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ABSTRACT In recent years, deep learning has revolutionized fields such as computer vision, speech
recognition, and natural language processing, primarily through techniques applied to data in Euclidean
spaces. However, many real world applications involve data from non-Euclidean domains, where graphs
naturally represent entities and their complex interdependencies. Traditional machine learning methods
have often struggled to process such data in an effective manner. Graph Neural Networks represent
a crucial advance in the use of deep learning to interpret and extract knowledge from graph-based
data. They have opened up new possibilities for tasks such as node categorization, link inference, and
comprehensive graph analysis. This paper provides a detailed analysis of Graph Neural Network (GNN)
methodologies, emphasizing their architectural diversity and wide ranging applications. GNN models are
systematically categorized into fundamental frameworks such as message passing paradigms, spectral and
spatial methods, and advanced extensions such as hypergraph neural networks and multigraph approaches.
This paper also explores domains such as social network analysis, molecular biology, traffic forecasting, and
recommendation systems. In addition, it emphasizes some critical open challenges, including scalability,
dynamic graph modeling, and robustness against noisy or incomplete data. The paper concludes with a
proposal for future research directions to improve the scalability, interpretability, and adaptability of GNNs
in this fast-evolving field.

INDEX TERMS Graph neural network, deep learning, message passing, spectral methods, spatial methods,
hypergraph neural networks, multigraph neural networks, scalability.

I. INTRODUCTION
The rise of deep neural networks has revolutionized the
landscape of artificial intelligence [81]. Classical tasks such
as object detection [117], [123], translation and speech recog-
nition [29], [73], previously based on hand-crafted feature
engineering, have been increasingly dominated by end-to-end
deep learning approaches. Techniques such as Convolutional
Neural Networks (CNNs) [42], [55], Recurrent Neural
Networks (RNNs) [58], [85], and Autoencoders [4], [80]
have shown remarkable abilities to extract relevant features
directly from raw data autonomously. Its rapid growth can
be attributed to a few important factors, in particular the rise
in computational power (especially through GPUs) and the
availability of large-scale datasets. These networks are able
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to learn patterns from structured data typically represented
in Euclidean spaces. Despite the widespread success of deep
learning with Euclidean data, a multitude of real-world issues
are more accurately modeled using graphs. This introduces
unique challenges due to their inherently non-Euclidean
characteristics, as illustrated in Fig. 1. Graphs are powerful
and flexible data structures that model entities (nodes) and the
relationships between them (edges). In structured graph data,
tasks such as node classification [96], link prediction [24],
and clustering [92] require sophisticated methodologies that
can manage the irregularity and complexity intrinsic to graph
topologies [89].

Graph Neural Networks (GNNs) have been developed
on the basis of early attempts to adapt neural networks
to graph structured data. In the early 1990s, Recursive
Neural Networks (RecNNs) were applied for directed
acyclic graphs (DAGs) [88], followed by adaptations of
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FIGURE 1. Comparison between Euclidean and non-Euclidean spaces: on
the left, a graph in Euclidean space with regular grid-like structure and
consistent distances between nodes; on the right, a graph in
non-Euclidean space with irregular node connections, representing
complex relationships and varying distances.

Recurrent Neural Networks [86] and Feedforward Neural
Networks (FNNs) [66] to handle more complex graph
structures, including those with cycles. Although those
first few attempts were novel, their reliance on iterative
state transition mechanisms limited their scalability and
the modeling of complex dependencies within graphs.
The renewed interest in GNNs was driven by advances
in deep learning, especially the success of Convolutional
Neural Networks. CNNs have demonstrated the strength of
extracting localized and hierarchical features, which inspired
the development of GNNs that can also perform analogous
operations on graphs. However, unlike image data with a
regular grid-like structure, graphs are inherently irregular
and non-Euclidean. This realization gave rise to the field of
Geometric Deep Learning [12], which seeks to generalize
deep learning techniques to non-Euclidean domains such as
graphs and manifolds. Early works, such as DeepWalk [79],
node2vec [33], LINE [91], and TADW [101], borrowed
techniques from word embedding in graphs employing
random walks and the SkipGram [68] model to create
low-dimensional vector representations. While influential,
these methods suffered from severe limitations: they did
not allow for efficient parameter sharing among nodes, thus
creating redundancies and poor generalization, especially
in the dynamic graph settings or when dealing with previ-
ously unseen nodes. GNNs overcome these deficiencies by
aggregating information from a node’s local neighborhood,
capturing complex dependencies and relational patterns of
graph data. Combining the topological structure of graphs
with principles in deep learning, GNNs have attracted rapid
attention to a great number of applications, including social
network analysis [51], recommendation systems [27], and
molecular modeling [2]. GNNs are particularly powerful in
these contexts since they can model not only the individual
data points but also the relationships among them.

A. PURPOSE OF THE PAPER
With the high number of applications of GNN in various
scenarios, there is an increasing appeal to consolidate existing
knowledge and a systematic understanding of state-of-the-
art models and methodologies. This paper represents such

TABLE 1. Notations and descriptions.

an attempt to address this need and provide a comprehensive
overview of GNN models and their applications. This paper
reviewed the theoretical basis and empirical advances of
GNNs, presenting the major innovations that have shaped
today’s models. This paper gives a detailed analysis of
the design pipeline and helps the reader to understand not
only how the GNN models work but also how they can be
adapted to a particular task and challenge. In our article,
we will categorize the GNN methods based on different
learning paradigms and application scenarios. In so doing,
we place GNNs in a comprehensive view of their adaptability
to various tasks like node classification, graph generation,
and link prediction. Next, we systematically organize these
learning settings and go on to give a detailed description
of each, hence serving as a useful resource for researchers
and practitioners seeking to apply GNNs in their respective
fields. One of the main objectives of this review is to provide
practical guidelines for designing GNN architectures for a
variety of graph-based tasks. It covers major components
of GNN models, including message passing, aggregation,
updating of nodes, and critically, how to optimize the
GNNs for such applications. In addition, an extended set of
resources, datasets, and tools available through this paper will
provide ample opportunities for looking at the existing work
as a starting point for leading a new path of research into
applications using GNN.

Although great efforts have been made in GNN research,
some critical challenges remain in scalability, dealing with
higher-order structures, and model robustness. This paper not
only identifies these challenges but also suggests possible
research directions, which serve as a road map for future
work.
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II. BASIC CONCEPTS
Table 1 gives a quick summary of key notation and their
description used along with this paper to describe the GNN
architecture and operations.

In the theory of graphs, a graph is a mathematical object
that is used to express pairwise relationships between objects.
A graph is a mathematical structure comprising two main
components: a set of vertices, which represent the entities
or nodes, and a set of edges, which define the connections
or relationships between pairs of vertices. This structure
serves as the basis for so many types of graphs, with their
various applications representing different kinds of data. The
character of the connections between the nodes allows for the
classification of the graphs into many categories.

Graphs can be divided depending on whether their nodes
and edges are homogeneous or heterogeneous. Fig. 2 distin-
guishes between homogeneous graphs, which are made up of
the same types of elements, and heterogeneous graphs [117],
which are made of different types. The following two
subsections describe these two types.

A. HOMOGENEOUS GRAPHS
A homogeneous graph contains only one type of nodes and
edges. This homogeneity makes the analysis simpler because
all elements in the graph can be treated invariably. In social
network analysis, for example, one can use a homogeneous
graph to represent a network of people where each node
represents a person and each edge represents friendship.
Because the nodes and edges are all of the same type,
algorithms and models can be much simpler and focus on the
finding of patterns and structures that will hold for the whole
graph.

B. HETEROGENEOUS GRAPHS
On the other hand, heterogeneous graphs contain more
than one type of nodes and edges, representing complex
relationships. Such graphs aremore expressive and, therefore,
capable of modeling intricate structures. For example, in a
knowledge graph, entities of different types, such as people,
places, events, and objects, are represented by different types
of nodes, while relationships between them, such as ‘‘is
located in,’’ ‘‘attended,’’ or ‘‘authored,’’ are represented by
different types of edges. This heterogeneity requests more
sophisticated analytical techniques that can incorporate the
different roles and interactions of the various types of nodes
and edges.

Graphs can also be classified according to their tempo-
ral properties, distinguishing between static and dynamic
graphs [8] (Fig. 3).

C. STATIC GRAPHS
Static graphs have a fixed structure: the set of nodes and
edges does not change over time. The primary use case for
such graphs is in scenarios where either the relationship
being modeled is not that frequent, or the analysis to be
carried out constitutes a snapshot in time. Examples include

FIGURE 2. Comparison between a homogeneous graph, where all nodes
and edges are of the same type, and a heterogeneous graph, which
features different types of nodes (e.g., people, objects, messages) and
relationships.

FIGURE 3. Illustration of Static vs. Dynamic graphs: a static graph remains
unchanged over time, while a dynamic graph evolves as nodes and edges
change across different time steps.

road networks, where the intersections (nodes) and roads
(edges) do not change often, or some types of social networks
where the connections among people are quite stable. Much
of the analysis of static graphs focuses on finding stable
patterns, such as clusters of nodes, shortest paths, or centrality
measures, which may give insight into the structure of the
graph.

D. DYNAMIC GRAPHS
However, dynamic graphs are of an evolving nature. In other
words, the nodes, edges, or their attributes in these graphs
can change over time, hence showing the progressive
transformation of the modeled data. This temporal aspect is
particularly important in applications like social networks,
where new connections are constantly formed, and old
ones might disappear, or in communication networks, where
the volume and direction of data flow can vary. In order
to analyze dynamic graphs, one needs algorithms able
to consider the evolution over time, such as temporal
clustering methods or time-dependent centrality measures.
Such modeling and analysis of these changes are important
to better understand inherently dynamic processes, such as
the spread of information or diseases, the evolution of online
communities, or changes in trading patterns in financial
markets.

These categories of homogeneous vs. heterogeneous and
static vs. dynamic are not mutually exclusive. A single graph
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can belong to multiple categories at once, adding layers of
complexity to its analysis. For example, consider a dynamic,
directed, and heterogeneous graph. In such a graph, the
structure evolves over time, connections have directionality
(e.g., a one-way relationship like ‘‘follows’’ on social media),
and there are multiple types of nodes and edges, each
representing different entities and relationships. Analyzing
such a graph requires a multifaceted approach, combining
techniques for handling temporal changes, directionality, and
heterogeneity to uncover meaningful patterns and insights.
This complexity shows the versatility and power of graph
theory in modeling and analyzing a wide range of real-world
phenomena.

E. TYPES OF ANALYSIS
Graph Neural Networks are incredibly versatile tools
designed to tackle a wide array of graph based tasks, with
outputs tailored to various levels of analysis. These levels of
analysis, node level, edge level, and graph level correspond
to different types of predictions and tasks.

1) NODE LEVEL ANALYSIS
At the node level, GNNs are used for tasks such as
node regression and node classification, where the focus is
on predicting the properties or labels of individual nodes
within the graph. Models like Recursive Graph Neural
Networks (RecGNNs) and Convolutional Graph Neural
Networks (ConvGNNs) are particularly effective at this level.
They extract high-level node representations by propagating
information across the graph or through graph convolution
operations. Typically, the architecture includes multiple
layers of graph convolutions followed by a multilayer
perceptron (MLP) or a softmax layer, enabling the network to
map the input node features directly to the desired output. The
end-to-end framework allows the model to capture dependent
relationships between nodes and provide accurate predictions
for node level tasks. This is helpful in applications like
finding influential individuals in a social network or finding
anomalies in a network traffic graph.

2) EDGE LEVEL ANALYSIS
GNNs are used at the edge level for tasks such as edge
classification and link prediction, where the goal is to
predict the presence, type, or strength of connections between
pairs of nodes. In this context, the GNN generates hidden
representations for the nodes, which are then combined
typically through a similarity function or a neural network
to predict the characteristics of the edge between them.
By way of example, in social network analysis, edge-level
predictions are useful in the estimation of the probability
of friendship between two individuals and, in molecular
chemistry, the strength of interaction between atoms in a
molecule. This kind of analysis is important in domainswhere
the relations between entities are as informative as the entities
themselves, helping to unravel the underlying structure of
data and informing better decision-making.

3) GRAPH LEVEL ANALYSIS
Graph-level analysis focuses on understanding or classify-
ing entire graphs rather than individual nodes or edges,
making it essential in domains like bioinformatics, where
the global structure of molecules or proteins determines
their properties and functions. GNNs designed for these
tasks employ pooling layers to aggregate nodes into
meaningful substructures and readout layers to gener-
ate a compact representation of the entire graph. This
unified representation is then processed through a mul-
tilayer perceptron and a softmax layer for classification
or regression. Such approaches are particularly powerful
in applications like drug discovery, where understanding
the molecular structure as a whole is critical to predict
efficacy.

F. TRAINING FRAMEWORKS
GNNs can be trained under various paradigms: supervised,
semi-supervised, or unsupervised, depending on the nature
of the task and the availability of labeled data. These training
frameworks ensure that GNNs are flexible enough to be
applied to a wide range of scenarios.

1) SEMI-SUPERVISED LEARNING
In scenarios where only a subset of nodes within a graph
are labeled, GNNs can be employed to perform task such
as node level classification in a semi-supervised manner.
This approach typically involves constructing an end-to-
end framework that stacks several graph convolutional
layers, which are then followed by a softmax layer for
multiclass classification. The model learns to generalize
from the labeled nodes, leveraging the graph structure
and the node features to accurately predict the labels of
the unlabeled ones. This method is particularly effective
in domains such as citation networks or social media
analysis, where the structure of the network can significantly
enhance prediction accuracy even with limited labeled
data.

2) SUPERVISED LEARNING
Supervised learning for Graph Neural Networks involves
training the model on labeled graph data, where the goal is to
learn mappings from input graph structures to specific output
labels. Common tasks include node classification, where
individual nodes are assigned labels, and graph classification,
where entire graphs are categorized based on their features
and structure.

3) UNSUPERVISED LEARNING
Even in the absence of class labels, GNNs can be employed
to derive significant graph embeddings using unsupervised
learning techniques. One well-known technique is the
autoencoder approach, where the encoder applies graph
convolutional layers to map the graph into a latent space,
and the decoder tries to restore the original graph structure
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from this representation. Another technique is negative
sampling, which involves categorizing node pairs as positive
(representing present links) or negative (representing absent
links), using logistic regression to differentiate these pairs.
This unsupervised learning strategy is especially beneficial
in situations where the objective is to understand the graph’s
inherent structure, such as in large-scale network analysis,
anomaly detection, or recommendation systems.

III. MESSAGE PASSING PARADIGM
At the core of GraphNeural Networks lies the keymechanism
of message passing, which means iterative refinement of the
hidden states of nodes and edges by exchanging information
throughout the graph. Initially, the hidden representations
hu for the nodes and h(u,v) for edges are set to their
respective feature vectors. The message passing process then
updates these hidden states based on the graph topology,
where each node u receives and aggregates messages from
its neighboring nodes N (u) in each iteration, followed by
applying a non-linear transformation. Mathematically, this
process is formulated as follows:

h(n+1)
u = Update

(
h(n)u ,Aggregate

(
{h(n)v : v ∈ N (u)}

))
In this formulation, the Aggregate function gathers hidden

states from node u’s neighbors while the Update function
combines this aggregated information with the previous
hidden state of u to compute the next hidden state h(n+1)

u .
Thus, at initialization, for all u ∈ V , h(0)u = xu with node
features as the starting point.

This message passing framework is generic and can
be tailored to many types of graph-based tasks. The
functions Aggregate and Update are customized, usually
with neural networks, allowing us to learn complex data-
driven patterns. These functions are normally differentiable,
which means that the whole model can be trained end-to-
end with gradient-based optimization techniques, such as
backpropagation. A simple example of this mechanism can
be expressed as follows:

h(n+1)
u = σ

W (n+1)
u h(n)u +W (n+1)

N (u)

∑
v∈N (u)

h(n)v + b(n+1)
u


Here, σ denotes a nonlinear activation function, W (n+1)

u and
W (n+1)
N (u) denote learnable weight matrices, while b(n+1)

u is a
bias term included to enhance the ability and performance of
the model. The message passing paradigm has been further
refined in a number of GNN variants. As an example, the
Graph Convolutional Network, proposed byKipf andWelling
2016, unifies a number of previous models in a single
framework. The MPNN model of Gilmer et al. 2017 extends
this concept to explicit edge features and more sophisticated
aggregation strategies. In a nutshell, message passing is the
core that helps GNNs learn and capture complex relationships
in graph data.

IV. GNN ARCHITECTURES
In this section, we outline the practical implementation of
GNNs by exploring some of the most robust approaches
that include recurrent neural networks, convolutional graph
neural networks, and graph attention networks. Table 2
provides a comprehensive overview of the main GNN
models, categorizing them by their core architecture, year
of introduction, and type of analysis. Since many of
these models are general-purpose and adaptable to different
contexts, the table includes subcategories to reflect their most
common applications. While this categorization highlights
the most frequent use cases, it is important to note that
many of these architectures remain highly flexible and
can be tailored to various problem settings depending on
task-specific requirements.

A. RECURRENT GRAPH NEURAL NETWORKS
What basically distinguishes RNNs among other neural
network architectures is their ability to process sequential
data with recurrence, by keeping a history of a hidden
state, which is updated at every time step where a new
data point enters. RecGNNs have been among the first
methods that generalized neural network approaches to
graph-structured data. These models use the same set of
parameters recurrently across the nodes in a graph to
enable the extraction of high-level node representations.
Initially, due to computational constraints, research in
this area mainly focused on DAGs [67], [88]. However,
Scarselli et al. [86] extended these ideas to handle a wider
variety of graph types with their model GNN, including
cyclic ones. In this context, ‘‘GNN’’ originally refers to the
specific model introduced by Scarselli et al., but over time
it has come to denote the entire family of neural network
models applied to graph-structured data. For simplicity and
clarity in our paper, we will refer to this broader family
as ‘‘GNN*’’.

The key mechanism in RecGNNs is the iterative update
of node states, where each node v updates its hidden state
h(t)v based on the states of its neighboring nodes N (v)
using a message passing function. This process continues
until a stable equilibrium is reached, effectively diffusing
information across the graph. The update rule is typically
expressed as:

h(t+1)
v = RNN(h(t)v ,M (t+1)

N (v) )

where M (t+1)
N (v) represents the aggregated message from

the neighboring nodes of v at the (t + 1)-th iteration,
and the RNN function can be any variant of RNNs as
Gated Recurrent Unit (GRU) [22] or Long Short Term
Memory (LSTM) [32] network. Despite their innovative
approach, early RecGNNs faced several challenges, includ-
ing computational inefficiencies and limited flexibility.
To address these issues, research has evolved into different
methods:
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TABLE 2. Summary of GNN models: Publication year, Core architecture, and type of analysis.

1) CONVERGENCE BASED METHODS
A significant characteristic of the early GNN models is their
reliance on convergence-based methods. In these models, the
node states are updated iteratively until they converge to a
fixed point, ensuring that the final state of each node encodes
information about its entire neighborhood. The stability of
this convergence is often guaranteed by ensuring that the
update function is a contraction mapping, which reduces the
distance between node states in each iteration. This approach
was crucial in the foundational GNN models, but it also
imposed certain limitations, such as the requirement for
the function to be a contraction map, which can limit the
expressiveness of the model.

2) GATE BASED METHODS
To overcome the limitations of convergence-based methods,
gate-based mechanisms such as GRUs and LSTMs were
introduced into the GNN framework. These mechanisms
allow for more flexible and efficient updates of node states,
without the need for convergence to a fixed point. The Gated
Graph Neural Network (GGNN) [54] is a notable example
that uses GRUs to update the node states in a fixed number of
iterations. This approach alleviates the computational burden
associated with traditional RecGNNs, especially on large
graphs, and enables the network to capture more complex
dependencies over long propagation paths.

3) VARIANTS AND EXTENSIONS
Several variants and extensions of the basic RecGNN model
have been proposed to address specific challenges and
improve performance. A notable extension is Stochastic

Steady State Embedding (SSE) [19], which introduces a
learning framework that alternates between state updates and
gradient computation, thereby enhancing scalability on large
graphs.

Other advanced models, such as the Tree-LSTM [90] and
Graph-LSTM [57], further generalize the LSTM architec-
tures to tree and graph structures, allowing more nuanced
information propagation and aggregation. These models are
particularly effective in tasks that require the capture of
hierarchical or structured dependencies, such as semantic
object parsing and text encoding.

B. CONVOLUTIONAL GRAPH NEURAL NETWORKS
With massive recent success, convolutional neural networks
have become the backbone of computer vision bound with
huge advances in image recognition and object detection,
among many other vision-related tasks. Successful feature
extraction in images made way for this branch of neural
network to find adaptations in graph-structured data and gave
rise to convolutional graph neural networks ConvGNNs [95].
Graph Convolutional Neural Networks are, again, broadly
categorized into: spatial methods and spectral methods.
These two categories differ by the way they generalize the
convolution from grid-like data to graph-structured data.

1) SPECTRAL BASED APPROACHES
Spectral based Convolutional GNNs are based on Graph
Signal Processing (GSP) [75]. These methods define con-
volution with the transformation of graph information into
the spectral domain by applying theGraph Fourier transform
(GFT), obtained from the eigenvectors of the graph Laplacian
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matrix. Such eigenvectors play the role of the Fourier basis
of this graph, which empowers this model to represent local
patterns as well as global ones. The frequency domain,
therefore, is used for the performance of efficient graph
convolutions in GSP; the results are then transformed back
into the spatial domain by an inverse graph Fourier
transform, such that the model operates both in global and
local structures.

Given a graph signal x (e.g., node features) and the
normalized graph Laplacian L, the Graph Fourier Transform
F (x) and its inverse F−1(x̂) are defined as:

F (x) = UT x, F−1(x̂) = Ux̂,

where U is the matrix of eigenvectors of L. These eigen-
vectors represent the graph’s frequency components, which
allow us to analyze signals in the spectral domain. The graph
convolution operation with a filter g is then expressed as:

x ∗G g = U
((

UT x
)

⊙

(
UT g

))
,

where⊙ denotes element wise multiplication. In this process,
x is the input signal, g is the filter, and U translates the data
between spatial and spectral domains.

However, the major issue with this spectral approach lies
in the computational cost associated with the eigendecom-
position of the graph Laplacian. Directly computing the
eigenvectors for large graphs is computationally expensive,
having a time complexity of O(n3), where n is the number of
nodes. Even if one has precomputed eigenvectors, applying
the convolution still has a complexity of O(n2), making this
method impractical for large-scale graphs.

Bruna et al. [13] introduce spectral convolutions for graph
learning (Spectral CNNs), leveraging the eigenvectors of the
graph Laplacian to define the convolution operation. This
approach generalizes traditional convolutions to graph struc-
tures by employing a spectral representation. Specifically,
each spectral convolutional layer takes an input feature map
Xk and produces an output feature map Xk+1 as follows:

Xk+1,j = h

V
fk−1∑
i=1

Fk,i,jV TXk,i

 , (j = 1 . . . fk )

where Xk and Xk+1 represent the input and output feature
maps for the i-th and j-th dimensions, respectively. The
term Fk,i,j is a diagonal matrix that contains the learnable
parameters of the filter for layer k . The matrix V denotes
the eigenvectors of the graph Laplacian, which are used to
transform the data into the spectral domain. Finally, h(·) is a
non-linear activation function applied to the result. While this
approach was groundbreaking, its high computational cost
and the lack of localized filters in the vertex domain presented
significant limitations for large scale graph applications.

Defferrard et al. [20] introduced ChebNet, which sig-
nificantly improved on earlier spectral-based methods by
addressing key issues related to computational complexity
and filter localization. In ChebNet, the convolution operation

is approximated using Chebyshev polynomials to reduce the
reliance on the full eigenvalue decomposition of the graph
Laplacian, which is computationally expensive. ChebNet
employs K-polynomial filters to better localize the convolu-
tion operation in the vertex domain, meaning that information
is aggregated within the K-hop neighborhood of each node,
rather than globally across the graph. This approach allows
the model to capture local graph structure efficiently while
maintaining scalability. A K-polynomial filter in ChebNet is
represented as:

gθ ′ (3) =

K∑
k=0

θ ′
kTk (L̃),

Tk (L̃) represents the Chebyshev polynomial of order k
applied to the rescaled graph Laplacian L̃, L̃ is the rescaled
graph Laplacian, defined as L̃ =

2L
λmax

−I , where L is the graph
Laplacian and λmax is its largest eigenvalue. This formulation
allows the convolution operation to achieve localization
within the graph by integrating node features from the local
K-hop neighborhood, while reducing the number of trainable
parameters to O(K ), making it computationally efficient.
In practical settings, this reduction in parameters makes the
model scalable for larger graphs.

Xp+1,j = σ

(∑
i

θ
p
i,jTk (L̃)Xp,i

)
,

In this formulation, θpi,j denotes the K -dimensional parameter
vector corresponding to the i-th column of the input feature
map and the j-th column of the output feature map at layer
p. The input feature map is represented as Xp,i, while Xp+1,j
refers to the output feature map at the subsequent layer.
The term Tk (L̃) applies the Chebyshev polynomial to the
rescaled Laplacian L̃, which is an essential operation in this
framework. Additionally, σ stands for the activation function,
ensuring the introduction of non-linear transformations
within the model.

By using the Chebyshev approximation, ChebNet achieves
both computational efficiency and good localization in
the vertex domain, while avoiding the need for explicit
eigenvalue decomposition, which has a time complexity of
O(n3). The number of trainable parameters is also reduced to
O(1) in some cases, making ChebNet highly scalable for large
graphs.

Kipf et al. [45] proposed a simplified variant of graph
convolutional networks (GCN) based on the ChebNet model
introduced by Defferrard et al. The key innovation in their
work was to truncate the Chebyshev polynomial to the first
order (i.e., considering only the immediate neighbors of a
node, with K = 2). This simplification greatly reduced the
computational complexity compared to the original ChebNet,
while still maintaining the ability to capture local graph
structure. In their model the first two terms of the Chebyshev
polynomial, θ (1) and θ (2), to be equal but with opposite signs,
specifically θ (1) = −θ (2). This results in a linear combination
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of a node’s own features and the features of its immediate
neighbors, effectively simplifying the convolution operation.
The simplified convolutional layer can be expressed as:

Z = σ
(
D̃−1/2ÃD̃−1/2Xθ

)
,

where Ã = I + A represents the adjacency matrix
with self loops added (allowing each node to aggregate
its own features), D̃ is the degree matrix corresponding
to Ã, θ is the learnable weight matrix and σ is the
activation function. By adding self-loops and simplifying the
convolution operation, this model effectively aggregates node
representations from their direct neighbors. This simplified
GCN bridges the gap between spectral based and spatial
based methods. Although it originates from spectral theory,
its localized convolution has a clear spatial interpretation as it
focuses on immediate neighborhoods. This makes it a hybrid
approach that can capture both local and global structures in
graphs, similar to spatial methods.

Next Li et al. [50] proposed The Adaptive Graph Convolu-
tional Network (AGCN) to address a limitation of traditional
GCNs, which rely solely on the original graph structure to
denote relationships between nodes. Inmany cases, theremay
exist implicit relationships between different nodes that are
not captured by the explicit structure of the graph. AGCN
introduces a mechanism to dynamically learn these hidden
or implicit relationships. The key innovation of AGCN is the
ability to learn a ‘‘residual’’ graph Laplacian. This learned
residual Laplacian is then added to the original Laplacian
matrix, allowing the model to adaptively incorporate new
relationships between nodes based on the graph data. This
dynamic adaptation improves the flexibility of the model
by capturing both explicit and implicit relationships. Mathe-
matically, AGCN refines the graph convolution operation by
modifying the Laplacian matrix:

L̃ = L + 1L

with 1L is the residual Laplacian matrix learned by the
model.

This modification allows the network to learn and incor-
porate underlying relationships between nodes that are not
captured by the original adjacency structure. AGCN is effec-
tive across multiple graph-structured datasets, outperforming
traditional GCNs in tasks that benefit from discovering
hidden relationships between nodes.

Another innovation was introduced by Zhuang [121] with
the Dual Graph Convolutional Network (DGCN) an approach
to jointly consider both local and global consistency within
graphs. Unlike traditional GCNs, which primarily focus on
local neighborhood aggregation, DGCN uses two separate
graph convolutional networks to capture both local and global
structural properties in the graph.

DGCN combines two different convolutional networks:
• The first network operates in a similar way to traditional
GCNs, leveraging the adjacency matrix to aggregate
local neighborhood information.

• The second network replaces the adjacency matrix
with a positive pointwise mutual information (PPMI)
matrix, which captures global consistency by measuring
co-occurrence statistics between nodes.

The formulation for the second network’s convolutional
layer is:

H ′
= σ

(
D−1/2
P PAPPD

−1/2
P HW

)
,

H ′ represents the output feature matrix, with rows corre-
sponding to nodes and columns to learned features. The
activation function σ (·) introduces non-linearity. The matrix
P, the Positive Pointwise Mutual Information (PPMI) matrix,
captures global co-occurrence statistics and is symmetrically
normalized using D−1/2

P , where DP contains the row sums
of P. The adjacency matrix AP captures local neighborhood
information. The input feature matrixH is transformed by the
learnable weight matrix W to produce H ′, combining local
and global information for a nuanced understanding of the
graph structure.

DGCN uses an unsupervised loss function to combine
the outputs of these two networks. By capturing both local
(adjacency based) and global (PPMI-based) relationships in
the graph, DGCN is able to model a more complete and
nuanced understanding of graph structure. This approach has
been effective in various tasks, including node classification,
where both local and global graph properties are crucial.

2) SPATIAL-BASED APPROACHES
Spatial-based ConvGNNs, on the other hand, define con-
volutions directly in the graph domain, based on the local
neighborhood of each node. These methods are conceptually
similar to traditional CNNs, where the convolution operation
is applied to local regions of the input data. In the context
of graphs, the convolution operation aggregates information
from a node’s neighbors to update its representation.

PATCHY-SAN [74], introduced by Niepert et al., was one
of the first models to adapt convolutional neural networks for
graph data. It tackles the challenge of applying convolutions
to graphs by creating fixed-size, ordered neighborhoods
for each node, allowing traditional convolution operations.
First, it ranks nodes based on centrality measures like
node degree. Then, for each node, PATCHY-SAN selects
a fixed number of neighbors to form a regular, normalized
structure. This normalization ensures that graph patches can
be treated similarly to image patches, enabling efficient
parallelization. Although PATCHY-SAN is computationally
efficient, it relies heavily on structural node ranking, limiting
its flexibility in capturing complex graph features.

Another approach to graph neural networks for inductive
learning was given by Hamilton et al. [35] in the year 2017,
known as GraphSAGE. It has the capability of generating
embeddings even for nodes that were not seen during training.
Unlike transductive methods that require the entire graph for
training, GraphSAGE can let the model generalize to new
data by an aggregation of information from a node’s local
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neighborhood. The aggregation at each layer k is performed
using a function AGGk , which combines the feature vectors
of the neighbors:

hkN (v) = AGGk

(
{hk−1
u | ∀u ∈ N (v)}

)
Here, hk−1

u is the hidden state of the neighbor node u in
layer k − 1, andN (v) represents the set of neighbors of node
v. After aggregation, the node’s representation is updated
by combining its previous hidden state with the aggregated
information:

hkv = σ
(
Wk · CONCAT(hk−1

v , hkN (v))
)

In this formula,Wk is a learnable weight matrix for layer k ,
and σ is a nonlinear activation function, such as ReLU. The
final embedding is obtained after applying these operations
over K layers.

In 2016 the Diffusion Convolutional Neural Network
(DCNN) [1] uses transition matrices to define the neigh-
borhood for nodes. For node classification, the diffusion
representation of each node in the graph can be expressed as:

H =

K∑
k=1

PkX

where X ∈ Rn×F is the matrix of input characteristics, with F
being the dimension of the characteristic. Pk is a normalized
transition matrix raised to the power k , representing the k
hop neighborhood of each node. This constructs a tensor
T ∈ Rn×K×F that contains the diffusion process on multiple
hops, where K is the number of hops.

Each node is transformed into a diffusion convolutional
representation, which is a matrix of size n × F , defined
over K hops of graph diffusion. This representation is then
transformed using a weight matrix W ∈ RK×F and a
non linear activation function f , yielding the final node
embeddings:

H ′
= f (WH )

Here,H ′ represents the final node embeddings after diffusion
and transformation.

Another network is the Mixture Model Network (MoNet)
[70], a general framework for extending convolution opera-
tions to non-Euclidean domains by introducing the concept of
pseudo coordinates. Unlike traditional convolutional neural
networks designed for grid like data, MoNet adapts to the
irregular, graph based structure, enabling spatial convolutions
over nodes and their local neighborhoods. The key idea
behind MoNet is to define custom convolutional filters
for each node based on the geometry of its neighborhood
using learned pseudo coordinates. This network introduces
pseudo coordinates, denoted as p(v, u), to represent the
relative position of neighboring nodes u around a node
v. These pseudo-coordinates are the base for defining
how convolution operations are performed in the graph
domain. Distances, node degrees, and other graph theoretic

properties are examples of domain specific criteria that can
serve as the basis for the pseudo coordinates. MoNet’s
convolutional operation applies the learned kernels which
are parameterized by the pseudo coordinates, to each node’s
neighbors. In particular, a node v output feature is determined
by adding the weighted features of its neighbors:

h(v) =

∑
u∈N (v)

K∑
k=1

wk (p(v, u)) · x(u)

whit wk (p(v, u)) is the kernel weight function applied based
on the pseudo coordinates p(v, u). MoNet is an extension
of a number of current spatial graph-convolution techniques,
such as GraphSAGE and GCN. By permitting the selection
of pseudo-coordinates and kernel functions, it can be tailored
to a range of graph-based applications while preserving the
spatial characteristics of node neighborhoods.

3) ADVANCED ARCHITECTURES AND APPLICATIONS
As ConvGNNs have evolved, more sophisticated architec-
tures have been developed to handle the diverse and complex
nature of graph data. Models like Graph Isomorphism
Networks (GIN) [44] enhance the expressive power of
ConvGNNs by ensuring that different graph structures can be
distinguished based on their embeddings. This is particularly
important for tasks where the precise structure of the graph
carries critical information, such as molecular graph analysis.

One limitation of traditional graph convolutional approaches
is their reliance on uniform weighting or fixed aggregation
schemes when combining information from neighboring
nodes. These methods assume that all neighbors contribute
equally to the target node’s representation, which can
lead to suboptimal performance in cases where different
neighbors have varying levels of importance. To address this
challenge, Graph Attention Networks (GATs) [93] introduce
a mechanism to learn adaptive importance weights for each
neighbor.

C. ATTENTION-BASED GRAPH NEURAL NETWORKS
The Graph Attention Network is a model that incorporates
attention mechanisms directly into the GNN framework. The
attention mechanism has revolutionized a variety of deep
learning tasks, offering a more flexible and dynamic way to
focus on the most relevant parts of the input data. Originally
introduced in the context of machine translation [3], it allows
models to weigh different elements of a sequence based on
their importance in making predictions.

GAT has been successfully applied to a variety of tasks
requiring fine-grained node representation learning, such as
node classification, link prediction, and graph classification.
In particular, one of the advantages of GAT consists in its abil-
ity to manage graphs with nodes of different degrees-some
nodes have plenty of neighbors, while others have very few.
In this regard, GAT will assign different attention weights to
each neighbor, thus filtering out irrelevant information and
paying attention only to the most informative neighbors.
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The introduction of Graph Attention Networks by
Velickovic et al. in 2018 marked an important milestone
in the evolution of graph neural networks. In their paper,
‘‘Graph Attention Networks,’’ Velickovic and co-authors
introduced an attention mechanism to the graph learning
domain, enabling each node to dynamically focus on the
most important parts of its local neighborhood. This approach
overcame some limitations of earlier models like Graph
Convolutional Networks, which treated all neighbors equally.

The multi-head attention mechanism further improves
the robustness of learned representations and enhances
the model’s ability to generalize better to various graph
structures. It thus is very appropriate for inductive learning
tasks in which generalization is expected to out-of-sampling
nodes or, entirely, to out-of-distribution graphs.

In 2019, Zhao et al. [115] extended the GAT architecture
to handle spatio-temporal data, an essential extension for
time-sensitive graph problems such as traffic forecast-
ing. Their approach, called Masked Attention for Spatio
Temporal GNNs, utilized attention mechanisms in order
to selectively focus on the most relevant spatial and
temporal neighbors. Masking of irrelevant edges, focusing
the attention on only crucial connections, it resulted in
enhanced accuracy and efficiency, while making traffic
flow and other predictions for evolving graph-structured
data.

The paper by Brody et al. in 2021 [11] refined some
concepts regarding Graph Attention with Virtual Nodes,
namely GATv2, updating the previous model to an attention
mechanism which could be more general and expressive.
Unlike the original GAT, where the attention coefficients
were static and limited by design, GATv2 incorporated a
more flexible mechanism that learned the attention weights in
a more complex, non-linear fashion. This upgrade provided
further improvements in tasks that require more nuanced
node representations and deeper aggregation across graph
neighborhoods.

A particularly notable extension is the Heterogeneous
Graph Attention Network (HAN), introduced in [94],
which effectively addresses challenges associated with graph
heterogeneity through a dual-level attention mechanism.
At the node level, HAN employs a node-specific attention
mechanism to dynamically weigh neighboring nodes relative
to the target node, taking into account both the structural
context and feature information. At the semantic level,
it incorporates a semantic attention mechanism to integrate
information across different edge types or categories of
relationships. This hierarchical attention framework enables
HAN to effectively model the inherent heterogeneity of
such graphs. Moreover, HAN optimizes tasks such as node
classification and graph embedding by introducing a learned
meta-path attention mechanism. Unlike earlier approaches
that relied on predefined meta-paths, this dynamic mech-
anism adapts to the graph’s structure, enhancing both
flexibility and representational power. This innovation allows
HAN to provide more nuanced and effective representations

of heterogeneous graphs, further advancing its utility in
real-world applications.

Using the adaptability of attention mechanisms, graph
attention auto encoders (GATE) [78] extend their application
to unsupervised learning tasks. By integrating self-attention
into the autoencoder framework, GATE enhances its ability
to capture both local and global structural features of
the graph. The attention mechanism adaptively weighs the
contributions of different nodes during encoding, enabling the
model to emphasize key relational dependencies. This results
in more expressive embeddings that outperform standard
graph autoencoders in tasks such as graph reconstruction
and anomaly detection. The inclusion of attention within
the encoder-decoder pipeline not only boosts performance
but also allows for interpretability in analyzing the learned
representations.

Spatio-Temporal Graph Attention Networks (ST-GAT)
[34] offer an advanced approach to managing changing
dependencies over time. ST-GAT utilizes a dual-attention
framework, where spatial attention synthesizes data from
a node’s spatial neighbors, dynamically prioritizing nodes
of importance, while temporal attention concentrates on
significant time points across event sequences. This dual
approach allows ST-GAT to capture complex spatio-temporal
patterns in systems like traffic networks and evolving social
interactions. Unlike static Graph Neural Networks or basic
temporal modifications, ST-GAT’s attention mechanisms
flexibly disentangle spatial and temporal features, achieving
top-tier performance in spatio-temporal forecasting tasks.

D. GRAPH TRANSFORMERS
Graph Transformers [107] represent a significant evolution
in graph representation learning, building on the success
of transformer architectures in natural language processing
and computer vision. Unlike Graph Attention Networks,
which focus on leveraging attention mechanisms within local
neighborhoods, Graph Transformers aim to capture both local
and global dependencies across entire graph structures. This
shift enables them tomodel complex relationships that extend
beyond immediate neighbors, offering a powerful tool for
applications where understanding global context is critical.

At the heart of Graph Transformers lies the adaptation
of the self attention mechanism to graph structured data.
Traditional transformers rely on positional encodings to pro-
cess sequences; however, in graphs, positional information is
inherently absent due to their non Euclidean nature. Graph
Transformers incorporate structural encodings that capture
the topological relationships between nodes in order to
address this. The structure of the graph is frequently directly
incorporated into the model using methods like random
walk probabilities, Laplacian eigenvectors, and shortest path
distances. These encodings give the attention mechanism a
means of comprehending the underlying topology in addition
to concentrating on node features, providing a comprehensive
representation of the graph.
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FIGURE 4. An example of a hypergraph with six nodes (v1 to v6) and
hyperedges (e1 to e4), where each hyperedge connects multiple nodes.
For instance, e1 connects nodes v1, v2, and v6, illustrating the ability of
hyperedges to link more than two nodes simultaneously. This structure
can represent complex relationships in datasets, such as multi way
interactions in social networks, biological systems, or higher order
dependencies in other domains.

Graph Transformers’ capacity for global self attention is
one of their distinguishing characteristics. They enable each
node to attend to every other node in the graph, in contrast
to GATs, which locally aggregate information from a node’s
neighbors. The model can learn long range dependencies
thanks to this global attention mechanism, which also records
interactions between distant nodes that localized approaches
would otherwise overlook. For tasks like molecular property
prediction, where interactions between distant atoms in
a molecule can determine its overall behavior, or scene
graph generation in computer vision, where comprehending
relationships across the entire scene is crucial, Graph
Transformers are especially useful because of this.

V. OTHER TYPES OF GRAPHS
A. HYPERGRAPH NEURAL NETWORKS
A hypergraph is a generalization of a traditional graph
where a hyperedge can connect more than two nodes,
allowing for the modeling of more complex relationships
between sets of nodes (see Fig. 4). Unlike standard graphs,
where an edge links exactly two nodes, hypergraphs are
suitable for representing data with intricate structures, such
as group relationships in biology, chemistry, social networks,
or recommendation systems. For instance, in molecular
chemistry, a hypergraph can represent the interactions
between sets of atoms, improving the predictive performance
of molecular properties. The learning process typically
involves aggregating node information over hyperedges,
allowing for more complex and global features to be extracted
from the data.

The first notable model HyperGCN [100], introduced
by Ranjan et al., adapts traditional Graph Convolutional
Networks to hypergraphs with a focus on simplicity and
efficiency. Instead of directly operating on hypergraphs,
it transforms each hyperedge (connecting multiple nodes)
into a bipartite graph structure. This approach takes advantage
of established GCN techniques while capturing higher
order relationships unique to hypergraphs. The key advan-
tage of HyperGCN lies in its computational efficiency.

By simplifying hypergraphs into bipartite graphs, it avoids
the complexity of directly processing hyperedges, making it
scalable for large datasets. Despite its simplicity, HyperGCN
effectively models higher order connections, making it a
versatile choice for tasks like node classification or social
network analysis. In essence, HyperGCN strikes a balance
between practicality and performance, offering an accessible
yet powerful way to explore hypergraph learning without
overwhelming computational demands.

Another model is Hyper-SAGNN [113] a Self-Attention
Guided Neural Network, it advances hypergraph learning
by incorporating a self-attention mechanism. This feature
allows the model to dynamically weigh the importance
of hyperedges and nodes, adapting to the data’s specific
structure. Unlike HGNN, which uses spectral convolutions,
Hyper-SAGNN leverages attention to capture fine grained
relationships, making it ideal for scenarios where connection
significance varies widely. This adaptability enables the
model to handle non uniform and heterogeneous relationships
effectively, such as those in social networks. Additionally,
Hyper-SAGNN achieves computational efficiency, balancing
scalability with accuracy, and providing a robust solution for
modeling complex and context dependent data.

Furthermore, Sheaf Hypergraph Networks [25] introduces
an advanced framework that extends hypergraphs by incor-
porating sheaf structures, enabling richer representations of
higher-order relationships. By leveraging sheaf Laplacians,
both linear and non-linear, it enhances the expressivity of
diffusion processes compared to traditional hypergraphmeth-
ods. The proposed architectures, Sheaf Hypergraph Neural
Networks (SheafHyperGNN) generalize existing models like
HyperGNN and HyperGCN, addressing limitations such as
over-smoothing and better preserving feature diversity.

B. MULTIGRAPH NEURAL NETWORKS
A multigraph is a type of graph in which multiple edges
can exist between the same pair of nodes, representing
different types or strengths of connections. Multigraph
Neural Networks (MGNNs) are designed to work with these
complex structures, learning from the multiple types of edges
that exist between nodes. By incorporating edge attributes,
MGNNs can differentiate between the various relationships
or interactions between the same pair of nodes, thus capturing
richer information about the data. This allows the network to
model different layers of interaction, which is crucial in fields
such as neuroscience, where neurons may be connected by
both chemical and electrical synapses, or in social networks
where individuals may interact through different platforms or
modes of communication.

In MGNNs, the challenge is managing the multiple edges
and ensuring that the learning process properly accounts
for the distinct types of relationships. Techniques such as
edge based attention mechanisms or multi-relational learning
methods are often used to weigh the importance of each edge
type during the aggregation of information from neighbors.
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MGNNs have shown to be effective in applications like
recommendation systems, multimodal network analysis, and
multi relational knowledge graph embeddings.

An example of an MGNN architecture is the Recurrent
Multi Graph Convolutional Neural Network (RMGCNN)
[71], introduced by Monti et al., which combines the power
of multigraph convolutional neural networks with recurrent
neural networks to address matrix completion problems. This
architecture is particularly well suited for applications like
recommendation systems, where user item interactions can be
modeled as multigraphs with various types of relationships.
The RMGCNN framework operates by first applying a Multi
Graph Convolutional Neural Network (MGCNN) to extract
local, stationary features from the user item interaction
matrix. The multigraph convolution effectively filters the
matrix using spectral techniques, where the row and column
graphs (representing user and item similarities, respectively)
are incorporated as separate components. This approach
enables the extraction of meaningful patterns from signals
defined across multiple graphs simultaneously. After feature
extraction, the Recurrent Neural Network component models
a diffusion process to progressively reconstruct missing
values in the matrix. The RNN updates the interaction
matrix iteratively by incorporating the extracted features,
allowing the system to refine its predictions over multiple
time steps. This diffusion-based approach is particularly
advantageous in handling extremely sparse data, as it
efficiently propagates known values across the matrix while
maintaining computational efficiency.

Another research built on the MGNN framework, Deep
Hybrid Multi Graph Neural Networks (DHMG) [104] intro-
duce a collaborative andmulti filter approach to hyperspectral
image (HSI) classification. HSIs, with their high spectral and
spatial dimensions, pose significant challenges due to their
complexity, spectral variability, and limited availability of
labeled samples. Traditional methods often fail to address
these challenges comprehensively.

VI. APPLICATIONS
In the following, we explore howGNNs are applied in various
domains, from natural language processing to chemistry and
traffic forecasting.While previous sections have occasionally
touched upon applications of general GNN models in
different contexts, here we specifically focus on networks
that have been explicitly developed for these fields. To offer
readers a quick reference to the key works in each area,
Table 3 summarizes the mains along with the corresponding
developed networks (indicated by their references). This
summary serves as a roadmap, enabling interested readers to
easily identify and further explore the models relevant to their
area of interest.

A. NATURAL LANGUAGE PROCESSING
Graph Neural Networks have become indispensable tools in
natural language processing (NLP), offering robust capabil-
ities to uncover connections among words, sentences, and

TABLE 3. Application domains and networks (References).

documents. A prominent application of GNNs in NLP is text
classification, where documents are represented as graphs,
with nodes corresponding to words or sentences and edges
capturing syntactic or semantic relationships. Using GNNs,
models can infer document labels with higher accuracy,
effectively capturing both local and global dependencies
within a text.

Pioneering works by Marcheggiani et al. [63] and
Bastings et al. [6] laid the foundation for the use of GNNs in
tasks like syntactic parsing. This was later extended to more
complex applications, such as semantic dependency parsing,
inMarcheggiani et al. [62], demonstrating the utility of GNNs
in modeling intricate linguistic structures.

Zhang et al. [114] introduced TextING, a model designed
to construct document-specific graphs, enabling GNNs to
capture fine-grained word dependencies. This approach
proved especially effective for text classification tasks
that address the challenges posed by out of vocabulary
words. That same year, another significant advancement was
proposed by Zhang et al. [109] with the TG-Transformer,
a heterogeneous GNN based on Transformers that integrates
graph-based structures into attention mechanisms. This
innovation further expanded the potential of GNNs by
combining structural information with the representational
power of Transformers.

Liu et al. [59] explored GraphPrompt, a framework that
utilizes prompt-based learning to unify pretraining and
downstream tasks. This method enhances the adaptability of
GNNs across diverse NLP applications by enabling dynamic
learning tailored to specific tasks.

Mavromatis and Karypis [64] proposed a groundbreaking
framework that combines GNNs with Large Language Mod-
els (LLMs) for retrieval augmented reasoning. This approach
utilizes GNNs to extract relevant subgraphs for LLMs,
achieving state-of-the-art performance in question-answering
tasks over knowledge graphs. By dynamically linking struc-
tured data with language model capabilities, this framework
bridges the gap between graph reasoning and natural
language understanding.

Furthermore, Li et al. [49] propose a hypergraph attention
framework that leverages graph neural network principles
to jointly model entity boundaries and semantic labels
in visually rich documents. Building on GraphLayoutLM,
their approach transforms token features into graph nodes
and employs multi-head attention to construct hyperedges
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enhanced by span position encoding and balanced hyperedge
loss.

Ma et al. [61] present HetGPT, a post-training prompt-
ing framework for heterogeneous graph neural networks
that aligns contrastive pretext objectives with downstream
node classification tasks. By integrating virtual class and
heterogeneous feature prompts with multi-view neighbor-
hood aggregation, HetGPT reduces negative transfer and
overfitting in semi-supervised learning. Experiments on
ACM, DBLP, and IMDB benchmarks show significant gains
over state-of-the-art HGNNs, highlighting its impact in
graph-based NLP.

B. COMPUTER VISION
GNNs brought about a revolution in computer vision through
explicit modeling of the relationships among visual data.
These networks represent images, videos, or point clouds as
structured graphs, where the nodes are key elements (objects,
pixels, body joints), and edges stand for interactions among
them. It is from this perspective that the new graph-based
view has favored significant advances in a varied range of
applications, including scene graph generation and human
action recognition.

We have applications in Scene Graph Generation, where
GNNs parse images into graphs of objects and their
relationships, providing semantic understanding of the visual
content. For example, Xu et al. [97] proposed a model that
segments images into semantic entities and their relations,
thus allowing reasoning over the structure of visual scenes.
Building on this, Yang et al. [102] modeled a better prediction
of objects and relationships that formed the basis for tasks
such as synthesis of images from scene graphs.

Human activity analysis has been done byGNNs on human
motion in video data quite effectively. The spatial temporal
GNNs, considering human joints as nodes of a graph and their
articulation relations as edges of that graph, are capable of
catching temporal changes in movement over time. Yan et al.
[40] illustrated that it leads to excellent performance on
complex human activity recognition, increasing the capability
of systems to comprehend human behavior in a dynamic
environment.

GNNs also perform well in object detection and semantic
segmentation, tasks where the relational information between
objects or regions is crucial. For example, Qi et al. [82]
developed graph parsing neural networks to learn human-
object interactions, enhancing the ability of systems to reason
about relationships in visual data. Similarly, models such as
Masked Graph Attention Networks have advanced person
re-identification by focusing on label-guided features while
suppressing irrelevant information, as seen in Bao et al. [5].

GNNs have shown great promise in medical imaging
for applications like the detection of cancers. Cell Graph
Convolutional Networks (CGC-Nets) were proposed by
Zhou et al. [119], which represent graphs wherein nodes
are cell nuclei and edges capture cellular interactions. The
graph-based approach facilitates classifying histology images

by improving diagnostic accuracy, leveraging both the local
and global relationships in the tissue microenvironment.

Chen et al. [17] propose GNDAN, a novel dual attention
network that jointly learns discriminative local and explicit
global visual embeddings for zero-shot learning. It employs
a region-guided attention network (RAN) to identify salient
image regions and a region-guided graph attention net-
work (RGAT) that constructs an attribute-region graph
to capture inter-region relationships. This dual attention
approach enablesmore effective visual-semantic interactions,
yielding state-of-the-art performance in both conventional
and generalized zero-shot learning tasks.

Shou et al. [87] propose MCGRL, which integrates
CNN-extracted semantic features, partitioned into patch-based
graph nodes with a masked GCN to capture both structural
and semantic information for age estimation. By fusing
multiple loss functions to explore complementary feature
relationships, MCGRL significantly enhances age prediction
accuracy on real-world face image datasets.

Yajuan et al. proposed SCGTracker, a multi-object track-
ing framework that leverages spatio-temporal correlation
to dynamically construct detection and tracklet graphs.
It employs graph neural networks to fuse appearance and
motion cues, thereby enhancing feature representations and
addressing occlusion challenges.

C. RECOMMENDER SYSTEMS
GNN applications have greatly benefited recommender
systems, especially in e-Commerce and social media. Graph-
based recommender systems represent both users and items
as nodes, while interactions between them are modeled as
edges. Such a setup inherently allows GNNs to learn complex
relationships among users, items, and their attributes, improv-
ing the quality of the recommendations.

One common task in recommender systems is link pre-
diction, where GNNs predict missing connections between
users and items. Models like Graph Autoencoders (GAEs)
have been used to learn user and item embeddings from large
scale bipartite graphs, with notable success in capturing latent
preferences [10], [105].

Moreover, dynamic recommender systems leverage GNNs
to model the temporal evolution of user preferences and
item features. For instance, Zhang et al. [111] proposed a
Dynamic Graph Recommendation Network that extracts user
item preferences over time, while Huang et al. developed
a Knowledge aware Coupled GNN [39], which integrates
external knowledge into the recommendation process to
enhance personalization and accuracy.

D. TRAFFIC SYSTEMS
Among various applications of GNNs in traffic systems, one
of the most frequent ones is traffic flow prediction: predicting
the volume of vehicles passing through certain road segments
at some instant of time. GNN-based models take advantage
of the graph structure of road networks to effectively capture
spatial dependencies and temporal dynamics. For example,
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Graph Convolutional Networks combined with recurrent
layers like LSTMs or GRUs have achieved remarkable
precision by jointly modeling both local interactions among
neighboring road segments and long-term temporal trends
Yu et al. [106].

Another essential task where GNNs have excelled is
in traffic speed prediction. This kind of prediction is an
integral application in route optimization and congestion
management. Among them, GATs have been applied to
model the impact of the conditions of surrounding roads on
speed variations. By assigning dynamic weights to different
road segments according to real-time traffic data, models such
as the GAT-LSTM framework have outperformed traditional
methods and demonstrated the value of attention mechanisms
in this domain [28].

GNNs represent an essential approach in the domain of
route recommendation, as they provide the capability to
propose personalized and optimized travel recommendations.
GNN-based models that combine user-specific preferences
with real-time traffic data will provide route recommenda-
tions that consider both the current network state and the
behavior of an individual traveling [41].
GNNs have also overcome the imputation of lost data that

continuously affects traffic systems. In real-world traffic data
sets, there are many gaps or noisy readings of sensors due to
either technical failure or external causes. BGNNs are robust
for handling such challenges as the graph structure and prob-
abilistic reasoning allow them to handle such obstacles while
accurately imputing lost values. These models reconstruct the
traffic patterns in datasets with even large amounts of data
loss [110].

Another important application of GNNs is in the detec-
tion of anomalies in traffic. Anomaly detection refers
to the identification of unusual patterns of traffic, such
as sudden changes in speed or flow due to accidents
or events. Spatiotemporal GNNs, which integrate graph
and recurrent components, have been applied to detect
anomalies by analyzing deviations from expected traffic
behavior. For example, a hybrid GCN-RNN model was able
to detect anomalies in urban traffic networks with high
accuracy [115].
Chen et al. [16] proposed TFM-GCAM, a novel traf-

fic flow prediction model that leverages a traffic flow
matrix derived from congestion indices to construct the
graph’s adjacency matrix, and integrates graph convolu-
tion with attention mechanisms. The model features a
dynamic extractor for temporal dynamics, a fusion atten-
tion block to merge dynamic and flow features, and a
Transformer Encoder in the output block for improved
prediction.

In a nutshell, Graph Neural Networks have become a
requisite in traffic systems and serve as a powerful capability
towards a wide array of challenges. These models continue
to push the state-of-the-art by modeling spatial and temporal
dependencies inherent in road networks; thus, paving the way
toward smarter and more efficient transportation systems.

FIGURE 5. Visualization of a 3D molecular structure (left) and its
corresponding 2D graph representation (right), where atoms are
represented as colored nodes and bonds as edges, demonstrating the
mapping between physical and graph representations in molecular
analysis.

E. CHEMISTRY AND DRUG DISCOVERY
In chemistry, GNNs are frequently used tomodel the structure
of molecules, where atoms are represented as nodes and
chemical bonds as edges (see Fig. 5). By applying GNNs to
molecular graphs, researchers can perform tasks like node
classification, graph generation, and graph classification.
This has broad applications, such as prediction of molecular
properties, identification of protein interfaces, and synthesiz-
ing new chemical compounds in Gilmer et al. 2017 [31].
A critical application in this domain is drug discovery,

where GNNs help predict drug-target affinity and drug-drug
interactions. These models accelerate the drug development
process by predicting which molecules are likely to interact
with specific proteins or other drugs. Recent works, such
as those of Zitnik et al. [122] and Feng et al., model
drug interactions as multirelational link prediction problems
on graphs, incorporating various types of relationships like
chemical similarity and side effects.

Moreover, GNNs are employed to predict the side effects of
drug combinations, which is a complex task due to the large
number of possible interactions. By treating each drug as a
node andmodeling their interactions as edges, GNNs can help
identify potential adverse reactions that may not be detected
in clinical trials Li et al. [48].

Another interesting application is GNN-DDAS [108],
a framework using Graph Neural Networks, identifies
active anti-schistosome molecules by combining SMILES
and molecular graph features. It outperforms traditional
methods, offering high accuracy and interpretability via
GNNExplainer, highlighting key molecular substructures.

Meng et al. [65] introduced DRAGNN, a novel graph
neural network model for drug repositioning that lever-
ages a graph attention mechanism to dynamically weight
heterogeneous information from drug and disease nodes.
By omitting self-node aggregation and enhancing local
neighbor information through average pooling, DRAGNN
effectively captures critical associations in drug-disease
networks.

Furthermore, Xu et al. [99] propose a deep learning frame-
work that integrates GCN and GAT to predict lncRNA-drug
associations by constructing one-hop subgraphs from a
lncRNA-drug bipartite graph and extracting node features
using PCA. Their method leverages both local neighborhood
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FIGURE 6. An example of a social network graph where nodes represent
individuals and devices, while edges depict connections between them,
reflecting relationships and interactions in a digital workspace.

and global graph information through convolution and
attentionmechanisms, achieving high predictive performance
(AUCs > 0.92) across five benchmark datasets.

F. SOCIAL NETWORKS
In social network analysis, GNNs are applied to tasks such
as link prediction, community detection, and prediction of
social influence. By representing users as nodes and their
interactions (e.g., friendships, communications) as edges
(see Fig. 6), GNNs can predict future connections, detect
communities, and even model the spread of information or
influence across the network.

For example, DeepInf [83] proposed by Qiu et al.,
combines user specific features and network structures to
predict how information propagates through social networks.
Similarly, SEAL [112] employs GNNs to extract subgraphs
for link prediction tasks, improving the ability to identify
potential social connections.

Furthermore, Ma et al. [60] proposed MADM, a plug-
and-play denoising module that refines noisy social graphs
by leveraging multi-expert similarity learning and graph
sparsification. MADM further employs mutual informa-
tion maximization via both contrastive and forward pre-
dictive learning to generate minimal yet sufficient user
representations.

G. NEUROSCIENCE
GNNs have also made significant strides in the analysis of
physical networks, especially in the context of neuroscience.
In this domain, GNNs are applied to model brain networks
where neurons or brain regions are represented as nodes and
the connections between them (either structural or functional)
are modeled as edges.

By applyingGNNs, researchers can analyze both structural
and functional brain connectivity, which is crucial to
understanding neural dynamics. For example, GNNs are used
to study centrality measures in brain networks, identifying
key regions that play a major role in information processing
across different brain states. These methods have been used
to investigate disorders like bipolar disorder [21], retinitis
pigmentosa, and other neurodegenerative conditions [120].
Another interesting paper is [37] in which it introduces

GAT-LI, a novel pipeline that utilizes graph attention

networks to learn and interpret functional brain network
classifications. The method is applied to classify Autism
Spectrum Disorder (ASD) vs. Healthy Controls (HC) and
offers model interpretability through feature importance
analysis. Furthermore, BN-GNN [116] introduces a dynamic
GNN framework for brain network analysis, using deep
reinforcement learning to optimize the number of layers
for each network. Using flexibility, this method identifies
hierarchical patterns and achieves superior results in eight
brain disease analysis tasks compared to traditional fixed-
layer GNNs. Increase both representational fidelity and
task-specific accuracy.

In addition, GNNs help reveal differences in functional
connectivity between various groups of patients, such as
those with traumatic brain injury or brain tumors. The
combination of structural and functional data allows for a
more comprehensive understanding of how neural circuits are
altered in disease conditions.

H. POWER SYSTEMS
Graph Neural Networks have in recent years shown signifi-
cant promise in addressing the complex issues of electric and
electronic fields, where information could be represented as
a network. Their ability to capture both spatial and temporal
dependencies renders them apt for applications such as fault
diagnosis, renewable power forecasting, and power flow
estimation.

Khorasgani et al. [43] propose a method for fault detection
and isolation (FDI) in industrial networks using Graph
Convolutional Neural Networks. They model the industrial
system as a weighted undirected graph to capture the
interdependencies among components, improving diagnosis
accuracy.

Owerko et al. [76] propose a GNN framework that predicts
power outages by modeling weather sensor measurements
as graph signals over a network of weather stations.
Their method exploits spatial relationships using geographic
proximity to construct weighted graphs and applies graph
convolutions to capture relevant features.

Dinesh et al. [23] introduce a residential power forecasting
approach based on load identification and graph spectral
clustering. The approach utilizes graph signal processing to
identify appliance state duration correlations and spectral
clustering for ON-set prediction. Through the construc-
tion of appliance graphs and spectral representation, the
method attains enhanced forecasting accuracy compared to
conventional approaches.

Liang et al. [56] propose FeederGAN, which employs
deep graph adversarial networks to generate synthetic
feeder models that mimic the complex topology of power
distribution systems. Their approachmodels feeder structures
as graphs, capturing both connectivity and node attributes
via adversarial training. The resulting synthetic feeders
exhibit improved realism and connectivity, enhancing data
availability for smart grid analysis and optimization.
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Owerko et al. [77] reformulate optimal power flow as a
graph signal processing problem by modeling the grid as a
weighted graph with buses as nodes and transmission lines
as edges. They employ graph neural networks to learn a
nonlinear power demand to generator allocation mapping in
an unsupervised manner, optimizing cost directly using a
novel differentiable barrier penalty.

I. COMBINATORIAL OPTIMIZATION
GNNs can be useful for combinatorial optimization problems
that prevail in areas like logistics and operations research.
Applications include problems related to the Traveling
Salesman Problem (TSP), Minimum Spanning Tree (MST),
and more traditionally based on heuristics or approximation
methods. However, GNNs provide a novel approach by
learning tomodel the graph structure directly and finding near
optimal solutions.

In particular, Pointer networks [9] and other GNN-based
methods have demonstrated strong performance in solving
TSP, offering competitive results compared to classical
algorithms. By representing the optimization problem as
a graph and learning efficient solutions through GNNs,
researchers have shown promising advances in handling NP
hard problems [46].

VII. MAIN LIMITATIONS OF GNNs
This section discusses the main challenges that Graph
Neural Networks encounter, which limit their effectiveness
in various applications. For example traditional readout
functions, such as mean, max, or sum pooling, often fail
to capture the complex interactions required for certain
graph-level tasks. Recent approaches, like those proposed in
Buterez et al. in [14], address these limitations by employing
adaptive readout mechanisms. These methods utilize neural
models, such as GRU-based pooling or attention-based
aggregators, to selectively emphasize critical parts of the
graph. Such innovations significantly boost performance in
domains like bioinformatics and cheminformatics, where
global graph properties play a pivotal role. Other key issues
include over-smoothing, where node representations become
indistinguishable in deeper layers, limited scalability to
large graphs, and difficulties handling dynamic and evolving
graphs. Additionally, GNNs often exhibit sensitivity to noise
and incomplete data, which can lead to significant perfor-
mance degradation. Recognizing these limitations is essential
for developing more robust and scalable models, capable of
addressing the increasing complexity of graph-structured data
across diverse fields.

A. OVER-SMOOTHING IN DEEP GNNS
Over-smoothing is a well-known phenomenon in GNNs,
which, if the depth of the model increases, nodes in a
graph will hold increasingly similar features. The model
hence loses its ability to distinguish node differences, thus
reducing its performance on graph based tasks. The effect is
particularly problematic in deeper networks, where excessive

message passing across layers causes node embeddings to
converge to uniform values. Addressing over-smoothing is
critical for enhancing the expressiveness and depth of GNNs,
allowing them to perform effectively across a wide range of
applications.

There are a variety of approaches to quantify over-smoothing
in deep GNNs. One prominent method involves using
measures based on Dirichlet energy on graphs [118]. The
Dirichlet energy measures the amount of difference in node
embeddings; low energy means that node embeddings have
become too similar, for instance, over-smoothed. Another
measure is Mean Average Distance (MAD) [15] between
node embeddings. This metric measures the average distance
between node embeddings in feature space; the lower value
of MAD indicates that embeddings are converging and hence
model is over-smoothing.

B. ROBUSTNESS
Graph Neural Networks have been used in a wide array
of domains with great success. However, most GNNs are
extremely sensitive to the quality of graph structure and
require an intact, noise-free graph to learn informative
embeddings, as discussed by [30] and [98]. In practice, many
graphs are inherently noisy or incomplete, significantly dete-
riorating GNN model performance. What’s more, GNNs are
especially susceptible to adversarial attacks, where malicious
perturbations to the graph structure, such as adding, deleting,
or modifying edges, are introduced with the intent to mislead
themodel to incorrect predictions. The unique nature of graph
data, where nodes are interconnected through structured
relationships, exacerbates this vulnerability, as even small
changes in topology can propagate errors through multiple
nodes during the message passing process.

This susceptibility is especially concerning in safety
critical applications such as fraud detection, healthcare,
and traffic control systems, where the reliability of pre-
dictions is crucial. For example, adversaries in financial
transaction networks may manipulate connections between
entities by creating false relationships between high credit
users and fraudulent accounts, bypassing anomaly detection
algorithms. Similarly, on social networks, attackers can forge
connections to disreputable sources to skew influence metrics
or alter recommendation systems.

C. EXPLAINABILITY
Despite the powerful performance, GNNs often act as black
boxes, where little insight can be drawn on how specific
inputs shape their outputs.

The opacity of GNNs raises serious concerns, especially
in domains where understanding the reasoning behind a
model’s predictions is critical. For example, in healthcare,
clinicians need to trust and understand diagnostic suggestions
provided by AI systems. In finance, regulatory requirements
may require explanations for credit approval decisions.
Without transparency, stakeholders may be unwilling to
adopt GNN-based solutions, no matter how accurate they

VOLUME 13, 2025 62885



V. Ponzi, C. Napoli: Graph Neural Networks: Architectures, Applications, and Future Directions

are. This necessity has led to an increased interest in
Explainable Artificial Intelligence (XAI) concerning GNNs.
Explainability in AI, also known as XAI, aims at making
AI models more interpretable and transparent to users by
providing insight into the driving forces behind a model’s
decisions. There are several reasons why explainability is
considered crucial with respect to GNNs.

• Trust and Accountability: This gives clear explana-
tions to the user and provides for accountability in
automated decision-making processes.

• Regulatory Compliance: Many industries are covered
under various regulations that demand explanations
for algorithmic decisions, such as the General Data
Protection Regulation in the European Union.

• Debugging and Improvement: Understanding how
GNN makes decisions will support the developers
in identifying potential biases or errors in a model,
thus leading to improvements in both performance and
fairness.

• Ethical Considerations: This will explain the unin-
tended bias towards underrepresented groups by giving
explainability to the models for more ethical AI.

Achieving explainability in GNNs is even more challeng-
ing owing to the intrinsic complexity of the models: for
example, the very intricate interdependencies they model
may lead to a situation in which the influence of a given
node spreads over the whole network, and hence is difficult
to identify and interpret. Furthermore, adding several layers
together with nonlinear activation makes the matter even
more complex due to these transformations hiding a direct
relationship between input features and resulting output.
Put altogether, these aspects make it difficult to give clear
and understandable explanations for the decision-making
processes of GNNs.

To address these challenges, research inExplainable GNNs
(XGNNs) has emerged to develop methods that provide
insights into the decision-making processes of GNNs. These
methods can be broadly categorized into two approaches
[53], [69]:

1) XAI-Based XGNNs: These methods adapt existing
explainable AI techniques to GNNs. They often involve
post hoc analysis to interpret the model’s predictions by
examining feature importance, attention weights, or by
generating explanations based on perturbations of the
input graph.

2) Intrinsic XGNNs: These approaches incorporate
explainability directly into the GNN architecture.
By leveraging the intrinsic structures and features of
graphs, they aim to make the model’s operations more
transparent without relying on external explanation
tools.

In the medical domain, where understanding the reasoning
behind predictions is critical, several studies exemplify
the advancement of explainable GNNs. For example,
Chereda et al. [18] extend Layer-wise Relevance Propaga-
tion (LRP) to Graph-CNNs, developing Graph Layer-wise

Relevance Propagation (GLRP) that produces individualized
molecular subnetworks for breast cancer patients. These sub-
networks highlight key gene interactions driving metastasis
predictions, aligning closely with clinical insights. Similarly,
Yang et al. [103] introduce MGraphDTA, a deep multiscale
GNN combined with a multiscale CNN for drug-target
binding affinity prediction, which incorporates Grad-AAM,
a gradient-weighted activation mapping method that visually
identifies crucial molecular substructures influencing predic-
tions. Furthermore, Li et al. [47] demonstrate that integrating
condensed Hi-C latent features with epigenetic data into
GAT-based models yields interpretable representations that
reveal which gene interactions most impact cancer gene
predictions, with dimensionality reduction techniques like
SVD providing clear importance scores for each gene feature.

As previously mentioned, in the financial sector, Explain-
able AI is essential for ensuring transparency in GNN-based
models. GNNExplainer is a widely used approach for
interpreting Graph Neural Networks by identifying crucial
subgraph structures and node features that influence model
predictions. Li et al. [52] extend GNNExplainer to weighted
and directed graphs, applying it to a Bitcoin transaction
network to better understand financial interactions. Simi-
larly, Rao et al. [84] develop a fraud detection system on
heterogeneous graphs with different node and edge types.
However, challenges remain in making GNNs interpretable
for edge-attributed and dynamic graphs, which are still
underexplored areas.

Despite progress, systematic analysis and evaluation
of these methods are still necessary to fully understand
their effectiveness. Developing standardized metrics for
explainability, addressing recurrent issues such as scalabil-
ity and generalization, and exploring new directions are
essential steps toward making GNNs more interpretable and
trustworthy.

In conclusion, integrating explainability into GNNs is not
just a desirable feature, but a necessity for their adoption in
critical applications. As GNNs continue to evolve and find
new applications, ensuring that they are explainable will be
paramount to leveraging their full potential responsibly.

VIII. DATASETS
Representative and well-structured datasets have played a
very important role in creating and assessing GNNs. Testing,
validation, and training of the GNN model can be performed
with the help of these datasets since they provide an avenue
where performance comparison across different tasks is
easily done and allow for benchmarking of approaches. This
section examines important datasets and benchmarks that are
frequently used in GNN research, emphasizing their features
and applicability to various application domains [26], [36].

A. CLASSICAL DATASETS FOR GNNS
The capabilities of GNNs have traditionally been assessed
using classical datasets, especially for tasks like graph clas-
sification, link prediction, and node classification. Among
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TABLE 4. Accuracy of GNN models on benchmark datasets. The table
compares the accuracy of different Graph Neural Network models on
three benchmark datasets: Cora, PubMed, and Citeseer. The results
illustrate the performance of various architectures in node classification
tasks, highlighting differences in effectiveness across datasets.

these, the citation network modeling datasets Cora, PubMed,
and Citeseer are commonly used. Documents are represented
by nodes in these datasets, and citations between them are
represented by edges. For example, Cora has roughly 5,400
edges and 2,700 nodes, and each node is categorized into one
of seven classes according to the paper’s subject. In a similar
vein, Citeseer offers a smaller dataset of 3,300 nodes spread
across six categories, whereas PubMed concentrates on
medical articles and has almost 19,700 nodes in three broad
classes. The performance of various Graph Neural Network
models on classical citation network datasets is summarized
in Table 4, highlighting their accuracy in node classification
tasks and demonstrating the comparative effectiveness of
different architectures.

B. DATASETS FOR CHEMICAL APPLICATIONS
GNNs have been used extensively in the fields of biology
and chemistry to model protein interactions and molecular
structures. With more than 130,000 molecular graphs, QM9
is one of the most prominent datasets. Atoms are nodes,
and bonds are edges in each graph, which depict a molecule
with comprehensive chemical and physical characteristics.
Regression tasks that predict molecular properties such as
atomization energy or dipole moments frequently use this
dataset. It is a benchmark for binary classification tasks,
with 188 molecular graphs labeled based on mutagenicity.
In protein interaction networks, the PPI (Protein-Protein
Interaction) dataset is particularly well known. This dataset,
which consists of 24 graphs and 56,000 nodes in total,
is associated with multi label classifications that represent
biological functions. These datasets have played an important
role in the development of GNN applications in biological
network analysis, drug discovery, and molecular property
prediction.

C. SOCIAL NETWORK AND RECOMMENDATION SYSTEM
DATASETS
Because social networks and recommendation systems inher-
ently involve graph-structured data, they offer yet another
rich environment for GNN applications. The Reddit dataset,
for instance, simulates user interactions within discussion
threads, with nodes standing in for users and edges for
interactions between comments. This dataset, which contains

11.6 million edges and more than 230,000 nodes, has been
widely used for node classification tasks.

Based on co-purchasing behaviors, the Amazon Product
Co-Purchasing Network [7] identifies product relationships
in the e-commerce space. Products are represented by nodes,
and the frequent purchase of two products together is indi-
cated by edges. Researchers can model user-item interactions
and uncover latent preferences by using this dataset, which
is frequently used for link prediction and recommendation
tasks. Similarly, Last.fm, a music recommendation dataset,
represents users as nodes and edges as connections based
on shared musical interests, providing a benchmark for
collaborative filtering and personalized recommendation
models.

D. DATASETS FOR TRAFFIC PREDICTION AND
SPATIO-TEMPORAL APPLICATIONS
Since road networks are naturally represented as graphs,
graph-based models have shown especially good perfor-
mance in traffic prediction tasks. For example, theMETR-LA
dataset includes traffic information gathered from 207 sen-
sors located throughout Los Angeles. Every node is a sensor,
and the edges show how close together the sensors are in
space. Spatial-temporal forecasting is made possible by the
incorporation of time series data, such as traffic volume and
speed. Likewise, another well-liked option for researching
dynamic graph models is the PEMS-BAY dataset, which
provides traffic data from 325 sensors in the San Francisco
Bay Area.

The development of Spatial-Temporal GNNs (STGNNs),
which combine temporal and spatial dependencies to forecast
traffic conditions, enhance transportation networks, and assist
smart city projects, depends on these datasets.

IX. EVALUATION METRICS AND BENCHMARKING IN
GNN RESEARCH
Evaluation is essential for comparing GNN architectures,
their generalization capacity, and reproducibility. In this
section, we introduce a discussion of the typical evaluation
metrics used in GNN research, the significance of benchmark
datasets, and recommendations for selecting appropriate
metrics and benchmarks for specific application domains.

A. EVALUATION METRICS FOR NODE CLASSIFICATION,
GRAPH CLASSIFICATION, AND LINK PREDICTION
For node classification and graph classification tasks, the
most important thing is to label a single node or the entire
graph correctly. Accuracy is commonly employed as a
measure, which counts the number of correct predictions
and divides it by the total number of predictions. In the
situation with non balanced class distribution, accuracy can
be deceptive because the model may achieve extremely high
accuracy merely by predicting the majority class the majority
of the time.

To overcome this limitation, more nuanced metrics are
employed. Precision, for instance, measures the proportion
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of well-predicted positive instances over all instances that
have been predicted as positive, and recall measures the
proportion of true positive instances that have indeed been
well-flagged by the model. The F1-score, which is the
harmonic mean of precision and recall, provides a balanced
measurement and is particularly important when there are
imbalanced classes. Moreover, AUC-ROC (Area Under the
Receiver Operating Characteristic Curve) is typically used
to estimate the trade-off between true positive rate and false
positive rate across a range of threshold settings and give
a robust performance measure in binary and multi-class
scenarios.

When it comes to link prediction, the objective shifts to
identifying the existence of edges between nodes, either as
a means to forecast future connections or to recover missing
ones. In this context, evaluation typically relies on ranking-
based metrics. The AUC (Area Under the Curve) remains a
popular choice to measure the model’s ability to distinguish
between true and false links. Moreover, metrics such as
Precision@k and Recall@k are used to evaluate the quality
of the top k predicted links, which is crucial in sparse graphs
where only a few links may be present. Further, the Average
Precision (AP) condenses the precision-recall curve into a
single scalar value, and the Mean Reciprocal Rank (MRR)
assesses how effectively the model ranks the first correct link
at the top of the prediction list.

In general, the selection of evaluation metrics must be
aligned with the specific task nature and properties of
underlying data. With the use of these complementary
metrics together, researchers are able to obtain the overall
measure of a GNNmodel’s performance, including its overall
predictive ability as well as its ability to address some
particular issues such as class imbalance or sparsity of
connections.

1) BENCHMARK DATASETS AND THEIR ROLE
Standardized benchmark datasets are critical for ensuring fair
comparisons across GNN models. Two notable benchmark
suites in this area are the Open Graph Benchmark (OGB)
and the TUDataset. The OGB [38] covers tasks such as
node classification, graph classification, and link prediction,
providing standardized splits for training, validation, and
testing. Its baseline results facilitate direct comparisons
across different approaches. In contrast, the TUDataset [72]
is a comprehensive collection of over 120 datasets, primarily
focused on graph classification tasks across diverse domains
such as chemistry, bioinformatics, and social network
analysis.

Based on the task and application domain, we recommend
the following best practices: To ensure fair and reproducible
comparisons across different GNN models, it is essential
to adopt standardized benchmarks with predefined splits,
such as those provided by the OGB and TUDataset. Using
these datasets not only establishes a common ground for
evaluation but also facilitates direct comparisons between
various approaches.

X. CONCLUSION
GNNs have grown to be a disruptive technology that has
advanced developments across a wide array of applica-
tions. The capability to model complex relationships in
graph-structured data has opened new frontiers in machine
learning, solving challenges that were previously considered
intractable. Yet, with growing adoption, there is still signifi-
cant room for refinement and expansion of their capabilities.

One of the most promising areas for improvement is
scalability. Current GNNs often struggle with computational
efficiency when applied to large-scale graphs with millions or
even billions of nodes and edges, such as those found in global
social networks or high resolution molecular simulations.
Developing novel techniques for distributed computation or
lightweight architectures could help address these challenges,
enabling real time processing of vast and evolving datasets.

Another key direction is robustness. GNNs are highly
sensitive to the quality and completeness of input graph
data. Whether due to noisy measurements, missing edges,
or adversarial perturbations, unreliable data can significantly
degrade performance. Future research could focus on models
capable of quantifying and adapting to uncertainty, ensuring
reliable output even in the presence of imperfect or evolving
data.

The advancement of explainability remains a key focus
area. Although GNNs excel at making accurate predic-
tions, the complexity of their architectures often makes
their decision-making processes opaque. Enhancing their
interpretability, either through inherently transparent designs
or post hoc explanation techniques, will be essential for
applications in domains such as healthcare, finance, and
legal systems. Trustworthy models will meet the regulatory
standards but also generate confidence among users and
stakeholders.

Interdisciplinary collaboration will likely play a key role
in shaping the next generation of GNNs. Neuroscience,
computational biology, and physics are among the fields that
offer rich datasets and unique challenges that may inspire
innovative architectures and methodologies. For example,
the study of neural connectivity in the brain or molecular
dynamics in chemistry might lead to specialized GNN
designs, optimized for those domains.

In addition, there is growing interest in integrating GNNs
with other machine learning paradigms. Combining GNNs
with transformers, reinforcement learning, or probabilistic
models could unlock synergies that address current limita-
tions and expand their versatility. Such hybrid approaches
might pave the way for GNNs to excel in areas requiring
both structured reasoning and dynamic adaptation. Whereas
GNNs have already shown the potential to be transformative,
their full capability is yet to be exploited. Addressing the
challenges that currently face GNN research, combined with
a strong direction in novelty, holds great promise for the
field to further develop and push the envelope in what can
be done in the analysis of relational data and intelligent
systems.
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