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Abstract. Though Gaussian splatting has achieved impressive results
in novel view synthesis, it requires millions of primitives to represent
highly textured scenes — even when the underlying geometry is simple.
We propose a representation that decouples geometry and appearance
to achieve a compact and computationally efficient representation. Our
method uses surfels for geometry and combines a global neural field with
per-primitive colors for appearance. While existing approaches that tex-
ture primitives incur significant overhead in either memory or rendering
speed, our method strikes a better balance by leveraging the neural field
to implicitly compress texture information. We bound the computations
required in the rendering pass by querying the neural field for a fixed
number of primitives per pixel, enabling real-time rendering speeds. Our
representation matches the perceptual quality of 3D Gaussian splatting
while using 9.7x fewer primitives and 5.5X less memory on outdoor
scenes, and 31X fewer primitives and 3.7x less memory on indoor scenes.

1 Introduction

In computer graphics, a scene’s geometry governs how light is blocked, while its
appearance determines the color contributed to each rendered pixel. Point-based
representations like 3D Gaussian splats (3DGS) merge these roles, since each
primitive jointly encodes geometry and appearance [26]. This coupling stands
in contrast to traditional surface-based methods, where coarse geometry (e.g., a
quad) can still capture fine-grained appearance (e.g., a detailed painting) through
texturing. As illustrated in Figure [T Gaussian splats therefore require a large
number of primitives to represent high-frequency appearance, leading to sub-
stantial memory usage.

A more compact representation becomes possible by decoupling geometry
from appearance. When appearance is delegated to textures, mesh-based models
can depict highly realistic scenes, as commonly seen in professionally produced
games and films. Yet meshes have lagged behind in the task of novel view syn-
thesis [20], where the objective is to generate new viewpoints from a collection of
input images of a 3D scene. In the dense-pose setting we consider, the dominant
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Fig. 1: Limitation of point-based representations. Our captured TABLE scene
contains planar geometries with complex textures such as the sheet music above. An
ideal representation would have very few parameters devoted to geometry, and much
more devoted to appearance. Gaussian splatting needs millions of Gaussians to repre-
sent the fine details, each of which has a fized ratio of geometry-to-appearance param-
eters.

strategy is differentiable rendering, which optimizes scene parameters (geom-
etry, light, and materials) so that rendered views match the training images.
Within this framework, meshes face difficulties due to their discrete connectiv-
ity, potential for self-intersections, and complications in computing silhouette
gradients [30[33,361[42].

To mitigate the need for an excessive number of primitives without resorting
to the complexities of mesh optimization, recent work has proposed decoupling
geometry and appearance in Gaussian splatting by introducing textured splats,
most commonly via per-primitive tertures ﬂ?], However, the memory
footprint of such textures grows quadratically with resolution, which constrains
their ability to represent high-frequency appearance in large-scale scenes. Zhang
et al. attempt to overcome this limitation by employing a neural field to
provide appearance in a deferred manner: each primitive samples neural features
from a multi-resolution hash grid, which are then alpha-composited and passed
through a feed-forward network. While this design requires only a single network
evaluation, hash-grid lookups are similarly expensive, and performing several of
them for every ray—primitive intersection results in slow rendering (below 30
FPS), as well as slow training.

Although these methods take inspiration from textured meshes, they miss a
crucial observation: in standard mesh rasterization with depth buffering, texture
fetches are performed only for a limited set of opaque surface fragments .
Motivated by this, we introduce a new representation that preserves the opti-
mization advantages of point-based approaches while leveraging the lightweight
appearance modeling of mesh-based methods — all without sacrificing real-time
rendering performance.
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Contributions. We introduce nezels, a novel representation composed of neurally-
textured primitives that overcomes the coupling of geometry and appearance in
Gaussian splatting. In particular:

(i) For geometry, we introduce a differentiable quad indicator, enabling us to
better reconstruct surfaces and sharp boundaries;

(ii) For appearance, we learn a world-space neural field that provides view-
dependent texture only for the most relevant primitives, capturing fine de-
tails efficiently while keeping computation low;

(ili) We introduce a new dataset that highlights the limitations of point-based
representations in accurately reconstructing regions with high-frequency tex-
tures;

(iv) We achieve perceptual parity with 3DGS using 9.7x fewer primitives on
outdoor scenes and 31x fewer primitives on indoor scenes;

(v) We achieve better photometric quality than existing textured methods while
rendering at real-time rates.

2 Related Work

Neural fields. A neural field implicitly represents a quantity over a region, such
as 3D space, through neural network queries. In novel view synthesis, Mildenhall
et al. [39] use neural fields to parameterize per-point radiance and density for
volumetric rendering. These neural radiance fields (NeRFs) have slow rendering
speed due to both the large number of samples needed for volumetric rendering as
well as expensive per-sample calculations. To reduce the number of samples used
for rendering volumes, early NeRF papers employ stratified sampling and auxil-
iary proposal networks to improve the sampling efficiency [2L[3L[39]. Later works
use empty space skipping and other acceleration techniques to avoid unneces-
sary queries [32L[41[51]. The number of queries can be further constrained using
explicit representations such as shells and meshes [50,/59]. In parallel, follow-up
methods reduce the computational cost of each query by moving much of the
neural network’s representational power into spatial features backed by voxel
grids [15}/54], hierarchical grids [38,41}[56L/65], point sets [9,[11,/61], and other
structures [6,8]. Another line of work avoids the slow runtime of neural fields by
only using them in an initial stage of training before baking in the appearance
and geometry into a fast mesh representation [18}45,58./63]. In contrast, we use
surfels to obtain sample locations which avoids the added complication of mesh
extraction while seamlessly integrating into the differentiable rendering scheme.

Gaussian splatting. Gaussian splatting completely forgoes the neural network
and instead represents radiance fields as a set of explicit primitives which have
decaying opacities according to a Gaussian distribution [26]. It leverages fast
point-based rasterization schemes to achieve real-time performance. There has
been a deluge of follow-up works, of which we will only focus on those that
present new geometry or appearance representations. Several works find that
using flattened 3D primitives also results in high-quality novel view synthesis
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results [12}24] and Ye et al. [64] use these to explicitly model opaque surfaces.
Other non-Gaussian geometries have also been found to be effective: beta kernels,
polynomial kernels, triangles, and more have been proposed [19,2123,[35}/40].
Deformable Beta Splatting (DBS) [35] is particularly effective at achieving higher
rendering quality with fewer parameters. They achieve this reduction through
a leaner set of parameters for view-dependent appearance, which is orthogonal
to our own work. A number of works use neural fields to compress primitive
information, but unlike our work, the splats have no spatial variation across
them and cannot represent details smaller than themselves [10}37,46L/52}|60].
Other works combine 2DGS and 3DGS into a single hybrid representation, but
face the same issue of no variation across the splats [341(68].

A recent line of work applies tex-
tures to Gaussian splats to increase

Method Scene Adapt. Speed Mem.
the appearance capacity of the repre- - Gs o2 x P . X
sentation. This has been done through S5 B4 . 7 /A A
s s . BBSplat [55) v v X x
per-primitive image textures [7[4347)  Neorepivtting [67) Y X x

. GS- i v v v

55| and neural fields [62}[67]. Despite Toxturing 1) *
Nexels v v v v

promising results, there are three key
issues which hinder these methods,
summarized in Tab. [I] First, the ma-
jority of these works initialize from

Table 1: Prior textured works. We
summarize the limitations of recent rep-

. . . resentations with textured primitives. The
a trained dense Gaussian splatting - )
criteria are scene-level reconstructions,

model, which limits their ability to adaptive density control with textures, real-

optimize a representation with fewer ... rendering speeds (30+ FPS), and
primitives. Furthermore, the textur- memory-efficient texture.

ing in all prior methods is applied for

every ray-primitive interaction. For BBSplat and Textured Gaussians, whose
alpha textures further increase overdraw, renders of scene-level reconstructions
typically take over fifty milliseconds. Finally, an ideal texture should be able to
capture multiscale details within a reasonable amount of memory. Works which
use per-primitive image textures are limited by their resolution, which scales
poorly with memory. Only NeST-Splatting fully overcomes the issue by using a
neural field, but this results in much slower renders. Our representation uses a
neural field at a fixed number of samples per-pixel, leading to real-time renders.

3 Preliminaries

Our work builds on both Gaussian splatting and neural field methods. In par-
ticular, we make use of the differentiable surfel rasterization of 2D Gaussian
splatting (2DGS) [24] and the neural field architecture of Instant-NGP [41].

2D Gaussian Splatting [24]. Each surfel in 2D Gaussian splatting (2DGS) is
a 2D Gaussian in 3D space parameterized by its opacity o € R, rotation matrix
R = [v1,Va,v3] € SO3, mean pu € R?, and scale o € R2. The first two axes of
the rotation, vi and vg, determine the axes of the Gaussian, while v functions
as the surfel normal. Additionally, each primitive has a view-dependent radiance
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c® € R3S parameterized by channel-wise spherical harmonics coefficients, where
S is the number of coefficients for a predetermined degree.

Following 3DGS, the surfels are preprocessed and sorted by the depth of their
centers. For a ray r := o+td from the camera, the intersection in primitive space
(u,v) can be computed differentiably from its geometry parameters [24,/53|. This
is used to compute its alpha value, o := oexp (—(u2 + v2)/2). The primitives
are alpha-composited in a tile-based rasterizer. The final color is

i—1
c(r) ==Y TopcP(r), Tp:=]](1— ). (1)
i J

Instant-NGP [41]. Instant-NGP is a neural field architecture composed of a
multiresolution hash-grid H and a tiny multi-layer perceptron (MLP) network
G. The multiresolution hash-grid has L levels, each defining a hash-table H, at
given scale sy. In our implementation, each hash-table has exactly T entries.
Finally, it has a feature dimension of F. Altogether it has L x T' x F' parameters.
Given an input coordinate € R3, an Instant-NGP F can be configured to
return a vector whose size is the MLP output dimension. First, a hash h, €
{0,1,...,T — 1} is calculated for each hash-grid level ¢ based on sy - 2. This
hash is indexed into the grid at that level to retrieve a feature vector. These are
concatenated to obtain H(z) := (7—[07}10, e aHL—l,hL_l) € RYXF | Finally, the

MLP is applied to yield F(z) := G(H(x)).

4 Nexels

This section provides an overview of the main components of our method. Sec-
tion [1] introduces the geometry and appearance representations, while Sec-
tion describes the rendering process. Finally, Section outlines the opti-
mization framework, including adaptive density control and the loss terms used
during training. For notational convenience, we present our method for a single
pixel p with ray r and use view-independent radiance in equations.

4.1 Representation

- B =
Diffuse = Sharp

Geometry. We represent the geometry of nex-
els using a set of N surfels defined by a kernel
governing their opacities. Following 2DGS, the !
primitive has a mean p; € R3, rotation R; € SO3, Fig.2: Kernel. We use a
scale o; € R?, and opacity o; € R. In addition, we generalized Gaussian kernel in
have a gamma parameter 7; € R? that controls order to model near-opaque
how rect-like the primitive is. primitives. Values below 0.1

The opacity at an intersection (u,v) in primi- are set to 0 for visualization

tive space is defined by the generalized Gaussians, Purposes. (Left) For y=1, our
nexels correspond to a Gaus-

5 5 sian distribution. (Right) As
. |u|#7e ex _|U| T 2) ~y—s00, they converge toward
2 P 2 ' the indicator of a quad.

Qo 1= 0; exXp (
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Figure [2| shows the nexel shape for different values of 7. As y—1, the kernel
converges to a standard Gaussian. As y—oo it converges toward a quad with a
sharp transition. This kernel is well suited for modeling opaque and flat surfaces:
for large o and <, the function remains close to 1 over most of the support,
unlike a conventional Gaussian which has a long tail. Our kernel behaves like
a Gaussian where smoothness is needed, while still being able to produce hard
edges in regions with sharp transitions. We constrain v>1, which guarantees that
our kernel is continuous with class C'*°. Unlike prior work which propose similar
kernels [19,/35], our primitive can model hard straight edges. This is because we
take the outer product of two generalized Gaussians rather than evaluate the
generalized Gaussian of the distance. As 7; and -5 grow, the kernel approaches
a rectangle rather than an ellipse as in prior work [19,35].

Appearance. Each surfel has two modes of appearance: non-textured and tex-
tured. During rendering, we select which to use on a per-pixel basis. The non-
textured appearance of surfel i is the same as 2DGS [24], c? € R3S,

The textured appearance of each primitive is represented using a shared
neural field F backed by an Instant-NGP architecture [41]. The field takes as
input any 3D position # € R? and outputs a view-dependent radiance F(x) as
a set of spherical harmonics coefficients. The texture at a given point on any of
the surfels can be computed by querying the neural field at that position.

For a primitive i, we define ¢} (r) as the intersection depth and z}(r) := o+t*d
as the world-space intersection. Naively, the textured appearance for pixel p
would be F(z}(r)). Using point samples for differentiable rendering leads to
inaccuracies in the fine levels of the hash-grid. Following the down-weighting
analysis of Barron et al. [4], we multiply the hash-grid features of level ¢ by

Ai(r):=1—exp (;ﬂ <S€tf(r)>2> , (3)

where f is the focal length. This requires the same amount of computation as the
naive sampling and removes noticeable aliasing artifacts. Ultimately, we define
the filtered texture radiance along r for primitive ¢ as

¢’ (r) =G (A(r) - H(z(r))). (4)

Note that the only primitive information needed to compute ¢ (r) is ¢} (r).

4.2 Rendering

Our rendering step is composed of two passes over the image pixels. The first pass
computes the initial render using only the non-textured appearance and collects
information on which primitives should be textured. The second pass applies the
neural texture at the collected ray-primitive intersections and updates the initial
render. Figure [3| provides an overview of the different rendering passes.

Collection Pass. In the first pass, we compute the alpha «; and transmittance
values T; across the M surfels which intersect a pixel’s ray. We use Eq. to
compute the initial render N for each pixel, assuming no primitive is textured.
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non-textured appearance intersection depths Eq. E g
(a) Collection Pass (b) } (c) Texturmg Pass (d)

Fig. 3: Rendering pipeline. (a) We iterate over the surfels and determine the weights
at each intersection while also returning a non-textured render. (b) We collect the K
intersections which have the largest weights. (c¢) We pass their K positions into a
neural field to obtain textured appearance. (d) We composite the textures with the
non-textured render to get the final output.

When rendering a single pixel, we limit the number of primitives which are
textured to a hyperparameter K< M. We determine the subset of primitives
which are textured based on their blending weights which we denote as w; :=
a;T;. For a given pixel, the K primitives with the highest weights are selected.
Inspired by fragment buffer techniques , we maintain a per-pixel buffer of size
K. Each buffer entry contains a primitive id, its weight, and its depth, totalling to
3K 32-bit registers. Initially, the buffer is empty. When iterating through the M
primitives and computing the weights, we update the buffer to store the running
primitives with the highest weights. The final id, depth, and weight buffers are
written into H x W x K images I, D, and W, respectively. These are returned
along with the non-textured render N. Additionally, for the K primitives in I,
we remove their non-textured colour from the render N. The final value of the
non-textured render at pixel p is

M—1
(5)
i=0
Texturing Pass. The texturing pass first computes world-space intersection
positions from the depth-map buffer D, yielding @ € RHXWxKX3  Follow-
ing Eq. (4), we query the neural field to compute the filtered texture T &
RAXWXEX3 where T, ; := cﬁj(r) for pixel p with corresponding ray r. Ex-
tending Eq. to include the choice between texturing and not texturing, we
have

M-1 K-1
Z Tiaici(r Z Wi [Z gL)cy +[i € Ip]c? )) =N, + Z W, Tp;.  (6)
i=0 j=0

Hence, we compute the final render from N, W, and T.

4.3 Optimization

We follow the scheme of 3DGS and optimize against training views for 30,000
iterations with regularizations. We interleave density control operations.
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Adaptive Density Control. We introduce a hyperparameter P to control the
number of primitives. Similar to BBSplat [55], we sample the point cloud output
of COLMAP for initialization [49]. Specifically, we use farthest point sampling to
reduce the initial point cloud to 0.5P points [31]. We initialize the scale at each
point based on its distance to its predecessors during farthest point sampling.

We also prune unnecessary primitives and add new ones in regions where the
current geometry is insufficient. We perform a densification and pruning step
every 100 iterations from iteration 500 to 25,000. We select 5% of primitives to
split evenly along their longest axis. The selection is stochastic with probabilities
defined using blended errors similar to the method of Rota Bulo et al. [48]. We
cap the number of primitives added in the splitting by P. Afterward, we prune
all primitives whose opacity is below 0.005.

Losses. At each iteration, we render the nexels from a given training view to
produce a predicted image. Following Kerbl et al. [26], we compute a photometric
loss between the prediction and ground truth using a mixture of an Ly loss £
and D-SSIM loss £p_ssiv |26|, Limage := (1 —Ap-ssim)L1 + Ap_ssiMLp-ssiv- We
also include a texture loss, Liexture, S0 that the non-pre-multiplied texture fits
to the ground truth image I67:

H-1W-1 2 K-1
Z Wyﬂw Y,x,J,¢

S X X 316, - S e )

y=0 =0 c=0 7=0 Yoz, ]

To penalize non-textured rendering, we minimize the total blending weights of
the non-textured appearance,

H-1W-1 K-1

£a1pha = ﬁ Z 1-— ZO Wy,ac,j . (8)

y=0 z=0 Jj=
We include an L; loss on the opacity |27| Eopamy =¥ ZZ 0 ol, and a grid

weight regularization term, Lgriq := Z Z =0 8737‘[4 4,j» Which encour-
ages zero-mean grid values that justlfy the down—welghtlng done for grid anti-
aliasing [4]. The final loss is

L= Eimage + )\alpha['alpha + )\textureﬁtexture + /\opacityﬁopacity + )\gridﬁgrid~

We set /\alpha = 0005, )\texture = 05, /\opacity = 001, /\grid = 001, and AD—SSIM =
0.2 for all experiments.

5 Results

Our method is implemented in Python and CUDA on top of the INRITA 3DGS
codebase [26]. We use PyTorch for performing parameter activations and com-
posing the render passes with autograd and use the Adam optimizer for all pa-
rameters |28/|44]. We implement custom CUDA kernels for our multiresolution



Nexels: Neurally-Textured Surfels 9

Mip-NeRF360 Tanks & Temples Custom

PSNR SSIM LPIPS Memory #Prim. PSNR SSIM LPIPS Memory #Prim. PSNR SSIM LPIPS Memory #Prim.
3DGS |26] 27.21 0.815 0.214 640MB  27M  23.80 0.853 0.169 348MB  1.5M  26.65 0.858 0.224 1630MB 7.0M
2DGS 24| 27.04 0.805 0.252 480MB  2.0M  23.15 0.831 0.212 200MB 0.8M 2598 0.831 0.267 450MB  1.8M
DBS 35| 28.10 0.829 0.192 340MB  3.1M  24.82 0871 0.144 220MB 2.0M 26.72 0.844 0.273 110MB 1.0M
Instant-NGP |41]  25.12  0.666 0.370  50MB - 20.94 0.696 0.335 50MB - 23.14 0.701 0.424  40MB
Mip-NeRF360 |3 27.68 0.792  0.237 40MB - 24.03 0.849 0.184 40MB - 26.43 0.814 0.281 40MB
ZipNeRF |4 28.53 0.829 0.187 310MB - 25.67 0.892 0.120 310MB - 26.78 0.848 0.224 310MB
NeST-Splat 67| 26.68 0.795 0.212 440MB  1.0M  23.02 0.824 0.181 260MB 0.5M 2540 0.824 0.246 900MB  3.2M
BBSplat 55| 26.98 0.783 0.231 260MB  04M  23.83 0.854 0.147 260MB  0.4M  26.57 0.844 0.225 260MB  0.4M
GS-Texturing 43| 26.77 0.783 0.241 310MB  0.2M 2340 0.833 0.203 100MB  0.IM 2646 0.851 0.245 430MB  0.2M
Ours 27.35 0.802 0.201 160MB  04M  23.55 0.841 0.155 160MB  0.4M 27.04 0.851 0.222 160MB  0.4M

Table 2: Novel view synthesis. We compare nexels with 400K primitives to baselines
at their original default settings.

hash-grid operations and rasterization passes. We use the NVIDIA tinycudann
library for the fully-fused MLP pass |41]. For all scenes, we use a texture limit
of just K = 2. The MLP has two hidden layers without bias terms, each with a
width of 64, and ReLU activations. We use degree 3 spherical harmonics coeffi-
cients for both appearance modes, corresponding to S = 16 and an MLP output
dimension of 48. For the hash-grid, L = 16 and F' = 2. Unless otherwise stated,
we use T = 229, The main results are presented in Section with additional
results in the supplementary Section S4.2.

5.1 Datasets and Metrics

We perform our evaluation over fifteen real-world scenes across three datasets: all
nine scenes from Mip-NeRF360 [3], the TRAIN and TRUCK scenes from the Tanks
& Temples dataset [29], and four scenes which we collect involving high amounts
of texture detail. Existing datasets seldom have close-up views despite these
being important for photorealism. Fine appearance details within these scenes
barely show up in their metrics. Our scenes contain high-frequency appearance,
such as text and patterns, observed at a range of distances, including close-up
shots. We describe the capture and preprocessing details in the supplementary.
The full dataset will be released publicly.

We compare against several methods which are or are competitive to the
state-of-the-art for novel view synthesis. These consist of point-based represen-
tations [24}26//35], neural field representations [3,4L/41], and textured representa-
tions [43l[55L67]. We refer to the supplementary for experimental details for our
baselines. In addition, we consider Gaussian splat variants which can produce
sparser point sets than the original 3DGS [14,27].

5.2 Evaluation

We evaluate photometric quality with the standard PSNR, SSIM, and LPIPS
metrics used in novel view synthesis and differentiable rendering [39}/66]. The
LPIPS metric across all baselines is computed with the same normalization as
the original 3DGS paper [26}48]. We primarily show LPIPS throughout the paper
as we find that it best corresponds to the reconstruction quality of fine texture
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Mip-NeRF360 Indoor Mip-NeRF360 Outdoor Custom
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Fig. 4: Quality versus representation size. We evaluate the LPIPS| (top two rows)
and PSNR1 (bottom two rows) across multiple settings for several methods and display
separate graphs averaged over the four Mip-NeRF360 indoor scenes (left column), five
Mip-NeRF360 outdoor scenes (middle column), and the four highly textured scenes of
our custom dataset (right column).

details, which is a weakness of Gaussian splatting. It also generally corresponds
better to human preference . Timings for all methods except Mip-NeRF360
and ZipNeRF are performed on a single NVIDIA RTX 6000 Ada GPU using
the CUDA implementation of each method’s render pass. For the Mip-NeRF360
and ZipNeRF models, we use a single NVIDIA RTX Pro 6000 Blackwell GPU.
We measure the memory needed to perform each method’s forward pass. The
memory of BBSplat is computed after their texture compression step . For
all other methods, we do not include quantization or other compression steps
when computing memory. For methods which use Instant-NGP, including our
own, the hash-grid parameters are 16-bit floats as the forward pass operates over
half datatypes.

Novel-view synthesis. We compare all baselines at each of their original
default settings in Table 2] On the Mip-NeRF360 dataset, nexels is competi-
tive with point-based representations with only 400K primitives, achieving bet-
ter PSNR than all primitive-based methods except Deformable Beta Splatting
(DBS [35]), which has over 7x the number of primitives and twice the memory.
On our custom dataset, we achieve the highest PSNR and LPIPS and comes
second in SSIM to 3DGS at 10x our memory. We achieve better scores than
NeST-Splatting, BBSplat, and GS-Texturing on the Mip-NeRF360 and custom
datasets.

Visual quality under primitive and memory budgets. In Figure[d we plot
the perceptual quality (LPIPS) and PSNR against the number of primitives and
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Ground Truth BBSplat NeST-Splatting Nexels (ours)

Fig. 5: Comparisons at low number of primitives. We show the BicYCLE and
TABLE scenes reconstructed with 40K primitives across different textured representa-
tions. Only nexels is able to maintain a high quality in this extreme setting.

memory across three scene groups. For baselines which can specify a number
of primitives, we include data points corresponding to appropriate subsets of
{40K, 100K, 400K, 1M} primitives. Details are included in the supplementary.
Our representation exceeds all other models in perceptual quality when equal-
ized by number of primitives. For example, 400K nexels obtain an LPIPS score of
0.164 across Mip-NeRF360 indoor scenes, while BBSplat and DBS obtain LPIPS
scores of 0.171 and 0.192, respectively. Conversely, to reach a given LPIPS, nex-
els requires far fewer primitives than other methods. The best result of 3DGS
on the Mip-NeRF360 outdoor scenes is 0.234 LPIPS with 3.9 million Gaussians.
We achieve 0.230 LPIPS with just 400K nexels. Similarly, 3DGS obtains 0.190
LPIPS on indoor scenes with 1.2 million Gaussians. We reach the same score

Ground Truth Mini-Splatting Nexels (ours

LPIPS: 0.319, #: 490K, Mem: 53MB | ”’| LPIPS: 0.279, #: 40K, Mem: 43MB |

SN e

7

Fig. 6: Comparisons at low memory. We adjust the settings of baseline methods
designed to support low memory representations to get a model around 50MB in size.
We show the average LPIPS] across test views, number of primitives, and total memory
for the GARDEN and TRIPOD scenes. With less memory and far fewer primitives, nexels
is able to capture fine appearance details and sparsely-observed background structures
which point-based methods struggle with. We use T' = 2'° for the hash grid here.
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Ground Truth DBS [35.32/0.951/0.214] Nexels (ours) [33.42/0.931/0.196|

Fig. 7: Quality metrics. We show the PSNR1/SSIM1/LPIPS| for a single test view,
evaluated with a DBS and nexels model, each with 43MB. Though the DBS model
achieves a better PSNR and SSIM, it doesn’t capture perceptually-similar content as
well as the nexels model, as highlighted by the zoom-ins.

at 40K nexels. Our method is also competitive when measured against memory.
At 40MB on Mip-NeRF360 outdoor scenes, we achieve 0.294 LPIPS while DBS
achieves 0.312 LPIPS. When equalized at any amount of memory, nexels is al-
ways among the top three in perceptual quality for all three sets of scenes. We
include qualitative results echoing these trends in Figures [5] and [6}

For the custom scenes with high amounts of texture, nexels is clearly better
than non-textured representations. We achieve an LPIPS of 0.240 with just 40K
nexels, outperforming DBS with 2.5 million splats, which obtains 0.259 LPIPS.
BBSplat comes near us at 400K primitives but struggles at low primitive counts.

Our representation is less strong when evaluated based on PSNR as PSNR
tends to under-penalize blurry reconstructions of fine details, as shown in Fig-
ure [7] From the test view shown, DBS at 400K splats and 43MB achieves +1.9
better PSNR over our nexels at 40K primitives and 43MB, despite reconstructing
the fine details less accurately. On the other hand, LPIPS is more discriminative
towards fine details as it is a learnt perceptual metric.

Training time and rendering speed. Ta-

ble [3] compares training time and rendering  Method FPS Train.
speed for different textured and neural field Instant.NGP 53 o0.1h
works. NeST-Splatting averages five hours of Mip-NeRF360 0.1% 23n*
training and only renders at 23 FPS across ZipNeRF 0.3% 3.3h*
Mip-NeRF360 scenes. This is due to its tex-

turing, where hash-grid lookups are done for EESST_lelat gg ;gﬁ
each ray—primitive intersection, totaling thou- GS—TI‘)eituring 149 0:9h

sands of random accesses per ray. BBSplat has ., 1s 50 1.1h
a faster training time, but their use of alpha
textures results in high overdraw, leading to a
rendering speed of 20 FPS. In contrast, nex- Table 3: Timing comparisons.
els trains 4.2 and 1.9 times faster than NeST- We show the average FPS of test-
Splatting and BBSplat, respectively, and ren- V'¢W> 8¢ross MIP_NQRF?’GO seenes
der at 50 FPS. Among the three real-time tex- as well as training times for the

neural field and textured represen-
tured or neural field methods: Instant-NGP, tations. The * results use & more

GS-Texturing, and nexels; nexels performs the powerful NVIDIA Blackwell GPU.
best in terms of photometric results. Though




Nexels: Neurally-Textured Surfels 13

24 37 40 55 63 65 69 83 97 105 106 110 114 118 122 Avg.

3DGS* 214 153 208 1.68 349 221 143 207 222 175 1.79 255 153 1.52 1.50 1.96
2DGS* 0.48 091 039 0.39 1.01 0.83 0.81 1.36 1.27 0.76 0.70 1.40 0.40 0.76 0.52 0.80

Nexels 0.87 0.94 091 051 1.69 1.28 1.03 1.01 182 0.69 061 204 134 0.42 054 1.05
+Ln 049 0.75 0.29 0.35 1.32 0.64 0.88 1.37 145 0.57 0.54 232 046 0.58 0.59 0.84

Table 4: Geometric accuracy. Chamfer distance (J) across the DTU scenes. Starred
results (*) are taken from the 2DGS paper [24].

Mip-NeRF360 and ZipNeRF generally achieve better quality, as shown in Ta-
ble 2], this requires extremely slow renders. Nexels is able to leverage the quality
of neural fields while remaining fast by using a subset of the primitives to provide
quadrature points, essentially acting as an acceleration structure.

Geometric accuracy. We evaluate nexels on the fifteen DTU scenes used by
2DGS [24]. For each scene, we train with a limit of 200K primitives for 30K
iterations on all images of the dataset. Following 2DGS, we apply TSDF to
rendered depth maps to extract a mesh and compute its Chamfer distance to
the ground truth. As shown in Table [ nexels achieves much better accuracy
than 3DGS and outperforms 2DGS on four of the fifteen scenes, despite not
using any geometric losses. Since nexels uses surfels with well-defined depths, we
also evaluated nexels with the 2DGS normal loss included during training with
a weight of 0.05 (+L£,). This gives competitive performance to 2DGS.

5.3 Ablations

The results in Table [§] ablate individual components of our method to demon-
strate their importance. We evaluate each individual experiment across the Mip-
NeRF360 scenes trained with 400K primitives. First, we experiment with differ-
ent hash table sizes. We find that T = 220 provides the best quality overall at a
reasonable memory budget. Next, we verify that the main component, the neu-
ral texture, is useful. We find that all visual metrics, especially LPIPS, worsen
without the neural texture. Qualitatively, the non-textured renders lose back-

PSNR SSIM LPIPS Mem. FPS
No texture 27.20 0.787 0.261 100MB 85

T PSNR SSIM LPIPS Mem.

219 26.99 0.794 0.217 130MB No gamma  27.10 0.797 0.210 160MB 48
20 No prim. SH 27.00 0.797 0.205 90MB 47
221 27.35 0.802 0.201 160MB No down. 27.03 0.797 0.211 160MB 49
2% 27.30 0.801 0.198 230MB No alpha reg. 26.92 0.795 0.215 160MB 47

22
2 27.12 0.796 0.202 360MB Full 27.35 0.802 0.201 160MB 50

Table 5: Ablations. Left: Across different hash-grid table sizes, we find that 2%°
performs the best overall. Right: We show how dropping individual elements of nexels
affects the photometric quality, memory, and FPS of the representation averaged across
all Mip-NeRF360 scenes.
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ground details. Removing the v parameter and using 2D Gaussians as the kernel
results in slight degradations overall as a Gaussian kernel leads to lower texture
weights. Dropping the higher-order per-primitive spherical harmonics coefficients
and only relying on the neural field for view-dependent effects is a possibility if
memory is the main priority, as it removes 45 parameters for each primitive. The
increase in LPIPS is very small, although there is a trade-off in PSNR. Omit-
ting the hash-grid downweighting factor in Eq. leads to noticeable aliasing
artifacts in test views, as the fine levels overfit at the intersections seen from
training poses. Finally, removing the alpha regularization term results in worse
performance as the top-K texture weights are lower.

We additionally find that ensuring
all primitives contribute to the ren- Drop non-textured app. PSNR SSIM LPIPS
der, either through textured or non- during train & eval 17.95 0.562 0.392
textured appearance, is crucial for op- ~ 2urins eval 2471 0.733 0.257
timization as it allows for denser gra-
dients during back-propagation. This Table 6: Optimization analysis. We
is important for early training iter- drop the non-textured appearance at dif-
ations where all primitives move to- ferent stages to show the. 1rr.1p0rtance f)f.an
wards the underlying scene geometry, unbounded mm.lber of b n.mlt.wes providing

L. appearance during optimization.
regardless of whether the primitive
was textured. On the other hand, the neural texture does not need to be ren-
dered at multiple overlapping primitives to guide its optimization. Thanks to
the volumetric nature of the neural field, its gradient flow is the same whether it
is rendered by several coinciding surfels or by a single surfel with the same total
weight.

We validate this in Table @ In the first experiment (during train & eval), we
remove the non-textured appearance in both training and evaluation and only
rely on the weight-normalized textured appearance. In the second experiment
(during eval), we use the full render during training, but drop the non-textured
appearance in evaluation. Even though both experiments only use the textured
appearance, the latter performs better. Thus, an unbounded number of primi-
tives should receive gradient during optimization.

5.4 Limitations

The speed of the Instant-NGP model is reliant on tensor core operations, which
are only available on high-end GPUs. While nexels is real-time on the machinery
we use, real-time rendering on mobile GPUs or low-end laptop GPUs is currently
not possible. In addition, nexels produce noise in unseen regions, which is likely
less appealing for end users than the blurry artifacts of Gaussian splats. Our
work also does not support the full complexity of the imaging process, including
motion blur and depth-of-field blur. These effects are particularly relevant for
differentiable rendering of fine details, as even small deviations from the expected
pinhole camera model can damage reconstructions. Finally, if the primitives
optimize to incorrect positions due to local minima, as sometimes occurs in the
background at low numbers of primitives, the texture does not help.
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6 Conclusion

We present the first representation for novel view synthesis that removes the
reliance on dense primitives while achieving real-time rendering at high qual-
ity. Our results show that far fewer primitives are needed to model scene-level
datasets than recent research would suggest. Future work could incorporate level-
of-detail structures to model city-scale scenes. Sparse surfaces also work well for
ray-tracing. Another direction would be to integrate existing neural field [17}57]
and Gaussian compression schemes [13}[16] on top of our representation. Finally,
although the top-K strategy was presented specifically for texturing appear-
ance, our method provides a general technique for combining neural field and
per-primitive information which could be used in other applications. In con-
clusion, nexels break new ground in the exploration between volumetric and
surface representations, capturing high-frequency appearance at a low memory
and compute cost.
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