Deformable Radial Kernel Splatting
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Figure 1. Gaussian Splatting (GS) vs. Deformable Radial Kernel (DRK) Splatting: GS requires thousands of Gaussians to approximate
detailed textures and shapes. In contrast, DRK efficiently fits the target pattern with just 30 primitives, achieving superior results.

Abstract

Recently, Gaussian splatting has emerged as a robust tech-
nique for representing 3D scenes, enabling real-time ras-
terization and high-fidelity rendering. However, Gaussians’
inherent radial symmetry and smoothness constraints limit
their ability to represent complex shapes, often requiring
thousands of primitives to approximate detailed geometry.
We introduce Deformable Radial Kernel (DRK), which ex-
tends Gaussian splatting into a more general and flexi-
ble framework. Through learnable radial bases with ad-
justable angles and scales, DRK efficiently models diverse
shape primitives while enabling precise control over edge
sharpness and boundary curvature. iven DRK’s planar na-
ture, we further develop accurate ray-primitive intersection
computation for depth sorting and introduce efficient kernel
culling strategies for improved rasterization efficiency. Ex-
tensive experiments demonstrate that DRK outperforms ex-
isting methods in both representation efficiency and render-
ing quality, achieving state-of-the-art performance while
dramatically reducing primitive count.

1. Introduction

3D Gaussian Splatting [27] (3D-GS) has emerged as a lead-
ing 3D representation method thanks to its rapid rasteriza-
tion and superior rendering quality. Its key advantages— ex-
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plicit point-based representation, flexibility for manipula-
tion, and MLP-free rendering— have positioned it as a dom-
inant approach in novel view synthesis. However, this suc-
cess raises an intriguing question: Is the Gaussian kernel
truly optimal for representing 3D scenes?

Natural scenes often consist of primitives with diverse
shapes (see Fig. 2), such as rectangles, triangles, and el-
lipses, which cannot be fully captured by Gaussians alone.
Moreover, the inherently smooth nature of Gaussian kernels
makes them less effective at representing sharp transitions.
As a result, densely packed or numerous Gaussians are fre-
quently required to accurately model scene primitives with
non-Gaussian geometries or sharp boundaries (see Fig. 1),
leading to inefficiencies in both computation and memory.

Recent works have explored modifications to the Gaus-
sian kernel to better handle discontinuities. For example,
GES [20] adaptively adjusts the exponent values to con-
trol the sharpness of Gaussians, while still maintaining ro-
tational symmetry, which limits its representational flexi-
bility. DisC-GS [43] and 3D-HGS [30] introduce curve-
and half-cutting techniques to the Gaussian kernel, respec-
tively, improving its ability to capture discontinuous transi-
tions. However, these cutting-based approaches remain fun-
damentally constrained by the inherent smoothness of the
Gaussian kernel. Another line of research [8, 16, 19, 22]
leverages 2D Gaussians to represent 3D scenes. While
this approach offers better surface reconstruction compared
to 3DGS, it is still constrained by the inherent limitations
of the Gaussian framework, which restricts the flexibility
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of the representation. Notably, the concurrent work 3D-
CS [21] employs novel 3D smooth convex shapes as primi-
tives for geometry modeling with satisfactory results.

In this work, our objective is to design new shape prim-
itives that can adapt to complex 3D scenes. Motivated by
the success of 2D Gaussian Splatting (2D-GS), we focus
on developing adaptive 2D planar kernels. Specifically,
we introduce the 2D Deformable Radial Kernel (DRK), a
flexible planar primitive for representing 3D scenes (see
Fig. 4). At its core, DRK extends traditional radial bases
with learnable parameters that enable precise control over
shape deformation through three key features: 1) multiple
radial bases with learnable polar angles and scale parame-
ters allow the kernel to adaptively stretch, rotate, and shrink,
providing significantly more flexibility than fixed Gaussian
functions; 2) a hybrid distance metric combining L1 and L2
norms with learnable weights enables DRK to naturally rep-
resent both curved surfaces and sharp geometric features;
and 3) an adaptive piecewise linear remapping function pro-
vides fine-grained control over value distributions, particu-
larly enhancing the representation of sharp boundaries. De-
spite its enhanced expressiveness, DRK maintains a sim-
ple parametric form that is easy to optimize and efficient
to render. The DRK determines the location and orienta-
tion of the tangent plane through its center and rotation pa-
rameters, building upon these radial bases as its structural
foundation to conform to target shapes, bypassing the ge-
ometric and smoothness constraints typically imposed by
Gaussian functions. As shown in Fig. 2, a single DRK
primitive can flexibly model a wide range of shape prim-
itives, whereas many Gaussians are often required to rep-
resent similar shapes. The formulation is also backwards-
compatible — DRK naturally reduces to a Gaussian kernel
when using two orthogonal major bases with different de-
cay rates, while achieving superior rendering quality with
comparable computational efficiency.
We experimentally validate DRK on our proposed
dataset (DiverseScene) covering various scenarios, includ-
ing rich textures, fine geometry, specular effects, and large
spatial scale. We also evaluate DRK on unbounded Mip-
NeRF 360 [2] datasets. Experimental results demonstrate
our method has advantages in preserving visual details more
effectively and efficiently.
Overall, our work makes the following contributions:
¢ We introduce Deformable Radial Kernel (DRK), a novel
primitive that generalizes conventional Gaussian splat-
ting. DRK enables flexible shape modeling through learn-
able radial bases, hybrid distance metrics, and adaptive
sharpness control, significantly reducing the number of
primitives needed for high-quality scene representation.

e We develop a differentiable and efficient rendering
pipeline for DRK, featuring polygon-based tile culling
and cache-sorting strategies to enhance both rendering ef-

ficiency and view consistency.

* We created DiverseScenes, a new dataset covering rich
textures, fine geometry, specular effects, and large scenes
for more effectively evaluating the ability to model com-
plex scenarios of different algorithms.

2. Related Work
2.1. Novel View Synthesis

Novel view synthesis from multi-view images represents a
fundamental challenge in computer graphics and computer
vision. The field has evolved through increasingly sophisti-
cated 3D scene representations. Traditional light field ap-
proaches [10, 18, 29] attempt to model the entire scene
through a single 4D function of ray-slice intersections,
but this implicit representation struggles with sparse inputs
and complex geometry. Advancing beyond single-function
modeling, Multi-Plane-Images (MPI) [38, 51, 55, 58, 69]
introduced a layered representation using multiple depth
planes, offering better 3D structure modeling. However, its
discrete depth layering limits the handling of large view-
point changes, particularly in rotational views. To achieve
continuous depth modeling, subsequent works adopted ex-
plicit 3D proxies including meshes [5, 11, 35, 56, 59],
point clouds [1, 7, 37, 41, 57], and voxels [14, 32, 48, 49].
These representations offer more flexible geometry model-
ing, with point-based methods further enhanced by neural
networks [45, 46] for improved stability.

Most recently, continuous neural representations have
emerged as a powerful alternative, replacing discrete ge-
ometric proxies with MLPs that directly map 3D coordi-
nates to scene properties. NeRF [39] pioneered this ap-
proach with radiance fields, spawning numerous extensions
for faster inference [15, 26, 40], large-scale scenes [2, 17,
53, 61, 66], dynamic content [31, 42, 50], reflection model-
ing [3, 24, 28, 62], and stylization [9, 13, 23, 67].

2.2. Gaussian Splatting

Point-based rendering approaches have made the render-
ing process of point clouds differentiable, enabling end-to-
end training for novel view synthesis. 3D Gaussian Splat-
ting (3D-GS) [27] introduced scene modeling using 3D
Gaussian distributions, compositing the appearance of in-
tersected Gaussians along viewing rays through a-blending.
This seminal work has inspired numerous extensions across
various applications, including dynamic scene view synthe-
sis [25, 34, 65], 3D content generation [54, 70], geometry
reconstruction [22, 36], video representation [52] and neu-
ral network-enhanced high-fidelity view synthesis [33, 64].
The flexible representation, computational efficiency, and
superior rendering quality of 3D-GS have established it as
a prominent approach in the field [60].

The key innovation of 3D-GS lies in its use of Gaussian



kernels for point effect decay, where the continuous nature
of these functions facilitates the optimization of discrete
representations. Subsequent research has focused on both
constraining and extending these Gaussian kernels for spe-
cific applications. Notable developments include the con-
straint of 3D Gaussians to 2D space [8, 19, 22], yielding pla-
nar representations that better approximate scene surfaces
for precise geometry reconstruction. Other works have ex-
tended the framework to 4D space [12, 63], enabling tempo-
ral dynamic modeling through 3D slicing of 4D Gaussians
for view synthesis. To address limitations in representing
sharp edges, researchers have proposed modifications to the
Gaussian shape using curve-cutting [43], hemispheric trun-
cation [30], and novel 3D convex shapes [21].

3. Preliminaries

In this section, we first review 3D Gaussian Splatting (3D-
GS) and 2D Gaussian Splatting (2D-GS), and their math-
ematical formulations (Sec. 3.1 and Sec. 3.2). We then
introduce our general kernel splatting framework that ex-
tends beyond traditional Gaussian primitives (Sec. 3.3). Fi-
nally, we analyze the inherent limitations of Gaussian-based
representations, motivating the need for our proposed de-
formable radial kernel formulation (Sec. 3.4).

3.1. 3D Gaussian Splatting (3D-GS)

3D Gaussian Splatting represents scenes using colored 3D
Gaussians [27]. Each Gaussian G is parameterized by a
3D center i, covariance matrix ¥ = RSST R (where R
is a rotation matrix from quaternion ¢ € SO(3) and S is
a scaling matrix from vector s), opacity o, and spherical
harmonic coefficients sh for view-dependent appearance. A
scene is represented as G = {G; : u;, g5, S5, 05, Shj}.

Rendering involves projecting Gaussians onto the image
plane with 2D covariance ¥ = JWXWTJT and center
' = JW p. The pixel color C'(u) is computed via neural
point-based a-blending:

C(u) = Ti;SH(shi,v:), where T, = T;Z} (1 - ay), (1)
iEN
where SH evaluates spherical harmonics with view direc-
tion v;, and «; is:
;= Oie—%(p—HE)TEQ(P—H(g)_ )
By optimizing these Gaussian parameters and adaptively

adjusting their density, 3D-GS achieves high-quality scene
representation with real-time rendering capabilities.

3.2. 2D Gaussian Splatting (2D-GS)

Recognizing that real-world scenes primarily consist of sur-
face structures where 3D Gaussians naturally compress into

planar formations, recent works [8, 22] proposed 2D Gaus-
sian Splatting (2D-GS). The opacity « is computed using
local coordinates (u, v) on the tangent plane:

1 /u?  0?
azo-exp(—2(52+82)>7 (3)

where s2 and s2 denote the variances along the U and V
axes. This surface-centric formulation aligns with the suc-
cess of polygon meshes in 3D modeling, offering a more
compact scene representation.

3.3. General Kernel Splatting

We extend conventional 2D Gaussians by introducing a
more general planar kernel splatting formulation (Fig. 3).
Given a ray from position 7, € R? with direction ry € R3
intersecting a tangent plane centered at p with rotation
R € SO(3), the intersection point is:
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where R, is the plane normal. The local UV coordinates at
this intersection are:

O-Een s

where R and R;{ are the first and second rows of R. The
kernel splatting function then maps these UV coordinates to
a density value «, determining the primitive’s shape.

evrnel Function

Local Frame
@) Center
—->
2y AT
O \ntersection e

Figure 3. Illustration of general planar kernel splatting: UV coor-
dinates of ray-plane intersections are mapped to density values via
a kernel function that determines the primitive’s shape.

3.4. Discussions

While 3D-GS demonstrates remarkable efficacy, our analy-
sis reveals several inherent limitations. First, screen-space
projection of Gaussians yields 2D elliptical distributions
with rotational symmetry, constraining their ability to ap-
proximate diverse primitive shapes. Second, their conic
curve boundaries (derived by the L2 norm) challenge the
representation of linear edges and intermediate edge forms.
Third, Gaussian distributions inherently couple decay rate
with spatial extent through the covariance matrix—sharp
features necessitate narrow distributions, making it chal-
lenging to simultaneously capture abrupt transitions and ex-
tended spatial regions.
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Figure 2. Comparison of 3D-GS versus a single DRK: DRK achieves superior geometric fidelity with just one primitive compared to
multiple Gaussians. We visualize the contours of 3D-GS and DRK to better illustrate primitive count, scale, and position.

These constraints necessitate millions of fine-grained
Gaussians to approximate arbitrary shapes, leading to over-
parameterization while still failing to achieve perfect fi-
delity under practical constraints. As shown in Fig. 2, even
elementary shapes like triangles and rectangles—which can
be described concisely—require numerous Gaussians for
approximation, exhibiting artifacts like interior inconsisten-
cies and external floating points (last column). Our de-
formable radial kernel (DRK) addresses these limitations
through radial basis functions with varying lengths s and
polar angles 6y, controlled by parameters 7 and 7 for con-
tour curvature and sharpness (Fig. 4).

4. Deformable Radial Kernel Splatting

Deformable Radial Kernel (DRK) is a novel primitive for
3D scene representation characterized by a set of parame-
ters © = {u, q, Sk, Ok, m, T, 0, sh}, where:
e u€R3 g€ SO(3),0,and sh follow 3D-GS for position,
orientation, opacity, and view-dependent appearance
o {sk, 0k} | define radial basis lengths and angles that
control the kernel shape
*n € (0,1) and 7 € (—1,1) control boundary curvature
and sharpness, respectively
In the following sections, we detail each component
of DRK. First, we introduce the radial basis formulation
(Sec. 4.1), showing that traditional 2D Gaussians are a spe-
cial case within our framework. Then, we discuss L1& L2
norm blending and edge sharpening in Sec. 4.2 and Sec. 4.3,
which enable flexible control of boundary curvature and
sharpness. Finally, in Sec. 4.4, we explore efficient raster-
ization strategies specifically tailored for DRK, including
low-pass filtering, kernel culling, and cache sorting.
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Figure 4. DRK defines a deformable shape using radial basis func-
tions characterized by lengths s and polar angles 6, with pa-
rameters 77 and 7 governing the shape’s curvature and sharpness
respectively.

4.1. Radial Basis

Our radial basis defines a kernel’s shape through K control
points in polar coordinates {sy, 0}, where s > 0 repre-
sents each radial length and angles are ordered as 0 < 6y <

. < 0x < 2w. For any point with local tangent coordi-
nates (u,v), we compute its polar representation using L2
norm ry = v/u? 4 v2 and angle § = arccos(u/r3). Given a

point lying between basis k and k+1 (i.e., 0 < 0 < 641),
(9—9;9)71'

we define its relative angular distance as Afy = Derr 0

The kernel function is then formulated as:

<_§ (1+Cos(A0k) N 1 fcos(AQk)>> L ©

2 252 257 14

This formulation smoothly interpolates between adjacent
radial bases using cosine weighting terms, ensuring contin-
uous transitions in the kernel’s shape.

2D Gaussian as a Special Case. Our formulation gen-
eralizes 2D Gaussian kernels. By setting K = 4 with
0, = %’T and sg = S9 = S, S1 = S3 = S,, we can de-
rive the 2D Gaussian form in Eq. (3). For points in the first
UV quadrant where Afj, = 26:

r2 (cos?0  cos?f
Q= 0-exp Y 52 + 52

1 [u? 4 v?
=o-exp|—=|—5+—=
P\ 72 2 s2))7

where we use the identity cos(Af;) = cos(20) =
2cos? @ — 1. The derivation extends to other quadrants by
symmetry.

4.2, L1& L2 Norm Blending

The scaling term & = Lcos(Afy) 4 1=cos(Abr)) jp
5 23k 2Sk+1

Eq. (6) enforces smooth contours at radial endpoints, where
ﬁ%k = 0 at Af;, = 0 or m. However, since radials con-
verge at the kernel center and are not parallel, this L2 for-
mulation inherently produces conic curves, limiting its abil-
ity to represent straight edges common in man-made envi-
ronments.

To address this limitation, we incorporate L1 norm into
our DRK formulation. For a point (u,v) between radial



endpoints e; = (s; cos(6;), s; sin(6;)) and e;41, we com-
pute its L1 norm as:
o w2

This transformation maps the diamond-shaped L1 unit ball
(lz] + |y = 1,0 < z,y < 1) to the segment between
adjacent endpoints, enabling straight-line boundaries.

We then introduce a blending weight n € (0,1) to
smoothly interpolate between L1 and L2 norms, yielding
our complete kernel function:

a=o0-ex . ? G
=o-exp|—3 nri + (1 17)52 . (8)

Note that 72 requires no explicit scaling term as it is inher-
ently scaled through the inverse transformation in Eq. (7).
Please see Fig. 4 (right) for illustration.
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4.3. Edge Sharpening

As shown in Fig. 2, Gaus-
sian functions inherently cou-
ple scale and edge sharpness
through their variance param-
eter, making it challenging to
achieve precise shape approxi-
mation even with thousands of
Gaussians. To decouple these
properties, we introduce a sharp-
ening coefficient 7 € (—1,1)
that adaptively adjusts edge tran-
sitions. Given the exponential term g (i.e., the density value
before opacity scaling) in Eq. (8), our sharpening function
is:
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Figure 5. Sharpening
function illustration.
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As illustrated in Fig. 5, this piecewise function reshapes the
alpha values toward O or 1, creating sharper edge transitions
while maintaining the kernel’s spatial extent. The final ker-
nel opacity is computed as &« = o - ¥(g).

4.4. Rasterization

Low-pass Filtering. Camera-captured images represent
discretely sampled signals from scene rays, inherently lim-
iting the maximum recoverable frequency of 3D content.
Without proper frequency constraints, optimization tends to
generate small, floating primitives that overfit to individual
training views. These primitives become too fine-grained
(smaller than ray coverage) and only contribute to specific
rays, resulting in poor generalization.

While 3D-GS leverages EWA splatting for closed-form
Gaussian low-pass filtering, DRK requires an alternative ap-
proach. Following Botsch et al. [4], we approximate fil-
tering by taking the maximum between the kernel function
and a view-dependent low-pass filter. Since DRK repre-
sents planar primitives, its frequency should be bounded on
its tangent plane while potentially unbounded when viewed
orthogonally, so we scale the filter size by the cosine of the
view angle:

1 Ap:, | Api

W(?—F 52 ), (10)

& = max(a, o - exp(—

where Apy, and Ap,, are image space distances between the
pixel and the projected kernel center, r4 - R, accounts for
view-dependent scaling, and s; controls the filter radius.

Tile Culling. Our rendering pipeline, based on 3D-GS,
performs image rendering using 2D thread grids on CUDA.
The process begins by dividing images into 16x16 tiles,
with each tile corresponding to potentially intersecting
primitives (kernels or 3D Gaussians). While 3D-GS
projects the major axis of a 3D Gaussian onto the image
plane to create a square axis-aligned bounding box (AABB)
for tile coverage, this method can be computationally inef-
ficient for primitives that project as highly anisotropic or
elongated shapes, as shown in Fig. 6. This inefficiency be-
comes particularly evident in DRK due to its diverse shape
representations. To address this, we introduce a more pre-
cise radius calculation and an improved tile culling strategy.

O  Endpont

O Center \
D Untouched

l } GS—Touched

D After—Culling

Figure 6. Polygon-based tile culling using radial basis endpoints
enables efficient rasterization by eliminating untouched tiles.

The effective range of DRK is governed by its radial ba-
sis, whose endpoints define the kernel’s boundary. Follow-
ing the 3-o principle, we define the boundary radius s, but
extend it to account for opacity o and sharpness T parame-
ters. The calibrated radial length s{, is defined as:

e—3*
si, = sk —log <\II—1( > )) an

The derivation details are provided in the Supplementary
Material. Using this calibrated length, we calculate each
radial basis endpoint vy:

v = p+ sg(cos Oy Ry + sin O Ry). (12)



Methods \ Simple Texture Geometry Specular Large Average
‘ PSNR  LPIPS  SSIM ‘ PSNR  LPIPS  SSIM ‘ PSNR  LPIPS SSIM ‘ PSNR  LPIPS  SSIM ‘ PSNR  LPIPS  SSIM ‘ PSNR  LPIPS SSIM
2D-GS 42.10 .0209 .9969 | 42.59 .0624 9834 | 29.90 .0513 .9700 | 27.18 .0570 .9550 | 27.80 .2500 .8388 | 33.92 .0881 .9514
3D-GS 39.51 .0311 .9941 | 44.57 .0628 .9968 | 29.14 .0552 .9658 | 27.16 .0758 .9523 | 32.19 .2054 9017 | 34.41 .0861 .9621
3D-HGS | 41.41 .0199 .9931 | 46.19 .0397 .9912 | 30.42 .0406 .9598 | 27.27 | .0512 | .9447 | 33.17 .1672 .8721 | 35.68 .0637 .9521
GES 40.95 .0266 .9955 | 45.23 .0579 .9977 | 30.36 .0468 .9704 | 27.04 .0632 .9550 | 31.67 .2074 .8987 | 35.05 .0804 .9634
DRK (S2) | 40.34 .0283 .9946 | 47.67 .0537 .9976 | 30.68 .0477 .9709 | 27.07 .0704 .9570 | 31.57 .2090 .8985 | 35.03 .0823 .9637
DRK (S1) | 4224 0168 .9974 | 47.86 .0410 .9988 | 31.67 .0394 .9788 | 27.77 .0631 .9603 | 33.78 .1685 .9196 | 36.62 .0668 .9701
DRK 4346 .0105 .9985 | 49.08 .0396 .9990 | 31.93 .0366 .9803 | 28.19 .0592 .9615 | 35.28 .1348 .9372 | 37.58 .0564 .9752
Table 1. Rendering quality evaluation on DiverseScene datasets across various categories
2DGS 3DGS 3DHGS GES | DRK(S2) DRK(S1) DRK kernels with identical center depths, comparing rasteriza-
Num(]) 359K 336K 373K 330K [ 42K 109K 260K tion results with and without cache-sorting, preventing pop-
MB() _83€ 797 896 781 12:3 321 766 ing artifacts while maintaining rendering efficienc
FPS(1) 25137 247.1 1545 2274 | 2349 1192 775 ping w g g Y.

Table 2. Evaluation results of average primitive number (Num),
model size (MB), and rendering speed (FPS) on DiverseScene.

These endpoints form a polygon that accurately approxi-
mates the kernel’s boundary. By projecting this polygon
onto the image plane, we can efficiently identify and cull
tiles that don’t intersect with the kernel, making the rasteri-
zation more efficient.

Iw/o sort | I w/ sovrt |

Figure 7. Our cache-sorting uses r; as keys in cache-sorting to
rectify the sorting order while preventing popping artifacts.

Cache Sorting. 3D-GS sorts the Gaussian using the depth
of the center pn, which can lead to inconsistencies across
multiple views. While Radl et al. [44] address this by esti-
mating the depth of the Gaussian at the point of maximum
density and applying a hierarchical sorting solution to mit-
igate popping artifacts caused by inconsistent sorting, we
propose a simpler yet effective solution. In our approach,
the distance r; from the camera to the intersection between
the ray and DRK is calculated as:

(/’L - TO)TRZ

13
TdTRz (13)

Ty =

During rendering, each thread processes a pixel using an
sorted array to cache the r; values and kernel indices, as il-
lustrated in Fig. 7. The array is kept sorted by performing
insert sorting for each new-coming kernel. If the array is
full, the kernel with the smallest r; is popped out for pro-
cessing. A dynamic cursor is used to record the scanning.
We maintain an array length of 8, which is sufficient for
approximating a more accurate sort. Fig. 7 demonstrates
our method’s effectiveness in handling multiple overlapping

5. Experiment
5.1. Datasets and Evaluation Metrics

To evaluate our method’s performance across diverse sce-
narios, we focused on four key aspects: texture complexity,
geometric detail, view-dependent effects, and scene scale.
We collected 10 representative 3D scenes from Sketchfab',
with two scenes per category: simple objects, richly tex-
tured surfaces, intricate geometric details, specular mate-
rials, and large-scale environments. The dataset, namely
DiverseScenes, serves as a benchmark to assess our repre-
sentation method’s capabilities. Detailed information about
DiverseScenes can be found in the supplementary materi-
als. For the evaluation on unbounded real-world scenes,
we utilized the Mip-NeRF360 dataset [2], which contains
multi-view images captured in open environments. Camera
poses were estimated using COLMAP [47]. We assessed
performance using three metrics: Peak Signal-to-Noise Ra-
tio (PSNR) for overall reconstruction accuracy, Structural
Similarity Index (SSIM) for perceptual quality and Learned
Perceptual Image Patch Similarity (LPIPS) [68] for human-
perceived visual fidelity. We observed that the number
of primitives significantly impacts rendering quality. To
evaluate DRK’s performance across different densities, we
present results using various hyper-parameters (details pro-
vided in the Supp), where the density decreases progres-
sively from DRK to DRK(S2) and then to DRK(S1).

5.2. Quantitative Comparisons

DiverseScenes. We compare our method, DRK, against
state-of-the-art Gaussian representations: 3D-GS [27], 2D-
GS [22], 3D-HGS [30], and GES [20], using their offi-
cial implementations. To ensure a fair comparison focused
on kernel representation, we adjust the gradient threshold
for densification in these methods, aligning their primitive
count with that of 3D-GS (300K+). The results for each
dataset category are shown in Table 1, demonstrating that
our method achieves the best average performance. This

Uhttps://sketchfab.com/



Figure 8. Qualitative comparisons of DRK with state-of-the-art methods across various scenarios show that DRK effectively captures sharp

texture and geometry boundaries.

is followed by our sparser version, DRK (S1). DRK (S2)
also performs comparably to other state-of-the-art methods,
with significantly fewer primitives and lower space occu-
pancy, while maintaining comparable FPS, as detailed in
Table 2. Although our method requires more computation,
the rendering framerates remain efficient (FPS > 50).

Mip-NeRF360 Datasets. We also tested DRK on Mip-
NeRF360 datasets, known for accurate camera poses and
unbounded scenes. Results are shown in Tab. 3. On
unbounded scenes, DRK still excels in perceptual qual-
ity (LPIPS, SSIM), it shows less advantage in PSNR, es-
pecially with sparser kernels. We hypothesize that DRK
may tend to overfit distant regions with limited supervi-
sion. To address this, we used MiVOS[6] to mask image se-
quences, training on original images but evaluating only the
foreground. The results (M-PSNR) indicate our method’s
strength in well-supervised central regions.

Methods PSNR(1) M-PSNR(1) LPIPS(|) SSIM(f) Num(|) Size(])
2D-GS 26.32 32.01 .2987 7617 928K  216.0M
3D-GS 26.48 32.23 .3045 1537 811K 191.3M
3D-GS (L) 26.94 32.75 .2688 7799 1191 K 281.6M
3D-HGS 26.74 32.51 2999 7561 842K  2024M
GES 26.62 32.11 .3047 7542 824K 195.0M
DRK (S2) 26.20 32.31 2781 7601 388K  1259M
DRK (S1) 26.40 32.56 .2601 7722 551K 161.9M
DRK 26.76 32.81 2364 7871 952K  279.1M

Table 3. Quantitative evaluation on Mip-NeRF360 scenes [2].

5.3. Qualitative Comparison

We conducted qualitative comparisons to highlight the ad-
vantages of DRK over other state-of-the-art kernel repre-
sentations. Fig.8 shows results across different scene cate-
gories, where our method achieves better texture and geom-
etry fitting with a comparable or smaller number of kernels.
Fig.9 demonstrates that DRK effectively handles fine ge-
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Figure 9. Comparisons on the MipNeRF 360 dataset show our method achieves clearer details and high-fidelity rendering.

ometries, such as flowers and leaves, and detailed textures,
like tags and bark, outperforming other representations that
may have used more primitives (see Tab. 3).

5.4. Converting Mesh to DRK

All existing ”Splatting” methods [20, 22, 27, 30] fail to
seamlessly integrate with traditional assets. In contrast, our
DRK framework provides a versatile representation that al-
lows for effortless conversion of triangle and polygon faces
into DRK. This is accomplished by placing the DRK end-
points at the polygon vertices and adjusting the parameters
7 and 7 to control sharpness, with both L1 and L2 curva-
ture set to 1. This process eliminates the need for training
data rendering or model optimization. Consequently, rich
3D assets can be seamlessly transferred into DRK, bridging
the gap between millions of traditional 3D assets and our
fast, high-quality reconstruction representation. Figure 10
illustrates the potential applications of Mesh2DRK.

Millions of 3D Assets Composed Scenes

Reconstructed Scenes

Unified
Rendermg
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Triangle/Polygon Face Mesh — DRK DRK
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Figure 10. The conversion from Mesh to DRK demonstrates the
efficiency of using DRK to incorporate traditional 3D assets into
any DRK scene at low cost.

Train-free
Conversion

6. Conclusion

We present DRK, a novel primitive representation that gen-
eralizes and enhances Gaussian splatting. By incorporat-
ing learnable radial bases, adaptive shape control, and ef-
ficient rendering strategies, DRK effectively addresses the
fundamental limitations of Gaussian kernels in representing
diverse geometric features. Our experiments on both syn-
thetic and real-world scenes demonstrate that DRK achieves
superior rendering quality with significantly fewer primi-
tives, while maintaining computational efficiency through
carefully designed rasterization optimizations. Leveraging
the flexibility of DRK, traditional triangle or polygon mesh
representations can be seamlessly converted into DRK with-
out requiring any training. This capability bridges rich 3D
assets with reconstructed scenes, paving the way for future
applications such as real-scene editing, VR digital world
creation, and AR scene enhancement.
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