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A survey of Graph Neural Network: from static modelling to

dynamic evolution
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Abstract: Graph Neural Network (GNN) is a deep learning model for processing graph data structures. It has
garnered widespread attention due to its ability to handle non-Euclidean spatial data and complex features and
has been widely applied in recommendation systems, knowledge graphs, and traffic analysis. By integrating
node and edge information within graph structures, GNN effectively learn graph representations. These meth-
ods can be applied to both static and dynamic graphs: static graphs denote a single, fixed structure, while dy-
namic graphs undergo changes over time. This paper first outlines the evolutionary trajectory from Convolu-
tional Neural Networks (CNN) to GNN, followed by an introduction to fundamental concepts in graph repre-
sentation. Subsequently, the paper discusses fundamental tasks for GNN and introduces common models based

on their message-passing mechanisms. For dynamic graph processing, GNN are categorised into discrete and
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continuous types according to the granularity of dynamic changes. Finally, the paper provides an outlook for fu-

ture research directions.

Keywords: Graph Neural Network; Dynamic Graph Neural Networks; message-passing mechanism; Graph

Convolutional Networks; node classification; link prediction
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Figure 5 DGCN Graph Classification Approach

This model employs parallel operation of local graph convolutional networks and global graph convolutional networks to learn dual

feature representations for nodes. Ultimately, feature fusion layers integrate local and global information to form a comprehensive

graph representation for graph-level classification tasks.
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Sample neighborhood

Aggregate feather information from
neighborhood

B 6 GraphSAGE 7%
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BT AR A, SE BT R B I A U 427 T

Figure 6 The GraphSAGE method

Generates embeddings for central nodes by hierarchically sampling a fixed-size neighbourhood of target nodes and aggregating the

sampled neighbour features layer by layer using a differentiable aggregation function. This ‘sample-aggregate’ mechanism enables

the model to generate embeddings for unseen nodes, achieving inductive learning on large-scale graphs
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Figure 7 LGCN approach
Wherein the model converts graph-structured data into grid-like data. For each node, it first aggregates the feature matrices of its
neighbouring nodes, then sorts each column (feature dimension) of the feature matrix and selects the top k values to form a regula-

rised pseudo-grid structure. Finally, a standard one-dimensional convolutional neural network (1D-CNND is employed to learn

the final node representations on this structure.
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Figure 8 The EvolveGCN method

Evolves the weight parameters of a graph convolutional net-
work (GCND across different time steps by utilising a recur-
rent neural network to capture the temporal evolution patterns

of dynamic graph structures.
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Figure 9 The JODIE method

Employs a recurrent network to dynamically update its embed-
ded representations based on interaction events occurring be-
tween users and projects over time. It predicts users’ future in-
teraction trajectories or their embedded states at future time

points.
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