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Abstract—To satisfy the high requirements on operation ef-
ficiency in 5G network, self-organizing network (SON) is envi-
sioned to reduce the network operating complexity and costs
by providing SON functions which can optimize the network
autonomously. However, different SON functions have different
time scales and inconsistent objectives, which leads to conflicting
operations and network performance degradation, rasing the
needs for SON coordination solutions. In this paper, we devise
a multiple time-scale coordination management scheme (MTCS)
for densely deployed SONs, considering the specific time scales
of different SON functions. Specifically, we propose a novel
analytical model named M time-scale Markov decision process
(MMDP), where SON decisions made in each time-scale consider
the impacts of SON decisions in other M − 1 time scales on the
network. Furthermore, in order to manage the network more
autonomously and efficiently, a Q-learning algorithm for SON
functions (QSON) in the proposed MTCS scheme is proposed
to achieve a stable control policy by learning from history
experience. To improve the energy efficiency, we then evaluate
the proposed MTCS scheme with two functions of mobility
load balancing (MLB) and energy saving management (ESM)
with designed network utility. Simulation results show that
the proposed SON coordination scheme significantly improves
the network utility with different quality of experience (QoS)
requirements, while guaranteeing stable operations in wireless
networks.

Key words: Self-Coordination, Self-Organizing Network (SON),
Multiple Time-scale, Markov Decision Process.

I. INTRODUCTION

The tremendous growth of demands for diverse services is
leading to complex wireless network infrastructures, making
the operating complexity and operating expenses one of the
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significant challenges in 5G networks [2]. To overcome this
problem, self-organizing networks (SON) are envisioned to
be a promising technology for wireless network operation
management in 5G networks, which is a key driver for im-
proving Operations, Administration, and Maintenance (OAM)
activities [3]-[5]. This has motivated network operators to
employ SON functions incorporating intelligence to realize
autonomous management for the upcoming 5G networks.

In wireless network optimization management, the operators
need to continuously adjust parameter configurations based
on measurements such as key performance indicators (KPIs)
including network performance, capital expenditure (CAPEX),
and operational expenditure (OPEX), whereas all those opera-
tions must be self-organized to realize self-optimizing for 5G
networks. Hence, a lot of SON functions are easily available,
which are deployed to meet the management goals of network
operators, by replacing time consuming manual optimization
tasks. Some typical SON functions are described follows:

• Coverage and Capacity Optimization (CCO): the objec-
tive of CCO is to provide optimal coverage and capacity
for wireless networks by optimizing transmit power or
antenna tilt, which should work on a rather long time-
scale of days or weeks to cope with the changes in
wireless environment and load imbalance in the long
term.

• Mobility Load Balancing (MLB): MLB is enabled to
detect changes of loaded conditions or the handoff en-
vironment, then determines an optimal policy to improve
the network performance, which is executed in several
minutes or hours.

• Energy Saving Management (ESM): ESM is defined to
reduced energy costs and improve the network energy
efficiency for network operators in the large time-scale
(serval days or months).

Specifically, different SON functions have different execu-
tion time scales. For instance, MLB and MRO (Mobility Ro-
bust Optimization) take 5-10 minutes to optimize the network,
while it takes a few days or months to realize the ESM func-
tion. Consequently, for achieving different network operator
management goals, many SON functions with different time-
scale may be activated concurrently.

Although SON functions have been deployed in 5G net-
works, the 5G networks management still face some new
challenges. First, during the autonomous management peri-
od, different SON functions with contradictive goals in 5G
networks may lead to both oscillating function execution and
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poor network performance when executing simultaneously in
specific cases, causing parametric or objective-based conflicts.
Second, as the demands of the capacity in 5G networks
keep increasing, more small cells with SON functions are
deployed in 5G wireless network, and higher operation cost
and computation power is required to manage the SON func-
tions. In addition, the specific optimization algorithms in SON
functions are needed to improve the network performance
in 5G networks, which are currently usually taken as black
boxes for network management. As a summary, considering
self-operation for autonomous management in SON-aided 5G
networks, the coordination of SON function is necessary to
prevent or resolve SON conflicts and to improve network
performance in SON-aided 5G networks. Furthermore, in
order to reduce OPEX and improve the network efficiency,
the design of an appropriate optimization algorithm for SON
functions will be extremely challenging.

There have been extensive research efforts on the coor-
dination of multiple SON functions based on reinforcement
learning and control theory in [5]-[19]. From a macroscopic
perspective, the preventive policy-based decision coordination
mechanisms have already been developed in [6], [7]. An SON
coordination prototype has been developed in [8], [9]. From
the microcosmic point of view, a joint optimization scheme
has been proposed for the conflict between MRO function
and MLB function, in which the handover problems were
prevented [10], [11].

Nevertheless, in the literatures, the SON coordination de-
cisions are made only based on the instantaneous inputs of
individual SON functions in the same time-scale, ignoring
the spatial and temporal impact of the SON functions when
making the optimization decisions. However, a large number
of SON functions are parametrically or logically highly inter-
dependent in the time domain, where the dependencies and
conflicts among them may have a negative impact on the
operation of the network behaviors, leading to poor network
performance. Furthermore, due to the increasing dynamics of
SON implementations in ultra-dense small cell networks, the
future SON coordination is necessarily required to accommo-
date the SON conflicts with different time-scale by learning
from previous experiences of SON functions to improve future
decisions of network operators. To the best of our knowledge,
few works have taken the SON execution time into account,
which is an indispensable part of SON function coordination,
especially in the SON-intensive wireless networks1.

In this paper, we propose a novel multiple time-scale coor-
dination scheme (MTCS) for SON functions to ensure steady
wireless network operation. Specifically, the self-organizing
mechanisms in SON functions are modeled as Markov con-
trol loops and the stability conditions of control loops with
different time scales are derived. Furthermore, we devise an
analytical model, multiple time-scale Markov decision process
(MMDP) for hierarchically M SON coordination decision
making processes, where SON coordination decisions in each
level (each time-scale) are made in a specific time-scale, and

1Part of this work that considering the time characteristics has been
previously published in IEEE GLOBECOM 2018 [1].

TABLE I
SUMMARY OF KEY NOTATIONS

Notation Description
i, j ∈ ℜ state space of MDP in slow time scale
λ ∈ Λ action space of MDP in slow time scale
ϖ,κ ∈ ℵ state space of MDP in fast time scale
a ∈ A action space of MDP in fast time scale
GL MDP decision rule in fast time scale
GU MDP decision rule in slow time scale
Φ MDP action function
~ constant parameter
∆ bounded function over ℜ× ℵ
α ∈ [0, 1] constant parameter in MDP
π MDP decision policy
T scale factor between fast time scale and slow time scale

the Q-learning algorithm is developed to solve the proposed
model, considering the dynamics of wireless network environ-
ments. In addition, the QSON algorithm is designed to realize
the SON functions for efficient SON management. Then, in
order to improve energy efficiency of the wireless network-
s, we study a MLB-ESM use case with two typical SON
functions (MLB and ESM) with designed network utility in
ultra-dense small cell networks and develop a novel algorithm
for the MLB-ESM SON functions. At last, the coordination
capabilities of the proposed MTCS scheme is evaluated by
the simulation results. The main contributions of this paper
are summarized as follows:

• We devise a multiple time-scale Markov decision process
model for the coordination of SON functions in wireless
networks, considering the time domain characteristics of
SON functions.

• We propose a novel MTCS scheme for the SON co-
ordination to improve the network performance, while
ensuring the stable network operation. In particular, the
Q-learning based algorithm is developed to achieve the
optimal SON coordination policy in the MTCS scheme
by learning dependencies impacts on different time scales
from history experiences of SON coordinations. In addi-
tion, the QSON algorithm is designed to realize SON
function for efficient SON management.

• We identify the MLB-ESM use case with MLB function
(fast time-scale) and ESM function (slow time-scale)
in ultra-dense small cell networks to validate the per-
formance of MTCS scheme. Furthermore, the network
utility is designed to improve network energy efficiency
with different quality of experience (QoS) requirements,
and the theoretical analysis and simulation verification
of the QSON algorithm is developed to implement SON
functions in the proposed MTCS scheme.

The remainder of this paper is organized as follows. Section
II gives the related works. Section III describes the system
model and assumptions. The formulation of SON coordination
problem is presented in Section IV. In Section V, we derive
the MTCS scheme with MMDP model. The solutions for
energy efficiency based on Q-learning approach are described
in Section VI. Simulation results are given in Section VII.
Section VIII concludes this paper. The list of key mathematical
notations used in this paper are summarized in Table I.
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II. RELATED WORK

With the increase of SON deployments in wireless networks,
a comprehensive scheme of coordination among SONs is an
increasing challenge for wireless network management [9-
18]. Some literatures have studied for the problem of SON
function coordination. In [9], a detailed classification of SON
function conflicts was proposed, which provided a principle
for designing suitable conflict solutions among SON functions.
The conflicts between SON functions included the following
different types: i) Configuration Conflicts: they mean that
different SON functions operate on the same wireless con-
figuration parameters for different SON functions such as the
conflict between MLB and MRO functions. ii) Measurement
Conflicts: SON functions influence the same performance data
such as the same KPI values. iii) Characteristic Conflicts:
SON functions have the different impacts on the attributes
that cannot be directly measured and expressed through KPIs,
which may be influenced through a fully disjoint set of
configuration parameters, like ESM and MLB SON functions.

A generalized machine learning framework for the SON
functions of MRO and MLB to optimize both handover
performance and load balancing was proposed in [10], [14].
SON functions of cell ID assignment, coverage adjustment and
idle mode control for multi-vendor networks were coordinated
for balancing operation and further reducing requirements for
manual conflict resolution in [15]. In [16], to enforce network
stability and achieve network performance improvements, a
distributed approach based on concave games for coordinating
SON functions was proposed. In [17], a SON coordination
scheme based on reinforcement learning approach was pro-
posed, which allows the network to learn from previous
experiences for improving future network decisions.

Specially, the high dynamics of ultra-dense small cell wire-
less environments in 5G networks, will lead to the network per-
formance fluctuation and the increasing power consumption,
then trigger different SON functions in different time scales.
The dynamics of environments range from microseconds (e.g.,
fast fading channel), seconds (e.g., user mobility) to days and
months (e.g., traffics over weekends), the SON functions are
dynamically amplified during different time scales such as (M-
RO and MLB in fast time-scale) and (ESM and CCO in slow
time-scale) [18]-[19], as shown in Fig. 1. In such complicated
environments with various SON functions, resolving possible
SON conflicts and increasing energy efficiency are becoming
much difficult and require manual updates by skilled experts,
which leads to the increase of management complexity, energy
consumption, CAPEX and OPEX.

To meet the requirements of efficient management in wire-
less networks, only a few authors pay attentions to the very
important aspects of the dynamics of mobile data traffic
and energy efficiency. From the energy saving perspective,
a hierarchical management framework was designed in [20],
where energy management and traffic steering were jointly
optimized in different time scales. To reduce the information
exchange cost and computational complexity, a dynamic pric-
ing approach was proposed for power control problem in ultra-
dense small cell networks in [21]. By jointly considering the

satisfaction of users and the revenue of network operators,
an auction game-based method was proposed in [22]. From
the load balancing perspective, the problem of joint load
balancing and interference mitigation was studied with the
stochastic optimization, considering the dynamic scheduling
in 5G networks in [23]. The author in [24] proposed a
framework for context-aware self-optimization in small cell
environments and load balancing was used to evaluate the
satisfaction of users. A load-balanced algorithm for small-cell
environments was proposed, considering traffic distribution in
[25]. To fully incorporate the green energy utilization in traffic
load balancing strategies, a traffic load balancing framework
which can obtain the tradeoff between network utilities of the
average traffic delivery latency and the green energy utilization
was proposed in [26]. To minimize the total discounted energy
consumption, Q-learning approach was developed, taking full
use of the global network state information obtained from
the network controller in [27]. A balanced dynamic planning
approach based on Markov decision process was proposed
in [28], while saving energy and satisfying the users’ QoS
requirements. However, most of the research efforts in wireless
networks have been focused on dealing with the inefficien-
cies and impairments arising from very short-term dynamics.
It is notable that much more system level efficiency can
be harnessed by developing SON coordination solutions for
longer time scales. From a 5G networks perspective, there
is a increasing challenge to design an efficient SON coor-
dination management scheme for reducing manual operation
cost, complexity of the envisioned network architecture and
improving network performance for small cell networks. In
particular, we make a detailed comparison of these literatures,
the differences between our proposed work and other related
works are summarized in Table II.

III. SYSTEM MODEL

In a typical SON function, there are three kinds of
SON functions, self-configuration, self-optimization and self-
healing, which replace the classic manual configuration, post
deployment optimization, and maintenance in traditional wire-
less networks, respectively. We consider M (M ≥ 2) SON
functions operating simultaneously in small cell networks as
shown in Fig. 1. Then, we introduce the SON control model,
SON operation model and SON performance metric model.

A. Control Model

A SON function is effectively realized by means of specific
SON mechanisms (SONm), which relates to particular SON
use cases defined by the 3rd Generation Partnership Project
(3GPP). Focusing on self-optimization, the SONm aims at
maintaining relevant KPIs above or below a specific value
by actuating over an appropriate set of input parameters to
achieve predefined objectives of operators. Typically, the SON
mechanism is represented by several control loops where con-
trollable input parameters are dynamically adjusted according
to output metrics and corresponding objective requirements.
From an implementation point of view, a SON controller
is considered to be implemented responding to strategies of
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TABLE II
THE SUMMARY OF SON FUNCTION COORDINATION WORKS

SON
Functions Timescale SON Model Network Objective Related Work

ESM and MLB multiple multiple MDP model Network energy efficiency Our Work
CCO and MLB same linear ordinary differential equation outage probability [6]
MLB and MRO same Graph-Theoretic Representation Handover rate [8]
MLB and MRO same extreme values model call dropping [11][17]
MRO and ICIC same single MDP model network utility [9][14][18]

cellular BScellllular BBS

WiFi hotspott

small cell

ESM

CCO

MLB

Time

5 min

1 hour

3 day

Fig. 1. SON functions with multiple timescales in ultra-dense network

network operators, deciding which SONm actions have higher
priority with respect to others at a given time period. In the
context of heterogeneous scenarios, we consider a universal
framework where stand-alone SONm reacts to the fluctuation
of KPIs by deciding to either increase or decrease correspond-
ing influential parameters, aimed at maintaining particular
metrics or KPIs. The SON controller is needed to provide
the means for SONm coordination and potential conflict
management arising from possible conflicting decisions by
different SONm.

B. SON Operation Model

SON function is basically a control loop that autonomously
tunes RAN parameters to adapt the RAN to variations of the
wireless environment and of the traffic according to objectives
of network operators. It makes it possible to autonomously
configure newly deployed base stations or nodes for self-
configuration, adjusting parameters to improve network per-
formance, which can be seen as a self-optimization process,
and root faults and compensation of faulty network nodes to
realize self-healing functionality as shown in Fig. 2. Specially,
different SON functions operate in different time scales. Some
SON solutions have the time-scale of hours to days such
as CCO and ESM. Meanwhile, some other SON functions
operate at the time-scale of seconds to minutes such as MRO
and MLB [11]. Hence, there are mainly two SON operation
models for SON functions ensuring stable network operation:
i) SON functions work in different time scales; ii) SON
functions work in the same time-scale. The multiple time-scale
model of SON functions is studied in this paper.

SON KPI Monitoring 

SON Triggers

Monitor KPIs Periodically 

Compare KPs with  Pre-defined 

Threshold Value

Wireless Control Parameter 

Updates

SON Control Parameter 

Adjustment

Network Optimization Policy

Network Operators  Objective

Fig. 2. SON Function Operation Flow for Autonomous Management

C. SON Performance Metric Model
We consider the ultra-dense small cell network scenario

consisting of U users and C small cells. The signal to
interference plus noise power ratio of the user u from small
cell c is given by

SINRc,u =
Pc,u∑

q ̸=c

Pq,u + PM,u +N0
, (1)

where Pc,u represents the received power of the user u from
the small cell c, Pq,u is the interference power from small cell
q, N0 is the background noise. PM,u is the interference power
from Marcocell.

The total data rate of the ultra-dense small cell network is
defined as

Rsum =
C∑

c=0

U∑
u=1

Bc,ulog2(1 + SINRc,u), (2)

where Bc,u represents the bandwidth allocated to user u from
small cell c, and c ∈ {0, 1, 2, · · · , C}, the c = 0 represents
the Macrocell for unification of expression for the wireless
network sum rate.

For ESM function, small cells can be switched to the sleep
mode for saving power or switched on for improving the
capacity and QoS requirements of users. Therefore, the small
cell c power consumption can be modeled as

Pc =

{
PO
c + PT

c , γc = 1,
PO
c , γc = 0,

(3)

where the PO
c is basic consumption of circuit power for

small cells and PT
c is the transmission power of small cells,
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respectively. γc ∈ {0, 1} is the indicator, γc = 1 when the
small cell c is switched on, and γc = 0 when the small cell
c is switched to sleep mode. Consequently, the sum energy
consumption of the wireless network is formulated as

Psum = PT
c=0 + PO

c=0 +
C∑

c=1

(γcP
T
c + PO

c ) (4)

where PT
c=0 is the transmission power of Marcocell and PO

c=0

is the circuit power of Marcocell, respectively.
Furthermore, we assume that each SON mechanism SONm

sends an update request targeting to modify the K tuned
parameters, which runs onto optimize the performance of
wireless networks. Let P be the set of possible values of
wireless network parameters, such as the cell individual offsets
and transmission power. The update requests consist of K
tuple Ψ = {0,−1,+1}K as shown

Ψk =

 +1 ↑,
0 →,
−1 ↓,

(5)

where Ψk = +1, Ψk = 0 and Ψk = −1 means to increase
↑, maintain → and decrease ↓ the value of parameter k,
respectively. For instance, the MLB SON function instances
tune the Cell Individual Offset (CIO) parameter in order to
optimize the cell load or the transmission power, and the
CIO values can choose from the set of {−9,−6,−3, 0} dB
when the MLB SON function receives requests such as off-
load, on-load or keep the load unchanged according different
network goals. For the CCO SON function instances, it tunes
the electronic antenna tilt with the set {0, 1, 2, 3, · · · , 90},
which can optimize the network capacity and coverage.

In particular, for the SON function operation in this paper,
we assume that the instantaneous signal strength from each
small cell can be measured by each user with pilot detection.
The measurement results are sent to its serving small cell
within uplink data transmission or by periodical report.

IV. MULTIPLE TIME-SCALES SON COORDINATION

The goals of specific SONm are to be translated into
specific KPI metric requirements in terms of satisfactory met-
ric values, which represent a high-level specific requirements
by the network operator. Once different metrics have been
identified, we need to find those parameters, which have the
influence on the specific metrics and use corresponding SON
functions.

For SON functions, every decision corresponds to an action
taken towards a represented state of the process, helping the
wireless network to evaluate its condition. For such a dynamic
environment of wireless networks, the network dynamics are
modeled using a mathematical framework named Markov
decision process (MDP) to optimize desired objectives of the
network operators in the process of SON functions. We define
the underlying MDP for each SON mechanism SONm, which
consists of the SONm state space S, SONm action space A,
and the SONm reward function R as

• SONm state space: S = P×Ψ. The state s ∈ S of MDP
model contains the parameter configurations and update
requests.

• SONm action space: ΨS = {0,−1,+1}K . The action of
MDP model operates to increase, decrease or maintain the
value of wireless parameter k when there exists a network
optimization request during the SON optimization period.

ak =

 ↑ if Ψs,k = +1,
→ if Ψs,k = 0,
↓ if Ψs,k = −1,

(6)

• SONm reward: R = r(s, a). A reward set containing
a r value for each action. The reward is defined as the
network utility, which will be defined later.

In practice, specific metrics for a SON user case can be
detected by a SON controller, and it can figure out key
parameters for the SON user case. The SON controller is
taking charge of enforcing (or not) the SONm decisions to
keep the metrics below some specific thresholds. The network
operator receives a SON optimal policy which is the one that
maximizes the measure of long-run expected rewards. Then,
it optimizes the network according to this recommendation,
considering different network requirements.

Fast time-scale SON

mechanism

Slow time-scale

SON mechanism

n=

0
n=1 n=2

SON1

SON2

SON1 SON1 SON1 SON1 SON1SON1

SON2

t=t0

i j

SON1

v k

Fig. 3. Multiple time-scale SON coordination management framework

First, we take two time-scale MDP model (M = 2) as
an example to elaborate the SON coordination scheme. It
can be extended to multiple time-scale MDP model for SON
coordination with low complexity, which will be discussed
later. We consider that the MDP of the upper SON mechanism
with slow time-scale has a state space ℜ and an action
space Λ. At each decision time n ∈ {0, 1, · · · , } and at a
state in ∈ ℜ, an action λn ∈ Λ is taken, and the state
in transits to state in+1 ∈ ℜ, according to the probability
PU
SON (in+1 |in, λn ). During the period of the upper SON

mechanism, once the state of upper SON mechanism was
chosen and the action of the upper SON mechanism was
taken, the states and actions for the lower SON mechanism
are chosen based on the upper SON mechanism as shown
in Fig. 3. In addition, we consider that MDPs in the lower
SON mechanism have the same finite SON actions denoted
by A and the same SON states denoted by ℵ. There is no
intersection between the lower SON mechanism and the upper
SON mechanism both in states and actions, i.e., ℜ ∩ ℵ = ∅,
A∩Λ = ∅. For the SON mechanism with fast time-scale, we
denote the time by t ∈ {t0, t1, · · · }. We also define T as the
scale factor between the upper SON mechanism and the lower
SON mechanism, and thus we obtain tnT = n, n ∈ {0, 1, · · · },
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Fig. 4. The Flowchart of Multiple Time-scale SON coordination Framework

which is the representation of multiple time-scale for SON
functions.

Second, we initialize the state of the lower SON mechanism
level MDP ϖ ∈ ℵ and we define i ∈ ℜ as the initial state
for the upper SON mechanism with slow time-scale, and thus
the state can be ϖt0 = ϖ and i0 = i, n = 0. Then, the MDP
process of the lower SON mechanism is evolved to achieve
the optimal network policy.

• For the lower SON mechanism state ϖ at t0, an action
a ∈ A is taken, when ϖ makes transition to the next state
κ ∈ ℵ at time t1 with the probability PL

SON (κ |ϖ, a, i, λ )
and the reward RL(ϖ, a, i, λ) in the lower SON mecha-
nism, and continues until it arrives at the time tT−1.

• In the lower level MDP, the states and decisions of the
upper SON mechanism bring out the function of state
transition and the reward function. The action λ1 of the
upper SON mechanism at time n = 1 will be taken and
a new MDP determination process will be triggered.

At last, we define a lower SON mechanism level decision rule
gL = {πL

n} and πL
n = {ΦtnT , · · · ,Φt(n+1)T−1

}. A nonnegative
and bounded reward function RU is defined for the upper SON
level. Given a lower SON mechanism level decision rule gL ∈
GL, we define the reward function RU , which is the total
expected reward obtained by the fast time-scale T horizon
policy πL including an instantaneous reward at the slow time-
scale

RU (ϖ, in, λn, π
L) = RU

I (in, λn)+

Eϖ
in,λn

{
t(n+1)T−1∑
t=tnT

αtRL(ϖt, in, λn,Φt((ϖ, in, λn))

}
,

(7)
where αt with 0 ≥ α ≤ 1, is taken as a constant parameter for
all n, which represents the contributions of the fast time-scale
SON function reward for the reward of the slow time-scale
SON function at time t. Φt(ϖ, in, λn) is the upper level action
function: ℵ × ℜ × A → Λ. The reward RU for slow time-
scale SON function is the total expected reward with policy
πL(in, λn) at T horizon, added by an instant reward of the
upper SON mechanism. The instant reward function of the
upper SON at state in is defined as RU

I (in, λn). The multiple

time-scale SON coordination policy is obtained based on the
MDP model. Based on the analysis, the multiple time-scale
SON coordination framework is given as shown in Fig. 4.

Remark 1: For SON functions, keeping their own network
information during the execution time of a SON function is
insufficient because of the potential conflicts after the end of
the SON execution. To satisfy these additional requirements
of wireless network, history network information of SON
functions should be taken into account for the conflicting SON
functions. Hence, temporal-spatial impacts are constructed
specifically for pairs of conflicting SON functions to satisfy
the demands of SON coordination with respect to potential
conflicts between SON functions with the proposed MMDP
model.

V. SOLUTION OF MULTIPLE SON COORDINATIONS

The core problem of MMDP modeled SON coordination is
to find an optimal policy that specifies the actions of SON
functions, which will be chosen when in different network
states. Q-learning is a straightforward and model-free rein-
forcement learning algorithm adopted to define the values
of transition probabilities and find an optimal policy which
converges to an optimal policy for the given MDP with a finite
action-state [10]. Hence, the Q-learning approach is developed
to solve this problem.

The single-step reward for the upper level SON is achieved
with the given reward at the upper SON mechanism, and
we have the total expected reward achieved by the low SON
mechanism level T horizon nonstationary policy πL. Our goal
is to obtain a SON mechanism coordination decision rule
pair of gL ∈ GL and gU ∈ GU that achieves the following
functional values defined as
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V ∗
SON (ϖ, i) =

max
gU∈GU

max
gL∈GL

Eϖ,i

{ ∞∑
n=0

γnRU (ϖtnT , in, g
U (ϖtnT , in), π

L)

}
= max

gU∈GU
max

gL∈GL
Eϖ,i

{ ∞∑
n=0

γn
(
E

ϖtnT

in,λn[
t(n+1)T−1∑
t=tnT

α(t)RL(ϖt, in, g
U(ϖtnT

,ϖn),Φt((ϖ,in, g
U(ϖtnT

, ϖn)))

+ RU
I (in, λn)

]}
,

(8)
where the V ∗

SON is defined as the optimal discounted value
function over ℵ×ℜ in two time-scale. Based on the slow time-
scale decision rule gu, the slow time-scale SON will make the
decisions depending on the states of the fast time-scale SON
functions.

Furthermore, given the fixed pair of the slow time-scale
SON mechanism state i and action λ, we define a set
ΠL

SON [i, λ] of all possible T horizon policies as

ΠL
SON [i, λ] :=

{
πL[i, λ]

∣∣∣πL[i, λ] := {Φi,λ
t0 , · · · ,Φi,λ

tT−1
}
}
.

(9)
For achieving the optimal policy, the Bellman’s optimal equa-
tion and the optimal decision rule by obtaining the optimal
value of each state are given as shown in Theorem 1.

Theorem 1: For all ϖ ∈ ℵ and i ∈ ℜ, we obtain

V ∗
SON (ϖ, i) = max

λ∈Λ

(
max

πL[i,λ]∈ΠL
SON [i,λ]

{
RU(ϖ, i, λ, πL[i, λ])

+ γ
∑
κ∈ℵ

∑
j∈ℜ

PT
ϖκ(π

L[i, λ])PU
SON (j |i, λ)V ∗

SON (κ, i)

})
,

(10)
where V ∗

SON is the unique solution of (10) in the proposed
scheme. Then, we achieve the equation as λ∗ and Π∗[i, λ] =
{Φ∗}. We set the decision rule gU (ϖ, i) = λ∗ and set the
decision rule πL for gL with Φ(ϖ, i, λ∗) = Φ∗(ϖ, i, λ∗). The
optimal V ∗

SON is achieved based on the decision rule gU in
slow time-scale and the decision rule gL in fast time-scale.

Proof: Using the principle of optimality, V ∗ is the optimal
solution. Specifically, the principle of optimality shows that
an optimal policy can be constructed in a piecemeal fashion.
Thus, we first construct an optimal policy for the “tail subprob-
lem” involving the last stage V ∗

T , and then extend the optimal
policy to the “tail subproblem” involving the last two stages,
V ∗
T , V ∗

T−1. Continuing this manner until an optimal policy for
the entire problem is constructed. Hence, the Theorem 1 is
proved.

Particularly, we define an initialization function ΓSON such
that we initialize ϖtnT , n = 1, 2, · · · by ΓSON , which gives a
probability distribution. Based on the MDP theory, we achieve
the optimal SON coordination decision rule for each SON
mechanism level in MMDP. To obtain the decision, we first
define an operator Ξ such that for a function V defined over

ℵ×ℜ as

Ξ(VSON )(ϖ, i) = max
λ∈Λ

(
max

πL[i,λ]∈ΠL[i,λ]

{
RU (ϖ, i, λ, πL[i, λ])

+γ
∑
κ∈ℵ

∑
j∈ℜ

ΓπL

SON (ϖ, i, λ)[κ]PU
SON (j |i, λ)VSON (κ, i)

})
,

(11)
where Ξ(VSON ) is a γ − contraction − mapping in sup-
norm as shown in [30], and ΓπL

SON (ϖ, i, λ)[κ] is the probability
defined on κ ∈ ℵ.

Then, we obtain the function V for all ϖ ∈ ℵ as

lim
n→∞

{
Ξn(VSON )(ϖ, i)− Ξn−1(VSON )(ϖ, i)

}
→ ~, (12)

where ~ is constant. With any fixed state pair κ ∈ ℵ and
j ∈ ℜ, we then achieve

lim
n→∞

{Ξn(VSON )(ϖ, i)− Ξn(VSON )(κ, j)}→∆(ϖ, i),

(13)
where ∆(ϖ, i) is defined as a bounded function over ℜ× ℵ.
In particular, the MDP solution of the upper SON mechanism
should relay on the MDP solution of the lower SON mechanis-
m. We achieve the optimal value of the MTCS algorithm by
applying the iteration method for solving MMDP. In particular,
the flowchart of multiple time SON coordination framework
is given in Fig. 4.

In traditional management of network operators, SON func-
tions are typically built in a stand-alone manner, i.e. without
considering the existence of other SON functions in the
network. From the practical perspective, the network will
run one or several instances of each SON function. Each
SON instance optimizes a set of cells. Having several SON
instances in the network will create conflicts and lead to
poor network KPIs. In this paper, we propose an universal
SON management framework, which can be extended to other
SON functions. The Q-learning approach is proposed to learn
from the past experience, which is beneficial for improving
our future decisions. Without this information, the SON co-
ordination would suffer from considerable shortcomings in
anticipating the impact of the decisions. The SON functions
are seen as black-boxes by the SON coordination scheme,
knowing nothing about the algorithm running inside them.
It only knows current update requests and current network
parameter configuration. The MTCS scheme provides an
equitable conflict resolution. A step by step MTCS scheme
description is given in Algorithm 1.

In the line 1, we initialize the state of the lower SON mecha-
nism level MDP ϖ ∈ ℵ and we define i ∈ ℜ as the initial state
for the upper SON mechanism with slow time-scale, and thus
the state can be ϖt0 = ϖ and i0 = i, n = 0. From line 2 to
line 13, the proposed scheme is solved numerically by iteration
computation method with the maximum iterations Imax. From
line 3 to line 5, it is the SON1 iteration loop. With the wireless
configuration parameters P and update requests Ψ, the optimal
policy of SON1 πL∗ is obtained. In line 6, the defined reward
function RU of the proposed model is calculated based on
the current state and the optimal policy of fast time scale
SON1 function. In line 7 and line 8, if the condition that
lim

n→∞

{
Ξn(VSON )(ϖ, i)− Ξn−1(VSON )(ϖ, i)

}
→ ~ can be
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Algorithm 1 MTCS Algorithm
1: Initialization Set maximum iteration number Imax, RL =

0, RU = 0, T and ~; Observe current network wireless
configuration parameters P and update requests Ψ; begin
iteration (SON1 Outer Loop);

2: for 1 ≤ n ≤ Imax do
3: for 1 ≤ t ≤ tnT do
4: Solve SON2 Function with P and Ψ;
5: obtain SON1 policy πL∗ (SON2 Inner Loop);
6: end for
7: Calculate RU with the current action in the network;
8: if lim

n→∞

{
Ξn(VSON )(ϖ, i)− Ξn−1(VSON )(ϖ, i)

}
→ ~

then
9: Take current action as the optimal policy πU ∗ in the

wireless network.
10: break
11: else
12: Set t = t+ 1;
13: end if
14: end for

satisfied, we can obtain the optimal policy πU ∗ by taking
current actions. From line 9 to line 13, if the condition that
lim

n→∞

{
Ξn(VSON )(ϖ, i)− Ξn−1(VSON )(ϖ, i)

}
→ ~ cannot

be satisfied, we set t = t+1, and then the algorithm executes
the next iteration loop. Based on these steps, the optimal SON
function coordination policy can be obtained.

Remark 2: In particular, the M MDP models are ordered
sequentially from fast time-scale to slow time-scale. For the
M > 2 time-scale model of SON coordination, we can see
that the states and the actions of the Mth MDP model in the
slow time-scale depend on the the states and the fast time-scale
MDP models (1, 2, · · · ,M−1), and the reward function of the
Mth MDP model is calculated with the states and the actions
of M−1 MDP models. Hence, the multiple time-scale optimal
value function can be obtained based these reward functions
(1, 2, · · · ,M − 1), which is similar with the proposed MTCS
scheme. Particularly, in the value based iteration solutions, the
maximized complexity is O(|S|2 |A|), because the value based
solution takes the optimization bellman equation to update
the value function, so the value function is optimal when the
algorithm converges with the corresponding optimal policy.
More importantly, the time scales M of SON functions are
generally limited to a few (seconds, minutes, hours, days, etc.)
in real systems. Therefore, the complexity of the proposed
scheme is acceptable with good scalability, which is very
practical in real wireless systems.

VI. Q-LEARNING BASED ENERGY EFFICIENCY
MANAGEMENT WITH SON

In order to guarantee stable and desired network operation,
SON functions have attracted significant attentions from in-
dustry. Furthermore, energy efficiency has also been a key
performance metric for the requirements of SON function in
5G networks. At the same time, smart load balancing is re-
quired to automatically achieve optimal network performance

and fulfill QoS requirements of users in wireless networks.
Hence, to improve the energy efficiency, the network utility is
designed properly and two different time-scale SON functions,
i.e., MLB and ESM SON functions in 3GPP, are considered
for energy efficiency management with the proposed SON
coordination management scheme.

MLB function is purposed to cope with the unequal traffic
load and to achieve the load balancing in 3GPP [31]-[32].
The thresholds of MLB function are defined by related load
performance KPIs, which trigger an offloading operation in
wireless networks. The self-organized process of MLB func-
tion can adapt network capacity or load to the current traffic
demand and QoS requirements of users by shifting users
or traffics among the small cell networks. In addition, to
facilitate energy saving in wireless networks, ESM function
is currently discussed in 3GPP standardization [31]. The self-
organized cell activation or sleeping off of ESM function is
a straightforward process as a small cell can determine the
behavior of cell activation or sleeping off. If a particular cell
has been switched off to reduce energy consumption, it notifies
nearby cells via a deactivation indication over X2. In addition,
a cell can request a neighbor cell to re-activate the cells with
the network demands.

In particular, for ESM functions, the dynamic architectures
that vary with the dynamic traffic, passive sleep mode and
offloading operation have been considered. It will lead to
unbalanced load and handover problems, which caused the
potential conflicts between ESM and MLB functions, declining
wireless network performance. The two SON instances are
seen as black-boxes by the operators, since the network does
not know the algorithm running inside them. It only knows
the immediate update requests and the immediate network
parameter configurations. For the network deployed with both
MLB and ESM functions, the task of SON coordination
scheme is to find an efficient conflict solution. If these two
SON functions are independent of each other, both slow time-
scale and fast time-scale mechanisms run to achieve their
optimal solution independently. But it leads to the oscillation
problem and increases the network management cost when the
base station trigger these SON functions as shown in Table III
( × means that there is a conflict and X means that there is
no conflict) [33].

TABLE III
THE POTENTIAL CONFLICTS OF DIFFERENT SON FUNCTIONS

SON
Functions

Input
Parameters

Conflicts

Output
Parameters

Conflicts

Measurement
Conflicts

ESM and CCO X × ×
ESM and MLB X X ×
MLB and MRO X × ×
ESM and MRO X X ×
MLB and CCO X X ×

To achieve energy efficiency, first, larger amounts of man-
agement information that have been reported periodically are
collected to calculate the energy efficiency of ultra-dense
small cell network. Then, when the energy efficiency is less
than a preset threshold which is defined based on different
objectives of network operators, our proposed MTCS scheme
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is triggered to make the optimal decision policy for wireless
networks. Consequently, new configuration parameters are
determined for network operators reconfiguration to improve
energy efficiency. In particular, the SON mechanisms of MLB
and ESM in MTCS scheme are proposed. The network utility
is designed as the network performance to achieve optimal
energy efficiency, considering the SON conflicts between MLB
and ESM functions.

Q-learning is based on the agents that works by learning an
action-value function, denoted by Q(s, a), reflecting potential
gains in an action-state pair [32]. Considering the dynamic
environment of small cell networks, MLB and ESM functions
are taken as agents, using the feedback of wireless networks
and learning from the effects of their actions. Each SON agent,
by following the Q-learning algorithm, has to interact in real
time with the environment in order to achieve the goal of
learning an optimal energy efficiency management policy. The
SON agent aims to maximize its total reward by learning
which action is optimal for each network state with the highest
long-term reward. The reward is calculated as a weighted sum
of the expected values of the rewards of all future steps starting
from the current state. Therefore, we define the Qson value for
SON as Qson : Sson × Ason → Rson.

The SON agent chooses an action ason,t and achieves the
reward rson,t at time t, as mentioned in section IV. In Q-
learning process, the SON agent obtains an optimal state-
action policy by learning from the wireless environment. The
Q-learning algorithm is solved by the value iteration method
[33] as

Qson
t+1(sson,t, ason,t) = (1− η)Qson

t (sson,t, ason,t) (14)
+η(rson,t + κson maxQ(sson,t+1, ason)),

where η is the learning rate (0 < η ≤ 1) and κson is the
discount factor, respectively. rson,t is the SON reward at time
t. It ultimately gives the expected utility of taking a given
action ason in a given state sson based on the Q-learning
algorithm for SON function.

Furthermore, we define the time averaged power consump-
tion and transmit rate of the wireless network [35]-[38],
respectively, as

Psum = lim
T→∞

1

T

T−1∑
t=0

E{Psum(t)}. (15)

and

Rsum = lim
T→∞

1

T

T−1∑
t=0

E{Rsum(t)}. (16)

To improve the long-term energy efficiency of ultra-dense
small cell networks, we consider the time characteristics of
ESM and MLB function. The network utility is defined as the
value that the throughput minus the power consumption in this
paper, considering the MLB and ESM SON functions, which is
the format translation as the ratio of long-term total throughput
to the long-term corresponding energy consumption as

Usum = W1Rsum −W2βPsum. (17)

where Usum is the network utility, taking as the reward
function in the Q-learning process. Rsum and P sum are
the long-term total throughput and long-term corresponding
energy consumption, respectively. W1 is the weight of network
throughput, W2 is the weight of power consumption and β
is the coefficients for the uniform dimension, which is taken
as a constant in this paper. In detail, the states of MLB
SON functions are defined as SMLB,t = {Pt

cf , Ds,t, Dn,t},
Pt

cf is the wireless configuration parameter set (including the
transmission power of the small cells) in time t, Ds,t and Dn,t

are the serving and neighboring cells user distribution at time
t, respectively. The action space of MLB SON functions are
defined as AMLB = {−9,−6,−3, 0} dB. For the ESM SON
function instance, it tune the small cell operation model and
transmission power (we set the wireless operation parameter
equal to 1 if the small cell is in active state, otherwise it
equals to 0 when it is in sleeping state) to save the energy
consumption with the network goal of energy saving in wire-
less networks. Hence, the states of ESM functions are defined
as SESM,t = {Pt

cf , PE}, Pt
cf is the wireless configuration

parameter set (including the transmission power of the small
cells) in time t, PE,t are the energy consumption distribution
at time t. The action space of ESM SON functions are defined
as AESM = {0, 1}, which is the operation mode of small cells.

For finding the optimal policy of QSON algorithm, ϵ-greedy
method is used herein to determine when and how much to
explore the action space before exploiting learned knowledge
[34]. In addition, the proposed QSON learning algorithm is
given step by step in Algorithm 2 as follows.

Algorithm 2 QSON Energy Efficiency Algorithm
Initialization At beginning of SONs that been triggered,
set the Qson(s, a) as zero, action set Ason, state set Sson,
learning rate η, discount factor κ, probability ϵ and time
horizon Tson;
for 1 ≤ t ≤ Tson do

1. Observe the current state sson,t, select and execute an
action ason,t = argmax

a∈A
{Qson(s, a)} with probability

1− ϵ, otherwise, the QSON selects a random action ason
from the action set Ason with probability ϵ;
2. Derive the reward value rson,t;
3. For new network state sson,t+1, update QSON function
value Qson

t+1(s, a) with (14);
4. update the network state sson = sson,t+1 and time
t = t+ 1;
5. Until it satisfies the conditions and convergence;

end for

Remark 3: To improve the network energy efficiency, the
MLB function and ESM function are deployed and running
with proposed QSON algorithm respectively if there is no
conflict occurs or no network performance decreases. When
the energy efficiency value is smaller than the default threshold
which is defined based on different objectives of network
operators, our proposed MTCS scheme is triggered to make
the optimal decision policy for wireless networks.
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TABLE IV
KEY PERFORMANCE INDICATORS

Parameters Values
System bandwidth 10MHz
Number of Small Cell 10
Number of Users 40
Small Cell Transmission power 1W
Marocell Transmission power 40W
Small Cell Circuit power 5W
Marocell Circuit power 50W
Shadowing standard deviation 4dB
Pathloss 128.1 + 37.6log10(max(dKm))
Noise Power -174 dBm/Hz
Learning rate 0.8
Discount factor 0.6
Exploration rate 0.2
QoS requirements 30kbps, 40kbps, 50kbps.
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VII. SIMULATION RESULTS

We consider a heterogeneous scenario consisting of one
Marcocell, C small cell base stations, and U user equipments
(UE), which are randomly distributed in the network area.
MATLAB 2016a tool is used as the simulation platform. The
standard MLB and ESM instances in 3GPP TS 36.902 are
considered in this paper. We make the assumption that there
are conflicts between the MLB function and ESM function
which are caused by the input wireless parameters or the out
wireless parameters as shown in the Table III. Hence, we in-
troduce the case where alone SON scheme is implemented as a
benchmark, which means that there is no coordination with the
SON functions and the SON functions operate independently.
The detailed simulation parameters are given in Table IV.

Fig. 5 shows the policy convergence of MTCS scheme with
time iterations. We can observe that the policy of MTCS
scheme has a quick convergence to obtain the optimal load
balancing in small time-scale and to achieve the optimal
energy saving policy in large time-scale as shown in Fig. 5.
Furthermore, it can be shown that the proposed MTCS scheme
converges under different learning rate η (0 < η ≤ 1), and the
optimal policy of MTCS scheme can be derived quickly with
η = 0.9 and ϵ = 0.1, because the MTCS scheme obtains good
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balance between exploration and exploitation.
Fig. 6 shows the proposed scheme performance with differ-

ent objective weights. We consider two scenarios as: Capacity
Prefer scenario (CPS) with W1 = 0.6,W2 = 0.4 and Energy
Prefer scenario (EPS) with W1 = 0.4,W2 = 0.6. It can be
seen that the proposed MTCS scheme converges quickly both
in CPS scenario and in EPS scenario. Based on the utility
function (17), in CPS, the network operators prefer to improve
the network capacity as the network performance. In EPS, the
energy saving is taken as the primary network performance
of network operators to manage the wireless network, which
achieves a lower function value compared with the CPS. As
a consequence, the proposed MTCS algorithm is reasonable
and extensible in real systems based on different objectives of
network operators, which is suitable for the dynamics of the
wireless environment.

We use the SON alone scheme as the benchmark, which
means that the ESM and MLB run respectively with no
coordination between them. Fig. 7 depicts the network utility
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in terms of the number of users with C = 10. It shows that
the performance of proposed algorithm is superior to that of
the SON alone scheme. The reason is that the MLB SON is
implemented more frequently with the increase of the number
of UEs, which leads to more potential conflicts between MLB
and ESM, and degrades the contribution of SONs on the
network performance improvement. Hence, without MTCS
coordination algorithm, the wireless network performance
increases slowly due to the SON confliction.

Fig. 8 shows the network utility in terms of the number
of small cell base stations and investigates the impact of the
density of small cells with U = 40. It can be seen that the
proposed MTCS scheme achieves better performance than
the SON alone scheme with large amount of small cell base
stations, because more potential conflicts are effectively avoid-
ed in ultra-dense small cell networks with the SON MTCS
scheme. Furthermore, the dynamic of small cell network is
considered in the propose scheme by learning the history
knowledge from the wireless environment, and it shows that
the MTCS scheme has practical significance in real system.
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Fig. 9 shows the network utility in terms of different QoS
requirements of users. We set the different QoS requirement
scenarios as QoS=30 kbps, QoS=40 kbps and QoS=50 kbps.
It can be seen that the proposed MTCS scheme obtains good
performance with different QoS requirements and the network
utility increases along with the QoS requirements. The MTCS
scheme can meet different users’ QoS requirements, which is
flexible in dynamic small cell networks.

Furthermore, Fig. 10 shows the network utility of the
proposed scheme in terms of the time with C = 10. We
set that the time-scale of MLB function is 5 minutes and
the time-scale of ESM function is 5 hours. It can be seen
that the proposed SON coordination scheme derives better
performance compared with the SON alone scheme. In addi-
tion, we can also see that the performance of MTCS scheme
achieves better gain than the SON alone scheme with the
increase of the number of UEs. In particular, there is no
much difference in the performance at beginning. After 300
minutes, the performance is getting much better than SON
alone scheme. Because that both MLB (with fast time-scale)
and ESM (with slow time-scale) SON functions are triggered
and potential conflicts problems arise, the proposed MTCS
scheme can achieve an optimal policy compared with the
SON alone scheme, considering the time domain characteristic
of multiple time-scale. In addition, it shows that the MTCS
scheme has achieved good effects on the network performance
with long-term dynamic small cell networks.

VIII. CONCLUSIONS

We have developed a comprehensive self-coordination man-
agement scheme for SON functions to ensure stable wireless
network operation in ultra-dense small cell networks. A novel
MTCS scheme for SON coordination based on the multiple
time-scale MDP model has been proposed to accommodate the
SON conflicts with different time-scale by learning from pre-
vious experiences, which can improve the network operation
efficiency while ensuring a stable operation. In particular, to
improve the energy efficiency, a Q-learning algorithm for SON
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functions (QSON) has also been proposed to enrich the stable
control policy with designed network utility, which is practical
and flexible in real system for network operators. For our
future work, we will study the big data based programmable
SON framework complemented by efficiency improvements
brought by artificial intelligence.
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