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Abstract

In this paper, we develop a novel local graph pooling method,
namely the Separated Subgraph-based Hierarchical Pooling
(SSHPool), for graph classification. We commence by assign-
ing the nodes of a sample graph into different clusters, re-
sulting in a family of separated subgraphs. We individually
employ the local graph convolution units as the local struc-
ture to further compress each subgraph into a coarsened node,
transforming the original graph into a coarsened graph. Since
these subgraphs are separated by different clusters and the
structural information cannot be propagated between them,
the local convolution operation can significantly avoid the
over-smoothing problem caused by message passing through
edges in most existing Graph Neural Networks (GNNs). By
hierarchically performing the proposed procedures on the re-
sulting coarsened graph, the proposed SSHPool can effec-
tively extract the hierarchical global features of the original
graph structure, encapsulating rich intrinsic structural charac-
teristics. Furthermore, we develop an end-to-end GNN frame-
work associated with the SSHPool module for graph classifi-
cation. Experimental results demonstrate the superior perfor-
mance of the proposed model on real-world datasets.

Code — https://github.com/JonathanGXu/SSHPool
Extended Version — https://arxiv.org/abs/2403.16133

Introduction

In recent years, deep learning methods such as the Convolu-
tional Neural Network (CNN) have experienced a rapid de-
veloping process. Many effective CNN-based models have
been applied to multiple research fields, including image
segmentation (Wang et al. 2020), image classification (Bho-
janapalli et al. 2021), natural language processing (Sun et al.
2020), etc. The great success of the CNN encourages re-
searchers to further explore employing it on graph structure
data (Guo et al. 2021), which usually has a complex structure
and is a typical instance of irregular data in non-Euclidean
space. Unlike the regular data such as images and vectors,
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the graph data requires more effective models, that can not
only analyze the attributes of the elements in the graph struc-
ture but also figure out the structural relationships between
the elements. Thus, it is difficult to directly employ the tra-
ditional CNNs for analyzing the graph data.

Literature Review

To effectively deal with the graph data, some researchers
have tried to enhance the ability of CNN models for irreg-
ular grid structures of graphs. Meanwhile, the Graph Neu-
ral Networks (GNNs) (Wu et al. 2020) are proposed to ac-
complish graph-based tasks. By integrating the CNN and
the GNN methods together, the Graph Convolutional Net-
work (GCN) (Kipf and Welling 2016) has been rapidly de-
veloped, and its related approaches (Hamilton, Ying, and
Leskovec 2017; Zhang et al. 2018b) have achieved outstand-
ing performance in capturing the effective features of the
graph data. For example, the Deep Graph Convolution Neu-
ral Network (DGCNN) (Zhang et al. 2018b) has leveraged
the graph convolution layers with the SortPooling module to
learn semantic characteristics. Based on the DGCNN mod-
els, some researchers further explore its application for dif-
ferent downstream tasks (Wang and Solomon 2021; Zhang
et al. 2023; Song et al. 2018). These GNN-based models
provide powerful tools for graph data analysis. However,
when facing the graph representation learning task, there are
usually additional requirements for these aforementioned
models, i.e., they need to abstract features from original
graphs with less redundant information (Bianchi, Grattarola,
and Alippi 2020). To this end, the downsampled filtering
method, namely the graph pooling operation, is highlighted.

Similar to the traditional pooling operation defined for the
CNN models, the graph pooling operation proposed for the
GNN models plays an important role in the sampling pro-
cess. The main purpose of the graph pooling is to downsize
the graph structure and make the representation learning ef-
ficient (Wu et al. 2021). For existing works, the hierarchical
scheme (Bai, Cui, and Hancock 2022) in the GNN models
has significantly affected the definitions of novel graph pool-
ing operations, and the researchers have focused more on the
enhancement of the GNN models associated with the idea



of hierarchical pooling (Ying et al. 2018; Ranjan, Sanyal,
and Talukdar 2020; Sun et al. 2021; Duan et al. 2022; Liu
et al. 2022). Specifically, for the multi-layer framework of
the GNN models, the original input graph can be gradually
compressed into a family of coarsened graphs with shrink-
ing sizes, so that the global feature of the original graph can
be obtained through the coarsened graphs. According to the
arrangement of nodes involved in the node assignment, there
are two specific types of pooling methods for graphs, namely
global pooling and local pooling.

Generally speaking, the global pooling is a common
methodology in the pooling operation (Zhang et al. 2018a;
Islam et al. 2021). Global operations, such as the summing
pooling and the averaging pooling, can directly compute
the global representation of a graph by simply summing
up or averaging all the node representations over the whole
graph (Xu et al. 2018). However, since the global pooling
neglects the feature distribution associated with different
nodes, it cannot identify the structural differences between
the nodes. To overcome the shortcoming, the local pooling
that focuses more on the features of local nodes is devel-
oped. With this strategy, a number of local pooling opera-
tions, namely the hierarchical pooling operations, based on
hierarchical structures are developed. One typical approach
of them is the DiffPool (Ying et al. 2018). The core idea is
to learn the layer-wise node assignment matrices, that assign
the nodes to different clusters and then hierarchically aggre-
gate the graph of the current layer into a coarsened graph
for the next layer, by compressing the nodes belonging to
the same cluster into a new coarsened node. However, the
associated node assignment matrix is computed based on
the soft assignment procedure, i.e., each node may be simul-
taneously assigned to multiple clusters associated with dif-
ferent probabilities. For the DiffPool, the receptive field of
each local patch (i.e., the cluster) may influence that of other
patches. Moreover, the coarsened node representation of the
DiffPool is computed by directly summing up the node rep-
resentations belonging to the same cluster, the DiffPool fails
to identify the differences between different nodes.

Although the above hierarchical pooling methods have
improved the performance of the GNN models, they still
suffer from some problems when the graph is aggregated
into a coarsened one. Specifically, we summarize the chal-
lenges arising in the existing methods as follows. (a) Over-
smoothing (Keriven 2022). The node representation of each
layer relies on the information propagation between neigh-
bor nodes over the global coarsened graph structure. Thus,
either the original nodes or the coarsened nodes can continu-
ously propagate their information to all other nodes through
the edges after multiple layers. As a result, the represen-
tations of different nodes tend to be similar to or indistin-
guishable from each other. This phenomenon is the so-called
notorious over-smoothing problem (Mesquita, Souza, and
Kaski 2020), seriously influencing the performance of the
GNN models. (b) Degradation. This issue arises in the con-
text of the hierarchical pooling within GNNs, which adheres
to deep learning architectures. When the GNN model asso-
ciated with the pooling layers increases in depth, the degra-
dation becomes a significant challenge, influencing the per-
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formance of the GNN model.

Contributions

The aim of our work is to overcome the aforementioned
shortcomings by proposing a new pooling method, that fo-
cuses more on extracting local features from the specific
separated subgraphs. One key innovation of the new pool-
ing method is that we hierarchically decompose the original
graph structure into the separated subgraphs, and extract the
structural information from each individual subgraph. This
scheme can in turn isolate the structural information be-
tween different subgraph structures, naturally providing an
elegant way to reduce the over-smoothing problem. Overall,
the main contributions of this work are threefold.

First, we propose a novel local graph pooling method,
namely the Separated Subgraph-based Hierarchical Pool-
ing (SSHPool), to learn effective graph representations. We
commence by assigning the nodes of each graph into dif-
ferent clusters, and this process results in a family of sepa-
rated subgraphs where each subgraph consists of the nodes
belonging to the same cluster and retains the edge connec-
tion between these nodes from the original graph. With these
separated graphs to hand, we individually employ several lo-
cal graph convolution units to compress each subgraph into
a coarsened node, further transforming the original graph
into a coarsened graph. Since each local convolution unit
is restricted in each subgraph and the node information can-
not be propagated between different subgraphs, our pool-
ing method can significantly reduce the over-smoothing and
provide discriminative coarsened node representations for
the resulting coarsened graphs. Furthermore, by hierarchi-
cally performing the proposed procedures on the resulting
coarsened graph, the proposed SSHPool effectively extracts
the hierarchical global feature of the original graph structure,
encapsulating rich intrinsic structural characteristics.

Second, we develop an end-to-end GNN-based frame-
work associated with the proposed SSHPool module for
graph classification. Since the proposed SSHPool consists of
hierarchical substructure sets, there are multiple layer-wise
stacked local convolution unit sets associated with the hi-
erarchical substructures, i.e., the SSHPool module may be
deeper. To overcome the possible degradation problem that
may be caused by the deeper hierarchical structures, we pro-
pose a graph attention layer for the proposed GNN-based
model to accomplish the interaction between the global fea-
tures extracted from the SSHPool and the initial embeddings
from the original graph, further improving the effectiveness
of the proposed GNN-based model.

Third, we empirically evaluate the classification perfor-
mance of our GNN model associated with the proposed
SSHPool module. Experimental results on standard graph
datasets demonstrate the effectiveness.

Related Works
The Graph Neural Networks

GNNs have been widely employed for various graph-based
applications (Liu et al. 2021; Cui et al. 2021; Zhou, Ku-
tyniok, and Ribeiro 2022; Sun et al. 2022; Bai et al. 2024b,



2025). In these instances, the input data is represented as a
graph structure (Bai et al. 2024a), and the GNN aims to learn
effective representations (Bai et al. 2021) that can better de-
scribe the structural characteristics of graphs. With these
graph representations, the downstream classifier can be em-
ployed to predict their corresponding labels.

Inspired by the traditional CNNs, the GNN methods have
rapidly evolved and further formed the so-called Graph
Convolution Networks (GCNs) for graph structures. For
instance, the GCN model proposed by Kipf and Welling
(2016) implements the GNN model by combining the fol-
lowing layer-wise propagation scheme, i.e.,

HUY = ReLU(D~ 2 AD 2 HOW "), (1
where H() € R™*? is the hidden embedding matrix from
the [ layer, W! € R9X9 is the trainable matrix for the [
layer, A = A + [ is the adjacency matrix associated with
the self loop, D = > j /Lj is the corresponding degree ma-

trix associated with fl, and HUFD is the embedding matrix
extracted for the next layer [ + 1 of the GNN model. Note
that, H ©) corresponds to the node feature matrix X, i.e., the
H©) = X is the original graph feature representation. Eq. 1
indicates that each module layer of the GNN model adopts
the structural message propagation function to accomplish
the representation learning. Unlike the traditional GNNSs, the
GCN is able to extract and aggregate the graph structure in-
formation within the neighborhood rooted at a node. With
the increasing layers, the GCN can gradually encapsulate the
high-order neighborhood information into the consideration.

The Pooling Approaches

As a kind of information filtering and downsizing method,
the pooling operations are widely used in the traditional
CNNs. Compared to the large number of pooling strategies
for the traditional CNNs, the amount of graph pooling meth-
ods is fewer. Generally speaking, there are two specific types
of pooling methods for graphs, namely the global pooling
and the local pooling. Specifically, the global pooling ap-
proaches tend to employ some simple operations to directly
compute the global representations of graphs, such as sum-
ming up or averaging all the node representations over the
whole graph (Xu et al. 2018). Since the simple summing
or averaging operation cannot identify the feature distribu-
tion of different nodes, the global pooling approaches usu-
ally have poor performance.

On the other hand, the local pooling approaches tend
to gradually form a family coarsening graph with shrink-
ing sizes to extract global features of graph structures, they
can thus reflect rich local intrinsic structural information.
As a typical instance of local pooling methods, the Diff-
Pool (Ying et al. 2018) operation is proposed to learn hier-
archical graph representations. Specifically, given the input
graph adjacent matrix A®) € R™*™ and the node embed-
ding matrix X () € R™*? for the layer [, the DiffPool layer
coarsens the input graph as

(AHD X H+D) = DiffPool, (AD, X V), (2)
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where A1) and X (+1) are the corresponding adjacency
matrix and the node embedding matrix of the resulting
coarsened graph for the next layer [ + 1, and DiffPool;(-)
is the pooling function in the layer . Since the DiffPool
method can hierarchically learn node assignment matri-
ces that assign the nodes to different clusters, this pooling
method can aggregate the graph of the current layer into a
coarsened graph for the next layer by compressing the orig-
inal nodes (i.e., X (l)) belong to the same cluster into new
coarsened nodes (i.e., X(l“)). Thus, the node number 14
of X (+1) is lower than that n; of X,

Based on the basic hierarchical scheme of the DiffPool
method, a number of extended hierarchical pooling methods
have been developed by redesigning the assignment proce-
dure or the coarsening procedure (Lee, Lee, and Kang 2019;
Ranjan, Sanyal, and Talukdar 2020; Liu et al. 2022; Ye et al.
2023; Wu et al. 2022; Zhong, Li, and Pang 2022). Specifi-
cally, these hierarchical pooling methods could be divided
into the following categories, by considering whether the
pooling operation needs to reserve all nodes.

(a) Hierarchical pooling with partial nodes. One typ-
ical idea is the Adaptive Structure Aware Pooling (AS-
APool) (Ranjan, Sanyal, and Talukdar 2020). After the as-
signment process, the ASAPool scores the different clusters
in the graph. The top scored clusters will be selected and
compressed into coarsened nodes. The other clusters which
are considered as the redundant information are abandoned.
As a result, the ASAPool operation relies on the partial
nodes. Similar approaches also include the Subgraph Neu-
ral Network with the Reinforcement Pooling (SUGAR) (Sun
et al. 2021) that samples the subgraphs from the original
graph, and adopts the top k strategies to select the necessary
subgraphs, dropping partial nodes during the pooling pro-
cess. (b) Hierarchical pooling with all nodes. One typical
example is the attention-based differentiable pooling (AB-
DPool) (Liu et al. 2022). Unlike the ASAPool, it tends to
obtain the structural information from all node clusters.

Remarks. In summary, the pooling operation with par-
tial nodes focuses on capturing the structural information
from the key targets (e.g. node clusters, subgraphs), while
the pooling operation with all nodes tends to encapsulate the
structural information over the whole graph structure. Al-
though these pooling methods significantly improve the ex-
isting GNN models, most existing hierarchical pooling still
suffer from two drawbacks, that is the over-smoothing prob-
lem as well as the degradation problem. The first problem
is due to the fact that the node representation of each hi-
erarchical layer relies on the information propagation be-
tween neighbor nodes. The information of each node will be
propagated to all other nodes through the paths between the
nodes after multiple layers, resulting in similar or indistinc-
tive node representations for all nodes. The second problem
is due to the fact that these hierarchical pooling operations
are usually associated with GNNs that typically have deep
computational architectures, significantly resulting in degra-
dation. Both problems limit the GNNs’ performance.



The Methodology

To overcome the theoretical drawbacks of the existing hi-
erarchical pooling approaches, in this section, we propose
a novel Separated Subgraph-based Hierarchical Pooling
(SSHPool) to learn effective graph representations. Simi-
lar to the other hierarchical pooling methods, our proposed
approach can be applied to the GNN models. We first give
the definition of the proposed SSHPool. Moreover, we de-
velop an end-to-end GNN-based framework associated with
the proposed SSHPool module for graph classification. Fi-
nally, we analyze the theoretical properties of the proposed
SSHPool.

Definitions of the Proposed SSHPool
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Figure 1: The computational architecture for SSHPool of
each layer. The first step is the assignment where input graph
is decomposed into multiple separated subgraphs. Then, the
second one is the coarsening process where the subgraphs
are compressed into the nodes of the coarsened graph.

In this subsection, we propose a novel pooling method
SSHPool, that is defined based on hierarchical separated
subgraphs to reduce the over-smoothing problem arising in
most existing hierarchical pooling methods. The overview
of our proposed SSHPool for each computational layer is
shown in Figure 1, and the computational architecture of the
proposed SSHPool for each layer mainly consists of two
steps. First, given an input graph, the nodes are adaptively
assigned into different clusters represented by different col-
ors. This process in turn generates a family of separated sub-
graphs, where each subgraph consists of the nodes belonging
to the same cluster and retains the edge connection between
these nodes from the original graph. Second, to extract the
local structural information of each subgraph, we individu-
ally employ several Local Graph Convolution (LG Conv.)
units to propagate the node information between each in-
dividual subgraph and then aggregate the subgraph into a
coarsened node. Note that, the parameters for the local con-
volution operations of different subgraphs are not shared.
Since each local convolution unit is restricted in each sub-
graph and the node information cannot be propagated be-
tween different subgraphs, it significantly reduces the over-
smoothing problem and provides discriminative coarsened
node representations for the resulting coarsened graphs, i.e.,
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the input graph for the next layer of SSHPool. By stack-
ing the above computational steps (i.e., the coarsened graph
will be employed as the new input graph for the next layer),
the proposed SSHPool can hierarchically extract the intrin-
sic graph characteristics. Below, we give the detailed defini-
tions for the proposed SSHPool of each layer.

The Assignment and the Local Graph Convolution.
For each layer [ of the proposed SSHPool, assume the input
graph is denoted as G) = (V)| E®) and has n; nodes in
VO (e.,ng = |[VO|). Note that, G can be either the in-
put graph embedded from the global convolution (for [ = 1)
or the coarsened graph from the last layer [ — 1 of the SSH-
Pool (for I > 2). The first step of the SSHPool is to de-
compose G'*) into a family of 7, ; separated subgraphs, by
assigning the n; nodes of G(*) into n;,; clusters through
a node assignment matrix. And we define the assignment
ratio as a = ”’—*ll Unlike the classical hierarchical-based
DiffPool (Ying et al. 2018), the proposed SSHPool is based
on the hard assignment matrix, i.e., each node cannot be
assigned to multiple clusters. In fact, the hard assignment
matrix can be computed through the soft one. Specifically,
given the node embedding matrix X () € R™*4 of G, the

soft assignment matrix Sg))ft is defined as

Ss(é)ft = softmax

3)

where Sﬁé)ft € R™>™+1 (n;4q < ny), and softmax(-) is the
softmax classifier. With S to hand, the (4, 7)-th entry of

soft
the hard assignment matrix S() € {0,1}™ %™+ satisfies

1if Ssoft(ivj) = max [Ssoft (Za :)];
$0G, ) =

(x®),

Vi€Eni1

“4)

0 otherwise.

Clearly, each i-th row of the hard assignment matrix S(*) se-
lects the maximum element as 1 and the remaining elements
as 0, i.e., the ¢-th node is only assigned to the j-th cluster.
With S, we can decompose the input graph G into n;

separated subgraphs, and each j*" subgraph is denoted as

G;l) = (V;(l), E](-l)), where the node set Vj(l) consists of the
nodes belong to the j-th cluster and the edge set Ej(-l) re-

mains the original edge connections between nodes in Vj(l).

. . . ©)
With the associated node feature matrix X J(l) c RIV: Ixd

©) O]
V5 x|V

and the adjacent matrix A;l) eR of each j-th

separated subgraph Gy) to hand, we propose a local graph
convolution unit to extract the local structural information as

z{ = AVxPw", 5)

) A;l) +1, Wj(l) € R¥* is the trainable weight

J
matrix of layer /, and Zj(-l) e RV 1% s the resulting local

where A

structural representation of G;l).

The Coarsened Graph Generation. After several indi-
vidual local graph convolution operations on the separated
subgraphs within the same layer of the proposed SSHPool,



we aggregate the local information of different subgraphs to
further generate a coarsened graph, as the input graph G(+1)
for the next layer of the proposed SSHPool. To this end,
we collect the embedding local structural matrices of all the
subgraphs, and compress each subgraph into the coarsened
node.

In order to map the subgraphs to the coarsened graph

®

nodes, we deﬁne a mapping vector s to compress each

subgraph el ; into a coarsened node, and 5 = SO, 4]

where we split the hard assignment matrix 1nt0 vector. And

O]
5; l
that, sg ) is a vector with the empty nodes which are not in

the j-th subgraph. So we transfer s into 5" where the
empty nodes are removed and the rest of the nodes remain in
order. With the hard assignment matrix S() defined by Eq. 4

and the mapping vector s( ) of each G; 1 to hand, the node

represents the nodes belonging to j-th subgraph. Note

feature matrix X (+1) ¢ R”Hlx‘i and the adjacency ma-
trix AUHD) € R™+1X741 of the resulting coarsened graph
GU+D are defined as follows, i.e.,

H 50

S” TAOM
0T ZVs.

where || is a concatenation operation of § ]

The Global Feature Generation. The above definitions
give the computational procedures of the proposed SSHPool
for each layer [. By hierarchically stacking the computa-
tional procedures with multiple layers, the initial graph G(©),
the proposed SSHPool can hierarchically extract the final
global feature X for G(©) in the last layer L (I < L). Specif-
ically, given the initial input graph G°) associated with its
node feature matrix X (°) and the adjacent matrix A(?), the
whole process of the proposed SSHPool can be generalized
as

x U+ — Z(l (6)

A (1+1) _ (7)

X = SSHPool (X, A©; @g), (8)
where SSHPool () is the proposed SSHPool function with
L layers, and © g represents the parameter set of SSHPool.

The GNN Framework associated with the
Proposed SSHPool

Based on the proposed SSHPool method, we develop an
end-to-end GNN framework for graph classification. The
computational architecture of our GNN framework is shown
in Figure 2, and has three main computational steps. First,
for each original input graph, we commence by perform-
ing a standard global graph convolution operation (Zhang
et al. 2018b) to generate the initial node feature matrix as
the graph embedding. Second, with the graph embedding
of each original graph to hand, we perform the proposed
SSHPool to further extract the global hierarchical structural
feature through multiple sets of layer-wise hierarchical sep-
arated subgraphs. Third, to overcome the possible degra-
dation problem caused by the multiple hierarchical struc-
ture of the proposed SSHPool, we introduce an attention-
based layer to further integrate the graph embedding and the

27409

global feature from the first and second steps, and the inte-
grated graph feature is employed by the following MLP for
classification. Below, we give the detailed definition of our
attention-based layer.

The Graph Attention Layer. After the hierarchical pool-
ing process of the SSHPool operation, the original graph fea-
ture has been transformed into the global feature in a hierar-
chical structure. Since there are multiple layer-wise stacked
local convolution unit sets associated with the hierarchical
substructures of the proposed SSHPool (i.e., the SSHPool
module may be deeper), this results in possible degradation
problems. To resolve this problem, we propose a graph at-
tention layer to further integrate the initial graph embedding
extracted from the global graph convolution operation and
the global feature extracted from the proposed SSHPool.
Given the global feature X defined by Eq. 8 and the graph
embedding X (9) from the global convolution operation, the
function of the attention-based mechanism is able to rein-
force the key graph feature and learn the cross-information,
and attention calculation is defined as

A = Attention(X ) X)
XW)(XOW) T
Vd

where Wy, W,, W, € R%*? are the corresponding parame-
ter matrices, and A is the attention value. With the graph at-
tention layer to hand, the proposed SSHPool can also encap-
sulate the initial graph embedding from the original graph
structure input to our GNN framework, so that the param-
eters related to the input graph maintain their values and
avoid the gradient vanishing caused by the degradation. Fi-
nally, we adopt the MLP as the classifier. Given the attention
matrix 4 defined by Eq. 9 and the label set ), our GNN
framework model computes the predicted graph labels as
Pr = MLP(A), where Pr = [p1, P2, ... Py|]” encapsu-
lates the probabilities whose amount is |)/|, and MLP(+) is
the active function of the MLP. And we adopt the cross en-
tropy as the loss function in our training process.

)

= softmax ( ) (X(O)Wv)a

Discussions of the Proposed SSHPool

Compared to the aforementioned hierarchical-based graph
pooling methods in Introduction and Related Works, the pro-
posed SSHPool has some important properties, explaining
the effectiveness. First, as we have stated in the Introduc-
tion and the Methodology, unlike the classical hierarchical-
based DiffPool, ABDPool, ASAPool, the proposed SSH-
Pool is defined on the separated subgraphs, where there is no
connection between the substructures. Thus, the proposed
local graph convolution operation can only propagate the
node structure information in each individual node cluster,
i.e., the node information cannot be propagated between the
nodes from different subgraphs. This can significantly re-
duce the over-smoothing problem and provide more discrim-
inative structural characteristics for graphs. Since the pro-
posed SSHPool focuses more on separated substructures, the
resulting global graph features can encapsulate rich intrin-
sic structural information. Second, to overcome the possible



Graph Embedding

Graph
Global | SSHPool —— Attention ——— MLP ——Graph Label
Convolution Layer
Graph Global
Embedding Feature

Original Graph

Figure 2: The computational architecture of our GNN framework.

degradation problem that may be caused by the multiple lay-
ers of the proposed SSHPool, we also propose an attention
layer for our GNN framework associated with the proposed
SSHPool to simultaneously capture the initial graph embed-
ding from the original graph structure, addressing the gradi-
ent vanishing caused by the degradation. Moreover, we an-
alyze the complexity of the proposed SSHPool, and provide
the related proof in the Appendix.

Experiments

In this section, we evaluate the classification performance
of our GNN-based framework associated with the proposed
SSHPool on seven standard graph datasets '. Datasets and
experimental settings are shown in Appendix.

Comparisons with Baseline Methods

Table 1 indicates that our GNN model associated with the
proposed SSHPool can outperform all the alternative meth-
ods on the seven standard datasets. Note that, SSHPool is
the proposed model. SSHPool(non) is the proposed model
without the Global Attention Layer. The effectiveness of
our GNN model associated with the proposed SSHPool is
threefold. First, all the alternative GNN models or the GNN
models associated with different alternative graph pooling
operations mainly rely on the node information propaga-
tion over the global graph structure. As a result, all these
alternative methods suffer from the over-smoothing prob-
lem, and the node representations extracted by these meth-
ods tend to be similar and not discriminative for classifi-
cation. By contrast, our proposed SSHPool can adaptively
decompose the input graph into separated subgraphs, and
thus perform the individual local convolution operation on
each subgraph. Since there is no connection between differ-
ent separated subgraphs, the convolution operation can only
propagate the node information within each subgraph and
the node information cannot be propagated between differ-
ent subgraphs. As a result, the proposed SSHPool can sig-
nificantly reduce the over-smoothing problem and provide
discriminative structural representations for graphs. Second,
the WLSK kernel associated with a C-SVM is a typical
instance of shallow learning. Moreover, the required ker-
nel computation is also separated from the C-SVM classi-
fier, and cannot provide an end-to-end learning mechanism.
By contrast, our GNN model associated with the proposed

"http://graphlearning.io/
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SSHPool is an end-to-end deep learning approach, naturally
having better classification performance. Third, the GNN
models associated with the alternative pooling operations
may suffer from the degradation problem, since the associ-
ated hierarchical pooling mechanisms usually have multiple
layer-wise hierarchical structures. By contrast, to overcome
the possible degradation problem that may be caused by the
deeper hierarchical structures, we employ an attention layer
to accomplish the interaction between the global features ex-
tracted from the SSHPool and the initial embeddings from
the original graph, further improving the effectiveness of the
proposed GNN-based model.

Finally, we observe that the proposed SSHPool-based
GNN model significantly outperforms the SSHPool(non)
based model, i.e., the proposed SSHPool without the Global
Attention Layer. This indicates that our Global Attention
Layer can really address the possible degradation problem
caused by the deeper architecture of the proposed SSHPool.
Moreover, although the SSHPool(non) cannot achieve the
best performance due to the possible degradation problem, it
still outperforms most of the alternative methods, especially
the GNNs associated with other pooling methods in terms
of the averaged ranking. This again indicates that the sepa-
rated subgraphs associated with the local graph convolution
operations tremendously improve the effectiveness.

Ablation Study

To validate the contributions of individual components of
our framework, we evaluate different versions of the SSH-
Pool on the D&D dataset. The results are shown in Figure 3.
On the one hand, the hard assignment strategy is crucial for
our framework. Specifically, SSHPool(na), which removes
the assignment strategy, and SSHPool(soft), which adopts
the soft assignment strategy, both fail to outperform the orig-
inal SSHPool. On the other hand, the attention layer also sig-
nificantly affects the performance of SSHPool. For instance,
SSHPool(non), which does not incorporate the Global At-
tention Layer, can still outperform some baseline methods
as shown in Table 1. However, its performance remains in-
ferior to that of the original SSHPool.

The Sensitive Analysis

The Depth of the SSHPool. To explore the effectiveness of
the proposed SSHPool one step further, we evaluate how the
classification performance is influenced by the depth of the



Datasets D&D PTC PROTEINS NCI1 NCI109 IMDB-B IMDB-M Avg. Rank
WLSK 74.38+0.69 | 59.23+0.45 | 71.70£0.67 | 70.324+0.40 | 69.71+0.52 | 64.48+0.90 | 43.38+0.75 10.1
DGCNN 75.34+0.78 | 58.34+£2.39 | 73.21£0.34 | 67.78+1.02 | 67.424+0.67 | 67.45+0.83 | 46.334+0.73 10.0
SUGAR 78.62+0.26 | 65.72+2.15 | 76.81£0.31 | 74.93£1.34 | 73.724+0.66 | 71.43+0.93 | 48.12£1.76 4.0
DiffPool 77.24+0.46 | 63.39+£1.03 | 74.86£0.35 | 62.324+1.90 | 61.984+1.98 | 70.12+0.63 | 47.20£1.81 9.1
ASAPool 75.75+0.45 | 64.71£2.41 | 75.53+£0.94 | 71.48+£0.42 | 70.07£0.55 | 71.254+0.58 | 48.67£1.34 6.6
ABDPool 74.13+0.52 | 63.82+£2.37 | 73.24+£0.91 | 71.54%+1.28 | 71.784+1.35 | 70.58+0.71 | 50.63+1.47 7.3
SEPool 77.43+0.23 | 65.34+£1.03 | 75.32£0.34 | 73.78+0.31 | 73.17+0.42 | 70.34+0.53 | 50.314+1.72 54
AdamGNN 80.124+0.34 | 66.73+0.68 | 77.04+£0.78 | 75.67£0.30 | 72.994£0.52 | 72.854+0.67 | 49.35£0.96 3.0
GPN 78.51+0.59 | 64.15+£0.35 | 75.67£0.72 | 74.02+£0.46 | 73.124+0.42 | 71.324+0.34 | 48.64+1.24 53
SSHPool(non) | 79.31+0.36 | 63.91£1.35 | 77.18£0.43 | 74.184+0.45 | 73.33+0.38 | 71.80+0.39 | 48.13£1.03 4.1
SSHPool 81.80+0.48 | 67.74+£1.43 | 79.38+0.28 | 75.91+0.14 | 74.45+0.16 | 73.02+0.47 | 51.14+1.28 1.0
Table 1: Classification Accuracy (In £ Standard Error) for Comparisons.

D&D evaluate how the classification performance varies with dif-

84 ferent node assignment ratios as «. Specifically, we set the

- ratios as « € {0.5,0.25,0.125}. We adopt the D&D, PTC,

X g0 PROTEINS, and IMDB-B for this evaluation and the exper-

§ imental results are shown in Figure 5. Overall, the SSHPool

§ 76 associated with the assignment ratio o = 0.25 outperforms

< that associated with the assignment ratios o« = 0.125 and

a = 0.5, i.e., the assignment ratios can significantly influ-

SSHPool SSHPool(non) SSHPool(na) SSHPool(soft)

Figure 3: Performance comparison of different SSHPool
models.

SSHPool (i.e., the stacked layers of the SSHPool). More-
over, we also perform the same experiment with the Diff-
Pool and the SSHPool(non). For the experiments, we uti-
lize the D&D dataset as an instance for these pooling meth-
ods, since we will observe a similar phenomenon on other
datasets. Specifically, the experimental results are shown in
Figure 4. We observe that the proposed SSHPool can out-
perform the alternative pooling methods associated with all
different pooling depths, again demonstrating the effective-
ness of the proposed SSHPool. Moreover, we observe that
the accuracies tend to be lower with deeper depth, due to the
possible degradation problem. However, we find that the ac-
curacies of the proposed SSHPool tend to decrease slowly
than the alternative pooling methods, again demonstrating
that the Global Attention Layer for the proposed SSHPool
can significantly address the degradation problem.

*SSHPool 2 SSHPool(non) * DIFFPool

=

S— ©

>80 o N ¢ R

© 4 s

S

> 75 . 4

(&) A

< 70 i :
1 2 3 a 5

Pooling Depth

Figure 4: Analysis with the depth.

The Assignment Ratio of the SSHPool. To further ex-
plore the assignment process of the proposed SSHPool, we
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ence the performance of the proposed SSHPool. This is due
to the fact that the assignment ratio determines the number
of separated subgraphs for the next layer of the SSHPool.
If the ratio is very small, the nodes of the current layer will
be assigned to fewer clusters, and the size of the resulting
coarsened graph from the SSHPool will be much smaller
than the original graph. On the other hand, if the ratio is very
large, the nodes of the current layer will be assigned to more
clusters, and the size of the resulting coarsened graph from
the SSHPool tends to be the same as the original graph. Nei-
ther of the above situations cannot represent fine hierarchical
structural information for the SSHPool. This evaluation in-
dicates that the appropriate selection of the assignment ratio
is necessary for the proposed SSHPool.

=y
[=]
o

[==]
o

[=2]
o

Accuracy(%)

. D&D PTC PROTEINS IMDB-B
SSHPool (a=0.5) - SSHPool (a=0.25) =SSHPool (a=0.125)

Figure 5: Analysis with the assignment ratio.

Conclusion

In this paper, we have developed a novel SSHPool method,
that cannot only extract effective hierarchical characteris-
tics of graphs but also address the over-smoothing prob-
lem through the local separated substructures. Moreover, we
have developed a GNN model associated with the proposed
SSHPool for graph classification. Experimental results have
demonstrated the effectiveness of the proposed SSHPool.
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