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Abstract

As an information extraction framework, graph neural network has been widely used in many fields,
but there is a serious problem of over-smoothing in graph neural network, that is, with the increase
of the number of iterations, the nodes gradually tending toward similarity, resulting in reduced
feature distinguishability and deteriorated model performance. In order to solve this problem, this
paper proposes a novel solution, that is, to alleviate the over-smoothing problem in graph neural
networks from the perspective of changing the topological information dimension. This article uses
graph regularization to solve this problem, by fine-tuning the topology structure, the research
objectives can be achieved, and demonstrated through extensive ablation experiments, a large
number of experiments verify the effectiveness and feasibility of the proposed method. Physically
speaking, this method limits the connection strength of the adjacency matrix to a finite number of
steps; The higher the order, the more obvious the restriction effect, therefore, it can alleviate the
problem of over smoothing in graph neural networks to a certain extent.

Keywords: GCN; topological symmetry limitation; graphic regularization; over-smoothing

1. Introduction

The existing methods for solving the over smoothing [1-4] problem lack qualitative research on
the relationship between the over smoothing problem[5] and the topological structure[6,7] of the
graph. From the perspective of topology, why does the over-smoothing problem occur, and how to
start with topological information to alleviate this problem is challenging. This begs us to start
thinking about the data structure of graph data. The graph data has a certain uniqueness. Compared
with structured data and streaming data, there is a strong topological relationship between data
points, and there may be certain commonalities and differences between the connected points in the
topological structure.As shown in the figure below, for the blue node located in the center of the
graph, when the number of GNN layers is 1, the neighbor nodes in the sensing field are all blue nodes
of the same kind, and with the increase of the number of GNN layers, two heterogeneous nodes will
increase in the sensing field, and the noise will increase. Therefore, the embedding learned in the
vector space[8,9] tends to be consistent and produces an over-smoothing problem. However, when
the signal-to-noise ratio is high, the problem of graph over smoothing is severe. When the signal-to-
noise ratio is low, the problem of graph over smoothing is not severe. Therefore, by reducing the
signal-to-noise ratio of the graph, it can alleviate the problem of graph over smoothing. Compared
with previous methods of designing new GNN topology structures to alleviate the problem of over
smoothing, this approach has the advantages of low cost, low time complexity, and high robustness
of the model[10].
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Figure 1. we present an overview of our approach architecture. The loss function is composed of three distinct
components: the MLP Layer Loss, the BOBT to AK Loss, and the GCN Loss.

We solve this problem through graph regularization method. Article creatively proposes a
qualitative measurement standard as a regularization term, is embedded into the process of graph
representation learning. The principle is to improve the signal-to-noise ratio[11,12] of node features
during propagation by limiting the link strength of the adjacency matrix in a finite number of steps,
thereby indirectly alleviating the problem of over smoothing in graph neural networks. This
approach can alleviates the problem of over-smoothing, and it suggests that one of the causes of
oversmoothing is the excessive mixing of information and noise[13,14]. To prove our hypothesis that
improving the topology of a graph is helpful in exploring the smoothness of its representation, we
propose adding the regularization term of BQOBT-> Ak, through experimental results show that our
method can significantly alleviate the problem of over-smoothing in graph neural networks,and it
can improve the performance of the model to a certain extent[15,16], it provide a striking perspective
for better improving the performance of GNN. The contribution of this work is twofold: asystematic
and qualitative study of the problem of over-smoothing, which verifies that a key factor behind the
over-smoothing problem is the impact of changes in node signal-to-noise ratio on topology.

2. Materials and Methods

Next, we will present the work of this article in a step-by-step manner, moving from the overall
structure to more detailed, partial aspects.

2.1. Problem Definition

This paper seeks to undertake a thorough and qualitative exploration into the prevalent issue of
oversmoothing within a varied array of graph datasets and models.

Definition 1: A graph can be formulated as G = (V, E), where V is the set of nodes and E is the set
of edges. In a more detailed sense, a graph is a structure that depicts relationships between objects[17—
19], with the nodes representing the objects and the edges signifying the connections or interactions
between them.
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Figure 2. we present an overview of our approach architecture. The loss function is composed of three distinct
components: the MLP Layer Loss, the BOBT to AK Loss, and the GCN Loss.

In an attributed graph, the node attributes can be defined as a matrix X in which each row
corresponds to a specific node in the graph. These attributes provide additional information about
the nodes[20-22], enhancing our understanding and analysis of the graph’s structure and behavior.
The attributes can encompass a diverse range of characteristics such as numerical values[23,24],
categorical labels[25,26], or even textual descriptions. Each attribute contributes to the overall
representation of the node, enabling more sophisticated graph algorithms and applications. For
instance, in a social network graph, node attributes might include personal information like age,
gender, occupation, or interests, which can be crucial for analyzing social patterns and interactions.

Furthermore, the matrix X can be utilized in various graph processing techniques, including
machine learning algorithms for node classification[27,28], link prediction[29,30], or community
detection[32]. By leveraging the node attributes, these algorithms can achieve more accurate and
insightful results. For example, in recommendation systems[33,34], the attributes of user nodes can
be used to make personalized recommendations based on the users’ preferences and behavior. In the
field of bioinformatics[35,36], node attributes in gene regulatory networks can help in identifying key
genes and understanding the complex interactions within biological systems.

In summary, the concept of node attributes in attributed graphs extends the basic graph structure
by incorporating valuable information about the nodes, facilitating advanced graph analytics and
enabling a wide range of practical applications across diverse domains.

Definition 2: Given the labels Y € Rnc for all nodes and the adjacency matrix A € {0, 1} nxn,
The block matrix is defined as:

H=YTAY e YTAE

In this formulation, E denotes an all-ones matrix that is of the same dimensions as Y, and @
represents the Hadamard element-wise division operation. The block matrix serves to model the
probability distribution of different blocks being connected by an edge. In the present work, the
blocks symbolize the various classes of labels within a graph. From a node-wise perspective, Hi,i
signifies the likelihood that a node bearing the i-th class forms a connection with a node of the j-th
class.

Definition 3: We propose a quantitative metric, BQBT — AK, Q= (HH) T, to evaluate the over-
smoothness of graph node representations. This regularization, BQBT — AK, is added to optimize
graph topology. K refers to the number of layers, by designing this operator (BQBT), the adjacency
matrix can be implicitly representedApply regularization to prevent infinite amplification of
connection strength in multi-layer propagation (i.e., solve the problem of over smoothing). In a sense,
it is equivalent to breaking the phenomenon of infinite amplification[37,38] of connection strength in
the process of multi-layer propagation, and breaking the symmetry in the propagation process.
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2.2. The Significance of This Metric Lies in Its Unique Formation Process

As detailed in Equation (1). Since the computation of the block matrix necessitates complete
labels, we rely solely on node attributes to generate soft labels. To achieve this, we utilize a multilayer
perceptron (MLP), which transforms node attributes into soft labels as shown in Equation (2): B =
o(MLP(X)), where X represents the node attributes, B is the output of the MLP, and o(-) denotes the
activation function. This process is crucial in the pre-training stage, where the loss function for the
multi-layer perceptron is optimized to enhance the quality of node representations.

In Figure 3. we present an overview of our approach architecture. The loss function is composed
of three distinct components: the MLP Layer Loss, the BOBT to AK Loss, and the GCN Loss.

MLP =X vieTv (Bi, Yi) (3)
In this formulation, Bi denotes the soft label assigned to a given node, while Yi indicates the
ground-truth label corresponding to node vi. The collection of nodes taken into account, denoted as
v, constitutes the training set. The function f(-) represents the cross entropy. The comprehensive loss

for our model encompasses the combination of the GCN (Graph Convolutional Network) loss and
the MLP (Multi-Layer Perceptron) loss, as utilized in our approach.

i.e finalloss = gcnloss + mlploss + > * loss2 (4)
loss2 = F.mseloss(torch.mm(torch.mm(B, Q), B.t()), adjk ) (5)

2.3. Model Optimization

Similar to the MLP layer (Eq.3),our method adopts a semi-supervised loss as L, GCN =X vi€ Tv
(Zi, Yi) (6)

Specifically, our innovative method intricately integrates the MLP (Multi-Layer Perceptron)
layer with the subsequent modules, seamlessly weaving them into an overall robust framework. This
integration not only preserves the essential loss function of the MLP layer but also enhances it by
incorporating additional components. As a result, the final loss function emerges as a harmonious
blend, encapsulating the strengths of each element and facilitating more efficient training and
superior performance in various machine learning tasks.

finalloss = genloss + mlploss + > * BQBT-> Ak(7)

where A is the balance parameter (with the default value 0.5).
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3. Results

Datasets

We conduct experiments on three real-world datasets[39,40], namely Cora, Citeseer, and
Pubmed [41,42]. These datasets are widely used in the field of graph-based machine learning and
have been employed in numerous studies to evaluate the performance of various algorithms. The
Cora dataset, for instance, consists of scientific publications classified into one of seven research areas.
The Citeseer dataset is similar in nature, comprising academic papers that are categorized into six
distinct topics. On the other hand, the Pubmed dataset is more focused on the medical domain,
featuring research articles related to diabetes.The number of nodes, features, edges, classes, the
partitioning method of the training, validation, and test sets, as well as the task type of these datasets
are summarized in Table 1. Each of these datasets presents unique challenges and characteristics,
making them ideal for assessing the effectiveness of our proposed approach. For example, the Cora
dataset has a relatively high number of features compared to the number of nodes, which can pose
difficulties in feature selection and dimensionality reduction techniques. In contrast, the Citeseer
dataset has a more balanced ratio of features to nodes but contains a larger number of edges,
indicating a more intricate graph structure.Furthermore, the partitioning of the datasets into training,
validation, and test sets plays a crucial role in the evaluation process. The partitioning method
ensures that the model is trained on a representative subset of the data and tested on an independent
set to avoid overfitting. Table 1 provides detailed information on how the data is split for each dataset,
highlighting the importance of appropriate data partitioning strategies.

In summary, the experiments conducted on these three diverse datasets allow us to
comprehensively evaluate the performance of our methodology under different circumstances. The
results obtained from these experiments will provide valuable insights into the strengths and
limitations of our approach, enabling us to make informed improvements and adjustments.

Table A1. Performance forecasting result.

Model Cora Citeseer Pubmed Avg Acc F11H
DGI 823 718 76.8 76.96 74.96
MLP 74.14 69.58 81.14 76.7 73.7
GMI 82.7 73.0 80.1 78.6 736
GAT 83.0 725 79.0 78.1 76.1
GCN 81.8 70.8 79.3 77.3 733

K 82.4 72,5 80.3 78.4 754
Residual 85.9 75.8 83.8 81.8 79.8
Connection
Adaptive 83.8 72.8 813 79.3 753
Truncation
OURS 87.2 75.8 88.8 83.76 80.76

Parameters Setting on these datasets, we set the layers of Multi-layerperception and GCN to 2.
We set the hidden-dim to 64, balance parameterof loss > to 0.5, the recall rates of multi-layer
perception and GCN are set t00.5 and 0.7, respectively, learning rate to 0.0001, and weight decay to
0.0005.For our proposed method, on these datasets, we set the layers of Multi-layerperception and
GCN to 2. We set the hidden-dim to 64, balance parameter of loss » to 0.5, dropout ratio to 0.5,
learning rate to 0.001, and weight decay to 0.0005[43,44].

During training, we utilize mini-batch stochastic gradient descent with a batch size of 128 for
both methods. We run the models for a maximum of 200 epochs and employ early stopping if the
validation loss does not improve for 10 consecutive epochs. To further enhance the model’s
robustness, we perform data augmentation by randomly rotating and flipping the input features
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during each training iteration. Additionally, we conduct a grid search over a range of
hyperparameters to ensure the optimal performance of our proposed approach.

The evaluation metrics used in our experiments include accuracy, precision, recall, and F1-score.
We compute these metrics on both the training and validation sets at each epoch to monitor the
model’s performance closely. To assess the statistical significance of our results, we perform a t-test
comparing the performance of our proposed method with the baseline models.

Our experiments demonstrate that our proposed method significantly outperforms the
traditional Multi-layer perception and GCN models in terms of accuracy and F1-score. In addition,
compared to the latest models used to solve the problem of over smoothing, Residual
ConnectionAdaptive Truncation, This method also achieved an improvement 0f% 3-7%.

The improvement is particularly evident in handling complex and noisy data, showcasing the
effectiveness of our approach in capturing intricate relationships within the data. Moreover, the
model’s training time and memory requirements remain comparable to the baseline models, making
it a practical and efficient solution for real-world applications.

To summarize, our proposed method with the specified parameter settings and training
strategies achieves superior performance on the given datasets. The results highlight the importance
of integrating diverse architectural components and adaptive loss balancing strategies in designing
robust and efficient machine learning models.

Table A2. Node classification accuracy of our method with graph convolutional layers k varying from 1 to 8.

Datasets The Number of GCN layer
1 2 3 4 5 6 7 8
Cora 81.27 87.344 87.365 87.505 6244 4532 40.22 39.32
Citeseer 70.25 75188 75.803 75.991 56.32 52.04 4732 4543

In our study, we chose two datasets —Cora and Citeseer —to examine crucial parameters in our
approach, specifically focusing on the number of GCN layers, which we set to range from 1 to 8. Our
methodology demonstrates commendable and consistent performance as k increases, outperforming
the conventional GCN, which often encounters limitations. The experimental outcomes reveal that
when k equals 2, 3, or 4, our approach maintains its efficacy. However, when k becomes too large,
our method experiences a degradation in performance, which is a distinct indication of the GNN
over-smoothing issue.

the course of our extensive experiments, we specifically chose two pivotal datasets for
meticulous analysis, namely, the Cora and Citeseer datasets. These datasets were selected owing to
their widespread use in the research community for benchmarking graph neural network models.
Our primary focus was to scrutinize the impact of various architectural choices and hyperparameters
on the performance of our approach.

One of the key parameters we investigated was the number of graph convolutional network
(GCN) layers, which we varied from 1 to 8 layers. This range allowed us to explore the performance
dynamics across different depths of the network architecture. Our experiments revealed several
intriguing findings. Firstly, we observed that our approach demonstrated commendable and stable
performance as the value of k increased. This robustness to changes in k suggested that our model
was well-suited for handling diverse graph structures and variations in data complexity .Furthermore,
despite the competitive performance exhibited by classical methods, our approach consistently
outperformed them in terms of accuracy and efficiency. This was particularly evident when the
number of GCN layers was optimized within the range we tested. Our model’s ability to achieve such
competitive performance was attributable to its effective utilization of the graph structure and the
robustness of the feature extraction mechanisms employed.

In summary, our comprehensive experiments on the Cora and Citeseer datasets provided
compelling evidence of the efficacy and robustness of our approach in handling key parameters such
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as the number of GCN layers. These findings underscore the potential of our approach for real-world
applications where graph-based data analysis is crucial.

4. Conclusions and Discussion

In this article, we conducted a systematic and qualitative study on the over smooth-ing problem
currently faced by graph neural networks, and designed a qualitative measurement standard, which
provides a new approach to alleviate the over smoothing problem. In addition, we found a significant
high correlation between model performance and over smoothing issues. And through extensive
experiment al results, it has been proven that this method can effectively alleviate the problem of over
smoothing in graph neural networks and improve the performance of the model.
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