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Abstract
Caching mechanism has been identified as an effective solution in reducing mobile users’ (MUs’) transmission delay. In order 
to allocate proper files into small-cell base stations (SBSs) which are close to a certain group of MUs, distributed algorithms 
are proposed based on matching theory in minimizing MUs’ transmission latency and maximizing their satisfactions. Specifi-
cally, we first investigate the file allocation and MUs association problems in minimizing MUs’ transmission latency, and 
then we study the SBSs association problem to maximize MUs’ satisfactions. Moreover, the performance of the proposed 
algorithms is analyzed from the perspectives of stability, overhead, and complexity. Simulation results demonstrate that our 
proposed algorithms have a better performance compared to the benchmarks.

Keywords Resource allocation · Matching theory · Caching mechanism · Heterogeneous networks

1 Introduction

Along with the developments of smart phones, mobile 
users (MUs) show growing interests in using various video 
entertainments. Evidences indicate that multimedia traf-
fic has occupied a large percentage of the network traffic. 
However, the current communication networks cannot 

handle such massive traffic in an efficient way, especially 
in the peak hours (Bastug et al. 2014; Ge et al. 2014; Sid-
dique et al. 2015). At the same time, the next generation 
of communication networks have to fulfill a much higher 
requirement, such as high throughput, high access amount, 
high data rate, low power consumption, and low latency 
(Andrews et al. 2014; Osseiran et al. 2014). In order to 
meet the aforementioned requirements, researches begin to 
find other alternatives. However, most attempts still rely on 
changing the hardware equipments or network protocols, 
leading to high cost and complexity to the current com-
munication networks.

At the same time, it is reported that a large amount of 
data traffic is produced by a few popular files. Redundant 
transmissions can be greatly reduced by caching popular 
files into the network edge, known as content caching (Wang 
et al. 2014). Thus it is feasible to release backhaul pressures 
by caching popular files in the network edge facilities, such 
as SBSs, femto BS and end nodes (Li et al. 2015, 2017a, b; 
Shanmugam et al. 2013; Wang et al. 2016; Bai et al. 2016). 
In specific, in Li et al. (2015), the authors study a hetero-
geneous caching-enabled cellular network with embedded 
SBSs, where multiple mobile users want to download con-
tents from the nearby SBSs. In Shanmugam et al. (2013), 
a femto-cell caching system is proposed for help placing 
files into the femto BSs, with the purpose to minimizing the 
network downloading latency. They consider two types of 
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contents which are coded or uncoded. Wang et al. (2016) 
investigates an overall transmission cost minimization 
problem based on the coded contents. Users can download 
new content items or repair the lost content ones in device-
to-device (D2D) based distributed storage systems while 
guaranteeing users’ quality of services (QoSs). In Bai et al. 
(2016), the authors propose a novel hypergraph framework 
with caching capability by making use of the social relation-
ship among users. The proposed algorithm can effectively 
release the traffic pressures on the concerned networks, 
and improve the overall energy and spectrum efficiency. 
Although different caching applications in heterogeneous 
networks have been discussed in the existing literatures, 
still there exists great challenges in designing an effective, 
high performance, and low complexity resource allocation 
scheme in this network.

Matching game is a mathematical tool which can be 
implemented in a semi distributed manner, and it has a 
smaller computation complexity compared to other meth-
ods (Zhu et al. 2017, 2018). In Bayat et al. (2016), the 
authors introduce a conventional classification of matching 
theory. Specifically, matching theory can be divided into 
three categories including one-to-one, many-to-one, and 
many-to-many matching. The simplest matching model is 
the marriage problem, i.e., the one-to-one matching type, 
which is first introduced by Gale and Shapley (1962). In 
the marriage problem, men have preferences over women, 
and also women have preferences over men. The outcome 
of the marriage problem is a set of one-to-one pairs such 
that there is no two persons on the opposite sides who 
both prefer each other over their current partners. In Nam-
var et al. (2014), authors utilize the many-to-one matching 
game in maximizing the satisfaction ratio and reducing 
the downloading latency, with a combined consideration 
of context-aware information about trajectory profile and 
QoS requirements of users. In their model, the preferences 
of the players are interdependent and contingent on the 
matching structure. They propose a novel algorithm that 
converges to a stable matching within a reasonable num-
ber of iterations. Many-to-many matching game has been 
used in Hamidouche et al. (2014) to reduce the backhaul 
loads and the experienced delay in small cell networks. 
In Bayat et al. (2014), the authors use matching theory to 
optimize the total satisfaction of users in the uplink of a 
femto-cell network. In this paper, we propose a two-tier 
matching framework to solve a resource allocation prob-
lem in caching-enabled heterogenous networks. We first 
propose a matching game to match SBSs who have cached 
certain contents to MUs, and then associate service pro-
viders (SPs) with SBSs. In specific, in the first stage, the 
SBSs need to decide the cached file set in minimizing the 
overall MUs’ transmission latency. The first stage needs 

to solve two matching problems: (1) files and the SBSs 
matching problem; (2) the MUs and the SBSs association 
problem. In the second stage, the SPs want to rent cer-
tain SBSs to enhance the satisfaction level of their serving 
MUs, and further increase their loyalty. In return, SPs will 
provide monetary incentives for the SBSs. The relation-
ships between the the players, the sub-problems and the 
two stages are depicted in Fig. 1. The key contributions of 
this paper can be summarized as follows. 

1. We model a distributed caching system where the sys-
tem objectives are to minimize the overall network 
transmission delay, and to maximize the satisfactory 
level of MUs.

2. We decouple the resource allocation problem into two-
stage matching problems. In each stage, the matching 
algorithm converges to a high performance and stable 
matching outcome. The first matching problem is mod-
eled as a many-to-many problem, while the second 
matching problem is modeled as a many-to-one problem.

3. The proposed algorithms are analyzed from the perspec-
tives of stability, over-head, and complexity, and the two 
algorithms can be verified to be stable.

4. Finally, numerical results are provided to demonstrate 
that the proposed algorithms perform better than the 
benchmarks. The proposed matching algorithms can 

File Selec�on
Files-SBSs

MU Associa�on
MU-SBSs

Second Problem

SBS Associa�on
SP-SBSs

First Sub-Problem Second Sub-Problem

Fig. 1  The relationship between the sub-problems

Fig. 2  SBSs based caching system model



59Distributed resource allocation in caching-enabled heterogeneous cellular networks based…

1 3

achieve a comparable performance to the exhaustive 
searching method. The social welfare of the proposed 
matching algorithms is larger than the random al-loca-
tion scheme.

The rest of this paper is organized as follows. The system 
model is provided in Sect. 2. Matching-related definitions and 
resource allocation problems in heterogeneous networks are 
presented in Sect. 3. Then, the matching algorithms are pro-
posed in Sect. 4. The performances of the proposed matching 
algorithms are analyzed in Sect. 5. Numerical results are illus-
trated in Sect. 6, and at last conclusions are drawn in Sect. 7.

2  System model

We consider a heterogenous cellular network consisting 
of a single marco-cell base station (MBS), N SBSs, and M 
MUs, as shown in Fig. 2. The set of N SBSs is represented as 
 = { 1, 2,… , N} , and the set of M MUs is denoted 
by  = {1,2,… ,M} . SBSs and MUs are assumed 
to be randomly a allocated in this network. MBS places cer-
tain files into SBSs during off-peak time in order to releaset 
he traffic pressures during peak hour, and further to enhance 
MUs’ satisfactions.

There exists two stages resource allocation problems in 
the concerned network. In the first stage, files are allocated 
to SBSs, and then MUs will be associated to certain SBSs. 
In the second stage, SPs rent certain SBSs. The two stages 
are interrelated in a way that the matching result of the first 
stage will be transferred to the second stage to influence the 
SPs’ decisions. In what follows, we will introduce some key 
parameters in formulating this problem.

2.1  File popularity

We denote the file set by  = {1,2,… ,V} consisting of 
V  popular files. Generally, popular files are more preferable 
than other files. The popularity qv of  v is modeled as the Zipf 
distribution (Li et al. 2016). qv is defined as

where the exponent � is a positive skewness parameter. Also, 
it can be seen that the file with a smaller index v corresponds 
to a higher popularity. We assume that the MBS’ storage 
capacity is sufficiently large to accommodate the entire file 
set, while SBSs have a uniform and limited storage size of 
Q files, and Q < V  . All the files are assumed to have the 
same size of S bits.

(1)qv =
1∕v�

∑V

j=1
1∕j�

, ∀v,

2.2  Transmission rate of MUs

We define the transmission rate from each SBSs to MUs as.

where W  means the transmission bandwidth, and Pn is the 
transmission power of SBS  n . dmn represents the distance 
between SBS  n and an MU m . � is a path-loss exponent. 
The channel between  n and m is assumed to follow the 
Rayleigh distribution. �2 is the noise power.

For simplicity, we assume that MBS can support a fixed 
downloading rate for each MU, denoted by Rm . The channels 
from MBS to MUs are assumed to be orthogonal to those 
spanning from the SBSs to MUs. We also assume that

This assumption makes sure that an MU will prefer down-
loading files from the SBSs than from the MBS.

2.3  Caching related issue

There are two steps in caching procedures. In the first step, 
each SBS wants to cache a file set. This set should be deter-
mined by its associated MUs. It is clear that MUs show dif-
ferent preferences towards different files. Thus, we define the 
preference from MU m to file  v as

where �mv is a factor that represent MUs’ preferences to file 
 v , and qv is the popularity of the file  v . Then, each SBS 
will download a certain file set relying on the preferences 
of its associated MU set n . We define the preference pnv of 
SBS  n to file  v as

where k is the k th serving MU of SBS  n.
In the second step, MUs request certain files. Generally, 

an MU can be covered by multiple SBSs. When an MU m 
requires a file  v , we consider the ‘SBS-first’ strategy. That is 
to say each MU firstly try to connect to the nearest SBSs which 
cached the requested file. If such an SBS exists, MU will down-
load files directly from this SBS. If such an SBS doesn’t exist, 
the MU m will download the requested file from an MBS 
instead. The transmission delay of an MU is shown as follows

where S is the file size.

(2)Rmn = W log2

�
1 +

Pnd
−�
mn
h2
mn∑

n�∈⧵n Pn�d
−�
mn�

h2
mn�

+ �2

�
,

(3)Rmn > Rm.

(4)pmv = �mvqv,

(5)pnv =
1

|n|
∑

k∈n

pkv,

(6)�v
ml

=

{
�v
m
=

S

Rm

if MU connects to an MBS,

�v
mn

=
S

Rmn

if MU connects to an SBS,
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3  Resource allocation problems 
in heterogeneous cellular networks

In this paper, two matching problems will be formulated. 
The first matching problem is constructed between SBSs 
and MUs. The second matching problem is constructed 
between SPs and SBSs. Some matching-related definitions 
are provided in the following.

3.1  Matching‑related definition

3.1.1  First matching problem‑related definition

The first matching problem can be further divided into two 
sub-matching problems:

– File selection: A sub-matching game between files and 
the SBSs.

– MU association: A sub-matching game between MUs 
and the SBSs.

In the first sub-matching game, SBSs and files are regarded 
as players. This game can be modeled as a many-to-many 
matching problem, since a file can be cached into multiple 
SBSs, and the SBSs can cache many different files. In many-to-
many matching game, each player has a preference list over the 
members of the opposite set. To construct the preference lists 
in this model, the symbol ≻ is used to represent that a player 
prefers one player over another player. For example, when an 
SBS  n shows 1 ≻ 2 in its preference list, it means that 
 n prefers file 1 over file 2 . For  v ∈  and  n ∈   , a 
matching �1.1 is 

⋃
 → 2

⋃
 , which satisfies

1. �1.1( n) are contained in  and �1.1( n) are contained 
in  ,

2. �1.1( n) ∈  and |�1.1( n)| ≤ Q,
3. �1.1( v) ∈   and |�1.1( v)| ≤ Q ,
4. �1.1( v) =  n ⇔ �1.1( n) =  v,

where item 1 represents that the matching players of  n 
are contained in  and matching players of  v are contained 
in   , item 2 means that the SBSs can cache Q files due to 
its capacity constraint, and item 3 implies that one file can 
only be cached in Q SBSs. By this constraint, file diversity 
in this network will be enhanced. Item 4 represents if  v is 
matched to  n , then  n is matched to  v.

In the second sub-matching game, the players are SBSs and 
MUs. This game can be modeled as a many-to-one matching 
problem. The strategy of MUs is to select the best SBS that 
satisfies their delay tolerance. The SBSs’ strategy is to decide 
whether to serve this MU. An SBS can serve many MUs, but an 
MU can only be associated to one SBS. We use �1,2 to represent 
the matching result of the second sub-matching game.

For m ∈  and  n ∈   , a matching �1.2 is 


⋃
 → 2

⋃
 , which satisfies

1. �1.2(m) ∈   and |�1.2(m)| ≤ 1,
2. �1.2( n) ∈  and |�1.2( n)| ≤ Q,
3. �1.2(m) =  n ⇔ �1.2( n) = m,

 where item 1 means an MU can be served by one SBS, item 2 
represents an SBS can connect at most Q MUs, and item 3 indi-
cates that if  n is matched to m , then m is matched to  n.

3.1.2  Second matching problem‑related definition

In the second matching game, the players are SBSs and SPs. This 
game can be modeled as a many-to-one matching problem. The 
strategy of an SP is to select its most preferring set of the SBSs. 
The strategy of the SBSs is to gain the most profits through their 
cooperations with the SP. We use �2 to represent the matching result 
of the second matching game. It has the following properties.

For s ∈   and  n ∈   ,  a matching �2 is 


⋃
 → 2

⋃
 , which satisfies

1. �2( n) ∈  and |�2( n)| ≤ 1,
2. �2(s) ∈   and |�2(s)| ≤ Q,
3. �2(s) =  n ⇔ �2( n) = s,

 where item 1 means an SBS can be occupied by only one SP, 
item 2 represents an SP can rent Q SBSs, and item 3 states 
that if s is matched to  n , then  n is matched to s.

The relationship between the proposed problems are illus-
trated in Fig. 1. The resource allocation problems in the con-
cerned heterogeneous cellular networks are constructed as 
follows.

3.2  First matching problem formulation: file 
selection and MU association

At first, we formulate the first matching problem to minimize 
the overall transmission delay of MUs. The problem can be 
formulated as

 

(7)

min
X,Y

∑

n∈

∑

m∈

∑

v∈

xnvynm�
v
ml
,

s.t.(a)
∑

v∈

xnv ≤ Q ,

(b)
∑

n∈

xnv ≤ Q ,

(c)
∑

n∈

ynm ≤ 1,

(d)
∑

m∈

ynm ≤ Q,

(e)xnv, ynm ∈ {0, 1},
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where xnv is the element of matrix X . xnv = 1 represents that 
the SBS  n caches the file  v , otherwise xnv = 0 . ynm is the 
element of matrix Y  , and ynm = 1 denotes that the SBS  n 
serves the MU m , otherwise ynm = 0 . Constraint (a) guar-
antees that each SBS can cache at most Q files. Constraint 
(b) is to make sure that file  v can only be cached Q  times 
in this network. Constraint (c) limits that one user can be 
only served by one SBS. Constraint (d) assures that each 
SBS can serve Q MUs at most, and constraint (e) indicates 
that the values of xny and ynm can only be 0 or 1.

This optimization problem in (7) is a generalized knapsack 
problem which is an NP-hard combinatorial problem (Boyd 
and Vandenberghe 2004). Hence, in order to solve (7), we 
resort to a suboptimal approach and split the optimization 
problem into two independent subproblems, i.e., file selection 
problem and MU association problem.

1. In file selection problem, we match files to SBSs by the 
following sub-problem:

2. In MU association problem, we match the MUs to SBSs 
by the following sub-problem:

3.3  Second matching problem formulation: SBS 
association

We assume that the SBSs are owned by a rational and self-
ish operator who wants to increase its profits by leasing 
SBSs to SPs. At the same time, the SPs want to improve the 

(8)

min
X

∑

n∈

∑

v∈

xnv�
v
ml
,

s.t.(a)
∑

v∈

xnv ≤ Q ,

(b)
∑

n∈

xnv ≤ Q ,

(c) xnv ∈ {0, 1}.

(9)

min
Y

∑

n∈

∑

m∈

ynm�
v
ml
,

s.t.(a)
∑

n∈

ynm ≤ 1,

(b)
∑

m∈

ynm ≤ Q,

(c) ynm ∈ {0, 1}.

satisfactions of their subscribers. Sigmoid function is used to 
represent the satisfaction of an MU as (Bayat et al. 2014)

 

where � is the steepness of satisfactory curve, and �max is the 
maximum endurable latency that an MU can accept.

The second matching problem is formulated as
 

where zns is the element of matrix Z . zns = 1 represents the 
SBS  n is rented by SP s , otherwise zns = 0 . cns is the pay-
ment from s to  n . Constraint (a) guarantees that each SBS 
could only associates with one SP. Constraint (b) states that 
at most Q SBSs can be allocated to one SP, and constraint 
(c) states that the values of zns can only be 0 or 1.

4  The proposed distributed matching 
algorithms

In this section, we propose three different matching algo-
rithms to solve the established problems. The proposed algo-
rithms are all based on matching theory.

4.1  File selection algorithm

We define files’ and SBSs’ preference lists as

Definition 1 SBS’s preference over file  v ∈  is

where �v ∈ ℂ
N∗V is SBSs’ preference matrix over files.

Also, the files have certain preferences towards different 
SBSs considering their average transmission delay. Assum-
ing, an SBS can serve n MUs so that we take the average 
transmission delay of all the serving MUs as this files’ pref-
erence over this SBS. We define it as follows. 

(10)ℑSPs =
1

1 + e−�[�
SPs
max−�

SPs
mn ]

,

(11)

max
Z

∑

n∈

∑

s∈

zns(ℑ
SPs − cns),

s.t.(a)
∑

s∈

zns ≤ 1,

(b)
∑

n∈

zns ≤ Q ,

(c) zns ∈ {0, 1},

(12)�
v = pnv,
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send their first choices according to their preference lists. 
Since a file can be cached in Q  SBSs, we need to judge 
whether the requests from SBSs for a file are more than the 
quota Q  . If there are more than Q  SBSs requesting for 
the same file, this file will select its most preferred Q SBSs 
according to its preference list. The accepted SBSs need to 
judge whether they have free memory space for other files. 
If it has, it will be kept on the unmatched list, otherwise it 
will be removed from the unmatched list. If the requests for 
a file are less than or equal to the quota Q  , this file may 
accept these requests all. The remaining SBSs in unmatched 
list will update its most preferring files and then continue 
to take part in next round of matching until each SBS gets 
Q files. Finally, we will get a stable matching result �1.1 . 

Definition 2 For  v ∈  , its preference over SBS  n ∈   
can be given as

where �n ∈ ℂ
V∗N , is the files’ preference matrix over the 

SBS.
The detailed algorithm of the first sub-problem is shown 

in Algorithm 1. We propose a distributed algorithm where 
both files and SBSs interact in a way such that the MUs’ 
sum transmission delay can be minimized. We use �v and 
�
n as preference lists. We assume that the number of files 

is much larger than the number of SBSs. At first, the SBSs 

(13)�
n =

1

|n|
∑

k∈n

�kn,
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4.2  MU association algorithm

Next, the Deferred Acceptance (DA) algorithm (Soto-
mayor and Oliveira 1992) is proposed to solve sub-
problem 2. After the file allocation problem solved by 
Algorithm 1, we turn to handle the MU association prob-
lem. The transmission delay is an important criteria in 

according to their own preference lists, and reject the oth-
ers. Otherwise, The SBSs will accept all the requests from 
MUs. The MUs who are in the unmatched set will continue 
to take part in the matching progress until all the SBSs are 
occupied or the unmatched set is empty. If there still exists 
some MUs, they will connect to the MBS. Finally, we get 
a stable matching �1.2 . 

judging the provided quality of service of a network. So 
the transmission delay from the SBS to each serving MU 
is employed to construct the preference lists of this SBS 
to MUs. The preference of SBS over MUs is defined as

Definition 3 For an SBS  n ∈   , its preference over MU 
m ∈  can be given by

where �m ∈ ℂ
N∗M is the SBSs’ preference matrix over MUs.

It can be noted that the preferences over SBSs by each 
MU is affected by the outcome of the first sub-problem. The 
file selection matching algorithm decides which file set will 
be cached into a specific SBS. Thus, in the second sub-prob-
lem, MUs’ preferences over SBS is based on the cached files’ 
popularity pmv . The MU’s preference over SBSs is defined as

Definition 4 For an MU m ∈  , its preference over an 
SBS  n ∈   can be given by

where �n� ∈ ℂ
M∗N is the MUs’ matrix preference over SBSs.

The specific algorithm of the second sub-problem is 
shown in Algorithm 2. MUs send their offers to their most 
preferable SBSs firstly. Then, if the total number of the 
requests from MUs for an SBS is larger than the quota Q , 
the SBS will decide to accept the most Q preferable MUs 

(14)
�
m = �v

mn
,

(15)
�
n� = �v

mn
pmv,

4.3  SBS association algorithm

When the first matching problem including two sub-match-
ings is solved, we move on to solve the second matching 
problem. Firstly, we need to define the preference lists 
of SPs and SBSs. The preference of an SBS over SPs is 
defined as follows.

Definition 5 For an SBS  n ∈   , its preference over an 
SP s ∈  is given as: 

where �n�� ∈ ℂ
N∗I is the SBS’s preference matrix over SPs. 

cns is the maximum payment that the SP pays to the SBS, 
while bn represents the basic cost of each SBS.

Then, the preference of an SP over SBSs is defined as 
follows.

Definition 6 For an SP s ∈  , its preference over the SBSs 
can be given as: 

where �s ∈ ℂ
S∗N is the SPs’ preferences over SBS. � ∈ ℜ+ 

is a fixed coefficient.
∑

n∈Ns
cns is the payment that SPs paid 

for all its associated SBSs.

(16)
�
n�� = cns − bn,

(17)

�
s = �

∑

k∈

Rnk

1

pns
−

∑

n∈Ns

cns,
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As shown in Algorithm 3, after initializing the two 
preference lists ��

′′

 and �� , there may have three possibili-
ties that

1. An SBS receives more than one offer, and then this SBS 
will increase its price with a increment factor � and wait 
for next round’s bid.

2. An SBS receives one offer from only one SP, and it will 
match with this SP immediately.

3. An SBS receives nothing, and it will wait for the next 
round with the same offering price.

An SP is willing to rent as many SBSs as possible when 
it has a positive utility. The algorithm repeats until the SPs’ 
demand sets are empty. Finally, we get a stable matching �2.

5  Algorithm performance analysis

In order to show that the proposed algorithms have notice-
able performance, algorithm performance is investigated in 
this section.

5.1  Stability of the proposed matching algorithms

Firstly, we will discuss the stability of the proposed match-
ing algorithms. Stable performance is a game theory con-
cept which guarantees the reliable behavior of the matching 
results.

5.1.1  Stability of a many‑to‑many matching algorithm

A stability theory for the matching problem is developed 
in (Echenique and Oviedo 2006; Sotomayor 1999). In line 
with (Sotomayor 1999), we use the concept of pairwise-
stability to verify algorithm stability. A matching algorithm 
is pairwise-stable if there is no agents  or   who are not 
partners. As file selection problem is solved by a many-to-
many matching algorithm, we need to prove that the stability 
of the many-to-many matching result �1.1 is pairwise stable.

Theorem 1 Matching result �1.1 is a pairwise stable one, 
such that there exists no blocking pair. A pair (b, b) is 
a blocking pair if both b and  b prefer being together to 
their assignments under �1.1.

Proof Assume there is a blocking pair (1, 1) , 
1 ∉ �1.1( 1) ,  1 ∉ �1.1(1)

We have the following conclusions:
1.  v ∈ 𝜇1.1( 1) ∶ 1≽  v.

2.  n ∈ 𝜇1.1(1) ∶  1≽  n.

Then, we have two inferring:

1. First inferring  1 never proposed to 1 . It means 1 is 
not better than any matched players of  1 which con-
tradicts the first conclusion. Thus, (1, 1) cannot be a 
blocking pair.

2. Second inferring  1 proposed to 1 but it was rejected. 
It means that 1 preferred other SBSs  n which contra-
dicts the second conclusion. Thus, (1, 1) cannot be a 
blocking pair.

Thus, our file selection algorithm assures that �1.1 is pair-
wise stable. This completes the proof.

5.1.2  Stability of a many‑to‑one matching algorithm

Since the matching �1.2 obeys a similar matching rule with 
�2 , we analyze the stability of the second sub-matching 
�1.2 for brevity. We prove the stability of many-to-one 
matching �1.2 by contradiction.

Theorem 2 Matching �1.2 and �2 are stable matching, such 
that there exists no blocking pair.

Proof Given a blocking pair (1, 1) for �1.2 . In this case, 
 1 prefers 1 to �2(N1) , and 1 prefers  1 to at least one 
element in �1.2(1) , i.e., the MU matches with another SBS 
which is in a higher order in preference list than its previous 
matched player. In this way both opposite sides will improve 
their outcomes. But it is contrary to the original definition of 
matching, i.e., the opposite two sides will change its order in 
preference list firstly in order to get a better outcome. Thus, 
there exists no blocking pair in matching games and �1.2 is 
proved to be a stable many-to-one matching, This completes 
the proof.

5.2  Overhead and complexity

The proposed matching algorithms are semi-distributed, 
so it will cause less overhead and complexity compared 
to the centralized one. The number of communication 
packets of the algorithms is hard to analyse because the 
system parameter are set independently. Nevertheless, we 
can evaluate the communication packets bound for the pro-
posed matching algorithm. Regarding the time scale of the 
proposed algorithm, the signaling packet number required 
for the communication between the players until the algo-
rithm converges is very small. In particular, each player is 
only required to send one bit to the resource-owner to ask 
for occupying the resources. In return, the resource-owner 
will only send one bit back to the players indicating its 
decisions. The total amount of overhead of the proposed 
algorithms thus can be quite small.
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Theorem 3 The number of communication packets between 
the files and the SBSs required in the first matching is upper 
bounded by 

Proof The worst situation is that the preference lists of MUs 
and files are totally opposite, i.e., the most popular file from 
the perspective of an SBS is least interested by this file. 
Thus, in each round, N − 1 SBSs will send the rejection 
information and it will ask N − 1 files that whether to accept 
or reject. This completes the proof.

Theorem 4 The number of communication packets between 
the MUs and the SBSs required in the first matching is upper 
bounded by 

Proof In each round, M − N SBSs will be rejected and it will 
ask N − 1 round SBSs that whether to accept or reject. This 
completes the proof.

Theorem 5 The number of communication packets between 
the SPs and the SBSs required in the second matching is 
upper bounded by 

where F = min{N, S}.

Proof All SBSs announce their price and it will require 
NS communication packets. In the worst situation, the SPs 
will bid for all the SBSs. So it will need N communication 

(18)�max = QN(N − 1)(N − 1).

(19)�max = M(M − N)(N − 1).

(20)�max =
1

�
max(cSP

max
− bn)(NS + N + F),

packets. In the next, some SBSs will accept the bids, it needs 
F communication packets. Some SPs will cancel their bids, 
and thus a maximum number of N communication packets 
are needed. The proof thus follows by noting that the maxi-
mum number of communication packets at each iteration is 
NS + N + F.

This completes the proof.
Also, we compare our proposed matching algorithm to 

the exhaustive searching method and random allocation 
algorithm. Particularly, for the second sub-problem, the 
complexity of the different algorithms are listed as follows.

The complexity of the algorithms shows as follow:
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It can be observed that the complexity of the exhaus-
tive searching method increases exponentially with the 
number of players. We can get all pairs of matching by 
M!

M−N!
 time, and the complexity of solving each liner pro-

gramming is 22M+N  (Rinnooykan and Telgen 2008). In 
contrast, the complexity of the proposed algorithm is 
O(M(M − N)(N − 1)) , which is significantly lower than that 
of the exhaustive searching method. The random allocation 
scheme is proportional to M.

6  Numerical results

In this section, we evaluate the performance of the proposed 
three matching algorithms by numerical simulations. We 
assume that the quota of  is 50, and Q = 2 . The quota 
of  is ∈ [16, 34], and the quota of  is ∈ [8, 20]. In this 
simulations, we assume that all MUs and SBSs are randomly 
located. The transmission power of an SBS is typically 2 w, 
the pass loss parameters � is 4, and the noise power is set 
to be  10−10 w.

In the following figures, we compare our proposed algo-
rithms with random allocation and exhaustive searching 
algorithms. In the random allocation algorithm, files are 
randomly cached. In the exhaustive searching algorithm, 
the problems are solved in a centralized manner with a very 
high complexity.

(21)
O(

M!

M − N!
22M+N) Exhaustive Searching

O(M(M − N)(N − 1)) Proposed,

O(M) Random Allocation.

In Fig. 3, the number of files is 50, and the number of 
SBSs varies from 8 to 20. Each SBS can cache two files at 
most. As shown in Fig. 3, with the increasing of the number 
of SBS, the average delay curves of both the random allo-
cation algorithm and proposed algorithm have a declining 
trend. The proposed algorithm shows a better performance 
than the random one.

In Fig. 4, the number of MUs is 60 and the number of 
SBS varies from 8 to 20 with each SBS serving at most 2 
MUs. Observing Fig. 4, with the increasing of the num-
ber of SBSs, the average delay curves of both the exhaus-
tive searching algorithm and proposed algorithm have a 
decreasing trend. Though the exhaustive searching algorithm 
shows a better performance compared to the proposed one, 
the proposed algorithm has a less computation complexity, 
while the complexity of the exhaustive searching algorithm 
increases exponentially over the network size. It is easy to 
verify that with low complexity, the proposed algorithm 
can save considerable time. Also, we find that the random 
allocation algorithm exhibits an inferior delay performance 
compared with the proposed one.

In Fig. 5, we fix the SBS number to be 10, and vary the 
MUs’ number from 16 to 34. Figure 5 displays that the pro-
posed one has a similar delay performance with the exhaus-
tive searching algorithm, and they both descend as the MUs’ 
numbers increase. The random allocation algorithm shows a 
inferior performance compared with the proposed algorithm.

In Fig. 6, we fix the number of SBSs to be 8 or 12, and 
vary the number of MUs from 14 to 24. Figure 6 shows that 
the proposed algorithm and random allocation algorithm all 
increase when the total number of MUs increases. It can be 
seen that our proposed algorithm performs much better than 
the random allocation one. For example, when the number 
of users is 20, the proposed algorithm shows 138% better 
than the random allocation one. Also, we can see that the 
increase of the number of SBSs will produce more social 
welfare. The social welfare is the sum of the utilities of all 
the players in the concerned networks.

7  Conclusion

In this paper, the resource allocation problem in a caching-
enabled heterogeneous cellular networks is proposed. A 
series of distributed matching algorithms are proposed to 
solve the resource allocation problem. In specific, the match-
ing algorithms include the file allocation, MU association, 
and SBSs association algorithm. The algorithm perfor-
mances including the stability, overhead, and complexity 
are also analyzed, and the two algorithms can be verified to 
be stable. At last, simulation results are provided to demon-
strate that the proposed algorithms have a highly comparable 
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performance with the exhaustive searching algorithm in 
reducing the average system transmission delay. Moreover, 
the social welfare of the proposed matching algorithms is 
larger than the random allocation scheme.
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