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Figure 20: Our method outperforms other methods, even when the
base mesh does not match the topology of the input surface.
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Figure 21: Our method also shows the time- and error-reducing
effect for oriented point clouds. Comparison methods were run on
the fast generalized winding number [BDS∗18].

pattern of the ground truth surface (Figures 5), and has a compact
representation compared to mesh compression methods (Figure 9).

5.1.2. Other representations

In Figure 21, we show that our method extends well for oriented
point clouds, showing the same runtime-reducing effect as in neural
implicits. We also qualitatively show that our method can preserve
the spectral pattern of the surface for point clouds (Figure 22).

5.1.3. Learning scalar fields

To validate the performance of our scalar field learning algorithm in
Section 3.5, we learned the smallest 10 eigenfunctions of a shape
to a single neural network by registering them to the latent code
(Figure 23). We compared our method to a baseline MLP that uses
the same parameters (2 hidden layers, 32 neurons, 8 positional en-
coding dimensions) but takes a 3D point on the fine surface as input
and outputs a function value. By using our intrinsic encoding with
d = 8, we achieved 3.6x lower error compared to the baseline, with-
out increasing the number of neurons of the MLP.

5.2. Extensions and Applications

The accurate connectivity of our generated mesh can accommo-
date applications that require manifold and Delaunay meshes, such
as vector field design [KCPS13] or stripe patterns on surfaces
[KCPS15] (Figure 24). Having a good-quality mesh also con-
tributes to interactively editing the design properties, like the heat
source positions for heat simulation (Figure 1).

Our method can be used for realtime fracture simulation
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Figure 22: On a thin shell, the spectral pattern of the point cloud
Laplacian [SC20b] significantly differs from the ground truth. In
contrast, our mesh successfully reconstructs its spectral pattern.

error of learning 10 eigenfunctions
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Figure 23: Using our map and our intrinsic encoding, one may
train a neural network that represents a scalar function on a sur-
face, like the eigenfunctions of the Laplacian (left). By increasing
the dimension of the feature vectors d, our method can achieve
lower error without changing the number of layers/neurons of the
MLP (right).

[SLMDS∗23] (Figure 2). In their method, fracture mode decompo-
sition takes minutes, which we want to avoid running on the client
side. Using our intrinsic encoding, we train a binary classifier that
tells whether a point p 2 Wbelongs to a certain piece of a certain
fracture mode. Thanks to this compact classifier (68KB) and our
efficient mesh extraction, the client side only required 0.6 seconds
of precomputation, allowing us to run the fracture simulation in 7
ms.

Our method can handle cases where the shape of the base mesh
and the final geometry are significantly different, like the torus and
Bob (Figure 25). Given several pairs of anchor points to guide the
training, our neural displacement field can successfully learn the
mapping (see the supplemental for details). This can allow swap-
ping the texture of the two surfaces simultaneously on the client
side [SPK23], but without sending the full mesh.

© 2026 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.
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Figure 24: One may use our map for visualizing vector fields
[KCPS13] or stripe patterns [KCPS15] on the client side.

Subdivide Map
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Figure 25: Our method allows base meshes with different shapes
but with the same topology.

Finally, one may run different strategies to sample points on the
mapped surface (Figure 26), which could be useful for visualiza-
tion. As the determinant of our local Jacobian detJ f is proportional
to the distortion of our map, we achieve white noise sampling by
uniformly generating samples on the base mesh and accepting sam-
ples at a rate proportional to it. Likewise, we achieve blue noise
sampling by slightly modifying Poisson disk sampling [Bri07] to
evaluate the radius of the annulus on the mapped points instead of
on the base mesh.

6. Conclusion and Discussion

We propose a representation-agnostic method that learns a neu-
ral displacement field from a base mesh to the input surface. Our
method addresses the requirements for streaming applications to be
fast, compact, and accurate.

The cost of our fast and compact mesh extraction is its low vi-
sual quality. This is due to our design choice to prioritize speed
and accuracy in intrinsic shape analysis, where Delaunay and non-
manifold triangles matter more than their extrinsic appearance. We
thus suppose our representation to be used as an add-on to existing
representations that already excel in visual quality.

One remaining fundamental problem is how to visualize defor-
mation or fracture on neural surfaces. To just visualize it, one may
sample point clouds on the fine surface using our method (Figure
26), but this cannot leverage the existing neural rendering pipeline.
One potential solution is to distort the rays accordingly to the defor-
mation [SJNJ19,SGS∗24], but it is unclear how to generalize them
to various surface representations.

Another future direction is incorporating our method into an
actual client-server setup. We anticipate that this would also re-
quire solving additional challenges (e.g., networking, streaming),
and solving them would be a promising future direction.

We acknowledge that our method does not support some repre-
sentations, such as unsigned distance functions sampled on a grid

Blue noise samplingWhite noise sampling
Map Map

Figure 26: Our map can facilitate different surface sampling
strategies like white noise and blue noise sampling.

(e.g., [CTFZ22]), where defining a projection operator is difficult
due to gradient discontinuities.

Our method only supports mesh extraction for surface meshes,
but many physics-based animation tasks work better with volumet-
ric tetrahedral meshes. Thus, fast extraction of them using neural
networks will be an exciting future direction.

Finally, we hope our method can empower the computer graph-
ics community and beyond to run their interactive mesh processing
applications on non-meshes.
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