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Fig. 1: Neural Harmonic Textures for novel view synthesis. We attach learnable
feature vectors (right) to the virtual vertices of bounding tetrahedra encapsulating each
primitive (center). After harmonic encoding and accumulation along the ray, a small
neural network decodes the resulting signal into RGB color in a deferred manner (left).
Source code and further results are available at https://research.nvidia.com/labs/
sil/projects/neural-harmonic-textures/.

Abstract. Primitive-based methods such as 3D Gaussian Splatting have
recently become the state-of-the-art for novel-view synthesis and related
reconstruction tasks. Compared to neural fields, these representations
are more flexible, adaptive, and scale better to large scenes. However,
the limited expressivity of individual primitives makes modeling high-
frequency detail challenging. We introduce Neural Harmonic Textures, a
neural representation approach that anchors latent feature vectors on a
virtual scaffold surrounding each primitive. These features are interpo-
lated within the primitive at ray intersection points. Inspired by Fourier
analysis, we apply periodic activations to the interpolated features, turn-
ing alpha blending into a weighted sum of harmonic components. The
resulting signal is then decoded in a single deferred pass using a small
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neural network, significantly reducing computational cost. Neural Har-
monic Textures yield state-of-the-art results in real-time novel view syn-
thesis while bridging the gap between primitive- and neural-field-based
reconstruction. Our method integrates seamlessly into existing primitive-
based pipelines such as 3DGUT, Triangle Splatting, and 2DGS. We fur-
ther demonstrate its generality with applications to 2D image fitting and
semantic reconstruction.

1 Introduction

Since the introduction of 3D Gaussian Splatting [24], (Lagrangian) primitive-
based approaches have largely displaced (Eulerian) continuous neural radiance
fields [44,50,56] for novel view synthesis [20,24].

This shift is driven not only by significantly improved rendering speed, but
also by the structural advantages of explicit representations. Primitive-based
methods naturally adapt to scene detail, scale more gracefully, and readily sup-
port motion, deformation, and editing [5,62]. Furthermore, they align well with
feed-forward reconstruction pipelines [31,72] and closely resemble widely adopted
point-map representations [59,61].

Despite these advantages, the limited expressive power of individual primi-
tives remains a fundamental bottleneck. Geometry and appearance are tightly
coupled within each primitive, forcing high-frequency spatial detail to be repre-
sented by increasing the number of primitives, which directly increases memory
consumption and hampers rendering speed. Directional appearance modeling
is constrained in a similar manner. View-dependent effects are typically repre-
sented using low-order Spherical Harmonics, which are spectrally band-limited
and poorly suited for high-frequency phenomena such as sharp specular high-
lights. Alternative angular parametric functions, such as spherical Gaussians,
spherical Beta kernels [33], and spherical Voronoi [9] increase directional band-
width, but leave the fundamental coupling between spatial support and appear-
ance modeling unchanged. In contrast, neural radiance fields achieve high local
representational capacity by combining positional encodings such as Fourier fea-
tures [41,57] or multi-resolution hash grids [44] with a learned multi-layer percep-
tron (MLP) decoding. Recent works [37,73] attempted to bridge both paradigms
by employing primitives as acceleration structures for querying a global neural
field. However, these hybrid approaches inherit key limitations of global neu-
ral representations, particularly with respect to motion, deformation, editability
and scalability.

In this work, we introduce Neural Harmonic Textures, a novel primitive-based
neural representation that increases the expressive power of individual primitives
while retaining the advantages of Lagrangian representations. To this end, we
reinterpret primitives as both geometric carriers and local positional encodings.
Specifically, we attach learnable feature vectors to a virtual scaffold encapsulat-
ing each primitive (e.g., Gaussians or triangles) and interpolate them locally at
ray–primitive intersection points. Compared to globally anchored feature repre-
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sentations, our formulation moves with the primitives and therefore naturally
supports operations such as motion, deformation, and scene editing.

In prior work, such interpolated features are typically processed by a lightweight
MLP to decode RGB values, followed by alpha compositing across intersected
primitives to produce the final color, requiring numerous neural evaluations. In-
stead, we draw inspiration from the Fourier transform, where a complex signal
is expressed as a sum of harmonic components (i.e., periodic functions with dif-
ferent amplitudes). We therefore apply periodic functions (sine and cosine) to
the interpolated feature vectors before compositing them along the ray. Under
this formulation, the activated features act as frequency components, while the
primitive opacity modulates their amplitude (Fig. 2). The resulting implicit sig-
nal in image space is sufficiently rich to be directly decoded using a lightweight
MLP in a single evaluation per pixel, in a deferred-shading manner.

We validate Neural Harmonic Textures on standard novel view synthesis
benchmarks, achieving state-of-the-art performance among both real-time and
offline methods (Sec. 5.1). Our proposed formulation is agnostic to the under-
lying primitive type: triangles, 2D or 3D Gaussians, tetrahedra, and other ele-
ments can be used interchangeably, enabling seamless integration into existing
primitive-based pipelines while significantly increasing their representational ca-
pacity (Sec. 5.2). Finally, by abstracting the encoded signal, our approach natu-
rally extends to higher-dimensional signals. Joint modeling of color and semantic
features becomes possible within a unified local representation, allowing us to
exploit both spatial and cross-modal correlations for improved efficiency and
compactness (Sec. 5.2).

2 Related Work

2.1 Neural Fields

Neural fields have become a foundational model for representing complex, multi-
scale signals across a wide range of domains [67], including audio [36], images [39,
49], 3D geometry [30, 46, 55, 60], radiance fields [41], scientific data [12, 63, 64],
and volumetric video [11,47]. These methods primarily differ in how they encode
their inputs and parameterize their outputs. In most formulations, latent fea-
tures are stored in a compressed representation and subsequently decoded by a
neural network. This storage can be implicit within the network weights [34,35,
41, 43, 48, 51, 57], or explicit through dedicated spatial data structures. Explicit
representations typically offer improved scalability and performance, though of-
ten at increased memory cost. Common examples include voxel grids [39], tri-
planes [4, 11], point clouds [14], hash grids [44], and meshes [58]. In addition,
explicit spatial structures are frequently used as acceleration mechanisms to
skip empty regions and efficiently identify relevant query locations [32, 44, 73].
More recently, neural fields have been combined with primitive-based methods
by turning the primitives into tiny neural fields with closed-form antiderivatives,
enhancing their individual modelling power [77].
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Beyond the choice of spatial representation, prior work has shown that posi-
tional encodings play a crucial role in enabling neural networks to represent high-
frequency signals in low-dimensional spatial domains [41,44,51,57]. In contrast
to globally anchored spatial structures such as hierarchical voxel grids (hashgrid
encodings), which follow an Eulerian formulation, our approach is Lagrangian.
We anchor latent feature vectors relative to explicit particles, enabling adaptive
spatial resolution and naturally supporting explicit motion, deformation, and
scene editing.

2.2 Primitive-based Representations for Neural Reconstruction

Primitive-based methods have recently gained signi�cant traction for 3D recon-
struction and novel view synthesis, largely driven by the success of 3D Gaussian
Splatting [24]. Numerous extensions have since explored variants of Gaussian
primitives [7,8,21,28,33,42,62,65] as well as alternative representations, including
Voronoi cells [13], triangle soups [20], and connected meshes [37]. While o�ering
high rendering performance, editability, and interpretability, these approaches
typically exhibit poor memory scaling when �tting high-frequency detail due to
their joint modeling of geometry and appearance.

Neural �eld methods, in contrast, aggregate information across the entire
scene, enabling compact representations. Concurrent work [38, 73] attempts to
bridge this gap by using geometric primitives as acceleration structures for neu-
ral �eld evaluation. However, these approaches lose some of the advantages of
purely primitive-based representations, as the learned features remain globally
anchored (e.g. through hashgrids) and do not follow the primitives under motion
or deformation. Furthermore, they inherit the limitations of Eulerian encodings,
namely poor scaling in large scenes and high-frequency detail modelling. In con-
trast, we propose that geometric primitives themselves, when appropriately pa-
rameterized, can serve as an e�ective positional encoding mechanism, and enable
more e�cient signal decoding (i.e. deferred shading).

2.3 Deferred Shading and Texturing in Radiance �elds

Alternatives to direct color evaluation in novel view synthesis have been explored
to improve expressivity, rendering quality, and e�ciency. Early work introduced
image-based neural deferred shading conditioned on 3D meshes [58]. Later ap-
proaches extended this idea to neural radiance �elds by baking appearance fea-
tures into extracted geometry for real-time rendering [6, 19, 69], removing the
necessity to run neural networks during runtime. However, these methods rely
on multi-stage pipelines that �rst optimize a global �eld, then extract geometry
and bake appearance features. In contrast, our method jointly optimizes primi-
tives and neural appearance from scratch, preserving volumetric �exibility and
eliminating the need for a separate baking stage, while retaining high quality
and speed.
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Deferred shading has also been explored in the context of radiance �eld ren-
dering using neural networks as deferred shaders. In Han et al. [16], global fea-
ture grids are queried, with features accumulated and decoded once in a deferred
manner. Similarly, point-based neural renderers have recently mixed local neu-
ral decoding with deferred shading. Hahlbohm et al. [15] uses point-clouds as
query points for a global hash-grid encoded feature �eld, decoded locally using a
shallow neural network into implicit features. These are splatted to the camera
plane and �nally rendered through a convolutional neural network. However, the
necessity of large-bandwidth neural networks to uplift the poor scalability and
detail a�orded by the spatial encoding made them slow and di�cult to train; the
former requiring guiding networks with regular NeRF-style rendering to steer the
optimization, while the latter required expensive perceptual-loss supervision.

To improve expressivity without global feature grids, several primitive-based
methods introduce per-primitive textures [3, 22, 54, 66, 68, 75]. However, highly
expressive primitives can complicate optimization and degrade reconstruction
quality. Instead, we decouple geometry and appearance by pairing local per-
particle features with a shared lightweight neural decoder, in turn enabling the
reduction of queries to the neural �eld to a single deferred pass. This allows
particle density to more closely follow geometric complexity rather than being
arti�cially increased to reproduce high-frequency appearance.

3 Preliminaries

We review primitive-based radiance �elds, primitive-based volume rendering,
and positional encodings, focusing on the aspects most relevant to our method.

Primitive-based Radiance Fields. Primitive-based radiance �elds represent com-
plex scenes using an unstructured collection of 2D or 3D geometric primitives,
such as anisotropic Gaussians [24], oriented disks [21], or triangles [20]. In Sec. 4,
we present our formulation on the example of 3D Gaussian primitives [24, 65]
whose spatial response function

�(x) = exp
�

�
1
2

(x � �) T � �1 (x � �)
�

; (1)

is de�ned by the particle center � 2 R 3 and covariance matrix � 2 R 3�3 . To
ensure positive semi-de�niteness during optimization, the covariance is parame-
terized as � = RSS T R T , where R 2 SO(3) represents rotation and S 2 R3�3

encodes scaling. In practice, these parameters are stored as a quaternion q 2 R4

and a scale vector s 2 R3. Each primitive additionally carries an opacity param-
eter � 2 R and a view-dependent radiance function �(d), commonly represented
using spherical harmonics. Note that in this case, �(d) depends only on the ray
direction and not on the spatial position of the intersection point.
Primitive-based Volume Rendering. Given a camera ray r(� ) = o + �d with
origin o 2 R 3 and direction d 2 R 3, the rendered ray color c 2 R3 is obtained
via volume rendering over the primitives Pc intersecting the ray:
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Fig. 2: Neural Harmonic Textures applied to novel-view synthesis. We virtually attach
feature vectors fi to the vertices of tetrahedra inscribing the Gaussian primitives 3 . Fol-
lowing 3DGUT [65], we evaluate the point along the ray where the projected Gaussian
has maximum response. We barycentrically interpolate vertex features at that point,
and encode them with sine and cosine functions into di�erent channels. These are then
alpha blended along the rest of the ray, until the resulting sum of harmonics is decoded
by a shallow MLP in a single image-space pass.

c(o; d) =
X

i2P c

�(d) � T i � � i ; Ti =
i�1Y

j=1

1 � � j ; (2)

where the opacity � i is de�ned as � i = � i � i (o+�d) and T i is the transmittance.

Positional Encoding: Neural networks exhibit a natural spectral bias that limits
their ability to learn high-frequency functions in low-dimensional domains [57].

Positional encodings mitigate this limitation by mapping low-dimensional
spatial and directional coordinates into higher-dimensional representations be-
fore feeding them into the network [57]. While early approaches relied on �xed
frequency encodings [17, 45], modern methods often use parametric encodings
that store learnable feature vectors in auxiliary spatial data structures, such as
grids or trees [44,55]. Query coordinates retrieve and interpolate these features,
e�ectively shifting much of the representational burden from the neural network
to the encoding itself. This design trades increased memory usage for reduced
computation: only a small subset of encoding parameters is updated per sample,
allowing the neural network to remain compact and e�cient while signi�cantly
accelerating convergence and maintaining high reconstruction quality.

3 Gaussian particles are bounded by ellipsoids in world space, which become spheres
after whitening. Our virtual bounding tetrahedra are de�ned in this canonical space.
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(a) Latent vectors (b) Interpolation (c) Harmonic decomposition

Fig. 3: Illustrating our method in 2D. Each primitive is bounded by an ellipsoid in
world space, which becomes a sphere in whitened canonical space (a). Considering
a virtual bounding tetrahedron in this canonical space, we attach one N-dimensional
feature vector f j to each vertex. The primitive's contribution is evaluated at the point
of maximum response p� of the projected Gaussian along the intersecting ray (b). The
feature vectors are barycentrically interpolated at p � and encoded with sine and cosine
periodic functions (c).

4 Method

We present the core components of our approach using 3D Gaussian primitives in
the context of novel view synthesis, following the formulation of 3DGUT [65]. We
begin by introducing our primitive-bound feature embedding in Sec. 4.1. Next,
Sec. 4.2 presents harmonic texturing, which increases per-primitive expressive
power while preserving the locality and explicit form of the representation. Fi-
nally, Sec. 4.3 describes a neural deferred decoding scheme that enables e�cient
signal reconstruction in a single image-space pass. Generalization to other primi-
tive types and additional applications will be discussed in Sec. 5.2. Fig. 2 provides
a schematic overview of our method.

4.1 Primitive-bound feature embedding

Spatial structures such as triplanes [10], voxel grids [53], and multi-resolution
hash grids [44] are commonly used in neural �elds to hold latent feature vectors
that embed query positions into a higher-dimensional space before decoding the
signal. Despite their e�ectiveness, these representations rely on globally de�ned
regular grids, which limits their scalability to large scenes or high-frequency
detail. Moreover, because these structures are �xed in space, they struggle to
represent scenes undergoing motion, deformation, or editing.

Instead, we exploit the Lagrangian nature and adaptivity of primitive-based
representations by anchoring latent features to a virtual sca�old that encap-
sulates each primitive. Speci�cally, consider the isosurface ellipsoid de�ned by
an anisotropic 3D Gaussian (Eq. (1)) with bounded support, which becomes
a sphere in canonical space after whitening. We de�ne the virtual tetrahedron
bounding this sphere and assign a feature vector fj 2 RN f to each of its four
vertices (j 2 f0::3g) (Fig. 3a). For each primitive intersected by a ray, we de-
termine the point p � corresponding to the maximum Gaussian response along
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the ray [65]. The feature vector at this location, f , is obtained via barycentric
interpolation of the vertex features f j . A detailed derivation is provided in the
supplementary material.

Compared to globally anchored feature representations, our formulation moves
with the primitives and therefore naturally supports operations such as motion,
deformation, or deletion during scene editing.

4.2 Harmonic Texturing

In previous work, feature vectors are typically passed through a lightweight
neural network to decode the primitive appearance prior to volume render-
ing, requiring dozens of MLP evaluations per ray to produce the �nal pixel
color [37, 44, 74]. In 3DGS, color decoding overhead (without neural networks)
is reduced by approximating view-dependent color emission once per primitive,
thereby reducing the complexity from the number of ray�primitive intersections
to the number of primitives. However, this approximation assumes that the sig-
nal does not vary spatially within each primitive, which makes it unsuitable for
our representation.

An alternative strategy is to blend the features along each ray and decode
the signal in image space, in the spirit of deferred shading [19]. Inspired by the
Fourier transform, where a complex signal is expressed as a sum of harmonic
components (i.e., periodic functions of di�erent amplitudes), we instead encode
the interpolated features using periodic functions before blending them along
the ray. This transforms the features into frequencies and amplitudes, yield-
ing a harmonic decomposition of the signal, which we term Harmonic Textures
(Fig. 3c).

Fig. 4: Harmonic textures.

In this formulation, the interpolation function
e�ectively acts as a frequency modulator: large
di�erences between vertex features within a prim-
itive produce rapidly oscillating, spatially vary-
ing textures. Each primitive additionally has a
kernel-weighted opacity, which acts as the har-
monic amplitude. This behavior is illustrated in
the inset Fig. 4 (without the amplitude weight-
ing, to better visualize the harmonics).

4.3 Neural Deferred Shading

The rich high-dimensional signal yielded by the volume rendering of Harmonic
Textures enables a more e�cient decoding strategy. We concatenate the accumu-
lated harmonics with the ray direction d encoded using second-degree spherical
harmonics SH2(d) 2 R 9 as done in [44], and decode the �nal pixel color c us-
ing a shallow MLP, without further positional encoding. The resulting rendering
equation is

c = MLP �

 
X

i2G

� i Ti

�
sin(f i )
cos(fi )

�
; k � SH2(d)

!

; (3)



Neural Harmonic Textures 9

where fi = interpolate
��

f 0
i ; f 1

i ; f 2
i ; f 3

i

�
; p �

i

�
denotes the primitive feature interpo-

lated at the point p �
i of maximum response, G is the set of primitives intersected

by the ray, and � i and Ti correspond to the primitive opacity and accumulated
transmittance de�ned in Eq. (2).

5 Results

We present our results for radiance-�eld novel-view synthesis. Additionally, we
demonstrate our method on two other reconstruction tasks: semantic scene re-
construction and high-resolution image �tting.

5.1 Radiance Field Reconstruction

Optimization We directly adopt the densi�cation strategy, loss function and
regularization terms of 3DGS-MCMC [25]. Speci�cally, our loss function is a
combination of L1, D-SSIM, and regularizers on primitive opacity and scale:

R � =
1
P

PX

i=1

� i ; R s =
1
P

PX

i=1

ksi k1 ; (4)

where P is the number of primitives and si is the scale vector of primitive i. Our
�nal loss function is:

L = (1 � �) L L 1 + � L D-SSIM + � � R � + � s R s : (5)

Similarly to the exponential scheduling applied to primitive positions [24],
we use a cosine annealing scheduler for the feature and MLP learning rates.

We also apply an Exponential Moving Average (EMA) �lter [44] to the MLP
weights �. This enhances robustness to noise and avoids over�tting to individual
frames:

�� t  
 �� t�1 + (1 � 
) � t ; (6)

where �� t denotes the �ltered weights at step t and 
 is the decay factor.
Finally, we dedicate the last 3000 training iterations to optimize only the

feature and MLP weights, disabling all regularization terms and freezing all
other parameters. We found that this re�nement step slightly improves color
�delity, particularly in large-scale scenes. All hyperparameters and other smaller
details will be included in the supplementary.

Implementation details We implement our method in gsplat [70], using the
3DGUT [65] formulation, to which we add custom CUDA kernels for the for-
ward and backward logic described in Sec. 4. To reduce register pressure, we
use half-precision memory fetches on feature vectors during rasterization, for
both forward and backward kernels. Our neural network uses tiny-cuda-nn's [44]
JIT-compiled cooperative vector MLPs, trained and evaluated in half precision
(FP16). We apply an automatic scaling factor to the loss values in order to
improve half-precision training stability [40].
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MipNeRF360 Tanks & Temples Deep Blending

Method PSNR" SSIM" LPIPS# PSNR" SSIM" LPIPS# PSNR" SSIM" LPIPS#

Instant NGP-Big [44] 25.59 0.695 0.375 21.92 0.740 0.342 24.96 0.815 0.459
Mip-NeRF 360 [1] 27.60 0.788 0.275 22.22 0.754 0.290 29.40 0.899 0.306
ZipNeRF [2] 28.55 0.829 0.218 23.64 0.836 0.179 � � �

2DGS [21] 27.22 0.804 0.275 22.85 0.827 0.244 29.56 0.904 0.325
3DGS-MCMC [25] 27.99 0.830 0.229 24.46 0.866 0.174 29.49 0.912 0.306
3DGUT-MCMC [25] 27.82 0.826 0.233 24.20 0.861 0.180 29.87 0.913 0.309
Beta Splatting-MCMC [33] 28.12 0.831 0.238 24.54 0.866 0.196 29.56 0.907 0.316
Spherical Voronoi [9] 28.56 0.835 0.228 24.80 0.871 0.172 30.34 0.914 0.299
Triangle Splatting [20] 27.00 0.808 0.231 23.05 0.843 0.191 28.92 0.891 0.308
Textured Gaussians [3] 27.35 0.827 � 24.26 0.854 � 28.33 0.891 �

NeST [74] 26.54 0.776 0.260 � � � � � �
Radiance Meshes [37] 27.15 0.810 0.274 23.13 0.851 0.200 29.39 0.901 0.362
Neural Harmonic Textures (Ours) 28.74 0.834 0.216 25.68 0.882 0.141 30.94 0.919 0.302

Table 1: Comparison on MipNeRF360 [1], Tanks & Temples [27], and Deep Blend-
ing [18], on Neural Field-style methods, primitive-based methods, and mixed neural
�eld/primitive-based methods. For the MipNeRF360 datasets, we disable gsplat 's de-
fault downscaling and instead train and evaluate directly on the provided JPEG-
compressed reference images following prior work. We measure the e�ect in Tab. 9.
For our method, we use 64 features per primitive (16 per vertex), with a 128-wide �
3 hidden layers MLP, which results in a roughly similar number of total parameters
as previous primitive-based approaches on average. For indoor scenes, which typically
span a smaller spatial volume, we use 2M primitives, while for larger outdoor scenes we
increase the primitive count to 5M. To regularize training in high-parallax regimes (e.g.,
indoor datasets), we encode the central camera ray rather than the individual ray di-
rection. Finally, to ensure similar training epochs, we train indoor datasets longer (45k
iterations for � 290 images) than outdoor (25k for � 175 images), following Spherical
Voronoi [9]. Unlike Spherical Voronoi, we do not �ne tune learning rates per dataset.
Note that convergence of an MLP-based appearance model can be slower than SH-
based ones.

Results We present the results of our method against a number of previous
works using pure neural �elds [1], hashgrid-encoded neural �elds [2, 44], pure
primitive-based methods [20,21,25,33,65] with regular Spherical Harmonics (SH)
appearance or more complex appearance models [3,9], and closer to us, methods
mixing primitives (e.g. for acceleration) and neural �elds [37, 74] (Tab. 1). In
this table, we use the originally provided JPEG images for proper comparison
with previous works in MipNeRF360; every other result presented in this section,
unless otherwise stated, uses gsplat 's default downscaling for all methods tested.
We measure the performance delta of this choice in the supplementary (Tab. 9).
We consistently outperform all previous works in a varied set of real datasets [1,
18,27]. We include a selection of views in Fig. 6. Our method particularly excels
at high-frequency detail modelling, capturing specular highlights and re�ections
with superior �delity.

In order to completely isolate the impact of our method, we include a con-
trolled experiment in Table 2. We compare between 3DGS-MCMC, 3DGUT-
MCMC, and di�erent appearance models for the latter: regular SH, current
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MipNeRF360 Tanks & Temples Deep Blending

Method (w/ MCMC) PSNR" SSIM" LPIPS# FPS" PSNR" SSIM" LPIPS# FPS" PSNR" SSIM" LPIPS# FPS"

3DGS + SH 27.94 0.829 0.246 251 24.25 0.861 0.188 294 29.98 0.912 0.317 331
3DGUT + SH 27.93 0.828 0.247 201 23.99 0.859 0.192 245 30.21 0.913 0.318 282
3DGUT + SV 28.15 0.823 0.248 202 24.18 0.861 0.187 242 30.29 0.912 0.320 267
3DGUT + NHT (Ours) 28.46 0.830 0.232 140 24.79 0.875 0.169 226 30.88 0.918 0.311 240

Table 2: Quantitative results of our approach and baselines on the MipNeRF360 [1],
Tanks & Temples [27], and Deep Blending [18] datasets, comparing our method against
Spherical Voronoi [9] (SV) and regular SH models. We isolate the e�ect of our approach
by implementing all methods in the same framework (gsplat [71] with its default down-
sampling), using the same number of primitives (1M), training for the same number
of iterations (30k), allocating the same number of parameters per primitive for ap-
pearance (48) and using the same hyperparameters for all scenes. Our method uses a
128�3 hidden MLP. We improve reconstruction quality while still managing real-time
performance (measured ona an RTX A6000 Ada GPU).

Table 3: Generality of our approach: NHT
applied to di�erent primitive-based representa-
tions, evaluated on MipNeRF360 [1]. Triangle
Splatting methods use JPEG references as in its
source implementation. We would like to note
that our results for Triangle Splatting are just a
proof-of-concept and were not extensively opti-
mized.

Method PSNR" SSIM" LPIPS#

Triangle Splatting 27.00 0.808 0.231
Triangle Splatting + NHT 27.52 0.807 0.227

2DGS 27.48 0.816 0.263
2DGS + NHT 28.27 0.820 0.238

3DGUT-MCMC 27.93 0.828 0.247
3DGUT-MCMC + NHT 28.46 0.830 0.232

Fig. 5: Our method outperforms
3DGS and 3DGUT at all primitive
counts. The improvement is par-
ticularly pronounced in the low-
primitive regime (� 100k), with
deltas upwards of 2dB of PSNR.

state-of-the-art Spherical Voronoi functions [9] (SV) and ours (NHT). We im-
plement all 4 under the same framework (gsplat), under strictly controlled con-
ditions to ensure the only di�erence between them is the choice of appearance
model itself. Table 2 shows that our method consistently outperforms both SH
and SV across all benchmarks, without sacri�cing real-time performance.

Per-scene breakdowns and more details are provided in the appendix (Ap-
pendix Tab. 10 and Tab. 11).

Ablations We ablate the key design decisions of our method on the MipN-
eRF360 dataset.

Optimization choices. Appendix Tab. 14 isolates the individual contributions of
the training strategies detailed in Sec. 5.1: learning rate scheduling, EMA on
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Fig. 6: Comparison between our and previous works on radiance �eld reconstruction
on scenes from MipNeRF360 [1], Tanks and Temples [27]. Our method models high
frequency detail and view dependent e�ects to a higher degree than previous works.

the MLP weights, loss scaling, the color-re�nement phase, and opacity and scale
regularization.

Primitive count. Fig. 5 illustrates how reconstruction quality scales with the
number of primitives, ranging from 1K to 4M. Our method improves over pre-
vious works across this entire range, excelling particularly in highly compact
regimes with low primitive counts. For instance, we achieve performance compa-
rable to previous methods using 1M primitives with only a third of that amount,
o�ering more �exibility in the memory-speed-quality trade-o�.

Tab. 16 and Tab. 17 in the appendix explore the impact of varying the per-
primitive feature dimension and the MLP architecture, respectively, to illustrate
the resulting quality-speed trade-o�s.

Feature encoding. Tab. 4 compares di�erent encoding functions applied to the
interpolated features.

5.2 Other Applications

Alternative primitive-based methods We demonstrate the generality of our
approach by incorporating Neural Harmonic Textures into 2DGS [21] (as imple-
mented in gsplat) and Triangle Splatting [20]. Our method is readily adapted
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