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Efficient Pooling Operator for 3D Morphable Models
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Abstract—Learning the latent representation of three-
dimensional (3D) morphable geometry is useful for several tasks,
such as 3D face tracking, human motion analysis, and character
generation and animation. For unstructured surface meshes,
previous state-of-the-art methods focus on designing convolution
operators and share the same pooling and unpooling operations
to encode neighborhood information. Previous models use a mesh
pooling operation based on edge contraction, which is based on the
euclidean distance of vertices rather than the actual topology. In
this study, we investigated whether such a pooling operation can be
improved, introducing an improved pooling layer that combines
the vertex normals and adjacent faces area. Furthermore, to
prevent template overfitting, we increased the receptive field and
improved low-resolution projection in the unpooling stage. This
increase did not affect processing efficiency because the operation
was implemented once on the mesh. We performed experiments
to evaluate the proposed method, whose results indicated that
the proposed operations outperformed Neural3DMM with 14%
lower reconstruction errors and outperformed CoMA by 15% by
modifying the pooling and unpooling matrices.

Index Terms—Latent representation, mesh reconstruction,
morphable model.

1. INTRODUCTION

EVERAL important real-world datasets are presented in
S the form of graphs: social networks, knowledge graphs,
protein-interaction networks, and others [1]; however, progress
in representation learning of geometric data has been limited.
Learning the latent representation of mesh data is useful for
several tasks, such as 3D face tracking, human motion analysis,
and character generation and animation. Previous methods used
principal component analysis (PCA) [2], [3], [4], [5] or manually
defined blendshapes [6], [7], [8] to construct the linear latent
representation for a 3D human face. Similarly, Blanz and Vetter
[9] proposed a method learned from a set of face images with
associated 3D face scans and represented by selected basic
shapes and textures. Owing to the linear base, the aforemen-
tioned representation power can be limited.
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Convolution neural networks (CNNs) are successfully used
to capture statistical features in large-scale datasets. However,
conventional convolution and pooling operations require regular
input data to perform weight share and kernel optimizations [10].
Owing to irregular sampling and connections in the mesh, CNNs
cannot be directly applied to meshes as in the case of regular
two-dimensional (2D) grid data. Taigman et al. [11] proposed
a locally connected convolution (LCConv) that defines the con-
volution weights for each vertex; however, this method requires
considerable memory and is prone to overfitting. Furthermore, in
the case of irregular data format, the transformed point features
are fed into a convolutional operator through a multilayer percep-
tron (MLP), which generates a potentially canonical order [12].
To reduce the parameter count, Zhou et al. [13] proposed a
fully convolutional mesh autoencoder. Weights on vertices are
sampled based on the weights obtained using different functions;
however, this process increases parameter count by 7-20 times
compared with other processes.

Common compromise methods [14], [15], [16], [17] that
bijectively map a mesh in R3 to R? or some regular surface
(uv space, spheres, and torus) enable the model to apply CNNs
to train on mesh geometry. However, they suffer from distortion
and are adversely affected by artifacts along seam lines in UV
mapping. Thus, Ji et al. [18] convolve a 3D kernel to the cube
formed by stacking multiple frames together. However, volu-
metric convolutions [19] are memory-intensive and restricted to
low-resolution volumes.

As a more elegant approach, Ranjan et al. [20] proposed
CoMA that follows the work [21] using fast Chebyshev fil-
ters as convolution layers and applies quadric mesh sampling
to preserve the topological structure at different hierarchical
multiscale levels. Feature aggregation adopts edge contraction
for downsampling and barycentric coordinates for upsampling.
Bouritsas et al. [22] proposed Neural3DMM that replaces the
spectral convolution layers with spiral operators [23]. The
spiral path around each vertex is determined by the geom-
etry of the template mesh. It outperforms CoMA and other
preceeding methods. One of the reasons for their success is
the multiscale hierarchical structure that allows the model to
learn translation-invariant localized features of a mesh. Both
models results are promising on surface meshes, but share the
same pooling/unpooling operations in the multiscale hierar-
chical structure. The pooling operation selects a valid edge
for contraction based on euclidean distance rather than actual
mesh topology; moreover, it neglects area information by as-
suming that every triangle face contributes equally. As lossless
unpooling is not feasible, it maps discarded vertices into the
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closest triangle of the coarse mesh, thus leading to template
overfitting.

To address this issue, we introduce a mesh autoencoder with
area and vertex normal aware pooling operations. In contrast
to the previous pooling operations [20], [22] that use uniform
weights over the entire surface, our method combines the normal
attribute and the area of vertex-adjacent faces with each vertex.
In the unpooling stage, we train the unpooling matrix in different
meshes that share the same pooling operation. The proposed un-
pooling operation is only applicable to low-resolution projection
to maintain computational efficiency. Thus, we efficiently ag-
gregate the global and local features in a multiscale hierarchical
structure.

In subsequent experiments, we demonstrate that the proposed
mesh autoencoder outperforms the state-of-the-art (SOTA)
methods in several datasets. The proposed model can compress
and reconstruct meshes with minimal error, does not require
additional supervision or preprocessed shape descriptors, and
adequately maintains the mesh shape and details. Moreover, it
does not affect processing efficiency because the operation is
performed once. To the best of our knowledge, the proposed
method provides a better multiscale hierarchical structure to
capture global features and outperforms competitive baseline
models by a significant margin in all tasks evaluated.

II. RELATED WORK

A series of efforts have been made to train deep neural
generative models to learn latent geometric representations from
registered meshes. The proposed model draws inspiration from
mesh generative models and recent studies on graph convolution
networks. We provide a brief overview of the related work in both
fields.

A. Deep Learning Efforts on Meshes

CNNs cannot be directly applied to meshes due to irregular
sampling and connections. Previous studies have focused on
learning the latent representation of the 3D human face using
linear transformation [2], [3], [4], [5], [6], [7], [8]. Tretschk
et al. [24] added an embedded deformation layer to the mesh
autoencoder to generalize and apply deep learning methods to
a non-euclidean domain (graph and manifolds). Later meth-
ods [14], [15], [16], [17] map a mesh to R? or regular surfaces
(uv space, spheres, and torus) using bijective mapping, and apply
CNN s to train on mesh geometry. However, there is no bijective
map to tell whether two topological spaces are homeomorphic,
which may destabilize a generative model while modeling sur-
face structures. Moreover, parameterized methods also suffer
from distortion and discontinuity along seam lines.

Current studies [18], [25] directly apply the convolution op-
erator by simply convolving a 3D kernel to the cube formed by
stacking multiple frames together or several convolution layers
at the autoencoder. The SOTA method [20] uses fast Cheby-
shev filters as convolution layers and quadric mesh sampling
to preserve the topological structure at different hierarchical
multiscale levels; however, it selects the valid edge (vy,vs)
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for contraction based on euclidean distance instead of actual
mesh topology, leading to nonuniformity of the receptive field in
regard to network neurons, and latent feature discontinuity. For
the Body [26] and Hand [27], to project a new shape to the model
space, non-linear skinned vertex-based models (SMPL [28]
and MANO [29]) require joint localization and solving special
optimization problems. Zhou et al. [13] apply trainable density
parameters to each vertex for feature aggregation in pooling and
unpooling layers, however; this process increases the number of
parameters by 7-20 compared with other processes.

As described in Section III, the proposed method does not
require additional supervision and adequately maintains mesh
shape and details; it exhibits better representation power and
enables the model to efficiently aggregate neighbor information.

B. Geometry Learning

QSLIM algorithm [30] uses iterative contractions of edges
to simplify models and maintains surface shape using quadric
matrices. An improved approach [31], [32] is to combine the
quadric error metric with appearance attributes, such as texture
and color. Yao et al. [33] add the cost of curvature to the quadric
error metrics, but their approach is computationally inefficient.
We show that by combing vertex normal attributes, our method
encodes curvature implicitly (Appendix A, available online).
While the QSLIM algorithm is crucial for mesh simplification, it
is only half of the two main components that comprise the mesh
autoencoder model. The other half consists of the unpooling
layers. The closest solution to mesh unpooling is the subdivision
technique. Subdivision surfaces [34], [35], [36] are defined by
recursive upsampling of a discrete surface mesh. Each input
mesh is divided by splitting edges and adding vertices. The
positions of vertices are smoothed by taking a weighted average
of their neighbors’ positions. Rather than maintain the mesh
topology, subdivision typically results in smoothed surfaces.
This topic includes a wide variety of subdivision schemes that
would be outside the scope of this paper to thoroughly cover.

Ranjan et al. [20] deform a template with a transformation ma-
trix that encodes the mesh’s topological information. Discarded
vertices are projected into the downsampled mesh surface using
barycentric coordinates. The closest-point approach decreases
accuracy of mesh reconstruction and damages structure (Fig. 4).
Using a concept similar to CoOMA, Bouritsas et al. [22] (Neural
3DMM) formulates an ordering-based graph convolutional op-
erator, contrary to the permutation invariant operator Chebyshev
GNN used in the CoMA model. However, while Neural3DMM
improves the graph convolutional operator, it uses the same
pooling/unpooling layers of CoOMA. Hanocka et al. [37] propose
MeshCNN which combines convolution and pooling layers
that operate on the mesh edges. MeshCNN directly learns the
local structure via undirected edges and shows applications in
deterministic tasks. In contrast, we focus on generative tasks.

C. Graph Convolution Networks

Spectral and spatial approaches are two main strategies to
design filters in a graph. A spectral filter performs a weighted
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averaging of neighboring vertices using the Laplacian opera-
tor [38], formulating convolution-like operations to match with
local patches on graphs or manifolds. However, evaluating spec-
tral convolutions is computationally expensive. Hammond et al.
[39] suggest an approximation using a filter based on a truncated
expansion of Chebyshev polynomials up to K" order. Inspired
by Weisfeiler-Lehman (WL) isomorphism test [40], Hamilton
et al. [41] extend the graph convolutional network (GCN) to the
inductive setting. It iteratively concatenates the current repre-
sentation of a node with aggregated neighborhood features to
obtain additional information from further reaches of the graph.
Monti et al. [42] proposed a spatial-domain method with regard
to graphs and manifolds that could generalize several previous
models [20], [21], [43], [44], [45], [46]. These methods consider
pair vertex features to compute attention weights with different
types of kernels or learnable functions. Some methods [25],
[47] use these graph convolution layers in their models. [23]
proposed a spiral convolution for a mesh autoencoder; the spiral
sequences for each vertex are determined from neighboring
vertices following a fixed order.

Graph convolution operators used in the networks described
above do not support transpose convolution. Therefore, tasks
that require multiscale architectures with pooling and unpool-
ing layers need to apply additional layers (e.g., Verma et al.
[48] use Graclus algorithm [49] which is efficient at clustering
various graphs). The coarse weight is the sum of two matched
nodes, and the coarse graph has approximately half the nodes.
Consequently, quadric error minimization [30] is implemented
in such models [20], [22], [50].

III. METHOD

In this section, we introduce the proposed pooling and un-
pooling operations. The pooling layers in current autoencoder
models [20], [22], [50] suffer from non-uniform vertices. In con-
trast, our autoencoder model leverages the benefits of attributes-
weighted QSLIM [31], [32] to include more geometric infor-
mation. The previous unpooling matrix is developed using the
closest triangle barycentric coordinates of the coarse template,
which cause template overfitting. To avoid overfitting, we down-
sample the randomly selected meshes and train a fully connected
layer based on corresponding meshes. Finally, we construct a
hierarchical multiscale mesh autoencoder using the proposed
methods.

We define a mesh by a set of vertices and faces, M =
(V, &, F), with vertex v € V having a geometric position in the
euclidean space, V' € R? and edges (v;,v;) € €. Each triangle
face f € F is denoted by three vertices (vy, v2, v3).

A. Mesh Sampling

Current SOTA models downsample meshes based on the
QSLIM scheme, each vertex v is assigned with the symmetric
4 x 4 quadric matrix Q (v):

Q'(v) =) Qy(v) (1)

fev
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Fig. 1. Vertex and face normals.

where vT ng is equal to the geometry distance of a point v =
[Ux, Uy, vy, 1]T to the plane containing the face f. It iteratively
contracts vertex pairs (v, v2) — v that minimizing Q* (v) +
Qv2(v). First, we modify the QEM function, as expressed in
Eq. (2); each vertex v of the mesh is assigned with the sum of
quadrics weighted by its adjacent faces area respectively.

Q°(v) =) area(f)Q}(v) ©)

fev

A vertex normal is a directional vector associated with a ver-
tex [51] (see Fig. 1). It also consists of the curvature information
of the shape (Appendix A, available in the online supplemental
material). The contribution of faces normal to a vertex normal
is the ratio of the corner angle in which the vertex is related to
the sum of all corner angles surrounding the vertex. Thus, the

p
un

error defines the distance from v = € RS to the affine

subspace spanned by face (vy,vq,v3). where ||p — p'||? is the
geometric distance error and |[vn — vn/||? is the normal vector
error. This metric may underestimate the error when two points
have a closer normal value but are geometrically distanced from
each other. The weight A,,,, is used to scale the normal deviation.
The total error metric is defined as the sum

v ( ) <p>> = > area(HR)W) + 1 Qi) B

fev

where Qg(v) is the same as obtained using the QEM meth-
ods but weighted by the adjacent faces area, and Q/, (v) =
(gL..p + dyn — vn)? is the squared normal deviation. gy, dyp)
are computed using Eq. (4)

pi 1 ‘ vng

pion| [ _ | @
p3T 1 d. vnsg

n’ 0 ! 0

where (g;,d;) are the gradients of the scalar function of the tri-
angle face and scalar respectively. The pooling operator methods
used in the current SOTA models do not effectively downsample
the mesh, due to their inherent limitations. Fig. 2 shows a
comparative analysis, in which the sample rate is four in each
layer. As shown in Fig. 2b, after downsampling three times using
QEM, the neck and jaw parts of the mesh disappear. We set
Ayn, = 0.005 in our experiment, as shown in Fig. 2a; our graph
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(b) Quadric mesh sampling

Fig. 2. Network architecture and comparison for mesh sampling.
E=>
Fig. 3. Closest point projection.

sampling scheme maintains the head shape and detail in the
multiscale hierarchy structure.

B. Unpooling Layer

The unpooling layer provides an approximate location of dis-
carded vertices in a fine mesh, it initializes the value for training
to be conducted later. Hence, a bad initial guess will undermine
the reconstruction accuracy. Crude methods [20], [22], [50]
generate an unpooling matrix during the downsampling process.
Vertices in the fine mesh mapped to the closest triangle in the
coarsened mesh are denoted by barycentric coordinates. The
vertices in fine mesh Vy = M, V. are obtained by multiplying
using unpooling matrix M, with coarse mesh V.. From this
perspective, the transform matrix is the zero-bias FC layer to
connect fine and coarse meshes.

The model overfits the template because this operation is only
applicable to the template mesh. More importantly, for curved
surfaces embedded in 3D, the use of the closest point projection
will lead to failure cases. As shown in Fig. 3, the dotted and solid
lines represent the fine and coarse meshes, respectively. For the

Closest point

heat source

N

Fig. 4. Heat source is placed inside the wine glass. The closest projection
caused the error, where the heat does not diffuse along the surface.

red point in the fine mesh, its closest point in the coarsened mesh
is the green point in the right figure. However, this is an incorrect
estimation because the model will use the green vertex features
in the unpooling layer to determine the red point in the fine mesh.
In Fig. 4 we create a stress test using a wine glass model. The
heat source is placed inside the wine glass. The heat does not
diffuse along the surface because of incorrect vertex projection.

To solve the aforementioned problem, we randomly selected
0.5% of the overall meshes of the training set and pooling with
the shared matrix. The unpooling matrix can be considered as the
fully connected layer without bias. In the proposed method, the
unpooling matrix is trained to map the input coarse mesh to
the corresponding fine mesh. The input feature to the module
consists of only vertices coordinates.

This implies that our unpooling layer has more generalization
ability. It also increased the receptive field and improved low-
resolution projection in the unpooling stage.

Parameters Analysis: As the non-trainable parameters, the
pooling and unpooling matrices are loaded at the beginning
of the process, frozen, and used for aggregation. The original
unpooling matrix used three weights to denote the vertex in the
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fine mesh, which implies that the unpooling matrix M, is sparse
and include 3N entries, where N is the number of vertices of the
previous fine mesh. The closest point fault tends to occur in low-
resolution meshes rather than in high-resolution meshes. Thus,
we considered the outermost two unpooling layers as the original
matrix and changed the other two layers. In other words, we
increased the receptive field of the vertex in the low-resolution
mesh. In our layer, we set the vertex weight to zero in cases
less than 0.02. We implemented sparse matrix multiplication
via scattering and added vertex features corresponding to cluster
nodes across a batch of input vertex feature matrices. We run an
experiment to evaluate the template overfitting, for more details,
please refer to Section IV-D.

IV. EXPERIMENTAL EVALUATION

In this section, we present the result of a series of ablation
studies to compare our operator with SOTA 3D mesh AEs, by
evaluating our model on 3D shape reconstruction. Furthermore,
we quantitatively show that our method can yield better un-
pooling results than the closest point projection, as described in
Section IV-D. Finally, we compare the performances of different
network hyperparameters under the same network architecture.
All the experiments were trained with L1 reconstruction loss
only and reported with point mean euclidean distance error if
not specified.

A. Datasets

COMA [20]: The facial expression dataset contains 12 dif-
ferent subjects with 12 extreme facial expressions. The dataset
includes 20K + 3D meshes, each registration includes 5023
vertices.

DFAUST [26]: The dynamic human body shape dataset com-
prises 40K + 3D meshes of ten unique identities performing
actions with 6,890 vertices each. We followed the data split
setting in [22].

B. Implementation Details

Spiral sequences are consistent, robust, and based on an
ordered fixed-length serialization. We followed the specified
settings in [22] to combine the spiral convolution with our
pooling operator. The spiral length is set to nine to be aligned
with Neural3DMM [22]. Training is conducted using Adm [52]
for 300 epochs with a learning rate of 0.001 and a learning rate
decay of 0.99 per epoch. Our autoencoder includes an encoder
and a decoder, we follow the settings in [20], [22], the number
of mesh vertices reduce/increase by a factor of four during
pooling and unpooling. We set A,,,, = 0.005 in our experiment to
scale the normal deviation. We use raw 3D coordinates as input
node features instead of SHOT descriptors which were used
in SpiralNet [23]. We use [-] denote network architectures, for
encoder filter size:[16,16,16,32] and decoder size:[32,16,16,16],
the structure is represented as 3 x {Conv(16) — Pool(4)} —
{Conwv(32) — Pool(4)}. We only illustrate the encoder in the
later sections as the decoder is the mirror of the encoder, in
which the pooling layers are replaced with the unpooling layers.
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Fully connected layers with the designed latent vector connect
the encoder and decoder.

C. Interpolation Experiment

We evaluate the reconstruction capability of the autoencoder.
For the COMA dataset, following the interpolation experimental
setup [20], [22], we split the dataset into training and test sets
at a ratio of 9:1. For the DFAUST, we follow the data split
setting in [22] that randomly split the data into a test set of 5000,
500 validation, and 34,5K+ train. For COMA, the convolutional
filters of the encoder exhibited a size of [64,64,64,128] and for
DFAUST the sizes were [16,32,64,128] and [128,64,32,32,16].

We compared our model with two high baseline models:
CoMA [20] and Neural3DMM [22]. For both datasets, as clearly
illustrated in Fig. 7, our model consistently outperformed the
CoMA and Neural3DMM models in every latent dimension.
The nine COMA exemplar errors and five DFAUST results of
the reconstructions samples are well defined in Figs. 5 and 6
respectively. CoMA and Neural3DMM reconstruct the vertices
in approximately correct locations but struggle to recover the
expression detail during the extreme expressions. Our model
balanced details and main head shape resulting in high-quality
reconstructions. We use an eight-dimensional latent space to
encode the meshes in all models.

D. Pooling and Unpooling Layers

The performance of the model is closely related to the pooling
and unpooling procedures, which have been widely used in
previous models. The unpooling matrix is calculated during
pooling because loss-less unpooling is not feasible [20]. Average
aggregation uses the same pooling as [20], [22] and assigned
aggregation weights identically for vertices in the receptive field.
MeshCNN [37] performs convolution on the edges; however, it
is computationally inefficient and does not perform well after
300 epochs. For the current unpooling operation, the contracted
vertices in the previous layer are mapped into the closest triangle
of the downsampled mesh surface and stored by the barycentric
coordinates. Unlike a regular grid or 2D meshes we use bilinear
interpolation or barycentric coordinates to construct vertices.
For curved surfaces embedded in 3D, the use of closest point
projection will lead to failure cases. Furthermore, it overfits one
template and does not represent the actual topology of the mesh.

To test the geometry learning improvement of our model,
the convolution operation was frozen in the experiment. The
model architectures and the kernel size were fixed. We trained
with 300 epochs. The encoder filter was set to [16,16,16,32],
and the decoder mirrored the encoder. The latent vector and
convolutional filters are the same as [20]. As listed in Table I,
our operation achieves > 15% lower error than the previous
pooling and unpooling operations. Moreover, we demonstrate
the reconstruction result of the overfitting effect and illustrate the
unpooling resultin Fig. 8. We have randomly selected an extreme
expressions dataset and downsampled it four times as input.
The coarse mesh was unpooled four times and compared with
the reference to analyze the unpooling accuracy. As shown in
Fig. 8, the closest point projection methods exhibited significant

Authorized licensed use limited to: University of Oklahoma Libraries. Downloaded on October 02,2025 at 15:32:50 UTC from IEEE Xplore. Restrictions apply.



4230 IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 30, NO. 7, JULY 2024

Neural3DMM Err CoMA Err Ground Truth

Our Err

Fig. 5. Qualitative comparison results for interpolation experiment. Colour coding of the per vertex euclidean error of the reconstructions. The error values are
saturated at 6.5 (millimeters). Hot colors represent large errors.
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Fig. 6. Colour coding of the per vertex euclidean error of the reconstructions. Top row is ground truth. The error values are saturated at 35 (millimeters).
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COMA dataset

CoMA[20]
—4— Neural3DMM(simple)
0.8 —4— Neural3DMM(large)
—4— Ours

Reconstruction Err (mm)

Latent size

DFAUST dataset

30
CoMA[20]

—4— Neural3DMM(simple)

—4— Neural3DMM(large)

- —4— ours

20

15

Reconstruction Err (mm)

10

2° 24 2° 2°
Latent size

Fig. 7. Reconstruction errors of different methods.

TABLE I
COMPARISON WITH ORIGINAL POOLING AND UNPOOLING: INTERPOLATION
EXPERIMENTS. THE MEAN ERROR WITH STANDARD DEVIATION AND MEDIAN
ERRORS ARE SHOWN IN THE TABLE

Mean Error Median Error
Average 0.982 -
Variant weight [13] 0.932 -
CoMA [20] 0.884 + 1.003 0.543
CoMA (Our) 0.749 + 0.888 0.443

The best results are highlighted in bold.

template overfit. However, the proposed method provided an
effective projection during the unpooling of the layers.

E. Comparison of Network Hyperparameters

In this section, we compare different network hyperpa-
rameters with our operators. Based on the architecture de-
fined in Section IV-B, we considered the block number, the
input/output channel, and vertex number (the same num-
ber) except for PCA. In CoMA [20], the convolutions use
Chebyshev filtering with K = 6, the convolutional filters of the
encoder had sizes [16,16,16,32], and the decoder is a mirror
of the encoder. Neural3DMM [22] modified the COMA archi-
tecture for simple Neural3DMM by adding an extra layer in
the encoder and the decoder respectively (encoder filter sizes:
[8,16,16,32,32], decoder: mirror of the encoder). The larger
Neural3DMM uses [64,64,64,128] for COMA, [16,32,64,128]
and [128,64,32,32,16] for DFAUST.

To evaluate the interpolation capability of our autoencoder,
we compared it with the above current SOTA framework for

4231

Shared mesh

Reference

Closest point
projection

Closest point
projection Err

Our Err

000 3z 650

Fig. 8.  Visualization of unpooling meshes with error: The first row lists the
pooling meshes in reverse order. The two unpooling methods share the same
initial coarse mesh. The second and third rows present the results of the closest
point projection [20], [22] and our proposed unpooling method, respectively.
The error values are saturated at 6.5 (millimeters).

TABLE II
COMPARISON WITH COMA AND NEURAL3DMM: INTERPOLATION
EXPERIMENT. Neural3DMM'! FOR SIMPLE NEURAL3DMM WITH FILTER
SIZE [8,16,16,32,32], Neural3DMM?2 FOR LARGER NEURAL3DMM WITH
FILTER SIZE [64,64,64,128]. ERRORS ARE IN MILLIMETERS

Mean Error #Parameters
Ours ([64,64,64,128]) | 0.441 4+ 0.558 489,995
Ours ([32,32,32,64]) 0.547 + 0.641 134,411
Ours ([16,16,32,32]) 0.692 + 0.804 53,419
Ours ([16,16,16,32]) 0.745 + 0.874 39,563
Neural3DMM?! [22] 0.804 + 0.877 48,067
Neural3DMM?2 [22] 0.483 + 0.527 530,963
CoMA [20] 0.845 + 0.994 33,856
PCA 1.639 £+ 1.638 120,552

The best results per architecture appear in bold.

the registered COMA dataset. We used the euclidean dis-
tance for comparison with the CoOMA and Neural3DMM meth-
ods. The mean errors with standard deviation are listed in
Table II for comparison. For a fair comparison, we compared
the eight-dimensional latent vector with 300 epochs with regard
to training. We evaluate our model with four selected designs,
which have the same or fewer parameters (encoder filter sizes:
[16,16,16,32]/[16,16,32,32]/[32,32,32,64]/[64,64,64,128], de-
coder: mirror of the encoder). Based on the architecture defined
in Section IV-B, Table I lists the architectural designs, the errors,
and the parameter count.
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Aslisted in Table I, our hierarchical multiscale representation
of the mesh consistently reduced the error under different set-
tings. The proposed model([16,16,16,32]) outperforms CoMA
models with 18% lower reconstruction error and outperformed
Neural3DMM (simple) models with 14% lower reconstruction
error, while using 17.6% fewer parameters. Moreover, it out-
performed the large Neural3DMM model ([64,64,64,128]) with
8.7% lower reconstruction error.

V. CONCLUSION

We introduce a mesh autoencoder that produced SOTA results
for fixed-topology 3D morphable meshes. We designed a novel
pooling/unpooling operator and combined it with spiral convolu-
tion. The proposed method avoids template overfitting and pro-
vides efficient localized interpolation and generalization ability
using the proposed pooling/unpooling operator. Moreover, we
applied the proposed method to the 3D shape reconstruction
task. The experimental results showed that our approach outper-
formed competitive baselines in all tasks evaluated. Although
our method generates a pooling-unpooling map, bijectivity is
not assured. A better future approach would be to extend our
method to an arbitrary topology pooling/unpooling process, that
maintains bijectivity between the fine and coarse meshes.
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