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Abstract

Recent advances in text-to-image diffusion models have
been driven by the increasing availability of paired 2D data.
However, the development of 3D diffusion models has been
hindered by the scarcity of high-quality 3D data, result-
ing in less competitive performance compared to their 2D
counterparts. To address this challenge, we propose repur-
posing pre-trained 2D diffusion models for 3D object gen-
eration. We introduce Gaussian Atlas, a novel representa-
tion that utilizes dense 2D grids, enabling the fine-tuning
of 2D diffusion models to generate 3D Gaussians. Our
approach demonstrates successful transfer learning from a
pre-trained 2D diffusion model to a 2D manifold flattened
from 3D structures. To support model training, we com-
pile GaussianVerse, a large-scale dataset comprising 205K
high-quality 3D Gaussian fittings of various 3D objects.
Our experimental results show that text-to-image diffusion
models can be effectively adapted for 3D content genera-
tion, bridging the gap between 2D and 3D modeling.

1. Introduction

Understanding the 3D world is crucial for numerous real-
world applications. In this work, we focus on generative
3D modeling with the primary objective of generating high-
quality 3D assets from given textural descriptions [13, 33].

With advances in 3D content representation, diffusion
models [11, 44] begin to play a predominant role in 3D
generation [12, 25, 31]. Among different 3D representa-
tions, 3D Gaussians [15] have gained popularity for mod-
eling 3D scenes and objects due to their high efficiency,
explicit structure, and superior rendering quality. Notably,
training diffusion models to generate 3D Gaussians requires
high-quality “ground truth” 3D Gaussians, which must be
pre-fitted to the 3D objects [10, 27, 46].

To advance the community, we constructed a large-scale
dataset named GaussianVerse, comprising high-quality 3D
Gaussian fittings for a diverse range of objects. Unlike
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Figure 1. Previous 3D generators are either end-to-end 3D models
[10, 57] or a combination of a multi-view 2D generator followed
by a 2D-to-3D lifting model [49, 54]. In this work, we achieve 3D
object generation by directly fine-tuning 2D generation models.

previous studies that also pre-compute 3D Gaussian refer-
ences, GaussianVerse provides higher-quality fittings with
the minimum required number of Gaussians, through a
novel pruning strategy and a more effective, but compute-
intensive, fitting process.

Designing standalone diffusion models for 3D genera-
tion is straightforward. However, such models have signif-
icant limitations especially when trained solely on 3D data,
as high-quality 3D data is relatively scarce compared to 2D
images. To achieve higher rendering fidelity in 3D genera-
tion, it is desirable to leverage the learned prior knowledge
from well-pretrained 2D diffusion models [5, 21, 28, 33].
Some methods have been proposed to incorporate pre-
trained 2D diffusion models with frozen weights into the
3D generation pipeline through complex designs, such as
score-distilled sampling [33] and collaborative controls [5].

In this paper, we propose a fresh perspective that repur-
poses 2D diffusion models for 3D generation through direct
fine-tuning. To fully harness the capabilities of these 2D
diffusion models, we introduce Gaussian Atlas, a novel
2D representation of 3D Gaussians. This representation
enables direct fine-tuning by first transporting unorganized
3D Gaussians into a standard 3D sphere and then apply-
ing equirectangular projection to map them into a square
2D grid, creating a Gaussian Atlas. We show that these
Gaussian atlases facilitate transfer of the prior knowledge
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captured in 2D diffusion models to the 3D generation task.
By doing so, our approach provides a means to leverage the
learned 2D priors for 3D generation, unlocking new possi-
bilities for efficient and effective 3D content creation.

To summarize, our major contributions are three-fold: (i)
We present a large-scale dataset, GaussianVerse, consist-
ing of 205,737 high-quality 3D Gaussian fittings for diverse
objects sampled from Sketchfab [43]; (ii) We propose a
novel 2D representation of 3D Gaussians, Gaussian Atlas,
facilitating 3D generation tasks through a new perspec-
tive by fine-tuning pretrained 2D diffusion models; (iii) We
demonstrate that the proposed approaches surpass state-of-
the-art 3D Gaussian generators in terms of both generation-
prompt alignment and user preferences.

2. Related Work

Repurposing 2D diffusion models. Diffusion models
[6, 11, 37], are originally designed for text-to-image gen-
eration. When trained on large-scale internet images, prior
knowledge learned from diverse domains can be transferred
to different tasks. Marigold [14] is an example of how fine-
tuning pretrained Latent Diffusion (LD) models [37] can
benefit depth prediction. Marigold first re-parameterizes
single-channel depth maps as RGB images and uses the pre-
trained VAE encoder to compress both the input image as
well as its paired depth map into a shared latent space. The
two latents are then concatenated to enable conditional gen-
eration of depth latents, which are subsequently decoded
back into RGB space through the VAE decoder. More re-
cent work, such as GeoWizard [7] and GenPercept [52],
explored the repurposing of LD models for more geomet-
ric prediction tasks and beyond. As more and more stud-
ies have shown the potential of finetuning LD for different
purposes, this work is among the first to explore how a LD
model can be adapted for 3D generation, addressing the sig-
nificant disparity between 3D objects and 2D images.

3D generation with Gaussian splatting. Unlike 2D im-
ages, 3D objects are more difficult to generate due to the
additional dimension and geometric constraints [15, 29].
Among all 3D generation methods [4, 16, 18, 35, 48, 49,
53], there is a line of work that utilizes diffusion models to
generate 3D Gaussians, which is closely related to this pa-
per. GSD [30] introduced rendering guidance to constrain
the sampling of 3D Gaussians with 2D observations. L3DG
[36] is another example, which embeds 3D Gaussians onto
a dense latent grid and learns a diffusion model in the latent
space for generation. Moreover, GVGen [10] and Gaus-
sianCube [57] achieve 3D Gaussian diffusion by transform-
ing sparsely located Gaussians into more structured 3D vol-
umes. GVGen fits 3D Gaussians directly on a volume with
offsets, while GaussianCube applies Optimal Transport to
move 3D Gaussians to vertices of a predefined 3D grid.

Gaussian Anything [17] adopts a two-step approach that
generates Gaussians by auto-encoding point cloud latents.
Recently, TRELLIS [51] designed a structured representa-
tion that supports decoding to various 3D formats. In this
work, we propose to transform 3D Gaussians onto 2D at-
lases, to leverage the power of well pretrained 2D diffusion
models and unify the architecture of 2D and 3D generation.

2D representations of 3D content. Representing 3D ob-
jects as 2D planes is not new. A major line of research en-
codes 3D structures using implicit Triplanes [3]. NFD [42]
was one of the first attempts to train 2D diffusion models
to generate Triplanes, from which neural fields can be de-
rived to reconstruct 3D objects. To enhance 3D coherence,
CRM [49] integrates multi-view observations into the Tri-
plane generation process. InstantMesh [53] and Instant3D
[18] follow a similar design but employ more sophisticated
models to improve Triplane synthesis. Instead of generating
neural fields, TriplaneGaussian [60] decodes 3D Gaussian
attributes directly from generated Triplanes. More recently,
DiffGS [59] has refined the TriplaneGaussian paradigm by
learning a mapping between pre-fitted 3D Gaussians and
Triplanes via a latent diffusion model. Several works share
motivations similar to ours. For example, PI3D [21] fine-
tunes a pretrained text-to-image generation model to pro-
duce Triplanes represented as “pseudo-images”, while Hex-
aGen3D [28] leverages pretrained image diffusion mod-
els for improved Triplane generation. However, their fine-
tuned diffusion models exhibit limited capacity, and an ad-
ditional minutes-long refinement process is typically re-
quired to enhance the 3D generation.

In addition to Triplane-based representations, Splatter
Image [45] trains a 2D network to infer pixel-wise Gaussian
attributes from single images; Omages [55] trains 2D diffu-
sion models to fit 2D UV maps of the geometry and mate-
rials of 3D objects, ultimately reconstructing a textured 3D
mesh. However, Omegas supports only class-conditioned
generations of a limited pre-defined categories; GIMDiffu-
sion [5] adopts a similar approach by representing the sur-
face of 3D objects with geometry images [8] and leveraging
2D diffusion models in the UV space; DiffSplat [19] trains
VAE to compress multi-view 3D Gaussians into 2D latents
and achieve multi-view generation through a pretrained 2D
diffusion model. In contrast, our method introduces a more
dense 2D representation of 3D Gaussians, yielding a novel
approach for repurposing pretrained 2D diffusion models.

3. GaussianVerse

In this section, we present GaussianVerse, a large-scale
dataset containing high-quality 3D Gaussian fittings for a
wide range of 3D objects. A summary of this dataset is
available in Table 1 and Figure 2. We describe the process
of fitting per-object 3D Gaussians below. More details are
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Figure 2. (a) GaussianVerse offers high-quality 3DGS fittings for diverse 3D objects. (b) A word cloud and (c) a list of the most frequently
occurring words generated from the captions [26] of the fitted objects. (d) The distribution of the number of Gaussians per fitting shows
that our method generates fewer Gaussians for simple objects and more for complex ones. Red dotted lines indicate the 25%, 50%, and
75% percentile of the distribution.

# Gaussians per fitting Total # fittings Compute time
10,435±4,453 205,737 >3.8 GPU Years

Table 1. Statistics for the proposed GaussianVerse dataset. We
report the average (with standard deviation) number of 3D Gaus-
sians per fitting, the total number of fitted objects, and the overall
compute time spent on A100 GPUs.

provided in the supplementary materials.
Preliminaries: 3D Gaussian splatting [15]. Given multi-
view observations of a 3D object, 3D Gaussian Splatting
(3DGS) represents the scene as a set of Gaussian distribu-
tions defined in 3D space. Each Gaussian is characterized
by five attributes: its 3D location xi → R3, color informa-
tion ci → R3, opacity oi → R1, scale si → R3, and 3D
rotation ri → R3. The 3D covariance matrix !i can be rep-
resented as !i = risirT

i . A 2D image C can be rendered
from properly structured 3D Gaussians through ω-blending:

Cω =
∑

j=1

cjεω
j

j→1∏

k=1

(1 ↑ εω
k ), (1)

where ϑ is the camera pose, εω
i represents z-depth ordered

opacity, computed as oie→ 1
2 (x→xω

i )T (!ω
i )→1(x→xω

i ). The
terms (xω

i , !ω
i ) denote the 2D Gaussian projection on the

image plane derived from the 3D Gaussians with ϑ.

3D Gaussian fitting with bounded quantity. For training
diffusion models, high-quality 3D Gaussian “ground truth”
need to be pre-fitted for 3D objects in different formats. We
build our fitting model upon the state-of-the-art, Scaffold-
GS [24], along with non-trivial modifications. First, we ex-
clude view properties from the MLP predictors for attribute
querying to enable more view-invariant applications. Sec-
ond, we propose constraining the number of Gaussians per
fitting, as also suggested in [30, 57].

Different 3D objects can exhibit diverse geometries and
appearances, leading to highly variable 3DGS fittings. A
common approach is to have a constant number of Gaus-
sians per fitting [30, 57], which enforces a uniform distri-
bution of number of Gaussians across all 3D objects. Con-
sequently, low-poly, simple objects can get excessively pa-
rameterized, with low, though not zero, scale and opacity
values. Instead of constraining the number of Gaussians
to be constant, we introduce the visibility ranking strat-
egy that bounds the number of fitted Gaussians at ϖ , a self-
defined parameter. Specifically, during 3DGS fitting, we
track each Gaussian’s opacity to assess its visibility from
randomly selected camera views. If the number of Gaus-
sians exceeds the bound ϖ after densification, we sort their
opacities and prune those with the lowest values. This prun-
ing strategy differs from the original implementation [15],
which only prunes completely invisible Gaussians. Addi-
tionally, to align with Scaffold-GS’s design, we apply the
same ranking and pruning based on the tracked visibility of
anchors. Final Gaussians for pruning are selected by aver-
aging the ranks from both tracking metrics.

Our visibility ranking strategy introduces minimal com-
putational overhead while providing significant flexibility
for various applications. See Figure 11 in the supplemen-
tary materials for our fitting results on objects with varying
levels of detail and Figure 2 (d) for the distribution of the
number of Gaussians across all fittings in GaussianVerse.

We optimize per-object 3D Gaussians by minimizing
photometric losses against multi-view RGB renderings:

ϱ↑
rgbLrgb + ϱ↑

ssimLssim + ϱ↑
lpipsLlpips + ϱ↑

regR, (2)

where Lrgb represents the color space L1 loss, Lssim is the
negated structural similarity index, Llpips is the perceptual
loss, and R is a scaling regularization term [24]. The ϱ’s are
weights for each loss. Note that the addition of perceptual
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Figure 3. Representing 3D Gaussians as 2D Gaussian Atlas. For each fitting, 3D Gaussians are first translated to the surface of a standard
sphere S via optimal transport. Then, the surface Gaussians are flattened onto the 2D plane via equirectangular projection with reusable
indices. We obtain Gaussian Atlas by reorganizing the flattened coordinates to pixels of a dense 2D square of size

→
N ↑

→
N .

loss nearly doubles the training time, but it is necessary for
high rendering fidelity with fewer Gaussians.
Dataset details. GaussianVerse consists of 205,737 3DGS
fittings of 3D objects sampled from Sketchfab [43] under
CC licenses. We used the multi-view 2D renderings pro-
vided in [61] to perform per-object fittings. The 2D render-
ings came in 10 different categories, and we used renderings
from 9 of the categories, excluding those of ’poor quality’.
This curated list results in a wide coverage of diverse ob-
jects. We visualize a word cloud as well as the top 20 most
frequent words from the captions [26] in Figure 2 (b) and
(c). For optimal efficiency and quality balance [10, 57],
we set the bound ϖ to 192 ↓ 192 = 36, 864. A cluster
of A100 GPUs is employed for large-scale parallel fitting.
Each 3DGS fitting job converges at around 20,000 steps,
translating to approximately 10 minutes of fitting time per
object, with a total of over 3.8 A100 GPU years spent.

Comparison with related work. Compared with several
previous studies [10, 30, 57] which also fit per-object 3D
Gaussians for training diffusion models, we achieve higher-
quality 3DGS fittings with fewer valid Gaussians but in-
creased compute costs with a refined pruning strategy and a
more effective, but compute-intensive, fitting process.

4. Formulating 3D Gaussians as 2D Atlas

In this section, we introduce a novel approach that trans-
forms unorganized Gaussians in the 3D space to a dense 2D
representation, namely Gaussian Atlas, making it possible
to repurpose 2D diffusion models, for example, Latent Dif-
fusion (LD) [37], for 3D generation tasks.

Motivation. LD can understand complex natural language
and generate coherent 2D images, benefiting from the vast
availability of over billions of paired text-image data [40].
However, text-to-3D generation presents greater challenges
due to two key reasons: (i) the scarcity of large-scale
datasets with 3D models comparable to those in 2D, as
creating and annotating high-quality, textured 3D models
remains both resource-intensive and time-consuming [26];
and (ii) the inherently higher-dimensional nature of 3D ob-
ject representations, which impose complex geometric con-

straints, making it more difficult for diffusion models to in-
terpret. These disparities in data availability and represen-
tational complexity between 2D and 3D motivate our ap-
proach to leveraging learned priors from pre-trained 2D dif-
fusion models for 3D Gaussian generation.

However, unstructured Gaussians in 3D space cannot be
directly passed to 2D models, which require inputs X to
have: (i) only 2 spatial dimensions; (ii) valid “pixels” at
each vertex of a dense 2D grid; and (iii) values within a
specific distribution, either X → [↑1, 1] for the VAE or X ↔
N (0, 1) for the denoiser. To make 3D Gaussians compatible
with 2D diffusion models, we propose Gaussian Atlas, a
2D representation of 3D Gaussians.

One simple idea of 2D transformation is to project 3DGS
onto an image plane with their 3D coordinates and given
camera parameters. However, this naive approach loses
depth information entirely and disrupts the original 3D
structure’s topology, which is essential for 3D generation as
it relies on accurate representation of 3D continuity. This
highlights the need for a method that not only maps 3D
Gaussians onto a 2D plane but also preserves 3D continu-
ity to some extent. Given these requirements, we argue that
methods similar to UV texture unwrapping, which unfold
the surface of a 3D geometry onto a 2D plane, are more
suitable. However, UV maps are usually not universally ap-
plicable since careful designs are needed for different 3D
geometries [1, 9]. Therefore, instead of exact mappings be-
tween 3D geometries and their 2D UVs, we focus on one
characteristic of UV unwrapping — geometry flattening.

Specifically, our goal is to find a mapping function M(·)
that transforms the 3D positions {x → R3} of 3D Gaussians
to 2D planar coordinates {x̂ → R2}: M({x}) ↗ {x̂}. A
natural approach is to parameterize such a function M as
neural networks which can be optimized toward 2D and 3D
consistency [58]. However, this approach requires repeated
training of M on different objects which is not only time
consuming but also makes the mapping process inconsis-
tent between objects given that the heuristics for 2D flatten-
ing may be different for different geometries. As a result,
diffusion models are not able to capture the irregular pat-
terns and fail to generate meaningful contents. Experiments
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Figure 4. Repurposing 2D diffusion models for 3D Gaussian generation. Our pipeline consists of two stages. In the 3DGS pre-fitting
stage (section 3), we pre-fit high quality 3D Gaussians for a diverse array of 3D objects with multi-view observations. The large-scale
3DGS fittings are then re-structured as Gaussian Atlas (section 4) with 2D representations for each 3DGS attribute. In the diffusion model
training stage (section 5), we leverage the transformed 2D Gaussian atlases to repurpose a pretrained latent diffusion model (the 2D UNet
denoiser F ) and ultimately achieve 3D content generation.

are provided in section 6.2 to support this claim. To this
end, we seek a more coherent transformation between 3D
and 2D with a simple and deterministic mapping function.

We formulate our transformation process into three se-
quential stages, as outlined in Figure 3. In the first stage,
we hypothesize a unit sphere S , which is centered at the
origin of 3D-axis with unit radius, to be parameterized by
N 3D points {si → R3} that are uniformly distributed on
its surface. Sphere is a well-studied structure that offers
multiple standards for 2D projection, which makes it suit-
able for being considered in the flattening process. We then
translate the unorganized 3D Gaussians to the surface points
{si → R3} of S using Optimal Transport (OT) [2]. We call
this process sphere offsetting. Our method differs from [57]
by offsetting 3D Gaussians directly onto the surface, rather
than vertices within a volume. Our transportation process is
also much faster due to the adaptive number of Gaussians.

After positioning the 3D Gaussians on the surface of a
unit sphere, we employ equirectangular projection [50] as
our M to obtain flattened 2D coordinates {pi → R2} of the
3D Gaussians. Lastly, in the plane offsetting stage, we ap-
ply another OT to map {pi} to the vertices {qi → R2} of a
square 2D grid with spatial size

↘
N↓

↘
N , further reducing

sparsity. In particular, since now M is a deterministic func-
tion, the mapping between {pi} and {qi} remains identical
for all objects. This consistency allows us to perform OT in
the last stage only once and reuse the computed indices for
all objects. We refer to the final grid-like 2D representation
of 3D Gaussians as Gaussian Atlas, with each atlas X in the
shape of

↘
N ↓

↘
N ↓ (||x↑s||+ ||c||+ ||o||+ ||s||+ ||r||)

entailing all attributes of 3D Gaussians.

5. 2D Diffusion for 3D Gaussian Generation

After transforming fitted 3D Gaussians onto 2D planes, we
are able to fine-tune the pre-trained Latent Diffusion (LD)
[37] with Gaussian atlases.

Preliminaries: Latent Diffusion. LD is a family of mod-
els that generate 2D images based on text prompts. The
core components of LD include a Variational AutoEncoder
(VAE) and a UNet F(·). The VAE encoder compresses im-
ages into lower-dimensional latents l to facilitate efficient
diffusion in the latent space. By injecting Gaussian noise
to the latents, F can be trained through self-supervised de-
noising via v-parameterization [39]:

Ldiff = El0,z,t

[
≃⇐ltz ↑ ⇐ltF(lt, t)≃2

]
, (3)

where lt is the noisy latent at timestamp t, ⇐ltz is the ‘ve-
locity’ added to lt. During inference, a sample can be gen-
erated through the reverse diffusion process by iteratively
forwarding F for denoising. The VAE decoder then upsam-
ples the generated latent back to the original RGB space.

Finetuning LD with Gaussian Atlases. The standard
fine-tuning approach for LDs involves VAE-based encod-
ing and decoding [14]. However, in the supplementary
materials, we argue that such auto-encoding is unsuitable
for Gaussian atlases - the Gaussian attributes differ from
the natural images used to train the LD. Finetuning LD
UNet with 2D atlases is feasible only if the distributions
of the atlases are aligned with the VAE-encoded latents.
We therefore standardize the 2D atlases using the pixel-
wise mean and standard deviation computed from the en-
tire GaussianVerse. This normalization prevents extreme
high- or low-frequency pixel values while preserving the
characteristics of the original VAE-encoded image latents,
ultimately accelerating the fine-tuning process.

3D Gaussians are characterized by five attributes: the
3D location (mean) x, albedo c, and scale s, each rep-
resented as three-channel features; opacity o, which is a
single-channel feature; and rotation r, typically represented
as a four-channel quaternion. Since the LD UNet was orig-
inally trained on four-channel latents, we pad each three-
channel attribute with the one-channel opacity and repeat

16496



Figure 5. Qualitative Comparisons. Our 3D generations exhibit the highest quality, minimal artifacts, and the best alignment with text
prompts. In contrast, DreamGaussian [46], LGM [47], and TriplaneGaussian [60] struggle to produce natural and complete 3D assets,
while GaussianCube [57] fails to capture key phrases in text prompts, such as “on a plate” and “pink rooftop”.

the input layer of the UNet four times [7, 14] to accommo-
date all attributes as inputs. The final Gaussian atlases, used
for fine-tuning the UNet, have a shape of 128 ↓ 128 ↓ 16.
During rendering, we appropriately unpack the different at-
tributes and average the three repetitions of opacity.

We finetune the LD UNet F with a combination of dif-
fusion loss (Equation 3) and photometric loss between the
renderings from denoised Gaussians and the reference im-
ages. The final objective for tuning F becomes:

ϱdiff Ldiff +ϱrgbLrgb +ϱmaskLmask +ϱlpipsLlpips, (4)

where Lrgb, Lmask are L1 loss on RGB renderings and ac-
cumulated opacity maps and Llpips is the perceptual loss.
ϱs are the loss weights. Our pipeline is outlined in Figure 4.

6. Experiments

In this section, we benchmark and evaluate our proposed
methods on zero-shot text-to-3D generation, one of the most
fundamental tasks in generative 3D modeling.

Implementation Details. Given the upper bound ϖ =
36, 864 of valid 3D Gaussians during the pre-fitting stage,
we set the total number of 3D Gaussians per Gaussian atlas
to N = 16, 384 = 128 ↓ 128. This choice of N accommo-
dates the large variance of 3D Gaussians in GaussianVerse.

We initialize the 2D UNet F from a LD pretrain check-
point [40] and use CLIP [34] to encode text prompts. The
UNet is then fine-tuned with classifier-free guidance by ran-
domly zeroing out the text encodings with a probability of
20%. We employ the AdamW optimizer [22] with a learn-
ing rate of 5 ↓ 10→5 and a batch size of 64. Exponential
Moving Average (EMA) and mixed precision training are
enabled for stable and efficient training. For fair compar-
isons with the baseline method [57], only approximately

130K atlases from GaussianVerse were used for training.
The paired text prompts were from [26] and the multi-view
references were from [61]. The LD UNet was finetuned for
1M steps on 8 A100 GPUs.

For inference, we start from 2D random noise in the
same shape as a Gaussian atlas and generate clean samples
via reverse diffusion using the adaptive DPMsolver++ [23]
with a guidance scale of 3.5. A 3DGS sample can be gener-
ated and rendered in less than 5 seconds.

Metrics. Reference based metrics are not feasible for
evaluating zero-shot text-to-3D generations. Following
[13, 33, 57], we evaluate the alignment of text prompts and
10 random 2D renderings of the 3D generations with CLIP
score [34] as well as VQA score [20] on 100 diverse test
prompts. Additional user studies and qualitative compar-
isons were also conducted for comprehensive evaluations.

Comparisons. We compare our proposed method against
four representative methods in the field of 3D Gaussian gen-
eration: An optimization based method — DreamGaussian
[46]; A method uses also a 2D model — LGM [47]; A
method generates also 2D representations — TriplaneGaus-
sian [60]; and the state-of-the-art 3D Gaussian generator
with a 3D diffusion model — GaussianCube [57]. For LGM
and TriplaneGaussian, we utilize MVDream [41] to gener-
ate 2D images from text prompts to initiate 3D generations.
Notably, since there are no open-source implementations of
the relevant works that also adopt 2D representations of 3D
content [5, 21, 28], direct comparisons are not possible.

6.1. Results

Qualitative results. We present text-to-3D generation re-
sults in Figure 5. Compared to DreamGaussian and LGM,
our generations exhibit high visual fidelity without exces-
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Figure 6. Additional qualitative results. Our method effectively repurposes 2D diffusion models for high-quality 3D contents. The
generated Gaussian atlases are presented in the order from top left to bottom right: 3D location x, albedo c, color-coded opacity o,
normalized scale s, and the last three channels of normalized quaternion r. More results can be found in the supplementary materials.

Methods CLIP score ⇒ VQA score ⇒ # Gaussians ⇑
DreamGaussian [46] 20.52 0.37 40K

LGM [47] 20.28 0.35 66K
TriplaneGaussian [60] 21.10 0.46 16K

GaussianCube [57] 22.31 0.52 33K
GaussianAtlas (Ours) 23.20 0.61 16K

Table 2. Qualitative comparisons. Our method achieves perfor-
mance comparable to the state-of-the-art in terms of CLIP similar-
ity scores, with the minimum number of 3D Gaussians.

sive details. In contrast to TriplaneGaussian and Gaussian-
Cube, our method aligns closely with the text prompts, re-
flecting more precise prompt conditioning. According to
the additional results shown in Figure 6, our fine-tuned 2D
diffusion model is capable of generating high-quality Gaus-
sian atlases. Consequently, our generated 3D contents are
coherent and self-contained, with no seams or artifacts that
would typically be observed from UV unwrapping methods.

Quantitative results. In Table 2, we present the CLIP and
VQA scores for comparison methods. Our method out-
performs all counterparts while generating the minimum
number of Gaussians required. Specifically, it uses only 1

2
the number of Gaussians and the number of training steps
on 3D data compared to GaussianCube, achieving a CLIP
score higher by 0.9 and a VQA score higher by 17%. This
further supports our claim that pretrained 2D diffusion mod-
els can be repurposed for 3D content generation.

User studies
1
. The user study was conducted with diverse

participants who were asked to assess the overall genera-
tion quality to given text prompts. They performed pairwise
comparisons between generations by our method and those
from a competing method. We calculated the win rate from

1The user study was conducted entirely by researchers at Stanford.
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Figure 7. User study results. Our method outperforms state-of-
the-art methods [57, 60] in user preferences regarding generation
quality and alignment with text prompts.

> 2, 500 valid responses. As shown in Figure 7, over 65%
of users preferred the 3D content generated by our method
when compared to GaussianCube. The preference rate was
even more pronounced against TriplaneGaussian, with 88%
of users favoring our method.

6.2. Discussions and Ablations

This work takes a step toward unifying 2D and 3D gen-
eration by transforming 3D Gaussians onto 2D planes, al-
lowing the direct fine-tuning of a pre-trained 2D diffusion
model for generating 3D contents. In this section, we con-
duct extensive studies and ablative experiments to validate
our proposed approach from three key perspectives.

• Learned knowledge in text-to-image diffusion models
is universally transferable. Without pre-training on large-
scale 2D data, the model struggles to develop a comprehen-
sive understanding of natural language and content genera-
tion when trained solely on 3D data. As shown in Figure 8,
we effectively repurpose the pre-trained 2D diffusion model
with faster convergence and higher-quality 3D generation.
The qualitative results show that, compared to training from
scratch, our approach produces more coherent and struc-
tured 3D assets earlier in training. The quantitative results
further support this finding, as our repurposed models con-
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Samuel Rota Bulò, Peter Kontschieder, Angela Dai,
and Matthias Nießner. L3dg: Latent 3d gaussian diffusion.
arXiv preprint arXiv:2410.13530, 2024. 2, 3

[37] Robin Rombach, Andreas Blattmann, Dominik Lorenz,
Patrick Esser, and Björn Ommer. High-resolution image
synthesis with latent diffusion models. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 10684–10695, 2022. 2, 4, 5

[38] Nataniel Ruiz, Yuanzhen Li, Varun Jampani, Yael Pritch,
Michael Rubinstein, and Kfir Aberman. Dreambooth: Fine
tuning text-to-image diffusion models for subject-driven
generation. In Proceedings of the IEEE/CVF conference

on computer vision and pattern recognition, pages 22500–
22510, 2023. 3

[39] Tim Salimans and Jonathan Ho. Progressive distillation
for fast sampling of diffusion models. arXiv preprint
arXiv:2202.00512, 2022. 5

[40] Christoph Schuhmann, Romain Beaumont, Richard Vencu,
Cade Gordon, Ross Wightman, Mehdi Cherti, Theo
Coombes, Aarush Katta, Clayton Mullis, Mitchell Worts-
man, et al. Laion-5b: An open large-scale dataset for training
next generation image-text models. Advances in Neural In-
formation Processing Systems, 35:25278–25294, 2022. 4,
6

[41] Yichun Shi, Peng Wang, Jianglong Ye, Mai Long, Kejie Li,
and Xiao Yang. Mvdream: Multi-view diffusion for 3d gen-
eration. arXiv preprint arXiv:2308.16512, 2023. 6, 2

[42] J Ryan Shue, Eric Ryan Chan, Ryan Po, Zachary Ankner,
Jiajun Wu, and Gordon Wetzstein. 3d neural field generation
using triplane diffusion. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
pages 20875–20886, 2023. 2

[43] Sketchfab. Sketchfab: Publish & find 3d models online.
https://sketchfab.com/, 2023. Accessed: 2023-
10-05. 2, 4

[44] Yang Song, Jascha Sohl-Dickstein, Diederik P Kingma, Ab-
hishek Kumar, Stefano Ermon, and Ben Poole. Score-based
generative modeling through stochastic differential equa-
tions. arXiv preprint arXiv:2011.13456, 2020. 1

[45] Stanislaw Szymanowicz, Chrisitian Rupprecht, and Andrea
Vedaldi. Splatter image: Ultra-fast single-view 3d recon-
struction. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pages 10208–
10217, 2024. 2

[46] Jiaxiang Tang, Jiawei Ren, Hang Zhou, Ziwei Liu, and Gang
Zeng. Dreamgaussian: Generative gaussian splatting for effi-
cient 3d content creation. arXiv preprint arXiv:2309.16653,
2023. 1, 6, 7

[47] Jiaxiang Tang, Zhaoxi Chen, Xiaokang Chen, Tengfei Wang,
Gang Zeng, and Ziwei Liu. Lgm: Large multi-view gaussian
model for high-resolution 3d content creation. In European
Conference on Computer Vision, pages 1–18. Springer, 2024.
6, 7

[48] Dmitry Tochilkin, David Pankratz, Zexiang Liu, Zixuan
Huang, Adam Letts, Yangguang Li, Ding Liang, Christian
Laforte, Varun Jampani, and Yan-Pei Cao. Triposr: Fast 3d
object reconstruction from a single image. arXiv preprint
arXiv:2403.02151, 2024. 2

[49] Zhengyi Wang, Yikai Wang, Yifei Chen, Chendong Xi-
ang, Shuo Chen, Dajiang Yu, Chongxuan Li, Hang Su,
and Jun Zhu. Crm: Single image to 3d textured mesh
with convolutional reconstruction model. arXiv preprint
arXiv:2403.05034, 2024. 1, 2

[50] Wikipedia contributors. Equirectangular projection —
Wikipedia, the free encyclopedia, 2024. [Online; accessed
7-November-2024]. 5

[51] Jianfeng Xiang, Zelong Lv, Sicheng Xu, Yu Deng, Ruicheng
Wang, Bowen Zhang, Dong Chen, Xin Tong, and Jiaolong
Yang. Structured 3d latents for scalable and versatile 3d gen-

16501



eration. In Proceedings of the Computer Vision and Pattern
Recognition Conference, pages 21469–21480, 2025. 2

[52] Guangkai Xu, Yongtao Ge, Mingyu Liu, Chengxiang Fan,
Kangyang Xie, Zhiyue Zhao, Hao Chen, and Chunhua Shen.
What matters when repurposing diffusion models for general
dense perception tasks? arXiv preprint arXiv:2403.06090,
2024. 2

[53] Jiale Xu, Weihao Cheng, Yiming Gao, Xintao Wang,
Shenghua Gao, and Ying Shan. Instantmesh: Efficient 3d
mesh generation from a single image with sparse-view large
reconstruction models. arXiv preprint arXiv:2404.07191,
2024. 2

[54] Yinghao Xu, Zifan Shi, Wang Yifan, Hansheng Chen,
Ceyuan Yang, Sida Peng, Yujun Shen, and Gordon Wet-
zstein. Grm: Large gaussian reconstruction model for ef-
ficient 3d reconstruction and generation. arXiv preprint
arXiv:2403.14621, 2024. 1

[55] Xingguang Yan, Han-Hung Lee, Ziyu Wan, and Angel X
Chang. An object is worth 64x64 pixels: Generating 3d ob-
ject via image diffusion. arXiv preprint arXiv:2408.03178,
2024. 2

[56] Hu Ye, Jun Zhang, Sibo Liu, Xiao Han, and Wei Yang. Ip-
adapter: Text compatible image prompt adapter for text-to-
image diffusion models. arXiv preprint arXiv:2308.06721,
2023. 3

[57] Bowen Zhang, Yiji Cheng, Jiaolong Yang, Chunyu Wang,
Feng Zhao, Yansong Tang, Dong Chen, and Baining Guo.
Gaussiancube: Structuring gaussian splatting using opti-
mal transport for 3d generative modeling. arXiv preprint
arXiv:2403.19655, 2024. 1, 2, 3, 4, 5, 6, 7

[58] Qijian Zhang, Junhui Hou, Wenping Wang, and Ying He.
Flatten anything: Unsupervised neural surface parameteriza-
tion. arXiv preprint arXiv:2405.14633, 2024. 4, 8

[59] Junsheng Zhou, Weiqi Zhang, and Yu-Shen Liu. Diffgs:
Functional gaussian splatting diffusion. Advances in Neural
Information Processing Systems, 37:37535–37560, 2024. 2

[60] Zi-Xin Zou, Zhipeng Yu, Yuan-Chen Guo, Yangguang Li,
Ding Liang, Yan-Pei Cao, and Song-Hai Zhang. Triplane
meets gaussian splatting: Fast and generalizable single-view
3d reconstruction with transformers. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 10324–10335, 2024. 2, 6, 7

[61] Qi Zuo, Xiaodong Gu, Yuan Dong, Zhengyi Zhao, Weihao
Yuan, Lingteng Qiu, Liefeng Bo, and Zilong Dong. High-
fidelity 3d textured shapes generation by sparse encoding and
adversarial decoding. In European Conference on Computer
Vision, 2024. 4, 6

16502


