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Abstract—Wireless network slicing is a promising technology
for next-generation networks to provide tailored on-demand
services to mobile users. We consider a scheduling policy for
wireless network slicing with the aim to maximize the energy
efficiency of the network defined as the ratio of long-run average
throughput of user requests to the long-run average power
consumption. This gives rise to a problem of extremely high
computational complexity which prevents direct application of
conventional optimization techniques. We propose a scalable
priority-based policy, referred to as the Most Energy-Efficient
Resource First (MEERF). MEERF is proved to be asymptotically
optimal in the special case appropriate for a local wireless
environment with highly dense user population and exponentially
distributed service time requirement. The robustness of MEERF
to different service time distributions is demonstrated by ex-
tensive simulations. We present numerically the effectiveness of
MEERF by comparing it with benchmark policies in a more
general network with potentially geographically distributed users
and infrastructures. The results show that MEERF outperforms
the benchmark policies in most of our experiments and achieves
up to 52% improvement in terms of energy efficiency.

Index Terms—wireless network slicing, energy-efficient net-
working, priority-based policies.

I. INTRODUCTION

In recent years, traffic in wireless networks has experienced
explosive growth as a result of widespread usage of mobile
communication devices and increasing popularity of mobile
multimedia applications. Meanwhile, mobile service providers
(MSPs) are expected to simultaneously support vertical mobile
applications and their diverse requirements, such as ultra-low
latency, densely distributed users, high scalability, and high
reliability [1]. The fifth generation mobile networks (5G) have
been proposed to address these issues and are expected to
be put into service around 2020 [2]. Compared to traditional
mobile networks (4G or earlier) that were mainly designed
for offering a specific type of service such as voice, text or
Internet access, 5G has significantly higher capacity (at least
1000 times more than 4G) that enables it to support various
emerging applications such as e-health, virtual reality, and
automatic monitoring of unmanned devices [3].

Wireless network slicing (WNS) is a technique proposed
recently to provide specialized and dedicated virtual networks
(slices) to users with customized requirements [4]. All slices

created are built on a common physical network infrastructure
with the help of network function virtualization and software
defined networking technologies [5]. The main advantages of
WNS are high flexibility and low cost. MSPs can provide their
users on-demand tailored services for a series of specific sce-
narios without investing in additional physical infrastructures.

Because of the multitude and diversity of requests from
various applications, an efficient scheduling policy is essential
to manage network resources and allocate these resources
to users effectively. However, it is usually difficult to de-
rive an optimal scheduling policy in practical situations, as
conventional dynamic optimization techniques are usually
computationally prohibitive for networks of practical size.

Existing scheduling policies for WNS have mainly focused
on achieving better Quality of Service (QoS) of networks (e.g.,
[6]–[8]). Meanwhile, energy efficiency, as another important
issue in wireless communication, has been largely ignored in
WNS studies. In fact, improving energy efficiency of wireless
networks can significantly reduce the operating cost of MSPs
and have a positive impact on the environment [9].

Our aim for this paper is to propose a computationally
efficient dynamic scheduling policy for WNS, such that users
can be provided with appropriate network resources when
requesting a slice. In particular, the policy focuses on maxi-
mizing energy efficiency of the network, defined as the ratio
of long-run average throughput to long-run average power
consumption [9].

Our network model incorporates several features in recent
development of wireless communications. Specifically, we
consider a heterogeneous wireless network consisting of dif-
ferent communication nodes (CNs), e.g. cellular base stations
or WiFi access points, in a densely populated area, where
the fast growing number of mobile users that require a larger
number of CNs and higher CN capacities [2]. Each CN has
different power consumption profile and maximum capacity
[10]. Connections between users and CNs are established
based on the Orthogonal Frequency-Division Multiple Access
(OFDMA) scheme, in which orthogonal channels are allocated
to users in both frequency and time domains [11], [12].

The main contributions of this paper are summarized as
follows:



• We propose a priority-based dynamic scheduling policy
for WNS in heterogeneous wireless networks, with the
objective of the maximizing energy efficiency of the
network. In WNS, for every user request, there is a
set of available CNs that can offer network resources
to create a slice for the user. The availability of a CN
is determined by various factors including availability
of resources in the CN, distance between user and CN,
and interferences. Our new policy, referred to as Most
Energy-Efficient Resource First (MEERF), always selects
the CN with highest effective energy efficiency (EEE)
among all available CNs to serve the incoming user.
The idea is to distinguish the minimial power called
static power consumed by a CN to keep it in a working
state, and the additional power beyond the static power,
which we call productive power, required to meet the
service requirements of one user. The EEE of a CN for
a user represents the ratio of the transmission rate [b/s]
used to serve this user to the productive power [Watt]
used for this user during its required service time if this
connection would be established.
The computational complexity of MEERF is linear in
the number of CNs available for a certain class of users.
The implementation of MEERF requires the information
of only the average transmission rates of wireless con-
nections, productive energy consumption rates of CNs,
and whether or not a CN can serve one more user. To
the best of our knowledge, this is the first work to report
on a priority-based dynamic scheduling policy in WNS
that aims at maximizing energy efficiency.

• The MEERF has been shown to be asymptotically opti-
mal in special cases [13]. The asymptotic optimality indi-
cates that MEERF approaches the optimal solution when
the traffic and service capacity of the system increase to
infinity proportionately. This is a reasonable assumption
for modernizing and populated wireless networks; that
supply meets demand and no more.

• We demonstrate numerically that, in WNS, the effective-
ness of the system can be improved by appropriately
balancing the QoS and relevant power consumption,
by comparing MEERF to two benchmark policies: one
always selects CNs with highest transmission rates, and
the other selects CNs with least energy consumption
rates. In our test, MEERF outperforms both benchmark
policies in most experiments and achieves up to 52%
improvement in terms of energy efficiency. Also, we
demonstrate by simulations that MEERF is robust to
four tested distributions of service (holding) times with
respect to energy efficiency.

The remainder of this paper is organized as follows. In
Section II, we discuss the related work on resource allocation
in wireless network. The network model is shown in Section
III. In Section IV, we describe the stochastic optimization
problem. We propose the MEERF policy in Section V and
present relevant numerical results in Section VI. Finally,

conclusions are given in Section VII.

II. RELATED WORK

Dynamic resource allocation or scheduling problems in
traditional wireless networks have been extensively studied
since the last decade. For example, Ao and Psounis proposed
dynamic algorithms for the user association problem in the
multi-tier mobile network, aiming at maximizing the utility
of users [10]. Their proposed champion algorithm was shown
to achieve 60% to 67% of the optimal performance in practi-
cal situations. In [11], a clustering-based resource allocation
algorithm was proposed to optimize network performance in
an OFDMA-based two-tier cellular network. The authors con-
sidered a two-step approach to allocate sub-channel and power
iteratively. The algorithm was shown to be polynomial-time.
In [12], the authors studied an energy efficiency maximization
problem in an OFDMA system. A user assignment scheme,
in which users are assigned to an available subcarrier with the
lowest power consumption, was proposed to improve energy
efficiency with a complexity proportional to the product of
the number of subcarriers and the number of users.

There is less existing work on dynamic scheduling policies
for WNS. Caballero et al. [6] proposed a game theory-
based scheme for allocating slicing resources, to achieve
performance gain over static slicing and fairness of resource
allocation to users. Esposito et al. [7] provided a polynomial-
time heuristic algorithm to solve the virtual network embed-
ding problem using distributed auction mechanism. Chen et
al. [8] formulated the WNS problem as a stochastic learning
process, and then derived a dynamic localized algorithm to
improve average utility of users.

Fu et al. [13] studied a priority-based policy in a multi-
server system that was modeled as a resource allocation
problem. The authors assumed statistically identical users
(jobs) and only two power states for each server. While, in this
paper, we consider a system with different statistical features
of users and energy consumption rates.

As mentioned above, existing literature on dynamic re-
source allocation for WNS mainly focused on QoS (e.g., [6]–
[8]), but not on energy efficiency of the network. In addition,
the density of users and the diversity of their requirements in
WNS are significantly higher than those in traditional wireless
networks. Therefore, the complexity of the policy is even
more important. Our MEERF, a linear-time scheduling policy
aiming at maximizing energy efficiency, will address this gap.

III. NETWORK MODEL

Let R0, R+ and N+ represent the sets of non-negative reals,
positive reals and positive integers, respectively.

We consider a wireless network that includes the facilities
launched to support the wireless communications demands of
users as well as direct communication between these facilities.
Our wireless network contains a set of CNs V and a vector
of capacities B ∈ N|V |+ assigned to the CNs. Each CN
v ∈ V corresponds to a wireless facility, such as a base
station, or a remote radio head, connected to a backbone



network. There are many users deployed in a region covered
by wireless channels supported by different facilities, which
provide different transmission rates for different users and
consume different amount of electricity power. Each user
occupies a channel and connects to a CN that enables this user
to access the core network. Each CN has a maximal number
of wireless channels, which is also the number of users that
it can support simultaneously. We refer to this number as the
capacity of CN v ∈ V , represented by Bv .

Mobile users request wireless services by selecting avail-
able, efficient CNs to access the core network, and connections
are established by renting transmission channels and units of
selected CNs for each of these users. For such a connection
between a user and a CN v ∈ V , a channel associated with this
CN is occupied and data is transmitted at a rate that is strongly
affected by factors including but not limited to weather, user-
CN distance and interferences on the path. The users are
classified into classes based on their service requirements, and
we denote by I the set of all user classes. We assume that
the service times of users of class i ∈ I that are connected
to CN v ∈ V are independent and identically distributed with
mean 1/µi,v . We assume that the service rate µi,v for user
of class i and CN v is in R0, allowing for µi,v = 0 which
represents the case where users of class i cannot be connected
to CN v.

We refer to all the CNs with µi,v > 0 as available CNs for
user class i. Let Vi ∈ 2V be the set of all the CNs available
for user class i. Also, we assume that users of class i generate
requests for network services following a Poisson process with
rate λi. We refer to λi as the arrival rate of the requests made
by class i users.

Remark: Although we assume Poisson arrival processes
and the related arrival rates values that are required for our
theoretical treatment of the problem based on a Markov
decision process, our policy proposed in Section V is general
in the sense that it does not require the Poisson assumption
and knowledge of the arrival rates.

As mentioned earlier, a network slice is a logical concept
associated with a dedicated channel and relevant baseband
units offered to a user on an on-demand basis. Here, we
consider a network slice as the entity that provides the
fronthaul connection between a user and a CN. We define a
slice template as a tuple (i, v) with i ∈ I and v ∈ Vi. Then,
a network slice is characterized of a slice template and the
arrival and service completing time of the relevant user. We
assume that the completing time is unknown until the user is
disconnected from the network. When a user is disconnected
from a CN, the channel and baseband units occupied by this
user are released immediately.

IV. STOCHASTIC OPTIMIZATION PROBLEM

Consider a stochastic process N(t) = (Ni,v(t) : v ∈
V , i ∈ I ), t ≥ 0, associated with the wireless system
enabling network slicing, where different users are connected
to the core network through different CNs. The random
variable Ni,v(t) represents the number of users of class i

connected to/being served by CN v at time t. In other words,
Ni,v(t) is the number of network slices associated with slice
template (i, v) existing in the system controller’s memory at
time t. Let Nv = {0, 1, . . . , Bv} and I = |I |, the state space
of this process is given by

N :=

{
n ∈

∏
v∈V

(Nv)
I | ∀v ∈ V ,

∑
i∈I

ni,v ≤ Bv

}
.

To emphasize the scale of our system, we define Bv := B0
v ·h

with B0
v ∈ N+ and h ∈ N+ for all v ∈ V and refer to h as

the scaling parameter of the wireless network. As mentioned
in Section I, we are discussing the wireless communication
system in a densely populated area. Therefore, h is supposed
to be very large. We can observe from the definition of N
that the size of this state space is exponentially increasing in
the scaling parameter h, the number of CNs in the system
|V | and the number of user classes I . This largely scaled size
of state space prevents conventional dynamic programming
techniques from being directly applied.

When a user applies for a slice at time t, a CN that has
appropriate resources for this user is selected to accept this
application according to an underlying policy φ. Then, the
state of the selected CN increments by one. After a user
disconnects from a CN, its state decrements by one.

In this context, the state vector N(t) is affected by the
employed policy φ, so we rewrite it as Nφ(t) by slightly
abusing the notation. Also, for each v ∈ V and i ∈ I , we
define an action variable aφi,v(n) ∈ {0, 1} under policy φ with
n ∈ N . If aφi,v(n) = 1, then CN v is selected to serve an
incoming user of classes i when the system is in state n;
otherwise, CN v is not selected for user class i. In this way,
for any policy φ, we need a constraint on the action variables:∑

v∈Vi∪{v0i }

aφi,v(N
φ(t)) = 1, ∀i ∈ I ,∀Nφ(t) ∈ N , (1)

where v0
i is defined as a virtual CN that indicates the blocking

of an incoming user of class i. Note that if v /∈ Vi, then
Nφ
i,v(t) ≡ 0 and aφi,v(·) ≡ 0 for all t ≥ 0. For any n ∈ N

with
∑
i∈I ni,v = Bv , aφi,v(n) ≡ 0, for all i ∈ I . A policy

φ can then be formally defined as a mapping from state space
N to action space A , where

A :=
∏
i∈I

{0, 1}|Vi|+1.

To guarantee the fainess of our system, we assume that a user
request of class i is blocked if and only if there is not any
vacant channel that can be established with the CNs in Vi.

It has been shown in existing empirical research that power
consumption of a cellular base station [14], or a WiFi access
point [15] exhibits an approximately linear relationship with
carried traffic. In this paper, we will refer to the results in [14]
and [15], and assume that the power consumption of CN v is
linearly increasing with its traffic load:

cv(N
φ
v (t)) = c0v + c1v ·Nφ

v (t), (2)



where Nφ
v (t) =

∑
i∈I Nφ

i,v(t) is the traffic load of CN v at
time t, and c0v ∈ R0 and c1v ∈ R+. Both c0v and c1v are given
values based on intrinsic features of the hardware.

For a policy φ, the long-run average throughput and power
consumption of the network system are then given by

Lφ := lim
T→+∞

1

T
E
∫ T

0

∑
i∈I
v∈V

µi,vN
φ
i,v(t)d t (3)

and

Eφ := lim
T→+∞

1

T
E
∫ T

0

∑
v∈V

cv
(
Nφ
v (t)

)
d t, (4)

respectively. Define Φ as the set for all such policies. We aim
to maximize the energy efficiency of the network, as [13],
which is the ratio of the long-run average throughput to the
long-run average power consumption:

max
φ∈Φ
Lφ/Eφ, (5)

subject to (1). We refer to this maximization problem as the
Wireless Network Slicing Problem (WNSP).

V. SCHEDULING POLICY: MOST ENERGY-EFFICIENT
RESOURCE FIRST

As mentioned in Section IV, the extremely high compu-
tational complexity of the WNSP prevents us from directly
applying conventional optimization techniques. Here, we pro-
pose a heuristic scheduling policy called Most Energy-Efficient
Resource First (MEERF). We intuitively explain the key idea
of MEERF as follows.

Consider the case where a user of class i ∈ I applies
for a connection and the scheduler needs to either select
a CN in Vi to serve the user or block this request. If the
user is admitted by CN v ∈ Vi, the power consumption
of CN v will increase by c1v as shown in (2). The power
consumption c1v can be regarded as the power used to support
the established connection with mean service rate µi,v , which
we refer to as the productive power consumption (PPC) of CN
v. To maximize the energy efficiency, intuitively, we wish to
minimize the mean productive energy consumed per user-CN
connection, given by c1v ·(1/µi,v), or equivalently, to maximize
the ratio µi,v/c1v .

Our MEERF is a priority-based policy and is in the same
vein of [13]. We refer to the ratio µi,v/c

1
v as the effective

energy efficiency (EEE) of CN v for user class i. In MEERF,
we prioritize the CNs for each user class with higher EEE
value in a greedy manner; that is, among CNs in Vi that are
able to support one more network slice, we always serve the
user of class i to a CN v with the highest EEE.

Remark: Channels are allocated to users under OFDMA,
such that intra-cell interference is eliminated and frequency
spectrum resources are more efficiently utilized [11].

Priority-based policies have been proved to be asymptot-
ically optimal in stochastic optimization problems in many
cases [13], [16], [17]. The asymptotic optimality of a policy
indicates that this policy approaches the optimal solution
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Fig. 1. Asymptotic approximation ratio of MEERF, MTR and MPC versus
scaling parameter h.

when the scale of the system tends to infinity; that is, the
policy performs well in a largely-scaled system. In the WNSP,
we will explore priority-based policies by demonstrating nu-
merically the performance of MEERF in Section VI. When
service times are exponentially distributed, I = 1, B0

v = 1
and c0v = h · c̃0v with c̃0v ∈ R+ for all v ∈ V , MEERF
reduces to a special case of the MAIP policy proposed in
[13] that is proved to be asymptotically optimal; that is, let
λi = h · λ0

i with λ0
i ∈ R+, i ∈ I , MEERF approaches

the optimality as scaling parameter h tends to infinity. A
numerical example for the asymptotic behavior of MEERF
is presented in Section VI-A. For more general cases of
our WNSP, we demonstrate numerically the performance of
MEERF in Section VI-B.

In the following, we rigorously define the MEERF. The set
of CNs with highest EEE in state n ∈ N for user class i ∈ I
is

Ṽi(n) := arg max
v∈Vi:∑
i∈I

ni,v<Bv

[
µi,v/c

1
v

]
where |Ṽi(n)| is possible to be zero or more than one. If
Ṽi(n) = ∅, then the arrived request of user class i has to be
blocked when the system is in state n, because there is no
available CN can serve it. In the case with |Ṽi(n)| > 1 (that
is, more than one CNs are as efficient as each other), ties can
be broken arbitrarily in [13]. We then define that

aMEERF
i,v (n) =


1, if Ṽi(n) 6= ∅,

and v = min
[
Ṽi(n)

]
,

0, otherwise,

(6)

where min[Ṽi(·)] returns the minimal element in set Ṽi(·)
when Ṽi(·) 6= ∅. The computational complexity of MEERF is
linear in |Vi| for a decision epoch triggered by a user request
of class i, and it requires only binary information of each CN:
whether or not it can accept one more network slice.

VI. NUMERICAL RESULTS

We consider two benchmark policies: the Maximal Trans-
mission Rate (MTR) policy and the Minimal Power Con-
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Fig. 2. Cumulative distribution of the relative differences in energy efficiency of MEERF versus the benchmark policies MTR and MPC for traffic loads:
(a) h = 1; (b) h = 10; (c) h = 20.
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Fig. 3. Robustness of the energy efficiency of MEERF to the service-time
distribution.

sumption (MPC) policy. These two policies are in the same
vein as policies proposed in [10] and [12], respectively. The
MTR policy follows the popular idea that a user will always
connect to a CN with the fastest uploading/downloading rate,
and the MPC policy aims to minimize the network operator’s
electricity cost by selecting the CN with the least c1v all the
time. For all the simulation results presented in this paper, the
95% confidence intervals based on the Student t-distribution
are within 3% of the observed mean.

A. Asymptotic Behavior

We provide a numerical example to demonstrate the asymp-
totic behavior of MEERF in the special case with I = 1,
B0
v = 1 and c0v = h · c̃0v , where MEERF is a special case

of the policy proposed in [13] that has been proved to be
asymptotically optimal. This special case is more appropriate
for modeling a local system with highly dense populations,
where users and CNs are located in the same space. The
service rate of a user-CN connection is affected by the quality
of wireless channels in this local space. In this context, the
geographical features of CNs are negligible and the service
times of users connected with a CN v are modeled as
independently identically distributed random variables.

Because of the extremely high computational complexity of
generating an optimal solution for WNSP even in this special
case, we compare energy efficiency of MEERF to that of the
optimal solution of the system in the asymptotic regime (that
is, h → +∞), and refer to this optimal solution as OPT. In

this context, for any given h ∈ R+, we define an asymptotic
approximation ratio of a policy φ as

Lφ/Eφ

lim
h→+∞

LOPT /EOPT
.

In Figure 1, we plot the asymptotic approximation ratio
of MEERF, MTR and MPC against the scaling parameter
h. There are five CNs (|V | = 5) with service times of
users exponentially distributed with mean values 0.924343,
6.09551, 5.63355, 1.97392 and 0.942937, and the power con-
sumption c1v are set to be 4.68784, 14.902, 5.5897, 1.30503
and 19.4004, respectively. Also, we set the λ0

i for the only
i ∈ I to be 5.42973 and c0v = 1.5c1vBv for all v ∈ V .

In Figure 1, we observe that MEERF is already very close
to OPT when h is relatively small and converges to OPT as
h increases. While, MTR and MPC do not show a trend of
approaching OPT when h is increasing. It is consistent with
the asymptotic optimality of MEERF in this case, and shows
an advantage of MEERF against MTR and MPC.

B. Multiple User Classes

We now consider a system with two different user classes
I = 2 and five CNs, where the c1v for all v ∈ V are uniformly
randomly distributed in [0.1, 20] and h := 1. We also consider
randomly generated capacities of CNs from {1, 2, 3} and
arrival rates of user classes from [5, 10]. From [18], we set
c0v = 1.5 · c1vBv for all v ∈ V . Recall that Bv = h · B0

v and
λi = h · λ0

i with scaling parameter h ∈ N+. For the service
rates, we randomly generate a rate for each user-CN channel
that is uniformly distributed in [0.1, 20], represented by µ̄i,v
for i ∈ I , v ∈ V . Let ρ := λi/µ̃i for i ∈ I , for each user
of class i, we generate a random value Li with mean 1/µ̃i
from an exponential distribution. The service time of a user
of class i connected to CN v is given by the random variable
Li/µ̄i,v which has mean equal to 1/µ̃i · µ̄i,v; that is, µi,v is
set to be µ̃i · µ̄i,v .

We demonstrate the cumulative distribution of the relative
difference of the energy efficiency under MEERF to that under
MTR and MPC in Figure 2, where the system parameters are
randomly generated as described and the relative difference



of energy efficiency between policies φ1, φ2 ∈ Φ is defined
as

Lφ1/Eφ1 − Lφ2/Eφ2

Lφ2/Eφ2
.

In this figure, Li for i ∈ I is exponentially distributed and
ρ is set to be 6.

In Figure 2, we observe that MEERF achieves higher energy
efficiency than MTR and MPC for over 90% of simulation
runs in all cases. In particular, the relative difference in
Figure 2(c) reaches up to 17% and 52% for MEERF-MTR
and MEERF-MPC, respectively, which indicates that MEERF
improves the energy efficiency of MTP and MPC by up to
17% and 52%.

In Figure 3, we explore the robustness of MEERF to
different distributions of service times under the same settings
as those in Figure 2 with h := 1. In each run of the simulation,
we obtain the energy efficiency of MEERF, and compute the
relative difference of the one using the exponential distribution
to the ones using three specified distributions: deterministic
distribution, Pareto distribution with shape parameter 2.001
(Pareto-1) and Pareto distribution with shape parameter 1.98
(Pareto-2). The Pareto-1 and Pareto-2 are Pareto distributions
with finite and infinite variances, respectively. Here, we plot
the cumulative distribution of the relative difference results
obtained over five hundred simulation runs.

In Figure 3, the relative differences with respect to energy
efficiency for the three tested service-time distributions are
within ±0.5% for all simulation runs. That is, MEERF is
stable within the tested cases and not very sensitive for
service-time distributions that are strongly affected by intrinsic
features of the wireless environment.

VII. CONCLUSIONS

We have studied the WNSP in a heterogeneous wireless net-
work. A priority-based scheduling policy, MEERF, has been
proposed to maximize the energy efficiency of the network,
by always prioritizing the CN with the highest EEE. We have
shown that MEERF is scalable, robust and computationally
efficient. With statistically identical users, identical capacity
of all CNs and significant proportion of power consumption
on idle CNs, MEERF has been shown to be equivalent to a
special case of the MAIP policy proposed in [13] that has been
proved to be asymptotically optimal when the service times of
network slices are exponentially distributed. This asymptotic
optimality is appropriate for a local wireless environment with
highly dense population of users. We have provided extensive
simulation results for more general cases with more than one
user classes, where MEERF achieves significant improvement
of energy efficiency (up to 52%) as compared to MTR and
MPC (two benchmark policies).
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