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Abstract—Caching at wireless access points is a promising
approach to alleviate the backhaul burden in wireless networks.
In this paper, we consider a cooperative wireless caching network
where all the base stations (BSs) are connected to a central
controller via backhaul links. In such a network, users can get the
required data locally if they are cached at the BSs. Otherwise, the
user data need to be assigned from the central controller to BSs
via backhaul. In order to reduce the network cost, i.e., the back-
haul cost and the transmit power cost, the data assignment for
different BSs and the coordinated beamforming to serve different
users need to be jointly designed. We formulate such a design
problem as the minimization of the network cost, subject to the
quality of service (QoS) constraint of each user and the transmit
power constraint of each BS. This problem involves mixed-integer
programming and is highly complicated. In order to provide an
efficient solution, the connection between the data assignment
and the sparsity-introducing norm is established. Low-complexity
algorithms are then proposed to solve the joint optimization
problem, which essentially decouple the data assignment and the
transmit power minimization beamforming. Simulation results
show that the proposed algorithms can effectively minimize the
network cost and provide near optimal performance.

Index Terms—Caching networks, data assignment, backhaul
cost, power cost, sparsity-introducing norm

I. INTRODUCTION

Recent years have witnessed an exponential growth of

mobile data traffic, especially mobile video streaming. The

increasing video traffic raises new challenges for mobile

operators due to its highly demanding requirements in terms

of high data rate, low latency and moderate delay jitter

[1]. In particular, it has a strong demand on high-capacity

backhaul links, which cannot be satisfactorily met in current

networks. Recently, introducing caching to wireless access

points has been proposed as a favorable approach to reduce the

deployment cost of wireless networks, as it can help reduce

the capacity requirement of backhaul links [2], [3]. Thus it

will increase the network scalability to counteract the fierce

increase in multimedia traffic.

In downlink multicell networks without caching, base sta-

tion (BS) cooperation is a powerful technique to increase the

network capacity, enabled by information exchange among

BSs with the support of backhaul links. There are two main

approaches for the downlink cooperation: Joint processing (JP)

and coordinated beamforming (CB) [4]. JP has a superior
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performance to CB at the price of higher backhaul overhead

caused by sharing user data among all the BSs via backhaul

links. To reduce the backhaul cost, some recent proposals

considered partial coordinated transmission, where the BSs can

form (possibly overlapping) coordinated clusters of different

sizes to perform JP [5]–[7]. With caching at BSs, we can fur-

ther reduce the backhaul cost. Consider the following example.

When all the payloads of users are cached at each BS, BSs can

cooperatively perform full JP to provide reliable and high-data-

rate transmission to multiple users without additional backhaul

cost. In practice, due to the limited size of the local cache, only

part of the user data can be stored at each BS. In this case,

partial coordinated transmission can be appealed, where the

backhaul acts as a supplement to deliver additional user data

to BSs.

To increase the possibility for a user to access its interested

video file at the local cache, caching contents are usually

designed to follow some video popularity distribution, e.g., the

Zipf distribution [8]. However, files may be cached at the BSs

whose channels to the served users are poor. In this case, even

though BSs who share the requested data are clustered together

to deliver service, data transmission may not be reliable or

high transmit power will be needed. Hence, it is necessary to

allocate the requested files via backhaul to BSs who have good

channels to the served users. Such allocation via backhaul will

raise the backhaul cost. The network cost mainly consists of

the above-mentioned two parts of cost, i.e., the transmit power

cost and the backhaul cost. How to strike a balance between

achieving good QoS and minimizing the network cost is a

major issue in multicell caching networks.

In this paper, we will investigate the joint data assignment

and beamforming design in caching networks, with the ob-

jective of minimizing the network cost. The backhaul cost is

measured by the number of files forwarded through backhaul

links, which is proportional to the required backhaul capacity

as well as the power consumption on backhaul links. We

consider partial coordination, where each user will be served

by a cluster of BSs and its data need to be made available

at each BS of this cluster via backhaul if its data are not

in the local cache. The joint design can be formulated as

a mixed-integer nonlinear programming (MINLP) problem,

which is difficult to solve. Therefore, we break down the

problem into two manageable sub-problems: Data assignment
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Figure 1. An example of cooperative wireless caching networks.

for minimizing the backhaul cost and coordinated beamform-

ing for minimizing the transmit power. We propose two low-

complexity algorithms by exploiting the relationship between

the desired beamformer and the sparsity-introducing norm.

Through simulations, it will be shown that our proposed design

framework can significantly reduce the network cost. Mean-

while, the proposed algorithms provide performance close to

the exhaustive search.

II. SYSTEM MODEL

A. System Model

We consider a downlink multicell network consisting of

a central controller, B base stations, each with Nt transmit

antennas, and U single-antenna mobile users. The central

controller has access to the whole data library containing F
files. All BSs are connected to the central controller through

backhaul links, as shown in Fig. 1. Each BS is equipped with a

cache, which can store a certain number of files, depending on

its storage capacity. For simplicity, we assume all the files are

of the same size. Global channel state information (CSI) and

the knowledge of cache and request status are all available

at the central controller, based on which it will design the

beamforming vectors and determine the data assignment for

each backhaul link.

Let Qi denote the cluster of BSs serving the ith user, and

thus these BSs should acquire the data signal for the ith user,

either from the local cache or through the backhaul link. For

example, in Fig. 1, the BS clusters for different users are Q1 =
{1}, Q2 = {1, 2, 3, 4}, Q3 = {1, 2, 4}, and Q4 = {3, 4}. If

BS j in Qi does not cache the file required by user i, it will

obtain the file from the central controller via backhaul. Each

BS belonging to Qi can contribute to the received SINR of

the ith user, whereas may incur the backhaul cost of getting

data from the central controller.

The baseband transmit signal from the jth BS is given

as xj =
∑U

i=1 wijsi, where si is an independent com-

plex scalar representing the data symbol for the ith user

with E
[
|si|2

]
= 1, and wij ∈ C

Nt denotes the transmit

beamforming vector from the jth BS to the ith user. Define

w =
[
wH

11, . . . ,w
H
1B , . . . ,w

H
U1, . . . ,w

H
UB

]H ∈ C
BUnT as the

aggregate beamforming vector. The baseband received signal

at the ith user can be written as

yi =
∑
j∈Qi

hH
ijwijsi

︸ ︷︷ ︸
desired signal

+

U∑
k �=i

∑
j∈Qk

hH
ijwkjsk

︸ ︷︷ ︸
intercell interference

+ ni, ∀i, (1)

where hij ∈ C
Nt is the channel vector from the jth BS to the

ith user and ni ∼ CN (
0, σ2

i

)
is the additive Gaussian noise.

We assume that all mobile users adopt single user detection

and thus treat interference as noise. The signal-to-interference-

plus-noise ratio (SINR) at the ith user is given by

SINRi =

∣∣∣∑j∈Qi
hH
ijwij

∣∣∣2∑U
k �=i

∣∣∣∑j∈Qk
hH
ijwkj

∣∣∣2 + σ2
i

, ∀i. (2)

The transmit power constraint of each BS is
∑U

i=1 ‖wij‖22 ≤
Pj , ∀j, where Pj is the maximum transmit power of BS j.

B. Cache Model and User Request

Define the cache matrix C = [cij ] ∈ {0, 1}F×B
, where

cij = 1 means the ith file is cached in the jth BS and cij = 0
indicates the opposite. The user request matrix is denoted as

Q = [qij ] ∈ {0, 1}F×U
, where qij = 1 means the ith file is

requested by the jth user and qij = 0 means the opposite. We

assume that each time each user requires one file and each

file is requested by at most one user. The central controller

has the knowledge of both C and Q and hence can obtain

the cache association matrix L = [lij ] ∈ {0, 1}U×B
, where

lij = 1 means that the data requested by the ith user is

cached in the jth BS. Thus non-zero elements in L indicate

that corresponding links may have backhaul cost.

After obtaining the cache association L and CSI, the central

controller will make a strategic decision on data assignment
as well as beamforming. Denote the data assignment matrix as

N = [nij ] ∈ {0, 1}U×B
, where nij = 1 means that the data

requested by the ith user will be assigned to the jth BS via

backhaul. The cooperation status matrix is denoted as T =
[tij ] ∈ {0, 1}U×B

, where tij = 1 indicates that the jth BS

has obtained the data requested by the ith user. Therefore, the

�0-norm of N , i.e., ‖N‖0, is the number of files via backhaul,

which measures the backhaul cost as mentioned in Section I.

III. PROBLEM FORMULATION AND ANALYSIS

In this section, we will first formulate the network cost

minimization problem, which involves joint design of data as-

signment and beamforming. We will then analyze the problem

and provide some insights for the following algorithm design.

A. Problem Formulation

In terms of the caching network cost, we consider two parts:

The backhaul cost and the transmit power cost. According

to the definition in Subsection II-B, the backhaul cost is

measured by ‖N‖0. On the other hand, the transmit power
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of all BSs is given by
∑U

i=1

∑B
j=1 ‖wij‖22. We are seeking to

reduce the backhaul and transmit power cost simultaneously.

However, two aspects conflict with each other. More backhaul

data can improve the cooperation of BSs so that they can

provide a higher beamforming gain, which can help reduce

transmit power. On the other hand, allocating more data via

backhaul will uplift the backhaul cost. As a result, the network

cost minimization problem requires a joint design of data

assignment and cooperative transmit beamforming. We define

the network cost as the weighted sum of the backhaul and

transmit power cost. Since such two parts are of different units

and magnitudes, a normalized weighted sum is adopted and

thus the network cost is given by CN = (1− λ)CB + λCP,
where 0 < λ < 1 is the parameter controlling the tradeoff

between two parts of cost. CB and CP are the normalized

backhaul cost and transmit power cost, defined as

CB =
‖N‖0

‖1− L‖0
and CP =

∑U
i=1

∑B
j=1 ‖wij‖22∑B
j=1 Pj

, (3)

which are the ratios of the actual cost to the maximal allowed

cost. The corresponding SINR target of the ith user is denoted

as γi. Then the network cost minimization problem can be

formulated as

P0 : minimize
{nij},{wij}

CN (P0)

subject to SINRi ≥ γi, ∀i (C1)

U∑
i=1

‖wij‖22 ≤ Pj , ∀j (C2)

nij + lij ≤ 1, ∀i, j (C3)

nij ∈ {0, 1} , ∀i, j. (C4)

Problem P0 is an MINLP problem, which is highly compli-

cated [9]. In the following subsection, we will analyze the

difficulty of solving P0, which motivates us to reformulate it

and develop low-complexity algorithms afterward.

B. Problem Analysis

We notice that constraint (C1) of P0 has a complicated form

with the presence of Qk. Based on T, we define an inactive

set ST = {(i, j) |tij = 0}, and then rewrite constraint (C1) as∣∣∣∑B
j=1 h

H
ijwij

∣∣∣2∑U
k �=i

∣∣∣∑B
j=1 h

H
ijwkj

∣∣∣2 + σ2
i

≥ γi, ∀i (C1a)

wij = 0, ∀(i, j) ∈ ST. (C1b)

We first consider the case with a given cooperation status

matrix T for P0. Once T is known, the cooperation topology

(i.e., {Qk}) is fixed. Hence we can obtain the transmit power

minimization beamforming problem

PMP : minimize
{wij}

U∑
i=1

B∑
j=1

‖wij‖22

subject to (C1a), (C1b), (C2)

with the optimal value denoted as p� (T). PMP can be shown

to be a second-order cone programming (SOCP) problem [10]

and can be solved efficiently using the interior-point method

with computational complexity as O (
B3.5U3.5n3.5

T

)
[11].

The above analysis implies that once the optimal T� is

identified, the optimal w� can be immediately determined by

solving PMP. Although T� can be found by conducting an

exhaustive search, i.e.,

T� = argmin
T∈{0,1}U×B

p� (T) , (4)

searching over 2BU possible T’s means that the total number

of SOCP problems required to solve grows exponentially with

BU , making this approach unscalable. Therefore, the key step

in solving P0 is to effectively determine T�. Before moving

on, let us present a few observations. First, N = T − L can

be fully specified with the knowledge of w as

nij =

{
I
(‖wij‖2 > 0

)
, if (i, j) /∈ SL

0, if (i, j) ∈ SL

(5)

with SL = {(i, j) |lij = 1} and I (·) denoting an indicator

function. In addition,

‖N‖0 ≤ ‖w‖0,2 ≤ ‖T‖0 = ‖N‖0 + ‖L‖0 , (6)

where the mixed �0/�2-norm of w is defined as ‖w‖0,2 �∑U
i=1

∑B
j=1 I

(‖wij‖2 > 0
)
. As each wij can be regarded as

a group, ‖w‖0,2 is referred to as a measure of group sparsity

of w. These two observations will facilitate the construction

of T�, or equivalently N�.

In P0, minimizing CN indicates that both ‖N‖0 and ‖w‖22
have to be kept as small as possible once the constraints

(C1)~(C4) are met. To some extent, the minimization of

‖w‖0,2 also implies minimizing ‖N‖0 because of (6). How-

ever, this does not guarantee the minimization of ‖w‖22. The

way to circumvent this difficulty is to introduce a relaxed

group sparsity measure, i.e.,

‖w‖1,2 �
U∑
i=1

B∑
j=1

‖wij‖2 . (7)

This mixed �1/�2-norm has been shown to be a suitable

surrogate for the �0/�2-norm [6], [12]. Moreover, ‖w‖22 is

upper bounded by ‖w‖21,2 [11]. Thus, by solving P0 with the

objective function replaced by ‖w‖1,2 and with T temporarily

assumed to be 1, we expect to obtain a solution w̃�that can

act as a reasonable approximation of w�. Following this, a

fair estimate of N�, denoted as Ñ�, can be obtained from w̃�

and the function (5).

IV. GROUP SPARSE BEAMFORMING ALGORITHMS

The discussion in the previous section suggests a method

for obtaining w̃� and Ñ� as approximations of w� and N�.

However, w̃� and Ñ� are not guaranteed to be feasible for P0.

In this section, we will develop two low-complexity algorithms

to refine w̃� and Ñ� and ensure their feasibility, which
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Algorithm 1 : Full Group Sparse Beamforming Algorithm

Step 1: Solve the full group-sparsity optimization problem

PF-GSBF. Obtain the beamformer w̃.

Step 2: Initialize w̃� = w̃ and Ñ� = 1− L.

Step 3: Obtain the set EN from Ñ�. Use the selection criterion

(8) to select ñ�
i∗j∗ and set ñ�

i∗j∗ = 0.

Step 4: Update T from (9). Solve the minimum power

optimization problem PMP.

1) If PMP is feasible, obtain the updated w̃� and Ñ�, go to
Step 3.

2) If PMP is infeasible, go to Step 5.

Step 5: Obtain the desired solution w� = w̃� and N� = Ñ�.

End

are inspired by the group sparse beamforming framework

proposed in [12].

A. Full Group Sparse Beamforming Algorithm

The first proposed algorithm is called as the full group

sparse beamforming (F-GSBF) algorithm. It is a two-stage

approach, which is described as follows.

1) Group-sparsity norm minimization: Solve an SOCP

problem at this stage, i.e., PF-GSBF, which is written as

PF-GSBF : minimize
{wij}

‖w‖1,2
subject to (C1a), (C2).

2) Search Procedure: After obtaining the approximate

sparse beamformer w̃ by solving PF-GSBF, the next task is

to determine Ñ�. Instead of using (5) to specify Ñ�, we

first assume that w̃� = w̃ and Ñ� = 1 − L, and then

iteratively update them. Each time an element from the set

EN =
{
ñ�
ij ∈ Ñ�

∣∣∣ ñ�
ij = 1

}
is selected and set to zero. The

selection criterion is given by

(i∗, j∗) = argmin
(i,j)

{‖hij‖2 ‖w̃ij‖2
∣∣ ñ�

ij ∈ EN

}
, (8)

which means that ñ�
i∗j∗ will be selected if it has relatively

small contribution to the received signal power. After having

ñ�
i∗j∗ = 0, the matrix T in PMP is specified as

tij =

{
1, if ñ�

ij + lij = 1,

0, otherwise.
(9)

If PMP is feasible, we will regard its solution as an updated

w̃� and modify Ñ� with ñ�
i∗j∗ = 0. Also, we will go back to

set another element in EN equal to zero, and then solve PMP,

and so on. If there is no feasible solution for PMP, we claim

that the present pair of w̃� and Ñ� is the desired solution.

The F-GSBF algorithm is summarized in Alg. 1.

B. Partial Group Sparse Beamforming Algorithm

As ‖wP‖0,2 = ‖N‖0, where wP = { [wij ]| (i, j) /∈ SL}
is a partial vector of w, we can focus on the minimiza-

tion of ‖wP‖1,2, which is the relaxed measure of ‖wP‖0,2.

Meanwhile, the other partial vector of w, denoted as w′
P =

Table I
SIMULATION PARAMETERS

Parameter Value
BS transmit antenna power gain ϕ 9 dBi
Standard deviation of log-norm shadowing σζ 8 dB
Distribution of the small scale fading gij CN (0, 1)
Maximum transmit power of each BS Pmax 1W
Noise power σ2

i over 10MHz bandwidth −102 dBm

{ [wij ]| (i, j) ∈ SL}, also has to be considered since it con-

tributes to the transmit power cost. Based on the above dis-

cussion, we formulate the partial group-sparsity optimization

problem as

PP-GSBF : minimize
{wij}

‖wP‖1,2 + ‖w′
P‖2,2

subject to (C1a), (C2).

The corresponding partial group sparse beamforming (P-

GSBF) algorithm is very similar to the F-GSBF algorithm

except that Step 1 is replaced by solving PP-GSBF.

For the F-GSBF algorithm and the P-GSBF algorithm, the

number of SOCP subproblems grows linearly with BU and

(BU − ‖L‖0), respectively.

V. SIMULATION RESULTS

In this section, we evaluate the performance of the pro-

posed algorithms. We assume that BSs and mobile users are

uniformly and independently distributed in a square region

of 1000 meters on each side. Each BS is equipped with 2

antennas. The distance between the ith user and the jth BS

is dij . The channel vector from the jth BS to the ith user is

modeled as

hij =
√

10−PLij/10ϕζijgij , (10)

where PLij is the path loss at distance dij , ϕ is the BS

transmit antenna power gain, ζij is the log-normal shadowing

coefficient and gij is the small-scale fading coefficient. We

adopt the 3GPP Long Term Evolution (LTE) standard to

depict path loss, i.e., PLdB
ij = 148.1+ 37.6 log10

(
dkmij

)
. The

parameters are shown in Table I.

First we compare the performance of different algorithms.

Consider a network of 3 BSs and 3 mobile users, with a

fixed cache association L = [1 0 0; 0 0 1; 0 1 0]. The weighting

coefficient is set to be λ = 0.5, which means that the backhaul

cost and the transmit power cost are of equal weight. In Fig.

2, the results are averaged over 1000 independent realizations.

We provide two cases as benchmarks. Benchmark I is the

case where the data assignment is obtained directly using

N = 1 − L without any design, after which the transmit

power minimization beamforming is performed. Benchmark

II is the exhaustive search, acting as a global optimal value.

Compared to Benchmark I, both the F-GSBF algorithm and

the P-GSBF algorithm can reduce the cost, which means

the data assignment design will bring benefits. Moreover,

with only linear complexity, the two proposed algorithms are

close to Benchmark II. Overall, the result demonstrates the

effectiveness of the proposed low-complexity algorithms.
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Figure 2. Average normalized network cost of different algorithms for a given
cache association.
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Figure 3. Average normalized network cost versus λ.

Fig. 3 demonstrates the influence of λ on the network cost,

using the same set of simulation parameters as for Fig. 2.

When λ increases, it means that the backhaul cost will play

a less important role. In contrast, when λ approaches zero,

the backhaul cost will dominate the total network cost. As

shown in the figure, the P-GSBF algorithm outperforms the

F-GSBF algorithm when we emphasize the backhaul cost. On

the other hand, the F-GSBF algorithm is advantageous when

the transmit power cost is the main concern.

We next consider a more general scenario where the number

of 1’s in L, i.e., ‖L‖0, is fixed but their positions are random.

A larger ‖L‖0 means that more requested files can be found

at the local cache. Fig. 4 illustrates the impact of ‖L‖0 on

the network cost, where the results are averaged over 30

realizations of L and channels, and the weighting coefficient is

set to be λ = 0.2. It can be observed that when ‖L‖0 is small,

the performances of the two proposed algorithms are close

to each other. When ‖L‖0 becomes larger, the total network

cost lowers down and the P-GSBF algorithm outperforms the

F-GSBF algorithm.

VI. CONCLUSIONS

In this paper, we have proposed a new system architecture,

which takes advantage of distributed caching to reduce the

backhaul and transmit power cost in cellular networks. To

exploit the benefit of caching, we have formulated a joint opti-

mization problem of data assignment and beamforming. As the
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Figure 4. Average normalized network cost of different caching association.

design problem is an MINLP, two efficient algorithms of low

complexity have been proposed by utilizing the group sparsity

structure of the beamformer. Simulation results have showed

a significant reduction in the network cost by introducing

caches. Meanwhile, the proposed low-complexity algorithms

can achieve comparable performance to the exhaustive search.

Thus, the proposed methodology is promising to improve the

performance of cooperative wireless caching networks.
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