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Abstract. We present TetSphere, an explicit, Lagrangian representa-
tion for reconstructing 3D shapes with high-quality geometry. In con-
trast to conventional object reconstruction methods, such as neural im-
plicit representations (e.g., NeRF, NeuS) and Eulerian approaches (e.g.,
DMTet), which often struggle with high computational demands and
suboptimal mesh quality, TetSphere utilizes an underused but highly ef-
fective geometric primitive—tetrahedral meshes. This approach directly
yields superior mesh quality without relying on neural networks or post-
processing. It deforms multiple initial tetrahedral spheres to accurately
reconstruct the 3D shape through a combination of differentiable ren-
dering and geometric energy optimization, resulting in significant com-
putational efficiency. Serving as a robust and versatile geometry rep-
resentation, TetSphere seamlessly integrates into diverse applications,
including single-view 3D reconstruction, image-/text-to-3D content gen-
eration. Experimental results demonstrate that TetSphere outperforms
existing representations, delivering faster optimization speed, enhanced
mesh quality, and reliable preservation of thin structures.

1 Introduction

Reconstructing 3D geometry stands as a fundamental task in computer vision
and graphics. The field has seen significant strides with the advent of diffusion
models, showing exceptional capabilities in generating images. This success has
spurred research into employing 2D generative methods for 3D reconstruction.
These advances have prominently featured the use of Eulerian representa-
tions — the geometry is defined based on spatial coordinates. Dreamfusion [67]
introduces Score Distillation Sampling (SDS) for distilling geometry and ap-
pearance from 2D models and inspires the development of numerous 2D lifting
methods [10,{46.[80L(04]. Alongside this, efforts have been made on single-view re-
construction by first generating multi-view 2D images from a single input, which
are then used to reconstruct 3D shapes [471/49/501/53(561/68]. Predominantly, both
types of these methods employ neural implicit representations, such as Neural
Radiance Fields (NeRF) [58] and Neural Implicit Surfaces (NeuS) [91], which
are inherently Eulerian representations. In parallel, explicit representation meth-
ods such as Deep Marching Tetrahedra (DMTet) [77] and its variants [25,[52],
present an alternative take on Eulerian representations. These methods utilize
a deformable tetrahedral grid with signed distance values at grid vertices, of-
fering advantages in capturing intricate geometric details and the integration of
explicit shading materials. However, optimizing these models is both time- and
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Fig.1: (a) Eulerian v.s. Lagrangian geometry representations: DMTet employs a
deformable tetrahedral grid, assigning signed distance values at vertices, whereas
TetSphere reconstructs 3D shapes by directly deforming tet-spheres, enhancing
computational and memory efficiency. TetSphere supports a range of applica-
tions, including (b) single-view 3D reconstruction from Google Scanned Objects
dataset [19], (¢) SDS-based image-to-3D generation, and (d) text-to-3D content
creation.

memory-consuming, primarily due to the necessity of employing high-resolution
grids that inherently contain numerous parameters. Moreover, Eulerian repre-
sentations are vulnerable in modeling thin structures, often leading to floating
artifacts. Extracting surfaces from these models is also required for subsequent
applications like rendering and simulation, adding another layer of complexity.
To overcome these issues, we propose TetSphere, an explicit, Lagrangian
geometry representation designed to construct high-quality meshes efficiently.
Lagrangian representations, which track the movement of geometry primitives
through space, are more efficient and accurate than Eulerian representations. An
illustrative comparison between Eulerian and Lagrangian geometry representa-
tion is shown in Fig. [1] (a). Our TetSphere leverages the advantages of tetrahe-
dral meshes — a volumetric, Lagrangian representation that remains relatively
underexplored in the realm of 3D reconstruction. Akin to Gaussian splatting
(GS) |41] which distributes point clouds, TetSphere “splats” deformed tetra-
hedralized spheres into 3D space to conform to the target object. The final 3D
model is reconstructed by the union of these deformed tetrahedral spheres. Com-
pared to GS, TetSphere imposes structured constraints between points owing to
tetrahedralization and also offers a clear definition for the interior and boundary
of the object. Compared to other Lagrangian representations, particularly sur-
face mesh-based methods which struggle with regularization issues leading
to self-intersections and compromised mesh quality, TetSphere exhibits greater
stability due to its volumetric nature. It also effectively handles complex topolo-
gies without the need for re-meshing, an often-necessary requirement in surface
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Fig.2: Comparisons of mesh quality across NeRF, NeuS, GS, DMTet, and Tet-
Sphere, highlighting a critical yet overlooked criterion of 3D reconstruction. Ex-
isting methods are not inherently mesh-based but are derived through post-
processing like Marching Cubes. On the contrary, our method demonstrates su-
perior mesh quality without remeshing. Results are obtained from a single dog
image as shown in Fig.

mesh representations during optimization . Overall, TetSphere offers the fol-
lowing advantages: 1) its explicit representation ensures fast optimization speed
(in a matter of minutes) and reduced memory cost, significantly quicker than Eu-
lerian representations; 2) its Lagrangian nature shows robustness to thin struc-
tures and reducing floating artifacts; 3) it employs volumetric regularization,
significantly improving the mesh quality; and 4) it is capable of handling shapes
with arbitrary topologies.

We further present a computational framework for TetSphere. This frame-
work formulates the deformation of tetrahedron spheres as a geometric energy
optimization, incorporating differentiable rendering loss, bi-harmonic energy of
the deformation gradient field, and non-inversion constraints, to ensure robust
and accurate reconstruction. Our framework is versatile, enabling seamless inte-
gration with applications including single-view object reconstruction, SDS-based
image-to-3D generation, and text-to-3D generation. Notably, TetSphere’s fast
optimization and reduced computational demands offer significant benefits for
the latter two tasks that require intensive time and memory.

In our evaluation, we underscore a frequently overlooked aspect of 3D recon-
struction: the quality of the reconstructed mesh. The concept of mesh quality
encompasses multiple attributes key to the usability of 3D models, such as the
uniformity of surface triangles, the absence of undesired bumps, and manifold-
ness. Despite its paramount importance, particularly in rendering and simulation
applications, the evaluation of mesh quality has not received adequate focus in
the current 3D reconstruction research. Recognizing this oversight, we introduce
three evaluation metrics to assess mesh quality. We conduct a comprehensive
evaluation using the Google Scanned Objects (GSO) dataset . Compared
to state-of-the-art methods, our TetSphere exhibits superior performance when
measured under these newly proposed criteria. It maintains competitive perfor-
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mance on other commonly employed metrics as well. Furthermore, we illustrate
its utility in 3D content generation, where it produces qualitatively superior
results compared to existing state-of-the-art methods.

2 Related Work

Eulerian and Lagrangian geometry representations. The differentiation
between Eulerian and Lagrangian representations originates from computational
fluid dynamics [14] but extends more broadly into computational geometry and
physics. Eulerian representations characterize the geometry within a fixed spa-
tial reference, usually utilizing grids or voxels to define the space. In contrast,
Lagrangian methods track the movement of individual particles or elements, pro-
viding a dynamic representation of geometry that adapts to changes over time.
Using fluid simulation as an analogy, an Eulerian view would analyze fluid pres-
ence at fixed points in space, whereas a Lagrangian perspective follows specific
fluid particles. Neural implicit representations, such as DeepSDF [66], NeRF [59],
and InstantNGP [62], are modern adaptations of Eulerian concepts, processing
3D positions as inputs to neural networks. These methods theoretically allow
for infinite resolution through NN-based parameterization but can result in slow
optimization speed due to the training of NN. Beyond implicit ones, explicit
or hybrid Eulerian representations, such as DMTet |77], DefTet [24], and Tet-
GAN [102], incorporate explicit irregular grids but can still cause substantial
memory usage for high-resolution shapes. Gaussian splatting [82] exemplifies a
Lagrangian approach by moving Gaussian point clouds in space. Our proposed
TetSphere is an explicit Lagrangian representation, which can be viewed as in-
troducing explicit constraints among points due to tetrahedral meshing, with
enhanced efficiency and reconstruction quality.

Single image-to-3D object reconstruction. Single-image 3D reconstruction
is an inherently ill-posed problem, and extensive research has been dedicated
to addressing it [20}23]. Early approaches utilized a combination of 2D image
encoders and 3D decoders trained on 3D data with both explicit representations,
including voxels [12}{13]/8819798], meshes [26,(90], and point clouds [21}[22]/29/[55],
and implicit representations such as NeRF [38]/61},[103], SDF [60L/66,[100], and
occupancy networks [51[57]. Many of these methods were trained on categorized
3D datasets such as 3D templates [27/40,/72] and semantics [45], yet faced chal-
lenges in generalizing to unseen categories. Recently, an active research direc-
tion has been leveraging 2D generative models for 3D reconstruction, including
the use of SDS and supplementary losses [17,30}/46,/49./56,(76L/80,/99]. Alterna-
tive approaches train view-conditioned 2D diffusion models to directly produce
multi-view images for 3D reconstruction [9,{48-5015385})86]. Our method adopts
a similar strategy but introduces an explicit and Lagrangian geometry repre-
sentation to overcome the limitation of prior representations. The recent in-
troduction of large-scale 3D dataset propelled feed-forward large reconstruction
models [8}/15,/16}[33}/41}|75L/811/92,(96L/101], which directly reconstruct triplane-
based NeRF [8] or 3D Gaussians [41]. Their feed-forward inference significantly
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Fig. 3: Overall pipeline: From multi-view images generated from a single image,
TetSphere selects 3D feature points to initialize a set of tetrahedral spheres. The
geometry optimization stage deforms these spheres to reconstruct the object.
Texture optimization is then applied to obtain the texture or physical material
of the object.

accelerates the speed of 3D object reconstruction, but often at a sacrifice of rel-
atively low resolution and geometry quality, as well as, coupled geometry and
materials.

Text-to-3D Content Generation. The recent success of text-to-2D image
models has spurred a growing interest in generating 3D output from text input.
In light of limited text-annotated 3D datasets, methods have been developed to
leverage the pre-trained text-to-image models to reason between 2D renderings
of 3D models and text descriptions. Early works adopt the pre-trained
CLIP model to supervise the generation by aligning the clip text and im-
age embeddings. More recently, 2D diffusion-based generative models
have powered direct supervision in the image/latent space and achieved supe-
rior 3D qualities . Notably, DreamFusion introduces the
Score Distillation Sampling (SDS) for supervising the NeRF optimization
using diffusion priors as a score function (i.e., by minimizing the added noise
and the predicted noise under the text condition). Follow-up works have since
been proposed to improve score sampling formula with Perturb-and-Average
and variational method , better noise sampling schedules [34], various
3D representations , text prompts , 3D consistency , and
prior quality with dedicated diffusion models . Our method leverages the
diffusion model used in for text-to-3D shape generation, which is a Normal-
Depth diffusion model trained on the large-scale LAION dataset, but replaces
the geometry representation with our TetSphere.
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Fig. 4: TetSphere with deforming tetrahedral spheres. Color-coded regions rep-
resent the bi-harmonic energy values (red: high, blue: low) across tetrahedra,
one of the geometric regularizations employed in our deformation optimization
process.

3 Overview

Our approach takes multi-view images as inputs. We initiate TetSphere using a
set of tetrahedral spheres with different centers and sizes (radii). These spheres
are chosen to ensure that, collectively, the initial spheres approximately cover
the target shape under different input views. Subsequently, these spheres un-
dergo a two-stage optimization process to precisely reconstruct the 3D object.
The first stage, geometry optimization, deforms the tetrahedral spheres through
the minimization of rendering losses and two geometric regularization energies.
The second stage optimizes the surface texture or Physically Based Rendering
(PBR) materials of the tetrahedral spheres. Both stages leverage differentiable
rasterizers. The rendering loss typically incorporates supervision from ground
truth images or SDS. An illustration of the overall pipeline is shown in Fig. [3]

4 Tet-Sphere

At the core of our method is TetSphere, an explicit, Lagrangian representation
for 3D shapes. TetSphere positioning itself alongside Gaussian splatting ,
which is also a neural-network free Lagrangian representation by representing
shapes using Gaussian point clouds as primitives. Although the use of point
cloud is notably general, it lacks local constraints within individual Gaussian
kernels, resulting in an undefined boundary between the interior and exterior of
the object. Converting these Gaussian kernels into explicit meshes necessitates
surface reconstruction, which often leads to uneven, bumpy surfaces due to the
inherent limitation in defining surface from point clouds.

We employ tetrahedral spheres as our primitive of choice. Unlike point clouds,
tetrahedral meshes inherently enforce structured local connectivity between points
owing to tetrahedralization. This preserves the geometric integrity of the 3D
shape and also enhances the surface quality by imposing geometric regulariza-
tion across the entire mesh interior. We formulate the reconstruction of shapes



TetSphere 7

through TetSphere as a deformation of tetrahedron spheres. Starting from a set
of tetrahedral spheres, we adjust the positions of their vertices to align the ren-
dered images of these meshes with the corresponding target multi-view images.
The vertex movement is constrained by two geometric regularizations on the
tetrahedral meshes, derived from the field of geometry processing . These con-
straints, penalizing the nonsmooth deformation (via bi-harmonic energy) and
preventing the inversion of mesh elements (via local injectivity), are proven to
be effective, ensuring that the resulting tetrahedral meshes are of superior qual-
ity and maintain structural integrity. Fig. [4] illustrates the iterative process of
TetSphere with deforming tetrahedral spheres.

4.1 Tetrahedral Sphere Primitive

The primitive of TetSphere is a tetrahedralized
sphere, called tet-sphere, with N vertices and T
tetrahedra. By applying principles from the Fi-
nite Element Method (FEM) [79], the mesh of ™ e Deformed T sphere
each sphere is composed of tetrahedral elements, Jt ‘
where each tetrahedron constitutes a 3D discrete
piecewise linear volumetric entity. We denote the
position vector of all vertices of the i-th deformed
sphere mesh as z; € R3". The deformation gra-
dient of the j-th tetrahedron in the i-th sphere
is denoted as FSZ 9) e R3*3 which quantitatively
describes how each tetrahedron’s shape trans-
forms . Essentially, the deformation gradient

F,(f 7) serves as a measure of the spatial changes
a tetrahedron undergoes from its original config-
uration to its deformed state. Refer to the inset
figure for a visual explanation and the Supplementary Material for an in-depth
derivation.

Rather than using a single sphere, TetSphere utilizes a collection of spheres
to accurately represent arbitrary shapes. Consequently, the complete shape of
TetSphere is the union of all spheres. By adopting multiple spheres, we ensure
that each local region of a shape is detailed independently, enabling a highly ac-
curate representation. Moreover, it allows for the representation of shapes with
arbitrary topologies. Such a claim is theoretically guaranteed by the paracom-
pactness property of manifold shapes .

Using tetrahedral spheres offers several technical benefits compared with
prevalent representations for object reconstruction, as demonstrated in Fig.

— Compared to neural representations (e.g., NeRF, NeuS), our tetrahedral rep-
resentation does not rely on neural networks, thus inherently accelerating the
optimization process.

— Compared to Eulerian representations (such as DMTet), our approach en-
tirely circumvents the necessity for iso-surface extraction—an operation that
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often degrades mesh quality owing to the predetermined resolution of the grid
space. Furthermore, Eulerian methods rely on level-set functions, a depen-
dency that can lead to undesirable floating and noisy artifacts given sparsely
populated or unpopulated grid values during the training phase. The defor-
mation process of our representation inherently prevents individual spheres
from breaking, thereby eliminating floating noises.

— Compared to other Lagrangian representations, such as triangle meshes
and Gaussian point clouds, our method offers a volumetric representation
through the use of tetrahedral meshes. It is more robust to thin shapes,
where surface meshes often face the risk of self-penetration, and to frag-
ile structures, where point-based methods suffer from. Furthermore, unlike
Gaussian point clouds, which require additional steps to produce a mesh,
our tetrahedral representation naturally forms a mesh. Each tetrahedron
also imposes constraints among vertices, leading to superior mesh quality.

4.2 Tet-Sphere as Shape Deformation

To reconstruct the geometry of the target object, we deform the initial tet-
spheres by changing their vertex positions. This process is governed by two
primary goals: ensuring the deformed tet-spheres align with the input multi-view
images and maintaining high mesh quality that adheres to necessary geometry
constraints.

To maintain the mesh quality, we leverage bi-harmonic energy — defined as
an energy quantifying smoothness throughout a field, as drawn from the liter-
ature on geometry processing [6] — to the deformation gradient field. This geo-
metric regularization ensures the smoothness of the deformation gradient field
across the deformation process, thus preventing irregular mesh or bumpy sur-
faces. It’s important to highlight that this bi-harmonic regularization does not
lead to over-smoothness of the final result. This is because the energy targets
the deformation gradient field, which measures the relative changes in vertex po-
sitions, rather than the absolute positions themselves. Such an approach allows
for the preservation of sharp local geometric details, akin to techniques used in
physical simulations [95]. Furthermore, we introduce a geometric constraint to
guarantee local injectivity in all deformed elements [74]. This ensures that the
elements maintain their orientation during the deformation, avoiding inversions
or inside-out configurations. This constraint can be mathematically expressed as
det(FSZ J )) > 0. Importantly, these two terms — bi-harmonic energy for smooth-
ness and local injectivity for element orientation — are universally applicable
to any tetrahedral meshes, stemming from their fundamental basis in geometry
processing [4].

Let x = [z1,...,2Mm] € R3N¥M denote the positions of vertex across all M
tet-spheres, and Fy € ROMT = [vec(Fg(l’l)), e veC(Fch’T))] denote the flattened
deformation gradient fields of all tet-spheres. In the bi-harmonic energy, the
Laplacian matrix is defined based on the connectivity of the tetrahedron faces,
denoted as L € RYMT>X9MT This matrix is block symmetric, where each block
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L,, € R9%9 p = ¢ is set to a negative identity matrix —I if the p-th and ¢-th
tetrahedron shares a common triangle; or kI for Ly,, where £k is the number of
neighbors of the p-th tetrahedron. The deformation of the tet-spheres is formu-
lated as an optimization problem:

min ®(R(x)) + || LFx|[3
s.t. det(FU)) >0, Vie {1,..,M}, je{1,..,T}, (1)

where R(-) is the rendering function, ®(-) is the rendering loss matching the
deformed tetrahedral spheres with the input images. The second term regulates
the bi-harmonic energy across the deformation gradient field. The non-inversion
constraint ensures that tetrahedrons maintain their orientation. To manage this
constrained optimization, we reformulate it variationally by incorporating the
non-inversion hard constraint as a soft penalty term into the objective,

min ®(R(x)) + wi||LFx|[3 +wz Y (min{0, det(FLD)})?, (2)
]
allowing for optimization via standard gradient descent solvers.

In the proposed optimization framework, two considerations have been out-
lined. 1) The adaptive loss function ®(-) is designed to be flexible, supporting a
variety of metrics, including {1 for color images, MSE for depth images, cosine
embedding loss for normal images, or SDS loss. 2) Due to the tetrahedron being
a linear element, the deformation gradient Fgf ) is a linear function of x, making
the bi-harmonic energy a quadratic term. 3) The weights w; and ws are dynam-
ically adjusted using a cosine scheduler. We provide details of the scheduler’s
hyperparameters in the Supplemental Material.

5 Optimization Framework

The overall framework of optimization is illustrated in Fig. 8] The geometry
optimization follows the shape deformation as detailed in Sect.[d] In this section,
we introduce the remaining two components: initialization of TetSphere and
texture optimization.

5.1 Tet-Sphere Initialization

Given multi-view images as inputs, we select feature points to initialize the 3D
center positions of the tet-spheres. We aim to achieve a uniform distribution
of these tet-spheres within the object, ensuring comprehensive coverage of the
silhouette depicted in the multi-view images.

We introduce an algorithm, silhouette coverage, inspired by Coverage Axis [18]
to automatically select initial centers of tet-spheres for an arbitrary shape. This
process begins with the construction of a coarse voxel grid, initially assigning
a zero value to each voxel. By projecting these voxels onto the image spaces
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Fig.5: Feature point selection via silhouette coverage algorithm. Our method
automates feature point selection from a sparse voxel constructed from multi-
view images. By solving a linear programming problem, we determine the feature
points and initialize tetrahedral spheres for subsequent geometry optimization.

using the same camera poses as the input multi-view images, voxels within the
foreground of all images are marked with a value of 1. These voxel positions
are identified as candidate positions of tet-sphere centers. From these marked
positions, the objective is to pick a minimal subset of candidates that ensure
all candidates are fully encapsulated by tet-spheres centered on these points.
This involves placing uniform spheres of varying radius values at all candidate
points and choosing a minimal subset that collectively covers all the candidate
points. We formulate a linear programming problem to efficiently perform the
selection. The detailed formulation is provided in the Supplementary Material.
Fig. [5] shows the pipeline of the silhouette coverage algorithm. In our implemen-
tation, with a voxel grid resolution 300 x 300 and n = 20, the whole tet-sphere
initialization completes in ~1 minute on average.

5.2 Texture/PBR Material Optimization

The final stage of our reconstruction process focuses on optimizing the texture
or material properties. Our TetSphere method, with its explicit representation,
allows textures and materials to be directly applied to the surface vertices and
faces of the tet-spheres. This enables the use of sophisticated material models,
such as Disney’s principled BRDF [7], with physically-based rendering.

Material optimization is facilitated through the use of differentiable rasteriz-
ers , which adjust the textures or materials to closely match the input multi-
view colored images. A significant advantage of TetSphere is that the deformation
of tetrahedral spheres does not alter the surface topology. Unlike methods such
as DMTet, which require isosurface extraction and subsequent texture param-
eterization at each step due to potential changes in the underlying shape, our
method necessitates only a single texture parameterization at the beginning of
optimization. This parameterization remains consistent throughout the process,
significantly enhancing the efficiency of texture optimization.

For scenarios with dense input views, we have found that using textured im-
ages as optimization variables is straightforward and yields high-quality results.
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Table 1: Single-View reconstruction results on the GSO Dataset: Evaluating re-
construction accuracy with Chamfer Distance (Cham.) and Volume IoU, along-
side new mesh quality metrics: Area-Length Ratio (ALR), Manifoldness Rate
(MR), and Connected Component Discrepancy (CC Diff.). TetSphere demon-
strates superior performance on these criteria and maintains competitive recon-
struction accuracy.

Method | Mesher  |Cham.||Vol. IoUt| ALRT [MR(%)1|CC Diff.|

Realfusion [56] |Marching Cubes| 0.0819 | 0.2741 |0.0561 | 100% 47.7
Magic123 68| Marching Tets | 0.0516 | 0.4528 |0.0383| 100% 13.7
One-2-3-45 [47] |Marching Cubes| 0.0629 | 0.4086 |0.0574| 96% 0.83

Point-E [64] Marching Cubes| 0.0426 | 0.2875 |0.2421| 100% 18.38

Shap-E [39] Marching Tets | 0.0436 | 0.3584 |0.1236 | 100% 9.03
Zerol23 49| Marching Cubes| 0.0339 | 0.5035 |0.0543| 100% 0.18
SyncDreamer [51] |[Marching Cubes|0.0261| 0.5421 |0.0201 | 10% 0.3

Wonder3d [53] |Marching Cubes| 0.0329 | 0.5768 |0.0281 | 100% 0.0
Open-LRM [31] |Marching Cubes| 0.0285 | 0.5945 |0.0252| 100% 0.0
DreamGaussian [83||Marching Cubes| 0.0641 | 0.3476 |0.0812| 100% 237.4

Ours \ N/A | 0.0351 | 0.6317 |0.3665| 100% | 0.0

In cases with sparse input views, we adopt a two-layer multilayer perceptron
(MLP) that takes the surface vertex positions as inputs and outputs the mate-
rial parameters, a practice in line with existing methods [694(80].

6 Experiments and Results

We conduct experiments on three applications to demonstrate TetSphere’s ver-
satility and effectiveness: single-view reconstruction, image-to-3D shape gener-
ation, and text-to-3D shape generation. We choose single-view reconstruction
as it allows for comprehensive evaluation leveraging the well-established bench-
mark on the Google Scanned Objects (GSO) dataset. The focus on the latter
two applications is because the existing methods are known for their high com-
putational costs, specifically in terms of GPU quantity and memory capacity.
We show experiments on these applications to demonstrate that TetSphere ef-
fectively addresses and mitigates these issues.

For the first two applications, the input is a single image from which a tex-
tured 3D shape is reconstructed. For text-to-3D generation, the input is a text
prompt. All the output targets are textured 3D shapes. For single-view recon-
struction, We conduct a quantitative evaluation of our method on GSO dataset,
comparing its performance with other state-of-the-art methods. The evaluation
focuses on both the reconstruction accuracy and the geometry quality. In addi-
tion, we show a series of qualitative comparisons using web-collected images or
text prompts. The supplementary Material provides the implementation details.
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Fig. 6: Qualitative comparison on image-to-3D generation with surface mesh vi-
sualizations and rendered normal maps (1/2). Our generated meshes exhibit
minimal noise and high quality, featuring more regular triangle meshing.

6.1 Baselines and Evaluation Protocol

Baselines. For single-view reconstruction, we quantitative compare with sev-
eral state-of-the-art methods: RealFusion , Magic123 , One-2-3-45 ,
Point-E , Shap-E , Zerol23 , SyncDreamer , Wonder3d , Open-
LRM , and DreamGaussian . For image-to-3D generation, we compare
TetSphere with Magic123 and Dreamcraft3D . Both are multi-stage meth-
ods starting with NeRF optimization followed by DMTet for optimizing mesh
and texture. For text-to-3D, our comparison focuses on RichDreamer, a state-of-
the-art method known for incorporating PBR materials and generating shapes,
showcasing notable results in 3D generation from text prompts.

Evaluation Datasets. For single-view reconstruction, following prior research
, we use the GSO dataset for our evaluation, covering a broad range of ev-
eryday objects. The evaluation dataset aligns with that used by SyncDreamer
and Wonder3D, featuring 30 diverse objects, from common household items to
animals. For image-to-3D generation, we include a variety of internet-collected
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Fig. 7: Qualitative comparison on image-to-3D generation with surface mesh vi-
sualizations and rendered normal maps (2/2). Our generated meshes exhibit
minimal noise and high quality, featuring more regular triangle meshing.

images with different styles in our evaluation. For text-to-3D generation, we
employ text prompts from the official implementation of RichDreamer.

Metrics. To assess the accuracy of single-view reconstruction, we use two com-
monly used metrics: Chamfer Distances (Cham.) and Volume IoU, comparing
the ground-truth shapes with the reconstructed ones. Following established prac-
tices, we use the rigid Iterative Closest Point (ICP) [3] algorithm to align the
generated shapes with their ground-truth counterparts before metric calculation.

While Cham. and Volume IoU effectively gauge volumetric and point-based
shape conformity, they fall short of evaluating mesh quality. Recognizing this
gap, we introduce three additional metrics to comprehensively assess the geome-
try quality of the generated shapes: 1) Area-length Ratio (ALR): This metric
computes the average ratio of a triangle’s area to its perimeter (scaled by a con-
stant coefficient) within the surface mesh. Values range from 0 to 1, where meshes
with higher ALR values contain mostly equilateral triangles, thereby indicating
superior triangle quality; 2) Manifoldness Rate (MR): Manifoldness verifies if
a mesh qualifies as a closed manifold. Non-manifold meshes can manifest anoma-
lies, such as edges shared by more than two faces, vertices connected by edges
but not by a surface, isolated vertices and edges, or open boundaries, which can
cause significant problems in downstream applications such as simulation and
rendering. We report the percentage of manifold shapes within the evaluation
dataset as MR; and 3) Connected Component Discrepancy (CC Diff.)
from the ground-truth shape: This measure identifies the presence of floating
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Table 2: Comparison of memory cost
and run-time speed on image-to-3D gen-
eration with SDS loss. We report the
maximal batch size of 256 x 256 images
that can occupy a 40GB A100 and the
run-time speed for training with batch
size 4.

ARR

wi=5x10¢, wo=2x10°  wi=5x10%, w=2x10"  wi=5x10", w2=2x10"

Maximal | Speedf
Batch Sizet|(#iter./s)

NeRF ‘ Malke-it-3D 4 1.22

Method

Magic123 4 1.03
NeuS ‘ SyncDreamer ‘ 48 1.8 wi normal loss
wi=5x10¢, wo=2x10% wi=5x10%, w2=0 wi=0, w2=0
DMTet Df(e}zgl&tifl) 2 1;3 Fig. 8: Analysis on energy coefficients for
i geometry optimization. Dark regions in-
3D GS |DreamGaussian [83] 80 | 443 djcate flipping of the surface triangles.
Ours | 120 | 6.59

artifacts or structural discontinuities within the mesh, highlighting the integrity
and cohesion of the reconstructed shape.

6.2 Results

Single-view Reconstruction. We use the 8 colored images and normal maps
generated by Wonder3d to reconstruct the shapes. Table [I] shows the compari-
son results. Our TetSphere technique excels beyond baseline methods in terms
of mesh quality, while also achieving competitive levels of reconstruction accu-
racy (Fig.[I[b)). This improvement is attributed to the regularizations embedded
within the TetSphere optimization. These results demonstrate the superior ca-
pabilities of our representation when compared to existing ones.

Image-to-3D Shape Generation. Fig. [6] and [7] illustrate the comparison re-
sults on image-to-3D shape generation. Our approach outperforms Magic123
and DreamCraft3D in terms of mesh quality, achieving smoother surfaces for
broad regions such as animal bodies while retaining local sharp details in ar-
eas like eyes and noses. Magic123 tends to produce overly smooth surfaces that
sometimes deviate from the correct geometry, as observed with the mushroom
and the teddy bear in Fig. [7] DreamCraft3D suffers from noisy and bumpy sur-
face meshes, indicating poor mesh quality. Furthermore, we also highlight the
computational efficiency of TetSphere in Table [2| Compared to various geom-
etry representations, TetSphere stands out for its minimal memory usage and
achieves the fastest run-time speed. This efficiency underscores the benefits of
TetSphere’s explicit and Lagrangian properties.

Text-to-3D Shape Generation. Fig. [J] shows the comparison results on text-
to-3D generation, with additional results detailed in the Supplementary Ma-
terials. Our TetSphere is capable of producing slender structures, such as the
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“A lush, green dragon camouflaged
within a dense forest,
with leafy wings and wooden horns.”

“A DSLR photo of a wine bottle
and full wine glass on a chessboard.”

Ours

Fig.9: Results on text-to-3D shape generation. Our TetSphere excels in creating
slender forms, demonstrating its strength in handling thin structures effectively.

dragon’s head and the goblet. Furthermore, the results also demonstrate that
the integration of TetSphere with SDS enhances the geometric detail of the gen-
erated shapes, resulting in both diverse and high-quality textures.

6.3 Analysis

Effects of Energy Coefficients. Fig. |§| demonstrates how different energy
coefficients influence the reconstruction outcome. Larger coefficients lead to a
smoother surface, but too-small coefficients may cause tetrahedron inversion. In
our experiments, we choose w; = 5 x 1076, wy = 2 x 107° and apply a cosine
increase schedule to balance surface smoothness and structural integrity.
Dense-view Inverse Rendering. In the Supplementary Material, we show an
additional application of TetSphere: inverse rendering with dense-sampled views
and compare it with surface mesh representation . Our method demonstrates
fast and robust optimization results in this context. This further illustrates Tet-
Sphere’s potential for broader reconstruction scenarios.

7 Conclusion

We introduced TetSphere, a geometry representation for the reconstruction of
textured shapes with its tetrahedral mesh framework. This method addresses
the limitations of existing reconstruction methods, such as the high computa-
tional cost of neural implicit representations and the suboptimal mesh quality
inherent in Eulerian geometry methods. Future work could extend TetSphere
to leverage direct 3D supervision with volumetric data. The current limitation
of TetSphere lies in its inability to guarantee topology preservation due to the
union of all tet-spheres. This underscores the necessity for future development
of shape generation that can adhere to topology constraints.
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A Dense-view Inverse Rendering

Fig. and [I2)show the results of 3D shape reconstruction from dense multi-
view images. These multi-view images were captured by densely sampling camera
positions around each object (employing 360 views sampled on a sphere based
on a Fibonacci sequence |28]) and subsequently rendered using Mitsuba [36].
The chosen shapes for this demonstration are from the GSO dataset.

To establish the efficacy of our method, we compare its performance with
that of the state-of-the-art surface mesh-based approach as described in [65] by
applying both techniques to the aforementioned dense multi-view images. Our
method utilizes a consistent hyperparameter set for all shapes undergoing 3, 000
optimization iterations, mirroring the parameters described in the main paper.
In contrast, for the method in [65], we adhere to the parameters in the original
paper—namely, using A = 19 and a step size of 1072, and conducting 10,000
iterations of optimization. This adjustment is necessary due to difficulties in
achieving convergence within a few thousand iterations for this method.

While both methods effectively minimize the rendering loss, our method con-
sistently delivers results of superior quality. Fig. and illustrate that our
reconstructions are devoid of common artifacts such as wiggles or kinks, and
showcase high-quality triangles, as evidenced by the wireframe representations.
Furthermore, our approach demonstrates faster convergence and notable scala-
bility advantages when compared to the second-order method in [65]. Addition-
ally, as Fig. indicates, our method is also capable of handling shapes with
complex topologies, further underscoring its versatility and effectiveness.

B Additional Results

B.1 Qualitative Results on Single-view Reconstruction

Fig. shows the results of single-view reconstruction performed on the GSO
dataset. Our TetSphere demonstrates superior mesh quality, effectively capturing
sharp geometric features, including the boundaries of the shoes.

B.2 More Results on Text-to-3D Shape Generation

Fig. shows additional results of text-to-3D shape generation. These results
highlight our method’s capability to construct complicated material, such as
reflections, by leveraging the explicit geometry representation.

C Tetrahedron and its Deformation Gradient

Following [79], we treat a tetrahedron as a piecewise linear element. The initial
(undeformed) positions of the four vertices of a tetrahedron are denoted by X =
(XM, X XE) X®)] with each X € R3. Similarly, the positions of the four
vertices of a deformed tetrahedron are represented by x = [x(), x(?), x(3) x(®)],
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where each x(¥) € R3. The deformation gradient F € R3*3, which quantifies the
local deformation of the tetrahedron, is given by:

F =D,D,}, (3)
D, = [X(l) —x@ x@) _x(@) xG) _ x(4)] , (4)
D,, = [X(l) —X® x@ _x@ x@) _ X(4)] . (5)

The deformation gradient F essentially captures how a tetrahedron transforms
from its initial state to its deformed state, encompassing both rotation and
stretching effects.

D Formulation Details of TetSphere Initialization

Assuming there are a total of m candidate positions obtained from the coarse
voxel grid (as shown in Fig. 5), our goal with TetSphere initialization is to select
a subset of these candidate points such that the object’s shape is adequately
covered by tetrahedral spheres centered at these positions. We first initialize a
sphere of fixed radius at each candidate position, where the radius is calculated
as ar + 8, where r is the minimum distance from each candidate position to the
voxel surface. We use a = 1.2, 8 = 0.07 in all our examples. The objective is to
select a subset of spheres that collectively cover all voxel positions.

We define a coverage matrix D € {0,1}"*™, where each element d;; €
{0,1} indicates whether voxel position j is covered by a sphere centered on
candidate position i. A binary vector v € {0,1}™ identifies selected candidate
positions, with each element denoting the selection status of corresponding voxel
positions. The selection of feature points is formulated as a mixed-integer linear
programming problem:

min|v| s.t. Dv>1, (6)

where | - | is the l; norm, 1 is a vector of ones, and n is the predetermined
maximum number of tetrahedral spheres. This optimization is efficiently solved
using standard linear programming solvers.

E Implementation Details

Baselines. For the baseline methods, including RealFusion [56], Magic123 [68],
One-2-3-45 [47], Point-E [64], Shap-E [39], Zero123 [49], SyncDreamer [50], Won-
der3d [53], Open-LRM [31}33], DreamGaussian [83], Dreamcraft3D [80], and
RichDreamer [69], we follow their original implementations and use their publi-
cally available codebase for getting the results in this paper.

Our method. Our implementation of the TetSphere initialization algorithm is
developed in C++ and makes use of the GUROBI linear programming solver.
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The optimization of geometric energies is implemented using CUDA as a Py-
Torch extension to enhance computational efficiency. 1) For single-view recon-
struction, Wonder3d [53] is employed to generate six multi-view images, includ-
ing both color and normal images for each view, using predefined camera poses
for reconstruction with TetSphere. A 2-layer MLP is utilized for texture repre-
sentation. The optimization objective, ®(-), encompasses both the rendering loss
and the normal loss. The rendering loss consists of an /; norm on tone-mapped
color and MSE on the alpha mask, along with a cosine loss on normals, similar
to that described in [63]; 2) For the image-to-3D shape generation, multi-view
images are obtained from the initial stage of DreamCraft3D (coarse NeRF fitting
only), generating 360 views sampled on a Fibonacci sphere [28]. The texture opti-
mization process directly employs a 2048 x 2048 2D texture image, circumventing
the need for additional neural networks. Here, the optimization objective, ®(-),
focuses solely on the rendering loss; 3) For text-to-3D generation, the initial
stage of RichDreamer [69] is used to obtain multi-view images. In this scenario,
our TetSphere is optimized using both the rendering loss and the SDS loss. The
SDS loss for geometry is calculated using the Normal-depth diffusion model as
described in [69]. Likewise, the SDS loss for texture leverages the albedo diffusion
model from the same work. A 2-layer MLP is implemented to parameterize and
optimize the PBR material of the shape. To enhance robustness and efficiency,
a cosine scheduler is applied to scale the coefficients of the geometry loss for all
applications, formulated as n = 45“‘(%)7 where ¢t denotes the current iteration
and T represents the total number of iterations.
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Fig. 10: Results on 3D shape reconstruction from dense multi-view images (1/2).
Shapes reconstructed using our method are depicted in gray, whereas those re-
constructed with the state-of-the-art method from are presented in blue.
While both methods effectively minimize the rendering loss, our technique does
not produce artifacts, such as undesired wrinkles and flipping triangles (high-

lighted in red), and producing high-quality triangles, as illustrated by the wire-
frames.
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Fig. 11: Results on 3D shape reconstruction from dense multi-view images (2/2).
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Fig.12: Our method is capable of handling shapes with complex topologies, an
advantage that existing methods fail to achieve . In this example, both shapes
are computed by incorporating the rendering loss and normal loss.
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“An monster that looks like a mushroom boss game character.”
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Fig. 14: More results on text-to-3D shape generation.
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