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Abstract—The past few years have seen the dramatic adoption of
the Internet of Things (IoT) in everyday life, from manufacturing
to healthcare. With the emergence of various new Internet of
Things applications, it is a challenging problem to meet the
different QoS requirements of Internet of Things applications in
shared substrate networks. Recently, Network Virtualization (NV)
has attracted a large amount of attention from academia and
industry. NV enables multiple virtual networks to coexist on the
same substrate network, thus providing IoT users with customized
end-to-end services. The main challenge of NV is the Virtual
Network Embedding (VNE) problem, which refers to embed
different virtual networks into one substrate network. Inspired by
the recent success of graph convolutional network (GCN) in graph
structured data processing, in this paper, we propose a GCN aided
VNE algorithm. The GCN can extract high-order spatial structure
information among substrate nodes through the convolution
kernel. Considering that the training data of VNE has no label,
we introduce the policy gradient algorithm to optimize the GCN
model. In addition, three evaluation metrics are designed to
evaluate the performance of the network embedding policy. Some
simulations are implemented to evaluate our proposed algorithm
in comparison to the other state-of-the-art solutions.

Index Terms—Graph convolutional network, policy gradient,
reinforcement learning, virtual network embedding.

I. INTRODUCTION

T HE Internet of Things (IoT) refers to the billions of

physical devices (e.g., automobiles, home appliances,

mechanical arm) that are now connected to the Internet.

This connectivity allows a higher degree of intelligence and

automation by using Big Data technology to promote efficiency

in performance and economic benefits. According to the

Gartner’s prediction, it is expected more than 25 billion IoT

connections in the immediate future year 2025. However, with

the emergence of new IoT applications (e.g., industrial IoT,

high-definition video monitoring), the QoS requirements are

becoming increasingly demanding. How to satisfy distinct QoS

requirements of different IoT applications (e.g., time-sensitive

applications, bandwidth-sensitive applications) in a shared

substrate network becomes a challenging problem [1].

Recently, Network Virtualization (NV) has obtained a large

amount of attention from both industry and academia [2], [3].

NV allows multiple virtual networks to coexist on a shared

physical infrastructure [4]. By dynamically embedding different

virtual networks into the physical network, the virtual networks

can provide customized end-to-end guaranteed services to dif-

ferent IoT applications. For Network Virtualization, the most

critical challenge is the Virtual Network Embedding (VNE)

problem: efficiently mapping virtual nodes and links into a

shared physical network, which is known to be NP-hard [5], [6].

In particular, the ever-increasing network complexity makes

effective network embedding extremely difficult.

Inspired by machine learning, much of the current literature

on VNE focuses specifically on deep learning-based solu-

tions [7], [8]. Neural Networks (e.g., convolutional neural net-

work, recurrent neural network) based VNE algorithms have

gained massive success. However, traditional Neural Net-

works approaches could only be implemented using regular or

Euclidean data. They can hardly extract the high-order adjoin-

ing relationships among nodes and links in VNE problems.

The non-regularity data structures have greatly promoted the

development of Graph Neural Networks (GNN). GNN general-

izes the neural network model to non-Euclidean graph-structured

data. In the last few years, a variety of Graph Neural Networks

have been developed, and Graph Convolutional Network (GCN)

is one of them. The GCN can extract high-order spatial structure

information among substrate nodes through the convolution kernel

to represent the spatial structure of a graph [9]. Therefore, in this

paper, we propose a GCN aided VNE scheme. Besides, due to the

training data of the VNE does not have fixed labels, we use the

policy gradient algorithm to optimize the parameters of the GCN

model. Extensive and in-depth simulations are conducted to evalu-

ate our proposed algorithm against other state of the art schemes.
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� We apply GCN into the VNE problem. The multiple

layer GCN can extract high-order spatial structure infor-

mation among substrate nodes through the convolution

kernel for end-to-end learning.

� We introduce the policy gradient algorithm to update

the parameter of the policy network, which effectively

improves the training performance.

� We design three evaluation metrics for the sate of eval-

uating the performance of VNE algorithms. Simulation

results indicate that our GCN-VNE algorithm signifi-

cantly outperformed to other baseline algorithms.

In Section II, we review some related work on the IoT virtu-

alization solution considered. In Section III, we introduce our

system model in detail. In Section IV, we propose a GCN-

VNE algorithm. The implementation and performance of the

GCN-VNE are described in Section V. Finally, our conclusion

is presented in Section VI.

II. RELATED WORK

In this part, we will give an introduction of the related

work of virtual network embedding and graph convolutional

networks.

A. Virtual Network Embedding

A large and growing body of literature has been investi-

gated in the VNE problem. Generally, VNE is implemented in

two phases, including node and link embedding phases. In

some literature, these two stages are executed separately [10],

[11], [12], [13], [14]. In [10], Yu et al. proposed a multipath

based VNE algorithm. It allowed the substrate network to split

and dynamically migrate the virtual link over multipath in the

substrate network. The experiment result shown a significant

improvement in the bandwidth resource utilization. Besides,

to solve the limited resources problem in the VNE process,

in [11], Razzaq et al. proposed a closest node-based VNE

algorithm, which places the virtual vertices as closely as possi-

ble in the substrate and finds the closest paths for virtual edges

that satisfy its demand. In [12], the Markov Random Walk

model is applied by Cheng et al. to sort nodes according to the

topological and resource properties. Then, the author proposed

two algorithms to calculate the mapping priority based on the

rank of the virtual node. In [13], Zhang et al. used node impor-

tance metric to rank virtual nodes in each VN request by base

nodes according to node degree and clustering coefficient

information.

In contrast, these two stages are executed together in some

papers [15], [16], [17], [18]. In [15], Chowdhury et al. modeled

the VNE problem as a mixed-integer program through the

expansion of the substrate network. Besides, the author pro-

posed the deterministic and randomized rounding algorithms

for the network dynamical embedding. In [16], Lischka et al.

proposed a subgraph isomorphism detection algorithm, which

can complete node and link embedding in the same phase. The

simulation results show that this algorithm is faster than the

two-stages approaches.

However, as the network scale continues to expand, the heu-

ristic algorithm suffers from the computation complexity prob-

lem. Recently, with the advancement of artificial intelligence, a

multitude of researches on VNE architecture are carried out

from the perspective of machine learning. In [19], Mijumbi et al.

applied the deep neural network to the VNE problem. The exper-

iment result demonstrated the good performance of the neural

network based solution. In [20], Haeri et al. used the Monte-

Carlo tree to search the optimal VNE solutions. Moreover, deep

reinforcement learning (DRL) algorithms were introduced to

VNE in [21], [22].

B. Graph Convolutional Network

Recently, graph neural networks have attracted increasing

attention. GNN extends the deep neural network to graph-

structured data, and is able to extract non-Euclidean graph-

structured data information. There are mainly two types spa-

tial feature extraction methods, the spatial domain and the

spectral domain method. The spatial domain method extracts

spatial features on topology graphs intuitively. In [23], a novel

algorithm DeepWalk is proposed by Perozzi et al.. DeepWalk

used local knowledge from the random walk algorithm as

input to learn an encodes structural regularities representation.

In [24], Jian et al. proposed a novel GCN algorithm, called

LINE, where the first-order similarity and empirical probabil-

ity of nodes are calculated respectively. The experiment data

shown that the LINE performed well in any type of informa-

tion network. In [25], Grover et al. learned the continuous fea-

ture representation of nodes when processing graph data, and

proposed node2vec. In [26], Leonardo et al. extracted the

potential representation of node structural identity and pro-

posed the Struc2Vec algorithm. In [27], William et al. pro-

posed an inductive framework, which can efficiently use other

nodes to generate new node embedding vectors and is called

GraphSAGE.

Accordingly, the spectral domain is to implement the con-

volution on the graph with the spectrum theory. To generalize

the CNN to more general domains, in [28], Bruna et al. pre-

sented a hierarchical clustering based and spectrum of the

graph Laplacian methods. Based on this, the author parameter-

ized the graph convolution kernel and proposed the first-gen-

eration GCN formula. In [29], David et al. proposed a novel

algorithm for performing Chebyshev polynomial approxima-

tion based wavelet transforms on arbitrary finite weighted

large graphs. In [30], Thomas et al. presented a semi-super-

vised learning based algorithm on graph-structured data,

which used parameter assumptions and re-regularization tech-

niques to calculate the convolution kernel. In [31], Petar et al.

proposed well-know GAN, which introduced the attention

mechanism into the GCN and assigned the corresponding

weights to different adjacent nodes.

III. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, the system model and problem formulation

are introduced firstly. Then, we design three evaluation met-

rics to evaluate the performance of network embedding.
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A. System Model

Let’s assume a graph withNs nodes and Ls links. Then, we

abstract substrate networks into an undirected graph GS ¼
ðNS;LS;AS

N;A
S
LÞ, where AS

N and AS
L represent the resources

capability of nodeNs and link Ls. Similarly, we formulated the

virtual network into GV ¼ ðNV ;LV ;CV
N;C

V
L Þ, where CV

L and

CV
N are resource requirements sets of Lv and Nv. Therefore,

the VNE problem can be formulated by E : GV ðNV ;LV Þ !
GSðN;LÞ, where N � NS and L � LS . The node embedding

process can be modeled by X ¼ fxij jni 2 NV ; nj 2 NSg.
When

XNSj j

j¼1

xij ¼ 1; (1)

it indicates that node ni successfully embedded into the sub-

strate node nj. Similarly, the link embedded can be represented

by Y ¼ fyij j li 2 LV ; lj 2 LSg. When

XLSj j

j¼1

yij � 1; (2)

it indicates that the link li is successfully embedded on one or

more physical links.

Also, a virtual network requirement embedding needs to

meet the constraints of link and node respectively. The restric-

tion of node embedding can be expressed by:

xij � CV
ni

� xij �AS
nj
; (3)

where AS
nj

indicates the remaining resources of nj and CV
ni

represents the resource requirement of ni. Also, the link

restriction can be represented by:

yij � CV
li
� yij � AS

lj
; (4)

where AS
lj
denotes the remaining bandwidth of lj and CV

li
rep-

resents the demand of li.
For a clear understanding, an example is shown in Fig. 1. In

Fig. 1, it consists of a substrate network and two requests 1

and 2. Request 1 requires a virtual network of 3 links and 3

nodes, and request 2 requires a virtual network of 4 links and

4 nodes. The numbers on the nodes and links denote their

resource requirements. For the physical network, the numbers

represent their remaining resources.

We assume that each physical node can support multiple

virtual nodes. So a in request 1 and d in request 2 can be

simultaneously embedded to the node A. Similarly, multiple

virtual links can be mapped to the same physical link at the

same time. The ab in request 1 and the de in request 2 can be

simultaneously embedded to the link AB. We notice that the

virtual link de in request 2 is embedded to the AB and BC,

which cause extra bandwidth consumption. By observing the

graph, we can easily find that move d in request 2 to the node

B can save the bandwidth without affecting the embedding

performance.

B. Evaluation Metrics

To evaluate the utility of network embedding, we design

three evaluation metrics in this paper. The utility of the VNE is

related to the node resource expenditure CPUðnV Þ and the link
resource expenditureBW ðlV Þ, which can be represented by:

RðGV ; t; tdÞ ¼

td wc

X
nV 2NV

CPUðnV Þ þ wb

X
lV 2LV

BW ðlV Þ
" #

; (5)

where wb and wc indicate the revenue weights of links and

nodes, and td denotes the duration time of requestGV . Note that

the value of wc and wb are only determined by the VNE. Corre-

spondingly, the resource consumed by GV can be represented

by:

CðGV ; t; tdÞ ¼

td
X

nV 2NV

CPUðnV Þ þ
X

lV 2LV

X
lS2LS

BWðflV

lS
Þ

" #
; (6)

where BW ðflV

lS
Þ indicates the bandwidth consumed by lV in

the underlying link lS , and CPUðnV Þ represents the node

resources expended by nV .

Based on this, we design three evaluation metrics. Firstly,

we design an average revenue metric to evaluate the profitabil-

ity of the algorithm, which can be represented by:

Rev ¼
PT

t¼0 RðGV ; t; tdÞ
T

; (7)

where T is the time interval.

Then, we design the revenue to cost metric, which can be

formulated by:

Rev2Cos ¼
PT

t¼0 RðGV ; t; tdÞPT
t¼0 CðGV ; t; tdÞ

: (8)

This metric indicates the resource utilization efficiency of

algorithm. Meanwhile, the embedding success ratio of virtual

Fig. 1. An example of VNE.

MA et al.: GRAPH CONVOLUTIONAL NETWORK AIDED VIRTUAL NETWORK EMBEDDING FOR INTERNET OF THING 267

Authorized licensed use limited to: University of Science & Technology of China. Downloaded on February 12,2023 at 06:45:32 UTC from IEEE Xplore.  Restrictions apply. 



requests is another important indicator of the algorithm reli-

ability. Thus, we design the average acceptance ratio metric,

which can be represented by:

Acp ¼
PT

t¼0 Acp ðGV ; t; tdÞPT
t¼0 All ðGV ; t; tdÞ

; (9)

where Acp ðGV ; t; tdÞ is the number of successfully embedded

VNs andAll ðGV ; t; tdÞ represents the total number of requests.

IV. GCN AIDED EMBEDDING ALGORITHM

In this section, we propose a GCN aided VNE algorithm.

Also, the parameters of GCN convolution kernel are opti-

mized by introducing policy gradient algorithm.

A. Graph Convolutional Network

GCNs are considered as a basic variant of graph neural net-

works. They are used to process non-Euclidean graph-struc-

tured data and is able to extract the high-order spatial features

of topological graphs by passing a filter over the graph. The

GCN is shown in Fig. 2, it adopts a multi-layered neural net-

work to perform convolutional computation. In GCN, a graph

G ¼ ðV;EÞ is defined, whereE and V denote the link and node

sets of G. We use the Laplace matrix to perform the spectral

decomposition to the graph, which is homologous with the

spectral domain in GCN. The Laplace matrix is calculated by:

L ¼ D�A; (10)

where A denotes the adjacency matrix and D denotes the

degree matrix and is the n-th eigenvalue. Also, the symmetric

normalized Laplace can be formulated as:

Lsys ¼ D�1=2AD�1=2: (11)

Considering that the symmetric Laplace matrix satisfies the

condition of spectral decomposition, the spectral decomposi-

tion form of the Laplace matrix can be represented by:

L ¼ U

�1

. .
.

�n

0
B@

1
CAU�1; (12)

where U ¼ ð~u1; ~u2; . . .; ~unÞ is a matrix with the unit eigenvec-

tor and �n is the n-th eigenvalue.

In addition, the Fourier transform is used for signal conver-

sion between time domain and frequency domain. The Fourier

transform formula can be given by:

F ðwÞ ¼ F½fðtÞ� ¼
Z

fðtÞe�iwtdt; (13)

where fðtÞ is the signal in the time domain, and the e�iwt

satisfies:

~e�iwt ¼ @2

@t2
e�iwt ¼ �w2e�iwt; (14)

where the e�iwt is the eigenfunction of the Laplace operator
~. According to the correlation, we can define the Fourier

transform on the graph as:

F ð�lÞ ¼ f̂ð�lÞ ¼
XN
i¼1

fðiÞu	
l ðiÞ; (15)

where u	
l ðiÞ is the i-th component of the l-th eigenvector.

Note that the above inner product operate in complex space,

the u	
l ðiÞ is the conjugate of ulðiÞ. Thus, the Fourier transform

on the graph is extended by matrix multiplication as:

f̂ ¼ UTf: (16)

Also, the inverse Fourier transform of f on the graph can be

formulated by:

f ¼ Uf̂: (17)

According to the convolution theorem, the convolution of fðtÞ
and hðtÞ can be rewritten as:

ðf 	 hÞG ¼ U

ĥð�1Þ
. .
.

ĥð�nÞ

0
B@

1
CAUTf: (18)

Specifically, convolution parameter can be represented by

diagðĥð�lÞÞ. And the diagðĥð�lÞÞ is regarded as convolution

kernel diagðulÞ in:

youtput ¼ dðUguðLÞUTxÞ; (19)

where guðLÞ ¼
u1

. .
.

un

0
B@

1
CA. The equation. 19 is the first

generation of GCN propagation formula. Considering the com-

putation and parameter complexity, we introduce Chebyshev

polynomial to fit the GCN convolution kernel [30]. By using

the Chebyshev polynomial, the following formula can be

rewritten as:

Fig. 2. The GCN architecture.
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guðLÞ ¼
XK�1

k¼0

bkTkð~LÞ; (20)

where Tkð~LÞ denotes the order k of Chebyshev polynomials, bk

is the corresponding coefficient, and ~L represents the diagonal

matrix of eigenvalues after reprocessing and scaling. The reason

for this re-scaled transformation is that the form of the first-gen-

eration chebyshev polynomial is TkðxÞ ¼ cosðk � arccosðxÞÞ
and the input should be between (-1,1). Because the laplacian

matrix is a positive semi-definite matrix with non-negative

eigenvalues, after dividing by the maximum eigenvalue, and

subtracting an identity matrix I, the goal is achieved. The trans-

formation can be expressed by: ~L ¼ 2L=�max � I. By substi-

tuting the equation. 20 into the equation. 19, the equation. 19

can be reformulated as:

youtput ¼ d U
XK�1

k¼0

bkTkð~LÞUTx

 !
: (21)

Then, becauseL ¼ ULUT , the equation. 21 can be rewritten as:

youtput ¼ d
XK�1

k¼0

bkTkð ~LÞx
 !

; (22)

where ~L ¼ 2 L=�max � I.
WhenK ¼ 2, the propagation formula can be expressed as:

UguðLÞUTx 

X1
k¼0

ukTkð~LÞx ¼ u0xþ u1ðL� IÞx

¼ u0x� u1D
�1=2AD�1=2x: (23)

In addition, an assumption u ¼ u0 � u1 is introduced to our

model. The equation. 23 can be adapted as:

UguðLÞUTx 
 uðI þD�1=2AD�1=2Þx: (24)

Moreover, to prevent the gradient dispersion caused by the

repeated multiplication of I þD�1=2AD�1=2, we use the regu-

larization trick:

IN þD�1=2AD�1=2 ! ~D�1=2 ~A ~D�1=2; (25)

where ~A ¼ Aþ IN , ~Dii ¼
P

j
~Aij. The GCN propagation for-

mula can be expressed as:

Y ¼ dð ~D�1=2 ~A ~D�1=2XQÞ; (26)

whereX 2 RN�C represents the input node matrix,Q 2 RC�F

is the parameter matrix of filters, and Y 2 RN�F represents the

node matrix after convolution.

B. Information Extraction

In this paper, we selected four feature vectors to represent

the physical node state as the first layer input.

1) Computational Capability (CPU) : CPUðnsÞ represents
the remaining computational capability of node ns,

which can be calculated by:

CPUðnsÞ ¼ CPUðnsÞ �
X

nv!ns

CPUðnvÞ; (27)

where CPUðnsÞ represents the remaining resource of

ns. The
P

nv!ns CPUðnvÞ denotes the sum of CPU

requirements of nv.

2) Bandwidth Sum (SUM) : The sum of bandwidth of all

links connected to the node ns can be calculated by:

SUMðnsÞ ¼
X

ls2Lns

BW ðlsÞ; (28)

where Lns denotes all substrate links connected to ns.

Specifically, a higher SUMðnsÞ represents a higher

probability of satisfying the link embedding.

3) Degree (DEG) :DEG denotes the number of links con-

nected to this node. TheDEG can be represented by:

DEGðnsÞ ¼
X
n2Ns

Lðns; nÞ; (29)

where Lðns; nÞmeans whether ns and n are connected.

The Lðns; nÞ is 1 if connected or 0 if not connected.
4) Distance from other embedded nodes (DST ) : In the pro-

cess of network embedding, we also need to consider the

embedding location of other virtual nodes. The distance

between nodes in the same request is closer, the fewer

bandwidth resources will be consumed. In this paper, we

introduce the FloydWarshall [32] algorithm to calculate

the shortest distance between two nodes. The DST can

be calculated by dividing the total distance by the num-

ber of nodes, which can be written as:

DSTAVGðnsÞ ¼
P

~ns2 ~Ns DST ðns; ~nsÞ
~Ns
�� ��þ 1

; (30)

where ~Ns denotes the set of substrate nodes that the cur-

rent virtual request has embedded, and DST ðns; ~nsÞ
denotes the shortest distance between substrate nodes

ns and ~ns.

Then, these four features can form the feature vector F of
physical nodes:

F ¼ ½CPU; SUM;DEG;DST �: (31)

C. GCN-VNE Algorithm

In this section, we proposed our GCN-VNE algorithm. In

this paper, we adopt a typical two-stage embedding mecha-

nism, which means nodes and links are mapped separately.

The GCN propagation formula can be expressed by:

Y ¼ dð ~D�1=2 ~A ~D�1=2XQÞ; (32)

where ~D�1=2 ~A ~D�1=2 is a fixed value. For simplification, we

consider ~D�1=2 ~A ~D�1=2 as A, and the formula can be rewritten

as:

Hlþ1 ¼ ReLUðAHlWÞ; (33)
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where Hl is the input matrix and W is the convolution kernel

matrix of the l-th layer. In particular, H0 is the initial feature

matrix. Then, the first layer formula of GCN can be expressed

as:

H1 ¼ ReLUðAH0W 0Þ
ðA 2 Rn�n;H0 2 Rn�nfeat;W 0 2 Rnfeat�nhiddenÞ: (34)

where nfeat and nhidden is the dimension of feature matrix

and the first convolutional kernel, and the dimension of output

H1 can be calculated as n� nhidden. Then, the outputH1 will

be input to the last layer, which can be described as follows:

H2 ¼ ReLUðAH1W 1Þ
ðA 2 Rn�n;H1 2 Rn�nhidden;W 1 2 Rnhidden�nClassÞ; (35)

where nclass represents the number of categories. Finally, the

dimension of H2 can be calculated as n� nClass, and the

probability classification of each node can be obtained by the

node classification task. But in VNE, our goal is to get the

embedding result of the current virtual node. Therefore, the

dimension of convolution kernel matrix W 1 needs to satisfy

the condition W 1 2 Rnhidden�1 to meet the scenario require-

ments of VNE.

D. Policy Network

In the VNE scenario, our training data only contains net-

work resources and structural information, which lack super-

vised labels. Therefore, we introduce the policy gradient

algorithm to optimize the GCN model [33]. The policy p can

be formulated as an equation with u:

puðs; aÞ ¼ P ðajs; uÞ 
 pðajsÞ: (36)

The optimization objective function of the policy gradient is

the expectation of the reward obtained. And a gradient ascent

method is applied to optimize the objective function. The gra-

dient of policy pu can be expressed as:

ruJðuÞ ¼ Epu ½rulogpuðs; aÞQpðs; aÞ�; (37)

where the Qpðs; aÞ denotes the the estimated reward value

obtained by action a in state s. Then parameter updating for-

mula of policy gradient can be given by:

u ¼ u þ arulogpuðs; aÞQpðs; aÞ: (38)

where a denotes the learning rate of network parameters.

Based on this, we present a policy network with GCN, which

is shown in Fig. 3. The input feature matrix X of GCN can

represent the state s, and the policy pu is constructed by the

convolution kernel. Besides, we select the softmax function as

the policy function, which can be described as:

puðs; aÞ ¼ efðs;aÞ
T uP

b e
fðs;bÞT u : (39)

E. Training and Testing

As shown in Fig. 3, our policy network consists of a GCNwith

two hidden layers. In each layer, the adjacent matrix A is static,

and the input matrix X and convolution kernel matrix W are

dynamic changed.We randomly select the label for each embed-

ding result. And we manually define a label vector y with n
dimensions for all virtual nodes, where n is equal to the nodes in

the substrate network. Suppose that the node ni is selected as the

embedding label of the current virtual node, where only the i-th
dimension of the label vector y is 1, and the other dimensions are

0. The output vector ŷ of the policy network is a vector with n
dimensions, which will be processed by softmax function:

pi ¼ eŷiP
j e

ŷj
; (40)

where pi constitutes the output vector p of the policy network.

Then, the output vector p and label vector y can be applied to

calculate a cross-entropy as the loss of our model:

Lðy; pÞ ¼ �
X
i

yilogðpiÞ: (41)

In the policy gradient algorithm, the reinforcement learning

agents update policies based on reward signal [14]. The reve-

nue to cost metric is set as the reward signal in this paper. In

policy networks, the formula of parameter gradient update can

be expressed as:

g ¼ a � r � gf ; (42)

where r represents the reward signal, and gf is the gradient cal-
culated from the loss function. Note that if the link embedding

fails, the gradient of loss gf will not participate in the parameter

update process, because the reward signal r can’t be calculated.
Moreover, the learning rate a is crucial in determining the

span of training. A small learning rate may cause slow conver-

gence, while a big learning rate may cause the training unsta-

ble and over-fitting [34]. During the optimization process, we

use the mini-batch SGD algorithm to train our policy network.

It combines the advantages of batch gradient descent and ran-

dom gradient descent algorithms to ensure the convergence

speed and improve the training effect of the model.

The training process of GCN-VNE is shown in Algorithm 1.

Note that lines 1-5 are the node embedding process, and lines 6-

Fig. 3. The policy network.
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8 are the link embedding process. For all embedded nodes, the

Floyd algorithm is used to find the closest path among them. The

algorithm calculates the gradient in lines 9-12. After the training,

we obtained a trained policy network. Thenwe use the testing set

to evaluate the embedding policy performance. Algorithm 2 is

our testing algorithm pseudo-code of GCN-VNE. In the process

of node embedding, the node with the maximum probability in

the output vector of the policy network is applied as the embed-

ding node. After all nodes in the request are successfully embed-

ded, the link embedding starts. Similarly, the Floyd algorithm is

used in the link embedding in the testing. Any failure in the pro-

cess will cause the embedding to fail.

F. Computational Complexity Analysis

In this section, we analyze the computational complexity of

our proposed GCN-VNE training algorithm. For simplification,

we assume that the number of virtual requests in the training

data is r, and the average number of virtual nodes and links in

each request is m and n. The function f(n) represents the execu-
tion frequency of the training algorithm. During the node

embedding phase,the convolution kernel of the GCN network is

fitted by the second-order Chebyshev polynomial to perform

the forward calculation, and the computational complexity is

simplified to a constant term. After the node embedding phase,

we apply the Floyd algorithm to compute the shortest path

between nodes during the link embedding phase, and the compu-

tational complexity can be calculated asn3. After that, the calcu-

lation and storage of gradient and the updating of network

parameters belong to the computational complexity of constant

terms. Therefore, the final function fðnÞ can be expressed as:

fðnÞ ¼ rðmþ n3Þ (43)

and the computational complexity after simplification isOðrn3Þ.

V. SIMULATION RESULTS

In this section, we give the experiment results of our GCN-

VNE algorithm.

A. Experiment Setup

In this part, we present the details of the experiment setting.

We use the GT-ITM to generate the network [35]. The experi-

ment topology contains 550 links and 100 nodes. The capacity

of computational resources in each node is following a uni-

form distribution in (50,100), and the bandwidth are according

to a uniform distribution between (20,50). Besides, we generate

two virtual network requests sets, each contains 1000 requests.

One set is used in training and the other is used in testing. Specif-

ically, the number of nodes in each VN is according to the

Algorithm 1: Training of GCN-VNE.

Require: epochNum; trainingSet; batchSize;
Ensure: Trained GCN parameters;

1: GCN initialization;

2: while epoch < epochNum do

3: num=0

4: for request 2 trainingSet do
5: for node 2 request do
6: nodehost= GCN-VNE(node);

7: end for

8: if mapped (8 node 2 request) then
9: for link 2 request do
10: linkhost= Floyd(link);

11: end for

12: end if

13: if mapped (8 node 2 request, 8 link 2 request) then
14: store gf
15: else

16: delete gf ;
17: end if

18: num++

19: if num reaches the batchSize then
20: Parameter update;

21: num=0;

22: end if

23: end for

24: epoch++;
25: end while

Algorithm 2: Testing of GCN-VNE.

Require: testingSet; Trained GCN parameters;

Ensure: Embedding result;

1: for request 2 testingSet do
2: for node 2 request do
3: nodehost= GCN-VNE(node);

4: end for

5: if mapped (8 node 2 request) then
6: for link 2 request do
7: linkhost= Floyd(link);

8: end for

9: end if

10: if mapped (8 node 2 request, 8 link 2 request) then
11: return result;

12: else

13: break;

14: end if

15: end for

Fig. 4. Loss on the training set.
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uniform distribution between (2,10), and the computing resour-

ces follow the uniform distribution between ð0; 50Þ. The band-
width resources of each virtual link are evenly distributed

between (0,50). The connection probability between links is set

as 0.5, indicating that the average number of connections per vir-

tual request is nðn� 1Þ=4. The arrival time of virtual requests

follows the Poisson distribution. On average, 4 requests arrive

within 100 time-units. The duration of each request is exponen-

tially distributed, with an average duration of 1000 time units.

B. Convergence Analysis

We first evaluate the convergence of our proposed algo-

rithms. As shown in Fig. 4, the loss is decreasing during the

training time. At the beginning of training, we notice that the

loss decreases rapidly. This is caused by the sufficient optimi-

zation space brought by the parameter randomization. As con-

tinuously training, the decline speed of loss tends to be gentle.

In about 90 to 100 epochs, the loss is almost constant. The

simulation results show that our GCN-VNE can effectively

learn and converge to the optimal point.

Besides, we demonstrate the change of three evaluation met-

rics during the training. As shown in Fig. 5, we notice that three

metrics are at all relatively low value at the beginning of train-

ing. This is because we adopt randomly initialized parameters in

the policy network. Along with the training, the embedding

mechanism is optimized gradually and the metrics are improv-

ing steadily. After about 80 epochs, due to the limitation of sub-

strate resources, eachmetric reaches a stable optimal state.

C. Performance Analysis

It can be inferred from the metric graphs in the training that

the training effect of the GCN-VNE is relatively believable,

and the benefits of each metric are obvious. In the second

experiment, we compare the performance of our algorithm

with the baseline algorithm in the test set. We adopt three

baseline VNE algorithms in this paper. The first baseline is the

algorithm presented in [10], which introduced a series of path

optimization policies to optimize the link embedding and sig-

nificantly reduces the bandwidth consumption. The second

baseline is the NodeRank algorithm in [12]. In NodeRank, the

resource availability of nodes can be calculated byHðnsÞ:

HðnsÞ ¼ CPUðnsÞ
X

ls2LðnsÞ
BWðlsÞ: (44)

The last baseline algorithm is the RLVNE presented in [36],

where a policy network based CNN is used to optimize the

embedding decision. Fig. 6 is the policy network architecture

of the RLVNE. A comparison with the RLVNE algorithm can

intuitively show the difference between CNN and the GCN in

extracting spatial features of topological graphs.

As shown in Figs. 7, 8, 9, we notice that the variation trend of

the four algorithms is roughly consistent. Specifically, the

acceptance ratio and revenue metrics are high at the beginning

of the testing, which is due to the sufficient resources of the sub-

strate network. With the continuous mapping of requests, these

Fig. 5. The algorithm performance on the training set.

Fig. 6. The RLVNE model.

Fig. 7. Revenue in testing ( Eq. (7)).
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two metrics are declined accordingly. In contrast, the revenue

to cost metric does not fluctuate during the testing because it

has no relation with the amount of the substrate resources avail-

able [37]. Moreover, in the testing graphs, our algorithm is

always above other algorithms. Therefore, we can conclude

that our GCN-VNE is the best of these four algorithms.

VI. CONCLUSION

In this paper, we apply network virtualization to IoT, where

the NV enables multiple virtual network applications to share

the same physical network, thus providing IoT users with vari-

ous customized end-to-end services. Based on this, we propose a

GCN aided VNE algorithm to extract the high-order relationship

between nodes in the substrate network. The GCN is modified

according to the features of VNE. Besides, we introduce the pol-

icy gradient algorithm and build a policy network based on

GCN to optimize the VNE performance. We also design three

evaluation metrics to evaluate the utility of the network embed-

ding policy. The experiment results show that our GCN-VNE

algorithm outperforms some state-of-the-art schemes.
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