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Figure 1. DMesh++ for complex 2D and 3D shapes. DMesh++ encodes all geometric and topological information into continuous point
features. (a) By optimizing these point features, DMesh++ is able to reconstruct complex 2D drawings from sample points. (b) This
approach is also applicable to 3D, where it reconstructs the complex geometric structure of DNA from a point cloud. (c) By incorporating
additional color features, DMesh++ can reconstruct complex, colored 3D shapes from multi-view images. For each result, the “imaginary”
part is rendered in gray, while the “real” part—which defines the final mesh—is rendered in other colors. (Sec. 3.1).

Abstract

Recent probabilistic methods for 3D triangular meshes cap-
ture diverse shapes by differentiable mesh connectivity, but
face high computational costs with increased shape details.
We introduce a new differentiable mesh processing method
that addresses this challenge and efficiently handles meshes
with intricate structures. Our method reduces time com-
plexity from O(N) to O(log N) and requires significantly
less memory than previous approaches. Building on this in-
novation, we present a reconstruction algorithm capable of
generating complex 2D and 3D shapes from point clouds or
multi-view images. Visit our project page for source code
and supplementary material.

* This research was supported in part by National Science Foundation, Army Re-
search Lab, Merskey & Capital One Endowed Professorship. The project was initially

started during Adobe internship and continued as a collaboration with UMD.

1. Introduction

Among various possible shape representations, a mesh is of-
ten favored for a wide range of downstream tasks due to its
efficiency, versatility, and controllability. A mesh is defined
by its vertices’ position and their connectivity in the form
of edges and faces. This connectivity is discrete in nature,
and also the number of possible connectivities grows expo-
nentially with the number of points, which prevents meshes
from being differentiable shape representations (Fig. 2). To
address this, recent data-driven efforts have attempted to
predict mesh connectivity using Transformer-based mod-
els [5, 6, 40, 41]. However, these methods face inherent
challenges with robustness to outlier meshes, potential self-
intersections, and high computational costs.

On another route, Son et al. [42] introduced a new form
of differentiable mesh called DMesh, which is essentially
a probabilistic approach. For a given set of points, they
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Figure 2. Conceptual comparison of traditional mesh and
variants of DMesh [42]. Traditional meshes employ a non-
differentiable, discrete data structure, F, to store vertex indices
that define connectivity, whereas DMesh++ encodes connectiv-
ity and additional information into continuous point-wise fea-
tures, P. Mesh generated from DMesh++ avoids several degenera-
cies—such as self-intersections and thin triangles—that can com-
promise its suitability for downstream applications.

explicitly compute probabilities for possible face combina-
tions to exist on the mesh based on the continuous point-
wise features. This approach minimizes several mesh de-
generacies, and is free from outliers, as it is not data-driven
(Fig. 2). Therefore, this probabilistic approach opens up a
new venue to adopt meshes in a machine learning pipeline,
such as generative models [47, 51]. However, it suffers from
excessive computational cost when the number of points in-
creases (Fig. 7), which limits its applicability for represent-
ing complex shapes with detailed structures.

In this work, we introduce DMesh++, which overcomes
the computational limitations of DMesh while retaining its
core advantages. To that end, we present Minimum-Ball
algorithm. While the computational cost to evaluate face
probability is O(N ) for DMesh, where N is the number of
points that define the mesh, our Minimum-Ball algorithm
has O(log N') computational cost (Sec. 3.2 and Fig. 7).

The direct application of DMesh++ is a reconstruction
task. It effectively reconstructs complex 2D and 3D meshes
of diverse topology from point clouds or multi-view images
(Figs. 1, 9 and 10). During the optimization of continu-
ous point-wise features, we observe dynamic topological
changes in the mesh that recover the target shape (Fig. 3).

To summarize, our contributions are the following:

e We present DMesh++, an enhanced version of
DMesh [42], which overcomes its computational
bottlenecks by employing the Minimum-Ball algorithm.

* We propose a reconstruction algorithm that incorporates
efficient loss formulations and additional mesh operations
to effectively recover 2D and 3D shapes from point clouds
or multi-view images.

* We validate our approach on 500+ mesh models with di-
verse topology, which are collected from Thingi10K [52]
and Objaverse [10] dataset.

Figure 3. Mesh topology change during 3D point cloud recon-
struction of a vase. We visualize the evolution of point-wise
features by projecting them onto a 2-dimensional space using T-
SNE [43] at each optimization step (ranging from O to 2K). As
these features continuously evolve, the mesh undergoes discrete
topological changes to progressively recover the target shape.

2. Related Work

While meshes offer an efficient and flexible representation
of shapes, they are mainly constrained by their connectiv-
ity issues, which limit their applicability in machine learn-
ing. To address these challenges, shape inference in ma-
chine learning has evolved through three stages.

Using Alternative Differentiable Shape Representations.
Rather than handling mesh directly, some prior work ex-
tract mesh from alternative differentiable shape representa-
tions. Neural implicit representations, like (un)signed dis-
tance fields [22, 24, 32, 34, 44-46, 49, 50], encode distance
fields in neural networks, and use iso-surface extraction al-
gorithms [12, 16, 25] to generate the final mesh. Another
method encodes distance directly into spatial points and ap-
plies differentiable iso-surface extraction [20, 23, 28, 29,
38, 39, 46]. While often more efficient, these methods typi-
cally cannot handle open surfaces; though [23] does, it can-
not represent non-orientable geometries. Gaussian Splat-
ting [18] also encodes visual data as spatial “splats” but
lacks the geometric accuracy of implicit functions.

Inferring Meshes Differentiably. The main challenge in
differentiable mesh handling is the exponential growth of
possible vertex connections as vertex count increases. To
simplify this challenge, most prior works assume fixed reg-
istration and permit only local connectivity changes [4, 19,
21, 31, 33, 53]. Recently, data-driven approaches have
aimed to overcome these limitations by training generative
models [5, 6, 40, 41] that predict vertex connectivity from
point clouds. Specifically, SpaceMesh [40] ensures combi-
natorial manifold mesh generation. However, these models
struggle with outliers and self-intersections.

Designing A Differentiable Form of Mesh. Son et al. [42]
recently introduced DMesh, a differentiable mesh formula-
tion using a probabilistic approach. DMesh augments each
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Figure 4. Bounding balls of a face F (red) in 2D (left) and 3D
(right). The minimum bounding ball (Bg) is rendered in blue,
while the others are rendered in gray.

point with two continuous values, along with its position
(Fig. 2), and applies a “tessellation” function in Eq. (1) to
deterministically generate a mesh from a point set. This
method adapts to various geometric topologies, including
non-orientable open surfaces, and avoids self-intersections.
With DMesh, optimizing or inferring only point-wise fea-
tures is sufficient to generate the mesh.

However, DMesh’s tessellation function is slow due to
its reliance on Weighted Delaunay Triangulation (WDT),
which has a practical time complexity of O(N ) for N points
using the CGAL package [14]. For N = 100K in 3D,
the runtime can reach up to 800 milliseconds (Fig. 7), lim-
iting DMesh’s applicability for complex shapes requiring
finer detail. Moreover, it is hardly possible to accelerate
WDT using parallelization, because of its inherent race con-
ditions. Therefore, in this work, we eliminate WDT, and
propose a more efficient differentiable mesh formulation.

3. Formulation

In this section, we first provide the high-level formulation
for computing probability of a face to exist in the mesh.
Then, we introduce Minimum-Ball (Sec. 3.2), which is our
primary algorithm.

3.1. Preliminary

In this work, we refer to a (d — 1)-simplex in d-dimensional
space as a “face” (e.g., a line segment for d = 2 or a triangle
for d = 3). DMesh [42] tessellates d-dimensional convex
space using faces, with the actual surface on “real” faces
and “imaginary” faces enclosing the “real” part to support
the convex space (Fig. 1).

In DMesh, each point is a (d + 2)-dimensional vec-
tor: the first d values denote position, while the remaining
two represent the Weighted Delaunay Triangulation (WDT)
weight (W) [1] and real value ( ). The € [0;1] of a
point indicates whether it lies on the shape, specifically if
¥(p) > 0:5, where ¥(p) is  of a point p.

For a point set P, let Fyq¢ represent the faces in WDT
of P. DMesh then introduces a “tessellation” function to
determine if a face F exists on the mesh:

Tomesh(P;F) = (F € Fuat) A ({)Iélél U(p) =>0:5): (1)

A E A A E
B c B B c
Figure 5. Minimum-Ball condition in 2D. In the left, 2D Delau-

nay Triangulation (DT) of 6 points is given. In middle and right
figure, we render Br for two faces (AB, DF) in blue.

C

DMesh++ introduces an alternative tessellation function
for faster processing. By removing the need for WDT, we
eliminate the WDT weight and represent each point as a
(d + 1)-dimensional vector, (X1;::5;Xq; )'. In place of
WDT, we implement a faster scheme called the Minimum-
Ball condition (Definition 3.1) for defining the tessellation
function. Letting Fmin represent the set of faces that meet

this condition, we define the tessellation function as

ToMmesh++(P; F) = (F € Fmin) A (min ¥(p) > 0:5):

peF

(2)

In our differentiable framework, we compute probability

of F to satisfy these two conditions: Amin and Areal, re-

spectively. Then, we compute the final probability of F to

exist on the mesh as A(F) = Amin(F) X Areai(F). For

Areal, we use differentiable min operator as DMesh. In the
next section, we explain how we define Amin.

3.2. Minimum-Ball Algorithm

The mesh generated by DMesh’s tessellation function
in Eq. (1) is free from self-intersections because Fyqy it-
self is free from them. Additionally, it minimizes the occur-
rence of thin triangles—undesirable in many downstream
tasks such as physics simulations—thanks to the properties
of the WDT. However, computing the tessellation function
is computationally expensive, as it requires calculating the
WDT to define Fygt. In designing our Minimum-Ball, we
aimed to eliminate this computational bottleneck while pre-
serving the favorable properties related to self-intersection
avoidance and triangle quality. In the following, we demon-
strate that Minimum-Ball satisfies these requirements.

For a given set of points P € RY and a face F =
{P1;P2;:::;pa} C P, we define a bounding ball of F as
a d-dimensional ball that goes through every point of F.
Note that this bounding ball is not unique, but there exists a
unique minimum bounding ball, which has the minimum ra-
dius among every bounding ball. We name it as Bg (Fig. 4).
Then, we define Fmin as a set of faces whose minimum
bounding ball does not contain any other point in P.

Definition 3.1. F € Fpin if and only if there is no point in
P that lies (strictly) inside Bg.

"Points could carry additional features, such as color (Fig. 2).
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Figure 6. Reconstruction process for 3D multi-view colored images of a sculpture. In each stage, we optimize different per-point

features: the and the

, while the per-point color is refined at every stage. (Left) We display the meshes at each stage during

the first epoch. (Right) We provide a rendering of the final mesh along with its view-point normal, which reveals the fine mesh details.

Note that we can ignore points in F, as they are located
on the boundary of Bg. In Fig. 5, we render a 2D case,
where AB does not satisfy this definition because of F. In
contrast, DF satisfies this condition. Then, we can observe
that Fmin is a subset of faces in Delaunay Triangulation
(DT) of P (Fqt).

Lemma3.2. F € Fmin = F € Fgt.

Proof. By definition, a face F is in Fg¢ if there is a bound-
ing ball of F that does not contain any other point in P [8].
If the face F is in Fpjn, its minimum bounding ball satisfies
this condition. Thus F is in Fg¢. O

Note that Fg¢ is also free from self-intersections as Fygt,
and thus is Fjn. Furthermore, it inherently minimizes the
number of thin triangles, as guaranteed by DT. However,
note that Fyjn does not necessarily tessellate the entire con-
vex shape, as there could be faces in Fg¢ that are not in Frin
(e.g. AB in Fig. 5).

Now, based on Definition 3.1, we can check if F is
in Fmin. Let us denote the center and radius of Bg as
BS € RY and BE. We can compute these values in a dif-
ferentiable way (Appendix 7.2). Then, we can compute the
signed distance between Br and P as follows:

d(BeiP) = min_[lp-BE|-BE:  ©)

As shown above, we can easily find d(Bg; P) by finding
the nearest point of BE in P—F. Using this signed distance,
we can check if F is in Fmin as follows.

F € Fmin © d(Bg;P) > 0: 4)
Then, we define Amin with sigmoid function as
Amin(F) = (d(BF; P) . min); (5)

where min is a constant (Appendix 7.3).

With this formulation, we can evaluate Eq. (2) far more
efficiently than Eq. (1). Our method relies on a highly paral-
lelizable nearest neighbor search algorithm?, unlike the se-
quential WDT. While WDT has a practical time complexity

2We used implementation of PyTorch3D [37].

of O(|P]), it is relatively slow. In contrast, our approach has
a time complexity of O(|F|-log |P|), where |F| is the num-
ber of query faces to evaluate. However, by parallelizing
the nearest neighbor search across query faces, especially
on GPU, this complexity effectively reduces to O(log |P|)*.
This allows our tessellation function to run up to 32 times
faster in 3D than DMesh [42] (Fig. 7). For optimization
tasks like reconstruction, we further accelerate by period-
ically caching nearest neighbors for each query face (Ap-
pendix 7.4). We provide formal algorithm in Appendix 7.1.

4. Reconstruction Process

The goal of reconstruction is to optimize point-wise features
so that the resulting mesh aligns with the input observation.
As shown in Fig. 3, the discrete mesh topology dynamically
changes during the optimization of continuous features to
better fit the given input.

Fig. 6 provides an overview of our reconstruction pro-
cess for recovering a 3D colored mesh from multi-view im-
ages. In the first stage, we initialize per-point features. If a
point cloud is available, we use it to obtain a better starting
point (see the initial mesh in Fig. 3); otherwise, we initialize
with a regular tetrahedral grid. Next, we optimize the point
positions while keeping the real values fixed, followed by
optimizing the real values while fixing the point positions.
In these two stages, we minimize loss functions tailored to
each input modality (e.g., Chamfer Distance loss for point
clouds, rendering loss for images). To increase mesh com-
plexity and capture finer details, we subdivide the mesh by
inserting additional points. This process is iterated for a
fixed number of epochs. Finally, to accelerate the overall
process and enhance the final mesh quality, we introduce
several innovations at each stage. Detailed explanations are
provided in Appendix 8, due to lack of space.

5. Experiments

This section presents our experimental results. First, we
evaluate how Minimum-Ball enhances the computational ef-
ficiency of the tessellation function in both 2D and 3D.

3We assume that | F'| does not increase exponentially, which is a prac-
tical assumption as query faces are often determined by local proximity.
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Figure 7. Comparison of tessellation cost. Our method computes
face probabilities up to 16 times faster in 2D and 32 times faster in
3D than DMesh [42], while using up to 96% less GPU memory in
2D and 75% less in 3D.

Next, we demonstrate the results of a point cloud recon-
struction task in 2D and 3D as a practical application. Fi-
nally, we showcase an application in 3D multi-view re-
construction. Together, these results illustrate that our
method is well-suited for downstream tasks involving com-
plex shapes. Our main algorithms are implemented in Py-
Torch [35] and CUDA [30]. All experiments were con-
ducted on a system with an AMD EPYC 7R32 CPU and
an NVIDIA A10 GPU. For details, refer to Appendix 9.

5.1. Tessellation Cost

We compare the computational cost of the tessellation func-
tion for DMesh [42] (Eq. (1)) and our DMesh++ (Eq. (2)).
For both 2D and 3D scenarios, we randomly generate N
points within a unit cube, find each point’s 10 nearest neigh-
bors, and use these proximities to form potential face com-
binations. From these, we randomly select N faces as query
faces for the tessellation function. For each value of N
(ranging from 1K to 200K to reflect practical scenarios),
we conducted 5 trials and averaged the computational costs.

In Fig. 7, we compare the computational costs of DMesh
and DMesh++. In terms of speed, DMesh’s performance
scales linearly with the number of points in both 2D and 3D
due to its sequential WDT algorithm. In contrast, DMesh++
exhibits sub-linear scaling up to 50K points, benefiting from
GPU parallelization (Sec. 3.2). Beyond this range, compu-
tational costs increase more sharply because of GPU thread
limitations; however, DMesh++ still processed 200K points
in 117ms for 2D and 168ms for 3D. Regarding GPU mem-
ory usage, both methods scale linearly, but DMesh++ uses
significantly less memory since it stores only the additional
information related to the minimum balls, whereas DMesh

Figure 8. Qualitative comparison of 2D point cloud reconstruc-
tion results. The outputs of DMesh [42] and DMesh++ are ren-
dered in red and blue, respectively.

Method ‘ CD(x10 )] # Verts. #Edges. Time (sec)
DMesh [42] ‘ 1.97 2506 2245 30.39
DMesh++ ‘ 1.82 2862 2793 11.33

Table 1. Quantitative comparison of the 2D point cloud recon-
struction task for the font dataset. DMesh++ reconstructs 2D
meshes with greater accuracy and efficiency than DMesh.

must store all details of the power diagram on the GPU*.

These results demonstrate that the Minimum-Ball al-
gorithm significantly enhances tessellation efficiency, en-
abling the effective handling of complex shapes.

5.2. Reconstruction Tasks

Dataset. For the 2D point cloud reconstruction task, we
used vector graphics of 26 letters from four different font
styles downloaded from the Google Fonts service’. Addi-
tionally, we employed six vector graphic images represent-
ing complex drawings from Adobe Stock®.

For the 3D reconstruction tasks, we randomly selected
500 models from ThingilOK [52] dataset, half of which are
closed-surface models and the other half are open-surface
models. Also, we manually chose 20 and 30 models from
Thingi10K and Objaverse [10] dataset for better diversity.
We normalized the model scale to 1 before reconstruction.

Metrics. For 2D results, we report the Chamfer Distance
(CD) of the reconstructed outputs for quantitative compari-
son. For 3D, we assess geometric accuracy using five met-
rics—CD (Chamfer Distance), F1 (F1 score), NC (Nor-
mal Consistency), ECD (Edge Chamfer Distance), and EF1
(Edge F1 score)—following [7]. Additionally, we evalu-
ate mesh quality using four metrics: AR (Aspect Ratio), SI
(Self-Intersection ratio), NME (Non-Manifold Edge ratio),
and NMV (Non-Manifold Vertex ratio). Finally, we provide
statistics on mesh complexity (e.g., vertex and face counts)
along with the reconstruction time.

5.2.1. 2D Point Cloud Reconstruction

In this task, we aim to reconstruct a 2D mesh from a 2D
point cloud to demonstrate that the DMesh++ formulation is

4Note that the 2D version of DMesh requires more memory than the
3D version, as the 2D implementation is not as optimized using CUDA.

Shttps://fonts.google.com/

Shttps://stock.adobe.com/



‘ Geometric Accuacy ‘ Mesh Quality ‘ Statistics

Method ‘ CD(x10 3)| Fi11 NCt ECDJ EF171 ‘ AR] SI NME| NMV] ‘ # Verts. # Faces. Time (sec)
VoroMesh [26] | 19.591 0352 0855 0054 0072 | 1457 0  0.001 0 | 64561 129338 11
DMesh++ |  0.034 0471 0919 0063 0094 | 1765 0 0130 0003 | 25415 58537 282
PSR [17] 10.164 0392 0943 0302 0026 | 5218 0 0 0 | 139857 279739 4
PoNQ [27] 1.578 0402 0934 0056 0090 | 2288 0  0.002 0 | 47254 94664 32
DMesh [42] 0.154 0289 0921 0077 0069 | 1.961 0 0103 0002 | 5815 13088 1147
DMesh++ | 0.033 0480 0938 0060 0116 | 1.814 0 0087 0004 | 25396 55546 282

Table 2. Quantitative comparison of 3D point cloud reconstruction results over 50 manually chosen models from Thingil0K [52]
and Objaverse [10]. We highlight the best results for each metric. The upper panel compares methods that use unoriented point clouds
(VoroMesh, DMesh++), while the lower panel displays methods that use oriented point clouds (PSR, PoONQ, DMesh, DMesh++).

Figure 9. Qualitative comparison of 3D point cloud reconstruc-
tion results for a toad sitting on a leaf. For each result, we render
its diffuse image on the left, and view-point normals on the right.

applicable in 2D. We primarily compare our reconstruction
results on a font dataset with those obtained by DMesh [42],
whose formulation is also easily extendable to 2D. As input,
we sampled 1,000 points from each spline curve composing
the font and downsampled the entire point cloud using a
grid with a cell size of 0.005.

In Tab. |, we present a quantitative comparison of the
reconstruction results. We observe that DMesh++ recon-
structs 2D meshes more faithfully than DMesh in terms of
CD loss, while also running 2:6 x faster. In Fig. 8, we ren-
der the reconstructed 2D meshes for two examples. The
results show that DMesh++ produces significantly fewer
holes compared to DMesh, which is consistent with the
CD loss comparison. However, some of these holes are in-
evitable, as we mainly reconstruct our shape with CD loss
and there are places that lack points.

Additionally, we reconstructed several complex 2D
drawings from point clouds to demonstrate the computa-
tional efficiency of DMesh++. Since these drawings con-
tain finer details than the fonts, we downsampled the entire

Method | CD(x10 4] Fl1 NCt ECD/} EF11
PSR [17] 12.1/163 0.47/045 097/096 0.45/0.37 0.01/0.01
PoNQ [27] 244/7.86 048/045 097/095 0.01/0.04 0.26/0.22
DMesh [42] | 2.82/329 0.25/0.22 094/093 0.01/0.01 0.15/0.12
DMesh++ ‘ 0.37/0.37 0.48/047 096/095 0.02/0.02 0.25/0.23
Table 3. Quantitative comparison of 3D point cloud re-

construction results over 500 randomly chosen models from
ThingilOK [52]. The results over closed surfaces and open sur-
faces are shown together: (closed / open). We highlight the best
results for two different categories with red and blue, respectively.

point cloud using a grid with a cell size of 0:001. When
we attempted to reconstruct these drawings with DMesh,
the GPU memory consumption became prohibitively high,
resulting in an error during reconstruction. Therefore,
for qualitative evaluation, we report only the results of
DMesh++ in Fig. | and Appendix 9.2.2.

Before moving on, we’d like to introduce an experimen-
tal algorithm that is applicable to 2D mesh optimization
called the Reinforce-Ball algorithm, which could be used
for producing an efficient mesh that adapts to local geome-
try. Please see Appendix 10 for more details.

5.2.2. 3D Point Cloud Reconstruction

In this task, we reconstruct a 3D mesh from a dense 3D
point cloud. As input, we sampled 200K points from the
ground truth mesh using the Poisson disk sampling algo-
rithm [3] implemented in MeshLab [9]. For comparison, we
employed other widely used optimization-based point cloud
reconstruction methods, including Screened Poisson Sur-
face Reconstruction (PSR)[17], VoroMesh[26], PONQ [27],
and DMesh [42]. For PSR, DMesh, and PoONQ, we used ori-
ented point clouds for reconstruction, while for DMesh++
we tested both unoriented and oriented point clouds. We
used the PSR implementation available in MeshLab. For
DMesh, we used its default settings; for VoroMesh and
PoNQ, we employed a grid size of 128 and optimized for
1000 epochs to achieve the best results.

We report the quantitative comparisons in Tabs. 2 and 3.
In Tab. 2, results are averaged over the 50 manually chosen
models and split into two categories: methods using un-



Figure 10. Qualitative comparison of 3D multi-view reconstruction results for open surface. Here we illustrate from back of an open
surface model (the front view is rendered at the left top of (a)). Colors represent inside and outside facing surfaces.

‘ Geometric Accuacy ‘ Mesh Quality ‘ Statistics
Method | CD(x10 3|  FIt NCt ECD| EFI? | AR| SIL  NME| NMV] | # Verts. #Faces. Time (sec)
Remeshing [33] 0.977 0343 0907 0.088 0.044 | 1.562 0.220 0 0 13273 26540 25
DMTet [38] 1.395 0.191  0.868 0.145 0.032 | 6.175 0 0 0 20549 41131 201
FlexiCubes [39] 3.493 0290 0.880  0.091  0.038 | 2.093  0.011 0 0.005 | 14811 28882 88
GShell [23] 5.807 0326 0904 0.116  0.047 | 2793  0.047 0 0.004 | 14587 28054 209
DMesh [42] 0.697 0.328  0.898  0.104 0.045 | 1.820 0 0.042  0.002 | 2461 5058 772
DMesh++ | 0342 0360 0923 [0.074 [0.059 | 1.639 0 0025 0036 | 12507 23727 205

Table 4. Quantitative comparison of 3D multi-view reconstruction results over 50 manually chosen models from Thingil0K [52]
and Objaverse [10]. We highlight the best results and the second best results for each evaluation metric.

oriented versus oriented point clouds. In both categories,
DMesh++ performs best or is comparable to other meth-
ods in geometric accuracy and triangle aspect ratio. Com-
pared to DMesh, DMesh++ outperforms all metrics while
handling 4.2 x more faces with a 76% reduction in compu-
tation time. Furthermore, DMesh++ achieves significantly
better CD, F1, and EF1 scores than PSR, VoroMesh, and
PoNQ, which struggle with open surfaces. Separate eval-
uations in Tab. 3 over 500 randomly chosen models con-
firm that DMesh++ largely outperforms on open surfaces
and performs comparably or better on closed surfaces.

These quantitative results align with the qualitative com-
parison in Fig. 9, where a toad sitting on a thin leaf is recon-
structed . While PSR and VoroMesh fail to reconstruct the
open surface of the leaf and PONQ produces many holes,
DMesh captures the overall geometry but misses fine de-
tails. DMesh++ successfully recovers both the overall shape
and the intricate details. For qualitative comparison on a
closed surface, see Fig. 19.

5.2.3. 3D Multi-View Reconstruction

In this task, we reconstruct a mesh from multi-view images
of a target object, assuming full knowledge of the render-
ing model and lighting conditions. Specifically, we employ
simple Phong shading [36] with a directional light from the
camera to the object for rendering the ground truth images.
We generate (512 x 512) diffuse and depth maps of the ob-
ject from 64 viewpoints (Fig. 20) to supervise the recon-
struction process. Note that we omit colors and textures in

Method | CD(x10 %)) F11 NCt ECD/ EF11

REM [33] | 58.0/27.5 0.33/032 0.90/0.90 0.06/0.07 0.11/0.09
DMT [38] | 36.2/65.1 021/021 0.89/0.88 0.17/0.13 0.03/0.03
FLE [39] 145/341 0.37/035 0.92/091 0.04/0.06 0.10/0.08
GSH [23] | 5.74/546 038/036 0.94/093 0.04/0.06 0.15/0.12
DME [42] | 11.9/11.7 0.18/020 0.87/0.87 0.06/0.08 0.04/0.04
DMesh++ | 3.35/3.82  0.37/0.36 0.94/0.93 0.03/0.03 0.21/0.17

Table 5. Quantitative comparison of 3D multi-view recon-
struction results over 500 randomly chosen models from
ThingilOK [52]. The results over closed surfaces and open sur-
faces are shown together: (closed / open). We highlight the best
results for two different categories with red and blue, respectively.

this experiment to focus solely on geometric quality.

For comparison, we evaluated five mesh reconstruction
algorithms: Remeshing [2], DMTet [38], FlexiCubes [39],
GShell [23], and DMesh [42]. We optimized each method
to produce the best-quality meshes with similar vertex and
face counts. Specifically, we set the grid sizes to 128 for
DMTet, and 80 for both FlexiCubes and GShell. For more
details, please refer to Appendix 9.4.

In Tabs. 4 and 5 and Figs. 10 and 11, we present quanti-
tative and qualitative comparisons of the reconstruction re-
sults. In Tab. 4, we observe that Remeshing, DMTet, and
FlexiCubes have high CD errors, largely because they can-
not represent open surfaces (Fig. 10). This limitation also
explains why Remeshing and FlexiCubes are faster than
other methods. Although Remeshing achieved the best AR
and avoided non-manifoldness, it generated numerous self-
intersections, particularly on open surfaces (Fig. 11).



Figure 11. Self-intersection of the reconstructed mesh. The
self-intersected faces of the mesh are rendered in red.

When it comes to GShell, we found out that it usually
improves CD loss by representing open surfaces through
sub-surface extraction from closed templates. However, it
still struggles with complex open surfaces (Fig. 10). Also,
it had a robustness issue with several outlier models — which
is the main reason of high average CD, even though it
achieved much better CD for most of the models. Addi-
tionally, it also suffers from self-intersections (Fig. 11) and
suboptimal AR. Compared to that, DMesh produced self-
intersection free mesh with better CD and AR, as it can rep-
resent open surfaces robustly. Also, it produced much sim-
pler mesh than the other methods. However, it sometimes
produced false inner structure due to occlusion (Fig. 10),
and its largest drawback was in computational cost, limit-
ing its utility for fine-grained reconstructions.

DMesh++ addresses this issue using the Minimum-Ball
algorithm (Sec. 3.2) and nearest neighbor caching (Ap-
pendix 7.4). It achieves the best or comparable results
across all metrics while maintaining computational costs
similar to those of other methods. Furthermore, as shown
in Tab. 5, DMesh++ delivers superior, or at least compara-
ble performance for both closed and open surfaces. Qualita-
tive comparisons in Figs. 10 and 20 also support this obser-
vation. These results prove the robustness of DMesh++ in
handling complex shapes with diverse topologies, whereas
other methods are limited in one aspect or another.

Colors. As mentioned in Fig. 2 and Sec. 3.1, points can
carry additional features. Here, we demonstrate that we
can jointly optimize per-point colors to recover a textured
shape from multi-view images. For a point on a face,
the color of the point is determined by barycentric inter-
polation of the face vertex colors. Under the assumption
that we know all the rendering and lighting conditions,
we can reconstruct textured meshes from multi-view im-
ages as shown in Figs. 1, 6 and 12. In particular, Fig. 12
demonstrates that DMesh++ can reconstruct a small scene
on which physics simulations, such as bouncing balls, can
be run directly. These results highlight a promising future
direction of jointly optimizing additional per-point features.

Figure 12. Physics simulation on a staircase reconstructed
from multi-view images. We simulate the motion of bouncing
balls directly on the mesh generated by DMesh-++.

6. Conclusion

We presented DMesh++, a probabilistic approach for ef-
ficient, differentiable mesh connectivity handling. Our
Minimum-Ball algorithm significantly reduces computa-
tional costs, enabling DMesh++ to recover 2D and 3D
shapes with diverse topologies from point clouds or multi-
view images more effectively than baseline methods.

Limitations. There are areas where DMesh++ can be fur-
ther improved. First, some non-manifoldness errors re-
main in the reconstruction results (Tabs. 2 and 4), while
observing significant improvement over DMesh [42]. We
conjecture that there is a trade-off between the representa-
tion power and the occurrence of these topological errors;
more careful analysis of the trade-off is needed to main-
tain expressiveness while eliminating errors. Second, there
are application-specific challenges. Although our method
yields superior 3D point cloud reconstruction results, it in-
curs higher computational costs (Tab. 2), and it is less effec-
tive for sparse point clouds. In 3D multi-view reconstruc-
tion, we cannot use the current implementation for real-
world images, as discussed in Appendix 9.4.2.

Future Directions. For 3D point cloud reconstruction, we
plan to explore alternative loss formulations to CD loss, as
its computation currently dominates the overall cost.

To extend our 3D multi-view reconstruction algorithm to
real-world images, we will integrate DMesh++ with alter-
native representations such as Gaussian Splatting (GS) [13,
18]. By appending GS features to the per-point features and
optimizing them jointly, we expect to recover high-quality
meshes that we can readily use for downstream tasks.

Furthermore, we envision leveraging DMesh++ to train
generative models that capture complex mesh connectivity.
Currently, the Minimum-Ball algorithm only uses point po-
sitions for connectivity. In future work, we plan to incorpo-
rate additional per-point features into this algorithm to train
generative models capable of understanding diverse and in-
tricate mesh connectivity, such as that of DNA (Fig. 1).

We believe our work establishes an important foundation
for harnessing differentiable, probabilistic mesh within the
current optimization framework, and we hope it will further
drive future downstream applications.
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