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Abstract

Graph convolutional networks (GCNs) and their variants are excellent deep learning methods for graph-structured
data. Moreover, multilayer GCNs can perform feature smoothing repeatedly, which creates considerable performance
improvements. However, they may inherit unnecessary complexity and redundant computation; to make matters worse, they
introduce overfitting as the number of layers increases. In this paper, we present simplified multilayer graph convolutional
networks with dropout (DGCs), novel neural network architectures that successively perform nonlinearity removal and
weight matrix merging between graph conventional layers, leveraging a dropout layer to achieve feature augmentation and
effectively reduce overfitting. Under such circumstances, first, we extend a shallow GCN to a multilayer GCN. Then, we
reduce the complexity and redundant calculations of the multilayer GCN, while improving its classification performance.
Finally, we make DGCs readily applicable to inductive and transductive tasks. Extensive experiments on citation networks

and social networks offer evidence that the proposed model matches or outperforms state-of-the-art methods.

Keywords Graph convolutional networks - Multilayer - Dropout - Feature augmentation

1 Introduction

Graph neural networks (GNNs) that directly deal with
graphs were previously introduced in [1, 2] as a generaliza-
tion of recursive neural networks. In [3], the eigendecom-
position of the graph Laplacian was calculated by spectral
graph convolutions in the Fourier domain, leading to non-
spatial local filtering effects. This idea was adopted and
improved by [4], which introduces fast localized convolu-
tions to make them spatially localized. Recently, Defferrard
et al. [5] applied Chebyshev polynomials to approximate
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convolution kernel filters for dealing with graph-structured
data. Then, Kipf and Welling [6] proposed GCNs, which
utilize the first-order Chebyshev approximation to construct
a hierarchical linear model for fast and accurate semi-
supervised node classification. To learn the graph represen-
tations, GCNs apply the same linear transformation to the
neighborhood of a node followed by a nonlinear activation
function. In recent years, GCNs and subsequent variants
have obtained excellent results in many fields, including
but not limited to citation networks [6, 7], social networks
[8, 9], traffic forecasting [10—12], natural language process-
ing [13—15] and computer vision [16].

However, GCNs are mainly extended from recent deep
learning methods, so they may inherit unnecessary com-
plexity and redundant calculations. Previous work used
sampling to reduce the number of calculations. For instance,
Hamilton et al. [17] introduced GraphSAGE, a method
for calculating node representations through inductive sam-
pling and aggregation. Chen et al. [18] presented FastGCN
based on importance sampling to reduce the number of
calculations. Recently, Thekumparampil et al. [19] empiri-
cally showed that graph linear network (GLN) can perform
competitively. Wu and Zhang [7] proposed simple graph
convolution (SGC), which successively performs nonlinear
removal and weight matrix merging between graph conven-
tional layers to reduce redundant computations. However,
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in all experiments of [7], two-layer SGC was used. Simi-
larly, the models mentioned above are all shallow models
(usually 2 layers), which limits their ability to extract infor-
mation from higher-order neighbors. Accordingly, our goal
is to explore multilayer GCN, reduce its complexity and
redundant calculations, and improve its classification per-
formance.

In recent work, Li et al. [20] theoretically demonstrated
that the graph convolution of GCN is a special form of Lapla-
cian smoothing, which calculates the local average of fea-
tures of a vertex and its nearby neighbors. The features
of vertices in the same cluster become closer through a
smoothing operation; thus, the classification task is greatly
simplified. However, the smoothing operation also intro-
duces potential oversmoothing problems. For a GCN model
with multiple convolutional layers, the output features may
become too similar, making it difficult to classify vertices in
different categories. Moreover, this indistinguishable phe-
nomenon soon appears on small data sets, even if the GCN
model has very few convolutional layers. Generally, the
more convolutional layers of the GCN, the more redun-
dant calculations, and the more likely overfitting will occur.
Therefore, we need to alleviate the overfitting problem
introduced by the multilayer graph convolution.

To reduce the overfitting of deep neural networks, [21, 22]
applied dropout to prevent complex coadaptations of training
data. After using dropout regularization, each hidden unit
in the network randomly stops working with a probability
of 0.5. Therefore, the hidden units that work normally
cannot be interdependent. Moreover, Bouthillier et al. [23]
interpreted the use of dropout in the network layer as data
augmentation and used it to learn better models. With the
development of deep learning, previous work introduced
dropout and its variants into deep learning, including but not
limited to recurrent neural networks, convolutional neural
networks, and graph convolutional networks. For instance,
Zolna et al. [24] proposed fraternal dropout that takes
advantage of dropout to optimize recurrent neural networks.
Khan et al. [25] introduced spectral dropout to improve
the generalization ability of deep convolutional neural
networks (CNNs). Rong et al. [26] proposed DropEdge,
a novel and flexible technique to alleviate overfitting and
oversmoothing of graph conventional networks.

In this paper, we not only extend the shallow GCN model
to the multilayer GCN model to extract information from
higher-order neighbors, but also reduce redundant calcu-
lation and overfitting of the multilayer GCN to make it
simple and efficient. We derive inspiration primarily from
both simplified graph convolution and dropout regulariza-
tion in deep learning. Therefore, we alleviate redundant
computation by successively removing nonlinearities and
merging weight matrices between graph conventional lay-
ers. Then, we add a simple and efficient dropout layer to

achieve feature augmentation and effectively reduce overfit-
ting. In the simplified multilayer model, the superimposed
convolutional layer repeatedly performs Laplacian smooth-
ing on the input features, and the dropout layer implements
data augmentation for new features that have been Lapla-
cian smoothed. We empirically show that the simplified
multilayer model exhibits comparable or even better perfor-
mance to GCN and its variants on various tasks, with higher
computational efficiency and fewer fitting parameters. The
simplified multilayer model is treated as DGC.

Many experiments on benchmark datasets for citation
and social networks demonstrate that DGC compares
favorably in classification accuracy against state-of-the-art
methods. Simultaneously, it yields up to several orders
of magnitude speedup over state-of-the-art methods, e.g.,
DGC outperforms FastGCN [18] by up to two orders
of magnitude on our inductive tasks. In addition, on
the downstream tasks, the performance of DGC also
outperforms the latest methods. This demonstrates that
applying the dropout layer to the simplified multilayer GCN
model can significantly alleviate overfitting and improve
classification accuracy.

Briefly, contributions of this paper are as follows:

—  We propose a DGC model that first extends a shallow
GCN to multilayer GCN and then eliminates the
redundant calculations of the multilayer GCN. Under
the premise of improving the classification ability of the
model, the calculation speed of the model also increases
by several orders of magnitude.

— We add a simple and effective dropout layer after
feature extraction for feature augmentation since the
dropout layer can effectively alleviate overfitting.

— Extensive experiments on citation networks and social
networks demonstrate that our method can match or
outperform state-of-the-art methods.

The rest of this paper is organized as follows. Section 2
reviews the related literature, and Section 3 gives a
formal and detailed introduction to DGC. As presented
in Section 4, extensive experiments conducted on citation
networks and social networks show that DGC matches
or outperforms several state-of-the-art methods. Section 5
summarizes the paper and outlines the direction of future
work.

2 Related work
2.1 Graph neural networks
Recently, considerable efforts have been devoted to

generalizing powerful CNNs to deal with graph-structured
data. Bruna et al. [3] first proposed a spectral graph-based
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extension of convolutional networks to graphs. In follow-up
work, ChebyNets [5] defined graph convolutions, which use
Chebyshev polynomials to approximate convolution kernel
filters. GCN [6] further simplified graph convolutions
by applying the first-order approximation to develop a
hierarchical linear model. Chen et al. [18] proposed an
efficient GCN variant based on importance sampling.
Hamilton et al. [17] introduced GraphSAGE, a method for
calculating node representations through inductive sampling
and aggregation. Wu and Zhang [7] presented a simple
graph convolution (SGC), which successively removes
nonlinearities and merges weight matrices between graph
conventional layers to reduce redundant computation.

With the development of deep learning, an increasing
number of GCN variants have been widely used in deep
learning fields. Thekumparampil et al. [19] replaced the
propagation layers with self-attentional layers to address the
graph-structured data. Furthermore, Velickovi¢ et al. [27]
presented a graph attention network (GAT), which uti-
lizes masked self-attentional mechanisms to assign different
weights to different nodes in a neighborhood. Abu-El-Haija
et al. [28] proposed a new model MixHop that repeatedly
mixes feature representations of neighbors at various dis-
tances. Qu et al. [29] proposed the graph Markov neural
network (GMNN), which combines the advantages of both
GCN and Markov. You et al. [30] utilized position-aware
graph neural networks (PGNNSs) to compute position-aware
node embeddings. Later, Veliy ckovi¢ et al. [31] presented
deep graph infomax (DGI), which learns graph embed-
dings in an unsupervised manner. Similarly, new progress
has been made in graph reduction [32, 33] and graph
matching [34, 35]. Rong et al. [26] proposed DropEdge,
a novel and flexible technique to alleviate overfitting and
oversmoothing of deep graph conventional networks. Hong
et al. [36] proposed a novel heterogeneous graph structural
attention neural network (HetSANN) to directly encode
structural information of a heterogeneous information net-
work (HIN). More recently, GCNs and subsequent variants
have obtained excellent results in many fields, including
but not limited to social networks [8, 9], traffic forecast-
ing [10-12], natural language processing [13-15], rein-
forcement learning [37, 38] and electronic health records
(EHRs) [39].

2.2 Neural networks with dropout

Overfitting is a serious problem in deep neural networks
with a large number of parameters. Dropout regularization
is a common technique to alleviate overfitting. Hinton
et al. [21] and Srivastava et al. [22] applied dropout to
prevent complex coadapations of the training data to reduce
overfitting. Bouthillier et al. [23] defined the application
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of dropout in the network layer as data augmentation and
used it to learn better models. Furthermore, Zhao et al. [40]
discussed the exact conditions for maintaining equivalence
between dropout and dataaugmentation.

Due to the success of dropout, many variants have been
proposed [41-43]. More recently, an increasing number of
works have obtained new definitions of dropout regulariza-
tion through in-depth analysis of its principles, so dropout
regularization has been widely used in the field of deep
learning. For instance, Dao et al. [44] proposed a general
model of augmentation as a Markov process to establish
a theoretical framework for understanding data augmenta-
tion. Nalisnick et al. [45] proposed a novel framework for
understanding Bernoulli noise (i.e., dropout) in neural net-
works. Wang et al. [46] used a novel jumpout method, which
samples the dropout rate from a monotonically decreasing
distribution. Zunino et al. [47] presented a guided dropout
regularizer for deep neural networks. With the development
of dropout theory, dropout and its subsequent variants have
achieved state-of-the-art results in various deep learning
fields, including but not limited to recurrent neural networks
[24, 48, 49], convolutional neural networks [25, 50], and
graph convolutional networks [26, 27].

Our method draws inspiration from graph conventional net-
works, which perform convolutions directly on the graph. In
contrast to these works, the proposed DGC model uses a sim-
ple and efficient dropout layer to improve the feature extrac-
tion performance of the multilayer simplified graph convo-
lutional network model. In this case, we demonstrate that
DGC can not only achieve a calculation speed increase of
several orders of magnitude but can also match or outper-
form the state-of-the-art methods in classification accuracy.

3 Proposed model

First, some GCN notations used in this paper are defined.
An undirected graph is represented as G = (V,¢),
where V represents the vertex set consisting of nodes
{vi, v2, -+, vy}, and £ is the edge set. A = [a,-j] e R
is a symmetric (typically sparse) adjacency matrix, where
a;j denotes the edge weight between nodes v; and v;.
D = diag(d, - ,d,) denotes the degree matrix of A,
where the row-sum of the adjacency matrix d; = ) j aij is
the degree of vertex v;. The unnormalized graph Laplacian
[51] is defined as L = D — A, and the two versions
of normalized graph Laplacians are defined as symmetric

normalized Laplacian, Lgys = D_%LD_%, and random
walk normalized Laplacian, Ly, = DL
The entire feature matrix X = [xy,---,X,]T € R**¢

stacks n feature vectors on top of one another, and x; € R¢
is the c-dimensional feature vector of vertex v;. Each vertex
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belongs to one out of C classes, which is labeled with a C-
dimensional one-hot vector y; € {0, 1}€. Only the labels
of a subset are given, and the goal is to predict the labels
of the remaining vertices V,. As shown in Fig. 1, DGC is
composed of feature extraction, feature augmentation and
standard logistic regression. For clarity, we describe each
step in detail.

3.1 Graph convolutional networks

Graph convolutional neural networks (GCNNs) extend tra-
ditional convolutional neural networks to the graph domain.
Particularly, spectral GCNNs define the convolution as the
multiplication of a signal x € R" (a scalar for each ver-
tex) with a filter gy = diag (9) (a function of eigenvalues
of Lsym) in the Fourier domain [3]. However, this model
is computationally expensive. Furthermore, computing the
eigendecomposition of Lgym might be prohibitively expen-
sive for large graphs. Defferrard et al. [5] approximates the
spectral filter go with Chebyshev polynomials up to the
K -th order to build a K-localized convolution, where it is
defined as:

K
g6 %X ~ 0, Ty(Lsym)x. (1)
k=0

where x € R” is the signal on the graph, gp is the
spectral filter,  denotes the convolution operator, Tj is
the Chebyshev polynomial, and 6, € RX is a vector of

GCN [6] limits the layerwise convolution operation to
K = 1 and further approximates the largest eigenvalue
Amax ~ 2. Under these approximations, the convolution
simplifies to:

g6 * X %9(1N+D_%AD_%)x, )

with a single Chebyshev coefficient parameter 6. Note that
In + D~2AD™? now has eigenvalues in the range [0, 2].
The following renormalization trick is introduced:

In+D 2AD™2 — D 2AD?, 3)

D=

where A = A + Iy and D,’,‘ = Zj Aij’ D=D+ Iy.

The above convolution definition is generalized to a
graph signal X € R"*¢ with ¢ input channels (i.e., each
vertex is associated with a c-dimensional feature vector) and
f spectral filters as follows:

HED — o (b—%AD—%H“)@(’)) , &)

where H") is the matrix of feature representation in the [-
th layer, H® = X, ©® e R/ is the learned weight
matrix of layer /, and o is the activation function, e.g.,
ReLU(-) = max(0, -).

For node classification, the last layer of a GCN utilizes a
softmax classifier to predict the labels . The class prediction
Yofak -layer GCN can be defined as:

Y — A (K=D g(K)
Chebyshev coefficients. Yoen = softmax (AH ® ) ’ ®)
. Feature
Feature Extraction Augmentation
(o) o )
° @)
X K 0
— O softmax @
* —> —> —
f :
A £\K :
@ (A) *X O @
— o/ )
Dropout Linear
Input i
p Reduce Redundant Computations Layer Layer Output

Fig. 1 Schematic layout of DGC. The input to the DGC model
consists of X € R"™€ and A € R"*" " which are the feature
matrix and renormalization adjacency matrix, respectively. In addi-
tion, A = D*%Af)*%, where A = A + Iy and D =D+ Iy.
[7] proved that the nonlinearity between GCN layers is not crit-
ical. What matters is the local averaging, which is the source of
the majority of the benefit. Here, we redefine the process of reduc-
ing redundant computations as the process of feature extraction and
perform nonlinear removal and weight matrix merging in this pro-
cess. Further, we briefly explain the process. The /-th layer of the

GCN [6] is defined as H(*D = ¢ (AH(I)@(Z)). After removing

the nonlinearities, the entire GCN calculation process is simplified to
Ygen = softmax (AA L AXeWe® . @(K)>. Then, we collapse

the repeated multiplication with the normalized adjacency matrix Ato
a single matrix by raising A to the K-th power, A% Furthermore,
we merge weight matrices between graph conventional layers into a
single matrix ® = ODVE®  ©& which is defined in the linear
layer. Moreover, a simple and efficient dropout layer is used for fea-
ture augmentation. The linear layer is the output layer, parameterized
by a hidden-to-output weight matrix, @ € R*". Finally, the softmax
activation function is applied rowwise. In this case, the DGC model is

simplified to ¥bge = softmax <drop0ut (A(K 15'¢ ) @))

@ Springer



4780

F.Yangetal.

where A = D 2AD™? denotes the “normalized”
adjacency matrix with added self-loops and softmax(x;) =
exp(x;)/ Z _1 exp(x;) is the softmax classifier. The class
predictions for n nodes are denoted as YGCN € R™xe,

A one-layer GCN actually contains two operations. First,
a new feature matrix is generated Y from X by applying
graph convolution:

1 ~ ~

Y =D 1ADzX. ©6)

Here, A=A+1. Then, the new feature matrix Y is fed to
a fully connected layer. Obviously, graph convolution is the
key to performance improvement.

The Laplacian smoothing [52] on each channel of the
input features is defined as:

9i=(1—y)x + yZ—x, (forl<i<n), (7)

where 0 < y < 1 is a weight parameter that is related
to the features of the current vertex and the features of its
neighbors. The Laplacian smoothing can be rewritten as:

Y=X-yD'LX, 8)

where L = D—A , By letting y = 1, i.e., only the neighbors’
features is considered. Here, ¥ = D~'AX, which is the
standard Laplacian smoothing.

Specifically, when the normalized Laplacian DL is
replaced with the symmetrically normalized Laplacian

D~ 2LD™> and y = 1, the feature propagation formula
becomes ¥ = D 2AD 21X , which is exactly the graph
convolution. It is demonstrated that graph convolution is a
special form of Laplacian smoothing (symmetric Laplacian
smoothing). Note that the smoothing still includes the
current vertex’s features.

The new features of a vertex are calculated as the
weighted average of itself and its neighbors through
Laplacian smoothing. Since vertices in the same cluster
tend to be densely connected, the smoothing makes their
features similar, which makes the subsequent classification
task much easier.

For a GCN with two propagation layers, applying
smoothing again makes the output features of vertices in the
same cluster more similar. Furthermore, the classification
task becomes simple. However, a GCN with many layers
is computationally complex. Additionally, as the number
of convolutional layers increases, the complexity and
redundant calculations of the multilayer GCN model also
increase, which introduces the problem of overfitting.
Therefore, in the next section, we introduce the DGC model,
which can alleviate the abovementioned problems of the
multilayer GCN model.

@ Springer

3.2 Graph convolutional network with dropout

Typically, the propagation layer respects the adjacency
pattern in A, performing a variation of local averaging
(current vertex and its neighbors) in the shadow GCN,
which is the definition of a graph convolution operation.
Next, a single perceptron layer is applied to each
vertex separately. Simultaneously, the effective context
size for each vertex increases by the size of its K-
order neighborhood (for a model with K layers) with
each additional layer. However, GCN benefits little from
increased depth, when the model depth exceeds 3.
Representatively, GCN [6] obtains the best results with a
2- or 3-layer model for citation networks. Furthermore,
overfitting becomes an issue as the number of parameters
increases with model depth.

Note that the critical aspect of the graph convolutional
layer is feature propagation (local averaging), rather than
the nonlinearity of the graph convolutional layer. Therefore,
the nonlinear activation functions between each layer are
removed and only the final softmax is retained. The
resulting model is linear, but still has the same increased
receptive field of a layer GCN [7],

Yoen = softmax (AA . AxXeWe® . (~)<K>) NC).

Here, the repeated multiplication with the normalized
ad]acency matrix A can be collapsed to a single matrix by
raising A to the K-th power, A®) Furthermore, weight
matrices between graph conventional layers can be merged
into a single matrix @ = @MO® . ©K) Under these
tricks, the formula simplifies to:

Ycen = softmax (A(K)X(H)> . (10)

New feature propagation A® x may mix the vertices
features from different clusters as K increases. It has been
demonstrated that dropout is an effective technique for
feature augmentation and preventing the coadaptation of
neurons [21-23]. During training, dropout randomly zeroes
some of the elements of the input tensor with probability n
by sampling from a Bernoulli distribution. Each channel is
zeroed out independently on every forward call,

rj ~ Bernoulli(n),
dropout(x) = r * x.

an

Here, * denotes an elementwise product. r is a vector of
independent Bernoulli random variables, and the probability
of each random variable being 1 is 1. After using dropout,
the resulting classifier becomes

Ybge = softmax (dropout (A(K)X> @) , (12)

which refers to simplified multilayer graph convolutional
networks with dropout (DGC).
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4 Experiments and analysis

We test DGC in many experiments: semi-supervised
and full-supervised document classification in citation
networks, inductive prediction of the community structure
on social networks (Reddit), and a range of downstream
tasks. This section summarizes our experimental setup, the
results, and a brief qualitative analysis of a DGC model’s
feature extraction and feature augmentation.

4.1 Citation networks

Datasets Three commonly used citation network datasets
are chosen: Cora, Citeseer, Pubmed [53]. Each dataset
contains sparse bag-of-words feature vectors for a document
and a list of citation links between documents, and the
citation links are described as a binary, symmetric adjacency
matrix A. Although the networks are directed, undirected
versions of the graphs are considered for all experiments.
In addition, each category uses 20 nodes for training. We
define the fixed label rate as Ra. Dataset statistics are
summarized in Table 1.

Experimental setup We closely follow the experimental
setup in [7]. On the citation networks, DGC is trained for
100 epochs using Adam [54] with a learning rate of 0.2. In
addition, weight decay is applied and tuned on each dataset
using hyperopt [55]. Experiments on citation networks are
conducted transductively.

Baselines  For citation networks, we compare DGC to the
reported performance of graph conventional network (GCN)
[6], graph attention network (GAT) [27], attention-based
graph neural network (AGNN) [19], FastGCN [18], (LNet,
AdalLNet) [56], deep graph infomax (DGI) [31] and SGC
[71.

Hyperparameters tuning From the experimental settings
and the definition of Ypgc (12), we can see that the
parameters that can be adjusted are the dropout rate n
and the model depth K. We discuss the impact of n on
model performance under different model depths, where the
model depth gradually changes from 1 to 7, and n gradually

Table 1 Dataset statistics of the citation networks and Reddit

Table 2 Test accuracy (%) on citation networks, where the dropout
rates of DGC on Cora, Citeseer and Pubmed are 0.4, 0.45 and 0.5,
respectively

Method Cora Citeseer Pubmed
GCN 81.5 70.3 79.0
GAT 83.0+0.7 72.5+0.7 79.0+0.3
GLN 81.240.1 70.940.1 78.910.1
AGNN 83.140.1 71.740.1 79.940.1
FastGCN 79.84+0.3 68.8+0.6 77.4+0.3
LNet 79.5+1.8 66.2+1.9 78.3+0.3
AdaLNet 80.4+1.1 68.7+1.0 78.1+0.4
DeepWalk 70.74+0.6 51.440.5 76.8+0.6
DGI 82.31+0.6 71.84+0.7 76.8+0.6
SGC 81.0+0.0 71.940.1 78.91+0.0
DGC (2) 81.940.0 71.7+0.0 79.9+0.0
DGC (3) 82.34+0.0 71.8+0.0 79.1+0.0

DGC (K) indicates that DGC theoretically has K convolutional layers

increases from O to 0.7 at intervals of 0.05. Figure 2 shows
the process of hyperparameter adjustment. Simultaneously,
we can conclude that when 5 is set to 0.4, 0.45, and 0.5,
DGC can obtain the best performance on Cora, Citeseer and
Pubmed, respectively. In addition, we also notice that DGC
usually achieves better performance when the model depth
is relatively shallow. Finally, these two hyperparameters are
also used in subsequent experiments.

Results in terms of test accuracy The results are summa-
rized in Table 2, and the results for all other baseline
methods are taken from [7]. Table 2 reflects that the per-
formance of DGC with different convolutional layers can
match or outperform the performance of SGC and state-of-
the-art graph networks on citation networks. When K = 2,
DGC is approximately 1% better than SGC on Cora and
Pubmed, and approximately 1% better than GCN on Cite-
seer. Specifically, on Pubmed, DGC is compared to GAT
and AGNN; however, DGC has a faster running speed. Note
that different datasets require different K (convolutional
layers) and different 5 (dropout rate) for better performance.
Actually, DGC obtains higher accuracy with reasonable K
and n, e.g., test accuracy up to 82.5% on Cora when K = 3

Dataset Nodes Edges Classes Features Train/Dev/Test Nodes
Cora 2708 5429 7 1433 140/500/1000
Citeseer 3327 4732 6 3703 120/500/1000
Pubmed 19717 44338 3 500 60/500/1000

Reddit 233K 11.6M 41 602 152K/24K/55K

@ Springer
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Table 3 Summary of results in terms of p-values

Method GCN GAT GLN AGN. Fas. LNe. Ada. Dee. DGI SGC DGC (2) DGC (3)
DGC (2) 0.109 0.593 0.108 0.317 0.108 0.108 0.108 0.108 1 0.285 - 1
DGC (3) 0.109 0.276 0.108 0.285 0.109 0.109 0.109 0.108 0.317 0.285 1 -

Here, we use the classification accuracy of the model on the three datasets as input for its significance test, and compare DGC with all other

baselines. We set the threshold of the significance test to « = 0.05

and n = 0.6. The reason for this performance improvement
is due to the reduction in parameters and the increase in
dropout layers, which can alleviate overfitting and achieve
feature enhancement, respectively. For all citation networks,
DGC is most stable with different K and 7. Remarkably,
both LNet and AdaLNet perform slightly worse and are
unstable on citation networks.

Significance tests of the Results To explore the differences
among the model results, we leveraged the Wilcoxon
signed-rank test (WSRT) for significance tests. The WSRT
is a type of nonparametric statistical hypothesis test and
is usually used to compare the predictive power of models
[57]. The advantage of this test is that it does not need the
assumption of data normality. In addition, the subsequent
experiments of this paper will uniformly use WART for
significance tests. In Table 3, since each model has only
three accuracy values, the quantity of data is too small,
resulting in all p-values greater than «. The conclusion is
that DGC is not significantly different from all models.
However, this is not very convincing. In Table 4, except
for DGI, there are significant differences between DGC and
other models. In Table 5, in addition to AGNN and DGI,
there are significant differences between DGC and other
models. In Table 6, except for AGNN, there are significant
differences between DGC and other models. Overall, the
results suggest that on these three datasets, the classification
performance of DGC is significantly different from the
classification performance of most baselines.

Influence of model depth and dropout rate on classification
performance In Fig. 2(a), DGC with different K almost
all obtain the highest test accuracy when n = 0.4. In the
whole process, DGC with K = 3 or K = 4 outperforms
DGC with K = 2 as n increases. Figure 2(b) shows that the

Table 4 Summary of results in terms of p-values (e-5) on Cora

performance of DGC is attenuated as K increases. However,
the performance of DGC improves as 1 increases while
keeping K fixed. In particular, DGC with different K -values
obtains almost all the highest test accuracies when n = 0.45.
In Fig. 2(c), DGC with different K almost all obtain the
highest test accuracies when 1 = 0.6. For citation network
datasets, it is demonstrated that the best results are obtained
with model depth (number of layers) K = 2, K = 3 or
K = 4. Simultaneously, the most reasonable and commonly
used 7 is approximately 0.5, which was utilized in [21, 22].
Moreover, in Fig. 3, we fixed the dropout rate to show the
effect of the dropout layer on the DGC model with different
convolutional layers. The results further highlight the effect
of the dropout layer on feature augmentation.

Influence of model depth and label rate on classification
performance In Fig. 4, we fixed the dropout rate to show
the effect of the dropout layer on the DGC model with
different convolutional layers and label rates. The dropout
layer can achieve feature augmentation at low label rates.
In particular, DGC with different network layers can still
achieve similar feature augmentation effects. Moreover, in
Fig. 5, we further show the influence of the dropout layer
on the DGC model through the task of full-supervised
node classification. The dropout layer can also achieve
feature augmentation at high label rates (full-supervised).
This demonstrates that adding a dropout layer can further
enhance the robustness of DGC.

Influence of label rate on classification performance We
fixed the dropout rate n and model depth K to show
the effect of the label rate on the DGC model. Figure 6
demonstrates that DGC can match or outperform GCN
on citation networks at low label rates. In addition, for
Fig. 6(b), the accuracy of GCN with label rates between

Method GCN GAT GLN AGN. Fas. LNe. Ada. Dee. DGI SGC DGC (2) DGC (3)
DGC (2) 8.02 8.52 6.39 6.81 6.92 5.79 5.75 6.93 9.49 7.5 - 6.18
DGC (3) 6.82 11.4 6.90 5.66 6.90 6.40 6.91 6.93 0.76e5 7.21 6.18 -

We run the models 20 times on Cora. Therefore, each model obtains 20 corresponding accuracy values, which are passed to a statistical test to see

if the observed difference is statistically significant
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Table 5 Summary of results in terms of p-values (e-5) on Citeseer

Method GCN GAT GLN AGN. Fas. LNe. Ada. Dee. DGI SGC DGC (2) DGC (3)
DGC (2) 5.70 7.62 7.24 0.76e5 6.85 7.68 7.62 7.80 0.5e5 6.56 - 7.3el
DGC (3) 6.21 7.38 6.12 2.16el 7.39 6.90 7.41 6.94 0.6e5 5.3el 7.3el -

We run the models 20 times on Citeseer. Therefore, each model obtains 20 corresponding accuracy values, which are passed to a statistical test to

see if the observed difference is statistically significant

Table 6 Summary of results in terms of p-values (e-5) on Pubmed

Method GCN GAT GLN AGN. Fas. LNe. Ada. Dee. DGI SGC DGC(2) DGC (3)
DGC(2) 1232  8.64el  1.2el 0439¢5 846 973  9.02 742 566  127el - 1.11e2
DGC (3)  1.57¢2  494e3  122e2  6.66 799 823 772 739 612  6.66 1.11e2 -

We run the model 20 times on Pubmed. Therefore, each model obtains 20 corresponding accuracy values, which are passed to a statistical test to

see if the observed difference is statistically significant
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(d) Reddit
Reddit. In addition, we test accuracy on Cora, Citeseer and Pubmed,

and test the F1 score on Reddit. K is the number of convolutional
layers of DGC
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Fig.3 Influence of the dropout layer on the classification performance. Here, we fixed the dropout rates of Cora, Citeseer, Pubmed and Reddit at
0.4, 0.45, 0.5, and 0.2, respectively. In addition, DGC (without dropout) indicates that no dropout layer is used, that is, the dropout rate is O

0.3Ra and 0.4Ra is greatly improved, which is caused by
the early stopping of GCN with label rates between 0.1 Ra
and 0.3Ra.

Run time analysis  Table 7 shows the specific running
time on citation networks. The training time was measured

Aoeandoy 1591
Aoeinddy 1581

1.0

L 4 04 ofmitzu {183\ L 4
ayers 3 02 Label Rar® ayers 3

on an NVIDIA TITAN Xp GPU. Particularly, AK)X
is precomputed and the training time of DGC considers
this precomputational time. Note that DGC can match
the training time of SGC, and even its training time is
several orders of magnitude faster than GCN, FastGCN and
AGNN. In addition, adding an additional propagation layer
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Fig. 4 Influence of model depth and label rate on classification performance. Here, we fixed the dropout rates of Cora, Citeseer and Pubmed at
0.4, 0.1 and 0.1, respectively. Similarly, DGC (without dropout) indicates that no dropout layer is used, that is, the dropout rate is 0
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Fig. 6 Influence of label rate on the classification performance. Here, we test the accuracy at different low label rates on the citation networks,
and fix the dropout rates of Cora, Citeseer and Pubmed at 0.4, 0.1 and 0.1, respectively

Table 7 Training time (seconds) on citation networks

Method Cora Citeseer Pubmed
GCN 7.9 11.9 40.86
SGC 0.059 0.094 0.067
FastGCN 6.528 13.287 9.0
GAT 142.91 187.66 OOM
AGNN 10.17 15.11 OOM
DGC (2) 0.062 0.098 0.07
DGC (3) 0.064 0.1 0.074
DGC (4) 0.065 0.103 0.082

To maintain consistency, the dropout rate of DGC is uniformly set to 0.5. DGC (K) means that DGC theoretically has K convolutional layers.
OOM: GPU out of memory
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Fig.7 Performance over training time (seconds) on Pubmed and Reddit. Here, we show the running time on two relatively large datasets. OOM:

GPU out of memory

to DGC only increases the training time by a small amount.
Moreover, Fig. 7(a) shows the performance of the state-of-
the-art graph networks over their training time relative to
that of DGC on the Pubmed datasets. DGC can be trained up
to two orders of magnitude faster than fast sampling-based
methods while having little or no drop in performance.

Significance tests of the run times In Table 8, since each
model has only three run time values, the quantity of data
is too small, resulting in all p-values greater than «. The
conclusion is that the run time of DGC is not significantly
different from the run time of all models. However, this is
not very convincing. In Table 9, all p-values are far less
than «, which indicates that there are significant differences
between DGC and all other models. Besides, since we use
more data for the significance test, the experimental results
are more accurate. Overall, the results suggest that on these
three datasets, the run time of DGC is significantly different
from the run time of all baselines.

4.2 Social networks
Datasets and experimental setup  For social networks,

we followed [18] to perform inductive evaluation of
the DGC model on Reddit. The parameters of DGC

Table 8 Summary of results in terms of p-values

are optimized through L-BFGS [58]. In addition, the
experimental environment of the social networks is the same
as the experimental environment of the citation networks.

Baselines For Reddit, we compare against GaAN [59],
supervised and unsupervised variants of GraphSAGE [17],
FastGCN [18], GCN [6] and SGC [7]. The setting of the
feature extraction for each method is exhibited in Table 10.
Notably, DGC involves no learning and no parameter
feature extraction step A) X. Finally, both no-learning and
unsupervised methods train logistic regression models with
labels.

Results in terms of micro F1 score  On Reddit, Table 10
shows that DGC has comparable performance to SGC.
Moreover, DGC outperforms the previous sampling-based
GCN variants, SAGE-GCN and FastGCN by more than 1%.
In addition, GCN cannot be trained on large graphs (e.g.
Reddit) due to out-of-GPU memory problems. Previous
methods solve this limitation by either sampling to shrink
the neighborhood [17, 18] or limiting their model sizes
[31]. By precomputing A®) X and the dropout layer, DGC
can not only minimize memory usage (only learns a single
weight matrix during training), but also enhance feature
representation.

Method GCN SGC FastGCN GAT AGNN DGC (2) DGC (3) DGC (4)
DGC (2) 0.109 0.102 0.109 - - - 0.102 0.109
DGC (3) 0.109 0.109 0.109 - - 0.102 - 0.109
DGC 4) 0.109 0.109 0.109 - - 0.109 0.109 -

Here, we use the training time (seconds) of the model on the three datasets as input for its significance test. Since GAT and AGNN has out-of-GPU
memory problems on Pubmed, we did not compare DGC with them. We set the threshold of the significance test to @ = 0.05

@ Springer



Simplified multilayer graph convolutional networks with dropout 4787

Table 9 Summary of results in terms of p-values (e-5) on the three citation networks

Dataset Method GCN SGC FastGCN GAT AGNN DGC (2) DGC (3) DGC (4)

Cora DGC (2) 8.41 5.72el 8.11 8.43 8.16 - 8.12 6.84
DGC (3) 8.57 1.45el 7.84 8.41 8.16 8.12 - 9.60
DGC (4) 8.38 6.38 7.82 8.43 8.16 6.84 9.60 -

Citeseer DGC (2) 8.72 8.07 7.79 8.82 8.73 - 1.1e3 1.48¢el
DGC (3) 8.60 7.38 8.0 8.83 8.43 1.1e3 - 791el
DGC (4) 8.72 6.40 7.83 8.84 8.18 1.48el 791el -

Pubmed DGC (2) 7.85 1.52el 7.85 - - - 1.73el 8.11
DGC (3) 8.14 8.15 8.16 - - 1.73el - 1.15el
DGC (4) 8.41 7.78 8.41 - - 8.11 1.15el -

We run the models 20 times on each dataset. Therefore, each model obtains 20 corresponding run time values, which are passed to a statistical
test to see if the observed difference is statistically significant. Since GAT and AGNN have out-of-GPU memory problems on Pubmed, we did

not compare DGC with them on Pubmed

Significance tests of the Results In Table 11, all p-values
are less than «, which indicates that there are significant
differences between DGC and all other models. Particularly,
as shown in Table 10, the F1 values of SGC and SAGE-
mean (superimposed) are very close to the F1 value of DGC,
with a difference of 0.1. However, through the significance
test results in Table 11, we know that there are significant
differences between the F1 value of DGC and the F1
values of SGC and SAGE-mean (superimposed). This also
illustrates the importance of significance tests in analyzing
experimental results.

Influence of model depth and dropout rate on classification
performance For social networks Reddit, Fig. 2(d) clearly

Table 10 Test Micro F1 Score (%) on Reddit, where the dropout rate
of DGC is 0.25

Setting Model Test F1
Supervised GaAN 96.4
SAGE-mean 94.9
SAGE-LSTM 95.4
SAGE-GCN 92.4
FastGCN 93.7
GCN OOM
Unsupervised SAGE-mean 89.7
SAGE-LSTM 90.7
SAGE-GCN 90.8
No Learning SGC 94.9
DGC (2) 95.0

DGC (K) means that DGC theoretically has K convolutional layers.
OOM: GPU out of memory

reflects that the performance of DGC worsens as K
increases. Obviously, overfitting becomes the main cause of
performance degradation. However, adding a dropout layer
can still slightly improve the performance for a fixed K.
Moreover, in Fig. 3(d), we fixed the dropout rate to show the
effect of the dropout layer on the DGC model with different
convolutional layers. The results further demonstrate the
feature augmentation effect of the dropout layer on a large
graph.

Run time analysis  Figure 7(b) shows the performance
of the state-of-the-art graph networks over their training
time relative to that of DGC on the Reddit datasets. Here,
we also consider the precomputation time. DGC can be

Table 11 Summary of results in terms of p-values (e-5) on Reddit

Setting Model DGC (2)
Supervised GaAN 8.46
SAGE-mean 2.0e3
SAGE-LSTM 6.25¢l
SAGE-GCN 6.95
FastGCN 8.09
GCN -
Unsupervised SAGE-mean 8.27
SAGE-LSTM 6.93
SAGE-GCN 8.35
No Learning SGC 1.8e3

‘We run the models 20 times on Reddit. Therefore, each model obtains
20 corresponding F1 values, which are passed to a statistical test to see
if the observed difference is statistically significant. Since GCN has
out-of-GPU memory problems on Reddit, we did not compare DGC
with GCN on Pubmed
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Table 12 Test accuracy (%) on text classification datasets

Dataset Model Test ACC. 1 Time (seconds)
20NG GCN 87.9+0.2 2022.4
SGC 88.5+0.1 32.19
DGC 88.7+£0.0 33.21
R8 GCN 97.0£0.2 167.2
SGC 97.240.1 2.45
DGC 97.6+£0.0 2.64
R52 GCN 93.8+0.2 280.2
SGC 94.0£0.2 3.5
DGC 94.5+0.0 3.67
Ohsumed GCN 68.2+0.4 370.6
SGC 68.5+0.3 4.53
DGC 68.7+£0.0 4.69
MR GCN 76.3£0.3 14.6
SGC 75.9+0.3 2.89
DGC 76.44+0.0 3.63

Except on the Ohsumed dataset, we set the dropout rate of DGC to 0.4. On the other four datasets, we set the dropout rate of DGC to 0.6. In

addition, the following models all include 2 convolutional layers

trained up to two orders of magnitude faster than sampling-
based methods [17, 18] while having little or no decrease
in performance. For DGC, precomputation is a nonlearning
process, and the training parameter of the model is only
®, which is the core reason for the reduction in training
time.

4.3 Downstream tasks

Datasets and experimental setup We extend our empirical
evaluation to text classification which assigns labels to
documents. Yao et al. [13] use a shallow GCN to
achieve the latest results by creating a single text graph
at the corpus-level, which treats both documents and
words as nodes in a graph. Weights between two word
nodes are calculated through pointwise mutual information
(PMI), and weights between document nodes and word
nodes are normalized term frequency-inverse document
frequency (TF-IDF) scores. We followed [13] to perform a
comparative evaluation of the DGC model on 5 benchmark
datasets.

Results in terms of test accuracy and run time Table 12
shows that DGC can not only match the running speed of
SGC but also has better performance than GCN and SGC on
the 5 downstream tasks. It is worth noting that GCN, SGC,
and DGC all use a two-layer convolutional layer model.

@ Springer

Once again, it demonstrates that the dropout layer can play
arole in feature augmentation.

Significance tests of the Results As shown in Table 13,
DGC is significantly different from other models in terms
of classification accuracy and run time. It is worth noting
that when the number of records used for the significance
test reaches 5, the result of the significance test becomes
relatively accurate. Similarly, as shown in Table 14, on each
downstream task, DGC is significantly different from other
models in terms of classification accuracy and running time.
Overall, the results suggest that on all the five downstream
tasks, classification performance and run time of DGC are
significantly different from those of all baselines.

Table 13 Summary of results in terms of p-values

Category Method GCN SGC
Test ACC. DGC 0.043 0.042
Time DGC 0.043 0.043

Here, we use the classification accuracy of the model on the five
datasets as input for its significance test. Similarly, we also use the
run time of the model on the five datasets as input for its another
significance test. We set the threshold of the significance test to o =
0.05
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Table 14 Summary of results in terms of p-values (e-5) on the five downstream tasks
Dataset Model Test ACC. Time

GCN SGC GCN SGC
20NG DGC 7.38 1.80el 8.73 8.30
RS DGC 7.71 7.74 8.43 8.05
R52 DGC 8.13 7.88 8.71 8.52
Ohsumed DGC 8.14 1.23el 8.43 8.27
MR DGC 1.3e3 8.13 8.56 7.87

We run the models 20 times on each dataset. Therefore, each model obtains 20 corresponding accuracy values and run time values, which are
passed to statistical tests to see if the observed difference is statistically significant

5 Conclusion

In this paper, we present a simplified multilayer graph
convolutional network with dropout for semi-supervised
classification on graph-structured data. In the DGC model,
a dropout layer is added to the fixed feature extractor
AK) for feature augmentation, which can not only greatly
reduce overfitting, but also improve the classification ability
of DGC. Many experiments on various tasks demonstrate
that the proposed DGC model is competent for extracting
both graph structure and node features efficiently for semi-
supervised classification. Simultaneously, the experimental
results also show that the most reasonable number of
convolutional layers is 2 to 4 layers, and the most favorable
dropout rate n for data augmentation is approximately 0.5.
In this setting, DGC matches or outperforms state-of-the-art
methods, while being computationally efficient.

The proposed DGC model has some potential improve-
ments and extensions that can be solved in future work,
such as exploring deeper convolutional layer networks and
extending DGC to more downstream tasks. In the future,
we will also explore different methods for optimizing the
deeper simplified convolutional network model. Further-
more, from an application point of view, it is of great
practical significance to extend this method to perform
graph classification and link prediction and even extend it
to other research fields, such as natural language processing
and computer vision.
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