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Abstract 
This paper investigates the traffic offloading over unlicensed bands for two-tier multi-mode 

small cell networks. We formulate this problem as a Stackelberg game and apply a 

hierarchical learning framework to jointly maximize the utilities of both macro base station 

(MBS) and small base stations (SBSs). During the learning process, the MBS behaves as a 

leader and the SBSs are followers. A pricing mechanism is adopt by MBS and the price 

information is broadcasted to all SBSs by MBS firstly, then each SBS competes with other 

SBSs and takes its best response strategies to appropriately allocate the traffic load in licensed 

and unlicensed band in the sequel, taking the traffic flow payment charged by MBS into 

consideration. Then, we present a hierarchical Q-learning algorithm (HQL) to discover the 

Stackelberg equilibrium. Additionally, if some extra information can be obtained via feedback, 

we propose an improved hierarchical Q-learning algorithm (IHQL) to speed up the SBSs’ 

learning process. Last but not the least, the convergence performance of the proposed two 

algorithms is analyzed. Numerical experiments are presented to validate the proposed schemes 

and show the effectiveness. 
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1. Introduction 

With the blasting increase of mobile data from the introduction of smart phones, tablet 

computers and other new mobile devices, it brings a number of challenges to cellular network 

operators (CNOs) such as boost system capacity and improve the coverage simultaneously. 

The next generation cellular networks, known as 5G, require 1000-fold capacity improvement 

comparing to the current Long Term Evolution (LTE) 4G networks [1]-[4]. The effective 

solution to CNO is to make use of traffic offloading to transfer part of the traffic load 

elsewhere off the main networks. The main object of traffic offloading is to support more 

capacity-hungry applications simultaneously maintain the satisfactory quality of experience 

(QoE) of end users[5][6]. From the perspective of industry, small cells and Wi-Fi networks are 

the candidates undertaking the traffic offloading. Recently, the concept of multi-mode small 

cell base station [7][8], owing the ability of simultaneously accessing licensed and unlicensed 

band, is emerging and attracts significant interest of many industrial companies such as 

Qualcomm and Huawei Corp. [9][10].  

Due to the limited available licensed bands for CNOs, the European telecommunications 

standards institute reconfigurable radio systems (ETSI RRS) technical standardization 

committee has released a detailed outline of a new concept of licensed shared access (LSA) to 

promote the spectrum sharing in 5G networks [11]. LSA is a spectrum sharing approach 

designed to serve short-term to mid-term industry needs through a quasi-static allocation of 

shared spectrum to CNOs. Specifically, the incumbent spectrum holders negotiate their 

spectrum with demanders in underutilized location with quality of service (QoS) guarantee. 

Thus, LSA approach can supply extra spectrum complement to alleviate the scarcity of 

operators licensed band. On the other hand, there are a number of available unlicensed bands, 

i.e. 2.4GHz ISM (Industrial, Scientific and Medical) and 5GHz U-NII (Unlicensed National 

Information Infrastructure) bands. In addition, United States and Europe recently published 

rules to access the TV white spaces (TVWS) [12]. In the current LTE system, the advanced 

carrier aggregation (CA) technology, defined in LTE Rel-10 and Rel-12, makes it possible to 

utilize the unlicensed band for traffic offloading [13], where the unlicensed carriers are 

operated as secondary carriers associated to and controlled by the licensed LTE primary 

carriers. Extensive attention has been paid to the research on the LTE in unlicensed band, also 

known as LTE-U [14][15]. 

In this paper, we address the traffic offloading issue in two-tier multi-mode small cell 

networks over unlicensed bands. Each small cell base station (SBS) transfers part of traffic 

load to the sharing band may affect the capacity performance of the neighbors who access the 

unlicensed band at the same time. This implies the traffic-offloading optimization of each SBS 

is coupled with its neighbors. Convex optimization technologies have advantages on the 

centralized optimization and have been widely applied to cooperative resource allocation in 

mobile communication, such as [16][17]. In the context of randomness of SBS’s activity and 

lack of mutual coordination, it is desirable to design a distributed scheme to handle traffic 

offloading, so that there is no need of timely cross-tier and co-tier information exchange which 

may bring heavily overhead burden to communication system especially in large scale 

scenario.  

Game theory is a powerful tool to analyze and predict the outcomes of interactive 

decision makers [18][19][20]. It has been shown that the Stackelberg game model is suitable 

for analyzing the hierarchical competition in the two-tier networks consisting macro base 
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station (MBS) and underlying SBSs 0-[24].  

Therefore, we formulate this problem of traffic offloading in two-tier small cell networks 

as a Stackelberg game. To be specific, the MBS is modeled as leader and SBSs are followers. 

A pricing mechanism is adopted by MBS to balance the traffic load between the primary and 

complementary network. To begin with, MBS broadcasts current price information to all SBSs 

firstly, then each SBS allocates the traffic load in licensed and unlicensed band via appropriate 

power allocation in the sequel, considering the traffic flow payment charged by MBS in 

licensed band. The goal of all players in the hierarchical game is to maximize their revenue. 

Furthermore, we propose a hierarchical learning framework to discover the Stackelberg 

equilibrium (SE). A hierarchical Q-learning algorithm (HQL) is proposed firstly and then an 

improved hierarchical Q-learning algorithm (IHQL) is presented to speed up the convergence 

of SBSs’ learning when some feedback information can be obtained. During the process of 

learning, MBS and SBSs learn their optimal policies through interaction with the network 

environment. Our preliminary work has been reported in [25]. In this paper, we further provide 

rigorous theoretical proofs and performance analysis. In addition, extensive simulations are 

conducted to verify the effectiveness of the proposed schemes. 

The rest of this paper is organized as follows. Section 2 introduces the related works. In 

Section 3, the system model and problem formulation are presented. Specifically, we apply 

Stackelberg game to model the agents’ behaviors in two-tier small cell networks. In Section 4, 

we propose a hierarchical learning framework and then present two hierarchical Q-learning 

algorithms to discover the SE. In Section 5, simulation results are given. Finally, the 

conclusion is drawn in Section 6. 

2. Related Work 

In this section, some related studies are presented. In the following, we shall use 

interchangeably capacity offloading and traffic offloading. There exist some efforts on the 

traffic offloading in heterogeneous cellular networks such as [26]-[29]. Specifically, in [26], 

Chiang et al. proposed a scheme based on reinforcement learning to intelligently offload 

traffic in a stochastic macro cell. In [27], Chen et al. provided a brief survey on existing traffic 

offloading techniques in wireless networks. Moreover, small cells are low-power and 

short-range access points that can operate in a flexible and economic way. It is regarded as a 

promising approach to implement the traffic offloading and improve the system capacity [1].  

Since the coupling of co-tier interference across the SBSs and the ad-hoc topology of small 

cell networks introduced by randomness of SBS’s activity, many existing studies such as 

0-[24] resort to the hierarchical game, also known as Stackelberg game or leader-follower 

game, to model the players’ behaviors in two-tier networks in the limited coordination 

scenario.  

Recently, the multi-mode SBS is emerging as an advanced technology to expand the LTE 

capacity to meet the traffic demands by integrating numerous unlicensed bands into the 

current LTE system especially at the standpoint of the industrial field [9][10]. Whereas, there 

are limited studies on traffic offloading over unlicensed bands in multi-mode cell networks 

[7][30][31]. To be specific, in [30], Bennis et al. investigated cross system learning by means 

of which SBSs self-organize and autonomously steer their traffic flows across different radio 

access technologies. In [31], Zhang et al. studied the wireless service providers (WSP) utilize 

unlicensed band to transfer partial traffic load and formulated this problem as a 

non-cooperative capacity offloading game. In [7], Liu et al. focused on maximizing the total 
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user satisfaction/utility of the small cell user over traffic balancing over unlicensed band.  

However, the significant difference between our proposed scheme and the existing 

schemes mentioned above lies in the followings: 

(i) Our framework considers the hierarchical feature in the two-tier small cell networks and 

models the hierarchical interaction between MBS and SBSs by Stackelberg game rather than 

the normal non-cooperative game, only considering the relationship among SBSs.  

(ii) The existing works mentioned above don’t consider the access cost in licensed band from 

the perspective of economy; that is to say, SBS needs to pay the traffic flow in the licensed 

band to the corresponding wireless operator, which is a common commercial mode[32].  

(iii) In our schemes, MBS can make a tradeoff between the revenue and the traffic load of 

primary networks via adjusting the traffic flow price.  

3. System Model and Problem Formulation 

3.1 System Model 

SBS1

SBS2 SBS3

MBS

SCU3

SCU2SCU1

Licensed band 1

Licensed band 2

Licensed band 3

Unlicensed band 

Interference link

 

Fig. 1. System model. 

As shown in Fig. 1, we consider the downlink transmission of a two-tier OFDMA small cell 

network consisting a central MBS and N multi-mode SBSs. Each SBS services a certain 

number of wireless devices and operate in closed access manner, i.e. only licensed wireless 

devices can communicate with the corresponding SBS. For analytical tractability, we assume 

that at most one user of SBS can be scheduled at a specific time slot. 

Let 0 denote the index of the MBS and the SBSs’ set is denoted by  1,2 NB . 

Moreover, let available scheduled SBSs’ user set is denoted by  1,2, .NSCU  For SBSs, 

although they can simultaneously access licensed and unlicensed band, they need taking the 
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differences of bands into consideration, i.e. accessing licensed bands means the guarantee of 

end user’s QoS while relatively high accessing cost charged by wireless operator comparing to 

free unlicensed bands with no QoS provisioning. In this paper, we address the traffic 

offloading issue of SBSs over unlicensed bands. Suppose the split-spectrum scheme is 

adopted in two-tier small cell networks and each SBS i occupies orthogonal licensed band, 

whose bandwidth is L

iB  Hertz. In addition, all SBS can access the sharing unlicensed band, 

which bandwidth is UB  Hertz. Therefore, the total available bandwidth 
totalB , consisting of all 

SBS’s licensed bands and the unlicensed band; that is, U L U

total (1 )i i

i i

B B B B      

Hertz, where L U/i iB B  . 

We assume that the SBS i has a maximum power constraint
ip , and that it can arbitrarily 

allocate its power on its own licensed band and the unlicensed band. Denote by [0,1]i   the 

fraction of SBS i’s power allocated on its licensed band; that is to say the SBS i allocates 
i ip  

in its private band, and the residual power (1 )i ip  in the unlicensed band. It is reasonable 

for each SBS use up its all power. If there is power left unallcoation, SBS can allocate this 

residual power on the unlicensed band to increase its achievable rate without additional cost. 

Firstly, we give the utility function of SBS i as follows (normalized by UB ) 

 

U L

, ,

0 2 2 0U

0 , 0

(1 )
( , ) log (1 ) log (1 )(1 ),

(1 )

i i i i i i i i

i i

j j i j i

j i

p h p h

n p h n

 
  

 



    

 
βU   (1) 

where U

,j ih  and L

,j ih  denote the normalized channel gain between the BS j and the user 

equipment (UE) i in unlicensed and licensed band, respectively.  1 1, , , N  β  is the 

vector of all SBSs’ power allocation strategies. 
0  is the unit traffic flow price charged by 

operator and 
0n  denotes the Gaussian noise power in unlicensed band. In addition, the term 

U

0 , (1 )j j i j

j i

n p h 


   denotes the received interference in the unlicensed band.  

We can see the SBS’s utility consists of two parts, the first part is the revenue from the 

unlicensed band and the second part represents the profit form licensed band. The object of 

SBS i is to optimize its power allocation fraction 
i  to maximum its utility: 

 
0( 1) : max ( , ).

i

i i


  P βU   (2) 

From the MBS’s side, MBS’s revenue comes from pricing the SBS’s traffic flow in the 

licensed band and its utility function is as follows: 

 

L

,

0 0 0 2

0

( , ) log (1 )
N

i i i i

i

i i

p h

n


  


 βU   (3) 

The object of MBS is to maximize its revenue and find the optimal price, the optimization 

problem of MBS is: 

 
0

0 0 0( 2) : max ( , )


  P βU   (4) 

3.2 Stackelberg Game solution 

In two-tier small cell networks, it is suitable and natural to apply Stackelberg game to model 
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the hierarchical interaction between MBS and SBS0-[24]. Specifically, The MBS is modeled 

as leader and move first. In the sequel, SBSs are followers and take their best response 

dynamic based on the observation of leaders’ actions. Mathematically, the Stackelberg game 

is defined as 

         0 00, , , , ,i ii i
 

 


B B
BG U U   (5) 

where  0  and  i i


B
 denote the strategy space of MBS (leader) and FBS i (follower), 

respectively. 

The solution of Stackelberg game is to find the Stackelberg equilibrium (SE). 

Definition 1 (Stackelberg Equilibrium, SE): A strategy profile * *

0( , ) β  is called 

Stackelberg equilibrium if *

0  maximizes the utility of the MBS (leader) and *
β  is the best 

response of SBS. Mathematically, for any strategy profile 
0( , ) β , the following conditions are 

satisfied: 

 * * *

0 0 0 0( , ) ( , ) β βU U   (6) 

 * * * * *

0 0( , , ) ( , , ),i i i i i i i      β β BU U   (7) 

where *

iβ  denotes that all SBSs take the best response strategies except SBS i. 

Note that the Stackelberg game is the extension of normal non-cooperative game. SE is a 

stable operation point and that means no player can improve its utility by deviating unilaterally 

in the hierarchical competition structure. Given the traffic flow price of the MBS, then SBSs, 

which are selfish and rational, play a strictly non-cooperative capacity offloading subgame. 

Theorem 1: The SE always exists in our defined Stackelberg game. 

Proof: For a given 
0 , the Stackelberg game reduced to the non-cooperative game 

   0 , , ,f f i i  BG U . To prove the existence of NE in the lower subgame, we introduce 

the following Lemma 1.  

Lemma 1[33]: A NE exists in game   , ,f f i i BG U  if for all 1,2, ,i N   

(1) { }i  is a nonempty, convex and compact subset of some Euclidean space R N . 

(2) iU  is continuous in β  and quasi-concave in i .  

SBS i's strategy space is defined to be  : 0 1i i   , and it is nonempty, convex and 

compact subset of some Euclidean space R N . 

From (1), we can see the 0( , )i  βU  is continuous in β . Next, we take the second-order 

derivative with respect to i  to prove its concavity, i.e. 

 

L U

, ,

L U

0 , 0 ,

(1 )1
,

ln 2 (1 )

i i i i i i i ii

i i i i i i j j i j

j

p h p h

n p h n p h

 

   

 
  

     
 
 


U

  (8) 

 
 

 

 
2 2

L U2
0 , ,

2 22
L

U0 ,

0 ,

(1 )1 1
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( ) ln 2 ln 2
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i i i i i i ii

i
i i i i i

j j i j

j
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U
  (9) 
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Thus, the 
0( , )i  βU  is concave in 

i . Following the Lemma 1, there exists NE in the lower 

subgame    0 , , ,if i  BG U . Let 
0( )NE  denotes the best response dynamics of the 

followers with given MBS's strategy
0 , the SE can be equivalently defined as 

* *

0 0 0 0 0 0( , ( )) ( , ( ))   NE NEU U  

Therefore, there exists *

0  satisfying the following: 

0

* *

0 0 0 0 0 0( , ( )) sup ( , ( )).


   NE NEU U  

It implies that SE always exists in our defined Stackelberg game. To better understand the 

process of this proof, we give the corresponding flow chart in Fig. 2. 

This completes the proof. 

 

MBS adjusts price      to 

maximize its utility

SBSs can achieve NE in 

lower game based on

Lemma 1

0

0 0 0sup ( , ( ))?


 NE

0

No

Hierarchical game 

reaches SE

Yes

 
Fig. 2. The process of obtaining SE 

4. Hierarchical Learning Framework 

In the developed hierarchical learning framework, the SBS and MBS are assumed to behave as 

intelligent agents and have self-learning ability to automatically optimize their configuration. 

In this section, we apply hierarchical stochastic learning based on the Stackelberg game 

framework to implement the traffic offloading.  

To be compatible with reinforcement learning mechanism and we assume that each 

player has a finite and discretized action set. In stochastic learning game, each player aims at 

maximizing its own expected utility function and commits a best policy. Specifically, a policy 

of agent i at time slot t is defined to be a probability vector 

 ,1 ,2 ,| |( ), ( ), , ( ) ,
i

t t t t

i i i i i i ia a a   Aπ  where ,( )
i

t

i i ca  means the probability with which agent i 
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chooses the action 
, ii ca , that is, an price of MBS and the power allocation fraction , ii a  of SBS 

from the available action set  ,1 ,2 ,| |, , , , {0}
ii i i ia a a i AA B , which satisfies 

,

,( ) 1
i

i ci

t

i i c

a

a  . To be specific, the SBS i’s and MBS’s available action set are defined as 

 ,1 ,2 ,| |, ,
ii i i i   AA  and  

00 0,1 0,2 0,| |, , ,   AA , respectively, where the | |iA  denotes 

the cardinal number of 
iA . The action space for all agents is denoted by {0}i i   BA A , 

where   is the Cartesian product. Note that in some practical scenario such as the 3GPP LTE 

only support discrete power control in the downlink. 

Then, the expected utility of agent i can be expressed as 

 ,

{0}

( , ) E | , ( ) ,
i

t

t t t t t t

i i i i i i i i c

i

u  



     
Ba A

π π π π aU U   (10) 

where 
0 10, 1, ,, , ,

N

t t t t

c c N ca a a   a  denotes the chosen action by agent i based on current policy 

t

iπ .  

Based on above analysis, we have the following definition of an SE for the hierarchical 

learning framework. The MBS’s objective is to maximize its revenue as 

 
0

0 0 0( 3) : max ( , ).u 
π

P π π   (11) 

Similarly, each SBS i’s objective is  

 ( 4) : max ( , ).
i

i i iu 
π

P π π   (12) 

In the following, we will give the similar definition of the SE in hierarchical learning 

framework. 

Definition 2. A stationary policy profile * *

0 0( , )π π  is the SE for hierarchical learning 

framework if for any policy profile 0 0( , )π π  the followings hold  

 

* * *

0 0 0 0 0

* * *

( , ) ( , );

( , ) ( , ).

i

i i i i i i

u u

u u

 

 

 


 

π π π π

π π π π
  (13) 

Then, we prove the Theorem 2 as follows and then show the SE always exists in the 

hierarchical learning framework. 

Theorem 2: Given MBS’s policy 0π , there always exists a mixed strategy { ,0} 0( , , )i iπ π π  

satisfies * * *

{ ,0} 0 { ,0} 0( , , ) ( , , )i i i i i iu u π π π π π π , which is a Nash equilibrium (NE) point. 

Proof: Given MBS’s policy 0π , the follower game is a non-cooperation game. Due to every 

finite strategic game has at least one mixed strategy equilibrium as shown in [34], i.e., there 

exists NE point. This completes the proof. 

In the following, similar as the proof in Theorem 1, the MBS’s optimal strategy can be 

expressed as  

 
0

*

0 0 0 0arg max ( , ( ))u
π

π π NE π   (14) 

Therefore, we can conclude that * *

0 0( , ( ))π NE π  constitutes a SE in the sense of stationary 

mixed strategy, which implies there exists SE in the considered hierarchical learning 

framework.  
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4.1. Hierarchical Q-learning algorithm (HQL) 

 

Execute
SBSs Choose  

actions
Learn and update

Time slot 

MBS chooses a price 

strategy and broadcast
Learn and update

Epoch k

Execute

......

...

 
Fig. 3. Time structure of the proposed hierarchical learning framework. 

Reinforcement learning (RL) algorithms are closely related to dynamic programming, 

which is always applied in optimal control. In standard RL framework, a learning agent 

observes the state of its outer environment and then selects and performs an action. Performing 

the action changes the state of the world and an immediate payoff can be obtained by agent. 

Positive payoffs are regarded as rewards, whereas, the negative payoffs are viewed as 

punishments. In the face of reward and punishment, each agent must choose actions to 

maximize its long term sum or average payoffs in future [37]. Therefore, in the hierarchical 

learning framework, each smart agent’s overall goal is to learn to optimize its individual 

long-term cumulative reward via repeatedly interacting with network environment. In this 

paper, we adopt the Q-learning algorithm [35], which is a common reinforcement learning 

method and widely used in self-organized small cell networks [38].  

In Q-learning process, agents’ strategies are parameterized through so called Q-functions, 

which characterize the relative utility of a particular action and are updated during the course 

of the agent’s interaction with the network environments. With the update of Q-functions, the 

policies that yield high rewards are reinforced and the optimal Q-function is found in a 

recursive way. To be specific, let ,( )
i

t t

i i cQ a  denote the corresponding Q-function of agent i's 

action , i

t

i ca  based on current policy t

iπ  at time slot t. Then, after selecting action , i

t

i ca , the 

corresponding Q-value is updated as follows 

 1 1

, , ,( ) (1 ) ( ) ( , ),
i i i

t t t t t t t t

i i c i i i c i i i c iQ a Q a u a  

   π   (15) 
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where  0,1t

i   is the learning rate, satisfying 2

0 0

, ( )t t

i i

t t

 
 

 

   .
,( , )

i

t t

i i c iu a π  is the 

observed reward for action i at time slot t, 

 , , ,

{0}/

( , ) ( , ) ,
i i j

t
i i

t t t t t

i i c i i i c i j c

j i

u a a 
 

 



  
Ba A

π aU   (16) 

where 
0 1 10, 1, 1, ,, , , ,

j j N

t t t t t

i c j c j c N ca a a a
   

  
 

a  and 
{0}/i j i j   BA A . 

Each BS update its policy based on Boltzmann distribution 

 
,

,

,

exp ( ) /
( ) ,

exp ( ) /
i

i I

t t

i i k it

i i k t t

i i c i

c

Q a
a

Q a







  


 
 

A

  (17) 

where the temperature 0i   controls the tradeoff between exploration and exploitation. To 

be specific, for 0i  , agent greedily and chooses the policy corresponding to the maximum 

Q-value which means pure exploitation, whereas for 
i  , agent’s policy is completely 

random which means pure exploration [39]. 

In the learning process, the MBS can learn the optimal price policy through recursively 

updating the Q-functions based on (15) and (17). However, each SBS can know neither other 

competing SBSs’ policies nor the utility ,( , )
i

t t

i i c ia aU  before taking action , i

t

i ca  in the time slot 

t. The only information the SBSs can obtain is the MBS’s price information 
00,

t

ca , which is 

regarded as the common knowledge for followers in the hierarchical learning framework.  

Suppose that MBS update the policy every T time slot, which is defined as one epoch. 

After the action chosen by MBS and then broadcast it to all SBSs, then each SBS learn to the 

optimal best response and feedback corresponding policy to MBS at the end of each epoch. 

Therefore, the SBS i’s Q-function updates as 

 
0

1

, , , 0,( ) (1 ) ( ) ( , ),
i i i

t t t t
ii i c i i i c i i c cQ a Q a u a a       (18) 

where the estimated expected utility 
0, 0,( , )

i
i i c cu a a  can be expressed as: 

 

0 0

0

0

1

1, 0, ( ,0) , 0,

, 0, , ,

, 0,,

1

,

( , , ) ( , )
( , );

( , ) 1( )

( ); otherwise.

i i

i i i

ii

i

tt t t
i ti i c c i i c c t t

it i c c i c i ct
i i i c ci c

t t
i i c

a a u a a
u a a a a

n a au a

u a







 
   

 


 

aU

  (19) 

where the 
0, 0,( , )

i

t

i i c cn a a  is the record number of the combination 
0, 0,( , )

ii c ca a  in each epoch. 

We can see that the policy update for MBS and SBS are based on different time scales. The 

time structure of the proposed hierarchical learning framework is shown in the Fig. 3. To be 

specific, SBS updates its Q-functions in each time slot while the MBS executes at the end of 

every one epoch. At the end of the k-th epoch, the Q-function update of MBS is shown as 

follows: 

 
0 0 0

1

0 0, 0 0 0, 0 0,( ) (1 ) ( ) ( , )k k k kT

c c i c iQ a Q a u a 

   π   (20) 

Next, we present the details of the proposed learning algorithm in Algorithm 1. 
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Algorithm 1: Hierarchical Q-learning Algorithm (HQL) 

Step1: Initialize the Q-functions 
,( )

ii i cQ a  at time slot t=1 for , ii c ia A   

Step2: Learning process of SBSs  

(1) At the beginning of epoch k, the MBS chooses a price 
00,ca according to its policy 0π  and 

broadcasts it to all SBSs in the network. 

(2) Each SBS i selects a power allocation fraction , ii ca  according to its policy t

iπ . 

(3) Each SBS i computes its achieved utility 
0, 0, ( ,0)( , , )

i

t t

i i c c ia a aU  via the feedback 

information, and updates the estimated expected ,( )
i

t

i i cu a  in (19). 

(4) Each SBS updates the Q-values according to (18) and the corresponding policy ,( )
i

t

i i ca  

according to (17). 

(5) All SBSs send the current policy to MBS at the end of each epoch. 

Step3: The MBS computes the accrued utility 
00 0,( , ).k kT

c iu a π  . 

Step4: The MBS updates the Q-values and corresponding policy according to (15) and (17), 

respectively.  

Step5: The MBS selects an action based on the updated policy. 

Step6:Update k=k+1 and jump to 
max .k k  

4.2. Improved Hierarchical Q-learning algorithm (IHQL) 

In practical implementations, the convergence speed may be one limitation when the action set 

of each agent is relatively large. In order to achieve fair performance, each action’s Q function 

must be sampled sufficiently. In the proposed HQL algorithm, each SBS only can update one 

action's Q-value. Nevertheless, we found that there exist rooms to improve the convergence of 

HQL. Assume that each SBS have the cognitive ability and can measure the interference level 

in the unlicensed band, we can speed up HQL by updating all actions' Q-function 

simultaneously.  

For instance, at the end of time slot t, SBS i get the feedback information, containing the 

channel estimation 
U L

, ,( , )i i i ih h  and the interference level U U

0 , (1 )i j j i j

j i

I n p h 


    in the 

unlicensed band, from served user. Thus we can compute all | | 1i A  virtual received utilities 

0, 0, ( ,0)( , , )t t

i i k c ia a aU , , ,/
i

t

i k i i ca aA  as follows: 

 

U L

, ,

2 2 0U

0 ,

, ,

, , ,

, 0

(1 )
( ) log (1 ) log (1 )(1 ), .

(1
/

) i

t t

i k i kt t

i k i k i i

i i i i i i

i i

j j

ct

i ki i

j i

a a
a a a

a

p h p h

n p h n
 





    

 
AU  (21) 

Therefore, combine with the one real sample 
0, 0, ( ,0)( , , )

i

t t

i i c c ia a aU  and we can 

simultaneously update all Q-values via (15). For notation convenient, we named the improved 

algorithm as IHQL for short. The details of IHQL are given in Algorithms 2. 
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Algorithm 2: Improved Hierarchical Q-learning Algorithm (IHQL) 

Step1:Initialize the Q-functions 
,( )

ii i cQ a  at time slot t=1 for , ii c ia A   

Step2: Learning process in the lower tier 

(1) In epoch k, the MBS chooses a price 
00,ca according to its policy 0π  and broadcasts it to all 

SBSs in the network. 

(2) Each SBS i selects a power allocation fraction , ii ca  according to its policy t

iπ , and then 

SBS sends the relevant policy information to the MBS. 

(3) Each SBS i computes its achieved utility 
0, 0, ( ,0)( , , )

i

t t

i i c c ia a aU  via the feedback 

information, and updates the estimated expected ,( )
i

t

i i cu a  in (19). 

(4) Each SBS i computes other | | 1i A  virtual samples 
0, 0, ( ,0)( , , ),t t

i i k c ia a aU  , ,/
i

t

i k i i ca aA  

according to (21). 

(5) Each SBS updates all action’s Q-values according to (18) and the corresponding policy 

,( )t

i i ka  according to (17). 

(6) All SBSs send the current policy to MBS at the end of each epoch. 

Step3: The MBS computes the accrued utility 
00 0, 0( , ).k kT

cu a π  . 

Step4: The MBS updates the Q-values and corresponding policy according to (15) and (17), 

respectively.  

Step5: The MBS selects an action based on the updated policy. 

Step6:Update k=k+1 and jump to 
max .k k  

4.3. Performance analysis 

Along with the discussion in [39], we obtain the following differential equation describing the 

evolution of the Q-values: 

 
 

 
0 00, 0 0,0 0 0,

, ,

, if 0;

,

( , ) ( )( )

( , ) ( ) otherwise

i

i i

t t t t tt t
c ci i c

t t t t t
ii i c i i i c

iu a Q adQ a

dt u a Q a

 

 





   




 



  (22) 

In the following, we would like to express the dynamics in terms of strategies rather than 

the Q values. Toward this end, we differentiate (17) with respect to time and use (22). We can 

obtain the equations as follows: 

0 0

0 0 0 0

0 0,1 10
0 0, 0 0, 0 0, 0 0, 0 0

0 0 0,
,

1 1 ,

, , , ,

( )
( ) ( ) ( ) ( ) ln if 0

( )( )

(
( ) ( ) ( ) ( ) ln

i

i i

i i

tt
kt t t t t

k k c c t
t

c c c
i i k

tt
t t i i kt t ti
i ii i k i k i i c i c i i

ci

a
a u a a u a i

ad a

dt a
a u a a u a


   

 


   



 

 

 



  
      

   


 
  

 

 



A A

A ,

)
;otherwise.

( )
i i i

t
c i i ca






   
 

 


A

 

 (23) 

The first term in braces of (23) asserts that the probability of selecting action , ii ca  increases 

with a rate proportional to the overall efficiency of that strategy, while the second term 

describes the BS's tendency to randomize over possible actions. The steady state strategy 

profile s

,( )i i ka  can be obtained [39] 
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0
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0 0, 0
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exp ( ) /
; if 0
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; otherwise.
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i

i i

k

c

c

i i k

i i k i

i i c i

c
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u a
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A

A

  (24) 

Let  0 , ,t t t

NΠ π π the strategy profile of all players at time t. To capture the convergence of 

t
Π  approximately, we resort to an ordinary differential equation (ODE) [15]. The right-hand 

side of (22) can be represented by a function ( )tf Π  as 0t

i  . t
Π  will converges weakly to 

 * * *

0 0, NE( )Π π π , which is the solution of 0

0( ),
d

f
dt

 
Π

Π Π Π , with any initial 0

0Π Π . 

Theorem 3: The proposed algorithms can discover a mixed strategy SE. 

Proof: For brevity, the convergence of the proposed HQL algorithm can be found in [40]. For 

the IHQL algorithm, changing more than one Q value per iteration, along with the discussion 

in [35], as long as the stochastic convergence condition 2

0 0

, ( )t t

i i

t t

 
 

 

    are still 

satisfied, the modified action-reply process (ARP) still tends to the real process in the original 

manner, so the convergence of IHQL can be guaranteed. Therefore, the proposed algorithms 

can converge to the optimal policy and discover a mixed strategy SE. This completes the 

proof. 

5. Performance Evaluation 

In this section, several numerical examples are presented to evaluate the performance of the 

proposed learning schemes. For simplicity, we adopt a two-tiered small cell networks with one 

MBS and two SBSs. Without loss of generality, the channel gains in the unlicensed bands are 

chosen as follows:
U

1,1 1h  , U

2,2 1h  , 
U

1,2 0.3h   , U

2,1 0.1h  . The channel gains in licensed band 

are normalized as 
L

1,1 1h  , L

2,2 1h  . The maximum transmission power of each SBS is set as 

20dBm, and noise power is normalized as 0 dBm. For each SBS, the action set of power 

allocation fraction is 0.2,0.4,0.6,0.8 . Moreover, the MBS's price set is 0.2,0.4,0.6,0.8 . 

Each epoch contains T=100 time slots. Other parameters used in simulations are set as follows: 

1i  , max 100k  . 

Firstly, we show simulation results of the proposed algorithms' convergence in Fig. 4. 

Fig. 4 shows the learning trajectories of the MBS's and SBSs' expected utilities under HQL 

and IHQL algorithms. We can see the curves are smoother obtained by IHQL algorithm than 

HQL and the reason lies in the learning process of SBSs (followers) can quickly converge to 

stable state (NE in lower subgame) in IHQL algorithm.  
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Fig. 4. One-shot learning process of SBSs and MBS. 
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Fig. 5. Learning process of SBS1 in the first epoch. 
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Fig. 6. Learning process of SBS1 over epochs. 

Then, in Fig. 5, we present the SBS1's action selection probability update in the first 

epoch. Moreover, in Fig. 6, we give the SBS1's action selection probability update over the 

100 epochs, which validates that IHQL can speed up the SBSs' learning process. Fig. 6 shows 

the SBS 1’s learning process converges to a mixed strategy which maximizes its expected 

utility. 

In the following, let L L

1,1 2,2h h h   and we show the learning process of MBS with various 

h under IHQL scheme in Fig. 7. The value of h reflects the relative channel gain compared to 

the unlicensed band. We can see that MBS’s expected utility in stable state increase with the 

growth of the h in Fig. 7. The reason lies in that the better channel condition in licensed band 

can attract SBS to allocate more traffic load to primary networks, thus it brings more profit to 

MBS. On the contrary, when then channel gain in licensed band is unsatisfactory to SBSs 

(such as h=0.1 in Fig. 7), then they prefer to allocate more traffic load to shared spectrum 

bands which are free of charge.  
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Fig. 7. Learning process of MBS over epochs with various h 
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Fig. 8. Learning process of SBSs over epochs with various g 

In Fig. 8, we show the impacts of cross-channel gain on the SBSs’ learning process under 

IHQL. Firstly, let 
U U

1,2 2,1h h g   for simplicity (note that the SBS1’s and SBS2’s learning 

process are the same, so we just plot one curve corresponding to a given g ). The larger g 

means the severer mutual interference among SBSs. It is observed that the SBSs’ expected 

utilities in stable state increase with the decrease of g. The result is intuitive and it implies the 

traffic offloading of each SBS is coupled by its nearby neighbors because of the co-tier 

interference.  

6. Conclusion 

In this paper, we investigate the traffic offloading in two-tier small cell networks over 

unlicensed bands. The unit traffic flow pricing mechanism is adopted by macro base station 

and the small base station can autonomously make its traffic offloading decision. To capture 

the self-optimizing abilities of SBSs and MBS, we propose a hierarchical learning framework 

based on Q-learning mechanism. In the proposed framework, the MBS is a leader and moves 

first, then SBSs are modeled as non-cooperative followers and move subsequently, who only 

can communicate with MBS. At last, a hierarchical Q-learning algorithm is proposed to 

discover the SE and an improved hierarchical Q-learning algorithm is presented to speed up 

the followers’ learning process. Simulation results validate the effectiveness of the proposed 

algorithms. 
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