
DMesh: A Differentiable Representation for
General Meshes

Sanghyun Son1, Matheus Gadelha2, Yang Zhou2, Zexiang Xu2,
Ming C. Lin1, and Yi Zhou2

1 University of Maryland, College Park
2 Adobe Research

Fig. 1: (→) Optimization process. We can start from either random state (up) or
initialization based on sample points (down) for faster convergence. Mesh connectivity
changes dynamically during the optimization. To make this topology change possible,
we compute existence probability for an arbitrary set of faces in a differentiable manner.

Abstract. We present a differentiable representation, DMesh, for gen-
eral 3D triangular meshes. DMesh considers both the geometry and
connectivity information of a mesh. In our design, we first get a set
of convex tetrahedra that compactly tessellates the domain based on
Weighted Delaunay Triangulation (WDT), and formulate probability of
faces to exist on our desired mesh in a differentiable manner based on
the WDT. This enables DMesh to represent meshes of various topol-
ogy in a differentiable way, and allows us to reconstruct the mesh under
various observations, such as point cloud and multi-view images using
gradient-based optimization. The source code and full paper is available
at: https://sonsang.github.io/dmesh-project 3.
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1 Introduction

Polygonal meshes are widely used in modeling and animation due to their di-
verse, compact and explicit configuration. Recent AI progress has spurred ef-
forts to integrate mesh generation into machine learning, but challenges like
varying topology hinder suitable differentiable mesh representations. This limi-
tation leads to reliance on differentiable intermediates like implicit functions, and
subsequent iso-surface extraction for mesh creation [16, 25, 36, 43, 44]. However,
meshes generated by such approaches can be unnecessarily dense and misaligned
at sharp regions [44], and struggle with open surfaces due to their reliance on
the volumetric representation.

The fundamental challenge in creating a differentiable mesh representation
lies in formulating both the vertices’ geometric features and their connectiv-
ity, defined as edges and faces in a differentiable way. Given a vertex set, pre-
dicting their connectivity in a free-form way using existing machine learning
data-structures can cost significant amount of computation and be difficult to
avoid irregular and intersecting faces. Consequently, most studies on differen-
tiable meshes simplify the task by using a mesh with a pre-determined topology
and modifying it through various operations [17, 38, 40, 54]. This work, on the
contrary, ambitiously aims to establish a general 3D mesh representation, named
as DMesh, where both mesh topology and geometric features (e.g. encoded in
vertex location) can be simultaneously optimized through gradient-based tech-
niques.

Our core insight is to use differentiable Weighted Delaunay Triangulation
(WDT) to divide a convex domain, akin to amber encapsulating a surface mesh,
into tetrahedra to form a mesh. To create a mesh with arbitrary topology, we
select only a subset of triangular faces from the tetrahedra, termed the “real
part", as our final mesh. The other faces, the “imaginary part", support the
real part but are not part of the final mesh. We introduce a method to assess
the probability of a face being part of the mesh based on weighted points that
carry positional and inclusiveness information. Optimization is then focused on
the points’ features, using a dual power diagram of WDT [3] to generate the
triangular mesh. The probability determination allows us to compute geometric
losses and rendering losses during gradient-based optimization. This method is
essentially a 3D, differentiable extension of A-shape [33,34], and a differentiable
solution to the problem addressed by constrained Delaunay Triangulation [15,
45,46].

The key contributions of our work can be summarized as follows.

– We present a novel mesh representation, DMesh, which is versatile to ac-
commodate various mesh types for both open surfaces and closed surfaces.
The generated meshes are always face-intersection-free.

– We provide efficient reconstruction algorithms for DMesh, which are designed
for 3d point cloud and multi-view image inputs. For multi-view reconstruc-
tion, we present a differentiable renderer that meets our needs.

– We provide effective regularization methods for DMesh, which can be used
for mesh simplification, or triangle quality enhancement.
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Fig. 2: Our overall framework to optimize mesh according to the given observations.
(a): Each point is defined by a 5-dimensional feature vector, which includes position,
weight, and real value. Points with larger real values are rendered in red. (b): Given
a set of points, we can gather possible faces to exist in our mesh and evaluate their
existence probability in differentiable manner. (c): We can compute reconstruction loss
by comparing our mesh with given observations, such as mesh, point cloud, or multi-
view images. (d): To facilitate the optimization process and enhance the mesh quality,
we can use additional regularizations.

– To overcome prohibitively large computational cost of the exact formulation,
we propose an efficient relaxation that computes the face existence proba-
bilities with a practical computational cost.

Additionally, to further accelerate the algorithm, we implemented our main
algorithm and differentiable renderer in CUDA, which is made available for fur-
ther research.

2 Related Work

2.1 Shape Representations for Optimization

Neural Implicit Functions The trend of modeling 3D objects as differentiable
neural representations has gained popularity in graphics and vision applications,
primarily for 3D reconstruction and novel view synthesis, allowing shape opti-
mization through gradient descent and backpropagation [7, 8, 26, 35, 47, 51, 52].
Many methods, inspired by NeRF [35], express scene geometry using volume
density and differentiable volume rendering. However, these density-based vol-
umetric approaches don’t always result in accurate 3D geometry. To improve
this, several approaches [39, 47, 48, 50] model surface functions as neural signed
distance functions (SDFs), converting them to density for rendering and opti-
mization. More recently, neural unsigned distance functions (UDFs) have been
developed to model open surfaces, which SDFs can’t describe [28, 29]. While
these implicit surface representations show promise in reconstruction, they re-
quire iso-surface extraction algorithms like Marching Cubes [30] to convert im-
plicit functions to explicit high-poly meshes, introducing geometric errors. In
contrast, our explicit representation can directly output a mesh that can also
represent open surfaces, avoiding these issues.
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Mesh Representations Previous methods have tried optimizing meshes di-
rectly, but often with the assumption of a fixed overall mesh topology [9, 23,
27,38]. While local connectivity can be altered through remeshing [40], the fun-
damental geometric topology remains unchanged. Learning-based approaches
like BSP-Net [11] allow for topological variation, yet their meshing process
isn’t differentiable. Recently, differentiable iso-surface extraction techniques have
been developed, resulting in high-quality geometry reconstruction of various
topology when combined with Neural or discrete Signed Distance Functions
(SDFs) [25,36,43,44,49]. Some methods even demonstrate backpropagating gra-
dients from mesh vertices to SDF values using non-differentiable techniques like
Marching Cubes [32]. However, these surface extraction methods, reliant on SDFs
and uniform grids, often need high-poly meshes for accurate reconstruction, re-
gardless of the actual surface’s complexity. Our approach does not have to con-
cern about these issues, because we explicitly define faces and their existence
probabilities. See Table 3 for more detailed comparisons to these other methods.

2.2 Shape Representation using Delaunay Triangulation

Delaunay Triangulation (DT) in Rd connects points whose Voronoi cells share a
boundary [3], making it useful for reconstructing shapes from unorganized point
sets. It’s been shown that DT of dense samples on a smooth 2D curve includes
the curve within its edges [1,5]. This idea of using DT to approximate shape has
been successfully extended to 3D, to reconstruct three-dimensional shapes [2]
for point sets that satisfy certain constraints. Our method can be thought of as
a differentiable version of these approaches.

Additionally, [42] focused on this DT’s property to connect points and tes-
sellate the domain, and proposed a differentiable WDT algorithm to compute
smooth inclusion, or existence score of 2-simplexes (triangles) in 2 dimensional
WDT. Our approach develops this approach to compute that score for 2-simplexes
in 3 dimensional WDT, which faces different computational challenges than the
previous work (Section 3.3). More recently, VoroMesh [31] used similar approach
to ours using Voronoi diagram for point cloud reconstruction, but it cannot han-
dle open surfaces and is only confined to point clouds (Section 4).

3 Formulation

In this section, we start with the definition of our new mesh representation. Then
we introduce its differentiable formulation, which evaluates the probability of a
face to exist in the mesh. Finally we explain how to conquer the computational
difficulties posed in our formulation.

3.1 Overall definition

In this work, we take a flexible approach to define a d-dimensional mesh as a
set of (d � 1)-simplexes 4, and propose to represent a mesh as a subset
4 They become line segments when d = 2, and triangles when d = 3.
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