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 a b s t r a c t

Graph pooling is a fundamental operation in Graph Neural Networks (GNNs), designed to simplify graphs by re-
ducing the number of nodes and edges while preserving essential structural information for classification tasks. 
However, most existing pooling methods tend to overlook edge weights and rely on a single-view pooling strategy 
that focuses either on local or global topological information, failing to capture the full structural context of the 
graph. To address these limitations, this study introduces a novel Dominant Set Multi-View Pooling (DSMVPool) 
method featuring two main contributions. First, we propose a dominant-set cluster pooling approach that an-
alyzes the overall graph architecture and connectivity patterns, identifies potential clusters using edge weight 
information, and generates a coarser graph view. In addition, we create two complementary pooled views by se-
lecting the most representative nodes based on local topology and node features. Second, we design a fusion-view 
attention layer that integrates the coarser graph structure with the pooled graph views, enabling our method to 
simultaneously capture and combine global and local structural information and node features. Extensive ex-
periments on four graph classification benchmarks, covering computer vision, chemical, biological, and social 
networks, demonstrate that DSMVPool achieves superior performance compared to state-of-the-art methods.

1.  Introduction

Graph Neural Networks (GNNs) have recently transformed the anal-
ysis of graph-structured data through message-passing mechanisms that 
aggregate information from neighboring nodes [1,2]. These aggregated 
features are then used to generate node embeddings for various graph-
related tasks, including node classification, graph classification, and link 
prediction [3,4]. In the context of graph classification, graph pooling is 
an essential operation in GNNs for learning the representation of an 
entire graph. It maps the nodes or subgraphs into a compact representa-
tion, highlighting significant graph structures while improving compu-
tational efficiency [5,6].

Early graph pooling methods use sum or average aggregation func-
tions to generate graph-level representations for GNNs [7,8]. Despite 
being straightforward, these methods often overlook the contextual and 
hierarchical information within graphs, which refers to the multi-level 
structural organization of nodes and edges, ranging from local neigh-
borhoods and subgraphs to higher-level graph abstractions that capture 
complex interactions and dependencies. To address these limitations, 
recent studies have introduced hierarchical pooling methods that pre-
serve graph substructures through local and global topological informa-
tion [9,10]. These hierarchical methods provide a more comprehensive 
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graph representation by clustering or selecting informative nodes layer 
by layer [11,12].

Node cluster pooling methods capture the connectivity patterns of 
the entire graph by grouping similar nodes into clusters and transfer-
ring each cluster into a single node to generate a coarsened graph [13]. 
Ying et al. [14] developed the first Differentiable Hierarchical Pooling 
(DiffPool) that learns a soft cluster assignment matrix for nodes using 
the GNN, which contains the probability values of nodes being assigned 
to clusters. DiffPool mainly focuses on node features to extract clusters 
and depends on a predefined cluster ratio. Similarly, the clique pool-
ing method  [15] targets global topological structures by identifying 
all maximal cliques within the graph. Methods [16] and  [17] further 
improve clique pooling to extract the overlapping nodes between two 
cliques.

In node selection methods, the goal is to create a pooled graph by 
learning the significance scores of each node and then selecting a subset 
of nodes with high scores [9,18]. For example, Gao et al. [19] proposed 
a TopkPool method, which employs scalar projection values of node 
features to select the most important nodes. SAGPool [9] further en-
hanced the performance of TopkPool using self-attention weights, and 
MAC [18] used attention weights with a convolutional neural network 
to evaluate the importance of nodes.
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Additionally, MuchPool [20] employs a multi-channel strategy and 
uses a graph convolution layer for integrating the different views to 
generate more robust graph representations. However, MuchPool de-
pends on a prior number of clusters and does not consider edge weights 
in graph representations. Furthermore, Deep Hierarchical Transitive-
Aligned Graph Kernels (GK-A) [21] introduces a graph kernel-based 
approach that incorporates edge weights in graph clustering. How-
ever, GK-A primarily focuses on aligning the graph structure and does 
not fully capture the interactions between node features and topolog-
ical information. This lack of feature integration limits its effective-
ness for tasks requiring both feature-rich and topological context, such 
as graph classification. Similarly, Graph Pooling Information Bottle-
neck (GPIB) [22] employs an information-theoretic principle to generate 
coarsened graphs by emphasizing relevant structural information. While 
GPIB improves the graph representations, it still does not fully leverage 
edge weights or multi-view pooling strategies, limiting its ability to inte-
grate comprehensive node and edge information for better classification 
performance.

However, existing cluster pooling approaches mainly perform anal-
ysis on unweighted graphs, overlooking the nuanced dynamics of 
weighted graphs. In a weighted graph, edge weights quantify the sim-
ilarity or strength of the connection between nodes. This information 
is crucial for capturing hierarchical structural patterns and improving 
performance in downstream classification tasks. Additionally, most tra-
ditional clustering-based pooling methods require a predefined cluster 
ratio to guide the pooling process. Furthermore, the above-mentioned 
pooling methods often fail to integrate the graph’s comprehensive multi-
view contextual information, leading to less robust graph representa-
tions [23].

To overcome these limitations, we propose DSMVPool, a Dominant 
Set Multi-View Graph Pooling method that incorporates both global 
and local topological information, node features, and edge weights. Un-
like MuchPool [20], which fuses features through a simple convolu-
tion layer, GK-A [21] and GPIB [22] rely on architectures that do not 
fully integrate feature-based edge weights or multi-view contextual in-
formation, resulting in limited adaptability to weighted graphs. In re-
sponse, we introduce a node clustering mechanism based on the dom-
inant set concept [24], enabling effective handling of edge-weighted 
graphs without relying on predefined cluster ratios. This flexibility al-
lows our method to better capture meaningful clusters while generating 
a more robust graph coarsening representation Gcoarser. We also gener-
ate two pooled views of the input graph Glocal and Gfeature by extracting 
the most important nodes based on the graph’s local topological infor-
mation and node features, respectively.

Furthermore, the fusion-view attention mechanism in DSMVPool dy-
namically integrates different views (i.e., fuse Gcoarser with Glocal and 
Gfeature) of the graph, ensuring that only relevant node relationships 
are preserved. This attention mechanism improves the representation 
power of the pooled graph, addressing the drawbacks of previous meth-
ods, which often rely on static clustering and simplistic feature fusion 
strategies. Specifically, our contributions are four-fold:

• We propose a novel Dominant Set Multi-View Graph Pooling 
method, which simultaneously captures and integrates local topo-
logical information, coarser graph structures, and node features.

• For the first time, we use the Dominant Set clustering method to 
develop graph pooling. This has the advantage of exploiting edge 
weights (neglected by most of the pooling methods) and avoiding 
an a-priori fixed number of clusters, resulting in a more expressive 
graph coarsening.

• Furthermore, we design a fusion-view attention layer that refines 
the graph representations by integrating the coarser graph with local 
topological structures and node features-based pooled graphs.

• We conduct extensive experiments showing that DSMVPool en-
hances average accuracy by 1.10%, 0.62%, 1.03%, and 1.14% 
in chemical molecules, social networks, bio-informatics, and

computer vision-based graph classification benchmarks, respec-
tively, compared to the state-of-the-art pooling approaches.

2.  Related work

Graph pooling methods can be broadly classified into two categories 
based on their design strategy: global pooling and hierarchical pooling. 
Hierarchical pooling methods, in turn, are further divided into two sub-
categories: single-view and multi-view graph pooling.

2.1.  Global pooling approaches

Global pooling usually adopts summation or average operations to 
integrate the embeddings of all nodes, resulting in a single vector rep-
resentation for the entire graph. The DGCNN [25] model first sorts 
the node embeddings and subsequently generates the graph represen-
tation by combining certain node embeddings. Furthermore, SortPool-
ing [25] addresses the challenge of sequentially reading a graph by sort-
ing the graph vertices in a consistent order, allowing traditional neural 
networks to process graphs directly. Recently, graph topological-based 
pooling procedures are introduced in [26], where Graclus and graph 
coarsening techniques are used as pooling modules. Global approaches 
perform pooling operations based only on node attributes, potentially 
resulting in the loss of hierarchical information.

2.2.  Hierarchical single view graph pooling

Hierarchical graph pooling methods aim to learn multi-level repre-
sentations of graphs by building hierarchical GNNs. Based on their de-
sign, these methods can be broadly categorized into node selection and 
node clustering approaches [27–29]. The node selection pooling algo-
rithms calculate the importance of nodes based on their features or the 
structural information of the graph and retain the nodes with the high-
est scores. For example, TopkPool [19], SAGPool [9], and AttPool [30] 
select the most significant nodes based on node attributes or attention 
scores to form a pooled graph for the next input layer. EdgePool [31] 
generates a pooled graph by integrating the edges of a given graph. It 
lacks flexibility, as it can only reduce the number of nodes by half with 
each iteration.

The graph cluster method globally assigns all nodes to a number of 
clusters but requires setting the number of clusters and then obtaining 
the basis vector of each cluster. This strategy better ensures the com-
pleteness of feature information due to the basis vectors of each cluster 
containing all node information. In [14], the authors proposed DiffPool 
to learn a soft assignment matrix using graph neural networks and map-
ping nodes to a set of clusters. In [15], the authors introduced clique-
based graph pooling to capture the overall topological structures of the 
network effectively. This is achieved by dividing the graph into its pos-
sible cliques. Methods [16,17] enhance the clique pooling technique to 
retrieve the overlapping nodes shared by two cliques.

Furthermore, the recent study SPGNN [27] extends traditional pool-
ing techniques by using a graph convolution-based mechanism to learn 
the relative importance of subgraphs, thereby improving performance 
on heterogeneous graphs. However, it remains limited by its reliance on 
static, pre-defined graph partitions, which can hinder its adaptability 
to dynamic graph structures. MaxCutPool-E [32] tackles the MAXCUT 
problem in graph pooling by selecting a subset of nodes that maximize 
the cut between partitions. While this approach effectively addresses 
the challenge of downsampling graphs through maximizing edge cuts 
between node groups, it lacks differentiability. As a result, it cannot 
be easily integrated into end-to-end learning frameworks. Additionally, 
this approach primarily focuses on minimizing node redundancy, which 
might not always preserve critical graph features necessary for classifi-
cation tasks.

SpreadEdge [33] improves on the MAXCUT-based pooling by intro-
ducing edge contraction techniques. This method focuses on preserving 
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Table 1 
Comparison of graph pooling methods.
 Properties  TopkPool  DiffPool  MAC  GPIB  MuchPool  Our
 Sparse  4  8  4  4  4  4
 Node aggregation  8  4  4  4  4  4
 Graph clustering  8  4  8  4  4  4
 Flexible number of cluster  8  8  8  8  8  4
 Edge weights support  8  8  8  8  8  4

the graph’s structural diversity, making it suitable for graphs with di-
verse edge distributions. However, SpreadEdge’s reliance on edge con-
traction limits its flexibility when applied to graphs with varying edge 
densities, and its performance is less robust on graphs with heteroge-
neous or sparse edge weights. Furthermore, recent studies have intro-
duced multi-view graph pooling methods, integrating sparse node selec-
tion and node cluster pooling methods to refine the graph structure for 
the pooled graph (see Section 2.3).

2.3.  Hierarchical multi-view graph pooling

Hierarchical multi-view graph pooling approaches aim to capture 
complementary contextual information from multiple graph perspec-
tives, integrating both local and global graph properties as well as node 
features to form a more robust graph representation.

For example, Jinheon et al. [18] proposed Multistructure Atten-
tion Convolutional (MAC) pooling that incorporates multiple strate-
gies to calculate the importance of nodes and uses an attention mech-
anism to update node representations. Multi-channel Motif-based Pool-
ing (MPool) [34] further improves the node ranking by integrating the 
local and global graph structure and capturing the higher-order graph 
structure with motifs. Specifically, MPool contains two channels: the 
first ranks the nodes using motif adjacency, and the second performs 
spectral clustering using motif adjacency. It aggregates each channel’s 
results into the final pooled graph. However, these methods do not 
perform node aggregation and neglect to consider the graph’s local 
topological information during the pooling operation. Recently, Chen 
et al. [10] developed a novel topological pooling layer that leverages 
witness complex-based topological embedding mechanisms to integrate 
local and global topological information.

Additionally, MuchPool [20] combines DiffPool with TopkPool to 
capture graph local and global topological information and node fea-
tures. To further improve the graph representation, GK-A [21] intro-
duces Deep Hierarchical Transitive-Aligned Graph Kernels, which aims 
to preserve both local and global graph structures through hierarchical 
transitive-aligned embeddings. While GK-A provides strong graph ker-
nel performance by capturing structural correspondence information, 
its pooling mechanism primarily focuses on node-level matching rather 
than graph-level features, which limits its flexibility for dynamic graph 
structures. Moreover, despite its ability to capture structural patterns 
across graphs, GK-A does not account for edge weights. This limitation 
is critical in domains such as molecular graphs and social networks, 
where edge weights represent important relationship strengths. Addi-
tionally, GPIB [22] integrates information theory with graph pooling, 
proposing the Graph Pooling Information Bottleneck to generate task-
specific graph representations. This approach utilizes a dynamic gen-
eration mechanism to extract node features and edge information, en-
hancing the sufficiency of the coarsened graph. However, it primarily 
focuses on minimizing irrelevant subgraph structures, and the noise in-
jection method can cause performance issues when applied to sparse or 
heterogeneous graphs, where information loss may occur during noise 
filtering. Furthermore, it doesn’t fully leverage the edge-weighted in-
formation, which is critical for graphs with varying node connectivity 
strengths.

However, most current multi-view graph pooling approaches 
only use a limited amount of contextual information from graphs,

disregarding collaboration and input from many sources of information. 
Additionally, the node cluster pooling methods stated above only focus 
on unweighted graphs, which hinders their ability to adapt to weighted 
graphs during the clustering implementation process.

These limitations may constrain the potential use cases for pooling 
operations. Unlike MuchPool [20], which relies on DiffPool [14] and re-
quires a fixed number of clusters, this study introduces a novel dominant 
set multi-view pooling method that uses edge weights to extract clusters 
in weighted graphs without relying on a predefined cluster ratio. This 
allows for more flexible and robust graph coarsening, making it adapt-
able to different graph structures. MuchPool [20] fuses features using 
a simple convolution layer, while MPool [34] employs a linear layer 
to integrate different contextual information. In contrast, we propose 
a novel attention-based fusion strategy combined with convolution to 
dynamically compute node relevance between the pooled and coarser 
graph structures. To further enhance this mechanism, we introduce a 
binary relationship matrix that filters out non-significant node connec-
tions, ensuring that only contextually relevant pairs contribute to the 
fused embeddings.

See Table 1, which compares the properties of DSMVPool against 
other graph pooling operators. As highlighted, our approach uniquely 
supports all evaluated properties, including sparsity, node aggregation, 
graph clustering, flexibility in the number of clusters, and edge weight 
utilization.

3.  Proposed methodology

The proposed DSMVPool mainly uses three views to perform graph 
pooling operations, learn different contextual information about a 
graph, and then integrate the results of these three views. The first step 
of the Fig. 1 employs three graph pooling methods to deeply understand 
the graph’s local and global topological structures and the node features. 
In this initial step, we generate two pooled views of the graph 𝐺local and 
𝐺feature and one coarser view 𝐺coarser. The second step implements the 
fusion-view attention layer that fuses the 𝐺coarser with 𝐺local and 𝐺feature. 
The last step aggregates the results of views 1 and 3 to generate the fi-
nal pooled graph 𝐺pool. The following sections provide more detailed 
explanations of each step.

3.1.  Mathematical notations

This section defines the mathematical notations utilized in this 
study. Let’s consider an arbitrary graph 𝐺 = (𝑉 ,𝐸,𝑋, 𝑦), where 𝑉 =
{𝑣1, 𝑣2,… , 𝑣𝑛} is the set of nodes, 𝑋 ∈ ℝ𝑛×𝑓  represents the node fea-
ture matrix with 𝑛 as the number of nodes and 𝑓 as the feature space’s 
dimension, 𝐸 ⊆ 𝑉 × 𝑉  the set of edges and 𝑦 is the label associated 
to the graph 𝐺. The set of edges 𝐸 is represented through the adja-
cency matrix 𝐴 ∈ ℝ𝑛×𝑛. With 𝑋𝑖 we refer to the features of the 𝑖th 
node. This work focuses on the graph classification task. It involves a 
dataset 𝐷 = {(𝐺1; 𝑦1); (𝐺2; 𝑦2),…}, and aims to train a mapping function 
𝑓 ∶ 𝐺 → 𝑌  that assigns each graph to a label, where 𝐺 = {𝐺1, 𝐺2,… , 𝐺𝑛}
and 𝑌 = {𝑦1, 𝑦2,… , 𝑦𝑛} represent the set of input graphs and the set of 
labels, respectively.

3.2.  Local topology pooling (view 1)

This pooling view learns the graph’s structural importance by rank-
ing nodes according to their local neighborhood connectivity. Given a 
graph 𝐺 = (𝑉 ,𝐸,𝑋), we reduce the set of nodes considering the most 
important ones while preserving the original connectivity, hence gen-
erating the pooled graph Glocal. In this context, the notion of a node’s 
neighborhood can be defined as the explicit connections within a graph 
or the affinities within node embeddings. To assess the node’s impor-
tance, we use a graph attention layer (GAT) [35] to capture the local 
topological structures. Mathematically, the significance of each node is 
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Fig. 1. The architecture of the proposed DSMVPool. Step 1 applies three graph pooling methods that capture different contextual information of the graph and 
generate two pooled views, Glocal and Gfeature, and one coarser view, Gcoarser. Step 2 implements an attention-based fusion-view layer that integrates the three 
subgraphs–Gcoarser, Glocal, and Gfeature–by computing fusion relationship matrices 𝐴fuse1 and 𝐴fuse2 to generate the corresponding fusion feature embeddings, 
𝐻fusion1 and 𝐻fusion2. The last step aggregates 𝐻fusion1 and 𝐻fusion2 to produce the final pooled graph, Gpool.

derived through the following formulation: 

𝐿 = attention(𝐺𝐴𝑇 (𝑋,𝐴)); 𝐿idx = {𝑖| 𝐿i > 𝑝} (1)

where 𝐿𝑖 shows the attention score for a node 𝑖, 𝐴 denotes the adjacency 
matrix of the graph and 𝑋 represents the initial node features. In 𝐿idx
we preserve only those nodes having an attention score greater than the 
pooling ratio 𝑝. The pooled graph Glocal = (𝑉𝐿, 𝐸𝐿, 𝑋𝐿) is then defined as 
𝑉𝐿 = {𝑣𝑖|𝑖 ∈ 𝐿idx} is the set of nodes, 𝐸𝐿 ⊆ 𝑉𝐿 × 𝑉𝐿 ∩ 𝐸 hence we use the 
original graph connectivity, and the set of features 𝑋𝐿 = {𝑋𝑖|𝑖 ∈ 𝐿idx}.

3.3.  Global topology pooling (view 2)

This pooling view aims to generate a coarser graph view Gcoarser
by capturing the graph’s global topological information. Current cluster 
pooling techniques like DiffPool [14] primarily use unweighted graphs 
to perform pooling operations, neglecting edge weights and typically re-
quiring a predefined cluster ratio to find clusters within a graph. Edge 
weights play a crucial role in understanding the topological structures 
within graphs, such as in a molecular graph where edges indicate chemi-
cal bonds of different strengths or in a social network graph where edges 
represent the frequency of interactions among individuals [21]. In these 
cases, edge weight information is significant for describing the graph’s 
topological structures and can affect how clusters form. Inspired by a 
dominant set-based clustering method [24] that combines concepts from 
graph theory and evolutionary game theory to identify clusters in data 
using edge weights, we adopt this robust concept for graph pooling. 
Therefore, we design a dominant set cluster pooling method to capture 
the graph’s global topological information and identify all possible dom-
inant set clusters. Following that, we transfer each dominant set cluster 
into a single node (supernode) and aggregate the feature within each 
cluster to generate Gcoarser. Next, we provide a detailed explanation of 
the dominant set notion and describe how we used this concept in graph 
pooling to generate the graph coarsening.

3.3.1.  Dominant set clustering:
The Dominant Set (DS) clustering extends the concept of identify-

ing maximal cliques to edge-weighted graphs. In this context, the DS 
method is used to coarsen the input graph grouping nodes having sim-
ilar features. The DS clustering is different from other graph coarsen-
ing approaches, such as DiffPool and Mincutpool, because it is not de-
pendent on any predefined cluster ratio or a-priori number of clusters, 
and it works on weighted graphs. Therefore, DS pooling has strong ad-
vantages over the competitors, allowing the structures to emerge spon-
taneously from the graphs, resulting in more natural, expressive, and 
representative clusters. We then construct an undirected edge-weighted 
graph 𝐺 = (𝑉 ,𝐸,𝑤) without self-loops, where the nodes 𝑉  correspond to 
the graph’s nodes, represented by feature vectors. The edges 𝐸 ⊆ 𝑉 × 𝑉
are the pairwise relations between nodes and their weight function 
𝜔 ∶ 𝐸 → ℝ≥0 calculates pairwise similarities. The 𝑛 × 𝑛 symmetric ad-
jacency matrix 𝐴 = (𝑎𝑖𝑗 ) summarizes 𝐺: 

𝑎𝑖𝑗 =
{

𝑤(𝑖, 𝑗) if(𝑖, 𝑗) ∈ E
0 otherwise.

(2)

Typically, every clustering method is expected to exhibit two essen-
tial properties: high intra-cluster homogeneity and low inter-cluster ho-
mogeneity. These properties are crucial for effectively segregating and 
grouping objects. They directly influence the combinatorial formulation 
of DS, as detailed in [24]. Pavan et al. established an intriguing connec-
tion between clusters, dominant sets, and local solutions of the following 
quadratic problem [24]:
maximize h𝑇𝐴h (3)

subject to h ∈ △𝑛

where 𝐴 is the similarity matrix of the graph and h is the so-called 
characteristic vector which lies in the n-dimensional simplex △𝑛, that is, 
(
∑

𝑖 h𝑖 = 1,∀𝑖 ℎ𝑖 ≥ 0
)

. If x is a strict local solution of (3) then its support 
𝜎(h) = {𝑖 ∈ 𝑉 |ℎ𝑖 > 0} is a dominant set [36]. In order to extract a DS, a 
local solution of (3) must be found. A well-known method to solve this 
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problem is to use a result from evolutionary game theory [37] known 
as replicator dynamics (RD) (see Eq. (4)). 

ℎ𝑖(𝑡 + 1) = ℎ𝑖(𝑡)
(𝐴h(𝑡))𝑖
h(𝑡)𝑇𝐴h(𝑡)

(4)

RD is a dynamical system that conducts a selection process on 
the elements of the vector h. Upon convergence of Eq. (3)
(||
(

h(𝑡) − h(𝑡 + 1)
)

||2 ≤ 𝜖), 𝜖 is minimum threshold value and specific el-
ements will emerge (ℎ𝑖 > 0) while others will vanish (ℎ𝑖 = 0). Conver-
gence of the process is assured when the matrix 𝐴 is non-negative and 
symmetric. The dynamical system commences at the barycenter of the 
simplex, and its elements are updated using Eq. (4). At convergence, a 
dominant set is identified using the support of h, the selected nodes are 
removed from the graph (referred to as the “peeling-off” strategy), and 
the process iterates again on the remaining nodes until all nodes are 
assigned to a cluster.

3.3.2.  Dominant set pooling:
Given an unweighted graph 𝐺 = (𝑉 ,𝐸,𝑋) with associated features 

𝑋 for each node, we first construct a weighted version of it 𝐺 =
(𝑉 ,𝐸,𝑋,𝑊 ) and then extract all the clusters using the DS method. Given 
two nodes 𝑖 and 𝑗, we compute the edge weights using the cosine sim-
ilarity of node features 𝑋𝑖 ∈ 𝑋 and 𝑋𝑗 ∈ 𝑋 and refine the similarities 
through a Gaussian kernel. 

𝑠𝑖𝑗 =
𝑋𝑖 ⋅𝑋𝑗

||𝑋𝑖||||𝑋𝑗 ||
; 𝑊𝑖𝑗 = exp

(

−
(1 − 𝑠𝑖𝑗 )2

2𝜎2

)

(5)

The 𝜎 is a scale parameter (after several experiments, we set it as 1.0).
Given the weight 𝑊  we used the DS’s peel-off strategy to extract all 

dominant set clusters 𝐶 = {𝑐1, 𝑐2,… , 𝑐𝑘} from the graph 𝐺 = (𝑉 ,𝐸,𝑋)
and generate the Gcoarser = (𝑉 , 𝐸̂, 𝑋̂) representation with updated fea-
tures. Here, 𝑉 = {𝑣1, 𝑣2,… , 𝑣𝑘} is the set of supernodes representing the 
𝑘 clusters, 𝐸̂ is the new set of edges connecting supernodes, and 𝑋̂ are 
the features associated to each supernodes 𝑉 . These sets are defined as 
follows: 
𝑋̂𝑖 = 𝛼({𝑋𝑣|𝑣 ∈ 𝑐𝑖}) (6)

(𝑐𝑖, 𝑐𝑗 ) ∈ 𝐸̂ iff ∃𝑣 ∈ 𝑐𝑖 and 𝑢 ∈ 𝑐𝑗 |(𝑣, 𝑢) ∈ 𝐸 (7)

where 𝛼 represents a node features aggregation functions (max or av-
erage). An edge between supernodes 𝑖 and 𝑗 is added to 𝐸̂ iff an edge 
already insists between a pair of nodes belonging to the clusters 𝑖 and 𝑗
in the un-coarsened graph 𝐺.

3.4.  Node feature pooling (view 3)

Beyond the structural information, graphs often come with node fea-
tures that can broadly describe their properties. For example, in chem-
ical molecule graphs, node features depict the type of atoms essential 
for predicting the graph properties. Therefore, it is a valuable source for 
highlighting the significance of a node inside a graph. So, the main goal 
of this pooling view is to select the most important nodes based solely on 
their feature values. Given a graph 𝐺 = (𝑉 ,𝐸,𝑋), we reduce the set of 
nodes considering the most important ones while preserving the orig-
inal connectivity, hence generating the pooled graph Gfeature. For this 
purpose, we directly use a Multi-Layer Perceptron (MLP)1 to calculate 
the node importance score directly from node features: 
𝐹 = (𝑀𝐿𝑃 (𝑋)); 𝐹idx = {𝑖| 𝐹i > 𝑝} (8)

where 𝐹𝑖 shows the feature score for node 𝑖 and X represents the initial 
feature matrix. In view1 pooling, Eq. (1) already considered the local 
topology and node features. However, the pooling operations can cause 

1 The MLP is composed of two linear layers of dimensions 64 and 1, respec-
tively, interleaved with a ReLU function.

the graph to become sparse and result in isolated nodes (not connected 
to any other node). This can negatively impact the message passing in 
the subsequent layers. As a result, the information from these isolated 
nodes cannot be aggregated by Eq. (1). However, Eq. (8) for node feature 
learning is independent of structural information, meaning that the pres-
ence or absence of edges between nodes does not impact the learning 
process. Consequently, in a sparse graph, this pooling view layer can ef-
fectively learn the information of these isolated nodes. The pooled graph 
Gfeature = (𝑉𝐹 , 𝐸𝐹 , 𝑋𝐹 ) is then defined as 𝑉𝐹 = {𝑣𝑖|𝑖 ∈ 𝐹idx} is the set of 
nodes, 𝐸𝐹 ⊆ 𝑉𝐹 × 𝑉𝐹 ∩ 𝐸 hence we use the original graph connectivity, 
and the set of features 𝑋𝐹 = {𝑋𝑖|𝑖 ∈ 𝐹idx}.

3.5.  Fusion-view attention convolution

In the first step, illustrated in Fig. 1, we generate two pooled views 
and one coarser view of the input graph 𝐺local, 𝐺feature, and 𝐺coarser. 
Next, we need to fuse these three pooled graphs, each reflecting the 
graph’s distinct contextual aspects. To achieve this, we employ an 
attention-based fusion mechanism inspired by MuchPool [20]. Specif-
ically, we compute attention scores between the node embeddings of 
the local and feature views with the coarser global view, which enables 
us to capture the affinity between node pairs across these views. The 
fusion-view operation can be mathematically expressed as: 
𝐻view = 𝜎

(

[𝐻view + 𝐴𝑓𝑢𝑠𝑒 ⋅𝐻coarser] ⋅𝑊
)

(9)

where 𝐻view ∈ ℝ𝑝×𝑓  denotes the node embedding matrix of either 𝐺local
or 𝐺feature, 𝐻coarser ∈ ℝ𝑘×𝑓  represents the node embedding matrix of 
𝐺coarser (see Eqs. (6) and (7)) and 𝐴𝑓𝑢𝑠𝑒 ∈ ℝ𝑝×𝑘 is the fusion relation-
ship matrix that reflects the attention-based connections between the 
views, where 𝑝 and 𝑘 are the node numbers in the two pooled graphs 
and 𝐺coarser, respectively.

The fusion relationship matrix 𝐴𝑓𝑢𝑠𝑒 is computed by concatenating 
the node embeddings of 𝐺local, and 𝐺coarser, as well as those of 𝐺feature
and 𝐺coarser, followed by a linear transformation and an activation func-
tion to produce raw attention scores. These raw attention scores reflect 
the importance of each node in the fusion process.

However, to avoid introducing excessive connections between nodes 
in the two views, which would result in a noisy fusion process, we apply 
a binary relationship matrix 𝐴relation ∈ {0, 1}𝑝×𝑘, where 𝑝 and 𝑘 repre-
sent the number of nodes in 𝐺view and 𝐺coarser, respectively. The binary 
mask ensures that the attention mechanism only focuses on contextually 
significant node pairs (i.e., nodes that share meaningful relationships 
within the graph topology).

Thus, the final fusion relationship matrix 𝐴fuse is obtained by 
element-wise multiplication of the raw attention scores and the binary 
relationship matrix 𝐴relation. This process ensures that the fusion opera-
tion is guided by the graph’s inherent structural properties, which im-
proves the quality of the pooled graph. The updated feature embeddings 
are then passed to the next step for further aggregation. The message-
passing architecture within GNNs can be expressed as: 
𝐻 (𝑡) = 𝜎

([

𝐻 (𝑡−1) + 𝐴𝐻 (𝑡−1)]𝑊 (𝑡)) ∈ ℝ𝑛×𝑓 (10)

where 𝐻 (𝑡) denotes the hidden node embeddings computed after 𝑡 steps 
of the GNN, 𝐴 ∈ {0, 1}𝑛×𝑛 denotes the adjacency matrix, and 𝑊 (𝑡) ∈ ℝ𝑛×𝑓

denotes a learnable weight matrix and the node embeddings 𝐻 (𝑡−1) gen-
erated from the previous message-passing step. In our case, we can use 
𝐴𝑓𝑢𝑠𝑒 and 𝐻coarser as the adjacency matrix and embedding matrix of the 
fused graph separately in Eq. (10) and generate two new embeddings 
𝐻fusion1 and 𝐻fusion2.

3.6.  Pooling aggregation operation

Using the fusion-view layer, we generate two fused pooled graph em-
beddings from views 1 to 3. The indices of the selected nodes in view 
1 are denoted as 𝐿idx, and the embedding matrix following the fusion-
view operation step is denoted as 𝐻fusion1. Similarly, the indices of the 
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selected nodes and the embedding matrix in view 3 are 𝐹idx and 𝐻fusion2, 
respectively. Next, we aggregate these fused graph embeddings to min-
imize the loss for graph classification tasks. We perform the following 
formulations to aggregate the pooled graphs: 
Idx = 𝐿idx ∪ 𝐹idx (11)

The above equation allows for extracting the induced graph, 𝐺pool, from 
the selected nodes. The adjacency matrix of this pooled graph is calcu-
lated as: 
𝐴𝑝𝑜𝑜𝑙 = 𝐴Idx, Idx (12)

where 𝐴Idx, Idx is the row-wise and col-wise indexed adjacency matrix, 
and 𝐴𝑝𝑜𝑜𝑙 ∈ ℝ𝑃×𝑃  is the new adjacency matrix of the pooled graph. The 
node feature matrix for the aggregated pooled graph, 𝑋pool, is defined 
as: 

𝑋pool[𝑖, ∶] =

⎧

⎪

⎨

⎪

⎩

𝐻𝑓𝑢𝑠𝑖𝑜𝑛1[𝑖, ∶] if 𝑖 ∈ 𝐿idx
1
2

(

𝐻𝑓𝑢𝑠𝑖𝑜𝑛1[𝑖, ∶] +𝐻𝑓𝑢𝑠𝑖𝑜𝑛2[𝑖, ∶]
)

if 𝑖 ∈ 𝐿idx ∩ 𝐹idx
𝐻𝑓𝑢𝑠𝑖𝑜𝑛2[𝑖, ∶] if 𝑖 ∈ 𝐹idx

(13)

where 𝑋pool ∈ ℝ𝑃×𝑓  is the node feature matrix for the aggregated 
pooled graph.

3.7.  Hierarchical DSMVPool architecture and readout function

We integrate multiple GCN layers with DSMVPool layers to make a 
hierarchical pooling architecture and perform graph classification tasks. 
Fig. 1 illustrates the hierarchical framework consisting of three blocks 
with GCN and DSMVPool layers, and each block takes a graph as in-
put and generates a pooled graph with updated feature and adjacency 
matrices. Next, the pooled graph is fed into a readout function to com-
bine all node representations and generate a single graph embedding as 
follows: 

𝑍𝑗 =
[

max
1≤𝑖≤𝑁 𝑙

𝑋𝑙
𝑖𝑗

]

∀𝑗 ∈ [0, 𝑑]; 𝑅𝑙 =

[

1
𝑁 𝑙

𝑁 𝑙
∑

𝑖=1
𝑥𝑙𝑖 || 𝑍

]

(14)

where 𝑍 ∈ ℝ𝑑 vector contains the maximum values of each feature di-
mension across all nodes 𝑁 𝑙 at layer 𝑙th, 𝑋𝑙

𝑖  is the feature vector of 𝑖th 
node, and || denotes concatenation. The readout 𝑅𝑙 ∈ ℝ2∗𝑑 concatenates 
the two (average and max) feature representations. Finally, this graph 
embedding is fed into a multi-layer perceptron classifier to make pre-
dictions. Algorithm 1 summarizes the proposed method.

3.8.  Complexity analysis

The computation complexity of our dominant set method is (𝑘 ∗
𝑡 ∗ 𝑛2), where 𝑘 is the number of clusters, 𝑛 is the number of nodes, and 
𝑡 is the number of iterations of the replication dynamics with 𝑡 << 𝑛
and 𝑘 depends on the unknown number of clusters in the graph. For 
space complexity, our method requires (𝑛2) to memorize the similarity 
matrix. If the graph is very large, we might use a function to compute 
the edge weight on the fly; hence, the space needed concerns the vector 
ℎ (Eq. (4)), which requires (𝑛).

4.  Experiments

This section reports the experimental details and evaluates the per-
formance of the DSMVPool. For experiments, we selected four diverse 
dataset categories: chemical molecules, biological networks, social net-
works, and computer vision. These datasets are benchmarks against 
which we compare DSMVPool with state-of-the-art competitors and 
baseline methods. Table 2 shows the details of the datasets. Addition-
ally, we conduct ablation studies to evaluate the contribution of each 
view in the DSMVPool. We also visualize the results of various pooling 
layers to see how baselines and the proposed pooling method reduce the 
nodes.

Table 2 
Characteristics and statistics of eight datasets.
 Classification  Datasets  #Graphs  #Nodes  Avg Nodes  Avg Edges  Classes
 Biological  Proteins  1113  43, 471  39.06  72.82  2

 D&D  1178  334,925  284.32  715.66  2
 Chemical  Mutagen  4337  131,488  30.32  30.77  2

 COX2  467  19,249  41.22  43.45  2
 BZR  405  14,478  35.75  38.36  2

 Social Networks  REDDIT-M-12K  11,929  4,669,129  391.41  456.89  11
 Github_starg  12,725  1,448,038  113.79  234.64  2
 IMDB-Binary  1000  19,770  19.77  96.53  2

 Computer Vision  MSRC_21  43,643  563  77.52  198.32  20

Algorithm 1 Dominant set multi-view graph pooling (DSMVPool).
Input: Graph 𝐺 = (𝑉 ,𝑋,𝑤), where 𝑉  is the set of nodes, 𝑋 is the node 
feature matrix, 𝑤 is the set of weights
Output: Pooled graph 𝐺′ with updated adjacency matrix 𝐴′ and fea-
ture matrix 𝑋′

1: Utilize 𝐴 and 𝑋 to calculate the local attention scores 𝐿 by Eq. (1)
2: Select the indices L𝑖𝑑𝑥 of top 𝑘 nodes based on local attention scores 
with pooling ratio 𝑝 and generate Glocal graph:
 L𝑖𝑑𝑥 = {𝑖 ∣ 𝐿𝑖 > 𝑝}
 Glocal ← L𝑖𝑑𝑥

3: Compute edge weights using the node features 𝑋 by Eq. (5)
4: Initialize the set of dominant clusters  = ∅
5: for each node 𝑣𝑖 ∈ 𝑉  do
6:  𝑖 ← Replicator Dynamics by Eqs. (2)–(4)
7:   ←  ∪ 𝑖
8: end for
9: Generate coarser graph using dominant set clusters

 Gcoarser ← 
10: Compute node feature importance scores by Eq. 8
11: Select the indices F𝑖𝑑𝑥 of top 𝑘 nodes based on feature scores with 

pooling ratio 𝑝 and generate Gfeatures graph:
 F𝑖𝑑𝑥 = {𝑖 ∣ 𝐹𝑖 > 𝑝}
 Gfeature ← F𝑖𝑑𝑥

12: Compute fused embeddings 𝐻𝑓𝑢𝑠𝑖𝑜𝑛1 and 𝐻𝑓𝑢𝑠𝑖𝑜𝑛2 by integrating 
𝐺𝑙𝑜𝑐𝑎𝑙, 𝐺𝑓𝑒𝑎𝑡𝑢𝑟𝑒, and 𝐺𝑐𝑜𝑎𝑟𝑠𝑒𝑟 by Eq. (9)

13: Aggregate fused embeddings to form the final node feature matrix 
𝑋′ by Eq. (12)

14: Construct the final adjacency matrix 𝐴′ of the pooled graph by Eq. 
(13)

15: Return the pooled graph 𝐺′ with 𝑋′ and 𝐴′

4.1.  Competitors and experimental settings

4.1.1.  Graph neural networks
We select four GNN architectures to conduct comparative experi-

ments: GCN [38], GAT [35] and GraphConv [39].

4.1.2.  Graph pooling methods
In this work, we compare our proposed DSMVPool method with 

a range of existing graph pooling approaches, including both global 
and hierarchical strategies. For global graph pooling, we evaluate Sort-
Pool [25] and Set2set [40], which are widely used methods for gen-
erating a graph-level representation by aggregating node features. We 
also include several advanced single-view pooling methods, such as Top-
kPool [19], which selects the most significant nodes based on their 
feature importance; SAGPool [9], which uses self-attention to evaluate 
node significance. Other single-view methods like DiffPool [14], Clique-
Pool [15],Quasi-CliquePool [16], MaxCutPool-E [32], and SPGNN [41] 
focus on clustering nodes based on their topological or feature sim-
ilarities, often with fixed cluster sizes or topological constraints.
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Fig. 2. Sensitivity analysis of DSMVPool across different pooling ratios (p = 0.5 to 0.9) on five representative datasets (COX2, D&D, MSRC, REDDIT-M-12K, and 
Mutagen). The results indicate that DSMVPool achieves optimal performance at p = 0.8 (with a 0.2% reduction in the number of nodes) for most datasets. Sparse 
chemical datasets (COX2 and Mutagen) show sharper performance degradation at p = 0.5 due to disrupted molecular structures, while denser datasets (D&D, MSRC, 
REDDIT-M-12K) remain relatively stable.

SpreadEdge [33] employs various forms of edge-based to enhance the 
representation learning process.

For multi-view graph pooling, we incorporate more complex meth-
ods that integrate multiple perspectives of graph structures. Much-
Pool [20], MPool [34], and and MAC [18] leverage multi-channel strate-
gies, using convolutional layers to combine different graph representa-
tions. Additionally, GK-A [21], and GPI [22] employ graph topology-
driven pooling strategies to enhance the graph representation by con-
sidering multiple views simultaneously. Finally, Wit-TopoPool [10] uti-
lizes a topology-aware pooling method that combines global and local 
structures to improve graph classification performance.

These baselines provide a comprehensive comparison against the 
DSMVPool method, which aims to better capture graph representations 
by integrating global and local topological views, as well as node feature 
information, through a fusion-view attention layer.

4.1.3.  Experimental settings
DSMVPool is implemented using the PyTorch framework and Py-

Torch Geometric library [42]. We used the provided node features to 
generate the edge weights for our dominant set cluster pooling method 
(see Section 3.3). To ensure a fair comparison, we follow numerous prior 
research studies [9,16,20], employing tenfold cross-validation to assess 
the performance of the models listed above and provide average accu-
racy and standard deviation. For all the competitors we used the same 
GCN backbone [39] as a message-passing function to fairly emphasize 
the contributions of each pooling method. We utilize the official source 
codes of all methods provided by the authors and tune hyperparame-
ters to reproduce the results according to the requirements in their pa-
pers. Hyperparameters are fine-tuned within specified ranges, such as 
embedding dimensions in the range of {64, 128, 256}, learning rate in 
the range of {0.01, 0.001, 0.0001}, batch size in the range of {32, 64, 
128, 256} and pooling ratio in the range {0.5, 0.6, 0.7, 0.8, 0.9}. We 
utilize the Adam optimizer to initialize our model and apply a negative 

log-likelihood loss function for training. We implement patience and an 
early stopping criterion, which stops the training process if the loss value 
of the validation set does not decrease for 50 consecutive epochs. 2

4.2.  Performance comparison

We evaluated our proposed DSMVPool method alongside various 
baseline methods on eight different datasets for the graph classifica-
tion task. The results, including accuracy and standard deviation, are 
presented in Tables 3 and 4. DSMVPool outperforms all baseline meth-
ods in the domains of social networks, chemical molecules, biological 
networks, and computer vision.

In the chemical molecular domain, for example, DSMVPool achieves 
a 1.28% improvement over the best baseline on the BZR dataset, 0.98% 
on COX2, and 1.06% on Mutagenicity. These improvements are par-
ticularly significant given that the chemical compound datasets have a 
lower average number of edges compared to others, as shown in Table 2. 
This sparsity in edge connections poses a challenge for pooling methods, 
but the fusion-view layer in DSMVPool captures both local and global 
graph structures effectively, enabling better information extraction from 
sparse graph topologies.

Furthermore, DSMVPool consistently surpasses GCN-based global 
pooling methods across all datasets. This highlights the method’s abil-
ity to generate robust graph representations, emphasizing the neces-
sity of integrating hierarchical pooling layers into the graph learning 
process. Notably, DSMVPool and other node cluster pooling methods, 
such as DiffPool, CliquePool, Quasi-CliquePool, and MPool, outperform 
traditional GNN models. On the other hand, methods like CliquePool 
and DiffPool do not always outperform simpler node selection pooling

2 We reproduced the accuracy numbers of all baseline pooling methods using 
the source codes provided by the authors. For reproducibility, the implementation 
of our DSMVPool and all baselines are available on this link
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Fig. 3. Graph visualization of different pooling approaches. The graphs show that DSMVPool preserves the graph’s original topological structures during the pooling 
operation.
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Table 3 
Comparison of DSMVPool and baselines on chemical and computer vision datasets. The highest score is in bold, and 
the second highest score is in underline (“-” datasets are missing in the original papers).
 Class  Methods  COX2  BZR  MUTAG.  MSRC.
 GNNs  GCN 78.16±0.85 80.01±2.39 78.18±2.58 84.04±6.40

 GAT 78.37±0.66 80.74±2.52 78.99±2.44 88.80±4.38
 GraphConv 80.01±4.43 82.12±2.89 79.18±3.13 88.66±3.47

 Global Pooling  SortPool 78.20±0.02 79.70±0.07 75.80±2.43 74.70±0.40
 Set2set 78.21±0.02 78.88±0.02 78.00±1.19 87.50±3.19

 Single-View Pooling  SAGPool 78.37±1.86 81.24±4.01 77.25±3.03 87.92±3.24
 DiffPool 77.60±2.70 78.90±0.40 71.80±0.15 83.30±0.51
 SPGNN − − 78.70±0.67 89.10±0.93
 CliquePool 78.37±1.86 82.17±2.25 78.47±1.62 88.72±1.14
 QuasiPool 80.15±2.13 82.21±2.58 79.53±1.58 88.15±2.28
 MaxCutPool-E 74.84±4.62 82.09±2.01 79.00±1.00 89.12±3.09
 SpreadEdge 79.10±2.31 81.19±2.22 76.00±4.00 −

 Multi-View Pooling  MAC 78.36±0.16 82.30±2.58 80.33±2.01 89.75±2.12 MuchPool 79.27±6.09 80.28±6.93 78.75±2.48 86.85±3.61
 MPool 78.10±0.10 78.70±0.11 79.60±3.70 87.52±0.54
 Wit-TopoPool 80.65±3.05 79.75±0.14 73.88±1.29 89.16±4.06
 GK-A − − 77.42±0.29 −
 GPIB 78.32±2.01 80.71±2.12 77.91±2.21 −

 Proposed  DSMVPool Gain 81.13±2.96 +0.98 83.58±2.75 +1.28 81.39±1.98 +1.06 90.89±2.5 +1.14

Table 4 
Comparison of DSMVPool and baselines on Biological and social networks datasets. The highest score is in bold, and the second highest score 
is in underline (OOR referred to as out-of-resources and “-” referred datasets are missing in the original papers).
 Class  Methods  RED-M  Github-S  IMDB-B  D&D  PROT.
 GNNs  GCN 23.84±1.92 60.30±3.34 60.10±5.34 75.13±4.14 73.77±5.59

 GAT 21.73±1.03 60.87±2.14 52.00±2.12 76.91±2.68 75.30±5.23
 GraphConv 37.53±2.34 62.31±2.33 70.12±2.78 76.57±3.98 74.04±5.07

 Global Pooling  SortPool 42.50±0.03 61.91±2.24 39.21±1.90 67.47±6.23 74.66±5.08
 Set2set 41.50±0.06 62.01±2.19 70.00±4.50 72.30±3.95 71.12±5.09

 Single View Pooling  SAGPool 36.79±3.53 63.87±2.03 70.65±3.36 72.49±2.87 73.50±4.56
 DiffPool  OOR  OOR 68.40±0.51 74.31±2.15 77.62±4.97
 SPGNN 36.11±2.13 64.10±2.44 72.77±0.32 79.16±0.58 76.00±0.53
 CliquePool 36.11±2.13 63.56±2.54 70.00±3.71 74.81±3.87 73.56±2.86
 QuasiPool 38.21±2.43 64.45±2.76 70.30±1.45 75.30±3.30 75.68±1.38
 MaxCutPool-E 39.21±1.90 64.76±2.01 70.01±2.90 77.00±3.00 74.00±4.00
 SpreadEdge − − 71.80±1.50 76.10±3.50 75.10±3.10

 2cmMulti View Pooling  MAC 42.67±2.23 66.76±2.54 57.20±0.92 79.13±4.70 76.08±3.55
 MuchPool  OOR  OOR 65.10±6.65 76.48±7.01 78.52±3.89
 MPool  OOR  OOR 71.02±3.57 80.20±2.10 79.30±3.30 Wit-TopoPool 33.87±1.01 67.11±2.13 71.15±2.06 71.30±0.37 75.88±5.60
 GA-A 38.32±0.15 − 72.45±0.28 78.65±0.27 75.18±0.31
 GAIB − − 71.25±2.12 78.89±0.62 76.37±0.59

 Proposed  DSMVPool Gain 44.61±2.15 +1.94 68.86±2.35 +1.75 72.89±2.98 +0.12 80.91±2.14 +0.71 79.84±2.53 +0.54

methods, such as SAGPool and TopkPool, underscoring the importance 
of combining both local and global information for effective graph clas-
sification.

When comparing with multi-view graph pooling baselines, such as 
MuchPool [20], MPoo [34], and Wit-TopoPool [10], DSMVPool demon-
strates superior performance across all datasets. Particularly, MuchPool 
and MPool leverage multi-channel and motif-based pooling strategies, 
yet DSMVPool still outperforms these methods, achieving significant im-
provements. Notably, Wit-TopoPool, which incorporates topological in-
formation into the pooling process, performs well but does not match 
the performance of DSMVPool.

In addition, DSMVPool also outperforms two state-of-the-art multi-
view graph pooling methods: GK-A [21] and GPIB [22]. GK-A uses graph 
kernels to capture high-order node relationships, while GPIB focuses 
on propagating node importance via graph-based importance propaga-
tion. While both methods are effective at integrating different graph 
views, they do not achieve the same level of performance as DSMVPool,

particularly in handling the complexity of graph structures across vari-
ous domains.

These results highlight DSMVPool’s effectiveness in integrating 
multi-view information, combining global and local topological prop-
erties with node feature data through its innovative fusion-view atten-
tion mechanism. DSMVPool significantly enhances graph representa-
tions across various datasets. This is evidenced by a 1.14% improve-
ment in a computer vision dataset such as MSRC21. Even on the IMDB-
Binary dataset, which has fewer nodes and graphs, DSMVPool achieves 
a modest 0.12% increase. Notably, when evaluated on large-scale 
datasets such as REDDIT-MULTI-12k and Github_starg, which represent 
real-world social network data with thousands of nodes and graphs, 
DSMVPool outperforms the baselines, showing an impressive 1.14% im-
provement on REDDIT-MULTI-12k and 1.75% on Github_starg. This fur-
ther underscores the robustness of DSMVPool, particularly in the social 
network domain, where the complexity of relationships between nodes 
presents a significant challenge for graph pooling methods.
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Table 5 
Effect of different graph pooling views in DSMVPool.
 Architecture  MUTAGEN  PROTEINS  BZR  IMDB-B  MSRC_21
DSMVPoolNLV  79.82 ± 2.63  78.65 ± 2.51  79.02 ± 1.16  70.80 ± 4.41  88.47 ± 4.24
DSMVPoolNGV  78.47 ± 2.97  76.56 ± 2.79  80.00 ± 5.48  71.00 ± 4.08  87.93 ± 3.51
DSMVPoolNFV  80.61 ± 1.70  78.21 ± 2.70  78.77 ± 1.59  71.70 ± 3.03  87.75 ± 5.03
DSMVPoolNFAL  81.01 ± 1.40  78.87 ± 2.40  81.23 ± 2.79  71.98 ± 3.03  89.80 ± 5.12
 DSMVPool  81.39 ± 2.01  79.84 ± 2.53  83.58 ±3.15  72.10 ± 3.40  90.89 ± 2.5

These results indicate that DSMVPool consistently outperforms the 
baseline pooling approaches across eight distinct benchmarks. Notably, 
it also improves performance on datasets with fewer nodes, demonstrat-
ing the effectiveness of integrating both local and global graph features.

4.3.  Ablation study

This section presents an ablation study on DSMVPool to better un-
derstand the contributions of its various components, particularly the 
fusion-view attention layer and three pooling views. We introduce 
several variations of DSMVPool by removing different views and the 
fusion mechanism, and evaluate their impact on performance across 
different graph datasets. For convenience, we name the DSMVPool 
method without the local, global, feature, and fusion-view attention layer
as DSMVPoolNLV, DSMVPoolNGV, DSMVPoolNFV, and DSMVPoolNFAL, re-
spectively.

We perform experiments on five different-scale graph datasets, rang-
ing from small graphs to large graphs, to observe how each varia-
tion affects performance. The results presented in Table 5 highlight the 
considerable impact of our dominant set-based clustering pooling and 
fusion-view attention layer, particularly within the domains of chemical 
molecules, biological and computer vision graphs, since capturing the 
global structure with local or node features is especially useful for the 
classifier to distinguish the graphs.

Notably, when DSMVPool is evaluated without the fusion-view at-
tention layer (DSMVPoolNFAL), the performance drops by 1.0% and 
2.0%, particularly on datasets with complex structures like Proteins, 
MSRC_21 and BZR, respectively. The fusion layer is critical for integrat-
ing local, global, and feature-based information, allowing the model 
to more effectively represent graphs for classification tasks. Further-
more, it can be observed that DSMVPoolNLV outperforms DSMVPoolNFV
in datasets characterized by sparse graph structures, such as those in-
volving chemical molecules, because the local topology pooling opera-
tion may generate isolated nodes, which could adversely affect message 
passing in subsequent network layers.

Overall, DSMVPool effectively learns both the local and global topo-
logical information of the graph, integrating node features and utilizing 
a fusion-view attention layer to select and combine information from 
the most relevant nodes, thereby generating robust graph representa-
tions that significantly improve performance in classification tasks.

4.4.  Sensitivity analysis of pooling ratio

We conducted a sensitivity analysis of the pooling ratio parameter 
in DSMVPool to assess its impact on model performance across various 
datasets. The pooling ratio determines the fraction of nodes retained 
during the pooling operation, and the results of this analysis are illus-
trated in Fig. 2.

In general, DSMVPool integrates contextual information from lo-
cal, global, and feature-based perspectives, making it more resilient to 
changes in the pooling ratio. Even with a pooling ratio as low as 0.5, 
DSMVPool consistently achieves promising performance across most 
datasets. However, the effect of the high pooling ratio is more pro-
nounced in certain domains, particularly for chemical-based datasets 
like COX2 and Mutagen, which are relatively sparse in terms of node 
connections. The structure of these graphs, which resemble molecular 

configurations such as benzene rings and carbon chains, relies on main-
taining key topological relationships. When many nodes are removed, 
the graph’s structure is disrupted, leading to a drop in accuracy.

On the other hand, D&D, MSRC, and REDDIT-M-12K, which feature 
denser graphs, show a less drastic performance decline when the pooling 
ratio is reduced. These datasets are less sensitive to the removal of nodes, 
as their more connected structures can still retain essential information 
even at lower pooling ratios.

Despite these challenges, DSMVPool’s ability to combine local, 
global, and feature-based graph representations ensures that, even with 
a 0.5 pooling ratio, the model retains a substantial amount of relevant 
information. This multi-view approach helps the model maintain strong 
performance across different graph types, making DSMVPool robust to 
variations in the pooling ratio and adaptable to a wide range of graph 
structures.

4.5.  Graph visualization

To further demonstrate how DSMVPool outperforms baselines, we 
use networkx3 to visualize the pooling outcomes of the proposed ap-
proach and three other pooling methods: MuchPool, SAGPool, and 
CliquePool (see Fig. 3). For a fair comparison, we make a three-layer 
hierarchical pooling architecture and set a 0.7 pooling ratio. We select 
a random graph from the Mutagenicity dataset containing 35 nodes. The 
first pooling layer of all methods shows that the DSMVPool, CliquePool, 
and MuchPool largely preserved the significant topological structure 
of the original graph, including ring and branch structures. However, 
the SAGPool contains several isolated nodes. The findings from the sec-
ond and third pooling layers demonstrate that SAGPool, CliquePool, and 
MuchPool struggle to generate pooled graphs with appropriate topolog-
ical structures.

Meanwhile, the second and third layers of our DSMVPool generate 
the pooled graph with reasonable topological structures, including dual 
ring structures in the original graph. We can see the effectiveness of 
DSMVPool since ring structures are crucial in characterizing molecules. 
The visualization findings align with the results in Tables 3 and 4.

4.6.  Limitations

The proposed DSMVPool effectively captures the graph’s local and 
global characteristics with node features and integrates them to generate 
a more robust pooled graph. However, the fundamental dominant set 
approach relies on solving a quadratic optimization problem through 
replication dynamics, which does not allow direct gradient propagation. 
As a result, it is challenging to integrate DSMVPool into an end-to-end 
trainable framework.

5.  Conclusion

This study developed a novel Dominant Set Multi-View Pooling ap-
proach for hierarchical graph representation learning. We developed 
a dominant set cluster pooling method to identify all potential clus-
ters using edge weights, generating a coarser graph view. Furthermore, 
we generated two pooled graph views by selecting the most significant 
nodes based on the graph’s local topological structures and node fea-
tures importance. Next, we developed an attention-based fusion-view 
layer to fuse the coarser graph with the pooled graphs and perform 
aggregation to form the final pooled graph. We evaluated the perfor-
mance of DSMVPool on ten graph-classification datasets, including four 
distinct domains. Our method outperforms baselines and competitors 
on eight datasets and achieves comparable results on the other two. The 
DSMVPool is not an end-to-end since the dominant set approach is not 
differentiable.

In the future, we aim to address the non-differentiability of the dom-
inant set approach, which currently limits the end-to-end training of our 
model. One potential direction is to explore differentiable alternatives to 
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the dominant set algorithm or to design approximations that could allow 
us to integrate the DSMVPool into a fully differentiable graph learn-
ing framework. Furthermore, we plan to extend DSMVPool to handle 
larger, more complex graphs with varying node and edge types, making 
it applicable to a broader range of domains, such as analyzing protein 
structures for drug discovery. Specifically, we will focus on enhancing 
the ability of DSMVPool to model protein-ligand interactions, improv-
ing predictions for drug-target binding affinities, and identifying key 
structural features critical for drug design. Additionally, we intend to 
investigate how DSMVPool can be adapted to dynamic graphs, where 
the graph structure evolves over time, as seen in applications like social 
network analysis and real-time recommendation systems.
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