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Abstract

Graph node classification is an important field in network representation learning algorithms. With the development of deep learning,
the focus has shifted to models like graph convolutional network (GCN) and graph attention network (GAT). GCN and GAT only consider
direct adjacent nodes in node embeddings, so the receptive field of node embeddings is constricted which cannot fully express the
network structure. To expand the receptive fields of node embeddings and strengthen the effect of graph structure on node embedding,
the dual graph embedding (DGE) framework is proposed. In this framework, an attention mechanism is adopted to transform the original
graph into a weighted graph, and a dual graph transform strategy is proposed to convert the weighted graph into a dual graph. The
edges in the original graph indicate the nodes in the dual graph. Performing node embedding methods such as GAT/GCN in the dual
graph is performing edge embeddings in the original graph. Node embeddings in the original graph can be realized by aggregating
the edge embeddings for each node. According to the DGE framework and multi-head model, we designed DGE-GCN, DGE-GCN-GAT,
DGE-GCN-MULTI, and DGE-GAT-MULTI methods. Experimental results show that DGE methods outperform various node classification
methods, especially in graphs with high link density.

1. INTRODUCTION
Artificial intelligence (AI) has played a very important role in
many fields such as medical treatment, transportation, biology,
industrial production, and so on, which has brought a lot of
convenience to human life and work. With the Internet, social
media, mobile devices, and sensors extensively used, AI has been
accumulating vast amounts of data from various industries. The
effect of AI on various industries is continually improving. With
the development of artificial intelligence technology, AI has made
great progress in image, audio, natural language processing, and
other aspects. AI becomes the development direction of informa-
tion technology in the future. Among them, graph embedding is an
important field of AI technology. The graph embedding technology
can represent code objects as vectors, according to entity relation-
ships. Fuzzy relationships between entities can be coded, and the
fuzzy relationship modeling problems can be solved. Currently,
more and more scholars have conducted in-depth studies on
graph embedding, solved key problems such as protein predic-
tion [1], recommendation system [2], traffic prediction [3, 4], and
achieved much social application by graph embedding.

Traditional network representation learning utilizes machine
learning to express entity features, according to the temporal rela-
tion, dynamic evolution, similar relation, and interactive relation
of entities. For the graph embedding model, the machine learning
classification and clustering strategy are adopted to optimize the
model parameters to achieve the coding of entity node features.
The model of traditional machine learning method is relatively
simple, which leads to problems such as high deviation, low

precision, and poor prediction effect. With the improvement of
computing capacity and the increment of training data volume,
the deep learning method has higher accuracy than traditional
machine learning. In terms of deep learning, with the success
of CNN (convolutional neural network) on image-based tasks,
CNN began to be applied to graph embedding field, then gener-
ating graph convolution neural networks (GCNs) [5]. After that,
a large number of graph embedding methods based on GCNs
were proposed, such as GAT [6] and GraphSage [7]. Compared
with traditional methods, GCNs show good performance in graph
processing such as node classification, link prediction, and graph
classification, but also have the advantage of high precision in
multiple applications such as recommendation systems [8], traffic
prediction [9], and behavior recognition [10].

Current studies on GCNs can be mainly divided into two direc-
tions: spectral-based models [5, 11, 12] and spatial-based models
[6, 7, 13]. The spectral models emphasize the mathematical convo-
lution operation of graph-based Fourier transform, while spatial
models emphasize message propagation and aggregation among
nodes. The drawback of spatial models is that, it only considers
the direct adjacency of graphs, could not fully reflect the deep
latent graph structure. Although some improvement methods
attempt to expand the receptive field through stacking multiple
layers, this approach faces issues of overfitting and high com-
putational cost, especially when dealing with large-scale graphs,
where efficiency and scalability become significant challenges.

To address the limitation of spatial models in capturing deep
structural information of the graph in node classification tasks.
Our contributions can be summarized as follows:
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• To strengthen the impact of deep latent graph structure on
graph embedding, we propose DGE framework to extend the
receptive field on graph convolution.

• In the dual graph embedding (DGE) framework, we carry out
GCNs on dual graph to extend the embedding receptive field,
and transform the obtained node embedding of dual graph
into original graph.

• Based on the DGE framework, we propose variant meth-
ods such as DGE-GCN, DGE-GCN-GAT, DGE-GCN-MULTI, and
DGE-GAT-MULTI.

• Extensive experiments have shown that DGE effectively
improves the accuracy of node classification and enhances
the receptive filed on graph convolution.

2. RELATED WORK
Currently, graph embedding methods are mainly divided into
machine learning and deep learning methods. The machine learn-
ing methods focus on entity-relationship modeling and empha-
size the interpretability of the model. Early graph embedding
methods based on machine learning mainly adopt linear models,
such as LLE [14] and GraRep [15].

With the rapid development of NLP, inspired by the great
success achieved by word2vec [16], a great deal of random-
walk-based methods on graph embedding have emerged recently,
such as Deepwalk [17], LINE [18], node2vec [19], and SDNE [20].
These methods feed node sequences generated by random walks
into the Skip-Gram model for training, and the obtained node
embedding can be represented in low-dimensional space. Due to
the simplicity of graph modeling, less trainable parameters, and
poor prediction accuracy of massive samples, the limitations of
the above machine learning methods have become increasingly
obvious. With the development of deep learning, deep learning
technologies represented by graph convolutional network (GCN)
and graph attention network (GAT) have been widely applied
in the field of graph embedding and have better application
effects.

2.1. Graph convolution networks
Graph convolutional neural network is used to extract the charac-
teristics of topological structure from graph network and embed
nodes. Currently, researches on graph convolutional neural net-
work mainly focus on spectral-based methods and spatial-based
methods.

Generally, graph convolution utilizes convolution operators to
embed nodes. In terms of spectral-based methods, the convolu-
tion operators are defined from the frequency domain. Defferrard
[11] first defined the convolution operation in the Fourier domain.
However, due to its heavy computation cost, it has difficulty
scaling large graphs. To improve efficiency, Defferrard [12] pro-
posed ChebNet, which can approximate the K-polynomial filters
by Chebyshev expansion on graph Laplacian. Kipf and Welling
[5] obtained first-order GCN by truncating the Chebyshev polyno-
mial to the first-order neighborhood and further simplifying the
parameters, which greatly reduced the space-time complexity.

In terms of spatial methods, an aggregation function is
defined to aggregate each central node and its neighbors. MoNET
[13] adopts different methods to assign weights to neighbor
nodes. It adopts node pseudo coordinates to determine the
relative position between the node and its neighbors but also
maps the relative position to the weight between two nodes.
GraphSage [7] utilizes 2 stage aggregation functions such as

joins, maximum pools, and Long Short-Term Memory (LSTM)
aggregators, after sampling a fixed number of neighbors, to
embed nodes. HGCN [21] proposed a deep GCN to carry out
the semi-supervised node classification task, adding the graph
pooling mechanism into the GCN to expand the receptive
field.

2.2. Graph attention networks
In image processing, increasing more attention to target areas,
we can get more detailed information about the target areas. By
which, the training accuracy of DNN can be improved. Inspired by
this principle, Velickovic [15] introduced an attention mechanism
into graph learning and proposed a GAT. Unlike GCN, which
uses a fixed or learnable Laplace polynomial to aggregate node
information, GAT uses attention mechanisms on graphs to
aggregate node information. The essential differences between
GAT and GCN are as follows: in GCN, the weights of aggregated
neighbor nodes are obtained by the graph topological structure,
and GCN trains parameters globally and indiscriminately,
regardless of local structural differences. In GAT, the attention
weight depends on the relation between adjacent nodes, and
GAT emphasizes the independence of the local graph structure
and avoids the influence of global indiscrimination on node
embedding. The experimental results of graph node classification
show that the adaptive capability of GAT enables it to integrate
information from node features and graph topology more effec-
tively, but also can capture the differences of node embedding
better.

Currently, scholars have proposed a large number of graph
embedding methods based on GAT. Park [22] applied the attention
mechanism on heterogeneous networks with multiple attributes,
integrating node embeddings in multiple graphs. ASAPool [23]
applied the attention mechanism on graph classification, to cal-
culate the attention weight by the features of nodes and supern-
odes so that it could better capture the global structure. By which
the important nodes can be selected, perform graph pooling oper-
ations. AM-GCN [24] extracts specific and common embeddings
from node features and topological structures and learns the
adaptive importance of node embeddings using the attention
mechanism. The gated attention network (GAAN) proposed by
Zhang [3] also adopts the multi-head attention mechanism to
update the hidden state of nodes. Unlike GAT, this model gives
different weights to each head, so that the important parts can
obtain more computational resources. In addition, GAM model
[25] uses a cyclic neural network model and attention mechanism
to solve the graph classification problem. Edge attention network
EGAT [26] improved the attention weight calculation method of
GAT and took edge features into attention weight calculation, so
that edge information can also be fully utilized. DPGCN [27] con-
structs dual graphs and calculates attention on the dual graphs,
to expand the receptive fields of graph convolution.

2.3. Dual graph
Given a graph G = {V, E, A}, its dual graph [27] is GD = {

VD, ED, AD
}
.

The nodes in GD represent the edges in G. Therefore, the edges in G

can be mapped to the nodes in GD, namely the VD =
{
vD

ij | ei,j ∈ E
}
.

For instance, In G, eij and ejq have a common vertex vj, thus the
mapped nodes vij, vpq in GD are linked. Figure 1 shows how to
convert from the original G to dual graph GD.

As shown in Fig. 1, the edges{e12, e13, e03, e02, e34, e24} in G are
transformed into the nodes

{
vD

12, vD
13, vD

03, vD
02, vD

34, vD
24

}
in GD after

the dual graph transformation.
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Figure 1. Dual graph transformation.

Figure 2. An example of input graph, where its V = {v0, v1, v2, v3, v4}.

3. DUAL GRAPH EMBEDDING
Symbol definition. An undirected graph can be represented as
G = {V, E, A}, where V and E represent the node set and the edge
set. | V |= n is the number of nodes and | E |= m is the number
of edges in G. A is the adjacency matrix. We take Fig. 2 as an
example to illustrate the DGE method proposed in this paper.
In Fig. 2, G is composed of five nodes V = {v0, v1, v2, v3, v4},and
X = {x0, x1, x2, x3, x4} represents the features of v0−4.

3.1. Graph link embedding based on attention
mechanism
We use the attention mechanism to transform G into a weighted
graph. The αi,j is obtained by [hi, hj] (hi, the embedding vector of
vi), and αj,i is obtained by [hj, hi], so the attention weights obtained
by attention mechanism are directed. The attention coefficient of
nodes vj to vi is the following:

αi,j = exp
(
LeakyReLU(aT[Whi‖Whj])

)
∑

vk∈Ñ(vi)
exp

(
LeakyReLU(aT[Whi‖WhK])

) (1)

where αi,j means the importance of vj on vi, and αi,j �= αj,i,,∑
vk∈Ñ(vi)

αi,k = 1. W is a global parameter matrix, and ‖ represents
concatenation. H = {

h0, h1, . . .
}

represents the embedded vector of
node V, and initial H(0) is the following:

H(0) = GNN(A, X) (2)

Because αi,j, αj,i represent the weight of edge ei,j and ej,i, the
attention can express the importance between nodes in G. The

embedding hi,j of edge ei,j can be obtained by hi, hj, αi,j and αj,i, and
the transformation expression is shown in Equation 3.

hi,j = αi,jhi + αj,ihj (3)

In Fig. 3b, (α1,3,α1,2) represent the attention weight from nodes
(v3, v2) to v1, and α3,1, α3,4 represent the attention weight of nodes
(v0, v1, v4) to v3, respectively. The calculation process of vectors
h1,3 of edges e1,3 is shown in Fig. 3c according to Equation 3. The
transformation from unweighted graph to weighted graph can be
realized by Equation 1, and the edges can obtained embeddings
from node embeddings by Equation 3. The proposed graph link
embedding (GLE) is based on Equations 1 and 3, by which the
edge embeddings of G can be obtained according to the node
embeddings.

3.2. Dual graph transform
The dual graph transformation (DGT) takes the edges in the
original graph as the nodes in the dual graph, and the adjacent
edges in the original graph are the adjacent nodes in the dual
graph. If GD is a dual graph of G, eij in G is equal to vD

ij in GD, and
the edge embedding hi,j in G, is equal to the node embedding hD

ij in
GD.

hD
ij = hi,j (4)

The adjacency matrix of GD can be obtained from G according
to Equation 5:

AD = BTB − 2I2 (5)

where AD ∈ Rm×m is the adjacency matrix of a dual graph, and
I ∈ Rm×m is the identity matrix. B ∈ Rn×m is the association matrix
of G, which describes the relationship between nodes and edges,
as defined below:

Bij =
{

1 if vi and ej connected
0 else

(6)

For the graph G shown in Fig. 2, its adjacency matrix and
association matrix are as follows:

v0 v1 v2 v3 v4 e02 e03 e12 e13 e24 e34

A =

⎛
⎜⎜⎜⎜⎜⎝

0 0 1 1 0
0 0 1 1 0
1 1 0 0 1
1 1 0 0 1
0 0 1 1 0

⎞
⎟⎟⎟⎟⎟⎠

v0

v1

v2

v3

v4

B =

⎛
⎜⎜⎜⎜⎜⎝

1 1 0 0 0 0
0 0 1 1 0 0
1 0 1 0 1 0
0 1 0 1 0 1
0 0 0 0 1 1

⎞
⎟⎟⎟⎟⎟⎠

v0

v1

v2

v3

v4

where B00 = 1 means v0 is connected to e02 while B02 = 0 means
v0 is not connected to e12. According to Equation 5, the calculation
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Figure 3. The process of GLE.

Figure 4. Dual embedding transform.

process of the adjacency matrix AD of GD can be obtained as
follows:

e02 e03 e12 e13 e24 e34

AD = BTB − 2ID =

⎛
⎜⎜⎜⎜⎜⎜⎜⎝

0 1 1 0 1 0
1 0 0 1 0 1
1 0 0 1 1 0
0 1 1 0 0 1
1 0 1 0 0 1
0 1 0 1 1 0

⎞
⎟⎟⎟⎟⎟⎟⎟⎠

e02

e03

e12

e13

e24

e34

The dual embedding transformation process of G is shown
in Fig. 4, where Fig. 4a is the embedded G by GLE, and Fig. 4b
represents the topological structure and node embedding
vector of GD after DGT transformation. According to DGT,
the edges {e12, e13, e03, e02, e34, e24} of G are equal to the nodes{
vD

12, vD
13, vD

03, vD
02, vD

34, vD
24

}
in GD, The edge embedding vectors{

h1,2, h1,3, h3,4, h2,4, h0,3, h0,2
}

in Fig. 4a are the node embedding
vectors

{
hD

12, hD
13, hD

03, h3,4, hD
02, hD

34, hD
24

}
in Fig. 4b.

3.3. Dual graph link embedding
Dual graph GD obtained by DGT transformation can be seen as
another form of G. The updating process of node embedding on
GD, can be seen as edge embedding on G. The edge embedding pro-
cess have more extensive receptive fields than node embedding,
so node embedding on GD will embed topological structure of G
better. In order to emphasize the influence of topology, we can
use GNN method to update the node embeddings of GD. In this
paper, GAT is selected to update node embedding. The attention
of GAT is directed, and the expression of attention for dual graph
transformation is shown in Equation 7 according to DGT rule:

αij,jk = exp
(
LeakyReLU(aT[Whij‖Whjk])

)
∑

vD
gk∈Ñ

(
vD

ij

) exp
(
LeakyReLU(aT[Whij‖Whgk])

) (7)

where αij,jk is the attention of directed edge eij,jk in GD, W is a
trainable parameter. αij,jk can indicate the importance of node
vD

jk to node vD
ij , and αij,jk �= αjk,ij,

∑
vD

gk∈Ñ(vD
ij )

αij,gk = 1. The update

expression for the node embeddings on dual graph GD is the
following:

h′
ij = σ

⎛
⎝ ∑

vpq∈N(vij)

αij,pqWhpq

⎞
⎠ (8)

The expression of node embedding based on GCN is the follow-
ing:

X(l+1) = σ
(
D̂− 1

2 ÂD̂
1
2 X(l)W(l)

)
(9)

where Â = A + In, and D̂ii = ∑
j Âi,j. W(l) is the parameter matrix of

l-layer neural network.
The node embeddings in the dual graph GD are equal to the

edges embeddings in graph G, namely hi,j = hD
ij . The node embed-

ding on G can be obtained by Equation 10.

h′i =
∑

vj∈N(vi)

hi,j (10)

4. EXPERIMENTS
4.1. Datasets
To verify the performance of the model proposed in this paper,
we carry out the proposed model for node classification tasks
on three public graph datasets. These datasets belong to the
citation network, where documents and citations are treated as
nodes and edges, respectively. The statistics of these datasets are
summarized in Table 1.

• Cora: This dataset consists of 2708 scientific publications
and 5429 links. Each publication is described by a 1433-
dimensional word vector as a node feature. And each node
is labeled with the class it belongs to.

• CiteSeer: A citation network consists of 3312 scientific pub-
lications divided into six classes, and the dataset contains
4660 edges. Node attributes are bag-of-words representations
of the papers and all nodes are divided into six areas.

• PubMed: A citation network consists of 19 717 scientific pub-
lications from the PubMed database about diabetes classified
into one of three classes. Each node is described by a TF/IDF
weighted word vector from a dictionary of 500 unique words.

4.2. Experimental setup
The experimental platform is Win10 operating system, and the
hardware environment is Intel i7 10700 CPU 3.80GHz, GeForce
RTXTM 2080 Ti, and 32GB RAM. The source code of DGE is based on
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Table 1. Main parameters of experimental datasets

Dataset Category Nodes Edges Classes Features Label
proportion

Cora Citation network 2708 5429 7 1433 0.052
CiteSeer Citation network 3327 4732 6 3703 0.036
PubMed Citation network 19 717 44 338 3 500 0.003

Figure 5. Networks framework based on DGE.

PyTorch and dual graph link (DGL) learning framework. Through
a large number of experiments, we summarize four effective net-
work frameworks based on DGE, and their structures are shown
in Fig. 5.

DGE-GCN: The structure is shown in Fig. 5a. This model takes
GCN as the dual graph embedding method and two-layer DGE-
GCN as the backbone network. This model stacks the DAT layer
and GCN layer in series, and the output of each layer uses the ELU
activation function. The final output uses the softmax activation
function to classify nodes.

DGE-GCN-GAT: The structure is shown in Fig. 5b. This struc-
ture contains two embedding layers. Firstly, GCN is used to embed
nodes on the dual graph, to increase the embedding similarity
between neighbor nodes. Secondly, DGE-GAT was used to enhance
the weight of nodes with a high degree, to increase the specificity
of the graph. After two embedding layers, the softmax activation
function was used to classify nodes.

DGE-GCN-Multi: The structure shown in Fig. 5c, we design
a two-layer model. To reduce parameters, the DGE network is
only used in the second layer. The first layer consists of GCN
attention headers (K = 8) with ELU activation functions. Each of
the attention headers has 16-dims features. The second layer uses
DGE-GCN to obtain node embedding and classifies nodes by the
softmax activation function.

DGE-GAT-Multi: The structure shown in Fig. 5d, we also adopt
a two-layer model. In the first layer, based on the multi-heads
mechanism, GCN and GAT are mixed in parallel with k = 8 (4
GCNs, 4 GATs), and each attention head has 16-dims features.
The second layer uses DGE-GAT to obtain node embedding and
classifies nodes by softmax activation function.

All these models use cross-entropy as a loss function. The
optimizer is Adam with an initial learning rate of 0.005, and
the training epoch is 1000. Accuracy is used to evaluate model

efficiency. Other hyperparameters are set using the values
reported in GAT.

4.3. Contrast on DGE-based models
In this experiment, the four proposed DGE-based models, DGE-
GCN, DGE-GCN-GAT, DGE-GCN-Multi, and DGE-GAT-Multi, were
compared in the dataset Cora and CiteSeer [15]. The experiments
are designed as follows:

1) Training efficiency comparison. The priori parameters of
DGE based models are the number of heads h and the embed-
dings dimension n of hidden layer. We took the number
of heads h = [2, 4, 8, 16] and embeddings dimension n =
[4, 8, 16, 20] as input priori parameters for the four DGE based
models, to conduct training in datasets Cora and CiteSeer.
The changes of Accuracy-Epoch were shown in Fig. 6. When
the priori parameters h and n increase, the amount of model
parameters increase correspondingly, leading to the slow
convergence rate of accuracy. That makes the training time
longer. In addition, when h and n became larger (h > 8,
n > 16), accuracy fluctuates sharply, and the training process
has an over-fitting tendency. By this experiment, the effective
parameters interval of DGE-based modes is h ∈ [2, 8] and
n ∈ [4, 16].

2) Accuracy comparison. We used Cora and CiteSeer datasets
to compare the accuracy of DGE-GCN, DGE-GCN-GAT, DGE-
GCN-Multi, and DGE-GAT-Multi models to analyze the effect
of each model. Sine DGE- GCN-Multi and DGE-GAT-Multi
were multi-head models, we took h = [2, 4, 8, 16] as the
hyperparameter of multi-heads. Figure 7 shows the accuracy
comparison of the four models. Except for (h = 2, n = 4)
and (h = 2, n = 8), DGE-GCN-Multi has better performance
than the other models. By this experiment, it can be seen
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Figure 6. Accuracy changes with the epoch.

that the DGE-GCN-multi model has a superior classification
effect.

4.4. Methods contrast
To evaluate the performance of DGE, the proposed DGE-based
models are compared with the following representative methods:

• DeepWalk: The node embedding is generated by an unsuper-
vised random walk, and then the embedding is input to the
support vector machine classifier for node classification.

• Planetoid: It not only learns node embedding but also can
predict the context in the graph. Besides it also uses label
information to construct transgenic and induced formula-
tions.

• GCN: The node embedding is generated by truncating Cheby-
shev polynomials to the one-hop neighborhood.

• GAT: The node embedding is generated by modeling the
difference between a node and its one-hop neighbor.

• H-GCN: The global structure features are learned by repeat-
edly aggregating structurally similar nodes to hyper nodes
and then the coarser graph is refined into the original graph
to obtain the node embedding.

5. RESULTS
In this experiment, we selected MLP, Deepwalk, Planetoid, GCN,
GAT, and H-GCN as the contrast methods, and the comparison
is shown in Table 2. The link density (edges/nodes2) of Cora,

Table 2. Node classification accuracy results

Methods Datasets

Cora CiteSeer PubMed

MLP 55.1 46.5 71.4
DeepWalk 67.2 43.2 65.3
Planetoid 75.7 64.7 77.2
GCN 81.5 70.3 78.8
GAT 83.0 72.5 79.0
H-GCN 84.5 72.8 79.8
DGE-GCN 80.3 70.2 65.2
DGE-GCN-GAT 82.3 66.3 67.3
DGE-GCN-Multi 86.33 73.2 71.6
DGE-GAT-Multi 83.6 71.2 67.6

Bold values indicate the highest node classification accuracy across different
datasets

CiteSeer, and PubMed is 0.7%, 0.4%, and 0.1%, respectively. The
accuracy of the DGE-based models in Cora and CiteSeer is bet-
ter than other methods, but the advantages in PubMed are not
obvious. That means the DGE-based modes are suitable for the
network with relatively high link density.

6. DISCUSSION
Our experimental results indicate that the DGE framework is
effective in node classification tasks, especially in high link den-
sity graphs such as the Cora dataset, superior to traditional GCN
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Figure 7. Accuracy comparison on DGE-based models.

and GAT methods, especially the DGE-GCN-MULTI model, the
node classification accuracy is about 5% higher than GCN and
about 3.5% higher than GAT.

Therefore, the DGE based model can expand the receptive field
of node embeddings and can be used as an independent deep
learning embedding layer.

The DGE framework can extend the receptive field and more
effectively handle long-distance dependencies between nodes in
the graph, avoiding the shortcomings of traditional methods in
this regard. Therefore, the DGE framework not only solves the
limitations of existing methods in expressing deep graph struc-
tures, but also provides new ideas and methods for the further
development of graph neural networks.

7. CONCLUSION
In this paper, we proposed a DGE framework for the node classifi-
cation tasks. The DGE framework offers significant advantages in
capturing long-range dependencies and expanding the receptive
field of graph convolutions. The dual graph structure is used as
the representation of the original graph. Node embeddings in the
dual graph can get the edge embeddings for the original graph, but
also extend the receptive field in the embedding convolution pro-
cess. The key problem is how to transform the original graph into
a dual graph, and how to get the node embeddings on the original
graph from the dual graph. To solve these problems, we proposed a
DGE framework and designed four DGE-based models, DGE-GCN,
DGE-GCN-GAT, DGE-GCN-MULTI, and DGE-GAT-MULTI. Moreover,
this extension emphasizes the flexibility and effectiveness of the
DGE framework in various applications.

We carried out these four models on Cora, CiteSeer, and
PubMed datasets. The experimental analysis shows that the
optimal prior parameters (multi-heads h, embeddings dimension
n) of DGE based models are h = 8 and n = 8. In addition, if the link
density of the dataset is higher, the advantage of the DGE-based
models is more obvious.

The advantage of DGE-based models is that they can expand
the receptive field of node embeddings, and can be used as an
independent deep learning embedding layer.

The limitation of DGE-based models is that these DGE-based
models are relatively complex. The follow-up work of this paper
is to reduce the multi-layer DGE parameters to simplify the model
structure. Based on DGE, a follow-up pooling strategy can be
designed for establishing a multi-layers convolution neural net-
work on a large-scale graph.
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