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ABSTRACT

Deep graph clustering methods have become a prominent area of research. Although nonparametric
clustering techniques have clear advantages, current research indicates that nonparametric methods
in the field of graph clustering are scarce. Most deep graph clustering methods are parametric and
require the number of clusters k to be specified a priori. An unknown k significantly diminishes the
clustering performance of the model, and alternative criteria for judgment come with a computational
cost. This issue is particularly pronounced in the context of deep learning, due to the increase
in the number of training sessions. To address this issue, we propose an end-to-end framework,
namely, nonparametric Deep graph clustering via Effective Distance and Density (DeepEDD), which
utilizes the data from the clustering process to predict the k& without additional computational cost.
Specifically, DeepEDD introduces a new clustering algorithm based on effective distance and density
as a second decoder on top of the graph masking-based fusion autoencoder framework. The algorithm
does not need to define k in advance because it can automatically determine k by polynomial curve
fitting. We also design a novel fusion loss to optimize DeepEDD. Experimental results on six publicly
available datasets demonstrate that our proposed method surpasses existing nonparametric methods,
both classical and deep. Moreover, the mask-based approach enhances the generalization performance

of our framework.

1. Introduction

Clustering is a critical task in unsupervised learning,
where class labels are unavailable. In an unsupervised
(and more realistic) setting, this task becomes even more
challenging as the number of clusters, k, is unknown. The
underlying principle of deep learning is to enable computers
to construct complex concepts from simpler ones [1], an
ability that makes clustering of large, high-dimensional
data sets efficient. Therefore, determining the true number
of clusters, k, is of paramount importance. An erroneous
choice of k during the iterative training process can result
in significant time and energy costs, ultimately leading to
negative social and environmental consequences [2].

Nonparametric methods (which automatically deter-
mine k) offer significant advantages over parametric meth-
ods (which require a predefined k), mainly due to the
inherent uncertainty surrounding the correct number of
clusters in real-world scenarios. Additionally, the automatic
determination of the optimal k by nonparametric methods
enhances clustering performance. 1) Dividing a single
cluster into multiple clusters alters the clustering labels,
potentially leading to convergence toward better local op-
tima and improving performance [3]. 2) Achieving accurate
clustering results depends on identifying the correct k. As
shown in Fig.1, experimental results from several state-of-
the-art (SOTA) parametric methods, including FT-VGAE
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Figure 1: The baseline on the Cora and Citeseer dataset
includes the current SOTA method based on the trend of
ACC changes in the number of clusters k. Where the dashed
line represents the true k.

[4], demonstrate that an incorrect choice of k can have
significant negative consequences.

Despite the practical advantages of nonparametric meth-
ods, whether applied to conventional clustering tasks on
general datasets [5] or more complex graph-structured data
[6, 7], parametric methods still dominate in terms of supe-
rior performance. Nonparametric methods, such as those in
Ronen et al. [2] and Zhao et al. [8], remain scarce and, unfor-
tunately, are neither scalable nor efficient enough. Similarly,
traditional clustering methods that use unsupervised criteria
to determine the number of clusters [9, 10] cannot be
seamlessly applied to graph data or deep clustering. To
address this gap, we propose a novel deep nonparametric
graph clustering approach, DeepEDD. Remarkably, even
when the value of k is predefined, DeepEDD achieves
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performance comparable to parametric methods, despite
the potential inherent advantages afforded to parametric
methods, as demonstrated in Table 4.

The density peak clustering algorithm, CESFDP [11],
serves as a key inspiration [12] for our approach, enabling
the use of potential density data from the clustering process
to determine k without incurring additional computational
costs. Presently, there is a lack of awareness regarding
any work that integrates this algorithm with deep learning
methodologies for graph data applications. This is due to
the algorithm’s inherent limitations in addressing graph
topology and its reliance on human judgment for threshold
determination and the number of clusters. Based on this
approach, we transformed the topological structure of the
graph into a learnable effective distance and proposed a
novel algorithm—Effective Distance and Density (EDD).
EDD effectively maps the topological relationships among
nodes into an inner product space, enabling more intuitive
and discriminative distance representations. Furthermore, it
introduces an entropy-based and polynomial-fitting strategy
to automatically determine the optimal number of clus-
ters, k, thereby overcoming the limitations of the original
CFSFDP algorithm, which relies heavily on manual param-
eter tuning. This improvement not only enhances the accu-
racy of k-selection but also ensures comprehensive utiliza-
tion of the graph’s structural information during clustering.
All the parts related to EDD have been designed by us as an
independent decoder and integrated into the overall frame-
work. After learning graph embeddings through a graph
masking-based fusion autoencoder, we perform multi-target
decoding. This approach mitigates the overfitting and ex-
cessive emphasis on proximity information inherent to the
graph autoencoder structure [13], while also improving the
model’s generalization capability. Although feature learning
is not our primary focus, we provide relevant experimental
results. A novel loss function is designed to enhance the
quality of the embeddings, working in tandem with a self-
optimization module for further refinement. Our key contri-
butions include:

* A nonparametric deep graph clustering algorithm is
proposed, where we improve a new algorithm based
on effective distance and density, EDD.

* A new loss is designed for optimizing our model, in
addition to which we prove the convergence.

* To the best of our knowledge this is also the first
work to apply a graph masking autoencoder to the
prediction of the number of clusters. Specifically, the
integration of the mask graph mechanism endows our
model with enhanced generalization capabilities.

* Extensive experiments on six datasets demonstrate
that our model outperforms state-of-the-art baselines.

The rest of this paper is as follows: § 2 presents a
literature review. § 3 introduces common symbols for the
method part. § 4 is devoted to our DeepEDD algorithm.
The relevant theoretical derivation and proof are presented

in § 5. The experiments are conducted in § 6 to support our
algorithmic model and ideas. The conclusions and potential
future work are discussed in § 7.

2. Related Work

2.1. Nonparametric Deep Clustering Methods

Among the limited nonparametric methods [2, 8, 14,
15, 16] designed to predict the number of clusters, we
regard DeepDPM [2] and DED [16] as the most represen-
tative. These methods exemplify two approaches: two-step
deep clustering and end-to-end deep clustering, respectively.
DED capitalizes on feature representation learning and
density-based clustering algorithms. It uses a deep convo-
lutional autoencoder [17] and ¢-SNE to extract appropriate
embedding features, followed by the application of a novel
density peak clustering algorithm [11] to predict the number
of clusters. In contrast, DeepDPM, which is based on the
Dirichlet process, dynamically adjusts its architecture to
estimate the evolving k using a split/merge framework.
Although it has achieved state-of-the-art performance on
the ImageNet dataset, its inability to capture graph topol-
ogy information and its limitations in interpretability and
generalization present notable challenges.

2.2. Deep Graph Clustering

In deep graph clustering, research predominantly fo-
cuses on single-structure or fused graph autoencoders. For
primarily single graphical neural networks, such as GCN
or GAT structures, examples include works by Kipf and
Welling [6], Wang et al. [18], and Zhang and Li [19]. How-
ever, critics argue that these structures may cause the model
to overemphasize graph topology, leading to the neglect of
node feature information. To mitigate this, a fusion graph
autoencoder structure has been introduced. The core idea is
to combine a linear neural network layer with the coding
layer of the graph autoencoder, producing a more robust
fused representation. For instance, Bo et al. [20] applies
linear fusion between layers, while Tu et al. [21] employs
a deep fusion mechanism with triple validation. Compared
to our enhanced masked graph autoencoder, as discussed
in [22, 23], these GAE-based methods disproportionately
emphasize structural, proximity, and feature information,
which significantly limits their capacity to learn effective
graph embeddings.

Recently, contrastive learning-based deep graph clus-
tering methods have garnered significant attention [1, 24,
25, 26, 27]. These algorithms employ contrastive learning
to extract effective feature representations by modeling the
similarities and differences between samples. Central to this
approach is the use of positive and negative sample pairs
to train neural networks, encouraging the model to cluster
similar data points closer together while pushing dissimilar
points further apart. For example, Liu et al. [28] utilizes a
simple low-pass denoising operation as a standalone pre-
processing step for neighbor information aggregation, with
only two multi-layer perceptrons serving as the primary
components for contrastive learning. Similarly, Pan and
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Figure 2: lllustration of DeepEDD. The top half represents the overall model architecture. Given an input graph G, output the
clustering results and the number of clusters k. The bottom half represents our proposed new algorithm via effective distance

density, EDD.

Kang [29] learns a consistent graph by comparing it with
a loss-regularized filter to remove high-frequency noise.
While these algorithms often deliver high performance, their
reliance on complex data augmentation and time-intensive
graph convolution operations for graph data diminishes their
overall efficiency. More critically, the aforementioned deep
graph clustering methods are parametric in nature, requiring
the correct value of k to be predefined.

It is noteworthy that most existing nonparametric graph
clustering methods are refinements of traditional algo-
rithms, such as those derived from affinity propagation [30,
31] or Symmetric Nonnegative Matrix Factorization [32,
33]. Additionally, our literature review indicates that there
have been limited recent advancements in non-parametric
deep graph clustering over the past two years, such as
RGC [34] and GMpool [35]. However, GMpool is a non-
parametric method specifically developed for graph pooling.
Overall, these nonparametric methods exhibit performance
limitations when applied to generalized graph clustering.

3. Notations

This work mainly uses graph data. The graph is rep-
resented as G = (V, E, X, A), where the set of nodes is
denoted as V' = {vy, vy, ..., Uy}, Where v; represents the i-
th node. The set of edges between nodes is denoted as E =
{e; j }, and the edge between node i and node j is denoted
as e;;. The topology of the graph G can be represented by
the adjacency matrix A, where A; ;= Le; ; € E; otherwise,
Ajj = 0. X = {x,x5,...,xy} is the node v; eigenvector
attribute value, where x; € RV*4. The notations commonly
used in § 4 are summarized in Table 1.

Table 1
Commonly used notations
Notations Descriptions
_ A graph G consisting of a node set V, edge set E,
G=(.EX. 4 feature matrix X and an adjacency matrix A
v; Anodev, eV
e Anedgee; € E
Ay Alink A; € A
X; A node feature x;, € X
k The number of clusters
N The number of nodes with N = |V|
d The dimension of nodes feature vector
G’ Mask graph
z, Mask embedding
Z, Hidden representation by AE network
z Fusion embedding
S Mask Embedded compressed representation after re-masking
D, A collection of mapping functions for reconstruction
P, Multi-objective embedded representation
) Local density
S Minimum distance to a sample point with higher density
d, Truncation distance
d; Euclidean distance between two sample
Ef The effective distance between nodes
h(x) Determiner of cluster centers
f(x) Estimator for the number of clusters
CH The number of clusters determined by the CH value
4. Method

The overall framework of the algorithm comprises a pic-
ture mask fusion encoder and two decoders. The algorithm
follows this general flow: First, graph data is input into the
encoder and processed by the masking fusion encoder. The
encoder generates graph mask encoding and autoencoder
(AE) encoding, which together form the mixed embedding.
This mixed embedding is then fed into multiple reconstruc-
tion and prediction modules. Finally, a self-optimization
module refines and optimizes all loss functions in the train-
ing model, thereby completing the overall training process.

We present the entire framework in the sequence of data
input and output. Section 4.1 introduces a novel mask-based

YC Ma et al.: Preprint submitted to Elsevier

Page 3 of 16



DeepEDD: Nonparametric Deep Graph Clustering Through Effective Distance and Density

fusion coding network. Section 4.2 explains the principles
of the multi-objective decoder and introduces a new loss
function. Section 4.3 provides details on the new density-
based clustering algorithm and its integration into the over-
all framework. Section 4.4 describes the self-optimization
module, while Section 4.5 defines the node loss functions
for the entire framework. The complete process is illustrated
in Figure 2.

4.1. Masking Fusion Encoder

The objective of mask autoencoder is to reconstruct
masked signals from unmasked inputs within an autoen-
coder framework, and recent advances in both language and
vision research have provided valuable insights. Notable
examples include BERT [36] and MAE [37]. In fact, mask
autoencoder is also well-suited for graph data, as each edge
can easily be masked or unmasked in a self-supervised
manner. The core concept is to remove parts of the input
graph and learn to predict the removed components, such
as edges and nodes. The advantage of masks lies not only in
their elimination of costly annotation but also in their ability
to allow GAE to learn improved representations to some
extent. However, most existing work [38, 39, 40] remains
focused at the feature learning level, with limited explo-
ration of graph clustering tasks. Furthermore, masked graph
autoencoders tend to prioritize learning graph topological
information.

To overcome these limitations, we propose the masking
fusion encoder, which incorporates specific improvements
for the graph clustering task. Specifically, we use a graph
masking neural network and an autoencoder to learn the
topology information and node information respectively,
and adjust the learning measures of the two to achieve cross-
modal information learning balance.

The initial step involves the graph masking and encod-
ing process. The original graph G serves as the input and
is masked into G’ = mask(G) through edge masking and
feature masking. The encoder can employ architectures such
as GAT or GCN. It is important to note that we simulta-
neously mask both types of modal information to enhance
the model’s cross-modal learning capability, although this
also presents challenges for reconstruction. As a result, the
multi-objective reconstruction method we propose differs
from Li et al. [38], as we calculate the loss based on mutual
information [41] and cross-entropy [6].

Formally, we represent the mask process as M, where
M={M, M f}. Here, the edge and feature mask matrix
is denoted as M, € {0,1}"XIVl and M, € {0,1}IV],
both being randomly generated binary matrices. The degree
of perturbation can be controlled by the sparsity of M,
and Mf. Consequently, we obtain M(G = {V,A, X}) =
{(V.A x M, Xdiag(M;)} = (V,A', X'} = G', where
A’, X', and * respectively represent the masked adjacency
matrix, the mask feature matrix, and the Hadamard product.
The nodes that are masked with edge or node characteristics
are referred to as V. The mask graph is then input to the
encoder to obtain the potential representation Z,,.

We introduce an AE network for extracting node feature
information to alleviate the problem of overemphasis on
topological information in graph neural networks. Each
layer of the AE computes the node features as follows,
where w' and b’ represent weight and bias.

Z! = fw,z>t + b)) (1)

We utilize a linear fusion mechanism to integrate the
two graph embeddings, producing a more comprehensive
and robust representation, as shown in Eq.(2). The learnable
coefficient, ¢, is optimized using the gradient fitting method,
enabling fine-tuning of the relative importance of the two
embedded components. In this study, € is initialized to 0.1.

Z=(1-¢Z,+eZ, 2

4.2. Multi Target Decoder

Various graph models concentrate on distinct aspects of
graph information. For instance, node2vec [42] primarily
captures graph structural information, while PCA, trained
on the feature matrix X, predominantly encodes node at-
tribute information. Consequently, we propose a novel loss
that integrates link prediction and node reconstruction.

We employ link prediction as the target task for edge
reconstruction. Instead of directly using the embedded rep-
resentation of a method as the reconstruction target, we first
perform element-wise multiplication on the hidden node
features to generate their cross-representation. Element-
wise multiplication emphasizes shared attributes and differ-
ential information, retaining only elements with high corre-
lations between two nodes, which helps the decoder filter
out inconsistent and redundant information. After obtaining
the cross-correlation representation of the edge, we use an
MLP layer to predict the probability of its existence. The
loss function for this part, L, , is computed following the
standard form in Eq. (3), where z,,z, € Z.

L, = h,(z, z,) = Sigmoid(MLP(z,0z,)) &)

Subsequently, leveraging the KL divergence from the
GAE reconstruction framework, we balance the predicted
probability of existence, construct the loss function L, .

When reconstructing node targets, we aim to maximize
the correlation between node embeddings and real data by
leveraging the concept of mutual information. Therefore,
we directly select AE embeddings. Given graph G as input,
AE maps the feature matrix into a lower-dimensional em-
bedding space, preserving most of the useful information
and eliminating noise. Since AE has relatively low time and
space complexity, it is also effective in this regard.

But before counting the loss of the node portion, re-
masking [39, 43] to obtain a more compressed represen-
tation denoted as ¥ € RIVX?_Unlike the initial masking
applied to the input, the remasking occurs on the embed-
dings of the masked nodes, meaning that the positions of
the feature matrix and feature map for these nodes remain
unchanged. Node features contain greater redundancy than
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links, allowing this step to learn a more compact embedded
representation, thereby further reducing decoding overhead.
Thus, each node v; can be represented as 0, = I7[i, '] =
encoder(A’, X’). We remask Z,, to obtain S € RIVIx?,
We implement the decoder through a set of mappings
represented as { D, }, where each D € {D, } is implemented
by an MLP. These mapping functions are designed to map
S to the target embedding space P, = {p;} € RVIX¢ i
[1, N]. Each p; serves as a target. In the actual calculation,
we adopt AE structure-only embedding as the target of the
reconstructed nodes. Potential p; also include embeddings
such as node2vec that contain node information.

In this case, we maximize the mutual information be-
tween D,(S) and P,, formulating it as a specific function
L, to compute the node reconstruction loss.

To sum up, the new loss function L p uses the KL scatter
and InfoNCE as the basis for calculating the loss, and Lp =
L, + L, isrepresented as follows.

1
p= (|2+| Z logh,(z,, z,)
(u,v)exXt
1
+=— D 10g(l = hy(zy.2,))) (4)
|Z |(u/,U/)€2—

1 D,(S) - P,

AN N GTHITA]

)

Where X7 is the set of positive edges, X~ is the set of
negative edges sampled from the graph, z is the encoding,
and A is the decoder in link prediction. ¢ is the hyperparam-
eter. A detailed derivation is given in section § 5.

4.3. Effective Distance and Density Decoder

The density peaks clustering algorithm [11] offers an el-
egant solution to the issue of pre-defining k, although it was
not initially developed for graph data. Its key advantages
include low computational complexity and independence
from the shape of the data in the underlying space. These
properties make it a suitable reference point for addressing
the clustering problem in graph data. It [11] defines two
main criteria: the number of points surrounding a sample
point, referred to as the local density, p, and the minimum
distance to a sample point with higher density, referred to
as 6. In clustering, the points near the cluster center have
higher p, meaning the cluster center exhibits the highest
local density. Additionally, data points with higher 6 are far
from other points with higher density.

Building on this algorithm, we propose the EDD algo-
rithm and extend its application to graph clustering. Specif-
ically, we first generalize the Euclidean distance between
sample points in the inner product space to the effective
distance between nodes in the graph structure. Secondly, the
number of clusters, k, is determined through polynomial fit-
ting, a newly developed method that enhances the accuracy
of k estimation.

For a sample point z; in the feature set Z, its local
density is defined as p; = X, ;,<y 2(d;j.d.). In the

original density peaks clustering algorithm, d;; represents
the Euclidean distance between data points z; and z;, d,
is the truncation distance, and y is the kernel function.
However, this approach is not directly applicable to graph-
structured data, as neglecting graph topology information
results in distances between data points deviating from their
true values, thereby degrading clustering performance. We
propose a new method for computing d;;, based on the
observation that nodes with direct links are closer in graph
data. Therefore, we incorporate the adjacency matrix A to
adjust the actual distance between data points, which we
refer to as the effective distance between nodes, denoted by
E f. The formula is as follows.

Ef; =d;+I(A)/1

N
. Q)]
dij = dij/ 2 di

o=1

Where d, ; denotes the Euclidean distance of z; normal-
ized in relation to the other points, I represents the inverse
operation, A;; represents whether there is a link between
nodes i and j on the graph, and : serves as the weight
parameter governing the adjacency matrix, initialized to
1 x 107°. Consequently, a new p; is as follows, and a
Gaussian kernel is selected as the kernel function.

pi= Y, x(Efyd)= Y e Fluld ©)

1<j#i<N J#i

It is important to note that the optimal truncation dis-
tance, d,, is crucial for determining accurate clustering
results. According to Eq. (6), the value of d, significantly
impacts the calculation of sample point density p. In the
original method, d, is manually selected based on experi-
ence, which is neither stable nor automatic. To address this
issue, we propose a method to automatically determine d,
using information entropy within the data field.

Consider the dataset as a data field, where the local
density p; of a data point corresponds to its potential energy
function ¢; within the field, as defined in Eq. (7). In this
context, the influencing factor ¢ represents the truncation
distance d,.

N

¢[ d)i
H=- log( )
21 e XL

N 2
d)i = Ze—(dij/ﬂ )
=1

(N

We employ information entropy H to quantify the
overall uncertainty of the dataset. Based on ¢;, we derive the
variation curve of H, and the optimal value of d, is identi-
fied at the point where H reaches its minimum. The under-
lying principle is that when H is minimized—indicating the
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Figure 3: Curve fitting to determine clustering center.

lowest entropy—the dataset becomes more stable, allowing
for the determination of the most appropriate d..

Subsequently, we define the high-density nearest-neighbor

distance 6;, 6; = min (d;;), if p; < max{p;} and 6; =

Jipj>pi
Injin(dij)’ if p; = max{p;}.

This yields the formula for determining k. We consider
the product of p and 6 for each sample point as input. In
Eq. (8), f(x) acts as an estimator for the number of clusters,
identifying points where the product of p and 6 is signif-
icantly larger than that of other sample points, indicating
potential cluster centers. The input to f(x) is 7, and the
output is the value of k closest to and less than the threshold.
h(x) serves as a determiner of cluster centers, referencing
other clustering metrics, with a default preference for using
the CH value [9] to assist in determining the number of
clusters. The input of A(x) is the embeddings Z and f(7),
and the output is the final determined k value. In summary,
we have the following Eq. (8) to determine the value of k.

k=h(f({6; - p;}), Z) = h(f(7)) ®

To start with, we introduce the f(x) clustering number
estimator. We define the set of products of p; and §; as
7;. These values are ordered from largest to smallest, and
polynomial curve fitting is applied to compute estimates for
each p; and 6;, which we denote as yi’ , as shown in Fig.3.
After sorting, we calculate the slope of the tangent line to the
curve at each point, denoted as t;, where 7; = slope(y[’ ,Up).
We then calculate the average 7; value, 7, which is used as
a threshold. Since the y; of the cluster center is significantly
larger than that of the other points, we select the point
where 7; is significantly smaller than 7 as a candidate cluster
center.

Subsequently, A(x) serves as the clustering determiner,
as single indicators often fail to comprehensively assess
the clustering quality of the entire dataset. Specifically,
the calculated 7; emphasizes closer in-cluster distances but
overlooks inter-cluster information. The CH index, calcu-
lated as the ratio of intra-cluster dispersion to inter-cluster
dispersion, provides a measure to incorporate inter-cluster
information effectively. By selecting the optimal cluster
number based on the CH value, we aim to balance the
prediction results and improve cluster number estimation.
Integration experiments, as shown in Table 13, highlight the
associated performance improvements. The overall formula

for the h(x) clustering determiner is as follows, where
v is the adaptive equilibrium parameter. After extensive
experiments, the optimal value for v was found to be 0.95.

h(x)=vf(x)+ (1 -v)CH. ©))

We aim to minimize the spacing within the same cluster
to guide the network in influencing the distribution of learn-
ing data. Consequently, we calculate the mean squared error
between each sample vector and its corresponding cluster
mean vector. The mean vector of sample points within each
cluster is denoted as y,;, where C; represents cluster k and
N, denotes the number of samples contained in cluster C,.
This approach leads to the formulation of the loss function.
A detailed proof of the validity of this part of the decoding
is provided in section § 5.

k
L=Y Y l-mlbm=o X x (10

i=1 x;,€C k x;eC,

4.4. Self-optimizing Modules

The core idea of the self-supervised optimization graph
embedding is that compels the current distribution Q to
converge toward the target distribution P by minimizing
the KL divergence loss between the O and P distributions.
The same approach has been used in a number of previous
works [18, 19, 20], and it has been shown to optimize the
learned code, and we continue to use this approach. We
utilized the t-distribution of Students [44] to measure it. The
similarity between the node embedding z; and the clustering
center r, was initially measured using the g, metric. Thus
our optimized affiliation matrix p is constructed based on the
obtained g. To minimize the clustering loss, we construct the
loss using the KL scatter.

- A+ 11z =r,|I? /)
XA Iz = 12 /o)

Thus our optimized affiliation matrix p is constructed based
on the obtained g as follows.

_ ‘I,-2u/ 2 i
Zk(qizk/Zi k)

We consider fusion coding as a Q-distribution. This can
result in a smaller spacing between points within the same
cluster and a larger spacing between clusters.

an

12)

Diy

L= KLPIO = 3 3 pufos (13)
i

117]

4.5. Joint Embedding

Our model is end-to-end, the aforementioned modules
collaboratively optimize graph embedding and clustering
learning. The total objective function is defined as follows.

L=L,+aL +pL, (14)

where a and f are used to balance the various losses. The
overall algorithm is shown in Algorithm 1.
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Algorithm 1 GRAPH CLUSTERING WITH MASKED
AUTOENCODERS (DeepEDD)
Input: Graph G; Number of iterations Iter; Number of
epoch epoch; Number of layers Layers.
While max epoch < epoch or convergence do
While max iterations < iter do
Randomly masking G as G’;
Encoding of data according to the encoder.
Get Z,,, Z,, and according Eq.(2) to get Z;
Decoding of multiple reconstruction targets
based on Eq. (4) to get L,;
Truncation distance d, is determined by Eq. (7)
p;» 0; are calculated according to Eq. (6) and d,..
Based on p;, §; and Eq. (8,9) to get k
According to Eq. (10) to get L.
Self-optimizing via Eq. (13) yields L.
After obtaining the new loss L according to Eq.
(14), the whole model is jointly optimized.
Return: Clustering results, cluster number k and hid-
den embedding Z.

5. Theoretical Derivations and Proofs

To maintain the coherence of the overall method pre-
sentation, we have included some theoretical content in this
section. Our approach comprises two critical components:
the design and underlying principles of the new loss func-
tion and the effectiveness of the new decoder. While experi-
mental results provide evidence of their validity, theoretical
derivation and formulaic proof offer stronger support for the
entire methodology. Consequently, we begin by detailing
the design and principles of the new loss function, followed
by a comprehensive validation of the second decoder, and
conclude with an analysis of its computational complexity.

5.1. Design of New Loss

We derive the loss function for the decoder. Given that
reconstruction losses are computed across multiple targets,
it is crucial to extract as much valuable information as
possible from these targets. We have introduced a new
loss function based on KL divergence [6] and InfoNCE to
calculate the loss. The loss associated with the topology
reconstruction of the graph is calculated using cross-entropy
for the link prediction task and is denoted as L, . Mean-
while, the loss for the node information reconstruction is
computed using InfoNCE and recorded as L, . A similar
approach is discussed in Hou et al. [39], where the graph
autoencoder utilizes link prediction to achieve high accuracy
in reconstruction; however, it exhibits limitations in other
downstream tasks, such as node classification. Therefore,
we designed two distinct reconstruction tasks to derive the
respective losses.

Link prediction partial loss L, . Before delving into
the design details and validity proof of the loss function,
which comprises mutual information [41] and KL diver-
gence, it is essential to establish a foundation for analyzing

topological information, grounded in the homophily as-
sumption that neighboring nodes exhibit similar semantics.
By linking the edge reconstruction objective of GAE to the
optimization objective of contrastive learning, an approxi-
mation of KL divergence was introduced in MINE [45] to
derive an estimate for the lower bound of certainty based on
mutual information.

I(X;Y)= sup 1.(X;Y)
c: XXY—R

s)
1.(X;Y)=E, . p,,c(x,y) = lOg[Ex,yNPXXP)](eC(X’y))

Where I,(x, y) is referred to as the critic function, which
can be represented by a neural network. Let 4 denote the
decoder of the GAE, we can then compare the recon-
struction loss of GAE for an edge (u,v) with the mutual
information representation between the k-hop subgraphs
(U, V) centered on these nodes, as illustrated in Eq.(18).
Denote the corresponding joint and marginal distributions as
Py, Py, and Py, respectively. It follows that the formula
in parentheses in Eq.(18) serves as an empirical estimate of
Eq.(16).

I;(U; V) =E,pp,, logh(u,v)
I,U:V) =Ey.p, ,p,l08(1 = h(u,0)) (16)
IABU V) = iU V) + ;U V)

In other words, assuming that 4 has adequate repre-
sentational capacity, the empirical minimum correspond-
ing to IhGAES(U; V') can probabilistically converge to the
maximum mutual information. Consequently, the process of
learning 4 is essentially asymptotically equivalent to maxi-
mizing the mutual information between subgraphs centered
on neighboring nodes. Thus, Eq.(18) can be employed to
calculate the link side refactoring target losses. This is sim-
ilar to GAEs using the classic encoder-decoder framework.

1
L+ = m lOg hw(Zu,ZU),
(u,v)EXT
. (17)
L™ = = > log(l = hy (2. 2,),
W' vHez-
L, =- (L*+L7)
1
=—(== ) logh,(z,.z,)
= (18)
1
+ m log(1 = h,(z,,2,)))
W' Ve~

Here, z represents the node representation from the
encoder, while Xt and X~ denote the actual and non-
existent edges in the link prediction, respectively. In general,
¥t = X7. We denote h,, as the decoder with parameters w,
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which consists of an MLP and a Sigmoid layer, expressed
as h,(z,, z,) = Sigmoid(MLP(z,0z,)).

Node reconstruction partial loss L, . For the learning
of node information, we consider a scenario in which there
is a single reconstruction goal, denoted as ¢. The objective
is to optimize the encoding with respect to ¢ so that the
encoded data closely aligns with the actual data. To achieve
this, our learning objective is defined as maximizing the
mutual information between the current coded data S and T'.
This objective can be effectively optimized by maximizing
the InfoNCE loss [46], and the precise computation is
detailed in L, in the main text. Here, we present the general
form for clarity: ﬁsing,e =InfoNCE(S,T).

We expand it as follows [47]. & is the temperature
hyperparameter. P, represents the mapping for different .S.

1 D) P,
¢ DI 1B

Similarly, we extend a reconstruction goal to multiple
goals, and we derive the following general expression.

Lp2 = exp(

) (19)

A

Ly = ), AInfoNCE(S,T)) (20)

ie2N -1

Where T' = {T,T5,...,T,} is the set of target embed-
dings, and the T'=(T}, Ty, T3, ..., {T}, T»}, {1}, Tz}, ...,
{T\,T,,...T, }} is the collective set formed by every subset
of T.

In summary, we provide a proof and a method for
calculating the reconstruction graph loss L. It is worth
mentioning that we only use the single target case of L,

5.2. Proof of Validity of EDD Decoder

Additionally, we demonstrate the effectiveness of EDD
as a second decoder. Our objective is to show that L,
will eventually converge, meaning that an optimal solution
can be obtained. A sufficient condition for proving the
convergence of L, is that the function is both monotonic
and bounded.

The loss function L, is shown in Eq. (10). For a given
data set X, we need to divide it by the EDD algorithm into
k disjoint sets {C,, C,, ..., Cy }, where the center of set C;, is
Uy Suppose there is a sample point x; that belongs to Cj.
When the cluster to which it belongs remains unchanged,
the loss function does not increase. However, when the
cluster changes, i.e., if other high-density points y;, are
closer to x; in Euclidean distance, we can express this with
the following equation.

;i = sl > 11 = e 112 2D
The change of L, at this time is
r_ 2 2
L= Lo = 1lx; = pll3 + 1x; = pio |13 (22)

Obviously we get L’C < L,. So the loss function L,
decreases monotonically in this case. In addition, consider

the loss function for a cluster in the general case.

Ly= ) llx=ull3 (23)
x€C;
oL,
Let Wf’ = 0, the calculation yields the following
equation. '
1 '
Hi= =7 2 X =1 (24)
T 2; !

The updated mean vector is positioned at the minimum
point of the function, ensuring that this step in the algorithm
does not result in an increase in the loss function.

In summary, the loss function of the algorithm is mono-
tonically decreasing and has a lower bound of 0. According
to the convergence theorem of monotone bounded series,
L, converges; that is, limy_,, L, exists. This implies that
as the number of iterations increases, the function must
converge. Therefore, we demonstrate the effectiveness of
our second decoder by proving the convergence of the loss
function.

5.3. Time Complexity Analysis

We focus on exploring the computational complexity of
the EDD part in this section. Firstly the time complexity
of the EDD algorithm to compute the distance matrix is
O(n?). Secondly the time complexity of calculating the local
density of nodes is O(n), the time complexity of calculating
the shortest distance of nodes is O(#n?). The time complexity
of sorting 7 in ascending order is O(nlogn), and after that the
time complexity of selecting the center of the community is
O(s), which s is a constant term and much smaller than .
The time complexity of assigning the remaining nodes is
O(n). Thus, the total time complexity of the algorithm is
O(n? + n+ n®> + nlogn + s + n). Combining these analytical
results, the time complexity of the EDD algorithm is found
to be O(n?).

Meanwhile, we compared the results of some nonpara-
metric traditional clustering algorithms horizontally. The
time complexity of AP [48] algorithm and DBSCAN [49]
are O(n?) and O(n), respectively. The complexity of the
OCDDP [50] algorithm is O(nm + n*logn), where n is the
number of nodes and m is the number of edges. And the
complexity of the SLPA [51] algorithm is O(n).

6. Experiments

6.1. Dataset and Baseline

In our experiments, we evaluated the proposed algo-
rithm on six popular public datasets, including three graph
datasets (Cora, Citeseer [52], and Wiki [53]), two non-
graph datasets (USPS [54], HHAR [55]) and a larger dataset
(Ogbn-arxiv [56]). The details of these datasets are sum-
marized in Table 2. For datasets with missing adjacency
matrices, we followed [20] and constructed the matrices
using the heat kernel method.
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Table 2

Information of dataset
Dataset Nodes  Features Clusters Edges
Cora 2708 1433 7 5429
Cite 3312 3703 6 4732
Wiki 2405 4937 17 17981
USPS 9298 256 10 *
HHAR 10299 561 6 *
Ogbn-arxiv. 169343 128 40 1166243

-/ 0.40

001 01 1 10 100 1000 10000 001 01 1 10 100 1000 10000

(a) a parameter sensitivity (b) p parameter sensitivity

Figure 4: The variation of index for different values of « and
B

We compared our method with a variety of algorithms.
Firstly, there are four nonparametric methods, namely MTL
[57], DNB [15], DED [16], and DeepDPM [2]. It is impor-
tant to note that these methods are not specifically designed
for graph data clustering, so we made necessary modifica-
tions during runtime. Additionally, we compare DeepEDD
with 10 parametric clustering methods, including TADW
[58], ARGE [59], ARVGE [59], AGC [60], DAEGC [18],
EGAE [19], RGC [34], FT-VGAE [4], SDCN [20], DFCN
[21] and DCRN [61].

Here we adopt three public metrics to evaluate clus-
tering performance for all compared methods, including
Clustering Accuracy (ACC), Average Rand Index (ARI),
Normalized Mutual Information (NMI).

6.2. Parameter Settings
In experiment, , § are important balancing parameters.

The search range of a is {1072, 101,10, 10!, 102, 103, 10%}.

The final selection is shown in Fig.4. The selection method
for g is the same. Different datasets correspond to different
parameter choices, and we choose the a and f parameters
when the results reach the best. Depending on the training
data, the maximum number of epochs for training is set to
100 to 1000. The pre-training method is to first train the
mask network and AE network for 15 rounds, and then
jointly train the model for 30 rounds. The learning rate for
fine-tuning is set to 1072, The dimension of the embedding
layer is set to 64. All training is completed on the PyTorch
platform with the NVIDIA GeForce RTX 3080.

6.3. Results and Analysis

We first compared the accuracy of predicting k using
nonparametric methods, as illustrated in Table 3. We con-
ducted 10 runs on the dataset, presenting both the accuracy
and the average prediction for k. The results indicate that
the performance and prediction accuracy of our method
significantly outperform those of other baselines. This im-
provement is attributable to our method’s comprehensive
consideration of both topological and node information, in-
tegrated into the neural network and the learning component
of EDD.

The experimental results for clustering performance are
presented in Table 4, leading to the following conclusions:
1) DeepEDD outperforms methods based on separate GNN's
on the dataset, primarily because our approach incorporates
both attribute and structural information for clustering.
For example, with respect to the NMI metric, its perfor-
mance increases exceed that of EGAE by 6.24%, 4.68%,
1.54%, and 1.80%, respectively. 2) Furthermore, regarding
the suboptimal performance of ACC on certain datasets, we
attribute this to the higher ratio of the number of nodes
to the dimensions of node features in these datasets. This
suggests that attribute information plays a more critical
role in clustering performance than structural information.
Some baselines integrate additional architectures to extract
attribute information, resulting in better-learned attribute
embeddings, as observed in methods such as DFCN and
SDCN. However, our advantage lies in being a nonparamet-
ric method, which eliminates the need to input the value of
k in advance, as required in parametric methods.

We subsequently explored the significance of the k value
to emphasize the superiority of DeepEDD’s nonparametric
approach. The relevant results are presented in Table 5. We
investigate the impact of deviations in the value of k at 1, 2,
and 3 on the Cora, Citeseer, and Wiki datasets, respectively.
The results indicate that deviations in the k value have a
significant effect on parameter-based algorithms; however,
this adverse effect does not occur with the DeepEDD al-
gorithm, which achieves the best results. This advantage
arises because the EDD algorithm itself does not rely on
the hyperparameter k. The enforced setting of k only affects
the neural network component of the model.

To further investigate the robustness and generalization
of our algorithm, we conducted experiments on non-graph
datasets, as presented in Table 6. For the dataset lacking an
affinity matrix, we followed Bo et al. [20] to construct the
matrix using the heat kernel method. The results indicate
that, as a nonparametric algorithm specifically designed for
graph-structured data, our method can effectively predict the
cluster number k. The accuracy achieved is at least 10%
higher than that of the runner-up best method. Furthermore,
we applied the entire framework to other tasks, such as node
classification and link prediction. The average performance
ranking is first place. These results unequivocally demon-
strate the efficacy of the mask as an auxiliary task for self-
supervised learning. Not only does it significantly reduce
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Table 3

Average k prediction accuracy on 6 benchmarks. Bold and underlined values indicate the best and runner-up results,
respectively. Mean represents the average of k’s prediction. Accuracy represents the accuracy of k’s correct prediction.

MtL DNB DED DeepDPM RGC DeepEDD
Methods
mean Accuracy mean Accuracy mean Accuracy mean Accuracy mean Accuracy mean Accuracy

Cora  3.0(x1.00 010 6.0(x0.0) 0/10 102(x0.7) 0/10 51(x23) 110  7.1(x02) 10/10 7.0(x0.3) 1010
Citeseer 6.7(+3.00 1/10 5.0x0.0) 0/10  8.0(x2.0) 1/10  4.0(=5.2) 210 56(x04) 910 59(+0.6) 10/10
Wiki 2.1(+3.8) 0/10  2.0(=0) 0/10 2.8(+2.1) 0/10  3.0(x11.3) 0/10 15.0(x1.1) 6/10 17.3(x0.8) 8/10
USPS  1.8(x3.2) 110 29(x03) 0/10 43(x2.00 110 6.0x1.9) 2/10 13.0(x3.8) 510 10.8(x1.2) 7/10
HHAR 0.9(+1.8) 0/10 3.0(x0.2) 1/10 2.3(+2.9) 0/10 9.3(+7.4) 1/10 5.0(£3.2) 4/10 7.3(+1.2) 710
Ogbn-arxiv 20.4(+12.1)  0/10  20.0(x0) 0/10 32.0(x14.9) 0/10 50.0(x20.3) 0/10 32.0(x12.3) 0/10 48.2(x10.1) 3/10

Table 4

Clustering performance results on 6 benchmarks. Bold and underlined values indicate the best and runner-up results,

respectively(%).

Dataset Index TADW ARGE ARVGE AGC DAEGC SDCN DFCN EGAE DCRN RGC FTVGAE DeepEDD-A DeepEDD
ACC 56.03 64.00 63.80 68.92 70.40 71.00 74.02 7242 7334 7158 76.20 73.82 75.74
Cora NMI 4411 4490 45.00 53.68 52.80 50.25 53.90 5396 52.00 57.60 58.20 58.00 60.20
ARI 33.20 3520 37.40 - 49.60 47.02 4810 4722 50.10 49.46 56.70 56.04 58.37
ACC 4548 57.30 54.40 67.00 67.20 66.00 69.50 67.42 69.51 67.22 69.53 67.20 67.30
Citeseer NMI 29.14 35.00 26.10 41.13 39.70 38.70 4390 41.18 45.80 45.06 45.20 45.00 45.86
ARI 22.81 3410 24.50 - 41.00 40.20 4550 43.18 46.64 46.17 45.60 45.05 46.70
ACC 31.01 38.01 38.34 47.65 49.10 5121 51.08 5119 51.70 50.02 52.40 49.90 53.02
Wiki NMI 25.07 3417 32.81 4525 28.05 40.13 39.85 47.47 4231 43.00 45.02 48.00 49.01
ARI 4.23 10.09 10.63 - 32.80 30.91 33.07 33.08 3327 30.10 34.21 34.18 35.00
ACC 50.31 59.02 60.00 62.00 75.00 84.00 86.01 7853 8532 83.99 86.12 85.20 86.00
HHAR NMI 42.08 48.20 51.03 53.06 68.50 80.00 81.38 69.22 80.30 80.02 81.00 82.02 82.10
ARI 2223 31.80 40.00 - 59.90 7270 76.13 77.63 69.08 78.21 78.02 78.10 78.11
ACC 5120 62.09 61.79 67.25 73.62 7811 79.40 7497 79.70 7320 79.12 78.94 79.05
USPS NMI 4228 4811  41.02 53.02 71.10 74.02 7030 73.22 78.04 80.03 81.63 79.82 81.70
ARI 2423 31.04 30.00 - 63.30 70.19 70.21 69.03 69.23 70.29 72.39 73.00 73.02
ACC 1.22 3.21 2.02 12.84 29.40 30.10 31.00 30.11 29.70 23.90 30.12 28.94 28.95
Ogbn-arxiv. NMI 12.18 8.26 11.00 23.06  40.00 44.09 40.00 43.20 40.00 40.03 44.60 44.82 45.00
ARI 0.23 1.84 10.05 B 19.30 20.19 20.01 20.00 19.15 20.20 12.42 20.10 22.03

70

N DeepEDD
DeepEDD-g

N DeepEDD-s
DeepEDD-sg
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Figure 5: Explore the effect of different settings on the
overall performance of DeepEDD. DeepEDD-sg represents
the absence of both modules, the self-optimization, and
GAT(%).

the need for manual annotation, but it also substantially
enhances the algorithm’s generalization capabilities.

6.4. Ablation Study

In the preceding subsection, we briefly examined the
impact of fused AE coding on the overall algorithm, specif-
ically the outcomes of DeepEDD-A. We reference previous
work [62, 63, 64] regarding the setup of ablation experi-
ments and conduct an ablation study to validate the effec-
tiveness of each component in our method. This analysis

encompasses the GAT layer with a masking strategy, the
self-optimization module, the selection of reconstruction
targets, and the evaluation of generalization performance,
among others.

As depicted in Fig.5, DeepEDD-s represents the ver-
sion of DeepEDD that omits the self-optimization step,
DeepEDD-g represents the version that replaces the GAT
layer with GCN, and DeepEDD-sg represents the version
that replaces both components simultaneously. The perfor-
mance of DeepEDD-s is inferior across both datasets. The
results for DeepEDD-g show that while the decrease in ACC
values is not significant, both NMI and ARI values exhibit a
noticeable decline, indicating a reduction in interpretability
and generalization performance.

Subsequently, we conducted a comprehensive analysis
of the reconstructed targets through dedicated experiments,
as outlined in Table 7. We identified distinct reconstruction
targets using DeepEDD-N, DeepEDD-E, and DeepEDD-
G to represent the Node2vec-only target, AE structure-
only target, and GAE overall structure-only target, respec-
tively. Additionally, DeepEDD-AIl denotes the reconstruc-
tion aimed at amalgamating these targets. Upon analyzing
the data in the table, the following conclusions can be
drawn: the performance of the three models, DeepEDD-N,
DeepEDD-E, and DeepEDD-G, is comparable, while both
DeepEDD and DeepEDD-AIl demonstrate improvements of
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Table 5

The effect of different k value choices on different baseline. Bold and underlined values indicate the best and runner-up

results, respectively(%).

Dataset & Index TADW ARGE ARVGE AGC DAEGC SDCN DFCN EGAE DCRN RGC FT-VGAE DeepEDD-A DeepEDD
ACC 4813 5500 5580 5833 61.30 61.60 6201 5883 63.11 64.01 62.12 66.12 68.21
k=6 NMI 3401 3510 3601 31.61 3281 30.36 23.10 3357 42.01 50.85 43.31 50.00 51.30
Cora ARl 2311 2524 2741 - 2915 2642 2230 2745 30.30 40.09 31.50 41.01 42.09
ACC 4510 5360 5410 56.00 60.00 6174 6470 57.81 6201 63.92 62.00 65.10 68.02
k=8 NMI 3200 3340 3500 33.13 32.01 30.30 21.00 33.80 41.07 50.63 42.20 49.03 51.63
ARl 21.01 2229 2151 - 23.71 2747 2310 2410 31.00 39.06 31.00 41.00 43.00
ACC 2810 34.16 3560 4190 4527 4670 4910 52.00 5173 56.10 52.90 63.00 64.10
k=4 NMI 1412 2370 1113 2510 2473  19.32 28.04 27.14 2917 39.04 30.00 39.94 41.06
Giteseer ARl 431 1215 1040 - 2087 2050 2120 2300 2623 33.08 28.15 37.05 37.76
ACC 2690 3673 3364 4000 4558  46.86 46.80 52.80 5265 53.10 5450 62.04 63.85
k=8 NMI 1510 23.90 1041 2214 2070 1588 2502 27.85 29.60 38.06 30.40 37.90 40.85
ARl 300 997 1047 - 1855 1957 2023 22.80 2670 32.03 27.95 36.00 36.03
ACC 300 741 1023  19.03 20.00 2162 2156 2409 2510 20.01 22.69 36.01 37.08
k=14 NMI 203 507 485 14.65 4.90 1310 12.09 15.37 13.00 26.04 16.00 30.70 32.68
Wiki ARl 153 332 471 - 6.89 493 904 1634 1320 1190 14.60 2310 25.00
ACC 205 570 7.10 1351 20.30  20.02 2050 21.63 2415 19.91 21.00 34.06 36.98
k=20 NMI 200 6.00 5.5 15.03  4.21 12.00 10.03 14.30 13.79 29.10 14.20 29.90 31.42
ARl 101 423 400 - 6.90 395 900 1561 1426 20.80 14.65 24.04 25.10
Table 6 Table 7
Generalization and robustness testing results. Mean repre- Performance for different reconstruction target models(%).
sents the average of k’s prediction. Accuracy represents the C i
accuracy of k’s correct prediction. Methods ora iteseer
ACC NMI ARl ACC NMI ARI
USPS HHAR
Methods Mean Accuracy  Mean Accurac DeepEDD-N 73.88 58.68 54.90 67.00 43.91 45.82
y Y DeepEDD-E 73.15 58.60 55.00 65.06 43.86 45.57
MtL 7.0(+2.0)  5/10 7.2(+1.0) 3/10 DeepEDD-G  74.70 59.06 57.10 66.05 44.90 45.93
DNB 8.0(x4.0)  4/10 5.0(x0.00 0/10 DeepEDD-AIl 75.75 60.10 58.30 67.33 45.32 46.04
DED 11.0(x1.1)  4/10 9.0(+2.2) 6/10
S B DeepEDD 75.74 60.20 58.37 67.30 45.86 46.70
RGC 9.5(x0.5  9/10 5.8(x0.6) 810 P
DeepDPM  9.4(+1.0) 9/10 6.0(x0.9) 9/10
DeepEDD  10.0(+0.0) 10/10 6.0(£0.3) 9/10 s

approximately 1% across all three indicators, making them
comparable. However, DeepEDD-AIIl aims to rebuild GAE,
which leads to redundant node and edge reconstruction,
resulting in high computational complexity and wasted
computing power; thus, DeepEDD-ALII is not utilized as the
default setting.

We conducted a comprehensive exploration of various
experimental default settings. The experiments included
selecting the number of encoder layers, the sub-distribution
selection for the self-optimizing partial Q-distribution, and
evaluating the performance of the enhanced and optimized
density clustering algorithm. Additionally, we incorporated
node classification and link prediction tasks within the
DeepEDD framework to demonstrate the improved gener-
alization ability of our model. Our framework consistently
achieves the best or best-equivalent results across all tasks.

The data on the generalization performance experiment
is shown in Fig.6. The specific experimental design links
prediction and node classification, and the results are pre-
sented in Tables 8 and 9.

Finally, we present the following supplementary ex-
periments to further investigate the optimal experimental
parameters and clustering visualization. Tables 10, 11, and
12 display the results of the ablation experiments conducted

Average rank

23
2
16
1 l
0

DeepEDD S2GAE GraphMAE VGAE Deepwalk

Figure 6: The average rank of the algorithm for the link
prediction and node classification tasks.

to explore the parameters of the experimental setup. Overall,
we achieved the best results using a default Q distribution
with two GAT layers, in conjunction with our method for
automatically determining d.. We also show the impact of
CH values in Table 13. It can be seen that proper invocation
of inter-class information in CH is conducive to obtaining
more accurate k value. All experiments were conducted on
the Cora dataset.

6.5. t-SNE Visualization

In Fig.7, we employ #-SNE [44] to visualize the original
distributions of the Cora and Citeseer datasets, as well as
to compare the post-clustering distributions of AE, GAE,
EGAE, DFCN, and DeepEDD. The results clearly indicate
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(a) Cora

(9) Citeseer (i) GAE

(i) EGAE (k) DFCN (I) DeepEDD

Figure 7: 2D visualization on Cora and Citeseer

Table 8
Experimental results (ACC%) for the node classification
task.

Datasets Cora Citeseer DBLP
Deepwalk 73.32 48.24 76.37
VGAE 80.60 71.85 78.21
GraphMAE 84.22 72.74 80.57
S2GAE 84.14 72.21 80.14
DeepEDD 84.60 71.10 81.10
Table 9

Link prediction task experiment results (ACC%) where the
default metrics are AP.

Datasets Cora Citeseer DBLP
Deepwalk 81.77 72.77 91.76
VGAE 95.12 93.80 97.75
GraphMAE 88.32 91.54 68.60
S2GAE 93.96 94.22 98.76
DeepEDD 95.15 94.32 93.31

that DeepEDD effectively reveals the inherent clustering
structure among the samples, resulting in looser inter-cluster
distances and more compact intra-cluster formations.

6.6. Limitation

Experimental results show that while DeepEDD achieves
optimal performance on benchmarks such as Ogbn-arxiv, it
exhibits certain limitations when applied to very large-scale
graphs. Specifically, the algorithm’s inherent computational
complexity of O(n?) makes it less suitable for graphs
with hundreds of thousands of nodes, leading to signifi-
cant computational and memory bottlenecks. To address
this, targeted strategies must be adopted to enhance the
scalability and efficiency of DeepEDD. Potential solutions
include: 1) retaining only the top- k neighbors for each node
during message passing to reduce unnecessary computa-
tions; 2) leveraging graph partitioning techniques to divide
the original graph into manageable subgraphs, computing

local embeddings independently, and aggregating them via
a hierarchical module to reduce global overhead; and 3)
designing dynamic batch processing strategies that exploit
graph sparsity by focusing computation on node pairs
with high local correlation. These strategies not only offer
directions for improving DeepEDD’s efficiency but also
highlight promising avenues for future research—such as
the development of a dynamic graph-processing module or
the integration of a linear-complexity core to further reduce
the algorithm’s overall computational burden. In addition,
exploring the effective integration of DeepEDD into real-
world applications represents an important direction for
future research. Potential use cases include user group clus-
tering in recommendation systems [65] and the construction
of user profiles in e-commerce environments [66], where
the ability to capture complex structural information and
automatically determine clusters could provide significant
practical value.

7. Conclusion

In this paper, we propose a new nonparametric deep
graph clustering method, DeepEDD, whose core compo-
nents are a fusion graph masking autoencoder and a novel
algorithm based on effective distance and density, referred
to as EDD. In this context, we distinguish our approach
from the original method through the incorporation of inno-
vative mechanisms, notably cluster number estimators and
determiners. Mathematical calculations and experiments
demonstrate that DeepEDD outperforms existing parametric
and nonparametric clustering methods. We also illustrate
the added value that nonparametric methods contribute to
deep clustering in terms of sensitivity to and importance of
the hypothesis k. Furthermore, we have demonstrated the
generalization capabilities of DeepEDD, which is the first of
its kind to perform connection prediction and node classifi-
cation tasks. However, because of the mask mechanism, the
existing data reconstruction process depends on the quality
of the target data. In addition, the hyperparameters in the
process of coding fusion also need to be well set. Therefore,
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Table 10

O, stands for using only Z, as the Q-distribution.The Q,,
representation uses Z,, and Z,. Q stands for the default
setting(%).

Methods ACC NMI ARI
0, 74.64 56.60 55.00
0, 73.28 55.30 55.64
o 75.74 60.20 58.37
Table 11

We conducted experiments using 1 Layer,2 Layers (default
settings), and 4 Layers GAT as the basis of the mask
encoder(%).

Methods ACC NMI ARI

1 layer 67.00 49.80 53.41
2 layers 75.74 60.20 58.37
4 layers 75.05 56.00 58.01
Table 12

The effect of different truncation distances d. d,; stands for
before improvement. Experimentation in 10 and 20 rounds.
Mean represents the average of k’s prediction. Accuracy
represents the accuracy of k’s correct prediction.

Methods Mean K

d, 7.80 7/10
d, 7.10 10/10
d, 717 19/20
Table 13

The influence of CH value on prediction accuracy. Mean rep-
resents the average of k’s prediction. Accuracy represents
the accuracy of k’s correct prediction.

Methods Mean K

CH(v=09) 8.02 7/10
CH(v=0.8) 8.70 5/10
Without CH 6.92 9/10

the future work will focus on how to achieve the non-
parameterization of each module.
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