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Abstract

3D shape processing is a fundamental computer application. Specifically, 3D mesh could provide a natural and detailed way
for object representation. However, due to its non-uniform and irregular data structure, applying deep learning technologies to
3D mesh is difficult. Furthermore, previous deep learning approaches for 3D mesh mainly focus on local structural features and
there is a loss of information. In this paper, to make better mesh shape awareness, a novel deep learning approach is proposed,
which aims to full-use the information of mesh data and exploit comprehensive features for more accurate classification. To
utilize self-attention mechanism and learn global features of mesh edges, we propose a novel attention-based structure with
the edge attention module. Then, for local feature learning, our model aggregates edge features from adjacent edges. We
refine the network by discarding pooling layers for efficiency. Thus, it captures comprehensive features from both local and
global fields for better shape awareness. Moreover, we adopt spatial position encoding module based on spatial information
of edges to enhance the model to better recognize edges and make full use of mesh data. We demonstrate effectiveness of our

model in classification tasks with numerous experiments which show outperforming results on popular datasets.
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1 Introduction

3D shapes play an important role in various scenes of com-
puter vision and graphics [1-3], computer-aided design/co
mputer-aided engineering (CAD/CAE) [4-7], virtual reality
[8, 9], simulation [10] and 3D printing [11, 12]. One typical
3D shape representation is the 3D mesh. To get an approxima-
tion of smooth surfaces, mesh is defined as a set of successive
polygons (often triangles) in 3-dimensional space and is com-
posed of vertices, edges, and faces as primitives. Additional
information like texture is optional for a better rendering

(Fig. 1).

In mesh data, rich information including coordinates of
vertices and surface connectivity is stored. With appropriate
algorithms [13], mesh has more flexibility and potential to
represent smooth surfaces of real 3D models when high reso-
lution and quality are needed. However, due to the difficulties
of manual acquisition and the non-uniform structure, it is a
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challenging task for mesh shape analysis [14]. These obsta-
cles lead to the fact that there are only a few deep learning
methods for 3D mesh analysis while numerous works like
Pointnet [15], Song et al. [16], and VoxNet [17] have been
applied to other 3D representations. Furthermore, the exist-
ing 3D mesh analysis models mainly focus on the features in
a local region because it’s natural to exploit the connectivity
between mesh primitives. However, the absence of non-local
relations and features may be harmful to these models to
understand the shape. In addition, many mesh analysis meth-
ods based on edges don’t make full use of the rich information
that mesh contains. The above shortages may lead to incom-
plete awareness of the mesh object.

In detail, the following manuscript shows the motivation
of this paper.

e Compared with other 3D representations, mesh contains
both coordinates as spatial information and surface con-
nectivity as structural information, which makes it more
powerful to represent 3D objects. However, in existing
approaches, either spatial or structural information is
overlooked which causes the loss of information.

e Typical previous 3D mesh analysis, such as MeshCNN
[18], MedmeshCNN [19], considers the explicit connec-
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tivity between mesh primitives and provides a natural
way for feature aggregation and convolution. However,
these models overlook the global features. In addition,
these methods may lead to a severe efficiency drop
because the pooling operations serially access and update
the mesh structure at high frequency.

e Self-attention mechanism is becoming a hot topic in
2D image processing [20] and other 3D representations
[21, 22] with promising capabilities in non-local feature
extraction. As mentioned above, existing approaches for
3D mesh analysis mainly focus on local features and lead
to incomplete awareness of the mesh shape. Thus, how
to leverage the self-attention to the irregular structure of
mesh with global feature extraction is unknown.

In this paper, inspired by the above motivations, we pro-
pose a novel structure, namely mesh edge attention network
(MEAN) for mesh shape analysis, which aims to learn
comprehensive features of mesh and exploit both spatial
and structural information. We define local feature aggre-
gation block and edge attention block to expand the sight of
machine to all components of mesh and learn comprehensive
features, overcoming shortages of existing models. Experi-
mental results show that the proposed MEAN outperforms
the recent methods for mesh classification tasks.

In summary, the main contributions of our work are as
follows:

e We propose a novel structure, which introduces the self-
attention mechanism by utilizing edge attention blocks to
capture the semantic affinities between mesh edges and
exploit non-local features from all the input edges for
better shape awareness.

e We design the edge feature aggregating block on the
features generated from adjacent mesh edges for input
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embedding, which enables the network to capture local
geometric features. Especially, we discard the time-
consuming pooling operations in previous mainstream
models, and our MEAN gets a significant improvement
on time efficiency and also achieves advanced perfor-
mance.

e A spatial encoding module is proposed to fully use the
information of mesh. Spatial information is helpful for
our network to recognize edges and learn more effec-
tive features than the previous edge-based models which
focus on geometric features only.

e We conduct numerous experiments on classification
tasks to evaluate the effectiveness and robustness of
the proposed network. On three mainstream datasets,
MEAN outperforms recent popular methods. Ablation
experiments illustrate that MEAN is still effective in chal-
lenging cases such as non-uniformity of edge lengths and
lacks of training samples.

The paper is organized as follows. In Sect. 2, Related work,
we summarize the development of 3D deep learning methods.
Section 3 presents the ideas and details of MEAN. Section4
illustrates the performance of MEAN for classification and
analysis with ablation experiments. Finally, Sect.5 gives the
conclusion and future works.

2 Related work

In this section, firstly we summarize the works in recent
years of mesh deep learning. Then, we introduce some typ-
ical approaches applying self-attention mechanism for other
3D representations.

Structural information

Local Global Shape
Feature Feature P
Guitar
Car
Piano

Spatial information
.

Fig.1 3D models in reality and their corresponding 3D meshes. Our proposed method learns local and global features from structural and spatial

information for mesh shape analysis
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2.1 Mesh deep learning

In this subsection, we will summarize recent works of mesh
understanding based on deep learning methods. Firstly, we
will introduce the models which do not directly apply net-
works to mesh shape. Then, we will discuss deep learning
methods directly based on the primitives of mesh, and there
are three main categories: vertices, edges, and faces.

Converting mesh to other structures. The structure of 3D
mesh is not irregular; thus, the networks designed for 2D
image could not be directly applied to 3D mesh shape under-
standing. One popular way is converting the mesh structure
to other data structures with the neighborhood relations of
mesh primitives. Wang [23] applies graph convolutional neu-
ral networks (GCNs) and pooling on the graphs generated
by 3D mesh and builds the networks with full convolu-
tional network for mesh segmentation. FeastNet [24] designs
graph-convolution operator to establish correspondences
between graph neighborhoods with arbitrary connectivity.
Another series of models encode the mesh to Laplacian
space before convolution. Qiao [25] and Laplacian2Mesh
[26] maps the input mesh surface to the multi-dimensional
Laplacian—Beltrami space and applies convolution for shape
analysis. Further works like Laplacian Mesh Transformer
[27] applies transformer for both geometric and structural
features based on Laplacian space.

Vertex-based methods. Methods learning mesh features
from vertices are similar to methods for 3D point cloud.
However, the points in mesh are much sparser while more
connectivity is provided. One series of works aims to apply
convolution on mesh vertices. The idea of PointNet [15]
and PointNet [28] to sample the points in a neighboring
domain and apply convolution is instructive for mesh deep
learning because the connectivity between mesh vertices pro-
vides a natural way for such operations. Chen [29] adopts
graph neutral networks on vertices to utilize the connectiv-
ity between mesh vertices. DiffusionNet [30] and HodgeNet
[31] introduce the Laplacian operator to mesh surface for
shape awareness.

Another series of methods do not apply convolution oper-
ations but introduce the idea of DeepWalk [32] by randomly
walking on the mesh surfaces, exploring the geometry and
topology of the object. MeshWalker [33] adopts recurrent
neural network (RNN) on the walk sequences which are from
randomly walking on the connected vertices. And the exten-
sional work AttWalk [34] learns to weigh the features of
different walks. And the importance of different regions is
calculated by the walk-attention mechanism.

Edge-based models. Learning shape awareness from edge
features is also an important category of mesh deep learning.
For triangle mesh, each face has exactly three vertices and
three edges which explicitly provides connectivity and topo-

logical information like angles and length ratios. MeshCNN
[18] defines neighbors of edge in a manifold mesh, applying
convolution function on these edges to aggregate features.
And the edge pooling operation enables edge collapse to
downsample the mesh, which folds edges and their neigh-
bors and generates a new abstract object. PDMeshNet [35]
defines Primal Graphs and Dual Graphs, applying convolu-
tions using graph attention networks (GAT) for mesh shape
awareness [36].

These edge-based models focus mainly on the local struc-
tural features in a regular domain and rely on the pooling
operation to expand the receptive field. In this paper, we pro-
pose our method to overcome these shortages by learning
global features from structural and spatial information with-
out pooling operation.

Face-based models. Face-based models try to gather face
information from neighbors. The faces of mesh could store
rich structure information, and the coordinates of face cen-
ter also provide spatial information. Methods based on
face could utilize different types of information to generate
mesh shape descriptors. MeshSNet [37] provides a graph-
constrained learning module to extract multi-scale features.
MeshNet [38] defines convolution on the neighbors of mesh
face to combine and aggregate the spatial and structural infor-
mation of mesh, whose initial descriptors are generated from
face rotation and kernel correlation. Xu [39] defines a two-
stream segmentation framework with the face normals and
face distance histograms as input for segmentation tasks.
Based on subdivision connectivity, SubdivNet [40] defines
a general convolution operation on mesh surfaces which is
very analogous to 2D convolution and permits variable kernel
size, stride, and dilation.

The above three categories of existing models for mesh
deep learning still have limitations. And many of these mod-
els mainly focus on local structural features.

2.2 Self-attention for 3D deep learning

The original self-attention mechanism is proposed for sen-
tence translation in natural language processing [41, 42] and
then becomes a mainstream approach in this field with vari-
ous extension works like BERT [43], Sietal. [44] and YDTR
[45].

In recent years, many researchers introduce this idea to
computer graphics and computer vision and make progress.
For 2D images, ViT [20] processes image pixels to small
patches and calculates the scale-dot product and gener-
ates feature maps. TransUNet [46] and Segformer [47] use
the idea for semantic segmentation tasks. A comprehensive
review of these works is provided in recent surveys [48, 49].
For 3D data representations, the structure PCT [21] and Point
Transformer [50] treat the disordered input point clouds as
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sentences and calculate the semantic similarities between
points. It adopts offset attention as an analogy of the discrete
Laplacian operator for better performance. PointBert [22]
tokenizes the local structure in subsets of point cloud and
adopts random masks for these sub-clouds. It learns global
features by predicting and reconstructing the point clouds.

For specific tasks like human pose transfer, Lin [51]
presents a transformer to learn non-local relation between
vertices and joints. Mesh Graphformer [52] combines graph
convolution and self-attention in a transformer to reconstruct
3D mesh from a single image.

This paper addresses the 3D mesh classification with
self-attention mechanism for comprehensive feature learning
from mesh edges. Specifically, we propose a novel structure
that adopts both local feature aggregation and edge attention
to capture non-local relations based on self-attention mech-
anism for better mesh shape awareness.

3 The proposed approach

In this section, we present the details of our network which
learns features from mesh edges for classification tasks.
Firstly, we present the overview of our pipeline for a brief
understanding of the network. Then, we give the definition
of input and the core of our model in detail about how to
gather local and global features, which enables our network
to learn comprehensive features.

3.1 Network overview

Existing deep learning methods for 3D mesh mainly focus on
the local features from vertices, edges or faces while global
features are often overlooked. In this paper, to better learn
comprehensive features of mesh, we propose a novel struc-
ture MEAN to learn from mesh edges. The proposed MEAN
is composed of two parts, as shown in Fig. 2.

Feature Learning. In the feature learning network, MEAN
aims to learn the global features as well as local features. As
shown in Fig.2, the proposed pipeline adopts three aggre-
gation blocks in input embedding module firstly, which will
be described in detail in Sect.3.2. These blocks enable the
networks to capture local features in the receptive field and
finally process the input structural information descriptor to
a 256-dimensional vector. Then, these features are fed to
edge attention module to learn global features, which is com-
posed of 4 sets of edge attention blocks and a spatial position
encoding module utilizing spatial information of edges. The
details of edge attention module will be discussed later in
Sect.3.3. Then, we add up global features of the 4 atten-
tion blocks and local features of input embedding module to
256-dimensional comprehensive edge features. Finally, we
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will feed these features to the following max-pooling and
average-pooling layer and concatenate the outputs to a 512-
dimensional vector, which is the general descriptor for the
mesh.

Classification Network. To classify a mesh from n,. differ-
ent categories, we feed the 512-dimensional output vector
F,y; from the feature learning network to three cascaded
full-connected layers with a dropout rate P;. And each of
the full-connected layers combines the linear projection,
the batch normalization layer and the Relu activation in
sequence. Finally, the last single full connected layer will
predict the classification scores and the category of mesh
depending on the maximum score.

3.2 Input embedding

Unlike other 3D representations, mesh data have complex
and irregular structures. However, the connectivity between
different edges gives us a natural way to find neighbors of
edges. In this paper, inspired by previous work [18, 35],
to learn local geometric information, convolution is applied
on defined neighbors and convolution invariance is guaran-
teed. The difference is that we discard the pooling functions
because the edge collapse process is much time-consuming.
Moreover, residual links are added in input embedding blocks
to make our network deeper.

Definition of input. The raw input of a mesh M is described
asatriple (V, F, E), where V = {v1, v, v3, ...u,, } s the set
of vertices. Each v; describes the coordinate of the vertex in
3D space, namely v; € R3. And F denotes the set of faces,
using triples to define the connectivity of vertices. Generally,
for face F; = {(vg4, vp, v¢)}, the triangle face is composed of
these three vertices. Then, given (V, F'), the edge set E is
defined as the distinct edges of each two connected vertices
of faces. Note that E; = {(vg, vp)} and E; = {(vp, v4)}
refers to the same edge.

In MEAN, all the input meshes should be under the con-
straint of manifold, which guarantees that each edge is inci-
dent to two different triangle surfaces. Therefore, there are
four adjacent edges. Other faces and edges will be removed in
data preprocessing if they are non-manifolds. After manifold
is satisfied, we define the four neighbor edges counter-
clockwise, namely as (e, e2, €3, e4) or (e3, es, €1, €2). As
shown in Fig.3, we could see that for edge e, the order of
neighbors only depends on which face is the first (Fig. 4).

Our model is edge-based, and a set of initial geometric
features is defined as a 5-dimensional vector for every edge
[18]: the dihedral angle, D; € (0, 27); two inner angles,
Dj1, Di» € (0,27) and the two ratios of edge lengths,
r1, r2 > 0 for each of the perpendicular line for each adjacent
face. Fig 5 shows these features.
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Fig.2 The overall structure of MEAN. N refers to the number of mesh edges and n,. refers to the number of categories. MEAN learns comprehensive
features via the input embedding module and edge attention module, from structural and spatial information for better awareness. Best viewed in
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Fig.3 Initial features extracted from mesh edges. D;| and D;, are two
inner angles, Dy is the dihedral angle. /11 and A, are the perpendicular
lines to e of each face (painted in red)

Fig. 4 Two probabilities of edge orders. Depending on which face
is the first one, neighbor edges of e are defined as (ey, ez, e3, e4) or
(e3, e4, €1, €2)

Aggregating edge features. To aggregate structural infor-
mation of edges, a convolution function is defined for input
edges of mesh. As mentioned above, each input edge of man-
ifold has exactly four neighbor edges. Depending on which
face counts the first, there are two possible forms for the
neighbors of an edge. In order to guarantee the convolution
invariance, several symmetric functions are applied to these
neighbors. As a result, the four neighbor edge that is the

receptive field of an edge e is defined as follows.

Neighbor(e) = (le; — e3], le1 + e3], |lex — e4], |ex + e4])

D

For the input vector of N x ng4, where N refers to the
number of mesh edges, and ng refers to the number of fea-
ture dimensions, we could easily find the four neighbors when
the connectivity is given. Then, we attach these neighbor fea-
tures to the input vector to get a N x ng X 5 vector where
5 refers to the edge and its four neighbors. We could calcu-
late the input features from four adjacent edges neighbors
before convolution and then multiply the new matrix by the
weight of convolution and get results. After carefully avoid-
ing ambiguity, no matter in which order we input the faces,
the convolution operation is actually applied to the same fea-
tures from neighbor edges.

4
¢ =exko+ Z Neighbors(e)li] x ki )

i=1

In practice, calculating neighbor edge features by some
symmetric functions in R¥*"¢*3 we could use the operator
conv2d with 1 x 5 kernel size to implement this convolution
and get the output in RN X"’ %3 where d’ refers to the output
dimensions.

Discard of edge pooling. In a convolution-based network,
especially for 2D images, pooling layers are often follow-
ing convolution layers for downsampling. After pooling
operations, it will generate an abstract feature map in high
dimensions and the whole computation cost will be reduced
while the receptive field is rapidly expanded. However, we
could not directly use the typical maximum or average pool-
ing from 2D images for mesh edges due to the irregular
structure of 3D mesh.
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Fig. 5 The structure of feature aggregation block. Residual links are
helpful for making deeper networks, and the output dimensions are
doubled after aggregation

Although MeshCNN [18] defines an edge-collapse pool-
ing function for mesh abstracting, this function is rather
time-consuming which serially accesses the edge matrix and
applies a series of operations to reduce the edge number.

In MEAN, we discard the pooling layers in our input
embedding module. At the first glance, the absence of pool-
ing may slow the expansion of receptive fields and lead to
deterioration of effectiveness. However, the overall structure
of MEAN benefits from global feature extraction and com-
pensates for this deterioration.

In Sect. 4, experiments will demonstrate that there is a sig-
nificant efficiency improvement compared with the original
MeshCNN with pooling layers when effectiveness is guar-
anteed.

Residual links in aggregation block. We add residual links
between convolution operations to make our network deeper.
The deeper network can learn more hidden features in high
dimensions. These links are also helpful for avoiding the
degeneration of our networks [53]. As shown in Fig.5, for
the input vector to output vector in one convolution block,
the shape is expanded from N x ng to N x 2n,4, where N
refers to the edge number and n is the channel number.

As shown in Fig. 5, convolutions are applied several times
in one block and only the first one will double the feature
channels. Others will output a vector in the same dimensions
as the input. For the second and following outputs after con-
volution and normalization, initial inputs are added through
aresidual link (Fig. 6).

F; = Norm(ReLU (conv(F;_1)),i =1

3
F; = Norm(ReLU (conv(F;_1)) + F;_1,i > 1 )

3.3 Edge attention

To extend the original self-attention mechanism from NLP
[41,42]to 3D mesh, we input all the mesh edges as a sequence
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and each edge could be treated as a word in a sentence. In
Sect.3.2, we get the 256-dimensional input embeddings via
the input embedding module which learns local geometric
features from neighbor edges in the receptive field. In con-
sideration of non-local features, we design the edge attention
module (Fig. 7).

3.3.1 Spatial encoding

The original self-attention mechanism [41] and Transformer
[42] process the sequence of words; thus, the position of each
word in the sentence is vital to the semantics. And transform-
ers for images like ViT [20] also adopt position encodings on
pixels patches because the order of pixels is disrupted when
there is no gird structure. However, in Transformers for 3D
data like PCT [21], different input orders of points, or the
primitives of mesh do not make difference to the structure of
this object. The structure of a mesh object is mainly defined
by the connectivity of its vertices and faces. Therefore, we
do not follow the encoding methods in original Transformer
and propose a special position encoding module.

Many of the existing methods [18, 40] mainly focus on
the geometric feature of mesh edge, overlooking the spatial
information of edge position. For better awareness of mesh,
we aim to make full use of the information in mesh and
propose a novel position encoding module for MEAN. This
module utilizes the spatial position of mesh edges in 3D space
to get an extra learnable position encoding. These encodings
are adopted as additional marks for edge attention module to
measure the semantic affinities between mesh edges.

The spatial position encoding module is composed of two
simple MLP layers, encoding the edge coordinates to higher
dimensions. Considering an edge ¢; = {(v,, vp)}, we could
use the midpoint coordinates of the edge in R? as spatial posi-
tion. To make our network robust to scaling and translation,
all the meshes are normalized in data preparation.

In our settings, the output channel numbers of each MLP
arenpg, = 64,npg, = 256, respectively. Then, the position
features Fpg are directly added to input embedding F;g as
the input feature Fj, of edge attention module.

Fin = Fpg + FIE 4

Another possible approach is adding the 3-dimension
coordinates to the initial 5-dimension edge features directly.
However, coordinates could not guarantee convolution invari-
ance when mesh is shifted, rotated or scaled. Coordinates
of edges will change when these rigid transformations are
applied to mesh. Thus, we design this position encoding mod-
ule instead of directly concatenating the spatial information
to initial descriptors. We evaluate different strategies of using
position encoding in Sec4.3.
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Fig.6 The architecture of edge attention block. We adopt scale-dot product attention and multi-head attention where njyead refers to the number
of heads. In the proposed model, there are 4 edge attention blocks for better performance

In summary, the main difference between our spatial
encoding and position encoding in transformers is that the
input of our spatial encoding module is the spatial infor-
mation of mesh edges, while the position encoding in other
transformers often encode the order of words or pixel patches.

3.3.2 Edge attention block

As discussed above, we get the 256-dimensional feature Fj,.
It contains the local geometric features of each edge, which
are beneficial to identify and classify the mesh, and the spa-
tial information is also utilized as additional marks. In this
section, we will introduce the edge attention block, which
learns semantic affinities between edge pairs and captures
global features. For each input edge, we will calculate the
attention weight using the typical scaled dot-product atten-
tion.

Firstly, we use linear projection to define the query, key
and value matrices Q, K, V from input features Fj, as fol-
lows, where W,, Wi, W, are learnable weights of linear
projection. Also, MEAN adopts multi-head attention in typ-

Multi-head Attention
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£ ° g
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— P4 3
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Q X
35 z
= 3
— S
2
= g
3 X
c
£ pzd

ical transformers [20, 22, 42], which projects Fj, t0 npeqq
groups of Q;, K;, V; and creates npqq4 attention heads. Each
attention head calculates the attention weights in a lower
dimension, respectively.

Qi = Fin . qu
Ki = Fi, - Wy, )
Vi = an ' Wv;

i=1,2,..., 0head

For each attention head, the affinities and similarities
between mesh edges are calculated as the dot-product of the
query matrix and key matrix, divided by ,/ns. We adopt the
softmax function as normalization; hence, we get the impor-
tance of each edge to others which ranges from O to 1. As
shown in Eq.6, we get the attention weight Attention; of
head. And the output feature F,,, of one head is the product
of its attention weight and value matrix V;. In Fy;, , the new
feature of each edge is the sum of the products of other edge

Edge query
Edge key

Edge value
Linear projection

Attention weights

@ @ @ Multiply | Softmax | Transpose

Fig.7 Multi-head attention in edge attention block. The output edge feature of one attention head is the product of the weights and the value matrix
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features and their weights.

0;- K,'T )
1d/Mhead

Fui; = Attention; - V;

Attention; = softmax (

6)

Then, we concatenate the outputs of all attention heads
as F,;;. The global feature is projected again with ® to ng-
dimensional vector with a dropout rate set to 0.5.

Fan = ¢<C0ncal‘in_hel“d Fatt,-) (7)

The attention for mesh edge means that the attention
weights indicate the importance of all edges to each query
edge. High weights mean high contributions to the query edge
feature. Because the attention weights are calculated over all
edges, we actually gather features in a global field which
could be a substitution for expanding the receptive field. As
we discuss in Sect. 3.2, we discard the pooling operations for
efficiency reasons, which may slow down the expansion of
the receptive field, and the edge-wise self-attention makes up
for this problem.

Furthermore, we use two linear layers with Relu acti-
vation, followed by normalization. The first one ¢ projects
edge feature to a higher dimension %, and the second
projects it back to hg, these operations are applied to each
edge separately. Also, we use residual links after these linear
projections.

Fout,- = Norm(Fy, + ¥ (Relu(¢p(Fuir))) + Fan (8)

Finally, we adopt four edge attention blocks to enhance our
network. Each of them learns different weights and features,
adding diversities and making the network more robust. The
final output of edge attention module F,,; is the sum of these
four edge attention blocks.

4
Four =Y _ Four, ©)
i=1

The final feature F,,; contains global features gathered
in edge attention module and the local geometric features in
input embedding module. It will be fed to the classification
network then to predict the label of objects.

4 Experiments and analysis
In this section, we conduct experiments of mesh classifica-

tion tasks on three common datasets, namely SHREC11 [54],
Cube Engraving [18] and Manifold40 [40]. We illustrate the
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performance of MEAN and compare it with recent works.
Then, we evaluate the effectiveness and efficiency of MEAN
with ablation experiments.

4.1 Classification

In this subsection, we evaluated our network on three
common datasets and compared the results with several
mainstream methods. These three datasets cover from small
scale to large scale and are representative of different cases
in mesh classification tasks. We trained and tested them with
the experimental platform, as shown below.

4.1.1 Experimental environment

Platform. For training and testing, all of our experiments are
conducted under the same hardware and platform. We use
an Intel Core i7-10,700 (3.8GHz) and an NVIDIA Geforce
GTX 3090 graphics card with 24 GB memory. All the models
are written and implemented with Pytorch on Ubuntu 16.04
LTS. The following experiments are all conducted on this
platform.

Settings. Before training, we follow the basic data augmen-
tation method and settings of previous methods [18], which
adopt 20% edge flips and 20% vertices slides for enhance-
ment. These augmentations add diversity to the datasets for
better performance. Then, we adopt the Adam optimizer to
update the gradient and train our model with the initial learn-
ing rate set to 0.0001. The batch size is set to 16, and the
maximum epoch number is 300. For the dropout rate of the
fully connected layers in the classification network, we set
Pis=0.3.

4.2 Classification results

We demonstrate the effectiveness and capabilities of the pro-
posed model for classification tasks. For all samples in the
three datasets, they are guaranteed to be manifold and com-
posed of 750 edges.

SHRECI11. The SHRECI11 dataset, provided by Lian [54],
is composed of 600 mesh samples in 30 categories and each
category contains 20 samples. We follow mainstream setup
[18] to split the samples of each category in two different
ways. One is that 16 samples are used as train sets and 4 are
used as test sets. The other is that 10 samples are used as train
sets and 10 are used as test sets. Then, we randomly rotate
each training sample of SHREC11 from three different axes
for data enhancement before each iteration.

The evaluation results of SHREC11 are shown in Table 1.
We compared our network against other recent mainstream
models of vertex-based ones like MeshWalker [33], edge-
based ones like MeshCNN [18] and PDMeshNet [35]. For
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Table 1 Classification results on the SHREC11

Network SHRECI11 Acc (%)
Split 16 Split 10

GWCNN [55] 96.6 90.3
MeshCNN [18] 98.6 91.0
MeshWalker [33] 98.6 97.1
PDMeshNet [35] 99.7 99.1
HodgeNet [31] 99.2 94.7
DiffusionNet [30] - 994
MEAN (ours) 100.0 99.1

Our proposed method achieves state-of-the-art results on Split16 and is
also advantageous on Split10
Bold values indicate the best one

Table 2 Classification results on Cube Engraving

Network Input type Cube Acc (%)
PointNet++ [28] Point cloud 64.3
MeshCNN [18] Mesh 92.2
PDMeshNet [35] Mesh 94.4
MeshWalker [33] Mesh 98.6
Laplacian2Mesh [26] Mesh 98.9
MEAN(ours) Mesh 98.9

Our model outperforms those recent mainstream methods for both mesh
and point cloud
Bold values indicate the best one

the 16/4 split, MEAN achieves the perfect classification. All
samples are classified correctly. And for the 10/10 split, the
result s still competitive when compared with other methods.

Cube Engraving. The released version of Cube Engraving
dataset [18] consists of around 4381 samples and 3722 of
them are used as train sets and the others are test sets. In
the released dataset, there are 22 categories and in which
each sample is a small object inserted on a random surface
of a cube. Thus there are more flat areas in these objects as
disruption. The results are given in Table 2. It demonstrates
that MEAN is sufficiently accurate for classification tasks of
this dataset.

Manifold40. The Manifold40 is a variant of ModelNet40
[56]. ModelNet40 is a widely used benchmark in 3D deep
learning and consists of 12,311 CAD models in 40 categories.
However, most samples in ModelNet40 do not satisfy the
Manifold constraint. Hu [40, 57] provided this Manifold40
dataset as a refined subset of ModelNet40 after remesh-
ing and reconstruction [58] to guarantee that all the objects
are closed manifolds. Manifold40 has the biggest sample
scale in our experiments with roughly 9800 samples and is
rather challenging. We compared our method with MeshNet
[38], MeshWalker [33] and SubdivNet [40]. We do not take
MeshCNN [18] into comparison since there are still holes in

Table 3 Classification results on Manifold40 [40]

Network Input type Manifold40 Acc (%)
PointNet++ [28] Point cloud 87.9
MeshNet [38] Mesh 88.4
MeshWalker [33] Mesh 90.5
SubdivNet [40] Mesh 91.2
MEAN (ours) Mesh 91.2

MEAN achieves higher accuracy than other models. The results of the
compared methods are from Hu
Bold values indicate the best one

some samples, and errors occur in the pooling layers of the
released code.

Table 3 shows that MEAN achieves competitive results for
the classification tasks on Manifold40 with a 90.9% accuracy
on the test sets. MEAN outperforms MeshNet and Mesh-
Walker on Manifold40 and the accuracy is very close to
SubdivNet.

4.3 Ablation experiments and analysis

To better analyze our model, several ablation experiments are
conducted. In this subsection, we will evaluate the efficiency,
effectiveness and robustness of our method.

Computation time. In the input embedding module in
Sect. 3.2, to gather local structural features of mesh edge. We
discard the pooling layers in typical models like MeshCNN
[18] due to the high time cost of this operation. For a fair
comparison, we use the default settings for both MeshCNN
and MEAN. Then, we measure the computation time and
accuracy when training datasets. The numbers of time costs
are averaged over 1000 iterations.

As shown in Table 4, for SHREC11 and Cube Engraving,
each training iteration of MEAN runs about ten times faster
than original MeshCNN.

In addition, we test the efficiency and accuracy of the
modified MeshCNN, which follows most of the original
MeshCNN, but does not adopt pooling operation. The mod-
ified MeshCNN without pooling layers also runs faster than
the original one, but the accuracy deteriorates. The results
prove that MEAN achieves a significant improvement of
time efficiency by discarding pooling layers, while it can
get higher accuracy.

Effectiveness of each component. The proposed MEAN is
composed of several modules, namely the edge convolution
with residual blocks, edge attention block and spatial position
encoding. To evaluate the effectiveness of each component,
we evaluate several different modified versions of MEAN.
We use the same train settings in Sects. 4.1 and 4.2 for each
of these models for a fair comparison.
We could summarize the results in Table 5 that:
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Table 4 Analysis of

tation ti Network SHREC (Split16) Cube Engraving
computation time Time (ms) Accuracy (%) Time (ms) Accuracy (%)
MEAN (ours) 17.8 100.0 18.9 98.9
MeshCNN [18] 198.4 98.6 205.3 92.2
MeshCNN (w/o pooling) 20.1 97.5 20.9 89.9

The pooling operation of MeshCNN is much time-consuming. And if we discard these operations in the
original MeshCNN, the performance is dropping. However, MEAN sufficiently outperforms MeshCNN and

runs ten times faster than it

Bold values indicate the best one

Table 5 Analysis of the impact

. Module name Accuracy
of each components in MEAN
Edge conv  Pooling  Residual  Edge attn  Spatial encoding ~ Manifold40(%)  SHRECI11 (%)
v v X X X - 98.6
v X X X X 77.8 97.5
v X v X X 79.4 98.3
v X v v X 85.0 99.1
v X v v v 91.2 100

We use v for that we utilize the corresponding module and X for that we do not use it. The first row represents
the original MeshCNN [18], and the last row represents the full structure of the proposed MEAN. We use
split-16 version of SHREC11 for experiments. Some samples in Manifold40 do not support pooling operation;
thus, we do not report the accuracy in the first row

Bold values indicate the best one

e After removing the pooling layers, the performance on
SHRECI11 and Manifold40 both deteriorates severely,
which indicates that the pooling layers are important in
traditional convolutional neutral networks.

e When residual blocks are added to the model, the deterio-
ration of test accuracy is slightly alleviated on SHREC11.
However, the model could not get good performance for
Manifold40.

e When edge attention module is applied, there is a signifi-
cantimprovement on the testing accuracy for each dataset
and it achieves higher accuracy on SHREC11 than orig-
inal MeshCNN [18].

e The full structure of MEAN achieves the best results.
When the spatial encoding module is added to the
model, MEAN outperforms the models with convolution-
pooling structure such as MeshCNN.

As we discussed in Sect. 3, the traditional CNNs rely on
pooling layers to expand the receptive field. However, pool-
ing is a much time-consuming operation in MeshCNN [18].
We discard this operation and introduce the attention mech-
anism to help to expand the receptive field rapidly and get
global features. In conclusion, the results in Table 5 support
that the edge attention module is the most important module
to improve the performance after removing pooling layers. At
the same time, residual blocks and can also slightly alleviate
the performance deterioration.

@ Springer

Robustness. To evaluate the robustness of our network to
rotation, we rotate the input model 90 degrees on three axes
in one step and evaluate our model on these new samples.
In our training settings, we use various operations as data
augmentation including edge flips, vertices slides and rota-
tion. For those methods without using spatial location, like
MeshCNN [18] and SubdivNet [40], these networks learn
relative geometric features only, while in our method, we
propose a spatial position encoding module for MEAN to uti-
lize the spatial information. Therefore, it is necessary to test
its robustness. After experiments, we do not notice a severe
drop in test accuracy on all three datasets, which proves that
MEAN is robust to the process of rotation.

Number of attention blocks.There are 4 attention blocks in
MEAN by default and we evaluate the performances of other
optional numbers. Table 6 shows the accuracy of MEAN
with different numbers of attention blocks. It can be found
that more than one block enables MEAN to learn richer fea-
tures for better mesh awareness and make the network more
robust. However, if too many blocks are adopted, there is
not a big improvement. Too many blocks may lead to high
computation and memory costs.

Number of training samples. Another challenging case for
deep learning models is that researchers could only get a
small number of samples to train the network due to the high
cost for acquiring 3D meshes. Table 7 shows the accuracy of
the tested models on Manifold40, in which we can find that
the full training set leads to the best results for all models
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Table 6 Analysis of the number of attention blocks

Table 8 Analysis of non-uniform edge length

Num of blocks Cube Acc (%) Manifold40 Acc (%) Test set MEAN (%) MeshNet (%)
1 98.0 88.7 Full 91.2 88.4

2 98.6 90.2 10% (max variance) 85.4 84.2

4 (default) 98.9 91.2 To evaluate the performance on challenging cases, we use 10 percent of
6 98.2 90.9 the test set with the maximum variance of edge length. The two models
8 97.6 90.7 are trained on the same full training set

More attention blocks achieve higher accuracy, while the improvement
is limited when there are more than 4 blocks. However, more blocks
cost more memory and time. Thus, adopting 4 blocks is a good choice
Bold values indicate the best one

Table 7 Analysis of number of training samples

Samples of category MEAN MeshNet MeshCNN
full 91.2 88.4 -

16 78.4 77.8 37.4

4 61.4 57.1 24.5

The models are tested on Manifold40. We completely follow the settings
of the other two models to get fair results. When training set is sparse
and performance deteriorates, our model still gets promising results
Bold values indicate the best one

S§2 =0.102

Fig. 8 Samples with narrow triangles faces (left) and regular trian-
gle faces (right). The two samples have the maximum variance of
edge length in Manifold40 (S2,,,, = 0.102) and SHREC11 (82,4 =
0.008), respectively

as we expected. And MEAN gets higher accuracy than the
other models when using a much smaller size of training set.
In addition, when we only use 4 samples in each category for
training which means less than 5% of full training set, our
model still gets pretty good result (61.4%). The results might
be explained by the fact we utilize attention mechanism for
global descriptor extracting; thus, when there are only a few
training samples, our model could get good results for this
challenging case.

Non-uniform edge length. The original dataset of Mani-
fold40 [40, 56] is from scanning real-world CAD objects in
industry; hence, the length of edge might not be uniform,
which means there could be some long and some short edges
in the object. These samples are more challenging for deep

Bold values indicate the best one

learning models because the irregular mesh structure might
impact the network to understand the shape.

1

n—1

§? =

N
> (Xi—X) (10)
i=1

To measure the non-uniformity of edge length, we cal-
culate the sample variance of edge length for each sample.
Figure 8 shows that the samples with greater variance tend to
have non-uniform edges and narrow faces, which are more
challenging for networks. And we use only those with the
maximum sample variance in test set to evaluate the per-
formance of our model. Table 8 shows that compared with
the full test set, the samples with higher non-uniformity of
edge length are more challenging and accuracy gets lower.
However, our model still achieves competitive results com-
pared with MeshNet [38]. The explanation could be that the
performance of MeshNet degrades when some triangle faces
have two long sides and one short side and these triangles
get narrow. However, our model could benefit from the com-
bination of edge-convolution and edge attention module and
learn to weigh edges with different attributes and features,
which helps to understand the non-uniform mesh better.

The choice of edge coordinates. In our proposed method,
we design the spatial position encoding module to utilize the
spatial information which is often overlooked in previous
works. How to represent the spatial location of an edge?
Each edge of mesh is defined by two endpoints and in our
implementation, we choose the midpoint coordinates as our
spatial input. Table 9 shows that compared with choosing one
endpoint or random point on the line segment, the midpoint
version achieves better results. This could be explained that
the mid-point of each edge preserves most original spatial
information. However, in other versions, the density of points
might not be well controlled or the distance of edges could
not be represented correctly.

In summary, experimental results prove that MEAN
outperforms recent methods for mesh classification tasks.
Compared with convolution-based methods like MeshCNN
[18], itlearns comprehensive features more efficiently. More-
over, ablation experiments illustrate the effectiveness of the
residual blocks, edge attention and spatial encoding module
and the robustness to rotation. At last, for some challenging
cases, MEAN is still capable for its tasks.

@ Springer
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Table 9 Analysis of choices of edge coordinates

Edge coordinate SHREC Acc (%) Cubes Acc (%)

Midpoint (default) 100.0 98.9
Endpoint 99.2 98.7
Random point 99.2 97.1

The model gets the best results when using the midpoint coordinates as
the input of spatial position encoding module
Bold values indicate the best one

4.4 Limitation

Manifold. Our proposed model is trained and tested on the
manifold datasets [18, 40, 54] because this limitation is com-
mon for these edge convolutions that are designed for edges
with a fixed number of neighbors. And failures will occur
when a mesh object contains some non-manifold parts and
these faces are not closed [57]. Its neighbor edges are illegal
or undefined at this time. This failure will also occur in many
other edge-based models. [18, 40]

5 Conclusion and future works

This paper presents MEAN, which learns comprehensive fea-
tures on mesh edges to make better mesh shape awareness.
We design the local feature aggregation block and edge atten-
tion block, leveraging the idea of self-attention mechanism to
mesh deep learning. Moreover, we propose a spatial position
encoding module to fully use the mesh data and it is effec-
tive for mesh classification tasks. Compared with other recent
approaches, our MEAN learns mesh features from both struc-
tural and spatial information, avoiding loss of information.
We conducted numerous experiments of classification tasks
on popular datasets to evaluate the capabilities of our method.
The results prove that the structure of MEAN outperforms
mainstream methods.

Encouraged by the good performance of MEAN, we will
continue our work and improve the network for more 3D
mesh applications. Specifically, we will consider refining the
structure and details of MEAN and extending the network to
various mesh applications like semantic segmentation and
retrieval. However, one limitation of our network is that the
memory cost of attention blocks will rapidly rise when the
network gets deeper and denser. Thus, we will try to con-
trol the memory cost in future works. In addition, for other
primitives of mesh like vertices and faces, learning compre-
hensive features is also helpful for shape awareness. Thus,
we will extend our idea to other areas [59-62] and propose
more effective models.
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