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Abstract

The underlying dynamics and patterns of 3D surface meshes deforming over
time can be discovered by unsupervised learning, especially autoencoders, which
calculate low-dimensional embeddings of the surfaces. To study the deformation
patterns of unseen shapes by transfer learning, we want to train an autoencoder
that can analyze new surface meshes without training a new network. Here,
most state-of-the-art autoencoders cannot handle meshes of different connectivity
and therefore have limited to no generalization capacities to new meshes. Also,
reconstruction errors strongly increase in comparison to the errors for the training
shapes. To address this, we propose a novel spectral CoSMA (Convolutional Semi-
Regular Mesh Autoencoder) network. This patch-based approach is combined
with a surface-aware training. It reconstructs surfaces not presented during training
and generalizes the deformation behavior of the surfaces’ patches. The novel
approach reconstructs unseen meshes from different datasets in superior quality
compared to state-of-the-art autoencoders that have been trained on these shapes.
Our transfer learning errors on unseen shapes are 40% lower than those from
models learned directly on the data. Furthermore, baseline autoencoders detect
deformation patterns of unseen mesh sequences only for the whole shape. In
contrast, due to the employed regional patches and stable reconstruction quality,
we can localize where on the surfaces these deformation patterns manifest.

1 Introduction
We study the deformation of surfaces in 3D, which discretize human bodies, animals, or work pieces
from computer aided engineering. Using autoencoders as a method for unsupervised learning, we
analyze and detect patterns in the deformation behavior by calculating low-dimensional features.
Since surface deformation is locally described by the same physical rules, we want to study the
deformation patterns of unseen shapes by transfer learning. In our context, the broad term transfer
learning means that an autoencoder should be able to analyze new surface meshes without being
trained again.

While two-dimensional surfaces embedded in R3 are locally homeomorphic to the two-dimensional
space, they are of non-Euclidean nature. Their representation by surface meshes lacks the regularity
of pixels describing images, which is so convenient for 2D CNNs [1]. This is why existing methods
for unsupervised learning for irregularly meshed surface meshes depend on the mesh connectivity
when defining pooling or convolutional operators. For this reason, a trained mesh autoencoder cannot
be applied to a surface that is represented by a different mesh, although the local deformation behavior
might be similar.

S. Hahner, F. Kerkhoff, and J. Garcke, Transfer Learning using Spectral Convolutional Autoencoders on Semi-
Regular Surface Meshes. Proceedings of the First Learning on Graphs Conference (LoG 2022), PMLR 198,
Virtual Event, December 9–12, 2022.



Transfer Learning using Spectral Convolutional Autoencoders on Semi-Regular Surface Meshes

) )

Irregular surface mesh Low resolution base mesh Semi-regular mesh with rl = 4

Figure 1: Remeshing of the horse template mesh. In the semi-regular mesh, the boundaries of the
regularly meshed patches are highlighted in gray.

In [2] we introduced a mesh autoencoder for semi-regular meshes of different sizes. The semi-regular
surface representations enforce some local mesh regularity and are made up of regularly meshed
patches as illustrated in Figure 1, which allows the application of a patch-wise approach. However,
the reconstruction quality decreases by a factor of 4 when applying this mesh autoencoder to new
meshes and shapes that have not been used during training. This limits the method’s application for
unseen shapes.

Additionally, baseline mesh autoencoders for deforming shapes do not provide an understanding or
explanation about which surface areas lead to the patterns in the embedding space. The embeddings
represent the entire shape. Nevertheless, when identifying and analyzing deformation patterns, it is
of particular relevance where on the surfaces these patterns manifest.

Our current work remedies these gaps by adopting the patch-based framework for semi-regular meshes
and choosing a spectral graph convolutional filter [3] projecting vertex features to the Laplacian
eigenvector basis in combination with a surface-aware training. Since the spectral filters consider the
entire patch, the network generalizes better in comparison to a spatial approach, whose filters consider
smaller n-ring neighborhoods. This improves the quality and smoothness of the reconstruction results
when being applied to unknown meshes and the errors are 40% lower than errors from models learned
directly on the data. Although spectral graph neural network methods require fixed mesh connectivity,
the patch-based and therefore mesh-independent approach is not limited by this constraint. This
is because the filters are applied to the regular substructures of semi-regular mesh representations
of the surfaces as in [2]. Furthermore, our patch-based approach allows us to correlate patch-wise
embeddings with the embedding of the entire shape (Figure 2). This way we localize and understand
where on the surfaces the deformation patterns manifest, these are visible in the low-dimensional
representation.

The research objectives can be summarized as a) the definition of a spectral convolutional autoencoder
for semi-regular meshes (spectral CoSMA) and a surface-aware training loss, by this means b)
improving the transfer learning, generalization capability and runtime of baseline mesh autoencoders,
and c) localizing the deformation patterns visible in the low-dimensional embedding on the surfaces.1

Further on in section 2, we discuss work related to learning features from meshed geometry. Addition-
ally, we present relevant characteristics of surface meshes for CNNs and the semi-regular remeshing,
In section 3 we present the definition of our spectral CoSMA and the surface-aware loss calculation.
Results for different datasets containing meshes with different connectivity are presented in section 4.

2 Related Work: Handling Surface Meshes by Neural Networks

Surfaces are generally represented either in form of point clouds or by a surface mesh, which is
defined by faces connecting vertices to each other. We consider the representation via meshes because
their faces describe the underlying surface [4, 5].

1Source code and used data available at: https://github.com/Fraunhofer-SCAI/spectral_CoSMA
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Figure 2: (a) 2D Embedding of the low-dimensional representation of the whole elephant over time.
(b) Highlighting the distance of the patch-wise embeddings to the embedding of the whole shape.
(c) Patch-wise score for the TRUCK's front beam from Figure 5 att = 24. Only the patch with the
high score manifests the deformation in two patterns. This is visible in the example patches with high
and low scores. The embedding's colors encode timestep and branch.

2.1 Convolutional Networks for Surfaces

Surface meshes can be viewed as graphs, and hence graph-based convolutional methods are often
applied to meshes. Generally, convolutional networks for graphs can be separated into spectral and
spatial ones, of which [1, 6, 7] give an overview. Spatial convolutional methods for graphs aggregate
features based on a node's spatial relations, which allows generalization across different mesh
connectivities [7, 8]. Spectral approaches, on the other hand, interpret information on the vertices as
a signal propagating along the vertices. They exploit the connection of the graph Laplacian and the
Fourier basis and vertex features are projected to the Laplacian eigenvector basis, where �lters are
applied [9]. Instead of explicitly computing Laplacian eigenvectors, the authors of [3] use truncated
Chebyshev polynomials, while in [10] only �rst-order Chebyshev polynomials are used. These
spectral methods require �xed connectivity of the graph. If not, the adjacency matrix and consequently
the Laplacian eigenvector basis change. Furthermore, there are network architectures only for surface
meshes, e.g. DiffusionNet [11] and HodgeNet [12], which are applied for classi�cation, mesh
segmentation, and shape correspondence. Nevertheless, these architectures cannot be implemented
directly into autoencoders, because of missing mesh pooling operators.

2.2 Neural Networks for Semi-Regular Surface Meshes

Semi-regular triangular surface meshes, also known as meshes with subdivision connectivity, come
with a regular local structure and a hierarchical multi-resolution structure. In section 2.4, we provide
a more detailed de�nition. The Spatial CoSMA [2] and SubdivNet [13] take advantage of the local
regularity of the patches by de�ning ef�cient mesh-independent pooling operators and using 2D
convolution. By inputting the patches separately into the network, we de�ne in [2] an autoencoder
pipeline that is independent of the mesh size. [13] apply self-parametrization using the MAPS
algorithm [14] to remesh watertight manifold meshes without boundaries. On the other hand, we
apply in [2] a remeshing algorithm that works for meshes with boundaries and coarser base meshes.

2.3 Mesh Convolutional Autoencoders

Some of the �rst convolutional mesh autoencoders have been introduced in [15] and [16] (CoMA).
The authors of CoMA introduced mesh downsampling and mesh upsampling layers for pooling
and unpooling, which are combined with spectral convolutional �lters using truncated Chebyshev
polynomials as in [3]. The Neural3DMM network presented in [4] improves those results using
spiral convolutional layers. By manually choosing latent vertices for the embedding space, [17]
de�ne an autoencoder that allows interpolating in the latent space. All the above-mentioned mesh
convolutional autoencoders work only for meshes of the same size and connectivity because the
pooling and/or convolutional layers depend on the adjacency matrix. We showed in [2] that the latter
methods are not able to learn data with greater global variations in comparison to our patch-based
approach, which generalizes and reconstructs the deformed meshes to superior quality. Additionally,
our architecture can be applied to unseen meshes of different sizes. The MeshCNN architecture [5]
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can be implemented as an encoder and decoder. Nevertheless, the pooling is feature dependent and
therefore the embeddings can be of different signi�cance. [18] and [19] achieve particularly good
results in shape reconstruction and completion by representing shapes using signed distance functions
and other implicit representations. As these approaches are representing whole shapes using a single
�xed-length vector, their generalization and scalability are often limited, which is why our work is
mainly focused on mesh-based methods.

2.4 De�nition of Semi-Regular Meshes

The irregularity of surface meshes gives rise to dif�culties when handling them with a neural network.
Whereas CNNs in 2D [20, 21] apply the same local �lters to local neighborhoods of selected pixels
of the image and shift them horizontally and vertically, this is not applicable to surface meshes [22].
In comparison to 2D images, surface meshes lack global regularities, because they are not de�ned
along a global grid, and local neighborhoods can have any size and arrangement as long as they are
locally Euclidean.

One cannot enforce a regular mesh discretization for every surface inR3, which would lead to
an underlying global grid [23]. This is why [2, 24] proposed to enforce a similar structure in
the local neighborhoods by choosing a semi-regular representation of the surface. In this way,
an ef�cient application of convolution on surface meshes becomes possible. Note that remeshing
the polygonal mesh only changes the representation of the objects, allowing just small, bounded
distortions. The considered surface embedded inR3 is the same, but now represented by a different
discrete approximation.

Following the de�nition in [25], we call a surface mesh semi-regular if we can convert it to a low-
resolution mesh by iteratively merging four triangular faces into one. Consequently, all vertices of
the semi-regular mesh except for the ones remaining in the low-resolution mesh are regular (i.e. have
six neighbors). Vice versa, the regular subdivision of a possibly irregular low-resolution mesh yields
a semi-regular mesh. Such a regular subdivision can be achieved by inserting a vertex on each edge
and splitting each original triangle face into 4 sub-triangles. [13, 26] refer to this property as Loop
subdivision connectivity of the semi-regular mesh. The subdivision connectivity makes semi-regular
meshes particularly useful for multiresolution analysis and directly implies a suitable local pooling
operator on semi-regular meshes (see section 3.2).

2.5 Semi-Regular Remeshing

There are different remeshing algorithms, for example, Neural Subdivision [24] or MAPS [14].
Nevertheless, we cannot apply these, because they only work for closed surfaces without boundaries
and fail for base meshes as coarse as ours. Therefore, we apply the remeshing from [2]. The algorithm
iteratively subdivides a coarse approximation of the original irregular mesh (see Figure 1). The
resulting semi-regular mesh is �tted to the original mesh using gradient descent on a loss function
based on the chamfer distance. The re�nement levelrl states the number of times each face of the
coarse base mesh is iteratively subdivided. The number of faces in the �nal semi-regular mesh is
nsemireg

F = 4 rl � nc
F , with nc

F being the number of faces describing the coarse base mesh. We choose
the re�nement levelrl = 4 , which leads to �ner meshes compared to [2], where we usedrl = 3 .

After the remeshing, all vertices that are newly created during the subdivision have six neighbors.
Therefore, the resulting mesh is semi-regular or has subdivision connectivity.

3 Spectral CoSMA

The network handles the regional patches separately, which allows us to handle meshes of different
sizes, as in [2]. We describe how the graph convolution is combined with the padding and the
pooling of the patches. The building blocks are set together to de�ne the spectral CoSMA (Spectral
Convolutional Semi-Regular Mesh Autoencoder). Also, we introduce our surface-aware training loss
to consider the patch-wise reconstructions as part of the entire mesh.

3.1 Spectral Chebyshev Convolutional Filters

We apply fast Chebyshev �lters [3], as in [16], with the distinction that we are using them to perform
spectral convolutions on the regional patches instead of the entire mesh. The approach in [3] performs
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Figure 3: Resolution of the regularly meshed patches inside the spectral CoSMA. The encoder pools
the patches twice by undoing subdivision. In the decoder, the unpooling increases the resolution
again by subdivision. The orange vertices are the vertices from the irregular base mesh. Red and
purple vertices have been created during the 1st and 2nd re�nement steps.

spectral decomposition using spectral �lters and applies convolutions directly in the frequency space.
The spectral �lters are approximated by truncated Chebyshev polynomials, which avoids explicitly
computing the Laplacian eigenvectors and, by this means, reduces the computational complexity.

We justify this different convolution on the patches, compared to [2], by the intuition that spectral
�lters encode information of a whole patch and the general characteristics of its deformations, whereas
in comparison spatial convolution considers just the local neighborhood around a vertex. Additionally,
this spectral approach uses only the �rst few Chebyshev polynomials of the lowest degree, that
resemble the lowest frequencies [27]. This is convenient when reconstructing surfaces, especially
densely meshed ones, which tend to be relatively smooth in the local neighborhoods and have few
features of high frequency.

The decomposition using spectral �lters is dependent on the adjacency matrix, which restricts
the transfer learning of learned spectral graph convolution to meshes of the same connectivity.
Nevertheless, the adjacency matrix of the patches of our semi-regular meshes is always the same for
one re�nement level. This allows us to train the �lters for all patches together and to apply them to
unseen meshes.

3.2 Pooling and Padding of the Regular Patches

We apply the patch-wise average pooling and unpooling from [2] that takes advantage of the multi-
scale structure of the semi-regular meshes. The subdivision connectivity guarantees that every 4
faces can be uniformly pooled to 1. The remaining vertices take the average of their own value
and the values of the neighboring vertices that are removed. The unpooling operator subdivides the
faces and the newly created vertices are assigned the average value of neighboring vertices from the
lower-resolution mesh patch, see Figure 3. A similar pooling and unpooling operator is also applied
by [13], where the information is saved on the faces.

The padding is crucial for the network to consider the regional patches in a larger context. Since
the network handles the patches separately, we consider the features of the neighboring patches in a
padding of size 2 as in [2]. If the vertices are boundary vertices, we decide to pad the patch with the
boundary vertices' features.

3.3 Network Architecture

While using specialized pooling and convolution techniques for the regular patches, the general
structure of our network architecture is inspired by [2, 16]. Our autoencoder architecture combines
spectral Chebyshev convolutional �lters with the described pooling technique to process the padded
regular patches of a semi-regular mesh. The autoencoder compresses every padded patch, which
corresponds to one face of the low-resolution mesh, fromR276� 3 (rl = 4 ) to anhr = 10 dimensional
latent vector and reconstructs the original padded patch from the latent vector.

The encoder consists of two blocks containing a Chebyshev convolutional layer followed by an
average pooling layer and an exponential linear unit (ELU) as an activation function [28]. The output
of the second encoding block is mapped to the latent space by a fully connected layer.

The decoder mirrors the structure of the encoder by �rst applying a fully connected layer, which
transforms the latent space vector back to a regular triangle representation with re�nement level
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Table 1: Structure of the autoencoder for re�nement levelrl = 4 , number of Chebyshev polynomials
K = 6 and hidden representation of sizehr = 10. The bullets� reference the corresponding batch
size. The data's last dimension is the number of vertices considered for each padded patch.

Encoder Layer Output Shape Param. Decoder Layer Output Shape Param.

Input ( � ; 3; 267) 0 Fully Connected ( � ; 25; 15) 5280
ChebConv ( � ; 24; 267) 304 Unpooling ( � ; 25; 78) 0
Pooling ( � ; 24; 78) 0 ChebConv ( � ; 25; 78) 6176
ChebConv ( � ; 25; 78) 3104 Unpooling ( � ; 25; 267) 0
Pooling ( � ; 25; 15) 0 ChebConv ( � ; 24; 267) 3088
Fully Connected ( � ; 10) 4810 ChebConv ( � ; 3; 267) 291

rl = 2 . Afterward, two decoding blocks consisting of an unpooling layer followed by a convolutional
layer transform the coarse triangle representation back to the original padded patch representation.
Finally, another Chebyshev convolutional layer is applied without activation function to reconstruct
the original patch coordinates by reducing the number of features to three dimensions.

All Chebyshev convolutional layers useK = 6 Chebyshev polynomials. Table 1 gives a detailed
view of the structure of the network together with the parameter numbers per layer, which sum up to
23,053. Figure 3 illustrates the patch sizes inside the autoencoder. Note that we are able to handle
non-manifold edges of the coarse base mesh because the patches, whose interiors by construction
have only manifold-edges, are fed separately.

This spectral CoSMA architecture can handle all surface meshes that have been remeshed into a
semi-regular mesh representation of the same re�nement level. By handling the regional padded
patches separately, this work�ow is independent of the original irregular mesh connectivity thanks to
the remeshing and patch-wise handling.

3.4 Surface-Aware Loss Calculation

Note, in [2] we employed for the patch-based spatial CoSMA a patch-wise mean squared error as the
training loss. But, that loss calculation is not keeping track of multiple appearances of the vertices in
the patch boundaries, whose errors are weighted higher than in the interior of the patches. Therefore,
it is not surface-aware and not considering the patches as part of the entire mesh but separately.
By weighting the vertex-wise error in the training loss with one divided by the vertices' number of
appearances in the different patches, we employ a surface-aware error for training, whose de�nition
is provided in section A.2. This reduces the P2S error by avoiding artifacts and errors due to the
overemphasis of the patch boundaries, as visible in the ablation study and Figure 8. Note that only
due to the improved reconstruction quality of the spectral approach one notices these artifacts.

4 Experiments

We test our spectral CoSMA for semi-regular meshes using an experiment setup similar to [2] on four
different datasets and compare our reconstruction errors to state-of-the-art surface mesh autoencoders.

4.1 Datasets

GALLOP: The dataset contains triangular meshes representing a motion sequence with 48 timesteps
from a galloping horse, elephant, and camel [29]. The galloping movement is similar but the meshes
representing the surfaces of the three animals are different in connectivity and the number of vertices.
This is why the baseline autoencoders have to be trained three times. The surface approximations
are remeshed to semi-regular meshes with re�nement levelrl = 4 for each animal. The new meshes
are still of different connectivity, but all are made up of regional regular patches. Table 9 lists the
resulting numbers of vertices. We normalize the semi-regular meshes to[� 1; 1] as in [2]. Before
inputting the data to the CoSMAs, every patch is translated to zero mean. We use the �rst 70% of the
galloping sequence of the horse and camel for training. The architecture is tested on the remaining
30% and the whole sequence of the elephant, which is never seen during the training for the CoSMAs.
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Table 2: Point to surface (P2S) errors (� 10� 2) between reconstructed unseen semi-regular meshes
(rl = 4 ) and original irregular mesh and their standard deviations for three different training runs.
[4, 13, 16] have to be trained per mesh; we and [2] train one network for all three animals in the
GALLOP dataset.� : the elephant has not been seen by the network during training.

Mesh
Class CoMA [16] Neural3DMM

[4]
SubdivNet

[13]
Spatial

CoSMA [2] Ours

FAUST 0.7073 + 1.751 0.4064 + 0.921 2.8190 + 4.699 0.0224 + 0.0450.0031+ 0.006

Horse 0.0053 + 0.017 0.0096 + 0.045 0.0113 + 0.025 0.0078 + 0.0120.0022+ 0.005
Camel 0.0075 + 0.023 0.0145 + 0.056 0.0113 + 0.024 0.0091 + 0.0140.0030+ 0.006
Elephant 0.0101 + 0.031 0.0147 + 0.057 0.0145 + 0.032 0.0316 + 0.068� 0.0054+ 0.012�

Table 3: P2S errors (� 10� 2) for three different training runs. Additionally, the Euclidean P2S error
(in cm) is given.� : the entire YARIS dataset has not been seen by the network during training.

Dataset Component Lengths Spatial CoSMA [2] Ours

Test P2S Eucl. E. Test P2S Eucl. E.

TRUCK 135–370 cm 0.0660 + 0.117 2.76 cm 0.0013 + 0.003 0.26 cm
YARIS� 21–91 cm 0.2061 + 0.438 0.84 cm 0.0375 + 0.088 0.31 cm

FAUST: The dataset contains 100 meshes [30], which are in correspondence to each other. The
irregular surface meshes represent 10 different bodies in 10 different poses. For the experiments,
we consider two unknown poses of all bodies (20% of the data) in the testing set. The meshes are
remeshed and normalized in the same way as for the GALLOP dataset.

TRUCK and YARIS: In a car crash simulation the car components, which are generally represented
by surface meshes, often deform in different patterns. Every component is discretized by a surface
mesh, while the local deformation is described by the same physical rules. Following [2], the
TRUCK dataset contains 32 completed frontal crash simulations and 6 components, the YARIS
dataset contains 10 simulations and 10 components [31]. 30 simulations and 70% of the timesteps of
the TRUCK dataset are included in the training set. The remaining samples from the TRUCK dataset
and the entire YARIS dataset, representing a different car, are considered for testing. For this setup,
the authors of [2, 32] detect patterns in the deformation of the TRUCK and YARIS components. We
normalize the meshes that discretize car components to zero mean and range[� 1; 1] relative to the
coordinates' ratio. Every patch is translated to zero mean.

4.2 Training Details

We train the network (implemented in Pytorch [33] and Pytorch Geometric [34]) with the adaptive
learning rate optimization algorithm [35]. For the GALLOP and the FAUST dataset, we use a learning
rate of 0.0001 and train for 150 epochs using a batch size of 100. For the TRUCK data, we choose a
batch size of 100 combined with a learning rate of 0.001 for 300 epochs, since the variation inside
the dataset is higher. We minimize the surface-aware loss between the original and reconstructed
regional patches of the surface mesh without considering the padding. To augment the data in the
case of the GALLOP and the FAUST dataset, we rotate the regional patches by 0� , 120� , and 240� .

Our architecture requires at least 50% fewer parameters than the CoMA, Neural3DMM, and
SubdivNetnetworks, because for increasingrl and consequently �ner meshes, the CoSMAs re-
quire only a few parameters more in the linear layers (compare Tables 9 and 10 in the supplementary
material). This is because the patches and convolutional �lters share the parameters. The spectral
CoSMA approach requires 15% fewer parameters than the spatial CoSMA approach. The runtime
analysis and ablation study justifying parameter choices are provided in section A.1.

4.3 Reconstructions of the Meshes

The mean squared error between true and reconstructed vertices of the semi-regular mesh allows
a comparison of different methods only if the same remeshing result is used. In difference to [2],
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