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Figure 1. We propose UVGS - an structured image-like representation for 3DGS obtained by spherical mapping of its primitives. The
obtained UVGS maps can be further unified to a 3-channel Super UVGS image to bridging the gap between 3DGS and existing image
foundation models. We show Super UVGS can compress the 3DGS assets using pretrained image Autoencoders, and for direct uncondi-
tional and conditional 3DGS object generation using diffusion models. We also present one of the first experiments on 3DGS inpainting.

Abstract
3D Gaussian Splatting (3DGS) has demonstrated supe-

rior quality in modeling 3D objects and scenes. However,
generating 3DGS remains challenging due to their discrete,
unstructured, and permutation-invariant nature. In this
work, we present a simple yet effective method to overcome
these challenges. We utilize spherical mapping to transform
3DGS into a structured 2D representation, termed UVGS.
UVGS can be viewed as multi-channel images, with feature
dimensions as a concatenation of Gaussian attributes such
as position, scale, color, opacity, and rotation. We further
find that these heterogeneous features can be compressed
into a lower-dimensional (e.g., 3-channel) shared feature
space using a carefully designed multi-branch network. The
compressed UVGS can be treated as typical RGB images.
Remarkably, we discover that typical VAEs trained with
latent diffusion models can directly generalize to this new
representation without additional training. Our novel rep-
resentation makes it effortless to leverage foundational 2D
models, such as diffusion models, to directly model 3DGS.
Additionally, one can simply increase the 2D UV resolution

to accommodate more Gaussians, making UVGS a scalable
solution compared to typical 3D backbones. This approach
immediately unlocks various novel generation applications
of 3DGS by inherently utilizing the already developed su-
perior 2D generation capabilities. In our experiments, we
demonstrate various unconditional, conditional generation,
and inpainting applications of 3DGS based on diffusion
models, which were previously non-trivial.

1. Introduction
The creation of high-quality 3D content is essential in appli-
cations like virtual reality, game design, robotics, and movie
production, where realistic 3D representations play a criti-
cal role. Typical 3D representations like Neural Radiance
Fields (NeRF) [29] are promising but require substantial
computational resources, limiting their scalability for real-
time applications. Moreover, NeRF is an implicit represen-
tation, which makes editing and manipulation challenging.
Recently, 3D Gaussian Splatting (3DGS) [19] emerged as a
compelling alternative, enabling efficient and high-fidelity
3D rendering through a large set of Gaussian primitives that
model spatial and visual properties. As an explicit represen-
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tation, 3DGS offers several advantages over NeRF. How-
ever, while 3DGS offers bene�ts in terms of speed and vi-
sual quality, its unstructured, permutation-invariant nature
presents signi�cant challenges for generative tasks. Much
like point clouds, it lacks a coherent spatial structure, im-
peding its integration with conventional image-based gen-
erative models. This lack of structure and coherence among
primitives hinders the application of image-based genera-
tive models [27, 61, 67], which rely on structured data rep-
resentations.

Previous methods have tackled these challenges by trans-
forming 3DGS into structured formats, such as voxel
grids [9, 16, 61] or image-based representations like Splat-
ter Image [46] or triplanes [70]. Other approaches employ
diffusion models to directly predict 3DGS attributes [32].
These methods, while achieving impressive visual results,
often require substantial computational resources, memory-
intensive multi-view rendering, complex architectures lim-
iting their scalability and �exibility for high-�delity gen-
eration. Generating and processing 3DGS directly by ef�-
ciently utilizing modern generative models like Variational
Autoencoders (VAEs) and diffusion models is limited as the
neural networks are not permutation invariant.

To address these shortcomings, we introduceUV Gaus-
sian Splatting (UVGS), which provides a structured trans-
formation of 3D Gaussian primitives into a 2D represen-
tation while preserving essential 3D information. We use
spherical mapping [43] that inscribes Gaussian splats in a
spherical surface, and projects attributes like position, rota-
tion, scale, opacity, and color into an organized 14-channel
image-like UV map. This mapping introduces spatial struc-
ture, resolving issues of permutation invariance by introduc-
ing local correspondences between neighboring Gaussians
and global coherence across the entire 3D object. The result
is a representation that functions as a “3D representation”
structured in a 2D map format, enabling compatibility with
powerful image-based neural network architectures.

While UVGS introduces structure into 3D Gaussian
Splatting, its full 14-channel attribute-speci�c representa-
tion presents challenges for direct integration with pre-
trained 2D generative models, as these models typically ex-
pect a simpler, image-compatible data. Each of its heteroge-
neous attributes—position, color, and transformation—has
its own distinct distribution and resides in a separate fea-
ture space, making it challenging to represent the 3D object
in a uni�ed shared space. To address this, we introduce
Super UVGS, a compact 3-channel representation that uni-
�es these diverse attributes into a cohesive format. Using
a carefully designed multi-branch mapping network, Su-
per UVGS consolidates the distinct attribute spaces into a
shared feature space, enabling a more collective representa-
tion of the object. This uni�ed transformation not only fa-
cilitates zero-shot compatibility with pretrained 2D models

but also optimizes memory usage and computational ef�-
ciency, making Super UVGS highly practical for large-scale
3D tasks. Unlike previous approaches that use Triplanes,
voxels, occupancy grid, neural �elds etc. and require spe-
cialized 3D architectures to train on 3D data, UVGS ef-
fortlessly leverages widely available pretrained 2D foun-
dational models. This zero-shot generalization capability
allows UVGS to fully bene�t from priors learned in 2D do-
mains from large amount of data, improving both �exibility
and scalability. To sum up our main contributions are:
• Ef�cient Structured Representation of 3DGS: We present

UVGS, an image-like representation that solves permuta-
tion invariance and unstructured nature of discrete 3DGS
through spherical mapping, making direct feature extrac-
tion possible by organizing unordered points into a coher-
ent 2D representation compatible with 2D models.

• Compact and Scalable Super UVGS Representation: To
address scalability while dealing with large scale 3DGS
points and enabling the direct integration of pre-trained
2D foundation models, we introduce Super UVGS - a
low-dimensional version of UVGS maps that retains high
�delity features while reducing memory overhead.

• Diverse 3D Applications: Our approach unlocks seamless
integration of 3DGS with pre-trained 2D foundation mod-
els for various tasks, including unconditional and condi-
tional generation of 3DGS.

2. Related Work

3D Generative/Reconstruction Models for Objects: Gen-
eration or reconstruction of 3D assets has been a long stand-
ing task [4, 24, 28, 30, 31, 35, 39, 40, 45, 47, 49, 56, 60].
Previous reconstruction approaches like NeRF [2, 29] are
often slow and do not provide a de�ning geometry [6, 13,
18, 23, 26, 28, 36, 40, 54, 66, 68]. Advancements in the �eld
led to the emergence of explicit voxel grid based represen-
tations that encode colors and opacities directly [9, 33, 51].
These approaches achieve signi�cant speed ups compared
to the NeRF based approaches, but they can't produce high
�delity assets due to the low resolution of voxel grids.
On the other hand, triplane representation [15, 44, 53, 69]
provides a trade-off between the quality and memory uti-
lization. Another line of work [11, 59] splits the input
mesh into different patches and simpli�es the object gen-
eration problem to an image generation problem. How-
ever such methods rely on either cutting through the mesh
to create a geometry image [11] or rely on an existing
UV representation of the geometry and utilize subset of
existing UV islands [59] resulting in loss of details. Re-
cently, there has been a notable advancement in 3D Gaus-
sian Splatting (3DGS) for the representation of objects and
scenes leding to the emergence of 3DGS showcasing im-
pressive real-time results in reconstruction and generation
tasks [16, 19, 22, 34, 48, 55, 57, 58, 60, 62, 69]. Recent
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