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Abstract: Currently, deep learning (DL) algorithms have achieved great success in many applications including computer vision
and natural language processing. Many different kinds of DL models have been reported, such as DeepWalk, LINE,
diffusionconvolutional neural networks, graph convolutional networks (GCN), and so on. The GCN algorithm is a variant of
convolutional neural network and achieves significant superiority by using a one-order localised spectral graph filter. However,
only a one-order polynomial in the Laplacian of GCN has been approximated and implemented, which ignores undirect
neighbour structure information. The lack of rich structure information reduces the performance of the neural networks in the
graph structure data. In this study, the authors deduce and simplify the formula of two-order spectral graph convolutions to
preserve rich local information. Furthermore, they build a layerwise GCN based on this two-order approximation, i.e. two-order
GCN (TGCN) for semi-supervised classification. With the two-order polynomial in the Laplacian, the proposed TGCN model can
assimilate abundant localised structure information of graph data and then boosts the classification significantly. To evaluate the
proposed solution, extensive experiments are conducted on several popular datasets including the Citeseer, Cora, and PubMed
dataset. Experimental results demonstrate that the proposed TGCN outperforms the state-of-art methods.

1 Introduction
With the rapid development and popularisation of computer and
information technology, the big data is gradually receiving the
attention and has become a hot research topic in all walks of life.
With the in-depth study of big data, the application field of big data
is constantly expanding [1–4], such as agriculture, business and
medical treatment. As a typical technique for feature learning of
big data, deep learning uses end-to-end learning to extract data
information, which has been successfully applied to speech
recognition [5, 6], image processing [7, 8], and natural language
processing [9, 10].

There are many kinds of deep learning algorithms that have
been developed in recent years including DeepWalk, LINE,
diffusion-convolutional neural networks (DCNNs), and graph
convolutional network (GCN), which are applied to the structure
information embedding of data. Perozzi et al. [11] proposed a new
method to learn the latent relationships of data through the
SkipGram model, i.e. DeepWalk. This method selects network
nodes randomly and uniformly through random walk, which can
generate a fixed-length random walk sequence. However, it does
not present a clear objective function. Random walk needs a lot of
time and leads to high computation cost for the model.

Tang et al. [12] proposed a model to assimilate the local and
global structure information, which was named LINE. The model
maps the nodes in a large network to the vector space according to
the density of one-order and two-order relationships for nodes, so
that the closely connected nodes are projected into similar
locations. However, it is difficult to obtain highly nonlinear
structure information of data for the shallow model LINE.

Atwood and Towsley [13] proposed new DCNNs for node
classification through the diffusion-convolutional operation. This
model offers us a flexible representation of node data that encodes
node structure information. However, it cannot be readily applied
to large node data. It fails to express the useful spatial dependency
relationships between nodes.

Kipf and Welling [14] proposed a deep learning method of the
graph structure data for semi-supervised classification, which is

named GCN. This model is based on a one-order polynomial of the
spectral convolutions on graph structure data. The structure
information of direct neighbour is embedded into its own feature
information. Finally, the information of each sample becomes very
rich. Unlike other models, GCN does not directly use a k-order
polynomial filter and obtain a k-order polynomial filter by
accumulating a one-order polynomial of the Laplacian. When GCN
model performs a convolution operation on the central nodes, it
only uses the nearest-neighbour nodes that are one step away from
the corresponding central nodes. After repeating the same
convolution operation on the first layer convolution result, it can be
extended to the second layer neighbour nodes and so on. However,
this model only considers the structure information of the indirect
neighbours. It cannot fully consider the manifold structure of the
graph structure data and causes the lack of data information.

In order to solve above problems and learn plenty of localised
structure information, in this paper, we propose a novel method,
i.e. two-order GCN (TGCN), which is based on a two-order
polynomial of the Laplacian. In particular, we simplify the
definition of a two-order spectral graph convolution and get an
extensible formula. We can get the structure information not only
from the direct neighbours but also from the undirect neighbours
through this model. In each convolution layer, we combine the
structure information with the feature information. Finally, TGCN
model can extract more representative sample features to represent
graph data. In order to prove the validity of the TGCN model, we
conduct a large number of experiments on the Citeseer, Cora, and
PubMed dataset. A lot of experimental results proves that the
TGCN model outperforms the related deep learning model,
including GCN and Planetoid.

The remainder of this paper is organised as follows: Section 2
briefly describes the related works of the TGCN model. Section 3
presents the proposed TGCN algorithm in detail. Experimental
parameters and experimental results are shown in Section 4.
Section 5 finally concludes this paper.
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2 Related work
Graph structure data [15–18] has been a hot research topic because
of its massive existence in real life. Many classification methods
have achieved promising performance on the graph structure data,
such as social network datasets, chemical compound datasets, and
protein datasets. Our model TGCN not only gets the hints from the
graph theory but also from the neural network on the graph
structure data domains, which is based on the spectral graph
convolution. In this section, we briefly describe several related
works of the TGCN in turn.

2.1 Graph theory

In general, graph theory is the theory of studying graph structure
data. A graph is a mathematical model that describes the
relationships between things and has three essential elements:
Nodes, edges, and the weight of the edges. We take an interest in
processing signals that are defined on an undirected, connected,
weighted graph G = {V, E, W}, where V is a finite set of vertices
with V = {v1, v2, v3, …vn}, E is a set of edges with
E = {e1, e2, e3, …en}, and W is a weighted adjacency matrix with
W = {w1, w2, w3, …wn}. The vertices of the graph can be any actual
or abstract individual, while the edges are an abstract description of
the relationships between the two vertices.

Given a set of vertices V, there are three commonly used
methods for constructing a graph: (i) k nearest-neighbour graph:
Each vertex in the graph is only connected to its k nearest
neighbours. (ii) Full graph: Each node in the graph connects with
all other nodes. (iii) Hyper-graph: The essential feature of a hyper-
graph is its hyper-edge, which can connect more than two vertices
(including two).

Suppose {(x)i}i = 1
n  denotes the vertices. Let M expresses a set of

vertices, which have the same class and N denotes a series of
vertices that belong to different classes, i.e.

M = {(xi, xj) xi and xj have the same labels}, (1)

N = {(xi, xj) xi and xj have the different labels} (2)

Therefore, it also has two types of weighted adjacency matrices: (i)
Zero–one weighting method: The distance between the nodes that
are not connected is zero and the distance between the connected
nodes is one. (ii) Gaussian weighting method: If the node xi is
connected to xj, the distance is a specific value, else the distance is
zero, where dist(i, j) is the distance between the two nodes:

W1i j =
1 if (xi, xj) ∈ M
0 if (xi, xj) ∈ N

(3)

W2i j = exp − [dist (i, j)]2

2θ2 if dist (i, j) < k

0 otherwise
(4)

An essential operator in graph signal processing (GSP) is the non-
normalised graph Laplacian, i.e. defined as L = D−W, where D is
the degree matrix with Dii = ∑ j Wi j.

We also use the normalised graph Laplacian with
L = IN − D−(1/2)W D−(1/2), where IN is the identity matrix. Due to the
non-normalised and normalised graph Laplacians being the
positive semi-definite matrices, it has a complete set of
orthonormal eigenvectors {(u)i}i = 0

n − 1 and non-negative eigenvalues
λ i i = 0

n − 1.
Then we can get the eigendecomposition of L = U ∧ UT

through the eigenvectors ui  and eigenvalues λi, where
U = u1, u2, u3, ⋯un  are the graph Fourier bases and
∧ = [ ∧1 , ∧2 , ∧3 , … ∧n ] are the graph frequencies.

The emerging research field of GSP combines graph theory
with harmonic analysis. A goal is to build a bridge between signal
processing and graph theory [19–21]. It aims to sum up the

elementary analysis operations for processing data from Euclidean
domains to graph structure data. Under this circumstance,
Hammond et al. [22] proposed the construction of wavelet
transform functions from the nodes of an arbitrary finite weighted
graph. It is based on the spectral eigendecomposition of the graph
Laplacian L.

2.2 Neural network on graph structure data domains

The model of the spatial convolution method selects a fixed-size
neighbour relationship for convolution. In fact, the samples in the
graph structure data usually have different number of neighbours. It
is an enormous challenge for spatial convolution method. To solve
this problem, the concept of spectral convolution is proposed in
[23], which is defined as the multiplication of a signal X (a vector
of each node) with a filter gθ in the Fourier domain, which is given
as follows:

gθ (L) ∗ X = Ugθ( ∧ )UTX (5)

where U is the matrix of the orthonormal eigenvectors of non-
normalised graph Laplacian. ∧ is the matrix of the diagonal
eigenvalues of L. We can treat gθ( ∧ ) as the function of eigenvalue
∧.

The above spectral filtering of graph signals (5) have some
limitations: (i) Their computational complexity is O (N2), hence
there is an increase in time with the increase of data and (ii) it is
non-localised in the vertex domain, i.e. the non-localised-based
spectral filter uses all neighbour relationships of each sample in the
graph structure data.

This problem can be solved through the polynomial
parameterisation of localised filters. So it can get a new
representation function of the filter and is denoted as

gθ ( ∧ ) = ∑
k = 0

k
θk ∧k (6)

Spectral filter can be represented as the k-order polynomial in the
Laplacian. The learning complexity of filter becomes O (K) from
O (N). The above method solves the second limitation, but the
eigendecomposition of the graph Laplacian L is still very
complicated for the data of large graphs.

To solve this problem, Hammond et al. [22] proposed a new
polynomial, i.e. Chebyshev polynomial. The parameter gθ( ∧ ) may
be computed through the recursive relationship

gθ( ∧ ) = ∑
k = 0

k
θkTk( ∧~ ) (7)

Here, ∧~ = (2/(λmax)) ∧ − IN, where λmax is the maximum
eigenvalue of graph Laplacian L and θ is the Chebyshev
coefficient. The definition of Chebyshev polynomial is
T0(x) = 1, T1(x) = x and Tk(x) = 2xTk − 1(x) − Tk − 2(x). The
computational complexity of this method is O (K ε ) and is similar
to classical ConvNets.

The optimised spectral filter uses the form of K-order
polynomial to express the neighbour information that K steps away
from a sample. Now, it can get a new definition of spectral
convolution, we now have

gθ(L) ∗ X = ∑
k = 0

k
θkTk(L

~)X (8)

Here, L
~ = (2/λmax)L − IN, T0(L

~) = 1, T1(L
~) = L

~, and
Tk(L

~) = 2L
~
Tk − 1(L

~) − Tk − 2(L
~). It defines a new convolution

network model on graph structure data through this method, which
provides the necessary mathematical background and efficient
computational foundations. It can be an effective method to extract
local features through novel convolutional layers. The
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computational complexity of this model is linear and it has the
same learning complexity as with convolutional neural networks
(CNNs), which is applicable for any graph structure data.

Kipf and Welling[14] proposed a new model through a one-
order approximation of spectral filters on graph structure data,
which is named as GCN. GCN is a natural extension of the
convolutional neural network on graph domain. It can achieve end-
to-end learning of the node feature information and structure
information at the same time and is currently the best choice for
graph structure data learning tasks. It applies to nodes and graphs
of any topology structure.

The GCN model can be built through multi-layers of spectral
graph convolution. It introduces a layerwise rule, i.e. it limits the
number of polynomial orders (K = 1). The optimisation process of
the layerwise rule can be found in [14]. Fig. 1 shows the
framework of a two-layer GCN model:

H(L + 1) = σ D
~−(1/2)A

~
D
~−(1/2)H(L)W(L) (9)

where A
~ = A + IN is the matrix of the structure information on

graph structure data. A is the adjacency matrix of sample
relationships on graph structure data, but it does not include the
relationships of self-node. There are many ways to construct
adjacency matrix A. D

~
 is the degree matrix with Dii = ∑ j A

~
i j. W(L)

is the weight matrix of the specific layer. H(L) is the feature
information matrix in some layer with H(0) = X. Compared with
the basic CNN [24, 25], it can assimilate the structure information
and feature information of data at the same time to extract data
feature.

3 Two-order graph convolutional networks
Inspired by the definition of spectral graph convolution, we
proposed two-order GCN. The TGCN model consists of an input
layer, multiple convolution layers, and an output layer. The input
layer is the input of the original sample information, which is
expressed through various kinds of sample extracted methods.
Specifically, in this section, the algorithm part can be roughly
divided into two parts. The convolution layer of TGCN is
presented first. We get a scalable definition of two-order spectral
convolution on graph data and demonstrate how to embed the
structure information into the feature information to represent
sample features. In each convolution layer, the neighbour nodes are
one step or two steps away from the corresponding central node.
Thus, each central node contains the sample information of indirect
and undirect neighbours. Due to the rich graph data structure
information, the sample information that is extracted by the model
will be more representative. Then the Softmax layer of TGCN is
given. The Softmax layer is a process of multi-class classification
for the output features of the last layer. Fig. 2 shows the framework
of a two-layer TGCN model. The following will be introduced in
turn in this section. 

3.1 First convolution layer of TGCN

The GCN model uses a one-order polynomial of Laplacian to
assimilate the structure information of each node. It aims to
represent graph structure data by mixing the feature information of
nodes with structure information. However, each node only gets
the feature information of the direct neighbours to enrich self-
information. This will result in the data information that is finally

Fig. 1  Framework of a two-layer GCN model
 

Fig. 2  Framework of a two-layer TGCN model
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extracted by the neural network, not rich enough, and it finally
increases error rate of model.

To learn more localised structure information of graph structure
data, we introduced a novel layerwise linear model (two-order
polynomial), i.e. we only obtain the structure information that is
two steps away from the central node for any nodes. Let us
introduce the derivation and simplification of the formula for this
model in turn.

In this model, we take K = 2 and λmax ≃ 2, so that we can get the
simplified formula of (8). λmax can be obtained by computing the
eigenvalue of the normalised graph Laplacian and is universal. It is
named TGCN-1 and is denoted as

gθ(L) ∗ X = θ0X + θ1(L − IN)X + θ2[2(L − IN)2 − IN] X (10)

It has three parameters θ0, θ1 and θ2. The parameters of filter can be
shared over in the model. It can get two-order localised neighbour
structure information through the filter of this formula form.
However, this filter has three parameters, in practice, the
computational complexity of the network is more complicated by
using this form of the filter. To prevent overfitting and to reduce
computational complexity, we can get the following expression that
is named TGCN-2:

gθ(L) ∗ X = θ [(IN − L) + 2 (L − IN)2] X (11)

It has one parameter θ = θ0 = − θ1 = θ2 and the above expression
also can be written as

gθ(L) ∗ X = θ [D−(1/2)AD−(1/2) + 2 (D−(1/2)AD−(1/2))2] X (12)

It has one parameter θ = θ0 = − θ1 = θ2. In practice, it results in
numerical instabilities and exploding/vanishing gradients in the
process of building multi-layers convolution network model by
using this expression.

To avoid this problem, we use three optimisation methods for
formula (11) or (12). Therefore, we can acquire the final definition
of a signal X (D-dimensional feature vector of each sample on the
graph structure data) and filter gθ in the Fourier domain. The first
method is named TGCN-3 and is denoted as

Z = gθ (L) ∗ X = θ [(IN − L)]X = [D−(1/2)AD−(1/2)] Xθ . (13)

The second method is named TGCN-4 and is denoted as (see
(14)) . The third is a renormalisation method that is named TGCN
and is denoted as IN + 2D−(1/2)AD−(1/2) → D

~−(1/2)B
~

D
~−(1/2)

 with
B
~ = 2A + IN and Dii = ∑ j B

~
i j:

Z = gθ(L) ∗ X = D−(1/2)AD−(1/2)D
~−(1/2)B

~
D
~−(1/2)Xθ (15)

where θ is the weight matrix of one layer, X is the feature
information matrix of the graph structure data and
D−(1/2)AD−(1/2), 2 (D−(1/2)AD−(1/2))2 and D−(1/2)AD−(1/2)D

~−(1/2)B
~

D
~−(1/2)

are the two-order localised structure information matrices that
represent the manifold of the data. Z is the one convolution layer
output of the model, which is the data information (structure
information and feature information) that is assimilated from each
layer of the neural network. In addition, we can use higher order
polynomials of Laplacian. However, with the increase of the order
number, the computation complexity of the model also increases.
The optimisation of higher order polynomials is difficult.

First of all, as a pre-processing process calculation of
B = D−(1/2)AD−(1/2), B

~ = 2(D−(1/2)AD−(1/2))2, or
B = D−(1/2)AD−(1/2)D

~−(1/2)B
~

D
~−(1/2)

 is done. Thus, we can get the
definition of the first convolution layer, i.e.

H(1) = Relu BX
~

W(0) (16)

Here, B
~
 is an N×N symmetric matrix, which is represented as the

localised structure information of each sample. In addition, we use
the zero–one weighting method to construct adjacency matrix A. X
is an N×D matrix, which is used to represent the graph structure
data feature information (N represents the number of samples and
D is the dimension of each sample), i.e. the feature information of
raw dataset. W(0) is the first layer weight matrix. Relu is the
nonlinear activation function of the first layer, which is no longer a
linear combination of inputs and can approximate arbitrary
functions. H(1) represents the extracted sample feature matrix by the
first layer of the TGCN, which is an N×M matrix (M is the number
of the hidden neurons).

3.2 Second convolution layer of TGCN

The process of the second convolution layer is similar to the first
layer. First, we do a pre-processing process with

B = D−(1/2)AD−(1/2), B
~ = 2 (D−(1/2)AD−(1/2))2 (17)

or.

B
~ = D−(1/2)AD−(1/2)D

~−(1/2)B
~

D
~−(1/2) . (18)

then, we take the output of the first layer as the input of the second
layer. Finally, we acquire the formula of the second layer and is
denoted as

Z = H(2) = B
~

H(1)W(1) (19)

Here, H(1) is the characteristic matrix of the first convolution layer.
W(1) is the weight matrix in the second layer. We can obtain the
final features through the calculation of second layer, which is an
N×E matrix (the number of E is the same as the class of the
dataset). In this paper, we only use the two-layer TGCN and the
TGCN also achieves good performance. A deeper TGCN model
can be built through the repeated process of the above.

3.3 Softmax layer of TGCN

Through the two convolution layers, we can extract the effective
identification feature of dataset. We put the extracted features into
the classifier for classification. In addition, we use the Softmax
classifier in the paper. The Softmax classifier is a model with a
polynomial distribution, which can be divided into multiple
mutually exclusive categories. It can be denoted as

f (Z j) = eZ j

∑i = 1
n eZi

(20)

The output of the Softmax layer is also an N×E matrix and the
value ranges from 0 to 1. Each value in the matrix belongs to the
probability of each class. In the back propagation of neural
networks model, a loss function is required. This loss function
actually represents the error between the real value and the
estimated value of the network model. In order to get the best
classification results of the model, in this paper, we use the cross
entropy loss function to the optimal hyper-parameter:

C = − ∑
k

yklog ZK (21)

Here, ZK indicates the output value of the kth neuron. yK represents
the true value corresponding to the kth neuron and takes a value of
zero or one.

Z = gθ (L) ∗ X = θ [2 (L − IN)2] X = [2 (D−(1/2)AD−(1/2))2] Xθ (14)
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In the course of training, TGCN constantly updates the
parameters through the number of the loss values to improve
forecasting effect. There is no back propagation process in the
verification and testing phase of the TGCN network.

4 Experiment
In this experiment part, we conduct substantial experiments on
citation network dataset including Citeseer, Cora, and PubMed [26]
to prove the effectiveness of the proposed algorithm for document
classification. First of all, we introduce the experiment dataset.
Then, we describe the experimental set-up that is used. Finally, we
show the experimental results.

4.1 Citation network dataset

The Citeseer dataset [27] has a total of 3327 scientific publications
and is divided into six categories, i.e. Agents, AI, DB, IR, ML, and
HCI. The features of each publication represent different words and
show the absence or presence of the corresponding word through
zero and one. It consists of 4732 citation relationships for all
publications and 3703 words for each publication.

The Cora dataset [28] is composed of 2708 scientific
publications and contains seven classes, i.e. case-based, genetic
algorithms, neural networks, probabilistic methods, reinforcement
learning, rule learning, and theory. It has 5429 citation
relationships between scientific publications and 1433 words for
each publication.

The PubMed dataset [29] consists of totally 19,717 scientific
publications collected from diabetes. It contains three categories,
i.e. diabetes mellitus experimental, diabetes mellitus type 1 and
diabetes mellitus type 2. Each publication is represented by the
word vector. It is composed of 44,338 citation relationships and
500 feature vectors for each book. The experiment datasets are
summarised in Table 1. 

4.2 Experiment set-up

For the Citeseer, Cora, and PubMed dataset, we select 1000
scientific publications for the testing set, 500 publications as
validation set and the remaining samples as training set. In our
semi-supervised document classification experiments, the

validation set and testing set are all labelled data. For the Citeseer
and Cora datasets, we use a certain percentage labelled samples in
the training data, which are 2.5, 5, 7.5, 10, 12.5, 15, 17.5, and 20%.
For PubMed dataset, we take a certain percentage training data (i.e.
0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, and 0.9%) as labelled data. In
addition, we conduct multiple experiments to ensure the
correctness of the results (15, 17.5, 20, 0.7, 0.8, and 0.9%). The
remaining samples of the training set are all unlabelled samples.

We use the learning rate of 0.01 with Adam optimisation
algorithm (a method for stochastic optimisation) [30] to update
neural network weights iteratively. Adam calculates independent
adaptive learning rates for different parameters by calculating the
one-order and two-order moment estimates of the gradient. The
maximum iteration times of the training model are 200. In addition,
if the cross-entropy loss values of the model in the validation set
are not increased for ten consecutive times, the two-layer TGCN
will stop training automatically. We use the Xavier initialisation
method to initialise weights, which has a detailed introduction in
[31]. To prevent the overtraining of the model, we use the L2
regularisation method in the experiment. The L2 regularisation
term coefficient is 5 × 10−4. We also use other hyper-parameter
including the number of hidden neurons and the dropout rate of the
model. Other hyper-parameters are as follows: Citeseer: 0.5
(dropout rate) and 32 (hidden neurons); Cora: 0.5 (dropout rate)
and 16 (hidden neurons); and PubMed: 0.7 (dropout rate) and 32
(hidden neurons).

4.3 Experiment results

In the experiment, the baseline methods are GCN and third-order
GCNs (GCN-3), manifold regularisation (ManiReg) [32], semi-
supervised embedding (SemiEmb) [33], label propagation (LP)
[34], DeepWalk [11], iterative classification algorithm (ICA) [35],
Planetoid [36]. In [14], GCN-3 is denoted as

gθ(L) ∗ X = θ0X + θ1(L − IN) X + θ2 [2 (L − IN)2 − IN]
× X + θ3 [4 (L − IN)3 − 3 (L − IN)] X .

(22)

First, in this section, the comparison of the GCN and GCN-3 with
the different variants of the TGCN on citation network dataset is
shown, i.e. formulae (9) GCN, (10) TGCN-1, (11) or (12)
TGCN-2, (13) TGCN-3, (14) TGCN-4, (15) TGCN, and (22)
GCN-3.

The experimental results for all classes of citation network
dataset are summarised in Figs. 3–5 and Tables 2–4. For each
figure, the x-axis expresses the different label rate and the y-axis
expresses the recognition rate of all classes. Figs. 6–11 show the
recognition rate of each class of the different model. For each class,

Table 1 Experiment datasets
Dataset Publications Categories Words
Citeseer 3327 6 3703
Cora 2708 7 1433
PubMed 19,717 3 500

 

Fig. 3  Recognition accuracy for all class of Citeseer database
 

Fig. 4  Recognition accuracy for all class of PubMed database
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the y-axis is the experimental result of each class. The experiment
aims to prove the effectiveness for the derivation process of the
novel layerwise linear model.

As shown in Fig. 3 and Table 2, as the label rate increases, the
GCN, GCN-3, and the different variants of the TGCN all get a
higher recognition rate on Citeseer dataset. In addition, TGCN
acquires the highest recognition rate, no matter how the label rate
changes. Compared with GCN and GCN-3 on Citeseer dataset,
Figs. 6 and 7 demonstrate that TGCN also achieves the best
recognition rate in most classes.

Fig. 4 and Table 3 show the recognition rate of GCN, GCN-3,
and the different variants of the TGCN for all classes of the
PubMed database. From the experimental results, we can know that
the TGCN method is the best in most cases. Moreover, as shown in
Fig. 8, GCN, GCN-3, and the different variants of the TGCN
implement the highest recognition rate of each class.

Fig. 5 and Table 4 prove that the TGCN method outperforms
GCN and GCN-3 on the Cora dataset in the different label rate
cases. As the Cora dataset is quite small, it is impossible to achieve
the best performance of TGCN method in contrast to certain
variants of TGCN. However, the TGCN still has a high recognition
rate. With an increase in the label rate, the recognition results of all
classes also increase. In contrast with GCN and GCN-3, Figs. 9–11

reveal that TGCN also gains the highest performance under most
classes.

In addition, the comparison of different semi-supervised
methods is summarised in Table 5. Report numbers represent the
recognition rate in percentage. From Table 5, we can find out that,
compared with other methods, TGCN gets the best performance in
recognition rate and speed. 

Fig. 5  Recognition accuracy for all class of Cora database
 

Table 2 Recognition accuracy for all classes of Citeseer database
Dataset label rate 15% 17.5% 20%
GCN 72.28 72.58 73.44
GCN-3 71.68 71.84 72.46
TGCN-1 71.52 73.52 73.8
TGCN-2 70.66 71.72 72.24
TGCN-3 71.22 71.94 72.32
TGCN-4 69.92 70.72 70.82
TGCN 73.12 73.62 74.02

 

Table 3 Recognition accuracy for all classes of PubMed database
Dataset label rate 0.7% 0.8% 0.9%
GCN 80.86 80.94 81.12
GCN-3 79.32 79.6 79.8
TGCN-1 78.08 79.44 79.68
TGCN-2 80.28 80.7 81.3
TGCN-3 80.26 80.56 80.94
TGCN-4 79.12 80.14 80.98
TGCN 81.34 81.54 81.98

 

Table 4 Recognition accuracy for all classes of Cora
database
Dataset label rate 15% 17.5% 20%
GCN 80.26 80.44 80.68
GCN-3 76.76 80 80.38
TGCN-1 79.84 81.4 82.6
TGCN-2 81.2 81.72 82.42
TGCN-3 78.82 80.64 82.3
TGCN-4 80.76 81.86 82.84
TGCN 81.62 82.94 83.64
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5 Conclusion
As a result of the existence of numerous data in our real life that
does not have a regular spatial structure, at the present time, the
graph structure data has become the object of the extensive
research. How to extract valid sample information is central for

deep learning. The sample information is composed of the feature
information and the structure information. There have existed
many effective methods to extract the feature information of the
graph structure data until now. However, how to express a rich and
localised structure information is still a challenging question. To
address the problem, in this paper, we put forward a novel

Fig. 6  Recognition accuracy for each class of Citeseer database including Agents, AI, DB. Each subfigure corresponds to a single class
 

Fig. 7  Recognition accuracy for each class of Citeseer database including IR, ML, HCI. Each subfigure corresponds to a single class
 

Fig. 8  Recognition accuracy for each class of PubMed database, including diabetes mellitus experimental, diabetes mellitus type 1, diabetes mellitus type 2.
Each subfigure corresponds to a single class
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networks model, two-order GCNs. Specifically, TGCN utilises a
two-order polynomial of the spectral graph convolution to express
the localised manifold structure information of the graph structure

data. In addition, we continuously optimise the definition of two-
order approximation for spectral convolution on graph data.
Substantial experimental results demonstrate that superior

Fig. 9  Recognition accuracy for each class of Cora database, including case based, genetic algorithms, neural networks. Each subfigure corresponds to a
single class

 

Fig. 10  Recognition accuracy for each class of Cora database including probabilistic methods, reinforcement learning, rule learning. Each subfigure
corresponds to a single class

 

Fig. 11  Recognition accuracy for theory class of Cora database
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recognition accuracy can be achieved with TGCN model in the
citation network datasets, compared with the existing methods
including GCN and Planetoid.
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