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Graph Structure Learning (GSL) methods address the limitations of real-world graphs by refining their structure
and representation. This allows Graph Neural Networks (GNNs) to be applied to broader unstructured domains
such as 3D face analysis. GSL can be considered as the dynamic learning of connection weights within a
layer of message passing in a GNN, and particularly in a Graph Convolutional Network (GCN). A significant
challenge for GSL methods arises in scenarios with limited availability of large datasets, a common issue in
3D face analysis, particularly in medical applications. This constraint limits the applicability of data-intensive
GNN models, such as Graph Transformers, which, despite their effectiveness, require large amounts of training
data. To address this limitation, we propose the Kernel-Attentive Graph Convolutional Network (KA-GCN). Our
key finding is that integrating kernel-based and attention-based mechanisms to dynamically refine distances
and learn the adjacency matrix within a Graph Structure Learning (GSL) framework enhances the model’s
adaptability, making it particularly effective for 3D face analysis tasks and delivering strong performance
in data-scarce scenarios. Comprehensive experiments on the Facescape, Headspace, and Florence datasets,
evaluating age, sexual dimorphism, and emotion, demonstrate that our approach outperforms state-of-the-art
models in both effectiveness and robustness, achieving an average accuracy improvement of 2%. The project
page is available on GitHub '.

1. Introduction

In recent decades, Graph Neural Networks (GNNs) [1] have emerged
as a valuable tool for learning from graph-structured data. GNNs have
been successfully applied in several domains, including computer vi-
sion [2,3], natural language processing [4], chemistry [5], physics [6],
biology [7], traffic networks [8], and recommendation systems [9].

The effectiveness of GNNs can be attributed to their ability to
take advantage of the abundant information present in both graph
structure and attributes, exploiting a message-passing mechanism to
calculate global information, called states, for each local node [10].
Nevertheless, it is important to acknowledge that real-world graphs
are often incomplete and noisy, which presents a major hurdle when
applying GNNs to practical problems. GNNs exhibit high sensitivity to
the quality of the provided data, which typically requires a denoised
graph structure to effectively learn informative representations [11,12].
In some fields, the structure is provided directly, dealing with objects
with an inherently defined graph structure, such as molecules or phys-
ical systems. On the other hand, in non-structural scenarios where the
graph structure is not explicitly defined in the data, it is essential to
carefully consider how to establish or acquire it [13]. Examples of
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application domains necessitating graph structure definition include
natural language processing [4] and computer vision [14,15].

Recently, a considerable amount of literature explored the central
idea of Graph Structure Learning (GSL) [11,12,16]. GSL aims to learn
an optimized graph structure along with corresponding representations.
According to [13], GSL approaches can be categorized into three areas:
metric learning, probabilistic modeling, and direct optimization. Here,
we focus in particular on metric learning methods, where edge weights
are calculated by learning a metric function between the two end
nodes. Interestingly, GSL can be conceptually viewed as part of a
message-passing layer within a GNN, where the adjacency matrix is
learned dynamically together with the other updating weights. Notable
examples are GAT [17] and Transformer [18] graph convolutional
layers, which exploit the correlations between nodes to derive the edge
weights.

Although the guiding principle behind the learning of the adjacency
matrix can be applied in any field, our focus in this study is on the
unique characteristics of 3D faces [19,20],to determine the optimal
graph structure for the various tasks in which 3D faces are used. 3D
faces, unlike molecules, miss a predefined graph structure. The nodes
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in the graph can be accurately determined by a set of facial land-
marks [1,21], but the challenge of determining potentially weighted
links between these nodes remains unresolved. Another challenge to
consider when working on 3D face analysis is the potential scarcity of
data. This issue is particularly prominent in real-world scenarios like
medical contexts, where there are limited samples to represent various
categories (for example, rare diseases), making the task of learning
particularly harsh. In fact, most of the existing 3D face datasets are
significantly limited in the amount of data they offer. The biggest
datasets available are still very limited: the Bosphorus dataset [22]
contains 4666 samples, BU-3DFE [23] includes 2500 samples, and
FaceScape [24] has 18760 samples. This scarcity reduces the perfor-
mance of models specifically designed for large-scale problems, such
as Transformers [25], requiring the introduction of architectural biases
to enhance the model’s accuracy.

The method we propose is framed within attentive models, leverag-
ing their ability to focus on critical nodes while discarding irrelevant
computations. In particular, it is based on the intuition that incorpo-
rating the concepts of proximity and distance between nodes into the
attention mechanism serves as inductive positional bias [26-29], mak-
ing it especially effective for small sample size problems. To accomplish
this, we propose a kernel mechanism that adapts to the task at hand by
learning the optimal neighborhood configuration.

In summary, this paper introduces a novel graph convolutional
layer, the Kernel-Attentive Convolutional Layer (KA-Conv), which pri-
oritizes the positions of landmarks in relation to other node features.
The approach allows dynamically emphasized connections among nodes,
whether close or distant. Nevertheless, it is possible to apply this
approach to other kinds of graphs in which the node features can be
divided into two sets, with one set being more relevant and prioritized
over the other. Our model is expressly designed to perform effectively
in scenarios with limited data, owing to the combination of a strong
inductive positional bias with an attentive mechanism.

The rest of the paper is organized as follows: Section 2 formally
introduces the problem formulation. Section 3 explains the proposed
convolutional layer and how it is used in the proposed model. Sec-
tion 4 details the features associated with the graph nodes. Section 5
shows the results and comparisons obtained. Section 6 draws some
conclusions.

2. Notation and problem formulation

In the subsequent discussion, we denote a graph as a tuple G =
(V,E), where v; € V indicates a vertex, ¢; = (v;,v;) € E C VXV
indicates an edge from node v; to node v;, and the cardinality of graph
G is N = |V|. The neighborhood of a node v, is denoted by the set
N@) = {v; € V|, v;) € E}. A € RNV s the adjacency matrix,
where A(i, j) > 0 if and only if ¢;; € E, and each value of the adjacency
matrix ¢;; € R* represents the weight of the correspondent edge. In
the context of 3D face graphs constructed from facial landmarks, the
set V represents the 3D landmarks, which are points p € R? extracted
from the point cloud P and correspond to distinct facial features, such
as the corners of the eyes, the tip of the nose, and other key anatomical
positions.

The graph structure can be enhanced with attributes. We denote by
H € RN*4 the matrix of node attributes, where h; € R represents
the features vector associated with node v;. Similarly, edge attributes
can be incorporated, with the matrix K € RM*¢ representing the
edge features, where M = |E| and k; € R denotes the feature
vector for edge e;;. The core of GSL is to simultaneously learn a new
adjacency matrix A and its corresponding graph representation H €
RN>d optimized for specific downstream tasks. The edge representation
K € RM*€ can also be learned [13].

As stated in Section 1, here we focus on metric learning methods,
where adjacency matrices are dynamically learned together with the
other learnable weights through the message-passing layer within the
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GNN. Formally, metric learning approaches involve learning a metric
function ¢ : RY x R? — R defined on node embeddings h;, h; as

AGi, j) = dh;, hy). €h)

Depending on the choice of function ¢, it is possible to further
classify the metric approaches into two subgroups:

+ Kernel-based approaches, where the function ¢ is modeled with a
traditional kernel function. The pioneering work was AGCN [30],
which exploited the generalized Mahalanobis distance by rewrit-
ing the metric function as

Pl ) = [ (= BT M, — hy), @
o $(h;, 1))
A(i, j) = exp <_T>’ 3

where the symmetric positive semi-definite matrix M = WWT,
with W € RV*N i a trainable matrix.

Attentive approaches, where an attention network is used to model
a new graph structure based on node interactions. It is worth
noticing that an attentive network such as GAT [17] can be
equivalently interpreted as an attentive GSL approach.

Formally, given a node v;, the iterative aggregation and update
steps in the message-passing mechanism at layer / are

W=y|h™, @ e Alh] @
Jiv; €N ()

where @ denotes a differentiable, permutation-invariant func-

tion, and ¢ and y denote learnable functions. For graph-attentive

convolution, Eq. (4) can be made explicit as

W=Wik™ Y et wonl 5
v;EN(v)

where, with a little abuse of notation on the softmax function, the
attentive coefficients at step / — 1 are defined as

(W/_zh,-)r(%hj + VVSkij))

Vd
being {Wl-}f=l trainable parameters. This leads to equating the

adjacency matrix with the learned attention coefficients:

(6)

af}.‘l = softmax(

Al p=ot, VG, j) e RN @

Furthermore, sparsity regularization may be applied to reduce com-
putational costs. Standard approaches result in k-NN graphs, where
each node has at most k neighbors, or e-NN graphs, where edges above
a threshold ¢ are discarded.

3. The proposed method

As discussed in Section 1, we propose an attentive graph convo-
lutional layer that utilizes the informational value of node distances
through a kernel-based approach.

Specifically, assume the node feature vector is given by the concate-
nation of two components:

h; = [pos; || ;li 1,

where || denotes vector concatenation, pos; = (x;,y;, z;) represents the
coordinates of the node (or, more generally, a set of relevant features),
and h; = h; 4., € R?73 are the remaining node features. We introduce
the Kernel-Attentive Graph Convolutional layer (KA-Conv), where the
metric function ¢ in Eq. (1) is defined as

qﬁ(hi, hj) = 5(-/4(/1[, hj))s (8)



F. Agnelli et al.

A

1.0

0.5 [rovrmoreareenmannaneene g

0 & G 16

Fig. 1. The kernels ‘close’ (blue) and ‘far’ (red) as distance measures. The parameters
& and ¢ are initially set to 0.5 and then learned during the training.

with 6 and A representing, respectively, a kernel and an attentive
function, further elaborated in subsequent sections. Intuitively, this
formula allows the model to incorporate both spatial and feature-based
relationships, ensuring that nodes are weighted according to both their
geometric proximity and learned feature similarities.

Notably, GNNs designed for point clouds follow a similar strategy.
For instance, PointNetConv [31] uses a symmetric function to aggregate
features directly from raw point clouds, ensuring order invariance
and capturing global structure. PointGNNConv [32] iteratively updates
point features using a GNN, preserving spatial relationships between
points. PointTransformerConv [33] introduces self-attention to point
clouds, enabling the model to learn long-range dependencies as well as
local context. XConv [34] employs a permutation-invariant convolution
operation to hierarchically extract features, capturing both local and
global structures of point clouds. However, these models still lack a
clear distinction in handling spatially close nodes versus those distant
during convolution.

3.1. The kernel-attentive convolutional layer

To simultaneously optimize the graph structure and its associated
representations, we integrate both kernel and attention mechanisms in
the structure of our proposed layer KA-Conv. The kernel mechanism
is designed to model the graph topology by learning a distance metric
8(pos;, pos;) that accurately captures the absolute positions of nearby
and distant nodes. In parallel, attention coefficients A(h;, h;) are de-
rived from the other geometric features using an attentive approach.
The final graph representation is achieved by effectively integrating
these two approaches.

Specifically, the distance measure is designed to increase the model’s
flexibility in prioritizing either nearby or distant nodes, enabling the
model to learn varying weights based on the distance between nodes.
To achieve this, two different three-dimensional distance measures,
both inspired by the sigmoid function, are employed, as illustrated in
Fig. 1.

The first measure 5/, that is, the kernel ‘far’ defined as

-1
5f(p0S,-,p0Sj) — <1 + C—A(HPOS,'—POSJ-HZ—&)> , 9

can be intuitively understood as a high-pass filter that emphasizes
larger distances while disregarding closely connected nodes, effectively
highlighting significant macro-level information within the graph, such
as facial dimensions or proportions. The parameter ¢;, initially set to
0.5, is learnable and controls the filter threshold for each node v;,
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allowing the model to choose the best parameter for its neighborhood.
For all pairs i # j, the L, norms ||pos;—pos; ||, are normalized within the
interval [0, 1] to ensure both training stability and broad applicability.
The value of 1 is high enough (for example > 100) to allow the function
6/ to be a continuous approximation of the Heaviside function.

The second distance measure 5, that is, the kernel ‘close’, is sym-
metrically defined as

8¢(pos;,pos;) =1 - <l + e_i(”p”"_’m’”r{")> , 10)

where ¢; is another learnable parameter analogous to &;. Intuitively, this
measure acts as a low-pass filter, giving more weight to spatially close
nodes.

The computatior} of ea(ih attention coefficient A(h;, h ) = z;j in-
volves the features h; and h;, with a specific emphasis on the chosen
distance measure r € {c, f}, as

, (wyh) Wi,
z; = softmax | LReLU T ) an

where W/, W, € RE@'=3x(@""'-3) are two learnable matrices that do
not depend on the nodes Ui U, and LReLU is an abbreviation for the
LeakyReLU function.

The edge weights aj; are determined by the product of the attention
coefficient zjj and the distance coefficient &"(pos;, pos;) as
ai’j = z;jér(pos,-,posj). 12)

Intuitively, this allows the model to determine the weight of the
connection between nodes relying on both geometrical and positional
features.

Optionally, to reduce computational costs, a sparsity constraint can
be introduced. This can be done by defining

M= max(ai’j), V(i,j) € NXN, 13)

and using it as a threshold along with an arbitrary constant ¢ € [0, 1],
as follows:

. 0
@ =
al.
ij

Finally, the edge weights aifj:, af; are linearly combined to obtain the
final attention coefficients

ifal.’j <eM’

] (14)
if txi’j >eM’.

a; =15af + l,.f/.a{j, (15)
where lf/ ll.fj € [0, 1] are learnable parameters. The use of two separate
parameters, instead of a convex combination, gives the model greater
independence in emphasizing the most relevant component without,
however, neglecting the other one altogether.

Once the kernel-attentive coefficients are settled, the updated state
is derived using an attentive graph convolution as in Eq. (5). Fol-
lowing [35], the adjacency matrix obtained is normalized to A =
D™2AD™2, where D, ; = 27=1 Ay

If the graph is equipped with edge features k;;, we supply an
integration of KA-Conv to take full advantage of them. In this vein, we
followed the design of the Transformer convolution [18], exploiting the
edge features in both the calculation of the attention and the aggregate
step of message-passing.

Firstly, Eq. (11) is completed as

ri \T r, r
zfj = softmax | LReLU (Wl hl) W;Ihll i W3 ku ,

where Wl e R!*¢ is a linear, learnable transformation.

For the message-passing, we integrate edge features keeping the
relation between edge e;; and neighbor v; of node v;. Unlike the Trans-
former approach, where a linear transformation of the edge feature
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is summed with the node feature, we opt to concatenate node and
edge features and then apply a linear transformation. This approach
should be more robust when the node and edge feature dimensions
differ significantly, avoiding overexposing the low-dimensional vector.
Hence, Eq. (5) is rewritten as

=W D W [k 16)
v, EN(v)

where || denotes the vector concatenation on the last dimension, W, €

RA"™'xd" gnd Ws e R +e)xa’

Algorithm 1 describes all the steps necessary to update the state
of a node v; using the KA-Conv. In our case, the set of edges E is
equal to N x N. However, the whole model can be easily adapted to
different choices of the edge matrix E. Since KA-Conv can be seen as a
more complex version of a Transformer graph layer with the integration
of biases, the computational cost is slightly higher but still quadratic
in the dimension of the input (in both cases O(d?|E|)). However, as
pointed out in Section 1, the rationale of this model is the limited avail-
ability of 3D face data. Consequently, the increased resource usage is
negligible.

Algorithm 1 KA-Conv layer

Input:

- features h; = (pos;, k), h; = (pos;, 71/-), ki
+ hyperparameters 4, ¢
« learnable params W, Wy, W, Wy, Ws l,?j, I

Output: updated features 4;

for j:e; € Edo

-1
afJ - ( 1+ e—/l(HpOSf—postz—ix))

at =1-(1 +e—l(\\pos,—posjnz—gi))’l
1
for r e {c,f} do
T -
z; = softmax LReLU( *

r =zl a

al. =z o
ij ijij

a[’j = Normalizej(a,.’j) > Normaliz. in [0, 1]
end for
a;; = lfj afj + l[fj ot[f/. > Eq. (15)
1/2
a; = ay;/ (s ik Ty ;)
hy = Wyh, + a;;Ws [k,
end for

> Laplacian

3.2. The KA-GCN model

The KA convolutional layer described in Section 3.1 is integrated
into the Kernel-Attention Graph Convolutional Network (KA-GCN) as
shown in Fig. 2. In the design of the architecture, the model comprises
one KA-Conv layer. After that, a combination of BatchNorm and ReLU
generates the node embedding for the final classification. To address
overfitting, a dropout layer has been added to the training part. The
final classification layer is composed of an add pooling followed by a
fully connected classifier.

4. Nodes and edges features

We characterize the graph by extracting local geometric features
and basic statistics, similar to the bags-of-words approach in computer
vision. One-hot encoding is used to uniquely identify facial landmarks.
Fast Point Feature Histograms (FPFH) are employed to ensure nodes
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accurately reflect surface properties [36]. FPFH is a feature representa-
tion technique for 3D point cloud data that describes the local geometry
around a query point. This representation is robust to pose variations
and sampling density, making it effective for handling noisy sensor
data.

Formally, given a point p; on P, we examine its k nearest neighbors
to compute pairwise comparisons. For each pair of points p;,p; € P we
build a reference frame consisting of three unit vectors defined as

s =n;, a7

t=sX M, (18)
lp; = pjll2

z=sXt, (19)

where x denotes the cross product of two vectors, and »; is the surface
normal vector at p;.

The difference between the two normals »; and n; can be expressed
as a set of angular features:

a=1" n;, (20)
p. —p.
p=s" ——L, 21)
lp; = pjll2
0= arctan(zTnj,sTnj), (22)

The attributes a and 6 represent #; as an azimuthal angle and the cosine
of a polar angle, respectively, while ¢ represents the direction of the
translation from p; to p;.

For each point p; € P, the resulting tuples («, ¢,6); obtained con-
fronting p; with its k neighbors p; € P (here k = 100), for j € {1, ...k},
are stored in the 11-bin histograms H,(p;), H,(p;) and Hy(p;). The
final descriptor, known as SPFH (Simple Point Feature Histogram), is
obtained by equalizing each histogram and horizontally concatenating
them as

SPFH(p;) = [H,(p;) Hy(p), Hp(p)]-

The ultimate FPFH feature is calculated by gathering the local
information of each landmark point v; € V on the face with respect
to its neighbors on P, as

1

1
o, 2, 5, S

PEN (W) ij

FPFH(u;) = SPFH(v,) +

where §;; denotes the distance between landmark v; and its neighbor
pj-

For each node v;, the final embedding for the node feature is stored
as

h; = (pos;, h;) = (pos;, FPFH(v,), ohe;)

where ohe; € {0,1}V is the one-hot encoding of the landmarks in the
graph.

The edge characterization mostly relies on geodesic paths. As de-
scribed in [37], the fundamental concept for computing a geodesic path
between two nodes involves iterative execution of edge flips, similar
to the traditional Delaunay flip algorithm. However, this approach
does not provide constant path dimensions since they depend on the
number of mesh points crossed. To address this challenge, we opt to
interpolate the points along the various geodesic paths using a 3-spline
interpolation. After that, g equidistant points are uniformly sampled for
each path and concatenated, producing the embedding

k;; = Flat (Spline(v;,v;)) , >

where Spline(v,,v;) € R¥? and Flat : R®4 — R is an operator that
concatenates the points sampled from splines. In all our experiments,
the number of points sampled on the splines in Eq. (23) is set to ¢ = 50.
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Fig. 2. Architecture of the KA-GCN model. Features X and the adjacency matrix A are dynamically updated in the KA-Conv layer. Positional features are exploited by kernels
‘close’ and ‘far’ 6/,6¢ and integrated into §(A(x)) (Eq. (8)) with the attention coefficients calculated on the non-positional features. An epsilon-nearest neighbors operation eNN
followed by a graph convolutional layer (GCNConv) complete the layer. The overall architecture incorporates batch normalization, a ReLU activation function, and a dropout layer.
A pooling operator is then applied to produce the final embedding, which is subsequently used by a linear layer for classification.

Fig. 3. (a) 3D mesh sample from FaceScape; (b) Facial landmarks of a sample from FaceScape.

5. Experimental results

In the experimental session, we test KA-GCN on three datasets:
FaceScape [24], Headspace [38] and Florence [39]. We verify the
model on different tasks (sexual dimorphism, emotion and action unit
recognition, age estimation) and compare it with models that employ
cutting-edge attentive convolutional layers (such as Transformer and
GAT) as well as state-of-the-art point-cloud GNN layer. Moreover,
parameter tuning and ablation studies are provided to investigate the
impact of different configurations on the model’s performance.

5.1. Datasets and experiment setup

The FaceScape [24] dataset provides textured 3D faces obtained
from 938 subjects, and among them, 823 subjects have a complete

acquisition including samples of four primary facial expressions (neu-
tral, sadness, smile, and anger), and seven action units (dimpler, chin
raiser, grin, brow raiser, brow lower, lip puckerer, lip funneler), to-
gether with sexual dimorphism information. This enables us to conduct
three types of analysis: the binary identification of sexual dimorphism,
detecting emotions across four categories, and recognizing action units
across seven groups. The data set is provided with 68 facial landmarks
automatically extracted from each face. Fig. 3 shows a representa-
tive subject example with the corresponding mesh and the landmarks
extracted on the face.

The Headspace dataset [38] consists of 3D head images from
1519 individuals, each wearing a tight-fitting latex cap to minimize
hairstyle-related imaging artifacts. For this study, we selected samples
that included available age and sexual dimorphism data. This selection
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Fig. 4. The coefficients «f; (left) and a£ (right) from Eq. (12), representing the adjacency matrix learned by KAConv. In both images, the coefficients in each column refer to
each node weight, with the progressive index of the node on the x-axis. In particular, the vertical ordering is determined by the distance each node has with all the others, and

ranges from the closest (bottom) to the farthest (top).

process resulted in a subset of 1163 samples used for sexual dimor-
phism and age classification. Additionally, the dataset includes 68 facial
landmarks automatically extracted from each face.

The Florence dataset [39] is composed of 3D face meshes from
51 individuals, each represented by two frontal views. Our study fo-
cuses on sexual dimorphism classification. From each sample, 84 facial
landmarks were extracted using the Deep-MVLM method [40].

5.2. Implementation details and ablation studies

Given the distinct characteristics inherent to each task, we per-
formed thorough parameter tuning to identify the most suitable model
for each scenario. We have chosen not to apply the e-threshold to make
use of all the possible information from the data.

Cross-entropy was selected as the loss function for all tasks, except
for the age task for Headspace, for which the Mean Square Error loss
has been chosen. The models were optimized using the Adam algorithm
with a learning rate of /r = 0.001. Both the training and testing datasets
were processed in batches of 32. Each model was trained using 5-fold
cross-validation over 100 epochs.

To evaluate the significance of both nearby and distant nodes,
we conduct ablation studies comparing the proposed KA-GCN model
with two different version: the ¢-KA-GCN model, where the attention
coefficients are represented as «; ;= afj in Eq. (15), and the f-KA-GCN

model, where the attention coefficients are represented as «;; = «
Table 1 presents the results of the ablation studies conducted on the
FaceScape, Headspace and Florence datasets for generic 3D face tasks.
On the FaceScape and Florence datasets, KA-GCN consistently out-
performs the other variants. Nevertheless, all models exhibit efficient
performance, providing flexibility in model selection based on compu-
tational constraints. A similar trend is observed with the Headspace
dataset, even if here the presence of both far and close nodes be-
comes relevant to obtain high performances. This reaffirms our initial
assumption that both nearby and distant nodes contribute valuable
information, especially in datasets with few samples. Additionally, we
analyzed the impact of the parameters ¢; and &; in Egs. (9) and (10). Fix-
ing the parameters across all nodes (i.e., setting {; = ¢ and &; = ¢ for all
i € N) leads to a new model, {-KA-GCN, where the balance between the
close and far kernels is still learned but uniform across all nodes. This
modification results in a significant performance decline, reinforcing
the idea that each node requires a tailored value of ¢ and ¢ to account
for its specific neighbors. Fig. 5 shows the learned coefficients {&;, {;} l’i |

for the action unit, sexual dimorphism, and emotion tasks within the
FaceScape dataset: for each node in these tasks, the value transition is
smooth, starting from 0.5, indicating a generally stable but essential
shift.

To better understand the contributions of the kernels ‘close’ and
‘far’, Fig. 4 presents an example of the attention coefficients, o;; and
ai, obtained from the kernel ‘close’ (left) and the kernel ‘far’ (right)
in the sexual dimorphism classification task on the FaceScape dataset.
To distinguish the individual contribution of far and close nodes, the
values on each column are referenced to each node, say node i, and
ordered in an ascending manner from bottom to top according to the
distance that node i has with all other nodes. Therefore, the intensity
at position (i, j) in both images is defined on the basis of the distance
measures applied on node j (on the jth row) and node i (on the ith
column). The final adjacency matrix is obtained by applying the learned
weighted sum of these two components.

5.3. Comparison with SOTA models

Comparisons on multiple 3D face analysis tasks on different datasets
have been established to evaluate KA-Conv against state-of-the-art
convolutional layers involved in graph structure learning with attention
mechanisms. In particular, we have chosen a GAT convolution [17] and
a Transformer convolution [18] adapted for graph structures, to con-
front the model with baseline attentive layers. Moreover, we validate
our proposal against state-of-the-art layers that consider both attention
and position of the nodes during the message passing: EdgeConv [3],
DynamicEdgeConv [3], PointNetConv [31], PointGNNConv [32], Point-
TransformerConv [33], and XConv [34]. Furthermore, a baseline graph
convolution [35] has been implemented too. To explicitly highlight the
impact of each convolutional layer, all models have been constructed
by sharing the architecture, as described in Section 3.2, with the
convolutional layer customized accordingly. The hyperparameters for
each model have been tuned to identify the optimal configuration for
each of them in the same fashion of Section 5.2. Models trained on
the FaceScape dataset were evaluated using a 5-fold Cross-Validation
method across 100 epochs. The same approach has been adopted for
the Headspace and the Florence datasets.

The comparison presented in Table 2 demonstrates that KA-GCN
achieves the best performance across all datasets and tasks, with the
exception of the sexual dimorphism classification task on the Florence
dataset, which still performs well, ranking second to DynamicEdge-
Conv.



F. Agnelli et al.

Array 26 (2025) 100392

o8 Sexual dimorphism s Emotion
— & -
4 ¢
0.7 4 0.7 4
3 3
S 06 S 06
i3 I3
£ Hig Mol P | 2 oA ool A
E 05| 4 " M&‘A‘ ¢ ’\ he E 054 N o V /\ ni r »
o X g ‘ V W
g \,u v ﬂv A,\]V\{ £ \/ \n\” Wy '\
0.4 4 0.4 4
037 10 20 30 40 50 60 70 03 10 20 30 0 50 60 70
Nodes Nodes
T
o8 Action Unit e s Average of all tasks
—— —
0.7 1 : 0.7 1 ¢
3 3
< 0.6 < 06
§ f Ao g
] 1] .
£ o0s] AI'WVI\,«\Y N BN | Eos] AA .ﬂxN A /‘\Ml‘w Kodn WAT
5 \ A A g LA A VA T AL 2 SOt AL
g U O R VY [, T
0.4+ 0.4
¥ w20 w @ = e o 0 1 20 ® @  » s
Nodes Nodes

Fig. 5. The learned parameters from Egs. (9) and (10), representing the shift for the threshold & and ¢;. The figures show the three tasks analyzed on the FaceScape dataset

together with the mean values on all tasks.

Table 1

Ablation studies on KA-Conv using the FaceScape, Headspace, and Florence datasets for various tasks. The results
are presented in terms of accuracy, except for the age estimation task in the Headspace dataset, where the Mean
Square Error (MSE) is reported. For the c-KA-GCN and f-KA-GCN variants, the attention coefficients are modified as

ay = o and o; = a,c, respectively, in Eq. (15). In the case of {-KA-GCN, we set {; =¢ and & =¢& for all i € N in
Egs. (9) and (10).
Dataset Model Sex dimorphism 1 Emotion 1 Action Unit Age |
f-KA-GCN 91.57 + 1.69 97.98 + 1.56 98.81 + 1.04 -
FaceScape c-KA-GCN 91.66 + 1.43 98.48 + 2.73 98.77 + 0.88 -
{-KA-GCN 87.38 + 1.99 86.86 + 3.29 92.02 + 2.59 -
KA-GCN 92.67 + 1.58 98.87 + 1.12 98.85 + 0.97 -
f-KA-GCN 88.74 + 1.90 - - 6.97 + 0.13
Headspace c-KA-GCN 83.81 + 1.97 - - 3.31 + 0.71
¢-KA-GCN 82.73 + 1.16 - - 2.23 + 0.20
KA-GCN 90.15 + 3.64 - - 2.10 + 0.04
f-KA-GCN 77.74 + 3.90 - - -
Florence c-KA-GCN 80.41 + 1.97 - - -
¢-KA-GCN 70.73 + 4.16 - - -
KA-GCN 81.46 + 1.51 - - -

6. Discussion and conclusions

This study presents KA-Conv, a new convolutional layer that in-
corporates node distance into metric spaces using a kernel-attentive
approach. In line with the widely studied GSL paradigm, the model
can discover graph substructures in 3D face data to enhance GNN
predictions on small datasets.

We conducted experiments on limited datasets to examine whether
the inductive positional bias supports robust performance despite the
constraints of data availability. Ablation studies underscore the crucial
role of incorporating both nearby and distant nodes in the analysis,
especially with few samples per class. Additionally, they emphasize the
importance of allowing the model sufficient flexibility to determine the
optimal balance between close and distant nodes for each specific node.

Performance variations across datasets suggest that the accuracy
of landmark localization and the overall quality of the data are key
factors influencing the results. Specifically, KA-GCN demonstrates su-
perior accuracy compared to all competitors on the FaceScape and

Headspace datasets, where landmarks are provided. On the Florence
dataset, where landmarks are automatically extracted, the method still
achieves state-of-the-art performance, though it does not reach optimal
levels.

Although this study focuses on 3D face analysis, the core principles
of KA-GCN are widely applicable to other domains involving graph
structures that require dynamic learning or optimization. This is par-
ticularly relevant in data-scarce environments where key points can be
effectively leveraged. In general, tasks in different domains may benefit
from the development of more flexible models that can selectively filter
neighbors based on distance generalizing KA-GCN.

Finally, we point out that potential extensions could involve re-
laxing the current constraints to enable more adaptable clustering of
neighbors. For example, employing “bandpass” filters could allow the
selection of non-contiguous distance bands rather than focusing solely
on the extremes. Alternatively, distance bands deemed insignificant by
the trained model could be excluded entirely, offering a complementary
strategy to enhance the filtering process.
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Comparison between our proposal and the competitors on FaceScape, Headspace and Florence datasets for different
tasks. All the results report the accuracy obtained, except for the age task in Headspace, for which the Mean Square
Error is reported. The value reported in magenta is the best value, while the second one is in blue.

Dataset Model Sex dimorphism 1 Emotion t Action Unit Age |
GCNConv [35] 82.28 + 4.99 76.16 + 5.71 71.02 + 6.24 -
FaceScape GATConv [17] 78.09 + 6.26 66.16 + 5.07 63.41 + 9.55 -
TransformerConv [18] 88.59 + 5.91 87.03 + 6.16 79.56 + 9.12 -
EdgeConv [3] 91.33 + 2.92 89.02 + 2.52 87.99 + 2.3 -
DEdgeConv [3] 92.29 + 3.10 91.91 + 2.11 93.85 + 1.34 -
PointConv [31] 90.41 + 1.56 90.04 + 0.71 93.92 + 1.37 -
PointGNNConv [32] 84.96 + 1.74 85.23 + 1.04 86.89 + 2.42 -
PointTConv [33] 91.13 + 2.99 89.76 + 2.62 93.25 + 2.34 -
XConv [34] 91.53 + 2.13 90.27 + 3.19 93.63 + 1.99 -
KAConv 92.67 + 1.58 98.87 + 1.12 98.85 + 0.97 -
GCNConv [35] 66.83 + 1.55 - - 3.17 = 0.56
Headspace GATConv [17] 72.12 + 1.70 - - 2.34 + 0.23
TransformerConv [18] 87.56 + 5.32 - - 2.39 + 0.26
EdgeConv [3] 89.33 + 0.80 - - 8.79 = 0.15
DEdgeConv [3] 84.36 + 0.86 - - 9.52 + 0.14
PointConv [31] 82.71 + 0.55 - - 2.35 + 0.22
PointGNNConv [32] 64.10 + 0.70 - - 7.64 = 0.15
PointTConv [33] 82.71 + 0.54 - - 9.14 + 0.14
XConv [34] 74.02 + 0.86 - - 7.03 + 0.13
KAConv 90.15 + 0.36 - - 2.10 + 0.04
GCNConv [35] 65.88 + 4.55 - - -
Florence GATConv [17] 73.17 + 0.93 - - -
TransformerConv [18] 71.35 + 4.99 - - -
EdgeConv [3] 67.44 + 2.99 - - -
DEdgeConv [3] 83.36 + 1.47 - - -
PointConv [31] 77.08 + 3.79 - - -
PointGNNConv [32] 66.66 + 6.42 - - -
PointTConv [33] 76.30 + 5.54 - - -
XConv [34] 70.05 + 11.13 - - -
KAConv 81.46 + 1.51 - - -
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