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Supplementary Material

1. Datasets and Metrics

Details of Data. We provide the total number of objects
used for training, the number of views rendered per ob-
ject for obtaining Gaussian primitives and the distribution
of camera poses used for rendering in Tab. 1. For image-
to-3D dataset 3DBiCar [6], we employ the script provided
by the authors to sample additional models to fit Gaussian
primitives. We use the same filter from LGM [8] to get the
subset of Objaverse [3] dataset. We use the render script to
render ShapeNet dataset and 3DBiCar dataset.

Dataset #Objects #Views/object Rotation Elevation

ShapeNet Car 7,462 150 [0, 2π] [ 1
6
π, 1

2
π]

ShapeNet Chair 6,775 150 [0, 2π] [ 1
6
π, 1

2
π]

OmniObject3D 5,795 100 [0, 2π] [0, 1
2
π]

3DBiCar 6,500 150 [0, 2π] [ 1
6
π, 2

3
π]

Objaverse 82,575 150 [0, 2π] [0, 2
3
π]

Table 1. Details of each dataset.

Mesh Evaluation Metrics We sample 2, 048 points from
the mesh extracted from generated Gaussian primitives and
compute the evaluation metrics. We follow prior works [2,
4] evaluating Minimum Matching Distance (MMD), Cover-
age (COV), and FPD. For MMD and FPD, lower is better;
for COV, higher is better.

MMD(Sg, Sr) =
1

|Sr|
∑
Y ∈Sr

min
X∈Sg

D(X,Y ) (1)

COV(Sg, Sr) =
|{argminY ∈Sr D(X,Y )|X ∈ Sg}|

|Sr|
(2)

where D(X,Y ) is the Charmer distance of point cloud X
and Y . FPD, analogous to FID, is computed by first ex-
tracting features from the sampled point clouds and then
applying the Fréchet distance formulation to calculate the
FPD:

FPD = ∥µr − µg∥2 + Tr(Σr +Σg − 2(ΣrΣg)
1/2) (3)

where µr and µg represent the mean of the reference and
generated features extracted from PointNet++, respectively;
Σr and Σg are the covariance matrices of the reference and
generated features extracted from PointNet++, respectively.

2. Implement Details
HGMM Splatting Construction. We employ 0-degree
spherical harmonics to obtain Gaussian primitives. This ap-
proach significantly reduces the dimensionality of the Gaus-
sian primitives while preserving fitting quality, thereby sim-
plifying the complexity of diffusion modeling. For other op-
timization settings, we keep them consistent with the origi-
nal 3D Gaussian Splatting.

To construct the explicit component, we set the HGMM
tree level to 6. For the building of implicit component, we
design a 6-layer decoder with attention and MLP splits,
utilizing a global latent z ∈ R512 to hierarchically divide
Gaussian primitives into 256 parts. At the final layer, each
part-level latent is represented as zl=6

i ∈ R32. We use mul-
tiple MLPs to extract Gaussian parameters from the part-
level latents at each layer. The output of MLPs corresponds
to the parameters:{
π̂l=d
i ∈ R, µl=d

i ∈ R14, Û l=d
i ∈ R14×14,

√
λ
l=d

i ∈ R14
}
,

(4)
which are used afterward to create the parameters:

Ωl=d
i =

{
π̂l=d
i , µl=d

i ,Σl=d
i

}
(5)

of each Gaussian in the HGMM. We employ multiple MLPs
to predict feature vectors in Û l=d

i . We ensure that the mix-
ture weights sum to probability 1 by applying the softmax
to all the node weights πl=d

i in the group of siblings. The
covariance Σi is derived using the eigen-decomposition:

Σi = U−1
i DiUi, (6)

where Di is a diagonal matrix with the vector λi as its di-
agonal entries, and Ui is a unitary matrix obtained by ap-
plying the Gram-Schmidt orthogonalization process to Ûi.
This decomposition ensures that Σi remains a positive defi-
nite matrix (PSD), as it relies on positive real eigenvalues
and their corresponding eigenvectors, represented by the
columns of U .
Condition Encoder. For image-to-3D generation, we adapt
the pretrained DINO ViT-B/16 [1] to encode the 512× 512
conditional images into conditional feature tokens c ∈
R768. For text-to-3D creation, we utilize CLIP-L/14 [7] to
encode the text prompts into c ∈ R512 conditional feature
tokens.
Controllable Implicit Latents Generation. For control-
lable implicit latents generation, we add additional atten-
tion module to the decoder in HGMM Splatting construc-
tion and remove the MLPs for extracting GMM parameters



Module Parameters ShapeNet Car ShapeNet Chair OmniObject3D 3DBiCar Objaverse

Diffusion
Diffusion steps 1,000 1,000 1,000 1,000 1,000
Noise schedule Cosine Cosine Cosine Cosine Cosine

Inference sampler DPM-solver [5] DPM-solver [5] DPM-solver [5] DPM-solver [5] DPM-solver [5]

Network

Channels 384 384 384 384 512
Num blocks 48 48 48 48 96

k 8 8 8 8 8
m 4 4 4 4 4

Table 2. Detailed configuration of rigorous explicit splatting generation.

Figure 1. Denoising process in generation.

Figure 2. More qualitative results of unconditional generation.

to formulate the diffuser. We set the diffusion step to 1, 000
and use cosine noise schedule. For inference, we use DPM-
Solver [5] to sample implicit latents.

Rigorous Explicit Splatting Generation. For rigorous ex-
plicit splatting generation, we report our config in Tab. 2,
including noise schedule, diffusion steps, inference sam-
pler, model channels, and the number of blocks. For the
large-scale Objaverse dataset, we opt for a larger model to
accommodate its complexity. We also report the connectiv-

ity of the input graph, denoted by k, and the connectivity of
the graph used for tree scanning, denoted by m. We use the
AdamW optimizer and apply an exponential moving aver-
age (EMA) with a rate of 0.9999 during training. To train
Diffusion Mamba, we normalize the input data and then per-
form de-normalization on the predicted Gaussian primitives
before rendering, ensuring numerical stability without the
need for clamping operations such as those used in Gaus-
sianCube and LGM during the initial phase.



Figure 3. More qualitative results of class-conditioned generation.

Figure 4. More qualitative results of text-to-3D generation.

Figure 5. More qualitative results of image-to-3D generation.

3. Additional Visual Results

We illustrate the denoising process of unconditional gener-
ation in Fig. 1. To provide a comprehensive view of the pro-
cess, we render images from different perspectives at vari-
ous stages of generation. We also provide videos of the gen-

eration process in supplementary materials. Fig. 1 demon-
strates that our model initially captures a global structure
from noise, followed by progressive refinement of Gaus-
sian details across multiple levels to yield the final result,
consistent with our progressive generation framework.



Figure 6. Visualization of single layer part-level latents with generated objects.

We provide additional results for unconditional gener-
ation, class-conditioned generation, text-to-3D generation,
and image-to-3D generation in Fig. 2, Fig. 3, Fig. 4, and
Fig. 5, demonstrating that our model can produce high-
quality results. For text-to-3D generation in Fig. 5, our
model can generate Gaussian primitives with various styles
and details, such as glass textures, as well as combinations
of two objects (e.g., a squirrel bee ).

For Image-to-3D generation in Fig. 5, Our method
demonstrates robust performance in unseen regions, at-
tributed to the incorporation of geometric priors from the
mesh during Gaussian primitive initialization. By using
part-level latents to describe different levels of detail, our
cascaded diffusion model leverages this mixed representa-
tion to enhance performance in unseen areas. To further
demonstrate the superiority of our HGMM Splatting and
cascaded diffusion model, we visualize the generated la-
tents {zl=3} at the level=3, alongside the corresponding
Gaussian primitives in Fig. 6, highlighting our method’s
ability to capture fine-grained details and showcasing its ad-
vantages compared to other 3D generation methods.

4. Broader Impacts

Our method enables the generation of high-quality 3D as-
sets featuring complex geometries and intricate textures,
while also offering a high degree of controllability in the
generation process. Like all generative models, particular
caution is required when dealing with sensitive tasks. Our
image-to-3D dataset [6] is meticulously created by human
experts, whose contributions have been invaluable in en-
abling the development of our model. The poses of all gen-
erated results are solely intended to demonstrate the gener-
ative capability of the model.

It is important to recognize the potential misuse of mod-
els trained on this dataset. Risks, such as the generation of
misleading or harmful content, apply equally to uncondi-
tional, class-conditioned, text-to-3D, and image-to-3D gen-
eration. To address these concerns, we emphasize the ne-
cessity of robust safeguards and the promotion of ethical
practices in the use of our technology and related advance-

ments.
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[1] Mikołaj Bińkowski, Danica J Sutherland, Michael Arbel, and

Arthur Gretton. Demystifying mmd gans. arXiv preprint
arXiv:1801.01401, 2018. 1

[2] Yen-Chi Cheng, Hsin-Ying Lee, Sergey Tulyakov, Alexan-
der G Schwing, and Liang-Yan Gui. Sdfusion: Multimodal
3d shape completion, reconstruction, and generation. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pages 4456–4465, 2023. 1

[3] Matt Deitke, Dustin Schwenk, Jordi Salvador, Luca Weihs,
Oscar Michel, Eli VanderBilt, Ludwig Schmidt, Kiana Ehsani,
Aniruddha Kembhavi, and Ali Farhadi. Objaverse: A universe
of annotated 3d objects. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
pages 13142–13153, 2023. 1
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