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Abstract

As the scale of graph-structured data continues to grow, graph summarization has become
an important technique for storage efficiency and high-level visualization. This study
investigates a Node Importance (NI) approach to graph summarization that prioritizes
structural integrity over simple size reduction. The NI approach selects super nodes
by ranking vertices through centrality and propagation metrics. Experimental results
demonstrate that the proposed NI method achieves compression rates comparable to or
slightly lower than traditional Minimum Description Length (MDL) methods across various
datasets while maintaining structural integrity. However, today, the high dimensionality
and complexity of modern graph data are making deep learning techniques more popular.
Great progress in deep learning summarization techniques is achieved with Graph Neural
Networks (GNNs). This study investigates the structure and suitability of different GNN
architectures for graph summarization using the NI approach. Graph Attention Networks
(GATs) and their variants are discussed as a flexible, learned notion of node importance
via attention. We present an examination of GATs, covering both diverse approaches and
improvements. This study also discusses extensions that enhance the concept of node
importance established by the GAT model, GAT variants for node importance estimation,
and application-specific GAT research.

Keywords: graph summarization; node importance; graph neural networks; graph atten-
tion networks

MSC: 68T07

1. Introduction

Large-scale complex systems such as the World Wide Web, the internet, and online
social platforms contain huge network data, which are commonly modeled as massive
graphs whose size and structural complexity continue to increase rapidly [1]. These net-
works have high dimensionality, heterogeneous node and edge relationships, and dynamic
evolution over time, making traditional graph analytics computationally expensive and
unscalable as data volume increases [2]. As the volume of graphs increases, compact and
informative summary graph representations become essential for enabling efficient storage,
transfer, and processing of graphs.

Graph summarization is an efficient paradigm for addressing these scalability chal-
lenges by producing condensed representations that preserve structural or semantic prop-
erties of the original graph structures relevant for different tasks such as queries, pattern
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mining, or visualization [3]. The aim of graph summarization is to create a compact, smaller
representation of a large, complex graph while preserving its essential properties, struc-
tural patterns, or query-answering capabilities. Efficient graph summarization methods
for condensing and simplifying graph data are thus becoming vital for efficient applica-
tions, because executing traditional graph algorithms—such as centrality and shortest
path—on a condensed summary graph significantly reduces processing time and increases
the performance of applications.

Many methods have been proposed for graph summarization, and there are several
recognized challenges in graph summarization [4]. Defining a universally appropriate mea-
sure of a good summary is difficult. It is highly application-dependent and often involves a
trade-off between the compression ratio and the reconstruction error. Summarizing more
complex structures, such as attributed graphs and dynamic or multi-relation graphs, re-
mains challenging in terms of interpretability. Summaries, especially those created by deep
learning models, must be interpretable to provide meaningful insights to human analysts.

This study investigates a node importance (NI) approach for graph summarization,
shifting the focus from mere size reduction to the preservation of structurally significant
entities. The NI approach selects super nodes by ranking vertices through centrality and
propagation metrics. We propose an NI method and evaluate its performance. Experimental
results demonstrate that the proposed NI method achieves compression rates comparable
to or slightly lower than traditional Minimum Description Length (MDL) methods across
various. Datasets while maintaining structural integrity.

Deep learning (DL) has become a dominant approach in graph summarization because
traditional methods, like MDL or basic clustering, often encounter challenges with the
scale and high dimensionality of modern network data, like huge social networks. Graph
Neural Networks (GNNs) have become essential for extracting the full potential of graph-
structured data. Over the past decade, a wide array of GNN subcategories has emerged to
tackle the inherent complexities of graph learning. This study investigates the structure and
suitability of different GNN architectures for graph summarization using the NI approach.
Graph Attention Networks (GATs) and their variants provide a flexible, learned notion of
node importance via attention. This study discusses extensions that enhance the concept
of node importance established by the GAT model, GAT variants for node importance
estimation, and application-specific GAT research.

We introduce the background and definitions in Section 2. Then, we discuss why node
importance generally lowers compression and compare the node importance method with
some Minimum Description Length (MDL) methods in Section 3. We detail the comparison
with GNNs and GATs in Section 4. Section 5 discusses GAT models. Section 6 discusses
extensions that enhance the concept of node importance established by the GAT model,
and Section 7 describes GAT variants for node importance estimation. Section 8 discusses
application-specific GAT research. We conclude the paper in Section 9.

2. Background and Definitions

In this section, we define the graph summarization problem.

2.1. Complex Systems and Graphs

Large-scale complex systems such as the World Wide Web, the internet, and online
social platforms contain huge network data, which are commonly modeled as massive
graphs. Most complex networks share scale-free and small-world properties [5].

Small-world property means that any node can be reached from any other in a small
number of steps. Complex networks also have high clustering compared with random
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graphs. In these networks, if node u is connected to v and v links to z, there is a high
probability that u and z are also directly connected. This creates communities.

Scale-free property means that the degree distribution follows a power law. Probability
P(k), denoting the degree distribution that describes a node with k links, often follows a
power law. It can be represented by a power law with a degree exponent v usually in the
range 2 < 7y < 3 (Equation (1)) [6].

P(k)=k=7 (1)

This means most nodes have very few connections, while a few hubs have a lot of
connections. Scale-free structure has been reported in the WWW, Internet, metabolic,
protein-interaction, and some social networks [7].

Large-scale complex systems contain huge network data, which are commonly mod-
eled as graphs. The graph G(V, E) consists of a set V of n nodes V = {v1,vp,...v,} or
vertices and a set E (Equation (2)) of m edges or links connecting node pairs. ¢;; denotes an
edge between nodes v;, v;.

E= {eij}ijl' (2)

Example graph, in Figure 1 has five nodes and five edges.

(<]

Figure 1. Example graph has five nodes and five edges.

The graph is represented by an adjacency matrix A dimension n x n, where # is the
number of nodes, with elements with values being 1 if the edge between nodes denoted by
column and row exists in the graph, and 0 otherwise (Equation (3)).

A:[ui]-} i,jzl...l’l; Cli]'zlifel‘jGE,' Cll]:()lfeljé E; l,]:11’l (3)

In a directed graph, the direction of edges denoted by an arrow describes one edge,
while in an undirected graph, an edge represents both edges from the beginning to the end
node and from the end to the beginning node of the edge (Equation (4)).

a;; = aj; = directed G; a;; = a; = undirected G (4)

When edges are associated with weights from set W, the graph is called a weighted
graph; otherwise, it is an unweighted graph (Equation (5)).

ajj € {0,w;;};  wy; € W = weighted G; a;; € {0,1} = unweighted G (5)

G is considered labeled if every edge has an associated label from the set of labels L or
if the nodes are also labeled; otherwise, G is unlabeled (Equation (6)).

lab(ei]-) =li; lab(v;) = 1y; ejj € E;ui € Vily, lo € L = labeled G (6)

2.2. Graph Summarization

The continuous growth of massive, interconnected datasets makes direct analysis
impractical, which is solved by the graph summarization with the following benefits [8].

e  Graph summarization decreases the disk space required to store the graph.
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e  Performance is increased by executing traditional graph algorithms—such as cen-
trality and shortest path—on a condensed summary graph to significantly reduce
processing time.

e  More intuitive visualization and human interpretation are allowed because graph
summarization provides greater clarity by simplifying the graph structure.

e  Exploratory analysis is simplified by graph summarization that can quickly reveal key
structural patterns, communities, and outliers.

Graph summarization has been playing an important role in areas such as network
analysis, data mining, machine learning, and visualization.

Given an undirected graph G (V, E) with a set of vertices V and a set of edges E, a
summary G; = (Vs, Es), with a set of super nodes V; and super edges E;, is a condensed
representation of the graph. It preserves its key properties and has a smaller number of
edges and vertices. Es < E; Vs < V. We seek a representation R = (G;, C) that consists of a
summary graph and the set of edge corrections C enabling complete graph reconstruction
by lossless summarization methods. The summary graph is built on a set of super nodes
where each super node is a partition (i.e., disjoint subsets) over a set of input nodes. Each
super node represents a set of nodes, and each super edge between two super nodes means
all pairs of nodes in the Cartesian product of these two super nodes are linked. The set of
edge corrections stores the edges to insert (annotated as ‘+¢”) and remove (annotated as
‘—¢’) when recreating the input graph from the summary graph. Multiple sets of vertices
with similar neighbors are grouped in super nodes, while the edge corrections enable a
lossless recreation of the input graph from the summary graph. Two summary graphs of
the example graph from Figure 1 are shown in Figure 2.

(a) Super node: 6(4, 5); correction edges: +(3, 5).

@ » ©
&)

(b) Super node: 6(4, 5); correction edges: —(3, 4).

Figure 2. Two different summary graphs (a,b) of example graph from Figure 1 with the same super
edge and different correction edge and edges between nodes.

2.3. Graph Summarization Techniques

Graph summarization, performing graph reduction, can be divided into three main
techniques: aggregation, selection, or transformation [9].

Graph coarsening and aggregation represent the most common approach to graph
reduction, where nodes are not simply removed but are replaced by new entities. This
method identifies groups of highly connected nodes and merges them into a single super
node, while their connecting edges are consolidated into super edges. The mechanisms
used include node partitioning and the Minimum Description Length (MDL) principle [10].
MDL is a powerful concept from information theory that formalizes the idea that the best
explanation for a set of data is the one that provides the shortest description of that data.
The result is a smaller, more manageable summary graph composed of super nodes and
super edges.
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Graph sparsification and selection methods remove objects from the graph without
replacing them with new structures. Graph sparsification includes sampling techniques that
select specific subsets of nodes and edges from the input, and simplification techniques that
remove less important edges. These methods aim to preserve essential graph properties,
such as distances, cuts, or the spectrum of the Laplacian matrix.

Graph condensation and transformation convert graph objects into different formats
like embedding vectors. Graph condensation includes graph projection, which simplifies
multi-layers into single-layer summaries, and graph embedding, which maps the graph
into a lower-dimensional space. Graph condensation and transformation are done by deep
learning architecture like Graph Neural Networks (GNNs) [11]. The outcome is a smaller,
synthetic graph or a numerical representation optimized for machine learning tasks.

3. Node Importance and Graph Summarization
3.1. Node Importance (N1) and Graph Summarization

Below, we summarize how NI-based strategies influence lossless graph compression
and why they usually lead to lower compression rates.

Nl-based strategies influence lossless graph compression by prioritizing vertices that
are structurally, semantically, or operationally significant rather than those that maximize
redundancy with the aim of keeping the most important parts of the graph. A problem is
how to measure node importance. Node importance in graph summarization methods de-
fines what is preserved and what can be safely merged or removed. There is no universally
accepted importance definition, and different tasks, such as querying or visualization, need
different notions. Many methods use centrality measures (degree, betweenness, PageRank,
eigenvector) to estimate node importance in the graph [12-14].

Centrality-based strategies, such as betweenness, closeness, or PageRank, rank vertices
according to their global influence. Betweenness centrality assigns importance I(v) of vertex
0: 1(0) = ¥(s-£or) Ost () / 05t Where 05 is the number of shortest paths between vertices s
and ¢, and 0,(v) is the number of those paths passing through vertex v. Vertices with high
centrality often connect distant parts of the graph, and their encoding scatters edges across
and does not consider locality, which reduces the compression rate [13,14].

In degree-based ordering, each vertex v is ranked by its degree I(v) = deg(v), where
the degree counts the number of neighbor vertices. High-degree hubs are placed early
in the processing to expose shared neighbors. However, these hubs typically have long
and diverse adjacency lists, which increases entropy and limits the effectiveness of sum-
marization, resulting in lower compression ratios. A degree-based approach is commonly
used in web, citation, and social graphs [12]. To evaluate how a degree centrality-based
NI approach impacts graph summarization and compression efficiency, we conducted an
experiment described in the next Section.

3.2. Experiment: Node Importance (NI) Lowers Compression
3.2.1. Methods

To evaluate the extent to which the NI approach to graph summarization reduces
compression efficiency, we created a graph summarization method based on degree node
importance, named ImZip, with the following steps:

Repeat until there are no vertices not assigned to super-vertices in the graph.

—  Find the local maximal degree vertex maxVertex (with the greatest number of neighbors).

— Add neighbor vertices with a degree greater than half of the degree of maxVertex and
form core vertices.

— Edges between core vertices are removed, and edges that do not exist between core
vertices are added to the correction edges list. Core vertices form a super node.
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— Neighbors of core vertices are added to the super node if they are connected with
edges with at least two halves of the core vertices and if they have at least 1/5 of
common neighbors among core vertices with maxVertex.

— Edges between core vertices and added neighbors are removed, and edges that do not
exist between core vertices and added neighbors are added to the correction edges list.

In the proposed method, the resulting summary graph contains all remaining edges
connecting maximal degree vertices of super nodes.

To optimize the heuristic thresholds for degree-based selection and neighbor similarity,
we conducted empirical tuning using the graph datasets described in the next section.
The degree-based selection for core vertices is half of the degree of maxVertex. Neighbor
vertices with significantly lower degrees than the maxVertex result in many added negative
correction edges to the list of correction edges. The degree heuristic threshold is relative,
depending on the degree of the maximal degree vertex maxVertex.

The tuning of the similarity threshold of neighbors of core vertices that are assimilated
into the super node provided two simple criteria. Neighbors of core vertices must share
edges with at least half of the core vertices, and they must maintain a common neighbor
threshold of at least 20% with the maxVertex within the core set. Both criteria are relative.

Several papers explicitly note that threshold /parameter spaces are large and that
heuristic choices can make results sensitive, which is studied in network thresholding [15].

The proposed ImpZip summarization is a lossless compression method and allows
the original data to be perfectly reconstructed.

The method gives summary graphs that preserve important nodes in the graph summary.

The proposed ImpZip summarization method gives summary graphs which are
effective for the downstream task of community detection. It is efficient, as many recent
community detection methods detect communities by first finding important and influential
nodes that become seeds of communities and then growing or refining communities around
them using the similarity between nodes. Importance is usually defined via centrality and
can be exploited for both accuracy and scalability [16,17].

The ImZip and NI methods explicitly balance model complexity vs. unmodeled edges,
so noisy edges are often left in the corrections rather than forcing complex structures,
yielding robust coarse summaries [4].

3.2.2. Datasets

Table 1 lists the data sets used in our experiments. These datasets are widely used
in the literature of graph summarization [18-20]. The datasets are available from SNAP
(http:/ /snap.stanford.edu - accessed on 2 March 2026) and LOW (https://law.di.unimi.it/
datasets.php -CNR-2000- accessed on 2 March 2026).

We remove all edge directions, duplicated edges, and self-loops in the datasets.

3.2.3. Compactness Measure

There are no standardized benchmarking and evaluation practices for graph sum-
marization. Quality of summarization for application-specific tasks such as sampling,
aggregation, and visualization can be evaluated using different primary metrics (sam-
pling quality, classification accuracy, visualization clarity, and sparsity) with no cross-task
standard [21].

For quantitative comparison, the compactness measure compression ratio is used. Let
R be a representation R = (G;, C) that contains the set of edge corrections C, summary
graph Gs with super nodes V;, and super edges Es. We evaluate the compactness of R
by its relative size to the original edge set E, i.e., (1 Es| + ICl)/|El. |Egl + ICl is the
representation cost. This compactness measure is widely used in the literature of graph
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summarization [18-20], except for Slugger. It performs hierarchical graph summarization
and uses a different compactness measure. Slugger asks for a representation RH = (S, P+,
P—, H) (where S is the set of super nodes, a set H of hierarchy edges between super nodes
S, a set P+ of positive edges between super nodes, and a set P— of negative edges between
super nodes), and the relative size of the summary graphis (IP+| + |[P—1| + |HIl)/|El
(see [19]).

Table 1. Datasets used in our experiments.

Dataset N M d_avg Type
Caida 26,475 53,381 4 Internet
Email-Enron 36,692 183,831 10 E-Mail
Brightkite 58,228 214,078 7.4 Geo-Social
Email-Eu-All 265,009 364,481 2.8 E-Mail
Slashdot-0922 82,168 504,230 12.3 Social
DBLP 317,080 1,049,866 6.6 Co-author
Amazon0601 403,394 2,443,408 12.1 Co-purchase
CNR-2000 325,557 2,738,969 16.8 Web
YouTube 1,134,890 2,987,624 5.3 Social
Skitter 1,696,415 11,095,298 13.1 Internet
LiveJournal 3,997,962 34,681,189 17.3 Social

3.2.4. Experimental Results

We compared the ImZip algorithm with Greedy [18], Slugger [19], and LDME [20].
Greedy provides summary compactness on small graphs, while Slugger and LDME are
methods that scale to large graphs. The implementation language of all algorithms is Java.

In each experiment, we repeat the method three times and report the average result.
Experimental results demonstrate that the proposed NI method achieves compression
rates comparable to or slightly lower than traditional Minimum Description Length (MDL)
methods across various datasets while maintaining structural integrity.

For eleven test datasets, the ImZip gives lower or equal compactness results than
Greedy, LDME, or Slugger (Figure 3). Only for two datasets, the NI method ImZIP gives
worse compactness results (CNR-2000 and Skitter) than Greedy, LDME, or Slugger. For
4 datasets, it gives better than LDME (LiveJournal, Amazon 0601, DBLP, and Email-Enron);
for two datasets, it gives better than Slugger (Caida and Email-Eu-All), and for two datasets
(Brightkite and YouTube), it gives a higher compactness measure than LDME and Slugger.

Runtime performances for experimental data are shown in Figures 4 and 5. Figure 5
reports the running time on large graphs. ImZip outperforms LDME by 4.16x on average,
and Slugger by 4.24x. On small graphs, ImZip is on average 5.7x faster than Greedy and
2.5x faster than LDME and Slugger (see Figure 4).

The proposed NI method uses local importance that is defined by degree centrality
and can be exploited for both accuracy and scalability.

Newer 18 advanced node centrality metrics are analyzed by moving beyond traditional
degree centrality [22]. In sparse complex networks of 3 network types, several node
centrality metrics run in the order of O(n logn). Results show that several centrality measures
can cope with large network sizes, which makes them suitable for big network data as well
as potential inclusion for composite measures or centrality hybridization [23].

https://doi.org/10.3390 /math14081283


https://doi.org/10.3390/math14081283

Mathematics 2026, 14, 1283

8 of 20
relative size
1
0.8
0.6
i iy | |- 18§ 1l
0.2 I
o I lll
S S
) & ¢
0 ¥ o Q‘b 5\' S & Q@
NI\ 50" &o“ Gx‘* & T
QS@ (960 ‘_}5? v§‘ AV

mGreedy mLDME mSlugger mimZp

Figure 3. Compactness for 11 datasets of 4 methods: Greedy, LDME, Slugger, and ImZip.
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4. Graph Neural Networks and Graph Summarization
4.1. GNN Architectures and Graph Summarization

Deep learning (DL) has become a dominant approach in graph summarization because
traditional methods (like MDL or basic clustering) become ineffective because of the huge
size and high dimensionality of modern network data like huge social networks. DL is
now one of the most effective forms of artificial intelligence with its high accuracy. Deep
learning techniques capture complex patterns and relationships within the graph. As a deep
learning approach, Graph Neural Networks (GNNs) are multi-layer neural networks that
learn on graph structures to perform graph-related tasks like summarization, classification,
and clustering [24]. GNNs have proved to be a powerful method for graph summarization
and as a transformative paradigm in machine learning and artificial intelligence.

Traditional graph summarization approaches are mostly based on conventional
machine learning or graph-structured elements, such as degree, adjacency, and eigen-
vector centrality. Similarity calculations required with traditional approaches are
computationally demanding.

Two major advantages of GNNs for graph summarization over traditional methods
are the ability to use low-dimensional vectors to represent the features of large graphs and
the message-passing mechanism used for communication of information from one node to
the next [25]. GNNs are the most successful learning framework for learning the patterns
and the subgraphs in large graphs [26].

GNNSs can be categorized into more types: Recurrent Graph Neural Networks
(RecGNNs), Convolutional Graph Neural Networks (ConvGNNs), Graph Autoencoders
(GAEs), and Graph Attention Networks (GATs). Many methods have been proposed for
each type of GNN [21].

The notion of GNNs was presented in Gori et al. (2005) [27]. Early studies of GNNs
studied RecGNNs.

4.1.1. Recurrent Graph Neural Networks (RecGNNss)

RecGNNSs use recurrent neural network architectures to capture temporal depen-
dencies in dynamic graphs [28]. They assume a node in a graph constantly exchanges
information/messages with its neighbors and updates node representations iteratively
until a stable state is reached. They learn a target node’s representation by propagating
neighbor information in an iterative manner until a stable fixed point is reached. This is
computationally expensive. RecGNNS are effective for tasks like node classification and
link prediction.

Node’s hidden state is continuously updated by

hy=f(Y, Whi ™) )

UuENy

I is the hidden state of node v at time t, information learned by the RecGNNs about node
v at a specific time step in the dynamic graph sequence, N, denotes the set of neighboring
nodes of v, and K}, ! is the hidden state of neighboring node u at time t — 1, which
contributes to the update of node v’s hidden state at the previous time step, reflecting the
influence of neighboring nodes on v’s representation.

W is the weight matrix used for aggregating the hidden states of neighboring nodes.

f(-) is a simple element-wise activation like ReLU, tanh, or sigmoid.

However, this can be replaced by recurrent update functions, which use gated mechanisms
like LSTM (Long Short-Term Memory) [29] or GRU (Gated Recurrent Units) [30] cells.
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4.1.2. Convolutional Graph Neural Networks (ConvGNNs)

Convolutional Graph Neural Networks (ConvGNNSs) generalize the operation of
convolution from grid data to graph data [31]. They generate a node representation by
aggregating its own features and neighbors’ features. Different from RecGNNs, ConvGNNs
stack multiple graph convolutional layers to extract high-level node representations. They
apply various weights at each timestep, while RecGNNs apply the same weight matrices
in an iterative manner until an equilibrium is reached [32].

ConvGNNSs aggregate information of neighbors by a symmetric normalized adjacency
matrix A to generate a new node representation. The ConvGNNs model can be described
by Equation (8).

H = Softmax (A ReLU (A X W) w<1>> )

here W(®) and WV denote the trainable parameter matrices of the first and second layers
of ConvGNN:s, respectively. H is the final prediction of the ConvGNNs model. Each Con-
vGNN layer can aggregate the features of the 1-hop neighborhoods around nodes. However,
different weights need to be considered for different nodes in a neighborhood. They aggre-
gate information from a node’s neighbors to update its representation. ConvGNNs can be
spectral-based [33], using graph signal processing techniques, or spatial-based [34], directly
operating on the graph’s structure.

4.1.3. Graph Autoencoders (GAEs)

GAEs use an encoder—decoder architecture to learn compact representations of graphs.
The encoder transforms the graph into a latent space, and the decoder reconstructs the
graph from this representation [35]. GAEs are particularly useful for unsupervised learning
tasks like graph clustering.

4.1.4. Graph Attention Networks (GATs)

GATs use attention mechanisms to weigh the importance of different nodes in a
neighborhood. They use attention-based neighborhood aggregation, assigning different
weights to the nodes in a neighborhood [36]. This allows the model to focus on the most
relevant parts of the graph, improving the quality of the summarization. GATs are effective
for tasks like node classification and link prediction.

The new representation of the node i is the weighted sum of its neighbors’ features.

h; =0 Z ai]-W h] (9)
JEN;

1.  Every node’s feature (/;) is transformed by a shared weight matrix W. This is a linear
transformation. h; and h; denote the features for the i-th and j-th nodes.

2. Attention coefficients a;; is the weights of the edges between the ith and jth nodes.
They are calculated from the following scalar ¢;; representing the importance of node j
tonode i: it ej; = LeakyReLU (aT Wh; || Wh;) where || denotes concatenation, and a
is a weight vector that measures and compares node features.

3.  Softmax normalization over weights is performed to make the weights compara-
ble across different neighborhoods. Weights e;; are normalized with the following
softmax function:

_ exp( ejj)
Yken, exp( eix)
GATs use attention-based neighborhood aggregation, assigning different weights to
the nodes in a neighborhood. This type of model is one of the most popular GNN models

ij (10)
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for node aggregation, because it reduces storage complexity along with the number of
nodes and edges.

4.1.5. Graph Transformers

Unlike GATs, which restrict message passing to immediate neighbors, Graph Trans-
formers propagate representations across all nodes globally, regardless of direct connectivity.
This allows them to explicitly model node importance through learned attention mech-
anisms. Specifically, NIE-GT leverages a Graph-Transformer encoder to capture these
long-range dependencies, generating node-importance rankings that outperform classical
metrics in aligning with network diffusion and robustness criteria [37].

4.1.6. Robustness to Noisy Graph Data and Scalability of GNNs

In [21], an empirical study and theoretical analysis were conducted on four types of
Graph Neural Networks (GNNs), including GCNs and GATs, under three noise conditions:
attribute noise, structure noise, and label noise. The results highlight GAT as the most noise-
vulnerable architecture and GCL as the most resilient. To address these vulnerabilities, the
study introduces a method to improve GAT’s noise tolerance.

In GATSs, attention can downweight less informative or noisy neighbors, helping focus
on relevant parts of the graph, and can capture long-range dependencies and complex
structure. However, GATs are often sensitive to sparse, noisy real-world graphs; can overfit
on small or noisy datasets; and many GAE/GAT summarization pipelines are weakly
regularized, degrading summarization quality under noise or sparsity [38].

Multi-Head Attention GAT improves the expressive power and stabilizes the learning
process, making the model more robust to noise.

Scalability is a major challenge for the application of attention-based GNNs in practical
scenarios. The most fundamental reason for this phenomenon in attention-based GNNss is
the high computational complexity of the attention mechanism. Attention-based GNN5s
are hard to implement in large graphs, especially for Graph Transformers. The scalability
and efficiency of Graph Transformers face significant challenges due to high memory and
computational demands, particularly with global attention mechanisms for large-scale
graphs. To mitigate these issues, several strategies are proposed, such as applying graph
sparsification, using graph partitioning, or using sampling methods [39].

Up to now, although some approaches have attempted to improve model efficiency
through sampling and subgraphs, they still cannot efficiently process large graphs. Many
scalable methods trade some global expressivity (e.g., via sampling or anchors), while those
keeping global attention must rely on aggressive simplification or hardware support [40].

4.2. Node Importance Summarization Using GATs

If efficiency is primary and summaries are mostly structural, ConvGNNSs can be used,
while for fine-grained node-importance-driven summaries, GATs are the most efficient for
learning importance weights explicitly. GATs perform graph summarization using node
importance, which involves transforming complex graphs into condensed, informative
versions. In contrast to traditional summarization, GATs use attention to ensure that the
summary graph retains the most structurally and semantically significant components.
The core goal of GATs is to assign different importance (weights) to different nodes in a
neighborhood, allowing the model to focus on the most relevant features for a given task.

5. GAT Models

GATs are Graph Neural Networks that utilize an attention mechanism to prioritize
specific neighbors when aggregating information from a network. A comprehensive survey
of methods, applications, advantages, and limitations of the GAT model is in [41,42].
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GATs have evolved into several specialized categories, each tailored to address distinct
challenges in graph-structured data processing.

The GATv2 model computes dynamic attention and can represent much more complex
relationships. It can learn a different ranking of neighbors by node importance, depending
on which node is looking at them.

Multi-view GATs allow a model to weigh multiple distinct types of relationships
simultaneously, each in its own view. It processes these different views to create a more
complete understanding of a node and its importance.

Multi-relational GATs do not treat all edges as identical, as standard GATs do when a
graph contains multiple types of relationships (e.g., in a Knowledge Graph).

Sparse GATs are tailored to solve the density problems of GATs that calculate attention
for every edge in the graph, which is computationally expensive in large-scale networks.
They make the attention mechanism more selective and efficient.

Deeper/multi-layer GATs are a new version of GATs, which can effectively alleviate
the oversmoothing issue of GATs. As layer depth increases in GATs, they often fail to
regulate excessive propagation from dominant nodes, leading to oversmoothing.

Graph Topology Attention Networks extracts topology features from the graph’s
structure and integrates the node and topology representations through cross-attention
GNN layers. They can dynamically balance node features with structural data and can
enhance graph summarization.

This session describes the advantages and disadvantages of GATs and some methods
of improved GAT architecture.

5.1. Advantages and Disadvantages of GATs

GATs have many advantages: selective weighting, computational efficiency, and
interpretability.

GATs provide selective weighting and learn data-dependent weights, unlike older
network models that treat every neighbor equally or use fixed weights based on the graph
structure. It can ignore noisy neighbors and focus on those that are most relevant to
the task.

GATs are computationally efficient. The attention mechanism can be calculated in
parallel across all edges in the graph. It does not require expensive matrix inversions or
global knowledge of graph structure. The time complexity of a single GAT attention head
computing F features may be expressed as O(n F; F + m F), where F; is the number of input
features, and n and m are the numbers of nodes and edges in the graph, respectively. This
complexity is on par with ConvGNNSs [31].

Applying multi-head attention multiplies the storage and parameter requirements
by a factor of K, while the individual heads’ computations are fully independent and
can be parallelized. Interpretability is provided with attention coefficients, which act as
an indicator of importance. You can visualize these weights to see which specific nodes
care about when deciding. It naturally handles nodes with different degree distributions
(number of neighbors) because the attention scores are normalized locally. But GATs are
memory-intensive, especially with multi-head attention, while they are computationally
fast. Storing attention scores for every edge in a very large graph requires significant GPU
memory compared to simpler models.

The GAT model uses a static form of attention. This means the ranking of neighbors is
the same for every query node. It lacks the query-dependent ranking found in models like
Transformers. One disadvantage is oversmoothing in deep networks. Like most GNNSs,
if you stack too many GAT layers, the node representations tend to become identical,
converging to a mean value, which diminishes their accuracy. GATs are sensitive to noise.
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Despite its robustness against noisy neighbors, the model is highly dependent on the
precision of its starting node features. If the features are poor, the attention mechanism
may fail to learn meaningful weights. GATs are very complex for small graphs. For very
simple or small datasets, the added complexity of the attention mechanism often does not
provide enough benefit over standard GNN to justify the extra parameters.

5.2. GATv2

Brody et al. (2021) proved that the original GAT model calculates static attention and
introduced an improved version of GAT called GATv2 [43]. In the GAT model, the ranking
of importance among neighbors is the same for every query node. If one neighbor node v is
more important than the other neighbor node u, it will be more important for all nodes in
the graph. Static attention is when the attention to the key nodes has the same rank (order)
for any query node. GAT computes attention using a scalar e;; representing the importance
of node j to node i:

e;i = a” LeakyReLU (Wh;||[Whj) = LeukyReLU(alT Wh;||a] Whj> 11)

where || denotes concatenation, and a is a weight vector that measures and compares node
features. Note that for any query node, the attention rank of keys depends only on al Wh -
Therefore, the attention range of keys is static; it remains the same for all queries. GATv2
allows dynamic attention by changing the attention mechanism so that it uses a scalar ¢;;
(Equation (12)) for representing the importance of node j to node 7 to

eij = a’ LeakyReLU (W h;||[Wah;) (12)

This allows the model to learn a different ranking of neighbors depending on which
node is looking at them. GATV2 can represent much more complex relationships. GAT
can be replaced with GATv2 in any architecture and usually yields better results without
adding complexity. For very simple graphs where a static ranking is good enough, GATv2
might not show a significant improvement over the original GAT. GATv2, like the original
GAT, suffers from oversmoothing when you add too many layers. GATv2 has high memory
consumption due to storing attention weights for every edge.

5.3. Multi-View Graph Attention Networks

Real-world networks often feature nodes with diverse connection types, representing
different layers of interaction within the same system. For example, in a social network,
two people might be friends or colleagues at work. Each of these is a different view of
the same graph. Multi-view GAT (MGAT) has been proposed, which has multiple graphs
(views) as input, while GAT has a single graph as input [44]. MGAT splits a heterogeneous
graph with several relationships into single-view graphs and then integrates information
from multiple views into the embedding of nodes. MGAT uses node-to-node attention,
also known as view-to-view attention. It captures the complexity of heterogeneous data.

The MGAT architecture works in two stages. First, for each individual view-graph
layer, the model applies a standard GAT mechanism. This allows the model to learn
the importance of neighbors within that specific context. Second, after processing each
view, the model uses another attention mechanism to weigh the views themselves. If the
friendship view is more relevant for predicting a user’s social life than the professional
view, the model assigns it a higher weight. The model automatically identifies which view
is most informative for a specific task. This acts as an automated feature selection process.
MGATSs are more robust to noise. If one view is noisy or has missing edges, the model can
rely on other views to compensate, leading to more stable predictions.
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MGAT runs multiple GAT layers in parallel, each layer for each view, which increases
the number of parameters and the time required for training. The memory requirements
grow linearly with the increase in views. Therefore, it is difficult to apply to massive datasets
with many different relationship types. In MGAT, nodes are the same across all views. If
the views have different sets of nodes, the alignment of these views becomes difficult.

An example of an application is a proposed multi-view graph attention network for
travel recommendations [45]. The model takes several different types of user behaviors
into account, such as making hotel reservations, booking flights, and learning an attention
mechanism to weigh the importance of different views for a recommendation.

5.4. Multi-Relational Graph Attention Networks

GNNs are popular models that can exploit and use the structural information of
neighbors in knowledge graphs (KGs). Traditional GATs often have problems with KGs,
because they are defined by the types of relations between those nodes. It uses an attention
mechanism that specifically processes the type of relation connecting two entities. Multi-
Relational GAT (MRGAT) can adapt to different cases of heterogeneous multi-relational
connections and then calculate the importance of different neighboring nodes through a
self-attention layer [46]. The use of a self-attention mechanism with different node weights
optimizes the network structure and increases performance.

5.5. Sparse GATs

Ye et al. proposed a framework that learns sparse attention coefficients [47]. It
simplifies GAT by assigning a single attention coefficient per edge across layers, effectively
pruning 50-80% of edges in large graphs without losing accuracy.

5.6. Deeper/Multi-Layer GATs

GATs and ConvGNN s are two state-of-the-art GNNs. Both architectures suffer from
performance degradation when more GNN layers are stacked. With the increase in layer
depth in GATs, they often fail to regulate excessive propagation from dominant nodes,
leading to oversmoothing. A new version of GAT named Layer-wise Self-adaptive GAT
(LSGAT), which can effectively alleviate the oversmoothing issue in deep GAT, has been
proposed [48]. By redesigning the attention mechanism to adaptively adjust based on layer
depth, LSGAT considers both immediate neighboring and non-adjacent nodes from a global
view. This approach effectively mitigates oversmoothing and is more expressive than the
original GAT architecture. It is more effective with better results on node classification tasks.

5.7. Graph Topology Attention Networks (GTAT)

GNN s perform representation learning on graph-structured data and do not integrate
topological information into graph representation learning. They only capture the informa-
tion of nodes by recursively aggregating the neighboring nodes’ representations. To better
integrate topological information, Graph Topology Attention Networks (GTATs) extract
topology features from the graph’s structure and encode them into topology representa-
tions [49]. The node and topology representations are integrated through cross-attention
GNN layers. The GTAT model can dynamically balance node features with structural data
and can enhance graph summarization.

6. Extensions of the GAT Notion of Importance

In GATSs, each node learns attention weights over its neighbors. Attention coefficients
quantify how important each neighbor is for updating the node’s representation. The
weights depend on neighbor features and shared parameters and are normalized with the
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softmax function. Attention weights are learned, a feature-aware metric for local node
importance, enriching degree-based normalization typically found in standard ConvGNNSs.

GATs define importance via learned, local attention weights over neighbors. Many
variants extend this notion along different axes: locality vs. globality, dynamics, relation
types, and sparsity. Extensions of the GAT notion of importance are also performed by
the methods using higher-order neighborhoods to capture multi-hop influence, methods
combining node content and structure to get more faithful importance scores, and GAT
models making attention dynamic (e.g., GATv2, LSGAT), so rankings depend on the
query node.

6.1. Methods Using Higher-Order Neighborhoods to Capture Multi-Hop Influence

Many extensions of the GAT architecture explicitly incorporate higher-order neighbor-
hoods to capture multi-hop influence while mitigating oversmoothing and over-squashing.

GATs only focus on low-order content, while high-order content is completely ignored.
High-Order GAT (HGRN) aggregates features from neighbors at multiple hop distances
with attention and iteratively updates graph topology to better reflect high-order relations
to mitigate oversmoothing and to improve node classification [50].

Multi-hop Attention Graph Neural Network (MAGNA) incorporates multi-hop con-
text information into every layer of attention computation [51]. It introduces multi-hop
attention diffusion: attention scores are diffused over the adjacency matrix, so a single layer
can attend to multi-hop neighbors, efficiently including all paths and improving long-range
structural encoding. By using a diffusion prior on attention values, MAGNA captures the
influence of all underlying paths between disconnected nodes without affecting efficiency.

A Multi-Order-Content-Based Adaptive Graph Attention Network for graph node
classification has been proposed [52]. It constructed a high-order content attention mecha-
nism that could focus on high-order content to evaluate attention weights. The framework
also integrates multi-order attention with a hybrid approach that captures the interplay
between high- and low-order content.

Multi-Head Multi-Order Graph Attention Networks (MHMOGAT) is an enhanced
GAT layer [53]. MHMOGAT leverages multi-head attention alongside multi-order adja-
cency matrices to extend the receptive field of traditional GATs. This architecture enables
the model to capture long-range dependencies across the graph more effectively. To ensure
peak performance across diverse datasets, Bayesian optimization is used to identify the
ideal hyperparameter configurations.

Layer-wise Self-adaptive GAT (LSGAT) effectively mitigates the oversmoothing prob-
lem common in deep GATs and improves node classification [48]. By adaptively adjusting
the attention coefficient mechanism based on layer depth, LSGAT integrates both immediate
neighbors and non-adjacent nodes through a global perspective.

6.2. GAT5 Combining Node Content and Structure

Methods combining node content and structure to get more faithful importance scores
have been proposed.

Content- and Structure-based Graph Attention Network (CSGAT) has been proposed,
which uses a multi-head attention mechanism to define attention weights by integrating
node content with topological data [54]. CSGAs incorporate structural interactions into
the standard GAT framework. It captures higher-order structural information without
requiring additional training, and its results are interpretable via heatmap visualization.

GATs only use the topology of edges to extract network information, while the associ-
ations between node features are not used. The proposed Semi-Supervised Multi-Channel
Attention Network (MC-GAT) simultaneously extracts node features and topological struc-
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tures [55] using the attention mechanism that can automatically assign different weights to
different pieces of information representing different aspects. The attention mechanism
is utilized to assign specific weights to each informational channel, ensuring that various
aspects of the data are integrated according to their importance.

7. Using GNNs for Node Importance Estimation

Several works explicitly extract node importance or influence from attention or related
GNN modules.

7.1. General Node Centrality

Graph Attention-based Network Representation (GANR) is a framework that lever-
ages graph attention architectures by using structural topology as a supervised learning
input [56]. GANR learns high-quality node representations for efficient link prediction,
network visualization, and node classification, and extracts meaningful attention weights
that can be used for node centrality measures.

7.2. Knowledge Graph Node Importance

GENI is a GNN-based method designed to deal with predicting node importance
in knowledge graphs [57]. It performs an aggregation of importance scores instead of
aggregating node embeddings via a predicate-aware attention mechanism and flexible
centrality adjustment.

7.3. Dynamic-Network Node Ranking

In [58], a new node importance prediction method is proposed that uses community
detection, joint embeddings, multi-layer GAT, and then applies contrastive learning to
emphasize multi-scale structural differences in dynamic networks. It produces node
ranking for dynamic networks.

Community detection is employed to extract node-level community features. The
joint embedding module is used for incorporating community information into node
representations. A multi-layer GAT adaptively learns node and neighborhood features.

8. Application-Specific GAT Research

Attention weights or attention-based pooling layers naturally produce node rankings,
allowing the selection of top-k important nodes as a graph summary, building coarser
graphs from high-attention nodes and edges, and task-specific summaries such as text or
code summarization, where GAT focuses on key nodes and yields better summaries than
non-attentional methods.

Coarser graphs from high-attention nodes and edges can be built with Graph Attention-
based Network Representation (GANR) [56]. It utilizes a graph attention architecture.
GANR learns high-quality node representations and performs efficient link prediction,
network visualization, and node classification.

GATs focus on key nodes and produce better task-specific summarization, such as
text or code summarization, than non-attentional methods. GATs are widely used to
compress graphs or graph-structured content (text, code, documents, videos) into compact
representations while preserving important structure and semantics.

For text summarization, the Gated Attention Graph Neural Network (GA-GNN) based
on gated attention has been proposed [59]. It improves the accuracy and readability of
text summarization. A parallel mechanism is used to encode sentences into a deeper
vector containing local and global semantic information. After that, sentence vectors are
converted into graph structure information for feature extraction. Gated attention units are
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introduced into the model, which are used in combination with Graph Neural Networks to
eliminate redundant information and improve model performance. The loss function is
optimized from contrast learning, important sentence confidence calculation, and Graph
Neural Networks.

For source code summarization that generates semantic and structural information
descriptions for Java methods in a natural language, a novel architecture, GSCS, has been
proposed [60]. GATs are used to process the tokenized abstract syntax tree of the program.
Using multi-head attention, the model identifies diverse relational patterns in various
subspaces. The model then integrates these features through a weighted aggregation across
the node’s local neighborhood.

In [61], a framework named GTASum is proposed. It uses GAT to capture relation-
ships between sentences through the document representation of graph structure and
simultaneously updates the local and global information.

Some research focuses on structural summarization and how to use attention to sample
and condense massive graphs for faster retrieval without losing connectivity information.
A framework has been proposed that merges attention-based graph summarization with
state-of-the-art graph sampling methods tailored explicitly for large-scale graph processing
and information retrieval applications [62].

9. Conclusions

This study investigates a node importance (NI) approach for graph summariza-
tion, shifting the focus from mere size reduction to the preservation of structurally
significant entities.

We proposed a simple NI method and compared the compactness ratio of graph
summarization with popular MDL methods. The results show that the NI approach yields
significant compression ratios for most datasets in our experiment.

Because traditional methods like MDL or basic clustering often struggle with the
scale and high dimensionality of modern network data, deep learning with Graph Neural
Networks (GNNs) has been investigated for graph summarization. This study investigates
the structure of key GNN architectures, focusing on key architectures such as RecGNN,
ConvGNN, GAE, and GAT, and their suitability in the context of graph summarization
using the NI approach. GATs and their variants are a promising architecture that provides
a flexible, learned notion of node importance via attention.

GATs have evolved into several specialized architectures, each tailored to ad-
dress distinct challenges in graph-structured data processing, such as multi-view GATs,
multi-relational GATs, sparse GATs, deeper/multi-layer GATs, and Graph Topology
Attention Networks.

We discuss extensions of the GAT notion of importance performed by the methods
using higher-order neighborhoods to capture multi-hop influence, methods combining
node content and structure to get more faithful importance scores, and GAT models making
attention dynamic and making rankings depend on the query node.

Several research works explicitly extract node importance or influence from attention
or related GNN modules. We discuss general node centrality, knowledge graph node
imp3ortance, and dynamic-network node ranking.

Attention weights or attention-based pooling layers naturally induce node rankings,
allowing for selecting the top k important nodes as a graph summary or building coarser
graphs from high-attention nodes and edges. We also discuss some methods for task-
specific summaries for text or code summarization, where GAT focuses on key nodes and
yields better summaries than non-attentional methods. While the original GAT introduced
the concept of learned importance for neighbor nodes, the next generation of GAT research
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has to solve the limitations of the original GAT architecture: scalability, dynamic data, and
explainability.
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