasterizer for rendering sparse voxels into pixels. Later in
Sec. 3.2, we describe the progressive scene optimization
strategy, which is designed for faithfully reconstructing the
scene from multi-view images using our sparse voxels.

3.1. Sparse Voxels Rasterization
Recent neural radiance field rendering approaches, such as
NeRF [30] and 3DGS [20] variants, use the following alpha
composition equation to render a pixel’s color C:

C =
∑N

i=1
Ti · αi · ci , Ti =

∏i−1

j=1
(1− αj) , (1)

where αi ∈ R∈[0,1] and ci ∈ R3
∈[0,1] are alpha and view-

dependent color at the i-th sampled point or primitive on
the pixel-ray. The quantity Ti is known as the transmittance.
At a high-level, the difference between each method comes
down to: i) how they find the N points or primitives to com-
posite a pixel-ray and ii) how the rgb and alpha values are
determined from their scene representations.

Our sparse-voxel method follows the same principle. In
Sec. 3.1.1, we provide details of our sparse voxels scene
representation and how the αi and ci in Eq. (1) are com-
puted from a voxel. In Sec. 3.1.2, we present our rasterizer,
that gathers the N voxels to be composited for each pixel.

3.1.1. Scene Representation
We first describe the grid layout for allocating our sparse
voxels and then derive the alpha value, view-dependent

color, and other geometric properties needed for the com-
posite rendering of a voxel.

Sparse voxel grid. Our SVRaster constructs 3D scenes
using a sparse voxel representation. We allocate voxels
following an Octree space partition rule (i.e., Octree lay-
out as illustrated in Fig. 2a) for two reasons necessary for
achieving high-quality results. First, it facilitates the correct
rendering order of voxels with various sizes (Sec. 3.1.2).
Second, we can adaptively fit the sparse voxels to different
scene level-of-details (Sec. 3.2). Note that our representa-
tion does not replicate a traditional Octree data structure
with parent-child pointers or linear Octree. Specifically, we
only keep voxels at the Octree leaf nodes without any ances-
tor nodes. Our sorting-based rasterizer will project voxels
to image space and guarantee all voxels are in the correct
order when rendering. In sum, we store individual voxels
in arbitrary order without the need to maintain a more com-
plex data structure, thanks to the flexibility provided by our
rasterizer.

We choose a maximum level of detail L (= 16 in this
work) that defines a maximum grid resolution at (2L)3. Let
ws ∈ R be the Octree size and wc ∈ R3 be the Octree
center in the world space. The voxel index v = {i, j, k} ∈
[0, . . . , 2L−1]3 together with a Octree level l ∈ [1, L] (l = 0
represent root node and is not used) define voxel size vs and
voxel center vc as:

vs = ws · 2−l , vc = wc − 0.5 ·ws + vs · v . (2)

Internally, we map the grid index to its Morton code us-
ing a well-known bit interleaving operation in the low-level
CUDA implementation. Please see supplementary materi-
als for more details.

Voxel alpha from density field. Next, we present details
for the geometry and appearance modeling of each voxel
primitive. For scene geometry, we use eight parameters cor-
responding to the voxel corners to model a trilinear density
field inside each voxel, denoted as vgeo ∈ R2×2×2. Shar-
ing corners among adjacent voxels results in a continuous
density field.

We also need an activation function to ensure a non-
negative density value for the raw density from vgeo. For
this purpose, we use exponential-linear activation:

explin(x) =

{
x if x > 1.1

exp
(

x
1.1 − 1 + ln 1.1

)
otherwise

, (3)

which approximates softplus but is more efficient to com-
pute. For a sharp density field inside a voxel, we apply the
non-linear activation after trilinear interpolation [18, 43].

To derive the alpha value of a voxel contributing to the
alpha composition formulation in Eq. (1), we evenly sam-
ple K points in the ray segment of ray-voxel intersection
as depicted in Fig. 2b. The equation follows the numerical
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Figure 3. Rasterization procedure. Refer to Sec. 3.1.2 for details.

integration for volume rendering as in NeRF [29, 30]:

α = 1−exp

(
− l

K

K∑
k=1

explin (interp (vgeo,qk))

)
, (4)

where l is the ray segment length, qk is the local voxel co-
ordinate of the k-th sample point, and interp(·) indicates
trilinear interpolation.

Voxel view-dependent color from SHs. To model view-
dependent scene appearance, we use Nshd degree SH. For
increased efficiency, we assume the SH coefficients stay
constant inside a voxel, denoted as vsh ∈ R(Nshd+1)2×3.
We approximate voxel colors as a function of the direction
from the camera position ro to the voxel center vc instead
of individual ray direction rd for the sake of efficiency fol-
lowing 3DGS:

c = max(0, sh eval(vsh,normalize(vc − ro))) , (5)

which is the view-dependent color intensity of the voxel
contributing to the pixel composition Eq. (1). Due to the ap-
proximation, the resulting SH color of a voxel can be shared
by all covered pixels in the image rather than evaluating the
SH for each intersecting ray.

Voxel normal. The rendering of other features or proper-
ties is similar to rendering a color image by replacing the
color term c in Eq. (1) with the target modality like the nor-
mal of a voxel density field. For rendering efficiency, we
assume the normal stays constant inside a voxel, which is
represented by the analytical gradient of the density field at
the voxel center:

n⃗ = normalize (∇q interp (vgeo,qc)) , (6)

where qc = (0.5, 0.5, 0.5) and the closed-form equations
for forward and backward passes are in the supplemen-
tary material. Similar to the SH colors, the differentiable
voxel normals are computed once in pre-processing and are
shared by all the intersecting rays in the image.

Voxel depth. Unlike colors and normals, the point depths
to composite is efficient to compute so we do the same K
points sampling as in the voxel alpha value in Eq. (4) for
a more precise depth rendering. We manually expand and
simplify the forward and backward computation for small
number of K in our CUDA implementation. Please refer to
supplementary materials for details.

(a)

2 3

0 1

3 2

1 0

0 1

2 3

1 0

3 2

100

200

330

310
212 213

210 211

000

100

200

330

310
212 213

210 211

000

2 3

0 1

3 2

1 0

0 1

2 3

1 0

3 2

(b)

2 3

0 1

3 2

1 0

0 1

2 3

1 0

3 2

100

200

330

310
212 213

210 211

000

100

200

330

310
212 213

210 211

000

2 3

0 1

3 2

1 0

0 1

2 3

1 0

3 2
(c)

Figure 4. Illustration of the rendering order. (a) In both cases,
the smaller voxels should be rendered first but they will arranged
behind the larger voxels if using voxel centers or the nearest cor-
ners as the sorting order. (b) We show the four types of Morton
order under the 2D world. The voxel rendering order under an Oc-
tree node is depend on which world quadrant the ray direction is
pointing to. (c) An toy example of sorting the Morton order encod-
ing. All the ray directions going toward the up-right quadrant can
use the sorted voxels for a correct rendering order. See Sec. 3.1.2
for details.

3.1.2. Rasterization Algorithm
The overview of our sparse voxel rasterization procedure
is depicted in Fig. 3. We build our sorting-based raster-
izer based on the highly efficient CUDA implementation of
3DGS [20]. The procedure is detailed in the following.

Projection to image space. The first step of rasterization
is projecting sparse voxels onto image space and assigning
the voxels to the tiles (i.e., image patches) they cover. In
practice, we project the eight corner points of each voxel.
The voxel is assigned to all tiles overlapped with the axis-
aligned bounding box formed by the projected eight points.

Pre-processing voxels. For active voxels assigned to tiles
of the target view, we gather their densities vgeo from
the grid points, compute view-dependent colors from their
spherical harmonic coefficients with Eq. (5), and derive
voxel normals by Eq. (6). The pre-processed voxel prop-
erties are shared among all pixels during rendering.

Sorting voxels. For accurate rasterization, primitive ren-
dering order is important. Similar to the challenge in
3DGS [20], using primitive centers or their closest distance
to the camera can produce incorrect ordering, producing
popping artifacts [37]. We show two incorrect ordering
results using naive sorting criteria in Fig. 4a. Thanks to
the Octree layout (Sec. 3.1.1), we can sort by Morton or-
der using our sparse voxels representation. As illustrated
in Fig. 4b, we can follow certain types of Morton order to
render the voxels under an Octree node for correct order-
ing. The type of Morton order to follow is solely dependent
on the positive/negative signs of the ray direction (the ray
origin doesn’t matter). That is to say, we have eight permu-
tations of Morton order for different ray directions in the 3D
space. Finally, the generalization to multi-level voxels can
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be proved by induction. An ordering example in 2D with
three levels is depicted in Fig. 4c.

The sorting is applied for each image tile. In case all
the pixels in a tile share the same ray direction signs, we
can simply sort the assigned voxels by their type of Morton
order. We handle the corner case when multiple Morton
orders are required in supplementary materials.

Rendering pixels. Finally, we proceed with alpha com-
position, Eq. (1), to render pixels. In our case, the N
primitives blend of a pixel-ray depends on the number of
sparse voxels assigned to the tile that the pixel-ray belongs
to. The computation of the alpha, color, and other geo-
metric properties from our sparse voxels are described in
Sec. 3.1.1. When rendering sparse voxels for a pixel-ray,
we compute ray-aabb intersection to determine the ray seg-
ment to sample (for voxel alpha in Eq. (4)) and skip some
non-intersected sparse voxels. We do early termination of
the alpha composition if the transmittance of a sparse voxel
is below a threshold Ti<hT.

Anti-aliasing. To mitigate aliasing artifacts, we render in
hss times higher resolution and then apply image downsam-
pling to the target resolution with an anti-aliasing filter.

3.2. Progressive Sparse Voxels Optimization
In this section, we describe the procedure to optimize a 3D
scene from the input frames with known camera parameters
using our SVRaster presented in Sec. 3.1.

Voxel max sampling rate. We first define the maximum
sampling rate vrate of each voxel on the training images,
which reflects the image region a voxel can cover. A smaller
vrate indicates that the voxel is more prone to overfitting
due to less observation. We use vrate in our voxel initializa-
tion and subdivision process described later. Given Ncam

training cameras, we estimate the maximum sampling rate
of a voxel as follows with visualization in Fig. 5a:

vrate = maxNcam
i

vs

v
(i)
interval

, (7a)

v
(i)
interval = (vc − r(i)o )⊺ℓ(i)︸ ︷︷ ︸

Voxel z-distance

·
tan

(
0.5 · θ(i)fov-x

)
0.5 ·W (i)︸ ︷︷ ︸

Unit-distance pixel size

, (7b)

where ℓ is camera lookat vector, θfov-x is camera horizontal
field of view, and W is image width. The sampling rate
indicates the estimated number of rays along the image’s
horizontal axis direction that may hit the voxel.

3.2.1. Scene Initialization
Without employing an additional prior, we initialize all
the parameters to constant. We start with volume den-
sity approaching zero by setting voxel raw density to a
negative number hgeo so that the initial activated density
explin(hgeo)≈0. We set the SH coefficients to zero for

(Pixel length in unit-distance plane)

(a)

1-st background shell

2-nd background shell

Main region

(b)

Figure 5. Visualization of voxel sampling rate and grid lay-
out initialization. (a) We visualize the voxel sampling rate de-
fined in Eq. (7). (b) We depict the foreground main region and
the background region under different shell levels. In unbounded
scenes, we apply different grid layout initialization strategies for
foreground and background regions. See Sec. 3.2.1 for details.

non-zero degrees and set the view-independent zero-degree
component to yield gray color (i.e., intensity equal 0.5). We
detail the Octree grid layout initialization in the following.

Bounded scenes. In case the scenes or the objects to re-
construct are enclosed in a known bounded region, we sim-
ply initialize the layout as a dense grid with hlv levels and
remove voxels unobserved by any training images. The
number of voxels is ≤ (2hlv)3 after initialization.

Unbounded scenes. For the unbounded scenes, we first
split the space into the main and the unbounded background
regions, depicted in Fig. 5b, each with a different heuristic.
We use the training camera positions to determine a cuboid
for the main region. The cuboid center is set to the average
camera positions and the radius is set to the median dis-
tance between the cuboid center and the cameras. The same
as the bounded scenes, we initialize a dense grid with hlv

levels for the main region. For the background region, we
allocate hout level of background shells enclosing the main
region, which means that the radius of the entire scene is
2hout of the main region. In each background shell level,
we start with the coarsest voxel size, i.e., 43−23=56 vox-
els in each shell level. We then iteratively subdivide shell
voxels with the highest sampling rate and remove voxels
unobserved by any training cameras. The process repeats
until the ratio of the number of voxels in the background
and the main regions is hratio. The number of voxels is
≤ (1 + hratio)(2

hlv)3 after initialization.

3.2.2. Adaptive Pruning and Subdivision
The initialized grid layout only coarsely covers the entire
scene that should be adaptively aligned to different levels-
of-detail for the scene during the training progress. We ap-
ply the following two operations every hevery training iter-
ations to achieve this purpose.

Pruning. We compute the maximum blending weight
(Tiαi) from Eq. (1) of each voxel using all the training cam-
eras. We remove voxels with maximum blending weight
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lower than hprune.

Subdivision. Our heuristic is that a voxel with a larger
training loss gradient indicates that the voxel region requires
finer voxels to model. Specifically, we accumulate the sub-
division priority as the following:

vpriority =
∑

r∈R

∥∥∥∥α(r) · ∂L(r)∂α(r)

∥∥∥∥ , (8)

where R is the set of all training pixel rays throughout the
hevery iterations and L(r) is the training loss of the ray.
The gradient is weighted by alpha values contributed from
the voxel to the ray. Higher vpriority indicates higher sub-
division priority. To prevent voxels from overfitting few
pixels, we set the priority to zero for voxels with maxi-
mum sampling rate lower than a sampling rate threshold
vrate < 2hrate. Finally, we select the voxels with prior-
ity above the top hpercent percent to subdivide, i.e., the total
number of voxels is increased by (hpercent ·(8−1)) percent.
Note that we only keep the leaf nodes in the Octree layout
so we remove the source voxels once they are subdivided.

When voxels are pruned and subdivided, the voxel
Spherical Harmonic (SH) coefficients and the grid point
densities need to be updated accordingly. The SH coeffi-
cients are simply pruned together with voxels and dupli-
cated to the subdivided children voxels. Grid point densi-
ties are slightly more complex as the eight voxel corner grid
points are shared between adjacent voxels (Fig. 2). We re-
move a grid point only when it does not belong to any voxel
corners. When subdividing, we use trilinear interpolation to
compute the densities of the new grid points. The duplicated
grid points are merged and their densities are averaged.

3.2.3. Optimization objectives
We use MSE and SSIM as the photometric loss between the
rendered and the ground truth images. The overall training
objective is summarized as:

L = Lmse + λssimLssim

+ λTLT + λdistLdist + λRLR + λtvLtv , (9)

where λ are the loss weights, LT encourages the final ray
transmittances to be either zero or one, Ldist is the distortion
loss [2], LR is the per-point rgb loss [43], and Ltv is the total
variation loss on the sparse density grid. In mesh extraction
task, we also add the depth-normal consistency loss from
2DGS [16]:

Lmesh = λn-dmeanLn-dmean + λn-dmedLn-dmed , (10)

where both losses encourage alignment between rendered
normals and depth-derived normals from mean and median
depth. More details are in the supplementary materials.

3.2.4. Sparse-voxel TSDF Fusion and Marching Cubes
Our sparse voxels can be seamlessly integrated with grid-
based algorithms. To extract a mesh, we implement March-

GT Ours 3DGS 3DGSOursGT

Figure 6. A qualitative comparison with 3DGS [20]. Our result
here corresponding to the base version in Tab. 1. We achieve sim-
ilar visual quality comparing to 3DGS. Note that 3DGS use the
coarse geometry from SfM while we do not rely on this prior.

Figure 7. Visualization of the reconstructed surface. We show
the rendering images, normal maps, and the final meshes on
Tanks&Temples and DTU datasets. Note that we only model the
scene with density field and do not use the coarse geometry prior
from SfM sparse points in this work.

ing Cubes [27] to extract the triangles of an isosurface over
density from the sparse voxels. The duplicated vertices
from adjacent voxels are merged to produce a unique set
of vertices. When the adjacent voxels belong to different
Octree levels, the extracted triangle may not be connected
as the density field is not continuous for voxels in differ-
ent levels. Such discontinuities can be removed by simply
subdividing all voxels to the finest level.

Deciding the target level set for extracting the isosurface
can be tricky for the density field. Instead, we implement
sparse-voxel TSDF-Fusion [7, 8, 36] to compute the trun-
cated signed distance values of the sparse grid points. We
can then directly extract the surface of the zero-level set us-
ing the former sparse-voxel Marching Cubes. Future exten-
sions of our method could directly model signed distance
fields following NeuS [47] and VolSDF [53]. The sparse-
voxel TSDF-Fusion can still be beneficial to directly initial-
ize our sparse voxel representation from sensor depth.

4. Experiments
4.1. Implementation Details
We use the following implementation details except stated
otherwise. We start the optimization from empty space with
raw density set to hgeo=−10. The initial Octree level is
hlv=6 (i.e., 643 voxels) for the bounded scenes and the fore-
ground main region of the unbounded scenes. To model
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Mip-NeRF360 dataset

Method FPS↑ Tr. Time↓ LPIPS↓ PSNR↑ SSIM↑
NeRF [30] <1 ∼day 0.451 23.85 0.605
M-NeRF [1] <1 ∼day 0.441 24.04 0.616
M-NeRF360 [2] <1 ∼day 0.237 27.69 0.792
Zip-NeRF [3] † <1 ∼hrs 0.187 28.55 0.828
Plenoxels [11] <10 ∼30m 0.463 23.08 0.626
INGP [32] ∼10 ∼5m 0.302 25.68 0.705
3DGS [20] † 131 24m 0.216 27.45 0.815
Ours fast-rend 258 9m 0.210 26.87 0.804
Ours fast-train 131 4.5m 0.199 27.08 0.816
Ours 121 15m 0.185 27.33 0.822
† Re-evaluate on our machine.

Table 1. Novel-view synthesis results comparison on Mip-
NeRF360 dataset [2]. The results are averaged from 4 indoor
scenes and 5 outdoor scenes. 3DGS uses the sparse points prior
from COLMAP [41], whereas the other methods and ours do not.

Tanks&Temples Deep Blending

Method FPS↑ LPIPS↓ PSNR↑ FPS↑ LPIPS↓ PSNR↑

Plenoxels [11] 13 0.379 21.08 11 0.510 23.06
INGP [32] 14 0.305 21.92 3 0.390 24.96
M-NeRF360 [2] <1 0.257 22.22 <1 0.245 29.40
3DGS [20] † 180 0.176 23.75 140 0.244 29.60
Ours 125 0.144 23.04 366 0.228 29.84
† Re-evaluate on our machine.

Table 2. Comparison on Tanks&Temples [21] and Deep Blend-
ing [15] datasets. We follow 3DGS [20] to use two outdoor scenes
from Tanks&Temples and two indoor scenes from Deep Blending.

GT Ours 3DGS

Figure 8. Failuare case. On scenes with severe exposure variation
of training views, our method struggles and produces clear bound-
ary of different brightnesses and allocates many floaters. 3DGS on
the other hand is less sensitive to photometric variation of GT. This
explains our worse PSNR and FPS on Tanks&Temples in Tab. 2.

unbounded scenes, we use hout=5 background shell lev-
els with hratio=2 times the number of foreground voxels
(Sec. 3.2.1 and Fig. 5). The early ray stopping thresh-
old is set to hT=1e−4 and the supersampling scale is set
to hss=1.5. Inside each voxel, we sample K=1 point for
novel-view synthesis and K=3 points for mesh reconstruc-
tion task. We train our model for 20K iterations. The voxels
are pruned and subdivided every hevery=1,000 iterations.
The pruning threshold hprune is linearly scale from 0.0001
to 0.05 and the subdivision percentage is hpercent=5. More

FPS at higher res.↑
Method Peak GPU mem.↓ Model size↓ 1x 2x 3x

3DGS 1.8GB 0.7GB 131 69 39
Ours 3.9GB 1.8GB 121 103 69
Table 3. Memory, model size, and high-res FPS. The results are
averaged on Mip-NeRF360 dataset. The standard 1x evaluation
resolution have about 1–1.6M pixels per frame.

details are provided in the supplement.
We use the standard LPIPS [56], SSIM, and PSNR met-

rics to evaluate novel-view quality. We directly employ the
LPIPS implementation from prior work [20], which uses
[0, 1] image intensity range with VGG [42] network. For
mesh accuracy, we follow the benchmarks to use F-score
and chamfer distance. We use the test-set images to mea-
sure the FPS on a desktop computer with a 3090 Ti GPU.

4.2. Novel-view Synthesis
In Tab. 1, we show the quantitative comparison on the
MipNeRF-360 dataset. We also provide a fast-rendering
variant with >2x FPS by setting hss=1.5, hprune=0.15, and
a fast-training variant with >3x training speedup by scaling
all iteration related hyperparameter by 0.3. Both fast vari-
ants only reduce quality moderately.

Our rendering speed is comparable to 3DGS on average.
However, FPS varies significantly across scenes (see sup-
plementary for detailed per-scene results). Several differ-
ences impact speed between our method and 3DGS. For in-
stance, 3DGS sorts 32-bit floats, while we sort 48-bit Mor-
ton codes (16 levels, each with 3 bits) for primitive order-
ing. We also avoid the overhead of computing inverse co-
variance matrices from quaternions and scaling parameters.
We directly intersect rays with voxels in 3D space, whereas
3DGS approximates the projection of 3D Gaussians to 2D
via a linear affine transform. Finally, Gaussian distributions
decay gradually to zero, while our post-activation [18, 43]
voxel density field can be arbitrarily sharp. As a result, the
average numbers of primitives contributing to a pixel inten-
sity is 63 for 3DGS and 27 for us. The influence of these
factors on rendering speed is scene-dependent.

Regarding rendering quality metrics, our method
achieves significantly better LPIPS than 3DGS and even
surpasses Zip-NeRF. This can be explained by the quali-
tative comparison in Fig. 6 where our method recover finer
details. The SSIM comparison results with 3DGS is more
scene-dependent. SSIM comparisons with 3DGS are more
scene-dependent, while PSNR tends to favor 3DGS, as it
prefers smoother rendering in uncertain regions. More vi-
sual comparisons are in the supplementary.

Our method uses much more voxel primitives than Gaus-
sian, resulting in larger model size and requires more GPU
memory as shown in Tab. 3. Interestingly, our high FPS is
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Resolution of main 2563 5123 10243 adaptive Plenoxels 6403

LPIPS↓ 0.444 0.326
OOM

0.200 0.452
PSNR↑ 23.98 25.37 28.01 23.29
FPS↑ 457 190 171 <10

Table 4. Ablation experiments of adaptive and uniform voxel
sizes. The results are evaluated on the indoor bonsai and the out-
door bicycle scenes from MipNeRF-360 dataset. The resolutions
at the first row indicate the final grid resolution of the main fore-
ground cuboid. Plenxoels is the previous fully-explicit voxel grid
approach. Please refer to Sec. 4.3 for more discussion.

more scalable to higher resolution rendering perhaps due to
the fewer contributing primitives per pixel.

We compare results on two more datasets in Tab. 2. On
Deep Blending [15] dataset, we achieve much better speed
and quality than 3DGS. On Tanks&Temples dataset [21],
despite having better LPIPS, our PSNR and FPS are worse
than 3DGS. The failure results are shown in Fig. 8 where
the training views have large exposure variation. As a re-
sult, our method produces a clear brightness boundary in
the scene with many floaters that slow down our rendering.

4.3. Ablation Studies
The rasterization process improves the rendering speed of
sparse voxels, while the key to achieve high-quality results
is the adaptive voxel size for different levels of detail. We
show an ablation experiment in Tab. 4. Instead of sub-
dividing voxels adaptively, the uniform voxel size variant
subdivides all the voxels at certain training iterations until
the grid resolution of the foreground main region reaches
2563, 5123, or 10243. We also align the background and
the pruning setup where the details are deferred to the sup-
plementary. As shown in the table, the quality of uniform
voxel size in 5123 resolution is much worse than the adap-
tive voxel size under similar FPS. Our machine with 24GB
GPU memory fails to reach 10243 grid resolution despite
the voxels being pruned and sparse. Plenoxels [11] renders
sparse voxels by ray casting and sampling following NeRF.
Their FPS is significantly lower than our rasterization-based
sparse voxel rendering. As they use a dense 3D pointer
grid to support point sampling on rays, the model scalabil-
ity for the unbounded background region is thus limited. To
workaround, they apply a multi-sphere image with 64 lay-
ers to model the background. Conversely, we set the scene
size as 32x larger (hout=5) than the foreground cuboid and
direct model the entire scene by our sparse voxels. As a
result, our uniform size variant with 5123 foreground reso-
lution still outperforms Plenoxels with 6403 grid.

In our rasterizer, we use direction-dependent Morton or-
der to ensure the sorting of voxels from different levels is
correct. However, like the case in 3DGS, the popping arti-
fact by the incorrect order is not a major factor in the nu-
merical results. Instead, we provide more visualization in

Tansk&Temples DTU

Method Geom. Init. F-score↑ Tr. time↓ Cf.↓ Tr. time↓
NeRF [30] Density Random - - 1.49 hrs
NeuS [47] SDF Sphere 0.38 hrs 0.84 hrs
Voxurf [51] SDF Sphere - - 0.76 15m
Neuralangelo [24] SDF Sphere 0.50 hrs 0.61 hrs
3DGS [20] Gaussians SfM pts. 0.19 14m 1.96 11m
SuGaR [14] Gaussians SfM pts. 0.09 ∼1h 1.33 ∼1h
2DGS [16] Gaussians SfM pts. 0.32 16m 0.80 11m
Ours Density Constant 0.40 11m 0.76 5m

Table 5. Mesh results comparison on the Tanks&Temples [21]
and DTU [17] datasets. Our method with volume density and
constant field initialization achieves good accuracy-time trade-off
on the unbounded-level and object-level datasets.

the supplementary videos to show its effect. See more abla-
tion studies in the supplementary materials.

4.4. Mesh Reconstruction
We extract mesh by adapting TSDF-Fusion [34] and March-
ing Cubes [27] into our sparse voxels. The results com-
parison on the large-scale Tanks&Temples and the object-
scale DTU datasets is provided in Tab. 5, where our method
achieves a good balance of accuracy and training time on
both datasets. See qualitative examples in Fig. 7 and the
supplementary materials. We find that our current method
tends to produce unnecessary geometric bumps for texture
details. Future work could improve surface smoothness by
adapting our density field for direct signed distance field
modeling or incorporating SfM sparse points prior.

4.5. 2D Feature Fusion
We showcase some results in Fig. 1, where we fuse 2D se-
mantic segmentation and high-dimensional foundation fea-
tures into our sparse voxels using Voxel Pooling and Vol-
ume Fusion. The multi-view ensemble smooths the incon-
sistent 2D predictions, while our detailed 3D geometry en-
ables higher-resolution rendering of 2D features. See more
results in the released code.

5. Conclusion
This work presents a novel differentiable radiance field ren-
dering system that integrates an efficient rasterizer with a
multi-level sparse voxel scene representation. We recon-
struct a scene from the multi-view input images by adap-
tively fitting the sparse voxels into different levels-of-detail.
The results reveal that fully explicit voxel models, without
neural networks or Gaussians, can achieve state-of-the-art
comparable novel-view rendering speed and quality. The
key breakthrough is overcoming the scalability constraint
of voxel grids with adaptive sparse voxels and improving
rendering speed through rasterization. We believe that in-
corporating our method with classical 3D processing algo-
rithm [7, 8, 19, 26, 36] and 3D neural network [6, 13, 50]
are promising future directions.
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