
Supplementary Material:
Mesh Processing Non-Meshes via Neural Displacement Fields

1. Implementation

1.1. Training

As a preprocessing step, we uniformly scale the non-mesh sur-
face Ω and the base mesh Ω

′ such that Ω
′ is bounded by a cube

[−1.5,1.5]3. Before training for the main loss, we initialize the neu-
ral networks using Kaiming initialization [HZRS15]. Next, we train
gθ and gφ so that they represent the identity. For both models, we
sample q = 32,768 points z1, ...,zq ∈ Ω

′3 and train the loss

argmin
θ

q

∑
i=1

∥gθ(zi)− zi∥2
2 (1)

by running Adam [KB17] for 1,000 epochs (θ and φ are inter-
changeable here). After initialization, we train our loss by running
Adam for 10,000 epochs. We set the sample number s = 32,768
and resample every ten epochs.

1.2. Code Base

We implemented our training code in PYTHON using PYTORCH

[PGC∗17] for standard operations on MLPs and auto differentia-
tion, and LIBIGL [JP∗18] and GPYTOOLBOX [SS∗23] for standard
geometry processing routines.

We implemented our remeshing algorithm using GEOMETRY

CENTRAL [SC∗19] for storing the intrinsic triangulation in the in-
teger coordinate data structure [GSC21].

2. Baseline Setup

We discuss the baseline setups of the experiments we show in the
main text. All baseline experiments were run on a desktop com-
puter with an NVIDIA GeForce RTX 3070 and 8GB of RAM.

2.1. Implementation

We implemented geodesic computation and Laplacian eigenmode
analysis on C++ using GEOMETRY CENTRAL [SC∗19] and called
it from PYTHON using PYBIND11 [JRM16]. For geodesic compu-
tation we used the MMP algorithm [MMP87].

In all of our experiments, we computed the geodesic distance
from the closest point from [1,1,1]T and [−1,−1,−1]T to the
mesh, and the 20 smallest eigenvalues of the Laplace-Beltrami op-
erator. We evaluate the L1 error of geodesic distance by querying

the closest point from each vertex on the ground truth mesh to the
extracted mesh, and then applying barycentric interpolation to get
the value on that closest point. We used the same code in the core
algorithm that computes the geodesic distance or the spectral de-
composition.

The Laplace-Beltrami operator is positive semidefinite only if
the triangulation is manifold and Delaunay [WMKG07]. Thus, to
avoid numerical instability for meshes that do not satisfy them, we
shift the eigenvalues with a small value σ = 10−3.

Also, many methods do not guarantee topological identity to the
ground truth; for example, Marching Cubes can easily create out-
liers that are not connected to other parts of the surface, leading the
geodesic distances of those parts to infinity. Thus, we extract the
triangles that are singly connected before we run the tasks.

2.2. Isosurfacing Methods (Figure 8)

We compared our method to Neural Dual Contouring (NDC)
[CZ21], Occupancy-Based Dual Contouring (ODC) [HS24], and
Marching Cubes (MC) [LC87] to measure the runtime vs. error. All
the runtimes include (1) the query time of the neural network, (2)
the time required for mesh extraction, (3) the time to run geodesic
computation or eigenmode analysis, and (4) the time to query the
solution on the ground truth vertex positions. We observed that the
runtime of (4) was mostly in milliseconds and was fairly negligible.

For NDC and ODC, we used the official code release by the
authors, while for MC, we used a GPU implementation on WARP

[Mac22]. For NDC we used NDCx, a version that gives higher re-
construction accuracy. We ran each of these isosurfacing methods
with a grid size of h = 0.01,0.02, ...,0.1, where the object fits in
a bounding box of [−1.5,1.5]3. We note that NDC timed out for
all the inputs with h = 0.01, and we simply omitted those samples
from the experiment.

For our method, we extracted the mesh with a target edge length
h = 0.01,0.014,0.025,0.035,0.05,0.07,0.1,0.14,0.2.

We also ran additional meshing after MC, using either intrin-
sic Delaunay refinement (iDR) [SSC19] or isotropic remeshing
[BK04]. For iDR we used the code provided by the authors in
GEOMETRY CENTRAL, while for isotropic remeshing, we used the
C++ binding implementation from GPYTOOLBOX.

In this experiment, we used NeuS [WLL∗21] using the imple-
mentation of SDFSTUDIO [YCA∗22] trained on the DTU dataset



[AJV∗16]. To get the ground truth, we extracted the mesh with
Marching Cubes [LC87] on a 3003 grid and then applied isotropic
remeshing [BK04] with h = 0.005.

2.2.1. Fast winding numbers

We also used the same setup to compute the isosurface of the gen-
eralized winding number (GWN) [BDS∗18], which we used their
implementation on LIBIGL to query the field.

All the abovementioned methods except NDC were runnable.
NDC only accepts signed distance functions, which makes our
measurement infeasible. Although NDC does provide a point cloud
version (UNDC), we found that UNDC causes out of memory on a
10K point cloud, while their -noisypc option that divides point
clouds into batches takes minutes to finish.

2.3. Mesh Compression Methods (Figure 10)

We compared the error vs. file size to Spectral Mesh Simplifica-
tion (SMS) [LLT∗20], a decimation algorithm that can preserve
the spectral property well, Neural Geometry Fields for Meshes
(NGF) [SLR24], a state-of-the-art mesh compression method, and
Micromeshes [MMT23], a mesh compression technique based on
displacement maps. For SMS, we measured the theoretical optimal
file size of a mesh given by (32× 3× |V |+ 3× |F| × log2 |V |)/8
bytes, where |V | is the number of vertices and |F| is the number
of faces. For NGF and Micromeshes, we measured the size of the
binary file they produce, while for our neural displacement field,
we measured the file size of our weights, feature vectors, and base
mesh saved in a torch script file.

For both of the baseline methods, we used the source code pro-
vided by the authors. For SMS, we set the number of eigenvalues
to preserve to 20 and changed the number of target vertices, and for
NGF and Micromeshes, we changed the number of vertices of the
base mesh.

For our method, we changed the target face number NΩ′ =
2000,2800,4000, ...,32000 with d proportional to the reciprocal of
NΩ′ , and plotted the smallest error found by changing h.

In this experiment, we randomly selected 10 models from
THINGI10K [ZJ16] that have a file size of over 1MB and the whole
mesh is singly connected. For all four methods, we treated the
mesh as a pure SDF and did not draw any information other than
the signed distance to the mesh. For NGF and Micromeshes, we
extracted the mesh with Marching Cubes [LC87] on a 4003 grid
and gave this mesh as an input. For SMS, we additionally applied
isotropic remeshing [BK04] with h = 0.005 to have the spectral
properties more accurate, and then gave this mesh as input.

2.4. 3D Plot (supplemental HTML file)

In order to perform a comparison with all of the mesh extraction
and mesh compresison methods, we plot all the three axes (data file
size, runtime on the client side, error) on a single 3D plot. In the
plot, we show that our method breaks the tradeoff between the two
classes of methods, and leads to a interesting new region of the plot.
Please open the HTML file for details.

In the plot, we used the same setup as Figure 8 where we com-
pared to mesh extraction methods on NeuS trained on the DTU
dataset. For additional data points for mesh compression methods,
we fed the mesh we treated as the ground truth (3003 grid March-
ing Cubes + isotropic remeshing) to SMS. Although mesh extrac-
tion methods do not require any additional data transfer, we plotted
them on the plane of file size 100KB for clarity, which is a file size
that any of the methods including ours did not achieve.

We note that NGF [SLR24] relies on the Tri to Quad by smart
triangle pairing filter in MESHLAB [CCC∗08], but we found out
that this procedure is not robust enough on high genus surfaces. We
observed that NGF fails to compress meshes on 43 out of 105 test
meshes. Thus, in order to keep a fair comparison, we omitted NGF
from this plot.

2.5. Comparison with Draco [Goo17] (Figure 19)

We compared our method’s error vs. file size to Draco [Goo17],
an industry standard mesh compression method. We carried out
the marching cubes mesh on a 4003 grid, varied its resolution by
running mesh simplification [GH97] with different target number
of faces (32K, 64K, 128K, 256K, 512K), and finally ran Draco
on each of them. We compared against two different edge encod-
ing schemes: Draco-EB which uses the edge encoding scheme in
Edgebreaker [Ros99], and Draco-MS which uses a sequential con-
nectivity encoding. For Draco-EB we used the default parameter
compression_level=7, while for Draco-MS we have set it
to compression_level=0 to enable the sequential encoding.
We note that Draco combined with mesh simplification is also the
baseline method for Pentapati et al. [PPB25].

In eigenvalue computation on Draco meshes, we observed that
after a certain file size, the error increases instead of decreasing.
This is because on smaller file sizes, mesh simplification con-
tributes to removing short edges caused by marching cubes, which
would improve the eigenanalysis.

2.6. Learning Scalar Fields (Figure 21)

In this experiment, we learned the 10 eigenfunctions u1, ...,u10 :
Ω 7→ R into a single MLP uξ. This MLP takes the 3D point and
the number of the eigenfunction k < 10, and outputs the (learned)
k-th eigenfunction at that point. The baseline is an MLP that takes
four dimensions (xyz and the latent code) as input and has 2 lay-
ers, 32 neurons, and 8 positional encoding layers. We compare this
baseline with a neural network that uses our intrinsic encoding with
feature vector dimensions d = 2,4,8.

We trained the MLPs using a loss

1
s

10

∑
k

s

∑
i=1

∥uξ(pi,k)−uk(pi)∥2
2, (2)

with s = 3276 samples, and iterated Adam [KB17] for 40,000
epochs with a learning rate 10−3.
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Figure 1: We show three ablations on (left) the feature vector dimension d, (center left) the number of neurons, (center right) number of
samples s, and (right) activation functions.
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Figure 2: Having a better approximate of the closest point to the
surface leads to higher accuracy.

3. Ablations and Measurements

3.1. Neural network settings

We show in Figure 1 the ablation studies on three parameters of
the neural network: the feature vector dimension d, the number of
neurons, the number of samples s, and activation functions. Given
the results, we concluded that d = 8 and ReLU activation functions
stabilize the training process the most, while the number of neurons
do not make a large difference in the outcome.

3.2. Cycle Consistency

Our method encourages cycle consistency only by a soft penalty,
and hence it cannot be strictly guaranteed. However, existing neu-
ral network structures that guarantee cycle consistency are not ex-
pressive and fast enough for our purpose. We report that the aver-
age LC(θ,φ) of the final epoch when trained on 34 models from
THINGI10K [ZJ16] was 4.8× 10−7, which was sufficiently small
enough for our purpose.

3.3. Projection Operators

In Section 4.2 in the main text, we discussed different projection
operators that approximates the closest point query. We observed
that the visual quality of the extracted mesh highly depends on the
accuracy of the closest point query (see Figure 2). In other words,
the closer the projection operator becomes to give the closest point,
the more accurate the final outcome.

Table 1: We report the training runtime on different representa-
tions.

Surface representation Runtime

Mesh treated as an SDF 18 minutes
NeuS 32 minutes
Oriented point cloud 7 hours 12 minutes

Table 2: We report the hyperparameters we used on different rep-
resentations.

Surface representation λC λP learning rate

Mesh treated as SDFs 102 104 1×10−3

Neural implicits / NeuS 102 104 1×10−3

Non-oriented point clouds 105 104 1×10−3

Oriented point clouds 104 104 1×10−3

NeRFs 104 104 1×10−3

3D Gaussian splats 105 104 1×10−3

3.4. Runtime

We report the runtime of our training in Table 1. As we used a rel-
atively low-budget desktop computer with NVIDIA GeForce RTX
3070 and only 8GB of RAM, this could potentially be sped up on a
stronger one.

3.5. Hyperparameters

The hyperparameters of our training are λC,λP and the learning
rate. We report the choice of our hyperparameters in Table 2.

4. Additional Losses

We provide additional losses that can be added to our vanilla loss
during our training.

4.1. Anchor Point Loss

To guide the training of the map in Figure 24 in the main text, we set
a pair of anchor points p = [p1, ...,pm] ∈ Ω

′ and q = [q1, ...,qm] ∈
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Ω such that gθ(pi) matches qi. This can be done by adding a loss

λA

m

∑
i=1

∥gθ(pi)−gθ(qi)∥2 (3)

which we set λA = 0.1λP.

4.2. Normal Alignment Loss

In order to improve the visual quality of the mapped surface, one
may encourage the normal direction nθ(gθ(xi)) on gθ(xi) ∈ Ωθ to
align with the normal direction nΩ(yΩ(xi)) on the projected point
yΩ(xi) = P(gθ(x),nθ(gθ(xi))) ∈ Ω by adding a loss

LN(θ) =
1
s

s

∑
i=1

∥nθ(gθ(xi))−nΩ(yΩ(xi))∥2 . (4)

4.3. Local Conformality Loss

In order to obtain a map f with cycle consistency, it must be free
of foldovers, i.e., points where the local Jacobian J f (x) is nega-
tive or indefinite [GKK∗21]. Also, the map f should not have large
anisotropic distortions if the user wants to use our map for, e.g.,
texture mapping. Thus, the user may wish it to be as conformal as
possible.

A typical approach to encourage foldover-free and conformal
maps [HG00, Gar00] is to use a barrier-like loss

s

∑
i=1

tr JT
i Ji

det Ji
, (5)

where Ji = J f (xi). However, our map is prone to having negative
Jacobians during the training, leading this loss to approach infinity.
Another tempting approach is to wrap detJi with a function that
always gives a positive value [GKK∗21], but this still caused in-
stabilities due to orders of magnitudes of larger losses for negative
Jacobians.

To solve these issues, we instead use a softer penalty loss

LF (θ) =
1
s

s

∑
i=1

χ

(
− det Ji

tr JT
i Ji

)
, (6)

where χ(t) = 1
10 log(1 +

exp(10t)) is the SoftPlus
function. The Ji that gives the
global minimum of Eq. 6 also
gives the global minimum for
Eq. 5; in the inset we show the

case where J =

[
1 0
0 j

]
.
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