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Self-attention networks have revolutionized Natural Language Processing (NLP) and are making impres-
sive strides in image analysis tasks such as image classification and object detection. Inspired by this suc-
cess, we specifically design a novel self-attention mechanism between local shapes and build a shape
Transformer. We split the 3D mesh model into shape patches, which we call shape tokens, and provide
polynomial fitting representations of these patches as input to the shape Transformer. The shape token
encodes local geometric information and resembles the token (word) status in NLP. The simplification
of the mesh model provides a hierarchical multiresolution structure, which allows us to realize the fea-
ture learning of a multilayer Transformer. We set high-level features formed by the shape Transformer as
visual tokens and propose a vector-type self-attention mechanism to construct a 3D visual Transformer.
Finally, we realized a hierarchical network structure based on local shape tokens and high-level visual
tokens. Experiments show that our fusion network of 3D shape Transformer with explicit local shape con-
text augmentation and 3D visual Transformer with multi-level structural feature learning achieves excel-
lent performance on shape classification and part segmentation tasks.

� 2022 Elsevier B.V. All rights reserved.
1. Introduction

Polygon meshes are an efficient representation of 3D geometry
and are widely used in computer graphics to represent virtual
objects and scenes. However, meshes are challenging for deep
learning architectures because of their unordered elements and
irregular structures. Unlike images arranged on a regular pixel grid,
a 3D mesh is an irregularly distributed collection embedded in a
continuous space. Therefore, the 3D mesh is structurally different
from the image, which prevents the direct application of deep net-
work designs, such as networks based on discrete convolution
operators that have become a computer vision standard, to 3D
meshes.

In response to this challenge, various methods for deep learning
on 3D point clouds have emerged. Qi et al. [8] pioneered PointNet
for feature learning on point clouds by using multilayer percep-
trons (MLPs) and max pooling to overcome the difficulty in han-
dling the disordered input of 3D data. Inspired by the remarkable
progress made by convolutional neural networks (CNNs) in the
field of image processing, many works [46,33,2,51] have consid-
ered defining convolution operators for point clouds that can
aggregate the features of local points. In these methods, either
point clouds were voxelized, the sequence of input points were
reordered, or a regular weight matrix was designed to obtain a
canonical domain for convolutions. It is undeniable that these
works indirectly realized feature learning on irregular three-
dimensional structure data. However, processing the mesh as a
point cloud ignores the local structure of the model surface. Since
the neighborhood and connectivity principles of point clouds are
not clearly defined, the distance between vertices can cause
semantic ambiguity. There are many other graphics or grid convo-
lution operators that directly address the mesh model. The repre-
sentative work is MeshCNN [24], which was proposed by
Hanocka et al. MeshCNN combines edge-based convolution opera-
tors and scaled layers by leveraging its inherent geodesic connec-
tions. Since the number of edges exceeds the number of vertices,
this method is not suitable for high-resolution mesh models. More-
over, this type of specially designed convolution operation method
is not universal and cannot perform feature learning across
regions.
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Recently, Transformer [47], the dominant framework in natural
language processing, has been applied to image vision tasks and
has yielded better performance than popular convolutional neural
networks [14,11]. The essential reason for the improved perfor-
mance when using Transformer over CNNs may be related to the
following limitations of the convolution operation [50]: (1) In the
convolution operation, not all pixels need to be treated equally.
For different target tasks, each pixel should have a different impor-
tance. (2) The convolution operation has difficulty capturing long-
distance or cross-regional contextual relationships. For example, in
image processing, each convolution filter is limited to running on a
small local area. (3) Convolution is not an efficient process for
understanding sparse, high-level semantic concepts and is not con-
ducive to the learning of high-level features.

The core of the Transformer architecture is the self-attention
mechanism, which learns the relationship between sequence ele-
ments. In contrast to convolutional neural networks that can only
process a single element in a sequence and can only process local
contexts in translation, the Transformer architecture is good at
processing complete sequences, learning long-distance relation-
ships, and being easily parallelized [20]. At the same time, com-
pared with similar convolutional networks in deep learning,
Transformers usually require less prior knowledge, and they are
generally pretrained on large (unlabelled) datasets [31]. This pre-
training step avoids expensive manual annotations but encodes
highly expressive and generalizable representations so that rich
relationships between objects in a given dataset can be modelled.
In addition, the self-attention operator is essentially a set operator.
For the irregularity and permutation invariance of 3D representa-
tions, Transformer provides a good mechanism to encode the rich
relationship between various data points.

As a result, researchers naturally introduced Transformer into
three-dimensional processing. For example, the motivation of the
work of [58,19] was to utilize the ability of Transformer to learn
aggregate functions for 3D data processing. Specifically, [58] pro-
posed a point Transformer, which uses vector attention to learn
the weight of each channel, and [19] strengthened the input
embedding to better capture the local environment in the point
cloud. [35] was the first to take advantage of the non-local charac-
teristics of Transformer for human shape reconstruction. These
rather ground-breaking works were the first to extend Transformer
to the three-dimensional field. However, the methods described
above did not carefully consider or design 3D self-attention mech-
anism calculations and therefore cannot capture local features in
detail. Moreover, the embedding representation of their input is
not as interpretable as the tokens in NLP. It is important to note
that a Transformer network suitable for 3D mesh models has not
yet been proposed.

Inspired by the above work, we propose a new paradigm that
can overcome the above limitations and extend Transformer to
3D mesh model processing. More specifically, our goal is to replace
3D points and polygon mesh sequences with language-like
descriptors. A sentence containing multiple words (i.e., tokens)
can sufficiently express one meaning. Similarly, a feature contain-
ing multiple shape tokens is sufficient to represent the entire 3D
model. Unlike point clouds and mesh arrays, this shape token-
based representation is compact. Therefore, we propose shape
Transformers to (a) re-represent the 3D mesh model with shape
tokens and (b) find relationships between shape semantic con-
cepts. To eliminate the redundancy of local shapes and reduce
the computational burden, we use unsupervised clustering to form
typical local shape tokens to perform shape-based self-attention
calculations. In addition, we design a generic module called the
3D visual Transformer for the 3D mesh Transformer. The motiva-
tion for this module design is that the shape tokens are processed
by the shape Transformer to extract the underlying shape features,
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and the visual tokens are used to extract the high-level semantic
concepts in the three-dimensional model through the 3D visual
Transformer. Then, the mesh simplified method is used as the car-
rier to form multilevel pyramid structure feature learning. It
should be mentioned that the 3D visual Transformer module can
be used separately from the shape Transformer module. Through
the above design, the 3D mesh Transformer becomes a network
that is interpretable and can learn multilevel features. Therefore,
advanced performance in shape classification and part segmenta-
tion can be achieved.

The main contributions of this paper are summarized as
follows:

� We propose a novel self-attention calculation method based on
local shape representation. It allows a mechanism similar to
standard 1D self-attention, taking the local shape of the mesh
model surface as a token and designing a matching similarity
measure for it. Thus, the well-known 1D Transformer suitable
for NLP can be adapted to 3D mesh tasks.

� We build a multilevel network structure based on the Poisson
sampling algorithm of the 3D mesh model to form pyramid fea-
ture learning. The multilevel structure, which has unified pool-
ing and upsampling, can be used for geometric deep learning
and can support dense grid prediction tasks. At the same time,
to eliminate the redundancy of local shapes and reduce the
computational burden, we use unsupervised clustering to form
typical local shape labels to perform shape-based self-attention
calculations.

� To learn the semantic structure information between high-level
features, we design a 3D visual Transformer module based on
vector representation for 3D mesh model processing. This mod-
ule is invariant to arrangement and cardinality, so it is funda-
mentally suitable for three-dimensional data processing.

� Experiments show that our 3D mesh Transformer with explicit
local shape context enhancement and multilevel structure fea-
ture learning achieves the most advanced performance in shape
classification and part segmentation tasks.

2. Related Work

2.1. Transformer in NLP

Transformer was first applied to natural language processing
(NLP) tasks, where it achieved significant improvements
[48,12,6,39]. For example, Vaswani et al. [48] completely aban-
doned network structures such as RNNs and CNNs and only used
the attention mechanism to perform machine translation tasks;
good results were achieved. This research has made the attention
mechanism a recent research hotspot. Devlin et al. [12] introduced
a new language representation model called bidirectional encoder
representations with Transformers (BERT), which is a two-way
encoder representation of Transformers. Unlike recent language
representation models, BERT aims to pretrain deep bidirectional
representations by jointly adjusting the left and right contexts in
all layers. Therefore, only an additional output layer is required
to fine-tune the pretrained BERT representation, i.e., there is no
need for basic task-specific architecture modifications. When BERT
was published, it obtained state-of-the-art performance on 11 NLP
tasks. Brown et al. [6] proved that by increasing the number of
parameters, the language model can significantly improve the per-
formance of downstream tasks under few shot settings (only task
descriptions and a few examples were given), thus concluding that
regular fine-tuning operations can be removed.

These Transformer-based models, with their powerful repre-
sentation capabilities, have achieved major breakthroughs in the
NLP field. However, in NLP, the input is ordered, and the words
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have basic semantics, while the data representation of the 3Dmesh
model is disordered, and a single point or surface generally has no
semantic meaning. Therefore, to extend Transformer to the three-
dimensional field, we design an embedding method based on the
local shape so that each input unit has certain geometric structure
information.

2.2. Transformer for 2D Vision

Inspired by the success of the self-attention layer and Trans-
former architecture in the NLP field, some researchers tried to
extend Transformer to the field of image recognition. In vision
applications, CNNs were once considered the fundamental compo-
nent [27,43], but Transformer is currently a viable alternative to
CNNs. Dosovitskiy et al. [13] proposed vision Transformer (ViT),
the first attempt to apply the pure Transformer directly to the
image with as little modification as possible. To achieve this, they
divided the image into small blocks and converted these blocks
into linear embedding sequences as input to the Transformer. They
proved that the dependence on CNN is not necessary. In the image
recognition task, applying a pure Transformer model to the
sequence of image patches can also perform well. He et al. [26]
proposed a novel Transformer-based framework, TransFG, to apply
Transformer to fine classification tasks. They integrated all the
original attention weights of Transformer into the attention map
to guide the network to effectively and accurately select distinctive
image blocks and calculate the relationship between them. Liu
et al. [37] proposed a new visual Transformer module called Swin
Transformer, which can be used as the general backbone of com-
puter vision. This method introduces the CNN’s local area and hier-
archical feature ideas into Transformer. Of course, Transformer is
not only suitable for basic image classification problems. Trans-
formers are also used to solve other computer vision problems,
such as object detection, semantic segmentation and video recog-
nition [60,40].

Inspired by the local patch structure used in ViT and the basic
semantic information in language words, we propose a local patch
representation method based on the topological connection of the
3D mesh model surface and design a novel shape embedding rep-
resentation that allows these local patches to visually represent
shape information.

2.3. Transformer for 3D Vision

Unlike 2D images, 3D data are disordered and unstructured,
making it challenging to design neural networks to process them.
Qi et al. [8] pioneered PointNet for feature learning on point clouds
by using multilayer perceptrons (MLPs) and max pooling to over-
come the difficulty in handling the disordered input of 3D data.
PointNet extracts a global feature from all point cloud data. Obvi-
ously, this is different approach from the current popular CNN
method of extracting local features layer by layer. Inspired by
CNN, the author also proposed PointNet++ [41], which can extract
local features at different scales and obtain deep features through a
multilayer network structure. Tchapmi et al. [46] proposed SEG-
Cloud, which uses trilinear interpolation to map the convolutional
features of 3D voxels to point clouds and maintains global consis-
tency through a fully connected conditional random field. Her-
mosilla et al. [28] proposed MCCNN to describe convolution as a
Monte Carlo integration problem. This method guarantees that
the potential nonuniform sample distribution function is fully con-
sidered from the perspective of Monte Carlo, thus cleverly avoiding
the problem of directly processing disordered structure data. Li
et al. [34] proposed learning the X transformation from the input
points to simultaneously weight the input features associated with
the points and rearrange them into a potentially implicit canonical
330
order. This method applies the element multiplication and sum
operation of the typical convolution operator to the X transforma-
tion feature. MeshNet [15] uses the extracted information from the
triangular mesh data as features and uses the output of the feature
space description module and the structure description module as
the input of mesh convolution to build a deep learning network
that can directly process the mesh model.

With the breakthrough progress of Transformer in the field of
NLP, there have been many recent works on extending Transformer
to 3D data. Compared with the original self-attention module in
Transformer, Wang et al. [19] proposed an improved self-
attention using implicit Laplacian and normalization. Zhao et al.
[57] designed a point Transformer layer for point cloud processing
and designed a hierarchical network structure. Lin et al. [36] used a
graph convolution named Graphormer to improve Transformer.
This approach only adds a graph convolution module to the atten-
tion module to fuse local information, which forms global and local
friendly structures, thereby realizing 3D human pose estimation
and mesh reconstruction based on a single image. However, these
methods do not have careful consideration for the design of the
calculation of the 3D self-attention mechanism; therefore, local
features cannot be captured in detail. Moreover, the embedding
representation of the input is not as interpretable as the token in
NLP. It is important to note that a Transformer network suitable
for 3D mesh models has not yet been proposed. However, the 3D
mesh Transformer model that we propose can overcome the limi-
tations described above.

2.4. Vectorized Self-Attention

Because of the fixed convolution kernel, CNNs cannot adap-
tively change the content of different pixels in the image. However,
the convolution kernel value for each channel can be different, so it
can be adaptive to the channel. Many past studies have used the
dot product to calculate scalar attention. Although content adapta-
tion is achieved, the value of each channel is the same, that is,
channel adaptation is not possible. As a result, research on vector
attention has emerged.

Zhao et al.[55] believed that the use of convolutional networks
for image recognition tasks is actually to achieve feature aggrega-
tion and feature change. Therefore, decoupling the traditional con-
volution and understanding feature aggregation as the weighted
summation of pixel features in a local area was proposed. In addi-
tion, the authors proposed using the attention mechanism to auto-
matically generate this weight, thereby increasing the size of the
considered local area without increasing the parameter target,
which allowed feature aggregation to adapt to each channel.
Therefore, a self-attention mechanism was used instead of convo-
lution as a feature aggregation method. Two forms of self-attention
were considered: pairwise self-attention and patchwise self-
attention. These two forms of the self-attention mechanism were
used as the basic block of the network to propose the SAN network
structure.

Both pairwise and patchwise self-attention are represented by
vector attention [55], which is mainly used to learn the weights
of space and channel dimensions. Compared with traditional con-
volution, the weight of the convolution kernel is a fixed scalar after
the learning is completed, and then this scalar is used to multiply
each dimension of a point on the feature map. In the pairwise self-
attention method, the weight is learned through network mapping,
and the calculation result is a vector. Obviously, this method takes
into account the weight of features on different channels. Com-
pared with the above pairwise self-attention, patchwise self-
attention does not perform pairing calculations for each feature,
but the entire area is used to calculate a weight tensor. Patchwise
self-attention is similar to considering all the feature vectors in the
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local neighbourhood when deriving the attention vector. The
authors showed that vector attention performs better than scalar
attention on many image recognition tasks.

Inspired by patchwise self-attention, we consider constructing a
weight vector in our method to reference and merge the informa-
tion of all feature vectors in each channel, thereby helping us
achieve multilevel feature learning.
3. Method

3.1. Overall Architecture

In this section, we introduce the details of the 3D mesh Trans-
former, which is illustrated in Fig. 1. For a given mesh model, we
first split the input 3D mesh object into patches through the topo-
logical connection information. Each patch is treated as a ‘‘shape
token”, and its feature is set as the vector x, which is obtained by
the novel 3D shape Transformer method. The specific design
details of the 3D shape Transformer method are described in Sec-
tion 3.2. Then, we regard the feature vector x as a visual token
and use the 3D visual Transformer to capture the contextual rela-
tionship between high-level features. The dimension of the visual
token is related to the number of typical local shape tokens in
the entire data set, which are representative shapes formed by
the unsupervised cluster learning of shape tokens to reduce the
computational burden. These local shape tokens are used in the
calculation of the similarity between the query and key of the
shape Transformer to reduce the computational complexity and
make the feature dimension input to the visual Transformer
change only due to the complexity of different dataset models.
When we change the size of the patch, only the value of the feature
is changed, not the dimension of the feature. In our implementa-
tion, we use different patch sizes for comparison, i.e., the number
of vertices and triangle meshes contained in each partial surface
are not the same. The visual token dimension of each patch is
45 + 3 = 48, i.e., the feature dimension obtained by the shape Trans-
former is 45. Then, the 3D coordinates of the centre point of the
patch are spliced.

Under the precursor of the shape Transformer, we construct a
residual 3D mesh Transformer network with the 3D visual Trans-
former module as the core. The shape Transformer uses shape
patches as basic elements to promote the exchange of information
Fig. 1. 3D mesh Transformer. For a given mesh model, we first use a series of local sh
topological connection information of the model surface. We specifically design a shape T
regard the output of the shape Transformer as a visual token and use a multilayer visio
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between local feature vectors. The visual Transformer integrates a
self-attention layer, which is a linear projection that can reduce
dimensionality and increase the speed of processing, and residual
connections to explore the contextual relationship between the
features of high-level visual tokens. This feature learning frame-
work is placed into the simplification method of the mesh model
and multilevel feature learning based on the Transformer module
is finally formed. To verify the effectiveness of this network, we
use the learned features to implement the classification and part
segmentation of the 3D mesh model.

3.2. 3D Local Shape Transformer

The easiest way to extend Transformer for 3D mesh data is to
treat the entire mesh model as a sentence and each vertex or trian-
gle mesh as a word. By implementing coordinate-based point
embedding or surface embedding and using self-attention, a sim-
ple mesh Transformer can be realized. However, in NLP, each word
embedding in a sentence contains basic semantic information. The
independent input coordinates of these simple points ignore the
relationship between points and contain limited semantic informa-
tion. Furthermore, the attention mechanism is very effective in
capturing global features, but it may ignore local geometric infor-
mation, which is essential for 3D mesh learning.

In response to the above problems and inspired by both the
local patch structure used by ViT and the basic semantic informa-
tion of words in NLP, we propose a local shape token representa-
tion. This representation can describe the shape of local patches
on the surface of the 3D mesh model, thereby capturing local geo-
metric features and obtaining semantic information.

The 3D Local Shape Token representation (3DLST) is proposed
as an innovative raw representation. It captures the geometry
and structure information of a local region. This section introduces
LST and its feature learning module 3D shape Transformer to show
how to implicitly encode the geometric and structural information
of local regions in the mesh function space.

3.2.1. Local Function
We preprocess a mesh model M with N vertices as a series of

local patches. The definition of a local patch is as follows: Let ver-
tex v i be the centre of the patch and then find the top k vertices
adjacent to it through the geodesic distance and connection infor-
ape surfaces, which we call shape token, to represent the model according to the
ransformer to explore the contextual information between local surfaces. Finally, we
n Transformer for feature learning.
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Fig. 2. Typical shape tokens that are obtained through unsupervised learning. In the
experiment, one of the models is randomly selected from each type of model, and
10% of the vertices are taken as the centre of the local shape. Then, polynomial
fitting is performed on the local shape and unsupervised clustering of the surface
set. The final obtained cluster centre is the typical shape token after polynomial
fitting.
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mation. Then, we regard the local mesh consisting of the above k
vertices and edges as a patch.

In our method, we employ a higher-order polynomial equation

LF ~v j~h
� �

¼ 0 to describe the shape of each patch, where LF ~v j~h
� �

is

the continuous function representation of the local surface,~v is the

relative coordinates of the vertices in the patch, and~his the param-
eter of the polynomial. To better describe the shape of the local
patch, we incorporate the approximate geodesic distance d of the
vertex relative to the patch centre vertex in the fit, and finally,
~v ¼ x; y; z; dð Þ. The complete local function is as follows:

LF ~v j~h
� �

¼ z� h0 þ h1xþ h2yþ h3dþ h4x2 þ h5y2 þ h6d
2 þ h7xyþ h8xdþ h9yd

� �
ð1Þ

where the parameter~h ¼ h0; h1; � � � ; h9ð Þ is calculated using the gen-
eralized least squares (GLS) method.

Based on LF ~v j~h
� �

, the local area of v i is described as a shape. We

slide this deformable local mesh window across the surface of the
3D model to obtain the local shape. The union of all the local
regions intercepted by the window must cover the entire 3D sur-
face, which means that our model can extract information from
the entire 3D shape. Therefore, k cannot be too small. At the same
time, an excessively large k will make the shape information
extracted by adjacent detection nodes almost the same, reducing
the discriminative power of the extracted information. An

LF ~v j~h
� �

implicitly encodes the geometry and structure informa-

tion of a local region in the mesh space.

3.2.2. The Acquisition of Typical Shape Tokens
In the last section, the local patch is surfaced to form a shape

token, and on this basis, we calculate the self-attention mecha-
nism. However, the self-attention mechanism needs to calculate
the similarity between tokens, which requires a large amount of
calculation, even more when using three-dimensional data. To
reduce the computational burden, we consider replacing one of
the query and key sequences with a typical shape token. The typ-
ical shape token is essentially a representation of the original local
shape; therefore, this is a feasible approach. In this section, we
introduce how to obtain a typical shape token.

Our 3DLST method is inspired by the bag-of-features model.
The bag-of-features model is modelled on the bag-of-words
method in the field of text retrieval, and each image is described
as an unordered set of local patch/key point features. Using cluster-
ing algorithms (such as k�means clustering) to cluster local fea-
tures, each cluster centre is seen as a visual word in a
vocabulary, which is equivalent to a word in a text search. The
visual vocabulary is represented by the code words formed by
the corresponding characteristics of the clustering centre (which
can be seen as a feature quantization process). All visual words
form a visual vocabulary corresponding to a codebook, that is, a
collection of code words, and the number of words contained in
the dictionary reflects the size of the vocabulary. Each feature in
the image is mapped to a word in the visual vocabulary, which
can be obtained by calculating the distance between features and
then counting how many times each visual word appears. Then,
the image can be described as a histogram vector with the same
dimension.

In our method, the model is divided into a series of mesh frag-
ments, and a polynomial function is used to fit the shape of the
fragments to form a shape patch. After modelling the feature bag,
we can describe each mesh object as an unordered collection of
shape patches. The clustering method is used to cluster these local
shape functions, and each cluster centre can be regarded as a typ-
ical local shape, which can form a set of shapes (similar to a visual
332
dictionary) that can be regarded as shape tokens. The detailed pro-
cess is shown in Fig. 2. As a result, the input of each patch of the
model can be described by shape tokens to form a local shape
embedding representation in a uniform spatial dimension. There-
fore, obtaining the shape tokens is an important part of this study.

We assume that there are c typical local surface shape types in
the 3D model data set, corresponding to c shape tokens. Each 3D
mesh model can be disassembled into patches with different
shapes. We collect shape patches for each type of model in the
dataset to form a shape patch set P. The collection of all types of
shapes ensures the completeness of the shape set. In this study, a
spectral clustering algorithm is used to perform unsupervised
learning on the shape set P to obtain c types of typical local surface
shapes, that is, c types of shape tokens.

We construct a similarity matrix W for the local shape set P to
measure the similarity between local shapes. Given local shape
patches PA and PB centred on two different vertices vA and vB, their

surface function representations are LFA ~v j~hA
� �

and LFB ~v j~hB
� �

,

respectively. The distance measurement dis PA; PBð Þ between the
local shape patches PA and PB is defined by the following equation:

dis PA; PBð Þ ¼ 1
2

X
va2PA

LF2
B ~vaj~hB
� �

þ
X
vb2PB

LF2
A ~vbj~hA
� � !

ð2Þ

where LF2
B

~vaj~hB
� �

represents the distance from shape patch PA to

shape patch PB, and similarly, LF2
A ~vbj~hA
� �

represents the distance

from shape patch PB to shape patch PA.
We define the two-way shape difference distance between two

shape patches in this way to reduce the error caused by shape fit-
ting. We construct a similarity matrix based on the abovemen-
tioned difference measure between local shapes and obtain
clustering results through spectral clustering.
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After obtaining the results of the local mesh shape clustering,
the clustering centre, as the ”mean” of the same category mesh
shape, is difficult to represent by a specific surface.

Therefore, we define the continuous surface representation
function of a class of typical local shapes as LF� and assume that
the distribution of this class of typical local shapes in the 3D mesh
model dataset obeys the Gaussian distribution, and its distribution
variance is r.

Furthermore, for each cluster S� in the clustering result, its clus-
ter centre is P�, and the typical shape function is denoted as LF�. We
take the original local shape P belonging to this class as fitting data
and solve for the function parameters of typical shapes, where the
parameter r2 is calculated as follows:

r2 ¼ 1
m�1

Xm
i

dis Pi; P
�ð Þ Pi 2 S� ð3Þ

where m represents the number of original local shapes belonging
to shape type S� in the clustering result.

3.2.3. Shape Attention Mechanism
In NLP, Transformer includes two major structures: an encoder

and a decoder, and its core component is the self-attention module.
The self-attention mechanism can generate fine attention features
based on the global context. The first step in calculating self-
attention is to create 3 vectors from the input vector of each enco-
der. For each token, we create a Query vector, a Key vector and a
Value vector. These vectors are generated by multiplying the word
embeddings by the 3 training matrices created during the training
process. The second step is to score the corresponding words by
using the dot product of the query vector and the key vector, and
the resulting score set is the attention weight. Then, each value
vector is multiplied by the score after softmax to reduce the atten-
tion to irrelevant words while keeping the attention degree of the
current word unchanged. Finally, the attention feature is defined as
the weighted sum of all value vectors with attention weights. Obvi-
ously, the output attention feature of each word is related to all
input features, so the global context can be learned.

In the model design, we follow the original Transformer [13] as
much as possible. One advantage of this intentionally designed
simple setup is that it can provide reliable interpretability for the
model. The standard vision Transformer reshapes the image

~x 2 RH�W�C into a sequence of flattened 2D patches ~xp 2 RN� P2 �Cð Þ,
where H;Wð Þ is the resolution of the original image and C is the
number of channels.

As in [13], Q, K, and V are the query, key and value matrix,
respectively. Then, the linear transformation of the input feature
Fin is generated as follows:

Q ¼ Fin �Wq;K ¼ Fin �Wk;V ¼ Fin �Wv ð4Þ
where Wq;WkandWv are the shared learnable linear transforma-
tions. Then, the attention weight can be calculated by the matrix
dot product as follows:

ATT ¼ Q � KT ð5Þ
These weights are then normalized, and the self-attention out-

put feature Fout is defined as the sum of the weighted value vectors
by:

Fout ¼ ATT � V ð6Þ
It can be seen from the above equation that in the entire self-

attention process, the calculation does not affect the input order,
which is very suitable for the disorder and irregular characteristics
of 3D data. These conclusions confirm the theoretical possibility of
extending Transformer to the three-dimensional field.
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In the design of the shape Transformer, we respect the above-
mentioned standard self-attention mechanism to the greatest
extent. We also design Qmesh;Kmesh;Vmesh sequences in our method.
Essentially, Qmesh;Kmesh;Vmesh should also represent the shape token
as input. However, to reduce the space and time complexity, we
define Qi 2 Qmesh as the initial local patch (i.e., the shape token),
Ki 2 Kmesh as the simplified local patch (i.e., the typical shape
token), and Vi 2 Vmesh as the feature value of the local patch. For
the 3D mesh model without texture, we set the value of V to 1.
In practice, we regard Key as the significant eigenfunctions gener-
ated after spectral clustering. We perform polynomial fitting on the
centre of the class to obtain the significant shapes, which already
contain the most representative geometric information. In our
experiments, the number of significant eigenfunctions (i.e., typical
shapes) is verified as m ¼ 45. The specific shape attention mecha-
nism can be found in Fig. 3.

We first designed a similarity measurement mechanism for
shape tokens. Unlike VIT, which uses dot products to calculate
the similarity between feature vectors, we specifically designed
the similarity SATT between shapes. Based on Eq.(2), given a typical
local shape token Ki, its continuous surface representation function

is LFKi
~v j~hKi

� �
. Assume that the distribution of this type of local

shape in the 3D mesh model dataset obeys a Gaussian distribution,
and its distribution variance is r. Then, in a given three-
dimensional mesh model, the probability that the shape of the
local shape token qi is similar to the typical local shape token ki is:

Satti ¼ Similarity qi; kið Þ
¼ P qijhki ;r

� �

¼ 1ffiffiffiffiffiffiffiffi
2pr2

p exp �

X
vq2qi

LF2ki
vq jhki
� �

2r2

0
BB@

1
CCA

ð7Þ

To make the attention weight more stable, we take the loga-
rithm of the above equation to represent atti:

Satti ¼ ln P qijhki ;r
� � ð8Þ

Finally, we use the regular Fout ¼ SATT � V to obtain the output. In
our experiment, for a three-dimensional model containing texture
features, V represents its feature value; otherwise, V is set to 1.

3.3. 3D Visual Tokens

In this study, the 3D visual token is mainly obtained through
the shape Transformer, and its main purpose is to form a unified
representation of high-level features and to explore the contextual
relationship between high-level features through the visual Trans-
former to provide a basis for multilevel feature learning. The high-
level feature visual token (VT) of vertex v is defined as:

VT
�!

vð Þ ¼ b1;b0; . . . ;bm½ � ð9Þ
where bi ¼ Satti � v i. By decomposing the local shape patch Pv under
the typical shape tokens, the set of coefficients bi is able to encode
the geometry and structure information of the local region of Pv .
Meanwhile, bi can be regarded as the energy or weight correspond-
ing to the i-th shape tokens.

Then, VT
�!

makes the energy distribution of local patches from
different meshes comparable, and it is regarded as the raw repre-
sentation for the 3D mesh Transformer to learn directly. Moreover,
for nonrigid three-dimensional models, we assume that the local
shape distribution on the model surface is roughly constant as

the model pose changes, so LF ~v j~h
� �

can withstand the influence

of rigid and nonrigid grid transformations, as does VT
�!

.



Fig. 3. Shape attention. For a given mesh model, we first split the input 3D mesh object into patches through topological connection information. Each patch is regarded as a
”shape token”, denoted as qi . A typical local shape token is a representative shape formed by unsupervised clustering learning of shape tokens to reduce the computational
burden. In essence, it still represents the original patch, denoted as ki . Then, the similarity between the shapes is used to calculate the attention weight. Finally, the weight and
the corresponding value vector are multiplied to obtain the output of the shape attention.
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The way to obtain the visual token is shown in Fig. 3. For a given
mesh model, we first use a series of local shape surfaces, called
shape tokens, to represent the model according to the topological
connection information of the model surface. We specifically
design a shape Transformer to explore the contextual information
between local surfaces. Finally, we regard the output of the shape
Transformer as a visual token, as shown in Eq.(9).

3.4. Vector Visual Transformer Block

LetX ¼ ~xif gi be a set of local feature vectors in VT
�!

with xi as the
centre point. The standard scalar dot product attention layer is
expressed as:

~yi ¼
X
~xj2X

softmax q ~xið Þ>k ~xj
� �þ d

� �
v ~xj
� � ð10Þ

where~xj is the neighbour point of~xi in theX set,~yi is the output fea-
ture corresponding to the input of ~xi; q; k and v are the learnable
weight transformation matrices in the attention mechanism, which
are used to implement point-by-point feature transformation, and d
is used to encode the position. The weight value calculated by

q ~xið Þ>k ~xj
� �

is normalized by the softmax function. It is not difficult
to see that the standard scalar attention layer calculates the scalar
product between the features transformed by q and k and uses
the output as the attention weight to aggregate the features trans-
formed by v.

The biggest difference between vector attention and scalar
attention is that in vector attention, the attention weight is a set
of vectors. Vector attention is more expressive since it supports
adaptive modulation of individual feature channels, not just whole
feature vectors.

Visual vector attention VATT
��!

can be expressed as follows:

Vatt
��!

xj ¼ c q ~xið Þ; k ~xj
� �� � ð11Þ

where the relation function c is used to discover the similarity
between the vectors q ~xið Þ; k ~xj

� �
. For example, subtraction between
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vectors can be applied as a relational function. Due to the complex
spatial relationship of 3D models, we are eager to learn more spatial
relationships through vector self-attention. Therefore, in the exper-
iment, for the relationship function between vectors, we used sum-
mation, subtraction, concatenation, Hadmard product and dot
product to realize the calculation of attention to explore their influ-
ence on the experimental results. The corresponding comparison
results are shown in Table 5.

Position coding, which allows operators to adapt to the local
structure in the data, plays an important role in self-attention
[48]. Unlike 2D images, 3D data have their own position coordi-
nates, which can be used directly. Compared with the manual def-
inition in the image, for example, based on the sine and cosine
functions [56], three-dimensional space coordinates have natural
convenience. To achieve a richer spatial relationship, we intro-
duced trainable parameterized position encoding instead of man-

ual encoding. The parameterized position encoding function ~d is
defined as follows:
~d ¼ g ~pi � ~pj

� � ð12Þ
where ~pi and ~pj are defined as the 3D coordinates of the centre
points v i and v j, respectively. The position coding function g is
implemented by linear mapping and can be learned through
training.

Therefore, our final vector-based self-attention calculation
equation is as follows:
~yi ¼
X

~xj2X ið Þ
softmax mlp Vatt

��!
xj þ~d

� �� �
� v~xj ð13Þ

In this equation, we apply the attention mechanism to the local
neighbourhood (especially the k nearest neighbours) of ~v i. The rea-
son for this is that our most primitive input uses local shapes as
shape tokens. We hope that this practice can be continued in
higher-level feature learning, and the features of the entire model
can be learned through a multiscale and multilevel network.
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Another reason is that there are more mature methods of image
analysis using local self-attention networks that provide us with
a theoretical basis.

MLP maps the feature vector to the required dimension to facil-
itate the representation of the feature dimension. It generates the
attention vector for feature aggregation. It is worth noting that
the three-dimensional scalar and vector self-attention are still set
operators. This set can represent the entire signal [48,13] or a par-
tial patch [29,42,56].
3.5. Transition Down Block

For deep neural networks to benefit from local and global infor-
mation, pooling operations are usually used to reduce (and then
increase) the resolution. A key function of our down transition
module is to reduce the cardinality of the point set and the face
set to reduce the resolution. The design of our transition module
is similar to that of the traditional structured pooling layer. In
the classification task, we downsample the vertices of the mesh
model. In the segmentation task, we downsample the unit triangle
mesh of the mesh model.

Random sampling can be used to reduce the number of samples
in a dataset and is widely used in the downsampling of 3D models.
However, for this nonuniform sampling, certain features will not
be faithfully represented at a rough level. Although other methods
(such as farthest point sampling) can handle this problem, they
have poor scalability. Therefore, in our spatial pooling layer, we
use a uniform sampling method called Poisson disk sampling
(PSD) [54], which allows variable point density in space. The clas-
sification experiment results show that, compared with the far-
thest point sampling method, the Poisson disk sampling method
can improve the accuracy by 2% on average. The PDS is one of
the most classic graphics sampling methods. This sampling strat-
egy generates a random and uniformly distributed set of discrete
points within a specified space. The constraint condition of the
Poisson disk distribution is that the minimum distance between
each point and other points is 2r, and the parameter r is called
the Poisson disk radius. While sampling uniformly, we can auto-
matically control the size of the radius according to the sparsity
of the three-dimensional model to obtain a fixed number of sam-
pling points. We denote the point set provided as input to the
down transition module as M1 and the output point set as M2. To
gather the feature vectors in M1 onto M2, we use an kNN graph
on M1.
3.6. Transition Up Block

To achieve the intensive prediction task of 3D shape semantic
segmentation, we learn from the design of U-Net [7,10]. The U-
Net structure is similar to FCN, as it is also divided into a down-
sampling stage and an upsampling stage. However, there are only
convolutional layers and pooling layers in this network. The shal-
lower high-resolution layer is used to solve the problem of pixel
positioning, and the deeper layer is used to solve the problem of
pixel classification so that image semantic level segmentation
can be realized.

In our transition up block, we also represent the input triangu-
lar mesh set as M1 and the output triangular grid mesh as M2,
whereM1 	 M2. We fuse the features onM1 toM2. For the missing
feature dimensions, trilinear interpolation is used to map the fea-
tures to a higher resolution triangular mesh set. Finally, these
interpolated features from the previous decoder stage are aggre-
gated with the features from the corresponding encoder stage
through skip connections to form a complete high-resolution layer
feature.
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4. Experiments

The interpretability and flexibility of our 3D local shape token
allows the 3D mesh Transformer to be applied to a wide range of
3D shape analysis tasks. We perform a quantitative evaluation of
the mesh classification and mesh segmentation tasks of the 3D
mesh Transformer and compare it with other state-of-the-art alter-
natives. For semantic segmentation, the final decoder stage pro-
duces a feature vector for each triangle mesh in the input mesh
set. We apply an MLP to map this feature to the final logits. For
classification, we perform global average pooling on the centre
point feature of each shape surface to obtain the global feature vec-
tor of the entire point set. The design details of the entire experi-
ment can be seen in Fig. 4.

For the classification task, we conduct experiments on the large
Manifold40 dataset [52] and on the deformable datasets SHREC10
[23]and SHREC15 [17]. We compare the classification accuracy
with the existing advanced methods. For the segmentation task,
verification is performed on the Human Body dataset [38] and a
schematic diagram of the segmentation effect is shown. Finally,
we utilize different values and analyses for the parameters
involved in this study, i.e., the size of the shape token, the number
of 3D visual Transformer blocks, and the feature dimension of the
output layer.

4.1. Classification

4.1.1. Data Preprocessing and Augmentation
To make the network less sensitive to shape scale, we first scale

the input to fit inside a unit cube and apply random anisotropic
scaling with a normal distribution, where l ¼ 1 and r ¼ 0:1, which
follows [24]. For example, some human body shapes are taller but
thinner than others. We also notice that some orientations of
shapes in the test dataset do not appear in the training dataset,
e.g., in the human body dataset [38]. Therefore, for such datasets,
we randomly change the orientation of the input data by rotating
around the three axes with Euler angles of 0;p=2;p; or3p=2.

4.1.2. Manifold40
ModelNet40 [52], which contains 12,311 shapes in 40 cate-

gories, is a widely used 3D geometry learning benchmark. How-
ever, most of the 3D shapes in ModelNet40 are not watertight or
2-manifolds, which affects the selection and the fit of local shapes.
Therefore, we refer to [30], the shapes in the ModelNet40 dataset
were reconstructed into the corresponding Manifold40 dataset,
where all shapes are closed manifolds.

The Manifold40 dataset is a more challenging dataset due to
reconstruction errors and simplified distortion, and the accuracy
of all test methods is reduced, as shown in Table 1. Even so, the
3D mesh Transformer is almost superior to all other mesh-based
methods on Manifold40. PCT is an algorithm designed for point
clouds, so it can be directly applied to the original data set Model-
Net40 without data distortion or other issues.

4.1.3. SHREC15
The SHREC15 dataset includes 1,200 three-dimensional mesh

models in 50 categories, each with 24 models, and each model
has rigid body transformation and nonrigid body transformation.
When training the network, 17 three-dimensional models from
each category are randomly selected as training samples, and the
remainder of the samples are used as test samples.

We summarize our classification results on SHREC15 in Table 2.
We compare several methods designed to use different core oper-
ators that use these data in different representations. It can be seen
that our method outperforms most methods but is slightly worse



Fig. 4. 3D mesh Transformer networks for shape semantic segmentation (top) and classification (bottom).

Table 1
The classification results obtained by different methods on the ModelNet40 dataset.

Methods ModelNet40 Manifold40

PointNet++[7] 91.7 87.9
PCT [19] 93.2 92.4
SNGC [21] 91.6 -
MeshNet [15] 91.9 88.4
MeshWalker [32] 92.3 90.5
SubdivNet[30] - 91.5
Our method - 93.6

Table 2
The classification results obtained by different methods on the SHREC15 dataset.

Methods Input Acc

SVM + HKS [5] feature 56.9
SVM + WKS [3] feature 87.5
Shape-DNA [44] point 64.55
cShape-DNA [18] point 76.21
GPS-embedding [45] point 75.13
PointNet [8] point 69.4
PointNet++ [7] point 60.2
MeshNet[16] mesh 90.4
MeshCNN[25] mesh 91.7
MeshCaps [59] mesh 93.8
SpiderCNN [53] mesh 95.8
3D MeshConv [9] mesh 97.3
3D MeshConv (without MSF)[9] mesh 95.2
Our method mesh 96.9

Table 3
The classification results obtained by different methods on the SHREC10 dataset.

Methods Input Acc

Shape-DNA [44] point 82.67
cShape-DNA [18] point 78.50
GPS-embedding [45] point 87.17
BoW [22] feature 65.94
BoSCCs [22] feature 85.99
3D MeshConv [9] mesh 94.37
3D MeshConv (without MSF)[9] mesh 91.3
Our method mesh 97.8
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than MeshConv. This is because MeshConv is not a traditional con-
volution operation. This model supplements the spatial correlation
information of the local shape in the deformable target by adopting
homogenization-aware Markov stationary features (MSFs), which
essentially results in the construction of the spatial distribution
relationship between all local shapes. Therefore, MeshConv makes
up for the shortcomings of ordinary convolution and achieves sim-
ilar functions to Transformer. We also list the experimental perfor-
mance of the pure convolution method in MeshConv, and it can be
seen that our method outperforms MeshConv without modelling
the global cross-region contextual spatial relationship. It is found
that the ability of the Transformer layer to model the contextual
relationship between all local shapes is very important in the pro-
cessing of 3D models.
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4.1.4. SHREC10
The SHREC10 dataset includes 200 nonrigid 3D mesh models in

10 categories. There are 20 models in each category, and the same
models have rigid body transformation and nonrigid body transfor-
mation. In addition, in this dataset, the grid size of each 3D model
is relatively uniform. When training the network, 14 three-
dimensional models in each category are randomly selected as
training samples, and the remaining samples are used as test
samples.

We report the average accuracy of the training set and test set
in Table 3. The classification accuracy of the 3D mesh Transformer
is better than all the methods mentioned. This shows that the pro-
posed method is sufficiently accurate for the SHREC10 nonrigid
classification task.
4.1.5. Ablation Study
We now conduct some controlled experiments to check specific

decisions in the design of the 3D mesh Transformer. These studies
are conducted on the model classification task on the SHREC10 and
SHREC15 datasets. The effect of different parameter assignments
on the classification accuracy can be seen in Fig. 5. We mainly anal-
ysed four parameters, including the number of neighbours of the
visual token, the number of 3D visual Transformer blocks, and
the feature dimensions of the output layer and the sampling
method.

The number of neighbours of the visual token. We first study
the setting of the number of neighbours, which is used to deter-
mine the local neighbourhood around each visual token. The result
is shown in Fig. 5. When the number of neighbours is set to 4, the
performance is best. When the neighbourhood is small, the model



Fig. 5. Parameter analysis of the number of neighbours of the visual token (left), the number of 3D visual Transformer blocks (middle), and the feature dimension of the
output layer (right).

Table 4
Ablation study of the classification results obtained by different position encoding on
the SHREC15 dataset.

Position encoding Acc Params FLOPs

none 92.8 0.42 M 0.985G
absolute 94.8 0.39 M 0.788G
relative for attention 96.3 0.42 M 0.985G
relative for feature 93.5 0.42 M 0.985G
relative for both 95.3 0.42 M 0.985G
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may not have enough context to make predictions. When the
neighbourhood is large, each self-attention layer will provide a
large number of data points, many of which may be farther away
and less relevant. This may introduce too much noise in the pro-
cessing, thereby reducing the accuracy of the model. In the exper-
iment, we set the number of 3D visual Transformer blocks to 2, and
the output layer feature dimension is set to 256. On this basis, we
assign 1, 2, 3, and 4 to the number of neighbours of the visual token
for discussion.

The number of 3D visual Transformer block. We studied the
setting of the number of 3D visual Transformer blocks, which is
used to determine the depth of the network. The result is shown
in Fig. 5. When the number of blocks is set to 2, the performance
is the best. When the number of modules is small, the model
may not have enough depth for feature learning. When the number
of modules is large, there are too many parameters, and the
learned features are too redundant, which may reduce the accu-
racy of the model. This shows that constructing multilevel feature
learning is effective.

The number of typical shape token. Typical shape tokens are a
series of shape representations in the entire dataset and are pro-
posed as a way to optimize the computational efficiency of Trans-
formers. We analyzed and compared the classification accuracy
under different numbers of typical shape tokens, as shown in
Fig. 7. We can find that as the number of shape tokens increases,
the classification accuracy tends to increase. The classification
accuracy is almost optimal for the number of typical shape tokens
obtained by unsupervised clustering. We argue that the number of
typical shape tokens obtained by unsupervised clustering can rep-
resent the local shape of the entire dataset. Too many typical shape
tokens require the Transformers to perform more complex self-
attention computations, i.e. more 3D models for training. However,
due to the limitation of the model set, it will cause a slight decrease
in the accuracy.

The feature dimension of the output layer. We conducted
ablation studies on the feature dimensions of the output layer.
For our experiment, the classification accuracy is higher when
the feature dimension is set to 256. This ablation analysis can pro-
vide a basis for future experiments.

Sampling method. Usually, the farthest point sampling (FPS)
algorithm is used for 3D recognition tasks. However, the Poisson
disk sampling (PSD) algorithm that we use is more uniform. As
shown in Fig. 5, the algorithm using PSD is on average 1–2% higher
in accuracy than the algorithm using FPS.

Position encoding. Position encoding can explicitly model the
positional relationship between any two tokens in the Transformer
input sequence. Especially in 3D models, we are eager to learn
more splicing relationships between shape tokens. Therefore, we
make a relevant comparison for the choice of position encoding
when the network parameter is 3 neighbours and 1 block. It is
worth mentioning that the network parameters are chosen ran-
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domly rather than optimally. The results of this experiment are
shown in Table 4. When there is no position encoding, the classifi-
cation accuracy of the model drops significantly. When adding con-
ventional absolute position encoding (i.e., subtraction between the
original 3D coordinates), the accuracy is significantly improved.
When we add the relative position encoding to the attention
weight calculation part, the model classification accuracy reaches
its highest value. To further verify the sensitivity of each part to
positional encoding in the self-attention mechanism, we simulta-
neously add the relative position encoding to the attention gener-
ation part, the feature part and the above two parts. The results
show that the attention generation part has the highest sensitivity
to position encoding, and the learned contextual position informa-
tion is purer, thus achieving the best experimental performance.

Relation function. In regular Transformer, the attention weight
is a value obtained by calculating the similarity between input vec-

tors through the dot product. In this study, the relation function~d
can produce a vector output so that addition, subtraction, concate-
nation, Hadamard product and other forms can be introduced to
measure the similarity between input vectors. Table 5 reports the
comparison of classification results of different relation functions
on the SHREC15 dataset. The network parameters are still 3 neigh-
bours and 1 block. It can be seen that the experimental perfor-
mance using the proposed addition, subtraction, concatenation,
and Hadamard product relation functions are all better than the
dot product. This finding suggests that vector-type attention
weights may be more suitable for processing 3D models than
scalar-type attention weights. Vector attention can support the
adaptive modulation of a single feature channel, not just the entire
feature vector. In particular, the subtractive relation function per-
forms the best experimentally, which may be because in our input
vector space, subtraction is more effective in measuring the
similarity.
4.1.6. Time and space complexity
Table 6 shows the time and space complexity of our network

with several representative methods for classification tasks based
on other types of data. Params shows the total number of param-
eters in the network, and FLOPs shows the number of float opera-



Table 5
Ablation study of the classification results obtained by different relation functions on
the SHREC15 dataset.

Relation Function Acc Params FLOPs

summation q ~xið Þ þ k ~xj
� �

93.1 0.42 M 0.985G
subtraction q ~xi

� �� k ~xj
� �

95.6 0.42 M 0.985G
concatenation q ~xið Þ; k ~xj

� �� 	
94.0 0.45 M 1.199G

Had. product q ~xið Þ � k ~xj
� �

94.4 0.42 M 0.985G
dot product q ~xið Þ>k ~xj

� � 92.7 0.53 M 2.389G

Table 7
Segmentation results obtained by different methods on the human body dataset.

Methods Features Acc

PointNet [8] 3 74.7
PointNet++ [7] 3 82.3
MeshCNN[25] 5 87.7
MeshCNN[25](10000 faces) 5 65.3
Toric Cover[38] 26 88
SubdivNet[30](without majority voting) 13 91.1
SubdivNet[30] 13 93
SubdivNet[30] 7 90.4
Our method 4 92.3

Fig. 6. Segmentation results from the human body dataset. The 3D mesh Trans-
former can correctly classify the 8 body parts of the dataset and provide accurate
boundaries.
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tions performed for each input sample, which represent the space
and time complexity, respectively.

It can be seen from the comparison that our method has a com-
mon problem with the Transformer model, that is, the computa-
tional time complexity is high. This is because Transformer needs
to calculate the similarity between each input token, so the com-
putational complexity is higher. However, because our method
introduces local shape tokens and visual tokens, the parameters
of the network are greatly compressed while still ensuring excel-
lent performance in classification experiments. We also provide
the time and space complexity of our network as the number of
layers increases for reference.

4.2. Segmentation

4.2.1. Human Body Segmentation
We applied our algorithm to the task of semantic segmentation

of humanmodels, which were labelled by [38]. As training data, we
used 370 models from SCAPE [1], FAUST [4], MIT [49] (excluding
two classes that are not suitable for full body segmentation), and
Adobe Fuse. All models are manually segmented into eight labels
according to the labels in [38]. Our test set is comprised of the
18 models from the SHREC07 dataset in the human category (all
sphere-like models). Note that, in contrast with previous works,
the training set does not include any models from the SHREC07
dataset, which we used solely for testing. In order to ensure the
fairness of the experimental results, we uniformly compare differ-
ent methods under the condition that the input is 10,000 faces and
list the results in Table 7.

We found that the performance of MeshCNN is affected by the
resolution. For the competitive method SubdivNet, our segmenta-
tion accuracy 92.3 is better than SubdivNet 91.1 when also not
optimized using majority voting. On the other hand, we make com-
parisons for the dimension of the input feature. As can be seen, our
method uses 4-dimensional features (3-dimensional coordinates
and 1-dimensional approximate geodesic distance), while Sub-
divNet uses 13-dimensional features (7-dimensional shape
description and 6-dimensional pose description). Our method still
outperforms SubdivNet with reduced input feature dimensionality.

Some examples of the segmentation results are visualized in
Fig. 6. It can be seen that our 3D mesh Transformer method can
accurately classify the 8 body parts of the dataset and provide
accurate boundaries. This further confirms the effectiveness of
our network.
Table 6
Time and space complexity on classification.

Method Input Acc Params FLOPs

PointNet[8] point 69.4 3.5 M 0.44G
MeshNet[16] mesh 90.4 4.251 M 0.509G
MeshCNN[25] mesh 91.7 1.323 M 0.498G
MeshCaps [59] mesh 93.8 3.342 M 0.605G
Our method (1 block) mesh 96.3 0.42 M 0.985G
Our method (2 blocks) mesh 96.9 0.75 M 1.02G Fig. 7. Classification accuracy for different numbers of typical shape tokens in

datasets SHREC10 and SHREC15.
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5. Conclusion

In this study, we extend the Transformer model to the three-
dimensional domain, which is suitable for learning on unstruc-
tured three-dimensional mesh surfaces with irregular domains.
We specifically design two token representations, namely, shape
tokens and visual tokens. The shape token is similar to the word
status in NLP. It encodes the shape information of the local patch,
and we regard it as the most primitive input in the network. The
visual token summarizes the high-level feature information in
the shape Transformer and builds a feature pyramid through the
multilayer 3D visual Transformer and transition down module.
To verify the effectiveness of our proposed method, we perform
classification experiments on a three-dimensional large dataset
and a three-dimensional deformable mesh model. We also perform
partial shape segmentation experiments on the Human Body data-
set. Experiments show that our 3D mesh Transformer with explicit
local shape context enhancement and multilevel structure feature
learning achieves the most advanced performance in shape classi-
fication and part segmentation tasks.

Transformers are suitable for 3D data processing because 3D
data are essentially a collection embedded in the metric space,
and the self-attention operator at the core of the Transformer net-
work is essentially a collection operator. However, the time com-
plexity and space complexity of this network are large. Reducing
the amount of calculation may be the direction of our future
research. In addition, the encoder-decoder structure of Trans-
former support more complex tasks, such as 3D mesh generation.
We will extend the 3D mesh Transformer to further applications.
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