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Abstract
The generation of textured mesh is crucial for computer graphics and virtual content creation. However, current generative
models often struggle with challenges such as irregular mesh structures and inconsistencies in multi-view textures. In this
study, we present a unified framework for both geometry generation and texture generation, utilizing a novel sparse latent
point diffusion model that specifically addresses the geometric aspects of models. Our approach employs point clouds as
an efficient intermediate representation, encoding them into sparse latent points with semantically meaningful features for
precise geometric control. While the sparse latent points facilitate a high-level control over the geometry, shaping the overall
structure and fine details of the meshes, this control does not extend to textures. To address this, we propose a separate texture
generation process that integrates multi-view priors post-geometry generation, effectively resolving the issue of multi-view
texture inconsistency. This process ensures the production of coherent and high-quality textures that complement the precisely
generated meshes, thereby creating visually appealing and detailed models. Our framework distinctively separates the control
mechanisms for geometry and texture, leading to significant improvements in the generation of complex, textured 3D content.
Evaluations on the ShapeNet dataset for geometry and the Objaverse dataset for textures demonstrate that our model surpasses
existing methods in terms of geometric quality, control, and the generation of coherent, high-quality textures.
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1 Introduction

The increasing demand for diverse, high-quality 3D content
across various industries, such as gaming, architecture, and
social media, underscores the inefficiency of manual asset
creation. This process is not only time-consuming and tech-
nically demanding but also labor-intensive and costly. In
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gaming, the need for numerous assets like characters and
furniture is ever-growing, and the aesthetic quality of these
assets can significantly impact the immersive nature of the
gaming environment. In architecture, precise and detailed
models of buildings and structures are essential for visual-
ization, simulation, and planning. Meanwhile, social media
platforms are increasingly leveraging 3D content for aug-
mented reality (AR) and virtual reality (VR) experiences,
allowing users to interact with enhanced digital environ-
ments. However, the realism of these 3D models often hinges
on detailed mesh representations, including vertices, edges,
faces, and textures. This reality amplifies the urgency of
automating the production of controllable, high-quality tex-
tured meshes.

Some methods, including GET3D (Gao et al., 2022) and
3DGen (Gupta et al., 2023), simultaneously generate geome-
tries and textures. These methods employ triplanes as an
intermediate representation for generating textured meshes,
with GET3D utilizing a Generative Adversarial Network
(GAN) and 3DGen adopting a diffusion model. However,
the concurrent generation of geometries and textures may
lead to models that disproportionately favor texture detail-
ing over geometric accuracy, culminating in 3D shapes with
compromised geometries obscured by textures. Therefore, a
disentangled approach to the generation of geometries and
textures can be more robust and efficient. This perspective is
underpinned by two considerations: Firstly, in the film and
gaming industries, it is customary for users and designers
to apply textures to 3D assets post the generation of their
geometry, thereby ensuring that the texturing complements
the geometrically optimized models. Secondly, methods like
GET3D and 3DGen, which generate structure and texture
concurrently, are prone to producing textures characterized
by coarseness, unrealism, and a lack of diversity, a conse-
quence of training on the ShapeNet dataset with its inherent
textural limitations. In light of these observations, we pro-
pose a two stage method for generating geometry and texture,
wherein the initial stage focuses on geometry generation, fol-
lowed by a subsequent stage dedicated to the synthesis of
textures.

Considering these aspects, various methods have been
developed to generate 3D shapes devoid of textures, offer-
ing potential for enhancing the quality of their geometry. For
example, methods such as those reported in Li et al. (2022a),
Chou et al. (2022), Shue et al. (2022), Liu et al. (2023b),
Zheng et al. (2023), Gupta et al. (2023), Nam et al. (2022)
employ implicit fields (Mescheder et al., 2018; Park et al.,
2019) for mesh generation. These approaches often involve
the design of latent representations, including points, vox-
els, or triplanes, to depict the implicit fields, subsequently
training diffusion models on these latent structures. The
reconstruction of meshes is achievable through techniques
such as marching cubes (Lorensen & Cline, 1987) or Deep

Marching Tetrahedra (DMTet (Shen et al., 2021)). However,
despite the advancements, these methods are time-intensive
and face challenges in achieving controllable mesh gener-
ation. While certain geometries have been produced, their
controllability is yet to meet the desired standards, prompt-
ing an ongoing effort to improve this aspect.

Moreover, methodologies exist that facilitate texture
generation contingent upon geometric configurations. Pre-
dominantly, two principal methodologies are utilized for
leveraging pre-trained diffusion models to accomplish high-
fidelity 3D texture synthesis. The inaugural methodology,
termed Score Distillation Sampling (SDS) (Poole et al.,
2022), endeavors to refine 3D representations through their
alignment with image priors. Nonetheless, this methodology
is encumbered by limitations, including augmented color sat-
uration and diminished generative diversity, attributed to its
substantial dependency on classifier-free guidance weights.
Conversely, an alternate methodology is the generation of
2D imagery from multiple perspectives (Chen et al., 2023a;
Richardson et al., 2023), which utilizes iterative projection
of views onto the texture map. This is achieved through the
application of inpainting and depth-conditioned latent diffu-
sion models, thereby ameliorating the coherence of texture
synthesis. However, this approach, centering on the denoising
of discrete 2D view images, may engender texture inconsis-
tencies due to alignment discrepancies.

To address these, we propose a two-stage method that
separately generate geometry and texture (Fig. 1). In the
first stage, our method focuses on geometry generation. We
adopt Denoising Diffusion Probabilistic Models (DDPMs)
to accurately model the distribution of meshes. To counter-
act the high computational demands and intricate control
issues associated with dense point clouds, we introduce
the Sparse Latent poInt Diffusion modEl (SLIDE). This
innovative approach consists of a point cloud encoder to
convert dense point clouds into a manageable set of sparse
latent points, significantly reducing complexity and enhanc-
ing control over the mesh structure (Fig. 2). This stage is
crucial for establishing a detailed and accurate geometric
foundation for subsequent texturing. The second stage of
our methodology is devoted to texture application, employ-
ing a coarse-to-fine approach. Initially, multi-view diffusion
models are integrated to establish texture consistency across
diverse viewpoints, enhanced by the incorporation of a depth-
conditioned diffusion model for depth-awareness. To address
the limitations of resolution and untextured areas, the coarse
texture map undergoes refinement. This involves segment-
ing the map into a refine region and a generation region,
where inpainting, denoising, and projection are meticulously
applied. Such a way significantly improves the realism and
resolution of the textures, culminating in textured meshes
that are both high in resolution and consistent across views.
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Fig. 1 Textured meshes
generated by our method

The proposed method builds upon our early work (Lyuv et
al., 2023), which features a parallel task of texture generation.
We make several new contributions:

• We propose a novel coarse-to-fine generative frame-
work that is capable of producing high-resolution, view-
consistent texture maps for untextured 3D meshes.

• Our texture generation approach begins with a coarse
phase that integrates multi-view diffusion models to guar-
antee texture uniformity across different viewing angles,
followed by a refinement phase for inpainting untextured
areas and improving texture quality.

• Extensive evaluations on the Objaverse and ShapeNet
datasets illustrate the superiority of our method in gener-
ating high-fidelity textures that are consistent across all
views, marking a significant advancement over existing
texture synthesis techniques.

These contributions highlight our method’s ability to pro-
duce detailed and realistic textures for 3D models, enhancing
both the visual quality and the practical utility of generated
objects in virtual environments.

2 RelatedWork

2.1 Mesh Generation

Diffusion Model for 3D Shape Generation Exploration of dif-
fusion models for 3D shape generation has yielded promising
results. Initially, these models were applied to the genera-
tion of point clouds, with notable contributions from various
researchers (Luo & Hu, 2021a; Zhou et al., 2021a; Zeng et al.,
2022a; Nichol et al., 2022a). Subsequently, efforts have been
made to reconstruct meshes from these point clouds, employ-
ing advanced surface reconstruction techniques (Peng et
al., 2021b; Zeng et al., 2022a). Parallel to this, an alterna-
tive strand of research has focused on mesh generation via

implicit fields, as evidenced by a series of studies (Chou
et al., 2022; Gupta et al., 2023; Li et al., 2022a; Liu et
al., 2023b; Nam et al., 2022; Shue et al., 2022; Zheng et
al., 2023). These studies often involve the creation of latent
representations-such as points, voxels, or triplanes-to encap-
sulate the implicit fields, with diffusion models subsequently
trained on these representations. The final stage of mesh
reconstruction is typically achieved through methods like
marching cubes (Lorensen & Cline, 1987) or deep march-
ing tetrahedra (DMTet (Shen et al., 2021)).

2.2 Texture Generation

Traditional texture synthesis methods for 3D assets pri-
marily utilized exemplar patterns and global optimization
techniques (Huang et al., 2020; Kopf et al., 2007; Lefeb-
vre & Hoppe, 2006; Turk, 2001; Wei & Levoy, 2001; Wei
et al., 2009; Zhou & Koltun, 2014). Recent advancements
have shifted towards learning-based approaches, demonstrat-
ing enhanced capability in generating textures for complex
3D shapes (Chen et al., 2023d; Karnewar et al., 2023; Li et
al., 2023; Pan et al., 2023; Qian et al., 2023; Raj et al., 2023;
Tang et al., 2023; Yang et al., 2023; Zhuang et al., 2023).
Iteratively Texturing via 2D Diffusion Models Advances in
2D text-to-image diffusion models (Ramesh et al., 2022;
Rombach et al., 2022; Saharia et al., 2022) have paved the
way for their adaptation in 3D texturing, with methods like
TEXTure and TexFusion iteratively refining textures from
multiple viewpoints, improving global coherence (Cao et al.,
2023; Richardson et al., 2023). However, challenges in view
consistency persist, which our framework addresses by incor-
porating multi-view priors from multi-view diffusion models
to mitigate this issue.
Optimization-based 3D Generation via 2D diffusion model
Earlier, optimization-driven methods leveraged CLIP for tex-
ture mapping (Hong et al., 2022; Lei et al., 2022; Ma et al.,
2023; Michel et al., 2022; Mohammad Khalid et al., 2022),
later enhanced by Score Distillation Sampling (SDS) for text-
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Fig. 2 We can use the sparse latent points to control the shape of the gen-
erated meshes. Red points are stationary, and blue points are moving.
Black arrows indicate the moving direction of the blue points. Some
points are invisible because they are within the mesh. Note that the
latent points are not always strictly lying on the surface of the gener-

ated meshes. This is because our point cloud decoder assumes that some
noises exist in the positions of the sparse latent points. It will generate
a mesh that best fits the latent points, but avoid generating defective
meshes just to strictly fit the latent points (Color figure online)

to-3D synthesis, yielding multi-view consistent textures but
with potential geometric inaccuracies (Chen et al., 2023c;
Lin et al., 2023; Metzer et al., 2023; Poole et al., 2022).
Generative Texturing from 3D Data Learning-based meth-
ods have evolved to train generative models directly from 3D
data, with early techniques focusing on implicit texture fields
and recent ones employing mesh-based convolution opera-
tors for enhanced texture prediction (Bokhovkin et al., 2023;
Chen et al., 2023b; Collins et al., 2022; Deitke et al., 2023;
Gao et al., 2022; Gupta et al., 2023; Jun & Nichol, 2023; Li
et al., 2022b; Luo et al., 2023; Nichol et al., 2022b; Oechsle
et al., 2019; Siddiqui et al., 2022). Despite improvements,
challenges in handling object variability across categories
persist, highlighting the need for methods like ours that offer
a more generalized solution.

2.3 TexturedMesh Generation

Several works have been conducted in the domain of textured
mesh generation. Variational Autoencoders (VAEs) (Hen-
derson et al., 2020) and Generative Adversarial Networks
(GANs) (Chan et al., 2022) based models have also been used
to learn distributions from 3D data for generation. Similar to
our approach, these methods focus on directly generating
3D data; however, they utilize VAEs and GANs, whereas
our work employs a diffusion model (DDPM). VAE-based
methods tend to generate less satisfactory 3D shapes com-
pared with GANs- or DDPM-based methods. The training
of GAN-based methods is not stable. Compared with VAE-

and GAN-based methods, our DDPM-based method is able
to generate high-quality 3D shapes with better diversity.

Several methods (Anciukevičius et al., 2023; Rakotosaona
et al., 2024) have leveraged image diffusion techniques that
denoise images through 3D rendering to generate 3D objects.
These approaches have the advantage of reducing reliance on
3D datasets, which are frequently limited and expensive, by
making use of plentiful and well-annotated 2D data. These
methods demonstrate excellence in diversity and text-driven
control, yet they are hindered by slower generation speeds
and the possibility of inconsistencies across multiple views
because they rely on optimization-based processes.

Recent advancements in this field have focused on advanc-
ing image diffusion techniques while also tackling the
challenge of multi-view inconsistency through the simul-
taneous generation of multi-view consistent images. These
methods (Anciukevicius et al., 2024; Höllein et al., 2024;
Szymanowicz et al., 2023) significantly improve not only
the quality and consistency of the generated views but also
the speed of generation, presenting a substantial step forward
in the application of 3D generative technologies.

3 DiffusionModel Preliminaries

Denoising Diffusion Probabilistic Models (DDPMs) are gen-
erative models that learn the distribution of samples in a
dataset. A DDPM is composed of two processes: the diffu-
sion process and the reverse process. The diffusion process
gradually adds noise to clean samples x0 and turns them into
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Gaussian noises xT after T steps. It is defined as

q(x1, · · · , xT |x0) =
T∏

t=1

q(xt |xt−1), (1)

where q(xt |xt−1) = N (xt ;√
1 − βt xt−1, βt I), (2)

N is the Gaussian distribution. In our experiments, we set
T = 1000, and βt linearly increase from 1×10−4 to 2×10−2

as t increases from 1 to T . The reverse process is the data
generation process. It starts from a Gaussian noise xT and
denoises it step by step, eventually turning it into a clean
sample x0. The reverse process is formally defined as

pθ (x
0, · · · , xT−1|xT ) =

T∏

t=1

pθ (x
t−1|xt ),

where pθ (x
t−1|xt ) = N (xt−1;μθ (x

t , t), β̃t I),

(3)

β̃t = 1−ᾱt−1
1−ᾱt

βt .We follow Ho et al. (2020a) to reparameterize
the mean μθ (x

t , t) as

μθ (x
t , t) = 1√

αt

(
xt − βt√

1 − ᾱt
εθ (x

t , t)

)
, (4)

where αt = 1−βt , ᾱt = ∏t
i=1 αi , and εθ is a neural network

with parameters specified by θ . The loss to train the network
is

L(θ) = Ex0∼pdata
‖ε − εθ (

√
ᾱt x0 + √

1 − ᾱtε, t)‖2, (5)

where pdata is the distribution of the dataset, t is sampled
uniformly between 1 and T , and ε is a Gaussian noise.

4 Method

Our objective is to produce a textured mesh by separating the
process into distinct phases for geometry and texture genera-
tion. As illustrated in Fig. 3, we initiate the generation of mesh
geometry using M = G(GaussianNoise). Subsequently,
our method T is applied to texture the mesh, incorporating
input from the prompt y, resulting in the final textured mesh
denoted as Mtex = T (M, y).

The specifics of the methodologies employed will be elab-
orated in the subsequent two subsections.

4.1 Geometry Generation

In this subsection, we address the geometric aspect of
mesh generation, which poses significant challenges due to
the irregular data structure of meshes, consisting of vertices
and faces that define their shape and connectivity. While

modeling vertex positions is feasible, capturing the complex
connections among vertices is more arduous. To circumvent
this, we adopt point clouds with normals as an intermediate,
simplified representation of meshes, allowing for efficient
data handling and processing. In our methodology, point
clouds, sampled to represent mesh surfaces with 2048 points,
are utilized to model the distribution via established genera-
tive models (Cai et al., 2020; Luo & Hu, 2021b; Zhou et al.,
2021b).

For mesh reconstruction from these point clouds, the
Shape as Points (SAP) approach (Peng et al., 2021a), inte-
grating an upsampling network and Differentiable Poisson
Surface Reconstruction (DPSR), is employed. Further details
on SAP are available in the original publication or Appendix
A.1.

Despite the efficiency of point clouds with normals as a
mesh proxy, they often represent 3D shapes redundantly and
pose challenges in manipulation and control. Addressing this,
we propose encoding point clouds into a set of sparse latent
points, each with associated features, to succinctly capture
the essence of the shape. This sparser representation, illus-
trated in Fig. 4a, conceptualizes a 3D shape as a skeleton with
features that detail its geometry.

To ensure coverage of the original point cloud, Farthest
Point Sampling (FPS) is utilized to select a specified number
of latent points (16 in our experiments), initiating with either
the centroid or a randomly selected point. Subsequently, a
point cloud encoder is developed to attach geometric features
to these latent points, while a corresponding decoder recon-
structs the original point cloud with normals. The specifics
of these encoding and decoding mechanisms are elaborated
in the subsequent section.

4.1.1 Point Cloud Autoencoder

As mentioned above, we need a point cloud encoder to encode
a point cloud to a sparse set of points with features, and a
decoder to decode the sparse latent points back to the input
point cloud. In this section, we explain the detailed architec-
tures of the point cloud encoder and decoder.
Point Cloud Encoder The encoder translates a point cloud
into features for a Farthest Point Sampling (FPS) selected
sparse point set, as depicted in Fig. 5a. It incorporates
enhanced Set Abstraction (SA) modules, equipped with an
attention mechanism, as introduced in PDR (Lyuv et al.,
2021). The SA module, which processes points with asso-
ciated features, employs FPS for subsampling and feature
propagation. It computes the features of subsampled points
by locating the K nearest neighbors, applying a shared Multi-
layer Perceptron (MLP) for feature transformation, and then
integrating these features using the attention mechanism,
detailed in (Lyuv et al., 2021).
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Fig. 3 The pipeline of our method including geometry generation method and texture generation

The encoding process involves four sequential SA mod-
ules that reduce the point cloud from 2048 points to hierarchi-
cal subsets of 1024, 256, 64, and 32 points, thereby refining
the features. The final encoding to the sparse latent space of
16 points is facilitated by the Feature Transfer (FT) module
from PDR (Lyuv et al., 2021), which parameterizes feature
mapping between point sets through a neural network. A
lightweight PointNet++ (Qi et al., 2017) is utilized to gen-
erate initial features for these sparse latent points, which are
then enhanced by the FT module, combining features from
the final SA module to yield the point cloud’s representative
features.

Overall, our encoder, structured as in Fig. 5a, employs
a hierarchical feature extraction approach through four SA
modules, followed by feature refinement via PointNet++ (Qi
et al., 2017) and the FT module for the sparse latent repre-
sentation.
Point Cloud Decoder The point cloud decoder, designed for
reconstructing the input point cloud from encoded sparse
latent features, comprises a structured assembly visualized
in Fig. 5b. Integral to this architecture are three point upsam-
pling (PU) modules, which sequentially expand the number
of points from sixteen to two thousand and forty-eight. At
each stage l, a PU module processes a point set X l = {xl

j ∈
R

3|1 ≤ j ≤ Nl}, with each point xl
j associated with a fea-

ture vector Fl = { f l
j ∈ R

dl |1 ≤ j ≤ Nl}, where Nl denotes

the number of points, f l
j the feature at point xl

j , and dl the
feature dimension. The first PU module receives as input
the sparse latent points X1 along with their features F1.

A shared Multi-layer Perceptron (MLP) transforms the fea-
ture f l

j at each point xl
j into γ displacements, subsequently

added to the original point to generate γ new points, thereby
achieving an upsampling factor of γ . To ensure uniformity
in the distribution of the upsampled points, Farthest Point
Sampling (FPS) is employed post-upsampling to reduce the
number of points by half, resulting in an effective upsam-
pling factor of γ /2. This yields the upsampled point set
X l+1 = {xl+1

j ∈ R
3|1 ≤ j ≤ Nl+1}, with Nl+1 = γ Nl/2.

The subsequent PU module (l + 1-th) engages in further
upsampling of X l+1. Prior to this, features for the points
in X l+1 are computed, divided into two segments. The pri-
mary feature segment, sourced from X l+1, reflects the current
point cloud’s shape and guides its refinement. Extracted using
an advanced PointNet++ (Qi et al., 2017) framework, these
features are represented as Fl+1

1 = { f l+1
1, j ∈ R

dl+1
1 |1 ≤

j ≤ Nl+1}. Conversely, the secondary feature segment
originates from the preceding PU module’s output X l , facili-
tating the encoded feature propagation through the PU layers,
thus molding the final point cloud. Merging these with the
first segment, using the feature transformation (FT) module,
yields the consolidated features Fl+1 = {( f l+1

1, j , f l+1
2, j ) ∈

R
dl+1 |1 ≤ j ≤ Nl+1}, where dl+1 is the total feature dimen-

sionality.
Through iterative application of PU and FT modules, the

sparse latent points are progressively upsampled to a dense
point cloud comprising 2048 points. The final PU mod-
ule, besides facilitating upsampling, predicts normals for the
reconstructed point cloud. The decoder initiates with sparse
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Fig. 4 Overview of geometry generation model with our sparse latent point diffusion model and the two latent diffusion models

Fig. 5 Architecture of the point cloud autoencoder

latent points X1 and their features F1, evolving to gener-
ate the reconstructed point cloud X4 with 2048 points and
normals F4.
Training of the autoencoder The point cloud autoencoder
is trained to encode the input point cloud and then recon-
struct the point cloud. The input to the autoencoder is point
cloud X in (2048 points) with normals Fin sampled from the
meshes in the dataset. The supervision is added on all the
intermediate upsampling results in the point cloud decoder:
X2, X3, X4. The loss is the sum of the Chamfer distance (CD)
between X in and X2, X3, X4, respectively. Note that when
computing the CD loss between X in and X2, X3, we first
downsample X in using farthest point sampling to the same
number of points as X2 and X3, respectively. We also add
a normal consistency loss between the ground-truth normals
Fin and the predicted normals F4 with a weight of 0.1. See
Appendix B.3 for details of this loss. We further add a slight
Kullback–Leibler divergence loss (weight 10−5) between the

encoded features F1 and a standard normal distribution. This
regularization term is to encourage the latent feature space to
be simple and smooth, so that we can perform manipulation
and interpolation in this space. Before the encoder encodes
the input point cloud X in to the sampled sparse latent points
X1, we add a Gaussian noise with a standard deviation of
0.04 to the point positions in X1. This is to make the autoen-
coder more robust to the positions of the sparse latent points,
so that even if the positions of the sparse latent points are not
perfect (e.g., human-edited sparse latent points), the autoen-
coder can still well reconstruct the input point cloud.

4.1.2 DDPM Training in Sparse Latent Point Space

Post-training of the point cloud autoencoder, latent Denois-
ing Diffusion Probabilistic Models (DDPMs) are trained
within the autoencoder’s latent space, with the autoencoder’s
parameters being frozen. Each point cloud is encoded to fea-
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tures F1 ∈ R
48 at sparse latent points X1 ∈ R

3 for this
purpose. Two distinct DDPMs are trained: the first targets
the distribution of the sparse latent points X1, depicted in
Fig. 4b, employing a lightweight PointNet++ (Qi et al., 2017)
for the denoising function εθ (xt , t) in Eq.5.

The second DDPM, illustrated in Fig. 4c, is conditioned
on the sparse latent points X1 and focuses on the feature
distribution F1. For simplification, we represent the features
F1 as a concatenated vector f ∈ R

48, and the sparse latent
points X1 as x ∈ R

3. This conditional DDPM generates the
feature vector f based on the sparse latent points x. The
diffusion process for this model modifies the variable x in
Eq.1 to f , with the reverse process defined as:

pφ( f 0, · · · , f T−1| f T , x) =
T∏

t=1

pφ( f t−1| f t , x),

where pφ( f t−1| f t , x) = N ( f t−1;μφ( f t , x, t), σ 2
t I),

(6)

with the mean μφ( f t , x, t) parameterized as:

μφ( f t , x, t) = 1√
αt

(
f t − βt√

1 − ᾱt
εφ( f t , x, t)

)
. (7)

The denoising network εφ receives input concatenated from
each feature in f t and the corresponding point in x, effec-
tively treating the input as a sparse point cloud with noisy
features. An enhanced PointNet++ (Qi et al., 2017) in PDR
is utilized as the denoising network εφ . The training loss for
this network is expressed as:

L(φ) = E(X in,Fin)∼pdata

∥∥∥ε − εφ

(√
ᾱt f +

√
1 − ᾱtε, x, t

)∥∥∥
2
, (8)

where X in and Fin denote the point cloud and its normals
from the dataset, respectively, and ε is the Gaussian noise.

Appendix A.3 elaborates on the architecture of both
DDPMs. These models enable both unconditional and con-
trollable 3D shape generation. Unconditional generation
cascades the two DDPMs: the first generates sparse latent
points, followed by the second generating corresponding fea-
tures, which are then decoded into a point cloud. Controllable
generation involves adjusting the sparse latent points’ posi-
tions, feeding these to the second DDPM to generate feasible
features, and subsequently decoding these into a point cloud.

4.2 Texture Generation

After presenting mesh generation, we extend our SLIDE for
subsequent texture generation with our generated geometry
M and a text prompt y to improve our versatility.

Traditional approaches relying on a canonical sequence
for camera views often result in inconsistencies, as depth-
conditioned diffusion models trained on single-view 2D
image priors struggle to fully capture the structure from a
single viewpoint. SLIDE overcomes these challenges by inte-
grating multi-view diffusion models with depth-conditioned
diffusion models, ensuring coherent multi-view image gener-
ations that are congruent with the underlying mesh geometry.
This is achieved through a two-phase texture generation
method, consisting of an “coarse phase” and a “refinement
phase”, which collectively enhance the alignment and consis-
tency of textures across different viewpoints. An overview of
SLIDE’s approach to texture generation is depicted in Fig. 3,
with further details provided in subsequent sections.

4.2.1 Preliminary

Following the definition in Ho et al. (2020b) and Song et al.
(2020), the multi-step generation process of diffusion models
to reach the final result z0 is based on the sampling from the
posterior defined as:

q
(
zt−1 | zt , ẑ0|t

) = N
(
zt−1; μ̃t

(
zt , ẑ0|t

)
, σt I

)
, (9)

where μ̃t is a linear combination of zt and ẑ0|t , and the sam-
pling of zt−1 can be re-parameterized as

zt−1 = γt ẑ0|t + ηtzt + σtεt , (10)

with coefficients γt , ηt , and σt determined by the diffusion
schedule, and εt ∼ N (0, I). ẑ0|t is an estimation of z0 at the
current timestep t with a neural network fθ (zt , t). Since in
the diffusion process zt = √

αtz0+√
1 − αtε, ε ∼ N (0, I),

instead of directly predicting z0 given zt , we can equivalently
predict ε̂t = εθ (zt , t) given zt and let

ẑ0|t = fθ (zt , t) = zt − √
1 − αtεθ (zt , t)√

αt
, (11)

where {αt }T
t=1 are the parameters of the diffusion process

related to the diffusion schedule.

4.2.2 Coarse Phase

In this section, we detail our approach for generating tex-
tures utilizing multi-view diffusion model priors, aimed at
producing N rendered views

{
z0,n

}N
n=1 that exhibit 3D con-

sistency from the initial noisy inputs
{
zT ,n

}N
n=1. Our method

seeks to iteratively enhance multi-view texture generation by
incorporating depth information directly into the generative
process. The specific selection of these two diffusion models
is explained in a sec. 5.1.

123



International Journal of Computer Vision (2025) 133:3105–3128 3113

Algorithm 1 Coarse phase
1: Input: Set of rendered views in latent space zt , timestep T , diffusion

schedule parameter αt , coefficients γt , ηt , β

2: Output: consistent views z0
3: for t = T to 0 do
4: ẑ0|t,multi-view = 1√

αt

(
zt − √

1 − αtεθ ,multi-view (zt , y)
)

5: ẑ0|t,depth = 1√
αt

(
zt − √

1 − αtεθ ,depth (zt , y)
)

6: ẑ0|t,compose = β · ẑ0|t,depth + (1 − β) · ẑ0|t,multi-view
7: zt−1 = γt ẑ0|t,compose + ηt zt + σtεt
8: end for
9: return z0

Employing the multi-step generation framework as defined
in Eq.10, our solution involves leveraging a blend of two dis-
tinct model outputs. The first focuses on enhancing images
with depth conditions, while the second generates multi-view
images. This integration is formalized as:

ẑt |0 = β · ẑt |0,depth + (1 − β) · ẑt |0,multi-view, (12)

where the terms ẑt |0,depth and ẑt |0,multi-view adhere to the
formulation in Eq.11. Here, εθ ,depth(·) and εθ ,multi-view(·)
represent the models predicting noise based on text prompts
y. The coefficient β ∈ [0, 1] serves as a hyper-parameter to
balance depth and shape information, typically set above 0.5
during the early stages and gradually adjusted.

The initial texture generation phase leverages single-view
and multi-view priors to create a preliminary texture map,
though it faces challenges of incomplete coverage and limited
resolution. A refinement phase with a binary refinement algo-
rithm addresses these issues, focusing on enhancing texture
detail and overall coverage, thereby improving the realism
and fidelity of the generated textures.

In the coarse phase of our method, although we may not
be able to generate textures for every area and there are
regions lacking textures that need to be addressed in the
following phase, the generated textures exhibit significant
consistency across various viewpoints for most areas. This
can be observed in Appendix B.12, showing that texture con-
sistency can be attained during the coarse phase. The strength
of the multi-view consistency of our method lies in its use of
a multi-view diffusion model that generates textures across
multiple viewpoints simultaneously. This way significantly
mitigates the inconsistencies that typically arise from single-
viewpoint texture generation, thus enhancing overall texture
coherence. However, it is important to note that even with a
multi-view diffusion approach, achieving 100% consistency
across all viewpoints is challenging. The model may still pro-
duce inconsistencies under certain complex conditions. In the
current benchmark, the level of consistency achieved is rela-
tively satisfactory and fulfills a substantial improvement over
single-viewpoint methods.

Algorithm 2 Refinement phase
1: Input: Preliminary texture map Zt , number of denoising steps T ,

rendering process R, depth maps {Dn}N
n=1, Inpainting Diffusion

Model I, Depth-conditioned Diffusion Model D
2: Output: Enhanced texture map Z0
3: for t = T to 0 do
4: (R,G) = Segment(Zt )

5: for n = 1 to N do
6: (zt,n, Dn) = R(Zt )

7: if generate region G exists in zt,n then
8: zG,n = I(zt,n, Dn)

9: end if
10: zR,n = D(zt,n, Dn)

11: end for
12: Zt = Aggregate

({zR,n, zG,n}N
n=1

)

13: end for
14: return Z0

4.2.3 Refinement Phase

To overcome the challenges of low resolution and untextured
areas found in the coarse phase, we proposed a refinement
strategy. This approach initially segments the texture map
produced earlier into two regions: the “refine region” for
areas previously textured, and the “generate region” for those
that remained untextured. This segmentation facilitates tar-
geted texture enhancements tailored to each zone’s specific
needs.

The refinement process begins with rendering at specific
angles to acquire texture and depth maps. Subsequently, noise
is introduced to the texture map, followed by the applica-
tion of advanced denoising techniques. During the denoising
phase, for “generated regions”, an inpainting stable diffu-
sion model is preferred over the traditional depth-conditioned
model for certain denoising steps. This strategy enables
direct texturing of generated areas through inpainting, ensur-
ing their seamless integration with surrounding textures. In
“refined regions”, depth images are utilized as conditional
inputs to improve depth-sensitive texturing.

The refinement phase ends with a detailed texture map that
keeps the uniform appearance from earlier phases and covers
areas that were previously untextured, greatly improving the
resolution. This results in better quality, complete coverage,
high fidelity, and more realistic textures.

5 Experiments

In this section, the evaluation is conducted as three compre-
hensive parts, aimed at showing the effectiveness on textured
mesh generation, geometry generation, and texture genera-
tion against extensive existing methods.
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Fig. 6 The comparison between GET3D and ours. All the textured mesh including geometry and texture are generated by our method and baseline

5.1 Implementation Details

We train the components of our mesh generative model
using the ShapeNet dataset (Chang et al., 2015), as pre-
processed by (Peng et al., 2021a), which comprises 13 object
categories and splits into training and validation sets. Regard-
ing the autoencoder component, it is trained with Adam
at a learning rate of 0.001 and batch size of 32 for 6000
epochs, on five ShapeNet categories (Airplane, Cabinet, Car,
Chair, and Lamp), selecting checkpoints based on the lowest
reconstruction error for subsequent latent DDPM training.
Subsequently, two latent DDPMs are trained in the fixed
autoencoder’s latent space to learn distributions of sparse
latent points’ positions and features, both over 10000 epochs
with specific EMA rates for different categories. For more
training details and settings for all baselines, please refer to
Appendix B.1 and Appendix B.2.

For the texture generation, at its coarse phase, we initially
focus on four distinct views—front, left, back, and right. Dur-
ing this phase, we employ two stable diffusion models: a
depth-conditioned diffusion model and a multi-view diffu-
sion model. Specifically, for the depth-conditioned model, we
utilize Stable Diffusion V1-5 coupled with the Depth Con-
trolNet module v1-1 from the Huggingface Diffusers library.
For multi-view texture generation, we use MVDream (Shi et
al., 2023), which efficiently generates concurrent textures for
the initial views. The refinement phase broadens our perspec-
tive to ten camera positions, encircling the object at 45-degree
intervals at the equator, with two additional elevated views
at 30 degrees, enhancing texture coverage comprehensively.
We employ a denoising timestep of 50 to achieve a fully
textured map.

5.2 EvaluationMetrics

To evaluate the final textured meshes, the Fréchet Inception
Distance (FID) and Kernel Inception Distance (KID) met-
rics are utilized. The process entails rendering the textured

meshes produced by our methodology and those from estab-
lished baselines, alongside the ground truth textured meshes
sourced from the dataset. Subsequently, FID and KID cal-
culations are performed across these rendered image sets,
facilitating a quantified analysis of the congruence between
the generated and ground truth textures.

For the structural assessment, point clouds comprising
2048 points along with their normals are uniformly sampled
from both generated meshes and reference meshes within
the validation set. We use established point cloud metrics,
including 1-Nearest Neighbor (1-NN), Minimum Match-
ing Distance (MMD), and Coverage (COV). These metrics
necessitate a distance metric, for which the Chamfer distance
(CD) and Earth Mover’s distance (EMD) are commonly uti-
lized to quantify the disparity between two point clouds. To
enhance the evaluation granularity, we incorporate the nor-
mal consistency loss, which offers a nuanced reflection of the
surface curvature differences between the compared meshes.

While 1NN, MMD, and COV are widely recognized
within the 3D generation community, they have their limita-
tions. For instance, PointFlow (Yang et al., 2019) highlights
shortcomings in the COV and MMD metrics for assessing
the quality of generated point clouds, noting that these met-
rics may not accurately capture the distances and similarities
between generated and real samples. To address these issues,
PointFlow introduces the 1NN metric for improved similarity
evaluation. However, despite its advantages, the 1NN metric
also faces challenges, particularly in effectively capturing the
relationship between the generated distribution and the train-
ing distribution, as emphasized by SDF-StyleGAN (Zheng
et al., 2022). To further substantiate the quality of our gener-
ated outputs, we also conduct a user study. More details on
this loss are delineated in Appendix B.3.

For the texture assessment, we use a rendering-based
method where textures from different generation methods
are rendered as images. Discrepancies between these images
and ground-truth textures are assessed using FID, KID, and
CLIP score. Beside, we perform a user study that collects the
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Fig. 7 Meshes generated by SLIDE and baselines. We can see that meshes generated by our method are more visually appealing. More examples
of other baselines and SLIDE are provided in Appendix B.4

Table 1 User study results of textured mesh

Metric GET3D

Geometry quality 52.57%

Alignment of geometry and texture 56.57%

Texture quality 84.00%

This table shows the proportion of participants in a user study who
favored our method over the baseline, based on 175 real-world human
responses. The percentages reflect how many users, out of the total num-
ber of participants, found our method to produce better results compared
to the baseline

human subjective feedback to assess the prompt alignment
and consistency of generation.

5.3 TexturedMesh Generation

In this section, we evaluate the textured meshes generated by
our method, comparing them against baseline methods capa-
ble of generating both structure and texture simultaneously.
Due to the unavailability of the 3DGEN (Gupta et al., 2023)
code, we exclusively utilize GET3D (Gao et al., 2022) as
our baseline for comparison, which is known for its ability
to generate textured meshes.
Qualitative Comparison Figure 6 presents a comparative
analysis of our results against those of GET3D. The visual
assessment indicates that our method produces more vivid
renderings compared to GET3D. This distinction is partic-
ularly noticeable given that the textures in ShapeNet are
predominantly simple and white, leading to GET3D often
producing monochromatic samples. Furthermore, the texture
edges in GET3D’s outputs lack sharpness due to their texture
field generation approach, which exhibits limited sensitivity
to coordinate changes.
Quantitative Comparison Table 1 presents the user study
comparing our rotating GIF results with those of GET3D.

Fig. 8 Point clouds generated by our method and baselines. More exam-
ples are provided in Appendix B.5

The data reveals that user preferences for geometry quality
and the alignment of geometry and texture are comparable,
suggesting that our generated samples do not surpass GET3D
in terms of geometric fidelity. However, a majority of respon-
dents favored our method over GET3D in terms of texture
quality, indicating that SLIDE outperforms in rendering tex-
tures on generated meshes.

5.4 Geometry Generation

In Fig. 7, we present some mesh exemplars generated by
SLIDE and baselines (see Appendix B.6, B.7, and B.8 for
more examples). We can observe that SLIDE generates
meshes of the highest visual quality, with smooth surfaces
and sharp details. Since all meshes are reconstructed from
the generated point clouds using the same method SAP, this
means the quality of the generated point clouds greatly affects
the quality of the reconstructed meshes. To verify this, we
provide an example of generated point clouds in Fig. 8 (see
more examples in Appendix B.7). Indeed, we can see that
point clouds generated by SLIDE spread more uniformly on
the surface of the objects, and bear less noise compared with
other methods. We attribute this to the design of our novel
point cloud autoencoder.

Quantitatively, we compute 1-NN and COV metrics for the
reconstructed meshes, respectively presented in Table 2 and
in Table 3 (MMD result is in Appendix B.4), and the results
of the user study are shown in Table 4. Our method achieves

123



3116 International Journal of Computer Vision (2025) 133:3105–3128

Table 2 1NN-Acc (Percentage) comparison of meshes generated by our method and baselines

Airplane Cabinet Car Chair Lamp

CD EMD N.C CD EMD N.C CD EMD N.C CD EMD N.C CD EMD N.C

TreeGan 81.31 71.78 84.65 69.75 74.20 55.73 91.32 75.23 87.18 70.24 62.04 56.94 74.68 59.74 50.43

ShapeGF 73.39 71.29 76.36 61.46 53.82 56.37 67.29 59.01 54.47 56.57 54.14 54.65 57.79 51.30 54.33

PVD 88.86 83.91 86.14 60.82 65.28 58.60 70.09 59.87 58.14 55.39 52.36 55.10 58.44 56.06 76.19

DPM 75.50 68.81 50.37 62.42 63.69 49.68 86.38 79.44 50.00 66.17 69.50 49.93 66.23 61.04 52.60

SPGAN 82.05 70.42 83.29 70.38 61.15 60.19 85.18 75.23 59.61 79.03 75.85 77.99 67.97 64.07 70.13

Ours (Centroid) 70.17 65.84 72.40 55.73 59.24 55.41 69.09 64.62 53.40 56.72 51.18 53.77 58.44 58.87 52.81

Ours (Random) 72.40 67.82 72.52 53.50 56.69 54.78 70.09 63.68 53.34 56.57 53.10 53.91 56.28 54.11 54.33

Bold values indicate the best performance
“N.C.” denotes normal consistency loss. “Centroid” denotes the FPS method in which we choose the centroid of the point cloud as the initial point,
and “Random” denotes the FPS method in which we randomly choose a point as the initial point

Table 3 COV (Percentage) comparison of meshes generated by our method and baselines

Airplane Cabinet Car Chair Lamp

CD EMD N.C CD EMD N.C CD EMD N.C CD EMD N.C CD EMD N.C

TreeGan 46.29 43.81 31.68 43.31 50.96 29.94 33.24 34.18 8.28 49.63 48.89 26.29 47.19 46.75 29.87

ShapeGF 49.50 41.58 41.34 45.86 49.04 38.85 44.73 47.80 14.82 52.88 50.96 34.12 50.65 55.84 36.80

PVD 34.41 34.9 32.67 45.85 48.41 30.57 40.05 41.39 30.68 48.15 50.52 32.20 51.08 55.41 36.79

DPM 43.32 48.76 32.18 49.68 50.32 33.76 33.24 35.11 7.21 44.02 47.27 26.44 48.48 52.38 29.44

SPGAN 41.09 46.29 34.65 39.49 42.68 32.48 32.58 36.72 12.68 30.13 31.91 21.86 46.75 49.78 34.63

Ours (Centroid) 48.51 46.29 39.85 52.87 47.77 37.58 38.99 39.92 12.55 49.19 49.63 34.71 52.81 52.38 36.36

Ours (Random) 48.76 47.03 37.87 50.96 50.96 40.76 43.12 41.26 13.89 48.89 50.37 34.86 51.08 52.81 33.77

Bold values indicate the best performance
“N.C.” denotes normal consistency loss

Table 4 User study comparison
results

Method TreeGan ShapeGF PVD DPM SPGAN

Geometry quality 91.0% 85.0% 89.0% 88.0% 92.0%

The study involved 500 responses from 25 participants, who compared two sets of geometric generation
results: one produced by our method and the other by baseline methods. The percentages in the table reflect
the proportion of responses favoring our method over the baselines

superior performance on several categories. In terms of effi-
ciency, the average generation time for a single point cloud of
SLIDE is about 0.2s (See Appendix B.10 for more details of
the generation time.) tested on a single NVIDIA A100 GPU,
while the DDPM-based method that directly trains genera-
tive models on dense point clouds, PVD (Zhou et al., 2021b),
need 2.93 s to generate a point cloud tested on the same A100
GPU. LION (Zeng et al., 2022b) reports it needs 27.12s per
shape. This proves the superior efficiency of SLIDE over
previous methods.
Controllable Generation As mentioned in Sect. 4.1.2, we can
use the sparse latent points to control the generated mesh.
Figure2 shows that we can flexibly control the overall scale
of the generated mesh as well as change the position, scale, or
shape of a part of the mesh. It is worth noting that we achieve
this without any part annotations of the dataset. SLIDE is
also able to generate diverse meshes even for the same set of

Fig. 9 SLIDE is able to generate diverse meshes for the same set of
sparse latent points due to the stochasticity in the feature generation
process. Here are two pairs of generated lamps for the same set of latent
points

sparse latent points, which we use two pairs of examples to
illustrate in Fig. 9.
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Table 5 Quantitative
comparisons on Objaverse
subset and ShapeNet Car
including FID and KID scores,
and texture generation time for a
single object across different
methods

Metrics Dataset Latent-paint Text2Tex TEXTure SyncMVD Ours

FID ↓ Objaverse 58.47 61.08 40.68 39.78 35.36

KID(×10−3) ↓ Objaverse 18.23 23.21 7.70 6.97 4.54

Clip-Score ↑ Objaverse 77.84% 76.25% 81.12% 82.87% 83.10%

FID ↓ ShapeNet Car 88.64 72.87 75.14 68.92 62.67

KID(×10−3)↓ ShapeNet Car 22.31 21.14 13.65 12.35 9.05

Clip-Score ↑ ShapeNet car 64.63% 63.28% 67.16% 68.39% 69.10%

Generation time ↓ 3.6min 8min 2.9min 2min 3.2min

Bold values indicate the best performance
The FID and KID score is calculated on the set of images synthesized by the original Stable Diffusion with
ControlNet

Fig. 10 Use manually placed sparse latent points to control the rear legs
of the generated chairs. The blue points are moving and the red points
are fixed. The top row generates new features for all sparse latent points,
and the bottom row generates new features only for moved points and
fixes the features of the rest points (Color figure online)

Fig. 11 SLIDE is able to perform both global and local interpolations.
The first row is an example of global interpolation. The second row
interpolates between the bottom of the two lamps

Besides, the sparse latent points in Fig. 2 are obtained
by FPS. However, we can also manually place the sparse
latent points at regions of interest other than FPS sampled
points and control the corresponding part. Figure10 gives an
example where we manually select the sparse latent points

Fig. 12 Perform shape combination. The first row is the sparse latent
points of the original two lamps and the combined sparse latent points.
The second row are the original two lamps (two sides) and the two lamps
(middle two) obtained by combining the top part and bottom part of the
original lamps

and control the rear legs of a chair. When a user manip-
ulates the sparse latent points, we typically utilize feature
DDPM to generate new features for the relocated points. This
procedure includes two distinct methodologies for feature
generation. The first, depicted in the top row of the figure,
involves exclusively generating new features for the manip-
ulated points. This approach maintains the local geometry
of the remaining points intact. The second method, repre-
sented in the bottom row, involves regenerating features for
all points following their displacement, leading to alterations
in the object’s overall geometry. Furthermore, the figure
on the left demonstrates two disparate strategies for point
placement: the Farthest Point Sampling (FPS) method and a
user-specified point placement approach. More contents are
described in Appendix A.5.
Shape Interpolation & Shape Combination Our model
can implement shape interpolation by interpolating both
the positions and features between the corresponding latent
points of the two shapes (see Appendix B.11 for more
details). In Fig. 11, we give examples of both global inter-
polation and local interpolation. The top row of the figure
represents global interpolation, where the middle lamp is the
result of interpolating between the lamps on the far left and far
right, encompassing both the lampshade and the lamp base.
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Table 6 Percentage value of
users who prefer our method
with the baselines in 700
responses

Metric Latent-paint (%) TEXTure (%) Text2tex (%) SyncMVD (%)

Overall quality 97.14 60.57 73.14 62.85

Align with prompt 92.00 62.28 68.57 74.85

Texture consistency 94.85 64.57 74.85 78.85

Fig. 13 Qualitative comparisons on Objaverse among SLIDE, Latent-Paint (Metzer et al., 2023), Text2Tex (Chen et al., 2023a), TEXTure
(Richardson et al., 2023) and SyncMVD (Liu et al., 2023a)

Fig. 14 More results generated by our method, using geometry from Objaverse, are presented
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Fig. 15 Texture generated with different prompts of car and briefcase. It showcases SLIDE’s capacity to render realistic wood grain and aging
effects, proving attention to detail and material specificity

Fig. 16 An ablation study was conducted on the number of latent points
(8, 16, 32) and the sampling method (FPS or random sampling), show-
casing meshes and point clouds generated by our method under varying

settings. Note that only results for 8 and 16 points are presented here,
while the full set of results is provided in Appendix B.10

The bottom row, on the other hand, showcases local interpo-
lation. It demonstrates the result of interpolating solely the
lamp base while keeping the lampshade constant. The lamps
in the middle are the results of local interpolation between
the distinct lamp bases of the lamps on the far left and far
right. Similarly, we can also perform shape combinations by
simply combining the sparse latent points and their features
from two or more source shapes to form new shapes. This is
proved by the illustration in Fig. 12. These examples show
the potential of SLIDE in the diverse extensions.

5.5 Texture Generation

Quantitative Comparisons Considering the the availability
of source codes, we choose Latent-Paint, TEXTure, Text2Tex
for the comparison. We utilize the official codes of Paint,

TEXTure, Text2Tex to produce quantitative results, and eval-
uate these methods on a subset of textured meshes from the
Objaverse dataset as (Chen et al., 2023a). We render the depth
map of all meshes in 8 fixed canonical views at a resolution
of 512 × 512, and condition depth ControlNet on both these
depth maps. Regarding the textual prompt, the template "A
〈category〉" is used for all models. The results of each method
in terms of the FID & KID score are summarized in Tab. 5,
which reveal that the textures generated by SLIDE closely
resemble the ground truth set in terms of appearance, sur-
passing other methods.

Moreover, a user study is conducted to analyze the quality
and fidelity of the synthesized textures based on human judg-
ment. For each comparison between SLIDE and baselines,
participants were randomly shown 28 pairs of renders, one
from the baselines and one from our method. Participants
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Fig. 17 Ablation study of
introducing Multi-View
Diffusion Model in the coarse
phase. The results are
multi-views conditioned on the
depth images in first generate
stage

Table 7 Ablation study on the
number of latent points
(8,16,32) and the method to
sample them (FPS or random
sampling)

Number of Sampling Airplane Car Lamp

Latent points Method Error Time Error Time Error Time

8 FPS(Random) 0.94 0.137 2.22 0.194 2.18 0.141

16 FPS(Random) 0.81 0.197 2.15 0.242 1.70 0.196

32 FPS(Random) 0.74 0.414 2.10 0.450 1.47 0.414

16 Random 0.86 0.197 2.12 0.235 1.75 0.204

Bold values indicate the best performance
We report the reconstruction error (CD ×10−3) of the autoencoder and the average generation time (s) per
sample

Table 8 Ablation study on the number of latent points (8,16,32) and the method to sample them (FPS or random sampling)

Data Number of Sampling Generation Airplane Car Lamp

Format Latent Points Method Time CD EMD N.C CD EMD N.C CD EMD N.C

Mesh 8 FPS(Random) 0.21 71.91 63.74 72.03 68.62 67.42 53.00 64.72 55.63 58.01

16 FPS(Random) 0.26 70.17 67.08 71.66 70.09 63.68 53.34 56.93 53.90 53.25

32 FPS(Random) 0.49 72.28 62.13 73.51 71.76 66.15 53.40 62.99 54.98 56.06

16 Random 0.28 71.04 64.85 73.51 68.76 64.29 53.00 60.61 52.81 56.49

8 FPS(Random) 0.19 61.14 63.37 – 57.21 67.49 – 56.06 58.23 –

Point 16 FPS(Random) 0.57 64.36 75.74 – 58.28 64.22 – 53.25 56.49 –

Cloud 32 FPS(Random) 0.47 68.07 66.96 – 60.08 66.15 – 54.76 53.25 –

16 Random 0.26 57.30 65.72 – 56.74 65.89 – 54.33 52.60 –

Bold values indicate the best performance
We report 1NN-Acc (Percentage) of meshes and point clouds generated by our method under different settings and the average generation time
(seconds) per sample. “N.C.” denotes normal consistency loss
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Table 9 Ablation study on the number of latent points (8,16,32) and the method to sample them (FPS or random sampling). We report MMD of
meshes and point clouds generated by our method under different settings and the average generation time (seconds) per sample

Data Number of Sampling Generation Airplane Car Lamp

Format Latent Points Method Time CD EMD N.C CD EMD N.C CD EMD N.C

Mesh 8 FPS(Random) 0.21 4.46 3.76 3.02 4.50 3.23 3.21 22.48 11.29 4.34

16 FPS(Random) 0.26 4.41 3.90 3.06 4.58 3.18 3.23 22.59 11.31 4.31

32 FPS(Random) 0.49 4.50 3.75 3.14 4.64 3.14 3.25 23.07 11.49 4.44

16 Random 0.28 4.49 3.76 3.08 4.52 3.19 3.21 23.63 11.68 4.37

8 FPS(Random) 0.19 4.14 3.63 – 3.95 3.13 – 21.55 11.24 –

Point 16 FPS(Random) 0.57 4.05 4.09 – 4.07 2.99 – 20.34 11.15 –

Cloud 32 FPS(Random) 0.47 4.30 3.80 – 4.15 3.14 – 21.70 11.55 –

16 Random 0.26 4.01 3.70 – 4.04 3.08 – 19.61 11.16 –

Bold values indicate the best performance
CD, EMD, and normal consistency (N.C.) losses are multiplied by 1000, 100, and 10, respectively

Table 10 Ablation study on the number of latent points (8,16,32) and the method to sample them (FPS or random sampling)

Data Number of Sampling Generation time Airplane Car Lamp

Format Latent points Method Time CD EMD N.C CD EMD N.C CD EMD N.C

Mesh 8 FPS (Random) 0.21 45.05 44.31 39.85 42.19 41.92 15.35 49.35 51.08 35.06

16 FPS (Random) 0.26 45.54 42.08 37.62 43.12 41.26 13.89 50.22 59.74 38.53

32 FPS (Random) 0.49 47.03 44.80 40.10 43.12 43.12 12.28 52.38 55.41 34.63

16 Random 0.28 47.52 47.03 39.60 43.26 42.06 13.08 48.48 53.25 38.96

8 FPS (Random) 0.19 46.53 46.53 – 43.66 40.05 – 51.52 56.28 –

Point 16 FPS (Random) 0.57 49.50 37.62 – 46.19 41.66 – 50.65 53.68 –

Cloud 32 FPS (Random) 0.47 49.26 42.82 – 45.13 43.12 – 53.25 55.41 –

16 Random 0.26 50.74 45.05 – 43.79 41.39 – 54.11 53.25 –

Bold values indicate the best performance
We report COV (Percentage) of meshes and point clouds generated by our method under different settings and the average generation time (seconds)
per sample. “N.C.” denotes normal consistency loss

evaluated our textures based on Overall Quality, Alignment
with Textual Prompts, and Texture Consistency by choosing
between two rendered images that best met these criteria.
Details of the survey, which was distributed online and col-
lected 700 responses from 25 users, are in Appendix B.13.
The participant pool was approximately 60% male and 40%
female, predominantly aged 20–40 years, with 60% from a
computer science background and 40% from non-technical
fields, providing a diverse range of feedback.

The results of the user study are summarized in Tab. 6.
Compared to Latent-Paint, our method is distinctly favored
by users, achieving a 97.14% preference rate. Additionally,
a majority of users (60.57% and 73.14%) prefers our method
over TEXTure and Text2Tex, highlighting its effectiveness
in producing more consistent and natural results that align
with human preferences.
Texture Generation Time In Table 5, we present a runtime
comparison of the SLIDE model against baseline methods on
a workstation equipped with a single NVIDIA A100 GPU.
The SLIDE model’s coarse phase is completed in 0.7min,

and its refinement phase in 2.5min. This performance under-
scores the model’s efficient computational design, facilitating
high-quality texture generation suitable for rapid prototyping
and real-time applications.
Qualitative Comparisons In the comparison, we randomly
sample some geometric objects on Objaverse (Deitke et
al., 2022) and show their corresponding texture genera-
tion results of SLIDE against the state-of-the-art texture
generation methods, Latent-Paint (Metzer et al., 2023),
Text2Tex (Chen et al., 2023a), TEXTure (Richardson et al.,
2023) and SyncMVD (Liu et al., 2023a) in Fig. 13. From
the figure, we can see that SLIDE excels over SDS meth-
ods like Latent-Paint, avoiding elevated color saturation,
and performing better than progressive inpainting methods
like Texture and Text2Tex, offering greater consistency and
reduced artifacts. We provide more visualization in Fig. 14

The fundamental characteristic of our SLIDE model is
its proficiency in text-driven controlled generation, which
allows for the creation of diverse textures on the same geo-
metric model based on various textual prompts. To showcase
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this, we applied SLIDE to a single geometric model using
various prompts, resulting in distinct textures that exemplify
the model’s ability to produce visually diverse outcomes from
the same geometric form. The images in Fig. 15 illustrate
this by displaying the geometric model textured with differ-
ent results derived from unique prompts. This demonstrates
the model’s capacity to interpret and respond to natural lan-
guage inputs, generating customized textures that accurately
reflect given descriptions, affirming its potential in compu-
tational design and digital art applications.

5.6 Ablation Studies

In this section, we present the extensive ablation studies on
different components of our SLIDE. Some detailed analysis
e.g., the Set Abstraction (SAP) can be found in Appendix
B.9.

5.6.1 Number of Sparse Latent Points

In this section, we conduct an ablation study on the number
of sparse latent points (8,16,32) w.r.t. FPS, random sampling
and our method. We report the autoencoder’s reconstruction
error and the latent DDPMs’ average generation time of a
single point cloud in Table 7. We also report 1-NN, MMD,
and COV for point clouds and meshes under different set-
tings in Appendix B.10. According to the results, we can
see that increasing the number of latent points reduces the
reconstruction error, but slows down the generation speed.

As for the generation quality reflected by the quantita-
tive metrics in Table 8, Table 9, and Table 10, we find that
the number of sparse latent points and the method to obtain
them do not have a clear or significant impact. We thus fur-
ther add a visual comparison of these settings in Fig. 16. As
can be seen, these settings indeed generate point clouds and
meshes of similar quality. The number of sparse latent points
mainly affects the ability to perform controllable generation
of our method. When we have too few sparse latent points, it
restricts the complexity of the controls we can perform on an
object. When we have too many sparse latent points, we can
perform more delicate controls of the generated shapes, but it
also becomes more complex and less intuitive to manipulate
the sparse latent points since we need to consider their rela-
tive positions and ensure that they form a plausible skeleton
of an object.

5.6.2 Number of Views in Refinement Phase

In this section, we conducted experiments to study how
varying the number of views (N) affects the consistency
and quality of the generated textures. As shown in the fol-
lowing Table 11, initially, increasing the number of views
results in a significant improvement in texture quality. This

Table 11 We quantitatively study the effect of selecting different num-
ber of viewpoints in the refinement stage

Number of views 0 5 10 15 20

↓ FID 47.58 42.24 36.39 35.34 35.15

↓ KID (×10−3) 14.36 10.37 5.65 5.24 4.92

Bold values indicate the best performance
Refining the results generated by coarse phase with more viewpoints
improves the texture quality

enhancement is due to the ability to generate more detailed
textural information across different angles, which effec-
tively reduces ungenerated regions and common issues like
blurry artifacts. However, as the number of views continues
to increase beyond a certain point, the rate of improvement
in texture quality diminishes. This plateauing effect occurs
because additional views introduce more seams, which can
complicate the texture consistency across different view-
points. While a moderate increase in the number of views
is beneficial, excessively high numbers do not correspond to
significant gains in quality and can even negatively impact the
overall texture consistency due to the increased complexity
at the seams.

5.6.3 Multi-view Diffusion Priors

In Fig. 17, we show that the Multi-View Diffusion priors can
significantly influence the generation process of multi-view
images at the initial stage, which confirms the benefit of a
multi-view diffusion model markedly to the overall perfor-
mance. This effectively addresses the limitations observed
with the depth-conditioned diffusion model at a latent res-
olution of 32x32, underscoring the value of incorporating
multi-view diffusion priors in achieving superior texture
mapping results. The two situations listed here happen to be
two specific cases of β values, with further ablation analyses
regarding beta presented in Appendix B.15 (Fig. 18).

5.6.4 The Text Prompt

We have performed ablation experiments to examine the
impact of text prompts on the quality of generated textures.
These results are illustrated in the following Fig. 19. With-
out text prompts, our model still utilizes a depth-conditioned
diffusion model that leverages the geometry of the object to
guide texture generation. However, as shown in the figure,
incorporating text prompts significantly enhances the texture
quality and the alignment with the object’s characteristics.

The text prompts provide precise control over the depth-
conditioned and multi-view diffusion processes, enabling
more accurate texture generation that aligns with our desired
outcomes. This experiment demonstrates the effectiveness of
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Fig. 18 Ablation study on the
refinement phase

“A classic muscle car, 
Mesh without texture

“A photo of a briefcase with a 
polished, tan full-grain leather 
surface, showcasing natural beauty 
and durability.”

Mesh without texture

Without text prompt 

Without text prompt 

showcasing a bold orange hue 
with black racing stripes.”

Fig. 19 Ablation study on the inclusion of text prompts

integrating text prompts into our texture generation pipeline,
resulting in higher quality and more contextually appropriate
textures.

5.6.5 The Coarse Phase

In Fig. 20, we illustrate the qualitative impact of employing
our coarse phase versus its absence. The ablation experiments
clearly demonstrate the significant impact of the coarse phase
on achieving multi-view consistency in the generated tex-
tures. For example, in the case of the truck, the absence of the
coarse phase results in noticeable inconsistencies between
the textures on the left and right sides of the vehicle. Similarly,
the texture continuity of the dumpster is disrupted without the
coarse phase, displaying incongruent materials on its front

and back. In contrast, when the coarse phase is incorporated,
these issues are effectively resolved, leading to high texture
consistency across different views. These findings validate
the critical role of the coarse phase in enhancing multi-view
consistency, thereby substantiating its necessity in our tex-
ture generation framework.

5.6.6 The Refinement Phase

In Fig. 18, we illustrate the qualitative impact of employing
our refinement phase versus its absence. As can be seen, while
the textures generated in the initial phase exhibit multi-view
consistency, issues persist, such as the inability to cover the
top area, leaving it black. Additionally, the texture projection
back to the original image is not optimal. For instance, using

123



3124 International Journal of Computer Vision (2025) 133:3105–3128

With Coarse Phase 

With Coarse Phase 

Without Coarse Phase 

Without Coarse Phase 

“A cute Tonka-style dump truck”

“A dumpster”

Fig. 20 Ablation study on the coarse phase in texture generation: The
figure compares textures generated with and without the coarse phase.
Omitting the coarse phase results in noticeable inconsistencies across

views, as seen in the truck and dumpster examples. Including it enhances
multi-view texture coherence, demonstrating its critical role in our
model

Table 12 Ablation study on coarse phase and refinement phase

Coarse phase Refinement phase FID↓ KID↓
� � 35.36 4.54

� × 47.58 14.36

× � 41.15 10.64

ordinary images for specific parts like the car’s hood does
not yield the best results. This comparison in Fig. 18 under-
scores the significance of refinement phase in addressing
these issues to acquire a cohesive texture map. A quanti-
tative evaluation in Tab. 12 further verifies the effectiveness
of Multi-View Diffusion priors and the refinement phase.

6 Limitations and Conclusions

In this work, our study addresses the challenges faced by
generative models in textured mesh generation by intro-
ducing a unified framework that combines mesh generation
and texture generation. We introduced a novel sparse latent
point diffusion model that enhances geometric control and
resolves multi-view texture inconsistencies. By employing

point clouds as an intermediate representation and integrating
multi-view priors for texture generation, we achieved signifi-
cant improvements in geometric quality, control, and the gen-
eration of coherent, high-quality textures. Our framework’s
distinct separation of control mechanisms for geometry and
texture ensures visually appealing and detailed 3D content
creation. Evaluations on ShapeNet and Objaverse datasets
validate the superior performance of our model compared to
existing approaches, highlighting its potential for advancing
computer graphics and virtual content creation.

However, our algorithm does face certain limitations, par-
ticularly in terms of geometric and textural failures:

Geometric Failures: These are largely attributed to the sur-
face reconstruction step of the process. The primary issues
encountered include the occurrence of local holes and overly
smooth surfaces. These deficiencies stem from the inher-
ent limitations of point cloud-based surface reconstruction
methods, which struggle with accurately capturing complex
geometries or maintaining detailed surface textures under
certain conditions. Figure21 illustrates cases in which geo-
metric anomalies appear, affecting the fidelity and integrity
of the reconstructed models.

Textural Failures: Our textural generation is limited by
resolution constraints, as our multi-view diffusion approach,
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Fig. 21 Some examples of failures in geometric and texture generation

while effective for consistency across angles, cannot pro-
duce high-resolution images. This leads to less detailed
textures, especially noticeable under close inspection or in
high-resolution uses. Figure21 displays examples where
these limitations are apparent, highlighting the difficulties
in preserving textural fidelity. Additionally, our method’s
weighting of different viewpoints varies with the dot prod-
uct of the viewpoint direction and the surface normal, which
causes blurring at seams, as shown in the Fig. 21.

Recognizing these challenges, we are actively refining our
approach for future versions. We intend to transition from
traditional mesh generation techniques to more advanced
technologies like DMTet, which are better equipped to handle
complex structures. Additionally, to enhance the scalabil-
ity and effectiveness of our model, we plan to incorporate
both 3D and 2D data during the training phase. These strate-
gic improvements are expected to substantially enhance the
robustness and practicality of our method, addressing the
current limitations and setting a new standard for 3D content
creation.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s11263-024-02326-
x.
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