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Abstract—To deal with the conflict between limited radio re-
sources and dramatic growth of wireless traffic, wireless network
virtualization (WNV) is proposed as an efficient network sharing
solution in 5G era. In this paper, we propose a multi-time-scale
hierarchical model for WNV, which consists of primary users
(PUs) with low latency requirement, secondary users (SUs) with
high data rate requirement and tertiary users (TUs) without strict
QoS requirement, such as M2M communications. The resource
allocation scheme is decomposed into inter-slice subchannels
pre-assignment in large time period and intra-slice subchannels
and power scheduling in small time slot. In large time period,
the subchannels pre-assignment problem is formulated as an
integer optimization problem considering the requirement of
PUs, SUs and TUs. In small time slot, the subchannels and
power scheduling of PUs is formulated as a mixed optimization
problem with integer variables, for which we adopt Lyapunov
drift-plus-penalty function with tradeoff factor V to transform
the problem into a Lyapunov optimization problem and pro-
pose a two-step algorithm consisting of a heuristic subchannel
assignment procedure and a fast barrier based power allocation
procedure. SUs access spectrum in a static manner and TUs
access spectrum in a cognitive way. Simulation results show that
our proposed algorithm achieves great performance in terms of
users’ performance with almost linear computation complexity.

Index Terms—Wireless network virtualization, Lyapunov op-
timization, resource allocation.

I. INTRODUCTION

Wireless traffic has experienced explosive growth in recent
years. As reported in [2], mobile data traffic will go through
a sevenfold increase between 2016 and 2021, among which
machine-to-machine (M2M) communications grow more dra-
matically. In addition, broadband speeds will nearly double by
2021 and 5G wireless networks need to satisfy a wide range of
subscribers with various communication requirements in terms
of latency, throughput, energy efficiency, scalability, security,
etc [3–6].

To solve the imbalance between limited wireless resources
and increasing demand of users, an efficient network sharing
mechanism is promising by allowing infrastructure and radio

Manuscript received April 30, 2018; revised August 23, 2018; accepted
October 12, 2018. This work was partially supported by the National Natural
Science Foundation of China (61671233, 61801208), the Jiangsu Science
Foundation (BK20170650), the Postdoctoral Science Foundation of China
(BX201700118, 2017M621712), the Jiangsu Postdoctoral Science Foundation
(1701118B), and the Fundamental Research Funds for the Central Universities
(021014380094). Part of this work was presented at the IEEE Internation-
al Conference on Communications, Kansas City, MO, USA, May 20-24,
2018 [1].

The authors are with the School of Electronic Science and
Engineering, Nanjing University, Nanjing 210023, China. E-mail:
mg1723063@smail.nju.edu.cn, {tianyu.alex.wang, wangsw}@nju.edu.cn.

resources shared among wireless users in 5G era [7]. Wire-
less Network Virtualization (WNV) was proposed in recent
years as a promising network sharing framework by isolating
network resources, e.g., WNV can be described as a mecha-
nism in which physical network resources, such as physical
infrastructure, wireless spectrum, energy, and antennas are
virtualized and sliced into multiple slices which are isolated
from each other [8]. In the WNV, infrastructure provider (InP)
and mobile virtual network operators (MVNOs) play different
roles for network sharing. InP is responsible to virtualize their
infrastructure and radio resources into slices and assign them
to different users sectors. In each slice, MVNO leases the
virtual resources to their subscribers.

In WNV, current schemes can be classified into central
schemes and distributed schemes. In central schemes [9], the
InP plays a central role who directly virtualizes resources
and assigns virtual resources to end users. In distributed
schemes [10], the InP virtualizes resources into different slices
and assigns these slices to different users sectors, and the
MVNO of each slice allocates virtual resources to its users,
which decomposes the virtual resource assignment problem
into a hierarchical problem [11].

In this paper, we propose a multi-time-scale hierarchical
model for WNV, which consists of primary users (PUs),
secondary users (SUs) and tertiary Users (TUs) as shown in
Fig. 1. The InP assigns part of the spectrum to PUs sector
for a given geographic area and time period, within which no
SUs and TUs are allowed to access. Then, the InP assigns
part of the spectrum unutilized by PUs to SUs sector for a
given geographic area and time period, within which no TUs
are allowed to access. TUs can access any frequency band
that is not assigned to PUs and SUs for a given geographic
area and time period, as long as the specific band is idle.
The spectrum resources virtualized and assigned to PUs, SUs
and TUs sectors are named as PU slice, SU slice and TU
slice respectively. The PU slice provides service for PUs with
low-latency QoS requirement, the SU slice provides services
for SUs with high transmission data rate QoS requirement,
and the TU slice provides services for TUs with a large
number of local and temporary transmissions with no strict
QoS requirement in capacity, latency, and reliability, such as
massive IoT communications in the 5G era.

We develop a hierarchical resource allocation scheme with
two time scales. In large time period, the InP virtualizes
spectrum band resources into three slices and assigns them
to PUs, SUs and TUs sectors respectively. In small time slot,
MVNOs in PU slice allocate subchannals and power to end
users to maximize the total utility while guaranteeing their
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Fig. 1. Multi-scale hierarchical resource management model for wireless
network virtualization.

QoS requirement. SUs access the subchannels in a static
manner due to their stationary packets rate. In TU slice,
we integrate a bunch of users in a specific frequency band.
Each TU receives guiding information from the inter-slice
subchannels allocation result and then accesses idle spectrum
band opportunistically based on “listen-before-talk” scheme.
Our contributions are summarized as follows:

● We propose a two-time-scale hierarchical scheme to re-
duce the complexity of the resource assignment task and
increase independence among different slices effectively,
where InP virtualizes spectrum resources into PU, SU
and TU slices in large time period, and at the begin
of each small time slot, MVNOs of PU slice assign
subchannels and power to users to maximize total utility,
SUs access the subchannels in a static manner and TUs
access subchannels with the guidance of spectrum sensing
result.

● To guarantee the network stability and balance the trade-
off between the network stability and the objective net-
work performance with low complexity, we introduce
Lyapunov drift-plus-penalty function with control param-
eter V to derive the tradeoff as O[(1/V ),O(V )].

● In TU slice, we integrate a bunch of TUs in one subchan-
nelseach of them can access subchannel opportunistically
by cognitive radio to achieve a tradeoff between flexibility
and reliability.

● To tackle the mixed optimization problem with integer
variables, we propose a two-step process consisting of
a heuristic subchannel assignment scheme and a fast
barrier method for power allocation with nearly linear
complexity.

The rest of the paper is organized as follows. Section II
is the related work. In Section III, we present system mod-
el and formulate a mixed integer optimization problem. In
Section IV, we transform the original optimization problem
into a Lyapunov optimization problem by using Lyapunov
drift-plus-penalty function, for which we introduce a heuristic
subchannels assignment scheme and a fast barrier method for

power allocation. Simulation results are provided in Section V
and we conclude the paper in Section VI.

II. RELATED WORK

Network slicing has attracted much attention in both a-
cademia and industry. 5G white paper gives several scenario
examples providing different types of services to users with
specific case including smart phones with high-throughput re-
quirement, IoT communication requiring low-rate non-critical
service and real-time communication asking for low laten-
cy [12]. Some works have implemented WNV customized for
specific scenario. [13] supports the requirement of vehicle-to-
everything services, which improves transport fluidity, safety,
and comfort on the road. And [14] supports network slicing for
IoT services with high data rate, numerous devices connection
and low service latency requirement.

With diverse users’ QoS requirements, specific optimiza-
tion problems are proposed for given user scenarios. [15]
gives a comprehensive survey on delay-aware control problem
with several objectives and constraints including effective
bandwidth, network stability, data drop rate, delay, power
requirements and then implements Lyapunov stability drift
approach and distributed stochastic learning to deal with the
optimization problem. [9] proposes a joint power and sub-
carrier allocation problem to confirm queue stability with
Lyapunov drift-plus-penalty algorithm. In [16], the authors
aim to optimize energy efficiency with constraints on power
consumption, queue stability and QoS requirement, and then
transform the initial optimization problem via Lyapunov opti-
mization approach with tradeoff factor V to trade off energy
efficiency and delay and solves the optimization problem by
Lagrange dual decomposition method. [17] allocates resources
with backhaul constraints for InP and the users’ QoS require-
ment for wireless virtualization network.

As for slicing resources, [18] classifies the facet of slicing
into three different level: spectrum-level, infrastructure-level
and network-level. [19] virtualizes power and spectrum and
employs game-theory based schemes to solve the wireless
resource allocation problem, while [20] proposes a hierarchical
matching game-based scheme to satisfy efficient sub-channel
allocation. [21] proposes a novel virtual network embedding
model to allocate three dimension resources consisting of
computing, network and storage, and proposes two heuristic
algorithms to solve the virtual network resource allocation
problem. [22] optimizes joint power, sub-carrier and antenna
allocation problems for both perfect and imperfect channel
knowledge cases.

Due to diverse QoS requirements of users’ in wireless
virtualization network and diverse type of slicing resources,
several solution approaches are proposed to maximize the
utility of resource allocation problem. Therein, [23] proposes
a network slicing game where each slice tenant reacts to other
tenants’ decision to maximize its own utility. [24] proposes a
mobile traffic forecasting model consisting of traffic analysis
and predictor of mobile traffic, admission control decisions
for network slice requests and adaptive correction of the
forecasted mobile traffic load. [25] adopts auction theory
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to create business models for heterogeneous scenario in the
WNV.

Though quite a few works have discussed different issues
facing the WNV, as far as the authors have known, the priority
of users of different slices is not considered, which is the focus
of this work. Besides, since the number of users in specific
sector is stable, we assign the resource allocation task to InP
and MVNOs to increase efficiency by introducing multi-time-
scale hierarchical scheme. To solve the NP-hard optimization
problem for PU and SU slice, we propose a fast barrier method
with nearly linear complexity.

III. SYSTEM MODEL

We consider an OFDM system with three types of users,
i.e., PUs, SUs and TUs. For each time period T , total L
subchannels are virtualized into three network slices according
to the current user requirement, serving PUs, SUs and TUs,
respectively. Within a time period, each slice manages its own
subchannels for each time slot, by using centralized scheduling
schemes or distributed cognitive radio techniques. We denote
by Lp, Ls and Lt as the number of subchannels allocated to
the PU slice, the SU slice and the TU slice, respectively.

A. Primary User Model
PUs are low-latency users with strict packet delay con-

straint, e.g., self-driving vehicles, medical equipments and
industrial IoT devices. For simplicity without losing generality,
we consider the downlink transmissions.

1) Large Time Period: We assume that the PU packets
arrive at a Poisson process with arrival rate λp, and all packets
are buffered within the network with an unlimited buffer size.
The service rate of PU slice is given by Lp, µp,0, in which
µp,0 represents the capacity of each PU subchannel. Due to
the multiplexing gain, the spectrum efficiency increases with
the number of subchannels. For simplicity, we assume that

µp,0 = αlog(1 + βLp) (1)

in which α and β are scaling factors. Thus, the service rate
of the PU slice is given by

µp(Lp) = Lpαlog(1 + βLp) (2)

Therefore, PUs packets arriving and serving process can be
formulated as an M/M/1/∞ queueing system with arrival
rate λp and service rate µp. To ensure the occupation rate
ρp = λp/µp < 1, we assume the total subchannels L is enough
such that λp < µpL. For any PU packets arriving at the queue,
the probability that there are n packets in the system is given
by

pn = (1 − ρp)ρnp , n ≥ 0. (3)

The delay of the (n + 1) − th arriving packet is then given
by the total service time of n+ 1 packets. As the service time
of each PU packet follows a common negative exponential
distribution with mean 1/µp, the total service time follows an
Erlang-(n + 1) distribution with mean (n + 1)/µp. Thus the
mean waiting time is yielded by:

Wpu =
ρp/µp

1 − ρp
(4)

and the cumulative distribution function is given by

Fn+1(t) = 1 −
n

∑
k=0

(µpt)k

k!
e−µpt, t ≥ 0. (5)

Therefore, the probability that the delay of the arriving
packet exceeds the threshold Dp is given by

Pr{dpu ≥Dp} =
∞
∑
n=0

pn [1 − Fn+1(Dp)]

=
∞
∑
n=0

n

∑
k=0

(µpDp)k

k!
e−µpDp(1 − ρp)ρnp

=
∞
∑
k=0

∞
∑
n=k

(µpDp)k

k!
e−µpDp(1 − ρp)ρnp

=
∞
∑
k=0

(µpρpDp)k

k!
e−µpDp

=e−µp(1−ρp)Dp . (6)

Considering PUs’ strict requirement in latency, we regard
delay as the optimization indicator for PUs. Therefore, for the
inter-slice subchannels assignment in large time period, we
try to minimize the mean delay of PUs while guaranteeing
the probability that the arriving packet exceeds the threshold
Dp.

2) Small Time Slot: We consider PU slice serves N PUs,
and the number of subchannels in PU slice is Lp. Since the
subchannels are orthogonal, signal in different subchannels
would not interference each other. Let cn,l denote the channel
gain of nth PU in lth subchannel, N0 denote the PSD of addi-
tive white Gaussian noise (AWGN) and Γ = −ln(5BER)/1.5
is specified BER for an uncoded MQAM, then the signal-to-
interference-plus-noise (SINR) for nth PU in lth subchannel
is Hn,l = ∣cn,l∣2

Γ(N0W /L) . Then we can derive the throughput of
nth PU over lth subchannel

rn,l = ρn,llog(1 + pn,lHn,l) (7)

where ρn,l represents whether lth subchannel is assigned to
nth PU, which is a binary variable, ie., ρn,l ∈ {0,1}; and pn,l
denotes the power allocated to nth users over lth subchannel.
The MVNO of PU slice assigns subchannel and power to PUs
each small time slot t, t ∈ {0,1,2, . . . , T}.

For simplification, we assume that the SINR is con-
stant during one small time slot, and data packets of
each user arrive each time slot, denoted by A(t) =
{A1(t),A2(t), . . . ,AN(t)}. A(t) follows Possion distribu-
tion with mean λpu and is independent and identically dis-
tributed (i.i.d.). Q(t) = {Q1(t),Q2(t), . . . ,QN(t)} denotes
data packets stored in the queue of nth user, this yields,

Qn(t + 1) = [Qn(t) −Rn(t)]+ +An(t),∀n (8)

The arrive-departure is depicted as Fig.2.
The stability of network is guaranteed if all users’s queue

stability is guaranteed, and the stability of nth user’s queue is
guaranteed if

lim
t→∞

E∣Qn(t)∣
t

= 0,∀n (9)
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Difinition1 ∶ A discrete time process Q(t) is mean rate
stable if

lim
t→∞

E∣Q(t)∣
t

= 0 (10)

To satisfy the QoS requirement, the probability that the
queue length of each user is larger than the upper bound of
queue length Qup should be smaller than ε, that is

lim
t→∞

Pr{Qm(t) ≥ Qup} ≤ ε,∀n (11)

Besides, each user’s throughput each small time slot is re-
quired to exceed lower bound Rlow, that is,

Rn(t) ≥ Rlow,∀n (12)

In small time slot, we allocate subchannels and power
among PUs with various packets arrival rate and packets stored
in the queue to minimize the total data packets stored in
the queue while guaranteeing the QoS requirement consisting
of the stability of network, the delay of each PU and the
throughput of each PU each time slot.

B. Secondary User Model

SUs are broadband users with a stationary data rate require-
ment, e.g., high-definition video users and virtual reality users.
We also consider the downlink transmissions. We assume that
each SU requires a logical channel with a stationary rs packets
rate. Also, due to the multiplexing gain, we assume that the
packet rate of each subchannel is given by

µs,0 = αlog(1 + βLs) (13)

Thus, the total packet rate of the SU slice is given by

µs = Lsαlog(1 + βLs) (14)

Therefore, the SU slice can support total Ns = µs/rs SUs.
In each time period, the InP allocates Ls subchannels to SU

slice to maximize the number of SUs that the SU slice can
support. In each time slot, due to their stationary pakcets rate,
SUs access the subchannels in a static manner.

C. Tertiary User Model

TUs are IoT users without strict QoS requirement in terms
of capacity, latency and reliability. For simplicity, we con-
sider the uplink transmission. Consider the limited spectrum
resources, a finite buffer size K is applied and the arriving
and serving process is formulated as an M/M/1/K queue-
ing system. We consider that TU slice serve Nt TUs, thus
nt = Nt/Lt TUs are integrated in one subchannel. The TUs
opportunistically access the spectrum band by using spectrum
sensing technique. The sensing capability is characterized by

false alarm probability pf and mis-detection probability pm,
which is assumed to be the same for all users. We assume that
all users are synchronized in time slots, the packets of each
TU arrive at a Possion distribution with arrival rate λt and the
transmission time of one TU packet is constant, denoted as
1/µt. Also, we assume that all users have the same interference
radius r, i.e., any two transmitting users will interfere with
each other only if their distance is within r.

Consider a subchannel with total nt users. We denote ptran
as the probability that a user transmits in a time slot, and pidle
as the probability that the band is decided to be idle during a
time slot. For simplicity, we assume that detection of different
user signals are independent from each other. Thus, we have

pidle = [(1 −
r2

R2
) + r2

R2
ptranpm +

r2

R2
(1 − ptran)(1 − pf)]

nt−1

.

(15)
For the Poisson process of TUs, the probability that n

packets arrive at a single TU during a time slot is given by

qn =
(λt/µt)n

n!
e−λt/µt . (16)

We denote πn, n = 0,1, . . . as the steady probability that the
TU has n packets in the buffer at the beginning of each time
slot, and pi,j as the transition probability from state πi to state
πj . Thus, we have

pi,j =

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

qj i = 0,
q0pidle i ≥ 1, j = i − 1,
qj−i+1pidle + qj−i(1 − pidle) i ≥ 1, j ≥ i,
0, others,

and the corresponding transition matrix is defined as

P =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

p0,0 p1,0 p2,0 . . .
p0,1 p1,1 . . .
p0,2 . . .
⋮

⎤⎥⎥⎥⎥⎥⎥⎥⎦

. (17)

Thus, we have that the steady probability vector π =
(π0, π1, . . . , )T satisfies

πP = π, (18)

and
π1 = 1, (19)

where 1 = (1,1, . . . )T . Combining equations (18) and (19),
the steady probability πn can be numerically calculated as a
function of pidle, i.e., πn(pidle), and thus, as a function of
ptran, i.e., πn(ptran). Note that the probability that the user
needs to transmit in a time slot is given by 1 − π0. We have

(1 − π0)pidle = ptran. (20)

Therefore, ptran can be numerically calculated from (20).
For any TUs, the probability that the band is correctly

decided to be idle is given by

p+idle = [(1 −
r2

R2
) + r2

R2
(1 − ptran)(1 − pf)]

nt−1

, (21)
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The throughput of each TU is then given by

rt =λ0 ⋅ (1 − π0) ⋅ p+idle. (22)

Consider one TU, the occupy rate is ρt = λt/rt. For any
packets arriving, the probability that there are n ∈ [0,K]
packets in the buffer is given by

wn = ρnt
1 − ρt

1 − ρK+1t

,0 ≤ n ≤K. (23)

Thus average date drop probability of TU is

Pr {dtu} = wK
(24)

In each time period, to guarantee the performance of TU
packets, the InP allocate subchannnels to TU slice to guarantee
the average data drop rate of TUs. In each time slot, each TU
senses the subchannel which it belongs to and accesses the
subchannel with probability ptran.

D. Problem Formulation

The resource allocation problem is decomposed into inter-
slice subchannels assignment in large time period and intra-
slice subchannels and power scheduling in small time slot.

1) Large Time Period: In large time period, the InP assigns
subchannels to PU, SU and TU slice to optimize the perfor-
mance of network. We try to minimize the average delay of
PUs and maximize the number of SUs that the SU slice can
support while guaranteeing the delay requirement of PUs and
the average packet drop rate of TUs. The optimization task
can be formulated as follows:

OP1 max
Lp,Ls,Lt

[Wpu,Nsu]

s.t. C1 ∶ Pr{dpu ≥Dp} ≤ Pp,

C2 ∶ Pr {dtu} ≤ εt,
C3 ∶ Lp +Ls +Lt ≤ L,

(25)

where Wpu and Nsu represent the average delay of PUs
and the number of SUs that the SU slice can support re-
spectively; C1 means the probability that PUs’ delay dpu
exceeds delay threshold Dp is not larger than the probability
threshold Pp. C2 informs that the average data drop rate of
TUs can not be larger that the threshold εt. C3 indicates the
spectrum resources constraint. To convert this multi-objective
optimization into single-object optimization, we apply a linear
weighted sum method, then the utility function is converted
into u = −αpŴpu+αsN̂su, where the weighted factors αp and
αs represent the importance of PU and SU utility respectively.
Considering the magnitude of delay and numbers of SUs, the
average delay of PUs and the numbers of SU that the SU slice
can support are normalized to an order of magnitude before
summing up, i.e. Ŵpu and N̂su.

Consider the range of possible solution to guarantee the QoS
requirement is not so large, we adopt enumeration method to
derive the optimal result, whose complexity is O(L2).

2) Small Time Slot : In each small time slot, SUs access
the spectrum in a static manner and TUs access the spectrum
opportunistically by cognitive radio. For PU slice, we try to
minimize the total queue length of PUs while guaranteeing
the QoS requirement of PUs and total transmission power
budget of PU slice. Mathematically, the optimization problem
is described as follows,

OP2 min
pn,l,ρn,l

N

∑
n=1

Qn(t)

s.t. C1 ∶ lim
t→∞

E∣Qn(t)∣
t

= 0,∀n

C2 ∶ lim
t→∞

Pr{Qn(t) ≥ Qup} ≤ ε,∀n

C3 ∶ Rn(t) ≥ Rlow,∀n
C4 ∶ ∑N

n=1∑
L
l=1 ρn,lpn,l ≤ P t

p,

C5 ∶ pn,l ≥ 0,∀n,∀l
C6 ∶ ∑N

n=1 ρn,l = 1,∀l
C7 ∶ ρn,l ∈ {0,1},∀n,∀l

(26)

where C1, C2 and C3 guarantee PUs’ QoS requirement,
among which C1 guarantees the stability of PUs, C2 constrains
the queue length of each PU and C3 guarantees that each
PU’s throughput exceeds lower bound. C4 and C5 are the
transmission power constraints, where P t

p is the maximum
allowable total power each small time slot; C6 and C7 inform
that each subchannel cannot be shared among different users
each time.

IV. PROPOSED PRIMARY USER ALGORITHMS

In this section, we introduce an efficient algorithm for
PUs subchannels and power allocation problem with low
complexity. First, We use lyapunov optimization to transform
OP2 into an equivalent drift-plus-penalty minimization prob-
lem. Then, we propose a two-step process consisting of a
heuristic subchannels allocation procedure and a fast barrier
based power allocation procedure to solve the mixed integer
optimization problems.

A. Lyapunov Optimization

Lyapunov drift-plus-penalty function introduces a time av-
erage penalty and tradeoff factor V to trade off the time
average penalty with O(1/V ) and average queue length with
O(V ) [26]. This method aims to maximize network utility
subject to network stability.

According to [27], C1 in OP2 can be satisfied if
lim
t→∞

E{Qn(t)} ≤ Qupε,∀n. Considering Poisson process, we
have E{Qn(t)} = λpu −Rn(t), then C1 in OP2 is converted
into

lim
t→∞

λpu −Rn(t) ≤ Qupε,∀n (27)

To tackle this constraint, we introduce virtual queue [28],
evolving Hn(t) with Hn(t) = 0 and update the equation as
follows,

Hn(t + 1) = [Hn(t) + yn(t)]+,∀n (28)

where yn(t) = λpu −Rn(t) −Qupε. Then Qn(t) and Hn(t)
are actual and virtual queues respectively.
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Let Θ(t) ∆= (Q(t),H(t)), then Lyapunov function is
represented as

L(Θ(t)) ∆= 1

2
{

N

∑
n=1
(Qn(t))2 +

N

∑
n=1
(Hn(t))2} (29)

This denotes a scalar measure of queue congestion in PU slice.
Larger L(Θ(t)) implies larger queue backlog.

Denote ∆(Θ(t)) as the conditional Lyapunov drift in time
slot t:

∆(Θ(t)) ∆= E{L(Θ(t + 1)) −L(Θ(t))∣L(Θ(t))} (30)

which depends on random channel states and control actions in
reaction to channel states. Then the drift-plus-penalty function

of OP2 is ∆(Θ(t)) + V E{
N

∑
n=1

Qn(t)∣Θ(t)}.
Theorem 1: For general control policy, an upper bound of

the drift-plus-penalty function exists, that is,

∆(Θ(t)) + V E{
N

∑
n=1

Qn(t)∣Θ(t)} ≤ B −
N

∑
n=1

Hn(t)Rn(t)

−
N

∑
n=1
(λpu −Qupε)Rn(t) −

N

∑
n=1

V Qn(t)Rn(t)

(31)

Then, OP2 can be converted into

max
pn,l,ρn,l

∑N
n=1 σn(t)(∑L

l=1 ρn,lrn,l)

s.t. C1 ∶ Rn(t) ≥ Rlow,∀n
C2 ∶ ∑N

n=1∑
L
l=1 ρn,lpn,l ≤ P t

p,

C3 ∶ pn,l ≥ 0,∀n,∀l
C4 ∶ ∑N

n=1 ρn,l = 1,∀l
C5 ∶ ρn,l ∈ {0,1},∀n,∀l

(32)

where σn(t) = λpu −Qupε +Hn(t) + V Qn(t).

B. Subchannel Allocation

Due to the binary variable ρn,l, (32) is NP-hard with mixed
integer programming. To solve this problem, we propose a
heuristic subchannel allocation method to remove ρn,l. In the
subchannel allocation process, we preset that total transmission
power is divided equally among subchannels, ie., ppren,l =

P t
p

N
.

Then the presetting throughput of nth user over lth subchannel
is

rpren,l (t) = log(1 + p
pre
n,l Hn,l(t)) (33)

Let Ωn(t) denotes subchannels allocated to nth users in
time slot t. We propose a heuristic subchannels allocation
method to remove the integer variable. We prefer to allocate
subchannel to user with larger σn(t) and maximal presetting
rate in this subchanel among all users. The subchannels
allocation is shown in Table I.

TABLE I
SUBOPTIMAL SUBCHANNEL ALLOCATION

1.Initialization:
2. Set Ωn(t) = ∅,Rn = 0,∀n,Nr = N ,Lr = L.
3.First Allocation:
4. while Nr ≠ ∅
5. Find n∗, l∗ that σ∗n(t)r

pre
n∗,l∗ ≥ σn(t)rpren,l

,∀n ∈ Nr, l ∈ Lr .
6. Ωn∗(t) = Ωn∗(t) ∪ l∗,Nr = Nr ∖ n∗,Lr = Lr ∖ l∗,Rn = rpren∗,l∗

7. end while
8.Second Allocation:
9. while Lr ≠ ∅
10. Find n∗ = argminn∈N Rn/σn(t).
11. Find l∗ that rpre

n∗,l∗ ≥ r
pre
n∗,l,∀l ∈ Nr .

12. Ωn∗(t) = Ωn∗(t) ∪ l∗,Lr = Lr ∖ l∗,Rn = Rn + rpren∗,l∗ .
13. end while

C. Power Allocation

Given subchannel assignment, the optimization problem
(32) is converted into

max
pn,l

∑N
n=1 σn(t)∑l∈Ωn

log(1 + pn,lHn,l)

s.t. C1 ∶ Rn(t) ≥ Rlow,∀n
C2 ∶ ∑N

n=1∑l∈Ωn
pn,l ≤ P t

p,

C3 ∶ pn,l ≥ 0,∀n,∀l
(34)

Eq. (34) is a convex optimization problem since the objec-
tion function is convex and all constraints are affine. Barrier
method is one of standard convex optimization techniques
to solve this kind of optimization problem. By introducing
logarithmic barrier function with a given parameter t, the
original problem is converted into a sequence of unconstrain
minimization problems. The barrier method is decomposed
into centering step and Newton step. The centering step is the
outer iteration to compute the central point. With the increase
of t, the central point is closer to the optimal solution of the
original problem. The complexity of Newton method lies in the
inner iteration which needs to inverse matrix with complexity
O(L3).

Since the subchannels in PU slice is numerous, the com-
plexity of the barrier method is intolerant for each time slot.
We propose a fast barrier method that reduces the complexity
to be linear to the number of subchannels.

Using barrier method, the optimization problem is converted
into the following unconstrained minimization problem,

minΨ(P ) = −tf(P ) + ϕ(P ). (35)

where P = {p1,1, . . . , pn,l . . . , pN,L} is a N ×L matrix, among
which pn,l denotes the power allocated to nth PU over lth
subchannel. And

f(P ) =
N

∑
n=1

σn(t) ∑
l∈Ωn

log(1 + pn,lHn,l). (36)

ϕ(P ) is the logarithmic barrier function of (34)

ϕ(P ) = −
N

∑
n=1
∑
l∈Ωn

log(log(1 + pn,lHn,l) −Rlow)

− log(P t
p −

N

∑
n=1
∑
l∈Ωn

pn,l) −
N

∑
n=1
∑
l∈Ωn

logpn,l

(37)
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TABLE II
THE BARRIER METHOD

1.Initialization
2. Feasible point: P ; Trade-off parameter: t > 0, µ > 1;
3. Tolerance: ϵ > 0, ϵn > 0;α ∈ (0,1/2), β ∈ (0,1).
4. Outer loop: centering step
5. while: (N + 1)/t < ε
6. Update P ∗(t) = P , P is computer by Newton step.
7. Inner loop: Newton step
8. Compute ∆Pnt and λ2 ∶= −▽Ψt(P )∆Pnt ;
9. while: λ2/2 > ϵn
10. Backtracking line research: s ∶= 1
11. while: Ψt(P + s∆Pnt) > Ψt(P ) − αsλ2

12. s ∶= βs
13. End while
14. Update: P ∶= P + s∆Pnt

15. End while
16. Update: t ∶= µt
17. End while

The process of barrier method is shown as Table II. In each
centering step, we use Newton method to compute Newton
step ∆Pnt, denoted as

∇2Ψ(P )∆Pnt = −∇Ψ(P ). (38)

where ∇2Ψ(P ) is the Hessian matrix and ∇Ψ(P ) is the
gradient of Ψ(P ). Apparently, the complexity of computing
Newton step ∆Pnt by matrix inversion directly is too high, we
develop a fast barrier method with lower complexity. Denote

f0 = P t
p −

N

∑
n=1
∑
l∈Ωn

pn,l

fn = Rn(t) −Rlow,∀n
(39)

The Hessian of Ψ(x) is

∂2Ψt(P )
∂p2k,n

=

⎡⎢⎢⎢⎢⎢⎢⎢⎣

D1

D2

⋱
DN

⎤⎥⎥⎥⎥⎥⎥⎥⎦

+ ▽f0▽ fT
0

f2
0

+
N

∑
n=1

▽fn▽ fT
n

f2
n

=D +
K

∑
k=1

gig
T
i ,

(40)

where D=diag(D1,D2, . . . ,DN) and

Dn =
1

p2n,l
+ (t + 1

fn
)

H2
n,l

(1 + pn,lHn,l)2
. (41)

K = 1 +N and

gi =
⎧⎪⎪⎨⎪⎪⎩

▽f0
f0

, i = 1
▽fn
fn

n = 1, . . . ,N, i = n + 1
. (42)

We propose a (K+1)-step iterative algorithm to compute
Newton step with complexity O(K2L). By decomposing

Λi = Λi+1 + gi+1gTi+1, i = 0,1, . . . ,K − 1. (43)

where

Λi =D +
K

∑
j=i+1

gjg
T
j , i = 0,1, . . . ,K − 1. (44)

TABLE III
THE FAST BARRIER METHOD

1. Step 1:
2. Decompose Λ0, Λ0 = Λ1 + g1gT1 .

3. Then ∆P = υ1
1 −

gT1 υ1
1

1+gT
1
υ1
2

υ1
2 ,

4. where Λ1υ
1
1 = g0 and Λ1υ

1
2 = g1.

5. Step 2:
6. Decompose Λ1, Λ1 = Λ2 + g2gT2 .

7. Then υ1
i = υ

2
i −

gT2 υ2
i

1+gT
2
υ2
3

υ2
3 , i = 1,2,

8. where Λ2υ
2
i = gi−1, i = 1,2,3.

⋮
9. Step k:
10. Decompose Λk−1, Λk−1 = Λk + gkgTk .

11. Then υk−1
i = υk

i −
gTk υk

i

1+gT
k
υk
k+1

υk
k+1, i = 1, . . . , k,

12. where Λkυ
k
i = gi−1, i = 1, . . . , k + 1.

⋮
13. Continue this process to Kth step.
14. Step K+1:
15. We obtain K + 1 matrix ΛKυK

i = gi−1, i = 1, . . . ,K + 1
16. and variables υk−1

i , i = 1, . . . , k in the kth step.
17. Then by υM

i , we can derive △P

the Hessian matrix can be converted into

Λ0 =D +
K

∑
i=1

gig
T
i (45)

where Λ0 = ∇2Ψ(P ) and g0 = −∇Ψ(P ).
The fast barrier process is shown as Table III, where we

derive K+1 matrix system ΛK = υK
i gi−1, k variables gk−1i , i =

1, . . . , k in step k−1 and m+1 variables gki , i = 1, . . . , k+1 in
step k. Obviously, the matrix inversion is imperative after we
solve the K + 1 matrix ΛKυK

i = gi−1, i = 1, . . . ,K + 1, which
cost O(LK). Since D is a diagonal matrix, we can obtain
υi = D−1gi, i = 1, . . . , L, with complexity O(L). Therefore,
the total complexity is O(K2L) as proved in [29, 30].

V. SIMULATION RESULTS

We verify our proposed multi-scale hierarchical resource
management scheme via numerical experiment. Consider an
OFDM-based wireless virtualization network, where all users
are located in a circle area with radius 20km. The path loss
exponent is 4, the variance of shadowing effect is 10dB and
the amplitude of multipath fading is Rayleigh. The simulation
parameters are given in Table IV, including the packet arrival
rate λp, the weighted factor αp, αs, the false alarm and mis-
detection probability pf , pm, and the tradeoff factor V in
Lyapunov drift-plus-penalty function.

Firstly, we study the performance of PUs in time slot. In
Fig. 3, the average queue length of PUs is shown as a function
of small time slot with the tradeoff factor V taking the value
of 1, 10 and 30 respectively. We can see that as time goes
on, the general trend of average queue length converges, with
light fluctuation in a narrow range. The average queue length
fluctuates because of the changing arrival rate each time slot.
Besides, with the increase of tradeoff factor V , the queue
length converges to a small value at a faster rate due to
the preference for the objective function, which indicates the
tradeoff between average queue length of PUs and the network
stability.
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TABLE IV
SIMULATION PARAMETERS

r = 10km Interference range of TUs
L = 400 Total number of subchannels
µt = 10 Capacity of a subchannel to support TUs
λp = 400 Total arrival rate of PU packets
rs = 1 Stationary packets rate SUs

λt = 0.002 Arrival rate of TU
Dp = 3 Delay threshold of PUs
Pp = 0.2 Probability threshold of PUs
Nt = 3000 Total number of TUs
εt = 0.01 Data drop rate threshold of TUs
pm = 0.01 Mis-detection probability
pf = 0.01 False alarm probability

N0 = 10−15W Noise power
PT
p = 10−5W Power constraint of PUs
N = 50 Number of PUs
λpu = 8 Arrival rate of PUs
Rlow = 2 Throughput lower bound of PUs
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Fig. 3. The average queue length of PUs as a function of time slot with
tradeoff factor V changing from 1 to 30.
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Fig. 4. The convergence of average queue length of PUs as a function of
the arrival rate with tradeoff factor V = 1 and V = 80.

Fig. 4 shows the convergence of average queue length of
PUs as a function of the arrival rate with tradeoff factor V = 1
and V = 80. As the increase of arrival rate, the convergence of
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Fig. 5. The convergence of average queue length of PUs and the number of
SUs that SU slice can support as a function of weighted factor αp.

average queue length increases due to the limited capacity. The
capacity of resources in PU slice is implied by the slope of
queue length. Besides, for small arrival rate, the difference of
convergence of average queue length with V = 1 and V = 80 is
slight, that’s because the system capacity is enough for small
arrival rate, so that the impact of tradeoff is slight.

Then we study how the weighted factors of PUs and SUs
impact the performance of PUs and SUs. Fig. 5 shows the
convergence of average queue length of PUs and the number
of SUs that SU slice can support as a function of weighted
factor αp. It’s obvious that with the increase of αp, the average
queue length of PUs and the number SUs that SU slice
can support decrease, while the slope of PU’s queue length
becomes smaller and smaller and the slope of SUs supported
becomes larger and larger. That is because with the increase
of Lp, the expected delay of PU decreases sharply and then
stabilizes in a small value, while the SUs that the SU slice
can support decreases at a constant speed.

Finally, we investigate the impact of TUs’ spectrum sensing
capacity to system performance. Fig. 6 informs the delay of
PU and the number of SUs that the SU slice can support as
a function of pf with pm = 0.01. It can be seen that as the
increase of false alarm probability, the performance of PUs
and SUs decrease with a smaller slope when pf is small and
a larger slope when pf is large. Especially when pf > 0.1, the
network performance declines dramatically until the delay of
PUs increases to infinity and the number of SUs that SU slice
can support decreases to zero.

Fig. 7 illustrates the delay of PUs and the number of
SUs that the SU slice can support as a function of pm with
pf = 0.01. When the mis-detection probability is small, the
performance of PUs and SUs decrease lightly as the increase
of pm. When the mis-detection probability is large, the number
of SUs that the SU slice can support decreases dramatically to
zeros while the delay of PUs improves and then degenerates.
That is because the number of necessary TU subchannels with
increasing pm under guaranteed data drop rate increases not
so dramatically compared with the number of TU subchannels
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Fig. 6. The delay of PUs and the number of SUs that the SU slice can
support as a function of pf with pm = 0.01.
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Fig. 7. The delay of PUs and the number of SUs that the SU slice can
support as a function of pm with pf = 0.01.

with increasing pf . Due to the characteristics of PUs’ delay
function, the InP prefers to allocate more subchannels to PU
slice, so that the delay of PUs decreases slightly and then
increases to infinity.

VI. CONCLUSIONS

In this paper, we have proposed a two-time-scale resource
management scheme, in which frequency resources are stat-
ically allocated to different slices in each time period, and
each network slice schedules its own subchannels and power
in each time slot. We have defined three types of users, PUs,
SUs and TUs, and focus on packet delay, data rate and IoT
throughput. To satisfy the diverse requirements of different
users and maximize the network utility, we have proposed
a large-time-period frequency allocation algorithm, a small-
time-slot subchannels and power scheduling algorithm using
Lynapunov optimization. A two-step procedure is developed
to tackle the intractable optimization task, which consists of
a heuristic subchannels assignment scheme and a fast barrier

method for power allocation with nearly linear complexity.
Simulation results show the the effectiveness and the efficiency
of our proposed method. However, we do not fully consider
the fairness among users in each slice, which should be
investigated in future work.

APPENDIX

Proof of Theorem 1
For Qn(t), since

{[Q −R]+ +A}2 ≤ Q2 +R2 +A2 − 2Q(R −A) (46)

we can derive that

Qn(t + 1)2 ≤ Qn(t)2 +Rn(t)2 +An(t)2

−2Qn(t)(Rn(t) −An(t)),∀n
(47)

Applying to all PU slice users, we can obtain that
N

∑
n=1

Qn(t + 1)2 −Qn(t)2

2
≤

N

∑
n=1

Rn(t)2 +An(t)2

2

−
N

∑
n=1

Qn(t)(Rn(t) −An(t))
(48)

Similarly, for Hn(t), we can derive that
N

∑
n=1

Hn(t + 1)2 −Hn(t)2

2
≤

N

∑
n=1

yn(t)2

2
+

N

∑
n=1

Hn(t)yn(t)

(49)
Summing up (48) and (49) yields

L(Θ(t + 1)) −L(Θ(t)) ≤
N

∑
n=1

Rn(t)2 +An(t)2

2
+

N

∑
n=1

yn(t)2

2

−
N

∑
n=1

Qn(t)(Rn(t) −An(t)) +
N

∑
n=1

Hn(t)yn(t)

(50)

Then the drift-plus-penalty function can be represented as

∆(Θ(t)) + V E{
N

∑
n=1

Qn(t)∣Θ(t)} ≤ B −
N

∑
n=1
(λpu −Qupε)Rn(t)

−
N

∑
n=1

HntRn(t) −
N

∑
n=1

V Qn(t)Rn(t)

(51)

where

B =
N

∑
n=1

(λpu −Qupε)2 +Rn(t)2

2
+

N

∑
n=1

Hk(t)(λpu −Qupε)

+
N

∑
n=1

Rn(t)2 +An(t)2

2
+ V

N

∑
n=1

Qn(t)An(t)

(52)

REFERENCES

[1] H. Jiang, T. Wang and S. Wang, “Three-Tier Hierarchical Model of
Dynamic Spectrum Sharing Based on Hybrid Authorization Using
Geolocation Database and Cognitive Radio,” Proc. IEEE ICC’18, Kansas
City, MO, May 2018.

[2] Cisco whitepaper,“Cisco Visual Network Index: Forecast and Method-
ology, 2016-2021,” Jun. 2017.

[3] J. Liu, N. Kato, J. Ma and N. Kadowaki, “Device-to-Device Commu-
nication in LTE-Advanced Networks: A Survey,” IEEE Commun. Surv.
Tut., vol. 17, no. 4, pp. 1923-1940, Nov. 2015.



10

[4] S. Wang and C. Ran, “Rethinking cellular network planning and opti-
mization,” IEEE Wireless Commun, vol. 23, no. 2, pp. 118-125, Apr.
2016.

[5] J. Liu, S. Zhang, N. Kato, H. Ujikawa and K. Suzuki, “Device-to-device
communications for enhancing quality of experience in software defined
multi-tier LTE-A networks,” IEEE Network, vol. 29, no. 4, pp. 46-52,
Jul.-Aug. 2015.

[6] X. Sun and S. Wang, “Resource Allocation Scheme for Energy Saving
in Heterogeneous Networks,” IEEE Trans. Wireless Commun., vol. 14,
no. 8, pp. 4407-4416, Aug. 2015.

[7] L. Zhang, M. Xiao, G. Wu, M. Alam, Y. Liang, S. Li, “ A Survey of
Advanced Techniques for Spectrum Sharing in 5G Networks”, IEEE
Trans. Wireless Commun., vol. 24, no. 5, pp. 1536-1284, Oct. 2017.

[8] C. Liang, F. R. Yu, “Wireless Network Virtualization: A Survey, Some
Research Issues and Challenges”, IEEE Commun. Surv. Tut., vol. 17,
no. 1, pp. 358-380, Aug. 2014.

[9] V. Jumba, S. Parsaeefard, M. Derakhshani, T. Le-Ngoc, “Dynamic
resource provisioning with stable queue control for wireless virtualized
networks”, Proc. IEEE PIMRC’15, Hong Kong, China, pp. 1856-1860,
Dec. 2015.

[10] K. Zhu, E. Hossain, “Virtualization of 5G Cellular Networks as a
Hierarchical Combinatorial Auction”, IEEE Trans. Mobile Comput.,
vol. 15, no. 10, pp. 2640-2654, Dec. 2015.

[11] W. Chen, X. Xu, C. Yuan, J. Liu, X. Tao, “Virtualized Radio Resource
Pre-Allocation for QoS Based Resource Efficiency in Mobile Networks”,
Proc. IEEE GLOBECOM’17, Singapore, Singapore, Dec. 2017.

[12] J. Erfanian, B. Daly, “5G white paper, NGMN Alliance, White Paper,
Mar. 2015.

[13] C. Campolo, A. Molinaro, A. Iera, F. Menichella, “5G Network Slicing
for Vehicle-to-Everything Services”, IEEE Wireless Commun., vol. 24,
no. 6, pp. 38-45, Dec. 2017.

[14] J. Ni, X. Lin, X. Shen, “Efficient and Secure Service-oriented Authen-
tication Supporting Network Slicing for 5G-enabled IoT”, IEEE J. Sel.
Areas Commun., vol. 36, no. 3, pp. 644-657, Mar. 2018.

[15] Y. Cui, V. K. N. Lau, R. Wang, H. Huang, S. Zhang, “A Survey on Delay-
Aware Resource Control for Wireless SystemsłLarge Deviation Theory,
Stochastic Lyapunov Drift, and Distributed Stochastic Learning”, IEEE
Trans. Inf. Theory, vol. 58, no. 3, pp. 1677-1701, Feb. 2012.

[16] T. Dang, Y. Mo, Y. Sun, M. Peng, “Energy-Efficient Resource Allocation
in Delay-Aware Wireless Virtualized Networks”, Proc. IEEE WCSP’17,
Nanjing, China, Oct. 2017.

[17] T. LeAnh, N. H. Tran, D. T. Ngo, C. S. Hong, ‘Resource Allocation
for Virtualized Wireless Networks with Backhaul Constraints”, IEEE
Commun. Lett., vol. 58, no. 3, pp. 1677-1701, Feb. 2012.

[18] M. Richart, J. Baliosian, J. Serrat, J. -L. Gorricho, “Resource Slicing
in Virtual Wireless Networks: A Survey”, IEEE Trans. Netw. Service
Manag., vol. 14, no. 4, pp. 462-476, Aug. 2016.

[19] X. Zhang, Q. Zhu, “Game-Theory Based Power and Spectrum Virtual-
ization for Optimizing Spectrum Efficiency in Mobile Cloud-Computing
Wireless Networks”, IEEE Trans. Cloud Comput. , DOI. 10.1109/TC-
C.2017.2727044, 2018.

[20] S. M. A. Kazmi, N. H. Tran, T. M. Ho, C. S. Hong, “Hierarchical
Matching Game for Service Selection and Resource Purchasing in
Wireless Network Virtualization,” IEEE Commun. Lett., vol. 21, no. 1,
pp. 148-151, Oct. 2016.

[21] P. Zhang, H. Yao, Y. Liu, “virtual network embedding based on
computing, network and storage resource constraints”, IEEE Internet
Things J., DOI. 10.1109/JIOT.2017.2726120, Jul. 2017.

[22] V. Jumba, S. Parsaeefard, M. Derakhshani, T. Le-Ngoc, “Resource
Provisioning in Wireless Virtualized Networks via Massive-MIMO”,
IEEE Wireless Commun. Lett., vol. 4, no. 3, pp. 237-240, Feb. 2015.

[23] P. Caballero, A. Banchs, G. Veciana, X. C-Prez, “Network Slicing
Games: Enabling Customization in Multi-Tenant Networks”, Proc. IEEE
INFOCOM’17, Atlanta, GA, USA, May 2017.

[24] V. Sciancalepore, K. Samdanis, X. C-Perez; D. Bega, M. Gramaglia,
A. Banchs, “Mobile Traffic Forecasting for Maximizing 5G Network
Slicing Resource Utilization”, Proc. IEEE INFOCOM’17, Atlanta, GA,
USA, May 2017.

[25] U. Habiba, E. Hossain, “Auction Mechanisms for Virtualization in 5G

Cellular Networks: Basics, Trends, and Open Challenges”, IEEE Com-
mun. Surveys Tuts., vol. 20, no. 3, pp. 2264-2293, Third Quarter 2018.

[26] M. Neely, “Stochastic Network Optimization with Application to Com-
munication and Queuing Systems”, San Rafael, CA, USA: Morgan &
Claypool, 2010.

[27] A. Mukherjee,“Queue-aware Dynamic On/Off Switching of Small Cells
in Dense Heterogeneous Networks,” Proc. IEEE GLOBECOM’13 Work-
shops, Atlanta, GA, USA, Dec. 2013.

[28] Y. Li, M. Sheng, Y. Shi, X. Ma, W. Jiao,“Energy Efficiency and Delay
Tradeoff for Time-Varying and Interference-Free Wireless Network-
s,” IEEE Trans. Wireless Commun., vol. 13, no. 11, pp. 5921-5931,
Sep. 2014.

[29] J. Dai and S. Wang, “Clustering-Based Spectrum Sharing Strategy for
Cognitive Radio Networks,” IEEE J. Sel. Areas Commun., vol. 35, no.
1, pp. 228-237, Jan. 2017.

[30] S. Wang, W. Shi and C. Wang, “Energy-Efficient Resource Management
in OFDM-Based Cognitive Radio Networks Under Channel Uncertain-
ty,” IEEE Trans. Commun., vol. 63, no. 9, pp. 3092-3102, Sep. 2015.

Huijuan Jiang received the BS degree in commu-
nication engineering from Xiamen University, Xia-
men, China, in 2017. She is currently pursuing the
MS degree at the School of Electronic Science and
Engineering, Nanjing University, Nanjing, China.
Her research interests include wireless communica-
tions and machine learning. Currently, her research
focuses on resource allocation in cognitive radio
networks.

Tianyu Wang received the PhD degree from Peking
University, Beijing, China, in 2011. He is currently
an associate researcher in the School of Electron-
ic Science and Engineering at Nanjing Universi-
ty, China. He has published more than 30 IEEE
journal and conference papers, and received the
Best Paper Award from the IEEE ICC’15, IEEE
GLOBECOM’14, and ICST ChinaCom’12. His cur-
rent research interest includes network slicing, load
balancing and machine learning in wireless network-
s.

Shaowei Wang (S’06-M’07-SM’13) received the
PhD degree from Wuhan University, Wuhan, China,
in 2006, and joined the School of Electronic Science
and Engineering at Nanjing University, Nanjing,
China, as a faculty member in the same year. From
2012 to 2013, he was a Visiting Scholar/Professor
with Stanford University, Stanford, CA, USA, and
The University of British Columbia, Vancouver, BC,
Canada. He has published more than 100 papers
in leading journals and conference proceedings in
his areas of interest. He organized the Special Issue

on Enhancing Spectral Efficiency for LTE-Advanced and Beyond Cellular
Networks for IEEE Wireless Communications, and the Feature Topic on
Energy-Efficient Cognitive Radio Networks for IEEE Communications Mag-
azine. He is on the editorial board of IEEE Communications Magazine,
IEEE Transactions on Wireless Communications, and Springer Journal of
Wireless Networks. He serves/served on the technical or executive commit-
tee of reputable conferences including IEEE INFOCOM, IEEE ICC, IEEE
GLOBECOM, IEEE WCNC etc.


