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At present, the graph neural network has achieved good results in the semisupervised classification of graph structure data.
However, the classification effect is greatly limited in those data without graph structure, incomplete graph structure, or noise. It
has no high prediction accuracy and cannot solve the problem of the missing graph structure./erefore, in this paper, we propose
a high-order graph learning attention neural network (HGLAT) for semisupervised classification. First, a graph learning module
based on the improved variational graph autoencoder is proposed, which can learn and optimize graph structures for data sets
without topological graph structure and data sets with missing topological structure and perform regular constraints on the
generated graph structure to make the optimized graph structure more reasonable. /en, in view of the shortcomings of graph
attention neural network (GAT) that cannot make full use of the graph high-order topology structure for node classification and
graph structure learning, we propose a graph classificationmodule that extends the attentionmechanism to high-order neighbors,
in which attention decays according to the increase of neighbor order. HGLATperforms joint optimization on the twomodules of
graph learning and graph classification and performs semisupervised node classification while optimizing the graph structure,
which improves the classification performance. On 5 real data sets, by comparing 8 classification methods, the experiment shows
that HGLAT has achieved good classification results on both a data set with graph structure and a data set without graph structure.

1. Introduction

Real-world data sets have many manifestations. From a macro
point of view, we divide them into two data types with graph
structure and nongraph structure in this paper. Graph
structure data refers to data that is in the form of a network.
/e network is a way of representing relationship information
between entities. Many real-world data sets can be represented
by networks. For example, the citation network that reflects the
citation relationship between scientific papers [1], the social
network that facilitates the association and social activities
between users [2], the protein interaction network that involves
complex biological processes [3], etc. Nongraph structure data
refers to data that does not have a network form, such as image
data in computer vision or economic data of a city.

At present, there are many research results on two types of
data classification of graph structure and nongraph structure.

For example, for data with nongraph structure, SVM [4],
random forest [5], logistic regression [6], and other machine
learning methods and clustering methods [7] can achieve
excellent classification results. In a network with a graph
structure, node classification usually uses the given categories
of some nodes to predict the category of unlabeled nodes./is
task is also called semisupervised node classification. For
example, the traditional label propagation algorithm [8, 9]
learns the models that transform node features into node
labels and add regularization items to classify nodes; the
Skipgram model [10] on the text corpus inspired modern
graph embedding methods, such as DeepWalk and random
walk. /ese methods generally calculate the network node
embedding first and then perform node classification. Data
classification is to merge data with certain common attributes
or characteristics and distinguish the data through the at-
tributes or characteristics of its categories.
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In recent years, graph neural networks (GNNs) [11] have
received more and more attention in solving the problem of
semisupervised node classification in noneuclidean space. In
addition to node classification, GNNs are also widely used in
knowledge graphs [12], adversarial attacks [13], combina-
torial optimization [14], computer vision [15], and many
other practical problems. As researchers discovered that
convolutional neural networks [16] can significantly im-
prove computer vision tasks by learning layered filters, how
to extend convolution operations from European spatial
data (such as images) to graph structure data has become a
research hotspot. /e graph convolutional network (GCN)
[17] proposed by Kipf and Welling in 2014 has made great
progress in the classification of graph structure data. It is the
basis of many subsequent complex graph neural network
models.

On the basis of GCN, Veličkovićet al. [18] proposed a
graph attention neural network (GAT). GAT mainly uses
node features and 1-hop neighbors to calculate attention
scores. By assigning different weights to different nodes in
the neighborhood, it can effectively combine the discrete
structure and node features between data points. Compared
to graph convolutional neural networks (GCNs), GAT en-
hances the ability of processing noise and greatly reduces
dependence on graph structure. Although many successes
have been achieved, it should be noted that the attention
score in GATis mainly calculated based on the content of the
nodes, the graph structure is only used for the calculation of
the attention coefficient, and only one-hop neighbors will
participate in the calculation, which does not make good use
of the high-order neighbor information of the graph
topology.

Although the graph neural network can better handle
those network topology data with complete and available
relationships, its application scenarios are greatly restricted
when there is no network topology structure or the network
structure data is incomplete and noisy. /erefore, trans-
forming nongraph structure data into graph structure data
and optimizing incomplete or noisy graph structure data are
challenging problems in the current application field of
graph neural networks.

For data sets without network topology, a feasible so-
lution is to artificially construct a graph structure based on
the similarity between the data [19–21], for example,
k-nearest neighbor (kNN) with Gaussian kernel and ε-radius
network construction technology. However, these models
rely on the selection of the number of neighbors k, the radius
ε, and similarity metrics. /e values of k and ε are very
sensitive to the local structure of the data and the network
topology obtained by artificially selecting the values and may
not correctly reflect the original data distribution charac-
teristics. /erefore, in this paper, we use a Bayesian opti-
mization search to obtain the appropriate number of
neighbors k. In addition, Li et al. [22] used a block-diagonal
graph structure, which can easily obtain a reliable number of
clusters and retain the internal cluster structure of the
subspace. /is method focuses more on the improvement of
clustering performance but lacks the optimization of net-
work reconstruction. Henaff et al. [23] proposed that a fully

connected supervised graph can be learned from a separate
network. Since graph learning is performed separately, it
cannot guarantee that the learned graph structure can be
well adapted to semisupervised classification. Franceschi
et al. proposed a new model LDS [2], which parameterizes
the entire graph and approximately solves bilevel pro-
gramming to jointly learn the graph structure and GNNs
parameters. /e number of parameters to be optimized by
this method increases quadratically with the increase of
nodes, the memory and time costs are too large, and it is
difficult to be used for the calculation of large data sets.

In order to solve these limitations, in this paper, we
propose a high-order graph learning attention neural net-
work model (HGLAT) that can effectively improve classi-
fication performance. /e main contributions of this model
are as follows:

(1) We propose the method for learning graph structure
based on an improved variational graph autoen-
coder, which can learn and optimize graph structure
for data sets without topological graph structure and
data sets with missing topological structure.

(2) We propose the semisupervised classification
method that extends the attention mechanism in
GAT to higher-order neighbors in the network to-
pology, which can effectively capture the informa-
tion of high-order neighbors by attenuating the
attention of high-order neighbors in accordance with
the increasing order.

(3) We propose the high-order graph learning attention
neural network, which jointly optimize graph
learning and semisupervised classification to im-
prove the performance of node classification.

/e rest of this paper is organized as follows. Section 2
shows the related work. Section 3 describes the high-order
graph attention neural network proposed in this paper.
Section 4 is the numerical simulation and result of the
analysis. Section 5 gives conclusions.

2. Related Work

At present, there are many semisupervised classification
algorithms. Our proposed algorithm is obviously different
from the existing algorithms. We use an improved varia-
tional autoencoder for graph learning to obtain richer
hidden information and propose a high-order graph at-
tention neural network for semisupervised classification.
/e following is the relevant research basis.

2.1. Graph Convolutional Neural Network. Network em-
bedding aims to use low-dimensional and dense vectors to
represent high-dimensional, sparse networks while retaining
the topological structure of the network [24]. Researchers
have proposed many network embedding models ranging
from unsupervised (such as DeepWalk [25]) to supervised
learning methods (such as SemiGraph [26]). In general,
similar or close nodes in the network have similar em-
bedding representations [27]. Graph neural network (GNN)
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is a series of neural network models specially developed for
learning network data. GNN learns the structural charac-
teristics of the network through efficient neighborhood node
information aggregation [11] to obtain the embedded rep-
resentation of the network.

Graph convolutional network (GCN) [17] is generally
used to deal with irregular graph structure data. Recently,
many related algorithms have been proposed, which can be
generally divided into four categories: graph convolutional
neural networks based on the convolution theorem, graph
convolutional neural networks based on aggregation func-
tions, deep graph convolutional neural networks, large-scale
graph convolutional neural networks. GCN uses a spectral-
based convolution filter, by which nodes can aggregate
features from their respective local map neighborhoods for
representation learning. /is convolution learning mecha-
nism has been proven successful in many analysis tasks, such
as link prediction [28], image recognition [29], and new drug
discovery [30]. Following a similar convolutional graph
embedding scheme, researchers have proposed multiple
GNN models with more efficient information aggregators.
For example, the graph attention network (GAT) [18] learns
to assign different importance weights to each node so that
nodes can highlight important neighborhoods when ag-
gregating features. GraphSAGE [31] learned a set of ag-
gregation functions for each node to flexibly aggregate
information from neighborhoods in different hops. Re-
cently, APSEGAT [32] explored a graph attention network
based on adaptive progressive scaling.

2.2.GraphTopologyStructureOptimization. Graph structure
data with noise or incompleteness and other uncertainties
often lead to poor performance of graph analysis methods
[33]. /erefore, in recent years, researchers have proposed
optimizing graph structure to improve the performance of
graph analysis algorithms. Rong et al. [34] thought that
overfitting and oversmoothing are the two main obstacles to
the development of multilayer graph convolutional net-
works for node classification. Randomly deleting a certain
number of edges from the input graph during each training
period can prevent oversmoothing. Franceschi et al. pro-
posed an LDS model [2], which parameterizes the entire
graph and approximately solves two-level programming to
jointly learn graph structure and GNN parameters. Li et al.
[35] proposed the EACI model, which proposed a zero-shot
complex event detection method and paid more attention to
the semantic correlation between concepts and events. Haija
et al. [36] pointed out that it is possible to learn the
neighborhood hybrid relationship of general categories by
repeatedly mixing the feature representations of neighbors at
various distances. Liang et al. optimized the graph topology
by adjusting the edges between and within the community
[37] and obtained potential information by jointly im-
proving the network topology and learning network pa-
rameters. Shi et al. [38] maximized the consistency of
aggregated information by aligning the network in topo-
logical and semantic aspects.

3. High-OrderGraphLearningAttentionNeural
Network (HGLAT)

In view of the problem that the graph neural network cannot
process data without graph structure, and the effect is not
good when the graph structure data is missing and with
noise, we can learn the corresponding graph topology for the
data without graph structure through the improved varia-
tional graph autoencoder, the graph structure can be op-
timized for missing or noisy graph structure data, and a
high-order attention mechanism is proposed to perform
more efficient semisupervised classification of nodes in the
graph structure.

3.1. Problem Description. Given a data set without graph
structure or a complex network G � (V, E) without weights
and directions, where V � v1, v2, . . . , vN  represents the set
of nodes and E represents the set of edges, we use N, M to
denote the number of nodes and edges, respectively, and A

to denote the adjacency matrix of N × N. If there is an edge
between vi and vj, then Aij � 1; otherwise, Aij � 0. In the
module of the learning graph structure we proposed, Aij

represents the probability of the edge between vi and vj, and
Aij ∈ [0, 1].

Our goal is to extend the attention mechanism from
direct neighbors of nodes to higher-order neighbors, making
full use of the higher-order graph topology information to
classify data points or network nodes.

3.2. Algorithm Framework. /e model consists of a graph
learning module and a semisupervised classification module.
/e model architecture is shown in Figure 1 and consists of
the following four steps.

(1) If the object classified is a data set without a graph
structure, we use the k-nearest neighbor algorithm
(kNN) to transform the data set into an initialized
sparse network, denoted by “initial graph structure
A.” If the object to be classified is nodes of the
network, no processing is done, which is the “initial
graph structure A.”

(2) Graph structure learning: the graph structure is
reconstructed through our improved variational
graph autoencoder IVGAE. By adding a regulari-
zation term to the reconstruction loss, the generated
graph structure is guaranteed to be sparse and
connected, and a new graph structure A is generated.

(3) High-order graph attention neural network (HGAT)
model: it is proposed to extend the attention
mechanism to high-order neighbors and effectively
aggregate features from high-order neighbors.

(4) Semisupervised classification training: the two
modules of graph structure learning and HGAT
(semisupervised module) are jointly optimized to
complete semisupervised classification.
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3.3. Learning Graph Structure Based on Improved Variational
Graph Autoencoder. In this section, we propose an improved
variational graph autoencoder (IVGAE). IVGAE is based on
the structure of the variational graph autoencoder (VGAE)
[11], andwe propose a new objective function and optimization
method to learn graph structure. UsingGCN as an encoder, the
propagation mode between GCN layers can be expressed as

H
(l+1)

� ReLu D
− (1/2) A D

− (1/2)
H

(l)
W

(l)
 , (1)

where H(l) represents the output of layer l; H(0) � X. A �

A + I is an adjacency matrix with self-loops, I is the identity
matrix, D is the degree matrix of A, and Dii � j

Aij. W(l) is
the parameter of the first layer. /e output layer result
obtained by an L-layer GCN is

Zout � H
(L)

W
(L)

, (2)

where Zout⊆RN×c, where c represents the dimension of the
embedding vector of the output layer node. GCN encoding is
used to obtain the variance and mean of the embedding of
the node. /is process can be expressed as

μ � GCNμ(X, A), (3)

log σ � GCNσ(X, A), (4)

where μ⊆RN×f and log σ⊆RN×f , respectively, represent the
mean and variance of the embedding vector output by the
encoder, f represents the dimension of the vector,
X � x1, x2, . . . , xN ⊆RN×d represents the feature matrix, xi

represents the feature vector of node i, and d represents the
dimension of node feature. GCNμ and GCNσ share the first
layer parameter W(0). After obtaining the mean and variance,
the embedding vector Z can be obtained by sampling, and the
reconstructed graph structure

A � ZZ
T

  (5)

can be obtained by decoding the embedding by the decoder.
Before semisupervised classification, the original

graph structure is optimized, and the generation of a new

graph structure can be regarded as an unsupervised task.
Different from only using the similarity measure as the
method of learning graph structure, here, we use IVGAE
to supplement the original topological structure with edge
information and, at the same time, implement the model
for unsupervised learning according to the original graph
structure and node features, so that we can better find
some hidden information that is not reflected in the
existing structure. Specifically, we take the node feature X

and the original graph structure A as input, and the
encoder and decoder are defined in formulas (3)–(5).
After decoding the encoder, we can get a new graph
structure as

A � Decoder(Encoder(X, A)). (6)

Because our graph learning model is to learn the hidden
parts that are not included in the original graph structure,
the learned graph structure does not need to use the ob-
jective function to ensure that the graph structure gener-
ated by the training is the same as the original structure. So,
our objective function does not need to calculate the cross-
entropy between the new graph structure and the original
graph structure. In addition, we hope that the distribution
calculated by GCN is as similar as possible to the standard
Gaussian. So, the loss function is composed of KL diver-
gence as

ℓivgae � KL[q(Z|X, A)‖p(Z)], (7)

where q(Z|X, A) is the distribution calculated by GCN and
p(Z) is the standard Gaussian distribution. In order to
ensure that the generated graph is meaningful and usable,
we need to ensure that each node has at least one edge
connected to other nodes, and we want the generated
graph structure to be as sparse as possible. In order to meet
these expectations, according to a general model proposed
by Kalofolias et al. [39] that can learn graph structure
without prior information available, we add constraints to
formula (7) to obtain IVGAE, which is the objective
function of the graph learning module as

Initial graph
structure A

IVGAE New graph
structure A∗

Graph learning loss Classification loss

Joint optimization

A

Encoder Decoder

Data Points

kNN

Generate graph Graph learning module Semi–supervised module

Calculate
higher-order

attention
coefficients

Node
Classification

HGAT

Figure 1: HGLAT model architecture. /e dashed box is a data set without a graph structure. /e initial graph structure needs to be
generated through kNN clustering to be used as the input part of IVGAE. /is step is not required for a data set with a graph structure.
IVGAE is a graph learning module, which generates a new graph structure A, and calculates the graph learning loss. A is symmetrized and
combined with the initial graph structure to obtain A∗, and then, A∗ is used as the input of HGAT. HGATcalculates high-order neighbor
attention coefficients, performs semisupervised node classification, and calculates the classification loss. /e two modules are jointly
optimized to obtain semisupervised classification results.
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ℓGL � ℓivgae � KL[q(Z|X, A)‖p(Z)]

−
α
n
1Tlog(A

⌢
1) −

β
n
2‖

A‖
2
F ,

(8)

where the parameters α> 0 and β≥ 0 are used to control the
penalties for connectivity and sparsity, respectively, and n

represents the number of nodes in the graph. After getting
our new adjacency matrix A∗, we need to symmetrize it to
ensure that the values at the corresponding positions of the
upper and lower triangles are consistent as

Aij,
Aji �

Aij,
Aij



< Aji



,

Aji,
Aij



≥ Aji



.

⎧⎪⎨

⎪⎩
(9)

We need to fuse the original structure with the new
graph structure obtained and use the parameter η to control
the proportion of the new and old structures during the
fusion as

A
∗

� (1 − η)A + ηA. (10)

3.4. High-Order Graph Attention Neural Network Model.
/e graph neural network generally learns the embedding
representation of a node through its neighbors and com-
bines the attribute value of the node with the graph
structure. /e strategy of aggregating node neighbors in
GCN is to integrate its node representation with all first-
order neighbors equally, regardless of neighbor differences.
GAT considers the importance of different neighbors and
assigns different weights to different neighbor nodes. First,
the graph attention layer of GAT calculates the similarity
coefficient.Between vertex i and its neighbor j according to
the input node feature vector setX � x1, x2, . . . , xN ⊆RN×d,
where f(·) represents the mapping of RN×d×

RN×d⟶ RN×d, this paper uses a single-layer feedforward
neural network, and W ∈ Rd×d is a shared weight matrix,
which increases the dimension of the vertex feature, which is
a common feature enhancement method. [·||·] means to
splice the transformed features of nodes i and j. In order not
to lose the graph structure information, GATuses a masked
attention method, which only allocates attention to the set of
neighboring nodes of the node. If not doing this, when
performing self-attention calculations, attention will be
distributed to all nodes in the graph, which will result in the
loss of graph structure information. In order to make the
coefficients comparable between different nodes, GAT uses
the softmax function to normalize them:

aij � softmaxj eij  �
exp eij 

r∈Γiexp eir( 
, (12)

where Γi represents the first-order neighbor set of nodes i.
However, the propagation process of information in the
graph is related not only to its first-order neighborhood but
also to its high-order neighborhood. In both GCN and GAT,
only the features of the first-order neighborhood node are

aggregated, which to a certain extent hinders the capture of
high-order interactive information between nodes in the
graph and also limits the ability of the model. /erefore, we
assign attention to the high-order neighborhood of the node
according to the node weight matrix, and at the same time,
we can make better use of the graph structure information,
as shown in Figure 2. We propose to consider the k-order
neighbor nodes in the graph to obtain an approximate high-
order attention decay matrix:

Q � Atte(1)M + Atte(2)M
2

+ . . . + Atte(k)M
k
,

Atte(k) � e
− k2/2h2( ),

(13)

where M is the transition matrix of N∗N, the value of Mij

is determined by the ratio of the weight of the edge between
nodes i and j to the sum of the weights of all connected edges
of node i, Mij � A∗ij/Di, where A∗ is determined by equation
(11), and Di � j∈ΓiA

∗
ij, where Γi represents the set of

neighbors of node i. /erefore, Mk can represent the k-order
topological correlation between node j and node i, and
different k can be selected for different data sets, so as to
balance the accuracy and efficiency of the model. Atte(k)

represents the attenuation function. We can think that as the
order k increases, the influence of the k-order neighbors on
the node will gradually attenuate. Considering the effects of
the three attenuation functions Logistic, Log-Logistic, and
Gaussian through experiments, the best attenuation func-
tion Gaussian is obtained. h represents the parameter in the
Gaussian decay function, which can be optimized. Inte-
grating Q into equation (12), we get

aij �
exp Leaky ReLU Qijf Wxi

→
‖Wxj

→
    

r∈Γiexp Leaky ReLU Qirf Wxi
→

‖Wxr
→

]))),
(14)

where LeakyReLU is the activation function.

eij � f Wxi
→

‖Wxj
→

  . (11)

3.5. Algorithm Framework. /e attention coefficients of
nodes have been obtained in the previous section, and the
embedding of each node can be obtained by aggregation
according to the attention coefficient, so the output of each
graph attention layer is

z
l
i � σ 

j∈Γi

aijWz
l− 1
j

⎛⎝ ⎞⎠, (15)

where zl
i is the output representation of the l-th layer of

node i, Γi represents the set of neighbors of i, and σ(·)

represents the activation function. /e multihead attention
mechanism can be used to splice the results obtained in
equation (15). Finally, the cross-entropy loss function

ℓGC � − 
i∈yL



C

j�1
Yij ln Yij (16)
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is used for semisupervised classification, where Y is the
output softmax(z) of the last layer, and Yij is the label of the
node. yL represents the labeled nodes in the node set. After
obtaining the loss of the node classification module, we can
jointly optimize graph structure learning and semi-
supervised node classification and define our objective
function as

ℓG � δℓGL + ℓGC, (17)

where ℓGL and ℓGC are reconstruction loss and classification
loss, respectively, and δ ≥ 0 is a coefficient that controls the
balance between the two parts.

4. Experiments

/e 3 main objectives of the experiment are as follows. First,
for a data set that has an available graph structure, we
compare the HGLAT’s performance on node classification
with graph-based learning algorithms under themissing part
of the graph structure. Second, we conduct node classifi-
cation experiments on the data sets without graph structure
to judge whether HGLAT can obtain good results on the
semisupervised classification problem.We compare HGLAT
with 8 well-known semisupervised classification methods.
/ird, we judge the influence of each part of the HGLATon
the result through the ablation experiment.

4.1. Datasets. /e new algorithm proposed in this paper is
numerically simulated on 5 data sets, which are divided into
two parts: graph structure data and nongraph structure data.

4.1.1. Graph Structure Data

(1) Cora is a citation network data set [40], nodes
correspond to documents, edges (nondirected)
correspond to citations, and node features corre-
spond to elements represented by the document’s
bag of words. Each node has a class label, which
contains 2708 nodes, 5429 edges, 7 classes, and 1433
features for each node.

(2) Citeseer is also the benchmark data set of citation
networks [40], which contains 3327 nodes, 4732
edges, 6 classes, and 3703 features per node. To
evaluate the robustness of HGLAT on incomplete
graphs, for Cora and Citeseer, we construct graphs
with missing edges by randomly sampling 25%, 50%,
and 75% of the edges.

4.1.2. Nongraph Structure Data. We use the following
benchmark dataset [41] to evaluate HGLAT.

(1) Wine dataset: this data set is the composition data of
three different types of wine produced in the same
area in Italy, containing 178 data; each data has 14
characteristics.

(2) Cancer dataset: it comes from the Cancer Institute of
the University of Ljubljana Medical Center in
Yugoslavia. /e dataset has 2 categories, 9 attributes,
and a total of 286 instances.

(3) Digits dataset: it is a picture database of handwritten
digits, each picture is a single digit from 0 to 9, it
contains 1797 pictures, and each picture is an 8∗8
matrix.

4.2. Baseline Algorithms. We compare HGLAT with GCN
and GAT. For the data set without graph topology, we first
construct the kNN as the preprocessing step before applying
GCN and GAT. In Table 1, we denote these two algorithms
as kNN-GCN and kNN-GAT. GCN and GAT can be used
directly for data with graph structure. To further evaluate
HGLAT, we also compared HGLAT with well-known
semisupervised learning methods, including label propa-
gation (LP) [42] and semisupervised embedding (SemiEmb)
[43]. At the same time, we also compared HGLAT and
machine learning methods that do not use graph structures,
including logistic regression (LogReg), random forest (RF),
and two SVM methods, RBF SVM and Linear SVM.

We set the parameters of the HGLAT algorithm as
follows. For the Cora and Citeseer datasets, we use the

A
1hop

2hop
3hop

(a)

A
1hop

(b)

Figure 2: Comparison of high-level attention mechanism and GAT attention mechanism. Node A is the node that we need to request a
hidden representation. (a) shows the attention mechanism of HGAT. It not only refers to the 1 hop neighbors but also calculates the
attention coefficients of higher-order neighbors, and as the order increases, the color gradually becomes lighter; that is, the attention
coefficient is distributed less. (b) shows the attention coefficient calculation method of GAT, and the attention coefficient is obtained only by
calculating the neighbors of 1 hop.
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experimental settings of [17, 18]. For Wine, Cancer, and
Digits data sets, we use the experimental settings of [2]. /e
experimental results are the average of 10 runs with different
random seeds. In the graph learning module, we initialize
the weights as described in [43], using a 32-dimensional
hidden layer and 16-dimensional output layer. /e sym-
metry threshold ρ is chosen to be 0.6. /e choice of
hyperparameters in different data sets is not the same. We
have listed hyperparameters suitable for each data set as
shown in Table 2.

/e semisupervised classifier in HGLATuses a two-layer
GATmodel. /e first layer consists of K � 8 attention heads,
and each attention head calculates 8 features (64 features in
total). /e second layer is used for classification, calculating
a single attention head of C features where C is the number
of classes, and then performing softmax activation. In order
to cope with the small training set size, regularization is
freely applied in the model. During training, we apply L2
regularization with λ � 0.0005. In addition, we set dropout
to 0.6 and apply it to the two-layer input and the normal-
ization of the attention coefficient. Glorot initialization is
used for initialization [3], and Adam SGD optimizer [44] is
used for 300 epoch training to minimize the cross-entropy
on the training node. /e initial learning rate of the graph
learning module is 0.005. And the highest order in Q is 2,
which means we consider at most the second-order
neighbors of each node. HGLAT is implemented in Pytorch
[45] geometric deep learning extension library [1]. /e
implementation of the supervised baseline method and LP
comes from scikit-learn python [46]. When kNN needs to be
used for initialization in the algorithm, we recommend using
a Bayesian optimization search for the selection of K value.

4.3. Experimental Results

4.3.1. Node Classification. On the five data sets of Wine,
Cancer, Digits, Citeseer, and Cora, we compared the
HGLAT algorithm with 8 well-known classification algo-
rithms. /e results are shown in Table 1. /e data sets with

graph structure including Citeseer and Cora retain the
complete graph structure. Among them, the datasets with
graph structure including Citeseer and Cora retain the
complete graph structure, and the datasets without graph
structure include Wine, Cancer, and Digits, which are
generated by kNN before the learning method that needs to
transfer the graph structure. First of all, the results show that
in 4 of the 5 data sets, including Wine, Cancer, Citeseer, and
Cora, HGLAT has the best performance and the third
performance on the Digits data set. Overall, HGLAT has the
best performance. Second, it can be seen that supervised
machine learning methods, including LogReg, RF, RBF
SVM, and Linear SVM, only perform well on nongraph
structured data sets (Wine, Cancer, Digits), while in graph-
structured data sets, Citeseer and Cora results are not good,
and semisupervised learning methods LP and SemiEmb
have not obtained better results than supervised machine
learning methods. /ird, the results of kNN-GCN, kNN-
GAT, and HGLAT show that graph neural networks can
achieve good results on all data sets, which also shows that it
is meaningful to extend graph neural networks to nongraph
structure data sets.

To further test the superiority of HGLAT, we considered
the experimental results when a certain percentage of edges
in the graph structure were randomly deleted. We give the
edge retention rate and randomly sample the edges. Figure 3
shows the accuracy of classification under different per-
centages of retained edges. First, it can be observed from
Figure 3 that HGLATshows the best classification effect in all
cases, especially when the edge retention rate is low. Second,
we found that the effect of GATis not good when themissing
edges are severe. /is shows that although GAT does not
depend on the graph structure to a certain extent, it is not
enough to get good results just by reweighting the edges and
node features. It also shows that the HGLAT learning graph
structure before classification is meaningful for GAT.

4.3.2. Ablation Experiment. In order to further verify the
effectiveness of each module of HGLAT, we conduct abla-
tion studies by deleting some of the modules of HGLAT,
including three types of No-Reg, No-Fus, and GLAT, as
shown in Figure 4.

We conduct ablation experiments on the Cora dataset
with different edge retention rates and reported the results in
Figure 4. /e comparison between No-Reg and HGLAT
shows that the addition of regularization constraints can
ensure that the generated graph structure is more reasonable
and the result is better. /e comparison of GLAT and
HGLAT shows that when we consider the high-order

Table 1: Comparison of results of various classification algorithms.
Test accuracy (±standard deviation) on various classification data
sets, expressed as a percentage. All experiments were repeated using
5 different random seeds. For each data set, the highest accuracy
score is marked in bold. We compare HGLAT with several su-
pervised benchmarks and semisupervised learning methods.
HGLAT achieved the best results on 4 of the data sets.

Alg\dataset Wine Cancer Digits Citeseer Cora
LogReg 92.1(1.3) 93.3(0.5) 85.5(1.5) 62.2(0.0) 60.8(0.0)
RF 93.7(1.6) 92.1(1.7) 83.1(2.6) 60.7(0.7) 58.7(0.4)
RBF SVM 94.1(2.9) 91.7(3.1) 86.9(3.2) 60.2(0.0) 59.7(0.0)
Linear
SVM 93.9(1.6) 90.6(4.5) 87.1(1.8) 58.3(0.0) 58.9(0.0)

LP 89.8(3.7) 76.6(0.5) 91.9(3.1) 23.2(6.7) 37.8(0.2)
SemiEmb 91.9(0.1) 89.7(0.1) 90.9(0.1) 68.1(0.1) 63.1(0.1)
kNN-GCN 93.2(3.1) 93.8(1.4) 91.3(0.5) 70.9(0.5) 81.2(0.5)
kNN-GAT 94.5(2.5) 93.1(1.2) 90.5(0.8) 72.1(0.7) 82.6(0.7)
HGLAT 97.5(0.3) 94.8(1.1) 91.0(0.7) 74.4(0.5) 84.7(0.4)

Table 2: Hyperparameters related to HGLATon different data sets.

Dataset K α β η δ
Wine 21 0.2 0.1 0.2 0.5
Cancer 15 0.45 0.15 0.2 0.5
Digits 25 0.35 0.1 0.15 0.3
Cora — 0.3 0 0.1 0.3
Citeseer — 0.3 0 0.3 0.2
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neighbor relationship, it can help us improve the classifi-
cation accuracy to a certain extent. /e comparison between
No-Fus and HGLAT shows that fusing the original graph
structure with the generated graph structure is helpful to the
accuracy of the model.

4.3.3. Running Time Statistics. We record the running time
of HGLAT on each data set to more comprehensively an-
alyze the model proposed in the paper. /e Tensorflow
version is 1.15.0, CPU is i9-9900kf, GPU is RTX 3090, and

operating system is Windows 10. /e running time statistics
are shown in Table 3, where the value is the average time for
the model to complete training one time, and the unit is
seconds.

5. Conclusion

In this paper, we propose a new high-order graph learning
attention neural network (HGLAT). /rough the improved
variational graph autoencoder, HGLAT can learn the cor-
responding graph topology for nongraph structure data and
optimize graph structure for data with missing or noisy graph
structure. HGLATextends attention to high-order neighbors,
effectively aggregates the features from high-order neighbors,
and makes full use of high-order graph topology information.
It has achieved good semisupervised classification results for
nongraph structure and graph structure data. In the future, we
plan to improve our preprocessing process, for example, it-
erative updating the loss function to obtain a more reasonable
initial graph structure. We will also conduct extended re-
search on the semisupervised network model and generate
network clusters through some improved clustering algo-
rithms to make up for the lack of node labels in the network.
And we consider introducing more network information,
such as edge information and heterogeneous network node
information. to make the network model have a broader
application prospect.

Data Availability

/e datasets used in the experiments of this work are
publicly available.
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Figure 3: Comparison of classification accuracy of HGLAT, GCN, and GAT in the Cora (a) and Citeseer (b) datasets when retaining
different proportions of edges.
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Figure 4: Classification accuracy of ablation experiments on Cora
datasets with different edge retention rates. On the Cora dataset
with different edge retention rates, the classification accuracy of
HGLAT and the three No-Reg, No-Fus, and GLAT ablation ex-
periments are compared, where No-Reg means that the graph
structure obtained by the graph learning module is not symme-
trized and regularized constraints; No-Fus means that the decoder
graph structure and the original graph structure are not allowed to
merge; that is, formula (10) is not used. GLATmeans that the edges
are reweighted only by the relationship between the first-order
neighbors.

Table 3: Running time statistics under different data sets.

Algorithm Wine Cancer Digits Citeseer Cora
HGLAT 0.1482 0.5664 6.668 31.57 20.36
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