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 A B S T R A C T

In this paper, we introduce a fast, simple and novel mesh convolution operator for learning dense shape 
correspondences. Instead of calculating weights between nodes, we explicitly aggregate node features by 
serializing neighboring vertices in a fan-shaped order. Thereafter, we use a fully connected layer to encode 
vertex features combined with the local neighborhood information. Finally, we feed the resulting features 
into the multi-resolution functional maps module to acquire the final maps. We demonstrate that our method 
works well in both supervised and unsupervised settings, and can be applied to isometric shapes with arbitrary 
triangulation and resolution. We evaluate the proposed method on two widely-used benchmark datasets, FAUST 
and SCAPE. Our results show that FanNet runs significantly faster and provides on-par or better performance 
than the related state-of-the-art shape correspondence methods.
1. Introduction

Geometric deep learning [1,2] has made unprecedented impact 
on a wide spectrum of real-world problems, such as chemistry and 
medicine [3–5], biology [6,7], recommender systems [8,9] and traffic 
forecasting [10,11]. Geometric deep learning owes this success to its 
ability to capture information in non-Euclidean data structures such as 
graphs and meshes.

The non-Euclidean nature of 3D shapes brings in many challenges 
for deep learning and two different approaches have been proposed 
over the years for 3D shape analysis: Extrinsic and intrinsic deep 
learning methods [2]. Extrinsic deep learning methods use vanilla 
convolutional neural networks (CNNs) [12,13], which treat geometric 
data as Euclidean. Although these first approaches provided promising 
results, the shape descriptors used in these methods are not suitable 
for shapes with non-Euclidean intrinsic structures because they use 
extrinsic features that are dependent on Euclidean transformations. 
This limitation is addressed by intrinsic methods [14–17] which modify 
the representations in CNN layers to extract intrinsic features of 3D 
shapes. It has been shown that such representations are better for 
capturing shape deformations [18,19]. Especially DiffusionNet [20] 
and its extensions [21] can efficiently learn intrinsic shape features by 
mimicking the heat diffusion.

In this paper, we define a fast and simple intrinsic mesh convolution 
operator, called FanNet, for the shape correspondence problem that 
has many computer graphics applications ranging from morphing to 
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texture transfer. We generate fans around each vertex as a set of spokes 
(see Fig.  1), taking inspiration from geodesic fans [22,23] that have 
provided promising results in capturing curvature information in local 
surfaces. In our work, we apply FanNet to the task of dense shape 
correspondence between isometrically deformed shapes, i.e., shapes 
that differ by isometric transformations consisting of rotation, trans-
lation, and bending. The features obtained from our FanNet are fed to 
the multi-resolution functional map mechanism [21] to get the final 
mappings.

In order to show our method’s versatility, we also apply FanNet to 
the problem of shape classification. As in the shape correspondence, we 
use it to extract features and then we train a FanNet-based network to 
minimize a Cross Entropy loss.

Main Contributions. The main contributions of our study can be listed 
as follows:

(1) We introduce FanNet as a novel and simple intrinsic mesh con-
volution operator. To the best of our knowledge, we are the first 
to adapt the spoke idea to geometric deep learning and shape 
correspondence problem.

(2) We demonstrate that FanNet provides on-par or better perfor-
mance than the state-of-the-art performance for finding correct 
dense correspondences on two widely-used benchmark datasets, 
FAUST [24] and SCAPE [25].

(3) We show that FanNet provides competitive performance on 
other surface learning tasks such as classification.
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Fig. 1. FanNet uses fan-based ordering to serialize a neighborhood. The figure 
illustrates an example fan traversal on a triangle mesh. In order to avoid sensitivity to 
triangulation, it chooses the nodes corresponding to the specific radius values. Black 
nodes are included in the neighborhood of red node.

(4) We report that FanNet runs significantly faster than the state-
of-the-art feature extractor DiffusionNet [20], regardless of the 
task.

2. Related work

2.1. Geometric deep learning

Geometric deep learning [1,2] is a family of methods that ex-
tend vanilla deep networks to process non-Euclidean data, such as 
graphs and manifolds. It has been widely used on tasks ranging from 
node classification [26,27], graph classification [28], graph genera-
tion [29] to physical property prediction [30] and mesh deformation 
prediction [31].

In vanilla convolution, a fixed-size filter matrix (kernel), 𝑊 , slides 
over an input image to transform an input matrix to a feature map 
based on the values in the kernel: 

ℎ(𝑙+1)𝑣 = 𝜎

(

∑

𝑢∈𝑁(𝑣)
𝑊 (𝑙)

𝑢 ℎ(𝑙)𝑢 + 𝐵(𝑙)
𝑣 ℎ(𝑙)𝑣

)

, ∀𝑙 ∈ {0,… , 𝐿 − 1} (1)

where ℎ𝑖 denotes the representation (embedding) at position 𝑖 and the 
superscript (⋅)(𝑙) denotes the layer index, 𝑊 (𝑙) denotes the filter for the 
𝑙th layer, 𝐵(𝑙)

𝑣  is the weight for position 𝑣, and 𝜎(⋅) is a non-linear 
activation function, e.g., ReLU [32]. 𝑁(𝑣) is the neighborhood of 𝑣
formed as a grid; e.g. a grid of (𝑣 − 𝐹 , .., 𝑣 − 1, 𝑣, 𝑣 + 1,… , 𝑣 + 𝐹 ) × (𝑣 −
𝐹 , .., 𝑣−1, 𝑣, 𝑣+1,… , 𝑣+𝐹 ) with (𝐹 +1) × (𝐹 +1) elements for 2D data, 
for some integer 𝐹 . The initial, 0-th layer, embedding at position 𝑣 is 
the input: ℎ0𝑣 = 𝑥𝑣; and the embedding after the last layer is denoted 
by 𝑧𝑣 = ℎ(𝐿−1)𝑣 .

The regular grid neighborhood structure in Eq.  (1) is not suitable for 
non-Euclidean data such as meshes since neighborhoods are not regular 
as required in Eq.  (1). In a graph neural network, this can be addressed 
by extending Eq.  (1) to allow irregular neighborhood structures present 
in graphs. As such, convolution with such non-Euclidean structures, 
i.e., ‘‘graph convolution’’, allows nodes to aggregate information from 
their neighbors using neural networks: 

ℎ(𝑙+1)𝑣 = 𝜎

(

𝑊 (𝑙)
∑

𝑢∈𝑁(𝑣)

ℎ(𝑙)𝑢
|𝑁(𝑣)|

+ 𝐵(𝑙)
𝑣 ℎ(𝑙)𝑣

)

, ∀𝑙 ∈ {0,… , 𝐿 − 1} (2)

where 𝑢 and 𝑣 denote the nodes of the graph; and 𝑁(𝑣) defines the 
neighborhood of 𝑣 in the graph. The aggregator function in this equa-
tion is the most common message aggregator in the literature, wherein 
2 
each node computes a weighted average or sum of its incoming mes-
sages [33]. Sum and max aggregators can also be used.

CNNs can be viewed as special cases of GNNs with fixed number 
of neighbors and ordering among neighbors. Moreover, the kernel size 
for a CNN is pre-defined whereas a GNN can process graphs which 
have nodes of different degrees. Furthermore, a CNN is not permutation 
equivariant in that changing the order of variables in a neighborhood 
will result in different values.

2.2. Shape correspondence

We can analyze shape correspondence methods in three groups 
(see [34] for a recent review): registration-based, similarity-based and 
learning-based methods.

2.2.1. Registration-based methods
In registration-based solutions, two shapes are aligned by a reg-

istration process. This can be carried out by either deforming one 
shape towards the other shape [35–38] or by parameterization to a 
common domain such as extended complex plane [39], quotient mani-
fold [40,41] and sphere [42]. After registration, correspondence is ob-
tained by analyzing the closeness between aligned shape components. 
Deformation-based approaches are generally computationally intense 
and sensitive to the source shape selection, whereas parameterization 
approaches mostly require topology restrictions. Our learning-based 
approach, on the other hand, is free of these shortcomings.

2.2.2. Similarity-based methods
In similarity-based solutions, the original geometry of the input 

shapes is not modified. Instead, some shape descriptors are computed 
on nodes (pointwise) or between nodes (pairwise). Correspondence is 
directly obtained by examining the point-wise or pairwise similarity of 
shape elements. Since this approach avoids any parameterization and 
deformation process, it is more commonly used than the registration-
based approaches. A prominent example of this category is the func-
tional map concept introduced by Ovsjanikov et al. [43]. Instead of us-
ing traditional point-to-point correspondences, they match real-valued 
functions of the shape surfaces. This idea has been extended by many 
follow-up refinement algorithms including [44–46]. Traditional point-
to-point correspondence methods, on the other hand, directly work 
on pointwise and pairwise features over surfaces through different 
optimization techniques including Expectation–Maximization [47], dy-
namic programming [48], quadratic assignment [49], transport plans 
[50], genetic algorithms [51,52], and voting [53]. Due to lack of 
context and prior, this line of works may suffer from accuracy issues 
especially on challenging scenarios. Being a learning-based approach, 
our method can utilize such information.

2.2.3. Learning-based methods
Learning-based shape correspondence methods train a model on a 

shape-correspondence training set and this trained model is used on the 
testing set in order to predict correct correspondences.

Conventional machine learning based methods first extract hand-
crafted shape descriptors requiring prior knowledge from experts and 
then find correspondences from those descriptors using different ma-
chine learning methods. For example, van Kaick et al. [54] find part 
correspondences using the semantic information of the shapes. Litman 
and Bronstein [55] propose a method to learn spectral descriptors for 
deformable shape correspondence. Kim et al. [56] propose an algorithm 
that learns a probabilistic model of part-based template variations. In 
another approach, Rodola et al. [57] use random forests to produce 
dense shape correspondences. Corman et al. [58], on the other hand, 
try to extract the optimal set of descriptors using reference pairs with 
known mappings.

The rise of deep learning has led to promising applications in 
3D shape analysis. For example, Wei et al. [59] used a vanilla CNN 
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Fig. 2. Illustration of our shape-matching pipeline, which utilizes the features extracted by the FanNet architecture with multi-resolution functional maps with spectral attention 
framework. Our network takes as input a pair of shapes, 𝑆1 and 𝑆2 in a Siamese manner. It then extracts features to be passed onto the differentiable multi-resolution functional 
maps with spectral attention framework to get the resulting functional map 𝐂̂ of size 𝑘 × 𝑘 where 𝑘 denotes the size of the functional map. We impose the loss  during training.
architecture to find dense shape correspondences. Litany et al. [60] 
proposed deep functional maps to predict dense shape correspondences. 
Halimi et al. [61] utilized an unsupervised learning scheme for dense 
shape correspondence. Despite their promising results, these studies, 
however, utilized regular grid-like connections or receptive-fields pro-
vided by conventional deep networks, and therefore, they were not 
suitable for capturing non-Euclidean data.

Considering the limitations of grid-like processing in conventional 
deep networks, methods considering the non-Euclidean nature of 3D 
shapes have been proposed. These so-called geometric deep learning 
methods try to generalize deep learning methods to non-Euclidean data 
structures such as graphs and meshes. For example, Masci et al. [14] 
introduce the geodesic CNN architecture which is an intrinsic coun-
terpart of vanilla CNN. In another work, Boscaini et al. [15] pro-
pose anisotropic CNN, an improved version of geodesic CNN. Monti 
et al. [18] further generalize these concepts and propose mixture 
model CNN architecture to extract intrinsic features from graphs and 
manifolds. In another study, Verma et al. [62] present a graph con-
volution operator to determine the correspondences between filter 
weights and the nodes in a local neighborhood. Lim et al. [63] de-
fine the spiral neighborhood concept to learn the intrinsic geometric 
features. Gong et al. [64] also use the power of spiral serialization. 
But differently from [63], they create the spiral sequences just once. 
Li et al. [65] propose an anisotropic convolution operator for mani-
folds. Wiersma et al. [66] introduce a CNN architecture for surfaces 
which uses rotation-equivariant features. In fact, our method which 
will be discussed in Section 4 can be considered as a discrete mesh-
walking version of the continuous logarithmic map presented in [66]. 
In another work, Yang et al. [67] introduce a graph convolution kernel 
to learn intrinsic features directly from raw meshes. Sharp et al. [20] 
mimic the heat diffusion and use it to extract features from the input 
shapes and keep the spectral resolution of functional maps constant. Li 
et al. [21] also use the power of diffusion. But differently from [20], 
they apply an attentive spectral resolution mechanism when calculating 
the functional maps.

3. Background

3.1. Deep multi-resolution functional maps

Our approach uses the functional maps framework, which was ini-
tially presented in [43] and has since been expanded in various works, 
including [68] and others (for more information, refer to [69,70]). This 
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general approach is based on encoded maps between shapes utilizing 
a condensed basis representation which makes map optimization more 
streamlined and linear. Furthermore, this framework permits the de-
piction of natural restrictions, such as near-isometry or bijectivity, as 
linear-algebraic regularization.

A limitation of this framework is the estimation of descriptor func-
tions, which are crucial for calculating functional maps. Previous ap-
proaches have used shape features, particularly multi-scale diffusion-
based descriptors like Heat Kernel Signature (HKS) [71] and Wave 
Kernel Signature (WKS) [72], to address this challenge.

3.1.1. Deep functional maps
The Functional Maps approach suffers from the dependency on 

descriptor functions. The Deep Functional Map Pipeline [69] focuses 
on utilizing a feature extractor network with learnable parameters that 
extracts a set of descriptors to generate the Functional Map.

We are given a pair of meshes 𝑆1 and 𝑆2 with 𝑛1 and 𝑛2 vertices, 
respectively. The objective is to calculate a functional map between 𝑆1
and 𝑆2. The full pipeline can be explained with these four steps:

• For each mesh, the first 𝑘 eigenfunctions of the Laplace–Beltrami 
operator [73] are computed. These are stored as matrices, namely 
𝛷1 ∈ R𝑛1×𝑘 and 𝛷2 ∈ R𝑛2×𝑘.

• As the second step, features are extracted using a feature extractor 
network [20,66] and a function 𝜃 is obtained with learnable 
parameters 𝜃. For the meshes 𝑆1 and 𝑆2, 𝜃(𝑆1) ∈ R𝑛1×𝑑 and 
𝜃(𝑆2) ∈ R𝑛2×𝑑 are calculated, where 𝑑 is the number of features. 
Then they are projected onto the corresponding eigenfunctions 𝛷1
and 𝛷2 and the coefficients are stored as matrices 𝐀𝟏,𝐀𝟐 ∈ R𝑘×𝑑 .

• In order to find the ideal functional map 𝐂 ∈ R𝑘×𝑘, the following 
optimization problem is solved: 
𝐂 ← argmin

𝐂′
‖𝐂′𝐀𝟏 − 𝐀𝟐‖

2 + 𝛼‖𝐂′𝜟1 − 𝜟2𝐂′
‖

2, (3)

where the first term supports preservation of the features, and 
the last term is for regularization of the map. 𝜟1 and 𝜟2 are the 
diagonal matrices of eigenvalues of Laplacian operators.

• Finally, the map 𝐂 can be converted to a point-to-point map using 
nearest neighbor search between the aligned spectral embeddings 
𝛷1𝐂⊤ and 𝛷2. Also post-refinement [45,46] can be applied during 
this process.

To train the feature extractor network 𝜃 , a set of training and 
test shape pairs are defined. The functional map between the two 
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shapes can be obtained in a differentiable manner using the closed 
form solution of Eq.  (3), making it suitable for training the extractor to 
get better descriptor functions. During training, the network seeks to 
reduce the Frobenius Loss defined on the Functional Map 𝐂 estimated 
using extracted descriptor functions 𝜃(𝑆1) and 𝜃(𝑆2). As highlighted 
in [21], the Functional Map size 𝑘× 𝑘 is a critical hyperparameter that 
can significantly impact the quality of the Functional Map.

3.1.2. Multi-resolution functional maps
The accuracy of existing functional map learning methods heavily 

depends on selecting the spectral resolution hyperparameter. If this 
parameter is not chosen carefully, it can result in overfitting or reduced 
accuracy. Multi-resolution Functional Maps with Spectral Attention 
Framework [21] proposes a framework to alleviate spectral resolution 
tuning by training the framework to adapt the spectral resolution 
depending on the given shape input. The framework calculates a series 
of 𝑛 functional maps  = {𝐂𝑖}𝑛𝑖=1 at multiple resolutions where each 
map 𝐂𝑖 is calculated using Eq.  (3) and is of size 𝑘𝑖 × 𝑘𝑖. For 𝐂𝑖+1, 
𝑘𝑖+1 = 𝑘𝑖 + 𝜏, which means 𝛷1 and 𝛷2 have 𝜏 more eigenfunctions.

After this step, the framework calculates a soft attention weight 
𝛼𝑖 ∈ [0, 1] for each map 𝐂𝑖 to indicate its contribution to the final 
map. To this end, first let 𝛷𝑖

1 and 𝛷𝑖
2 be the matrices of the first 𝑘𝑖

eigenfunctions on 𝑆1 and 𝑆2 as defined in Section 3.1.1. The spectral 
alignment residual 𝑟𝑖𝑞 for a point 𝑞 ∈ 𝑆2 is defined as follows: 

𝑟𝑖𝑞 = min
𝑝∈𝑆1

𝛿𝑖𝑞𝑝, 𝛿𝑖𝑞𝑝 = ‖(𝛷𝑖
2[𝑞])

⊤ − 𝐂𝑖(𝛷𝑖
1[𝑝])

⊤
‖2, (4)

where the 𝑝th row of the matrix 𝛷𝑖
1 and the 𝑞th row of the matrix 𝛷𝑖

2
are represented by 𝛷𝑖

1[𝑝] and 𝛷𝑖
2[𝑞], respectively. Across , the feature 

vector 𝐫𝑞 =
[

⋯ , 𝑟𝑖𝑞∕
√

𝑘𝑖, 𝑟𝑖+1𝑞 ∕
√

𝑘𝑖+1, ⋯
]⊤

 for the point 𝑞 indicates 
the confidence of each map 𝐂𝑖 at the point 𝑞. Then, these residuals 
{𝐫𝑞}𝑞∈𝑆2

 are fed into the spectral attention network 𝛹  with learnable 
parameters 𝛹 which is built upon PointNet [17]. This network provides 
the spectral attention weights 𝛼𝑖 where ∑𝑛

𝑖=1 𝛼
𝑖 = 1. After that, a 

differential spectral upsampling procedure [45] is applied to make all 
the maps of the same size. As the final step, all the maps are assembled 
into a final map by following linear combination: 

𝐂̂ =
𝑛
∑

𝑖=1
𝛼𝑖𝐂𝑖. (5)

4. Our method: FanNet

In this section, we introduce our FanNet in detail. As illustrated in 
Fig.  2, our approach to dense shape correspondence has two main com-
ponents: Extracting features using FanNet and calculating functional 
maps using AttentiveFmaps [21].

With FanNet, we introduce a novel fan-like neighborhood definition 
for graph neural networks. Our fan-like neighborhood definition is 
based on spokes, i.e., rays, that start at a center vertex and spread 
along paths, which are approximately equally distant with respect to 
each other. We take inspiration from geodesic fans [22,23], which form 
spokes starting from the center vertex and going along the surface. To 
the best of our knowledge, we are the first to adapt spokes to geometric 
deep learning and apply to the problem of shape correspondence.

4.1. Problem definition

Given a pair of meshes 𝑆1 and 𝑆2, we are interested in finding a one-
to-one mapping 𝑓 ∶ 𝑆1 → 𝑆2 that matches the vertices of the reference 
mesh 𝑆1 with the vertices of the target mesh 𝑆2. In our case, 𝑓 is a 
parametric function with parameters 𝜃, and we are interested in finding 
𝜃 using geometric deep learning, namely graph convolution as defined 
in Section 2.1.
4 
4.2. Fan construction

In our method, we serialize the neighboring vertices as the spokes 
of a fan (see Fig.  1). In particular, a fan consists of a set of 𝑛 spokes, 
𝑠1,… , 𝑠𝑛, where each spoke 𝑠𝑖 contains varying number of vertices. 
Each spoke has a set of edges marching out across the surface from the 
starting vertex. In this way, we form a local neighborhood map around 
each vertex of the mesh.

Fan construction includes two steps: (1) Generating the spokes for 
a starting vertex. (2) Forming a fan from the spokes for each vertex. 
In the following, we explain these two steps in more detail — see also 
Algorithm 1.

4.2.1. Spoke generation
First we set 𝑘 many radii (Fig.  4). When finding the paths, we sum 

the edge lengths for each spoke. When this sum reaches a radius value, 
the last vertex in the path is selected as the representative vertex for 
that radius. All spokes are of nearly equal length. This process continues 
until all radius values are matched (Algorithm 1). In this way, spokes 
will include varying number of vertices, which ensures the fan-based 
neighborhood to be less sensitive to mesh triangulation. That is, as 
shown in Fig.  4, fans can span more vertices in dense regions of the 
mesh and less vertices in sparser regions.

We start from the initial vertex 𝑣, select a first degree neighbor 
vertex 𝑢 as the first vertex of the spoke (𝑠𝑖 = {𝑢}) and grow the spoke 𝑠𝑖
until it finds the representative vertex for each radius. While expanding 
the spoke beyond vertex 𝑢, at each step, we add a vertex that keeps the 
spoke as straight as possible (Fig.  3). To do this, while evaluating the 
neighbors of 𝑢, we first calculate difference vectors 𝑥𝑗 = 𝑣𝑗 − 𝑢, for 
each 𝑣𝑗 ∈ 𝑁(𝑢), and choose as the next vertex for 𝑠𝑖, 𝑢′, which is the 
straightest with respect to 𝑥0 = 𝑣 − 𝑢:

𝑢′ ← argmin
𝑣𝑗∈𝑁(𝑢)

|

|

|

|

|

arccos
( 𝑥𝑗
‖𝑥𝑗‖

⋅
𝑥0

‖𝑥0‖

)

− 𝜋
|

|

|

|

|

, (6)

𝑠𝑖 ← 𝑠𝑖 ∪ 𝑢′.

This process is repeated by setting 𝑣 ← 𝑢 and 𝑢 ← 𝑢′ until the spoke 𝑠𝑖
contains all representative vertices for each radius.

Spoke generation can be considered as an edge-constrained instance 
of straightest geodesics [74].

Algorithm 1 Fan construction method as a Python-like pseudocode.

# Step 1: Spoke Generation -- Section 3.2.1
spokes = generate_spokes(mesh, v) # v: starting/initial vertex
# Step 2: Select/Form Fan from Generated Spokes -- Section 3.2.2
fan = [] # the fan around the starting vertex, v
radii = [R1, R2, ..., Rk] # k radii for k spheres
for spoke in spokes:

 cur_vertex = v
for radius in radii:

 path_length = 0
for next_vertex in spoke:

 path_length += edge_length(cur_vertex, next_vertex)
if path_length >= radius:

 fan.append(next_vertex)
break

 cur_vertex = next_vertex # Continue along the path

4.2.2. Forming fans from spokes
We define a fan 𝐹 (𝑣; 𝑛, 𝑘) centered at vertex 𝑣 with 𝑛 spokes each 

with 𝑘 representative vertices as: 

𝐹 (𝑣; 𝑛, 𝑘) = {𝑣} ∪
𝑛
⋃

𝑖=1
𝑠𝑖(𝑘), (7)

where 𝐹 (⋅; ⋅, ⋅) denotes the fan sequence of a node. For instance, 
𝐹 (𝑣0; 3, 5) represents the fan centered at vertex 𝑣0 with 3 spokes and 
each spoke having 5 representative vertices.
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Fig. 3. Spoke generation: While growing a spoke from vertex 𝑢, we choose the vertex that keeps the spoke as straight as possible (Eq.  (6)). For the example in the figure, this is 
the vertex along 𝑥⃗3.
Fig. 4. Green circles represent the radius values. Black nodes are the representative 
vertices for each radius. In this fan sample, there are 3 spokes each of which starts 
with the red node and end with the second radius.

The number of spokes 𝑛 and the values for 𝑘 radii are hyper-
parameters of FanNet that need to be tuned for a problem. The starting 
vertex 𝑣 could have 𝑚 neighbors (as illustrated in Fig.  4). If 𝑚 > 𝑛, 𝑛
spokes are randomly selected from 𝑚 spokes at vertex 𝑣. If 𝑚 < 𝑛, 𝑛−𝑚
randomly selected spokes are repeated from 𝑚 spokes to have 𝑛 spokes 
in total. If 𝑚 = 𝑛, all spokes are included.

4.3. Fan convolution

In FanNet, we take the vertices in a fan, serialize them in an order, 
and apply convolution on this serialized neighborhood: 

ℎ(𝑙+1)𝑣 = 𝜎

(

𝑊 (𝑙)

(

⨁

𝑢∈𝐹 (𝑣;𝑛,𝑘)
ℎ(𝑙)𝑢

)

+ 𝐵(𝑙)
𝑣 ℎ(𝑙)𝑣

)

, ∀𝑙 ∈ {0,… , 𝐿 − 1} (8)

where ⨁ denotes the concatenation operator which is used to concate-
nate the embeddings for the vertices in the fan defined by 𝐹 (𝑣; 𝑛, 𝑘)
(Algorithm 2). 𝑊 (𝑙) and 𝐵(𝑙)

𝑣  denote the weight and bias for the layer 
where 𝑊 (𝑙) ∈ R𝑑𝑙+1×(𝑛⋅𝑘⋅𝑑𝑙 ) and 𝐵(𝑙) ∈ R𝑑𝑙+1×𝑑𝑙 .
𝑣
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Algorithm 2 FanNet forward-pass as a Pytorch-like pseudocode.

# x: input mesh, shape: num_nodes x num_features
# x type: FloatTensor
# num_features = 128 for HKS
# indices: neighboring indices for each node of x
# indices shape: num_nodes x seq_length, type: IntTensor
# seq_length: number of neighbors for each node
# in_channels = num_features
FC = nn.Linear(in_channels * seq_length, out_channels)
num_nodes = indices.size(0) # Obtain the number of vertices
# Concat vertices with their neighbors  -- Section 3.3
x = torch.index_select(x, 0, indices.view(-1))
x = x.view(num_nodes, -1)
# Obtain the features for x, shape: num_nodes x out_channels
x = FC(x)
x = nn.ELU(x) # Exponential Linear Unit as the nonlinearity

4.4. Overall architecture and objective

In our approach, we take meshes 𝑆1 and 𝑆2 and extract features 
𝜃(𝑆1) and 𝜃(𝑆2) using our FanNet as the feature extractor network. 
Afterwards, using Eq.  (3), we calculate multiple Functional Maps  =
{𝐂𝑖}𝑛𝑖=1 as explained in Section 3.1.2. Then, using AttentiveFmaps [21], 
we specify a soft attention weight 𝛼𝑖 ∈ [0, 1] for each map and merge 
these representations into a unified and consistent final map 𝐂̂ using 
Eq.  (5).

Our network is trained in a supervised manner similar to Atten-
tiveFmaps [21]. We formulate the loss on the final map output 𝐂̂, as 
shown in Fig.  2. The loss  for the final map 𝐂̂ is formulated as: 

 = 𝐿(𝐂̂), (9)

where 𝐿(𝐂) is the penalty for a given map 𝐂. We define the map penalty 
𝐿(𝐂) = ‖𝐂−𝐂𝑔𝑡

‖

2, where the Frobenius norm is used. The ground-truth 
functional map 𝐂𝑔𝑡 has the same spectral resolution as 𝐂 and can be 
obtained by projecting the point-to-point map onto the reduced spectral 
basis.

We also train our network in an unsupervised manner. In this case, 
we define the map penalty as 𝐿(𝐂) = ‖𝐂⊤𝐂 − 𝐈‖2 following [70].
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Table 1
Vertex count ratios per degree for FAUST and SCAPE.
 Degree Datasets

 FAUST SCAPE 
 4 0.9% 0.7%  
 5 19.3% 20.1% 
 6 59.8% 58.8% 
 7 18.9% 19.2% 
 8 1.0% 1.0%  
 other < 1.0% < 1.0% 

5. Experiments

The source code for the implementation is available at https://
github.com/sucugunes/FanNet.

5.1. Experimental and implementation details

5.1.1. Datasets
We used two commonly-used benchmark datasets in our experi-

ments.
FAUST [24]. FAUST contains triangulated meshes of 10 human 

subjects, with each subject in 10 different poses, and includes one-to-
one correspondence between meshes of these different poses. We used 
this dataset in accordance with the train–test configuration of [21] for 
a fair comparison: The first 80 meshes were used in the training set, 
and the remaining 20 meshes were used in the test set.

SCAPE [25]. SCAPE contains 71 human meshes in different poses. 
The first 51 meshes were used in the training set, and the remaining 20
meshes were used in the test set (again in accordance with [21]). SCAPE 
is considered to be more challenging than FAUST since the shapes are 
less regular, and two shapes never share the same pose.

For both datasets, we use the more challenging remeshed versions 
rather than the original datasets.

5.1.2. FanNet and training details
The FAUST and SCAPE datasets have varying degrees for its ver-

tices. Table  1 indicates that nearly 60% of vertices in both FAUST 
and SCAPE datasets have 6 neighbors. Therefore, taking into account 
the most common degree, we design FanNet with 6 spokes. FanNet 
performs repeated sampling if a vertex’s degree is less than 6.

Our network architecture has a sequence of linear and graph con-
volutional layers: Lin(128) → FanConv(256) → FanConv(256) → Fan-
Conv(256) → Lin(256) → Lin(𝑁), where the output channel size of each 
layer is denoted by the given numbers. 𝑁 is the number of features 
produced by FanNet which is equal to 256. After the first linear layer 
and all the convolutional layers, exponential linear unit (ELU) [75] is 
used as non-linearity. Note that the kernel size depends on both the 
selected spoke length and the number of spokes per vertex.

To train on the FAUST and SCAPE datasets, we use HKS as input to 
the feature extractor backbone FanNet. The dimensionality of HKS is 
128. We use ADAM optimizer with a learning rate which is set to 10−4.

5.2. Experiment 1: Comparison with the baselines

We compare our method with existing supervised and unsuper-
vised learning based non-rigid shape matching approaches includ-
ing FMNet [60], 3D-CODED [76], HSN [66], ACSCNN [65], Trans-
Match [77], GeomFmaps [68], AttentiveFmaps [21], SURFM-Net [70], 
UnsupFMNet [61], NeuroMorph [78], DeepShells [79], WTFM [80], 
SSCDFM [81], URSSM [82] and SyncDiff [83]. In GeomFmaps, we use 
DiffusionNet as the feature extractor, same as in AttentiveFmaps.

Table  2 tabulates the shape correspondence performances of the 
methods in terms of mean geodesic error on unit-area shapes [39]. 
Best results are shown in bold and the second best results are shown 
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as underlined. There are 12 train–test scenarios in total. In 10 of 
them our method gives the best result or the second best result 
compared to the baselines. For supervised training, in SCAPE-SCAPE 
and FAUST+SCAPE-SCAPE scenarios, it gives the state-of-the-art per-
formance. For unsupervised training, in FAUST+SCAPE-SCAPE sce-
nario, it gives the state-of-the-art performance. In FAUST-FAUST and 
FAUST+SCAPE-FAUST settings, it gives a competitive result compared 
to the state of the art. In FAUST-SCAPE and SCAPE-FAUST settings, it 
is still competitive but slightly worse than the best results.

5.3. Experiment 2: Ablation analysis

In this part, we first analyze the effect of the average pooling. 
Table  3 shows the shape correspondence performances obtained with 
FanNet+average pooling on different datasets. Here, after the FanNet 
layer an average pooling layer is added to the model. This pooling layer 
takes the average of neighboring nodes along with the central node and 
updates the value of central node with the average value found. We see 
that, this addition especially improves the SCAPE-FAUST scenario for 
FanNet.

We also analyze the compatibility of our feature extractor with 
different matching procedures. After the feature extraction process, this 
time we use the unsupervised matching procedure URSSM presented 
by Cao et al. [82]. Table  4 shows the comparison between FanNet and 
FanNet+URSSM. We see that our feature extractor works compatible 
with a matching procedure other than AttentiveFmaps.

5.4. Experiment 3: Qualitative analysis

In this part, we evaluate FanNet qualitatively with certain texture 
transfer results. Our goal here is to visually show how accurately the 
vertices on the reference shape are mapped to the vertices on the target 
shape.

As shown in Fig.  5, for the shapes in the first row, AttentiveFmaps 
fails for the belly and left arm but FanNet produces accurate mappings. 
For the shapes in the second row, AttentiveFmaps fails for the waist and 
belly but FanNet again produces accurate mappings.

In Fig.  6 we can see that FanNet again produces accurate mappings 
on different pairs of the FAUST testing set. Namely, we perform inter- 
and intra-matchings, where the former takes place between different 
people in different poses, whereas the latter is matching the different 
poses of the same person.

5.5. Experiment 4: Vertex degree analysis

In this part, we evaluate FanNet in terms of correct correspondences 
per vertex degree. Our goal here is to measure the effect of degree 
variance on shape correspondence performance. In Table  5 and Fig.  7 
we can see that for zero geodesic error threshold, our method gives 
better results for degrees higher than 4. For the remaining geodesic 
threshold values, FanNet gives similar performances for vertices of 
different degrees. For example, FanNet finds correct correspondences 
for vertices having 6 neighbors (most common degree) on target shapes 
with an accuracy of 83.5% for the threshold value of 0.02. Threshold 
values can be interpreted geometrically by noticing that the maximum 
geodesic distance over the mesh, i.e., the diameter, is 1.

5.6. Experiment 5: Geodesic error analysis

In this part, we compare methods using geodesic error. The purpose 
of this analysis is to identify the vertices that the method incorrectly 
classifies and to measure the degree of inaccuracy in terms of geodesic 
distance. In other words, if a vertex on the reference shape is mapped 
to a wrong vertex on the target shape, we try to understand whether 
the wrong mapping is within tolerable distances. Fig.  8 shows that our 
method gives the best performance when the margin of error is 0. As 
the margin of error increases, error curve of FanNet still remains on 
the top. We use Princeton benchmark protocol [39] to analyze geodesic 
errors.

https://github.com/sucugunes/FanNet
https://github.com/sucugunes/FanNet
https://github.com/sucugunes/FanNet
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Table 2
Mean geodesic error (×100) on FAUST and SCAPE.
 Train on → FAUST SCAPE FAUST+SCAPE

 Test on → FAUST SCAPE FAUST SCAPE FAUST SCAPE 
 

su
pe
rv
ise
d

FMNet [60] 11.0 30.0 33.0 30.0 − −  
 3D-CODED [76] 2.5 31.0 33.0 31.0 − −  
 HSN [66] 3.3 25.4 16.7 3.5 − −  
 ACSCNN [65] 2.7 8.4 6.0 3.2 − −  
 TransMatch [77] 2.7 33.6 18.6 18.3 2.7 18.6  
 TransMatch + Refine 1.7 30.4 15.5 12.0 1.6 11.7  
 GeomFmaps [68] 2.6 3.6 2.9 2.9 2.6 2.9  
 AttentiveFmaps [21] 𝟏.𝟒 𝟐.𝟐 𝟏.𝟕 1.8 𝟏.𝟑 1.8  
 FanNet (Ours) 𝟏.𝟒 2.9 2.7 𝟏.𝟔 1.4 𝟏.𝟔  
 

un
su
pe
rv
ise
d

SURFMNet [70] 15.0 32.0 32.0 12.0 33.0 29.0  
 UnsupFMNet [61] 10.0 29.0 22.0 16.0 11.0 13.0  
 NeuroMorph [78] 8.5 28.5 18.2 29.9 9.1 27.3  
 DeepShells [79] 1.7 5.4 2.7 2.5 𝟏.𝟔 2.4  
 GeomFmaps [68] 3.5 4.8 4.0 4.3 3.5 4.4  
 AttentiveFmaps [21] 1.9 2.6 2.2 2.2 1.9 2.3  
 WTFM [80] 2.5 2.7 2.8 2.5 − −  
 SSCDFM [81] 1.7 2.6 2.0 2.2 − −  
 URSSM [82] 1.6 𝟐.𝟐 𝟏.𝟔 1.9 𝟏.𝟔 2.1  
 SyncDiff [83] 𝟏.𝟓 − − 𝟏.𝟖 − −  
 FanNet (Ours) 1.7 3.4 3.2 𝟏.𝟖 𝟏.𝟔 𝟏.𝟗  
Table 3
Ablation analysis for FanNet with average pooling. Mean geodesic error (×100) on FAUST and SCAPE.
 Train on → FAUST SCAPE FAUST+SCAPE

 Test on → FAUST SCAPE FAUST SCAPE FAUST SCAPE 
 sup FanNet 1.4 𝟐.𝟗 2.7 1.6 1.4 1.6  
 FanNet + pooling 𝟏.𝟑 3.3 𝟐.𝟒 𝟏.𝟓 𝟏.𝟑 𝟏.𝟓  
 unsup FanNet 𝟏.𝟕 𝟑.𝟒 3.2 1.8 𝟏.𝟔 1.9  
 FanNet + pooling 1.8 3.7 𝟐.𝟗 1.8 1.7 1.9  
Table 4
Ablation analysis for FanNet with different matching procedures. Compatibility analysis.
 Train on → FAUST SCAPE FAUST+SCAPE

 Test on → FAUST SCAPE FAUST SCAPE 
 unsup FanNet 1.7 1.8 𝟏.𝟔 1.9  
 FanNet + URSSM 𝟏.𝟔 𝟏.𝟕 𝟏.𝟔 𝟏.𝟖  
ig. 5. Examples of texture transfer for FanNet and Attentive Fmaps. Train–test setting: unsupervised training on FAUST+SCAPE and testing on SCAPE. In the regions surrounded 
y red circles, FanNet produces more accurate mappings compared to AttentiveFmaps.
7 
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Fig. 6. Examples of texture transfer for FanNet. Train–test setting: supervised training on FAUST and testing on FAUST. FanNet can handle both inter (left) and intra (right) 
matchings.
Fig. 7. Correct correspondence (%) vs Geodesic Error. Each color represents a different vertex degree.
Fig. 8. A comparison of the methods in terms of geodesic error. (a) Train–test setting: supervised training on SCAPE and testing on SCAPE. (b) Train–test setting: unsupervised 
training on FAUST+SCAPE and testing on FAUST.
Table 5
Correct correspondence ratios per vertex degree for each geodesic error threshold. 
Train–test setting: supervised training on FAUST and testing on FAUST.
 Vertex degree Geodesic error threshold
 0 0.02 0.04 0.06  
 4 32.5% 85.5% 99.5% 100.0% 
 5 40.2% 81.8% 99.6% 99.9%  
 6 41.7% 83.5% 99.6% 99.8%  
 7 40.8% 82.7% 99.5% 99.9%  
 8 44.1% 84.6% 100.0% 100.0% 
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5.7. Experiment 6: Performance on classification task

In this experiment, we use FanNet to classify meshes in the
commonly-used SHREC-11 dataset [84], which has 30 classes with each 
class having 20 shapes. Aligned with the compared methods, we use 
10 samples per class during training, repeat the experiment 10 times 
with random training splits and report the average performance over 
these 10 runs. We train a 256-width FanNet for hks features to minimize 
Cross-Entropy Loss. The classification results in Table  6 show that, 
when applied on the original meshes or the simplified versions, FanNet 
provides on-par performance with the state-of-the-art DiffusionNet.
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Fig. 9. Average running time per run for (a) training and (b) testing on SCAPE, calculated over 10, 45, and 190 shape pairs respectively over 5 runs.
.

Table 6
SHREC11 classification. Results marked by † are trained and tested on simplified meshes
 Method Accuracy 
 GWCNN [85] 90.3%  
 MeshCNN† [86] 91.0%  
 HSN† [66] 96.1%  
 MeshWalker† [87] 97.1%  
 PD-MeshNet† [88] 99.1%  
 HodgeNet† [89] 94.7%  
 FC† [90] 99.2%  
 DiffusionNet [20] - xyz† 99.4%  
 DiffusionNet [20] - xyz 99.0%  
 DiffusionNet [20] - hks† 99.5%  
 DiffusionNet [20] - hks 99.7%  
 FanNet (Ours) - hks† 99.2%  
 FanNet (Ours) - hks 99.5%  

Table 7
Average running time per run for training and testing on SCAPE, calculated over 10, 
45, and 190 shape pairs respectively over 5 runs.
 #Shape pairs Training time (s) Testing time (s) 
 DiffusionNet [20]
 10 0.357 ± 0.010 0.352 ± 0.014  
 45 1.609 ± 0.019 1.603 ± 0.015  
 190 6.724 ± 0.107 6.509 ± 0.041  
 FanNet (Ours)
 10 𝟎.𝟎𝟐𝟓 ± 𝟎.𝟎𝟎𝟒 𝟎.𝟎𝟏𝟗 ± 𝟎.𝟎𝟎𝟏  
 45 𝟎.𝟎𝟗𝟖 ± 𝟎.𝟎𝟎𝟒 𝟎.𝟎𝟕𝟓 ± 𝟎.𝟎𝟎𝟐  
 190 𝟎.𝟒𝟎𝟖 ± 𝟎.𝟎𝟎𝟗 𝟎.𝟑𝟐𝟐 ± 𝟎.𝟎𝟎𝟗  

5.8. Experiment 7: Running time analysis

For these experiments, we use a machine equipped with an Nvidia 
Quadro RTX 4000 GPU to evaluate the running time of our method and 
the competitor methods. Note that precomputation is not included in 
the timing cost when evaluating the methods.

Shape Correspondence. In this experiment, we evaluate the running 
time of our method and DiffusionNet, the closest competitor method
[20]. The analysis is performed over the SCAPE dataset both in training 
and testing (inference) mode. We report runtime measurements (listed 
in Table  7 and plotted in Fig.  9 to highlight the gap) for the feature 
extractor networks only (FanNet vs. DiffusionNet), across varying batch 
sizes (i.e., different numbers of shape pairs per run). The running-time 
results reflect the runtime behavior of the two models, and demonstrate 
that our method runs notably faster (×15.7 on training and ×20.1 on 
testing) than DiffusionNet during training and testing.

Shape Classification. In this experiment, we evaluate the running 
time of our method and DiffusionNet, the closest competitor method
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Table 8
Average running time per run for training and testing on SHREC11 (calculated over 5 
runs each having 300 iterations).
 Training time (s) Testing time (s) 
 DiffusionNet [20] 9.883 ± 0.072 2.808 ± 0.007  
 FanNet (Ours) 𝟏.𝟔𝟗𝟑 ± 𝟎.𝟎𝟐𝟕 𝟎.𝟒𝟏𝟐 ± 𝟎.𝟎𝟏𝟏  

[20]. The analysis is performed over the simplified meshes of SHREC11
dataset both in training and testing (inference) mode. The running-
time results in Table  8 suggest that our method runs much faster (×5.8
on training and ×6.8 on testing) than DiffusionNet during training and 
testing.

As we can see, running time difference is significant regardless of 
the task (correspondence or classification). FanNet’s lightweight con-
struction (no spectral convolutions, no diffusion) allows it to run sig-
nificantly faster than DiffusionNet which relies on solving PDE-inspired 
diffusion layers.

6. Conclusion

We have presented a novel intrinsic mesh convolution operator, 
named FanNet, for learning dense maps. FanNet is a very simple, fast 
and easy to implement mesh convolution operator. FanNet defines a 
local neighborhood around each vertex as a Fan and uses this neigh-
borhood to capture local geometric structure of a mesh. As summarized 
in Algorithm 2, FanNet takes the previously calculated indices in a fan-
shaped order and use them to aggregate node features. Subsequently, it 
encodes vertex features combined within local neighborhood with the 
help of a fully connected layer.

We have shown that FanNet is a versatile method which works 
well in shape correspondence tasks with different matching procedures 
under both supervised and unsupervised settings. Furthermore, it can 
be applied to other mesh problems such as mesh classification.

We have demonstrated that thanks to its lightweight design FanNet 
runs notably faster than the prior art.

We have extensively evaluated our approach on two commonly-
used shape correspondence benchmarks, FAUST and SCAPE. Our re-
sults have shown that FanNet provides better or on par performance 
compared to prior work.

The success of FanNet stems from the power of Fans spanning a 
large region of the surface when constructing the local neighborhood. 
This allows including meaningful information about the local surface 
structure around a vertex. Also FanNet computes spokes dynamically 
based on local surface characteristics. This enables Fans to span larger 
regions around low curvature surfaces.
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6.1. Limitations and future work

While FanNet demonstrates strong performance in near-isometric 
shape correspondence, its effectiveness decreases in highly
non-isometric scenarios. This is partly due to its reliance on intrin-
sic neighborhoods, which are less stable under large deformations. 
Additionally, FanNet’s fan construction can be sensitive to mesh tri-
angulation, since it depends on local connectivity. Despite this, FanNet 
remains efficient, simple to implement, and competitive with strong 
baselines. In future work, our work can be extended in different ways. 
For example, FanNet can be easily applied to the problem of match-
ing partial shapes. Moreover, the neighborhood calculation can be 
extended to be more dynamic with respect to local surface structure and 
triangulation. For example, deformable convolution can be considered 
when constructing the local neighborhood around a vertex. This way 
Fans would be even less dependent on the triangulation. Moreover, 
geodesic fans can be considered during fan construction. This may 
allow Fans spread along the surface more smoothly. Another promis-
ing direction is to explore resolution-invariant designs that decouple 
network capacity from fan size, using attention-based aggregation or 
adaptive pooling to handle variable-length input sequences. Another 
avenue is to incorporate learned downsampling or hierarchical archi-
tectures to balance detail sensitivity with computational efficiency. 
On a related note for efficiency, our spectral method can also benefit 
from spectrum-preserving simplification techniques [91] to accelerate 
Laplacian-based functional maps computations by significantly reduc-
ing the complexity of the mesh representations while maintaining 
accuracy.
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