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Figure 1. GaussianDreamer is a simple yet efficient framework that bridges 3D and 2D diffusion models using Gaussian splatting,
enabling both 3D consistency and detailed generation. The system trains in under 15 minutes on a single GPU and supports real-time

rendering.

Abstract

Efficient, high-quality 3D content creation remains a cen-
tral challenge in computer vision. While optimization-
based techniques like Score Distillation Sampling (SDS) of-
fer quality results, they suffer from slow per-sample opti-
mization. Recent work on 3D Gaussian Splatting introduces
a fast and expressive explicit representation, enabling new
generative approaches. In this paper, we present Gaussian-
Dreamer, a method that combines 3D priors from diffusion
models with the flexibility of 2D diffusion guidance. Unlike
traditional NeRF-based pipelines requiring intricate prun-
ing, Gaussian Splatting naturally supports progressive den-
sification via point growing and color perturbation, accel-
erating convergence. Our method achieves rapid genera-
tion of high-fidelity, real-time renderable 3D assets in min-
utes.

1. Introduction

The creation of 3D digital assets has broad applications
but remains resource-intensive. Recent progress in diffu-
sion models [ 18] has revolutionized 2D generation, prompt-
ing interest in extending these models to 3D, especially for

tasks like text-to-3D synthesis.

Two main paradigms have emerged. The first trains dif-
fusion models directly on 3D data [4, 13], offering geomet-
ric consistency but limited generative quality due to data
scarcity. The second, “2D lifting,” [8, 16, 22] leverages
powerful 2D diffusion models to guide 3D representations
such as NeRFs [12] via Score Distillation Sampling (SDS).
While effective in appearance generation, these methods
suffer from expensive volumetric rendering and slow opti-
mization. Even acceleration techniques like pruning strug-
gle under the weak supervision provided by SDS.

We propose GaussianDreamer, a text-to-3D framework
built on the recent 3D Gaussian Splatting representation.
This explicit and efficient format provides a strong geomet-
ric prior and supports fast rendering and progressive den-
sification. Our method combines 3D priors from diffusion
models with the expressiveness of 2D diffusion guidance,
all through splatting. We first initialize geometry with a 3D
diffusion model, convert it to 3D Gaussians, and apply noisy
point growing and color perturbation to enable richer op-
timization under SDS.

Our main contributions are:
¢ Introduction of a hybrid framework that combines 3D and
2D diffusion models via 3D Gaussian Splatting for effi-
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Figure 2. We start by generating an initial point cloud using a 3D diffusion model (e.g., text-to-3D or text-to-motion). After applying noise
and color perturbations, we initialize 3D Gaussians, which are then optimized with SDS using a 2D diffusion model. The final images are

rendered via 3D Gaussian Splatting.

cient text-to-3D generation.

* Proposing a noisy point growing and color perturbation
to enhance the initialization for SDS optimization.

* Achieving high-quality 3D asset generation in under 15
minutes on a single GPU, enabling direct real-time ren-
dering.

2. Related Work

Recent advances in 3D content generation have largely fol-
lowed two paths: (1) training diffusion models directly on
3D data, and (2) lifting pretrained 2D diffusion models to
operate in 3D.

3D Diffusion Models Models like Point-E [13] and Shap-
E [4] generate 3D assets from text using paired text-3D
data. These approaches offer fast inference but are lim-
ited by dataset size and lack fine-grained detail or textures.
Some models also extend to motion synthesis, often using
SMPL [9] representations. GaussianDreamer leverages
such models (e.g., Shap-E) to initialize coarse 3D geome-
try, which is then refined.

Lifting 2D Diffusion Models Inspired by theoretical
analysis of diffusion model score functions, DreamFu-
sion [16] introduced Score Distillation Sampling (SDS),
which uses gradients from a 2D diffusion model to opti-
mize a 3D NeRF representation. This enables high-quality
detail generation by leveraging strong 2D priors. Follow-
up works improved view consistency using CLIP [17] or
semantic guidance, but NeRF-based methods remain slow
and computationally intensive due to volumetric rendering.

3D Representations While NeRFs offer expressive ap-
pearance modeling, their rendering cost is high. Mesh-
and point-based alternatives improve efficiency but often
trade off quality. Recently, 3D Gaussian Splatting [5]
has emerged as a fast, explicit representation supporting

real-time rendering. Works like DreamGaussian [19] ap-
ply splatting for image- or text-conditioned 3D generation.
GaussianDreamer adopts this representation to accelerate
optimization and enable high-fidelity, text-aligned 3D asset
generation via 2D SDS and 3D priors.

3. Method

Our approach, as illustrated in Fig. 2, combines 3D Gaus-
sian Splatting with diffusion priors to efficiently generate
high-quality 3D assets. We first revisit Score Distillation
Sampling (SDS) and 3D Gaussian Splatting (3DGS), then
detail our pipeline including initialization and optimization.

3.1. Preliminaries

Score Distillation Sampling (SDS) SDS [16] guides the
optimization of a 3D model’s parameters € by leveraging
a pretrained 2D diffusion model ¢. Given a differentiable
renderer g producing image x = g(6), SDS defines the gra-
dient:

ox
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where z, is a noisy version of x at timestep ¢, conditioned
on text embedding y. This gradient aligns rendered views
with the 2D diffusion prior.

3D Gaussian Splatting (3DGS) 3DGS represents a scene
as a set of anisotropic 3D Gaussians, each with position u,,
covariance 33;, color c;, and opacity «;. Rendering projects
these Gaussians onto the image plane, alpha-blending their
contributions along each pixel ray r:

1—1
C(r) =) e [[a-0)), )
iEN j=1

where o7, is the screen-space opacity of Gaussian i.
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Figure 3. Illustration of the point cloud augmentation process.
New points p,. are sampled within the bounding box and added
near the original surface points pt,,,, with color noise applied to
enhance variation.

3.2. Framework Overview

Given a text prompt y, we first generate a coarse 3D mesh
m using a pretrained 3D diffusion model. From m, a sparse
point cloud pt,,, is sampled and augmented via noisy point
growing and color perturbation to produce a dense point set
pt Iz This set initializes 3D Gaussians 6, which are then
optimized through SDS with a 2D diffusion model to yield
the final representation 6¢. The output supports real-time
splatting-based rendering.

3.3. Initialization with 3D Diffusion Priors

We leverage two 3D diffusion model types:

* Text-to-3D: Models like Shap-E output implicit SDFs
converted to meshes via Marching Cubes [10]; vertex col-
ors are obtained from the model.

* Text-to-Motion: Motion diffusion models produce posed
meshes (e.g., SMPL), with colors assigned uniformly if
absent.

Vertices and colors form the initial point cloud pt,,, cen-

tered if pose-based.

3.4. Point Cloud Augmentation

As illustrated in Fig. 3, we enrich the initial point cloud pt,,,

through two key steps:

1. Noisy Point Growing: Points p, are uniformly sampled
within the bounding box of pt,,, and retained if they lie
within a small distance threshold of existing points.

2. Color Perturbation: Each retained point inherits the
color of its nearest neighbor in pt,,,, with added random
noise to introduce variation.

The resulting augmented point cloud pt; = (py,cy) is
used to initialize the 3D Gaussians: the means g and colors
c are directly set, opacities « are initialized to a small con-
stant (e.g., 0.1), and covariances X are estimated from local
point density. This densification step enables the Gaussians
to capture finer geometric and appearance details, as shown
in Fig. 4, which compares results before and after augmen-
tation.
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Figure 4. Qualitative comparison showing the effect of point grow-
ing and color perturbation. GaussianDreamer (right) produces
more detailed and coherent 3D assets compared to the version
without augmentation (left).

3.5. Optimization with 2D Diffusion

Initialized Gaussians 6}, are refined by minimizing SDS loss
using a pretrained 2D diffusion model F5p. Differentiable
splatting renders images from various viewpoints; gradi-
ents update Gaussian parameters (g, 3, ¢, o), enabling the
model to capture rich textures and details while maintaining
3D consistency.

4. Experiments

We evaluate GaussianDreamer through quantitative
benchmarking and implementation analysis. We first detail
our experimental setup, then report results on the T3Bench
benchmark, which standardizes text-to-3D evaluation.

4.1. Implementation Details

Our pipeline is built on PyTorch [15]. We use Shap-E
(fine-tuned on Objaverse [2]) and MDM [20] as 3D priors,
and Stable Diffusion 2.1-base for 2D supervision (guidance
scale 100). Gaussian parameters are optimized over 1200
iterations with key learning rates: 10~2 (opacity), 5 x 107>
(position), 1.25 x 102 (color), and separate rates for co-
variance scale (10~3) and rotation (10~2). Training takes
15 minutes at 10242 resolution (downsampled to 5122 for
SDS) on a single GPU (batch size 4).

Rendered views are sampled from a camera radius of
1.5-4.0 units, azimuth range of [—180°,180°], and eleva-
tion range of [—10°, 60°].

4.2. Quantitative Evaluation on T Bench

We evaluate on T Bench [3], a standardized benchmark
for text-to-3D generation, which addresses the challenge
of open-ended prompt evaluation through structured cate-
gories and automated metrics.
T3 Bench includes prompts at three complexity levels:
. Single Object: Simple object-centric prompts.
. Object + Surroundings: Object within a minimal
scene.
3. Multi-Object: Prompts describing multiple interacting
entities.
Evaluation combines text-image similarity (via multi-
view rendering) with regional consistency to assess visual
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Figure 5. Qualitative comparison of text-to-3D generation results across methods. GaussianDreamer achieves comparable or superior
visual quality to prior methods such as DreamFusion, Magic3D, and Fantasia3D, while dramatically reducing generation time to just 15
minutes. Each row shows results for the same text prompt; GaussianDreamer consistently produces coherent and detailed 3D assets with

minimal computation.

Table 1. Quantitative comparisons on T>Bench.

Method ‘ Time Single Obj. Single w/ Surr. Multi Obj. Average
SIC[21] - 24.7 19.8 11.7 18.7
DreamFusion [16] 6 hours 24.4 24.6 16.1 21.7
Fantasia3D [1] 6 hours 26.4 27.0 18.5 24.0
LatentNeRF [11] 15 minutes 33.1 30.6 20.6 28.1
Magic3D [8] 5.3 hours 37.0 354 25.7 32.7
ProlificDreamer [22]| ~10 hours 494 44.8 35.8 433
Ours 15 minutes 54.0 48.6 34.5 45.7

Scores above are average of two metrics (quality and alignment).

quality, and uses multi-view captioning [6] with large lan-
guage model scoring (e.g., GPT-4 [14]) to assess text align-
ment. These automated metrics correlate well with human
judgment.

As shown in Table 1, GaussianDreamer achieves com-
petitive or superior performance across all complexity lev-
els of the T3 benchmark, while maintaining significantly
faster generation times. This highlights both its effective-
ness and efficiency. In addition to strong quantitative re-
sults, Figure 5 demonstrates that GaussianDreamer also
produces high-quality 3D assets that are visually compara-
ble to other methods—yet at a fraction of the computational
cost.

5. Conclusion

We presented GaussianDreamer, a framework for efficient
text-to-3D generation that unifies the geometric priors of
3D diffusion models with the visual fidelity of 2D diffusion
supervision, using 3D Gaussian Splatting as an expressive
and real-time-friendly representation.

5.1. Key Takeaways

GaussianDreamer demonstrates notable advantages in
speed, quality, and consistency. It generates high-quality
3D assets within minutes, significantly accelerating the op-
timization pipeline compared to prior methods. The use
of explicit Gaussian primitives enables real-time rendering
and strong geometric grounding, reducing common artifacts

such as the Janus problem. Our initialization strategy, in-
volving point cloud augmentation with noisy point growing
and color perturbation, ensures that the optimization begins
from a well-conditioned starting point.

5.2. Limitations

Despite its speed and rendering quality, GaussianDreamer
has practical limitations due to the nature of the 3D Gaus-
sian Splatting representation. Gaussians lack surface conti-
nuity, making them unsuitable for direct editing, relighting,
or physical simulation. They also don’t provide explicit ge-
ometry, which complicates integration into traditional 3D
pipelines. Mesh extraction remains challenging and often
yields suboptimal results. Additionally, the method still re-
lies on per-prompt optimization, limiting real-time or large-
scale generation.

5.3. Future Directions

Two key research directions emerge. First, tighter inte-
gration between Gaussians and explicit mesh representa-
tions—such as in GaussianDreamerPro [23]—could enable
more structured asset generation suitable for downstream
tasks like animation or physical simulation. Second, mov-
ing toward feed-forward generative pipelines, as explored
in DiffSplat [7], offers the potential for direct 3D Gaussian
generation from text. Achieving this would require large-
scale training datasets and architectures tailored to Gaus-
sian representations, but promises near-instant asset synthe-
sis with strong text alignment.

Advancing along these paths will help bridge the gap be-
tween generative quality and practical utility, bringing us
closer to real-time, controllable, and deployment-ready 3D
content creation.
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