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Abstract—Caching at mobile devices can facilitate device-todevice (D2D) communications, which may significantly improve
spectrum efficiency and alleviate the heavy burden on backhaul
links. However, most previous works ignored user mobility, thus
having limited practical applications. In this paper, we take
advantage of the user mobility pattern by the inter-contact times
between different users, and propose a mobility-aware caching
placement strategy to maximize the data offloading ratio, which
is defined as the percentage of the requested data that can be
delivered via D2D links rather than through base stations (BSs).
Given the NP-hard caching placement problem, we first propose
an optimal dynamic programming (DP) algorithm to obtain
a performance benchmark, with much lower complexity than
exhaustive search. We then prove that the problem falls in the
category of monotone submodular maximization over a matroid
constraint, and propose a time-efficient greedy algorithm, which
achieves an approximation ratio as 12 . Simulation results with
real-life data-sets will validate the effectiveness of our proposed
mobility-aware caching placement strategy. We observe that users
moving at either a very low or very high speed should cache the
most popular files, while users moving at a medium speed should
cache less popular files to avoid duplication.
Index Terms—Caching, device-to-device communications, human mobility, matroid constraint, submodular function.

I. I NTRODUCTION
With the popularity of smart phones, the data traffic generated by mobile applications, e.g., multimedia file sharing and
video streaming, is undergoing an exponential growth, and will
soon reach the capacity limit of current cellular networks. To
meet the heavy demand, network densification is commonly
adopted to achieve higher network capacity, which is expected
to increase by 1000 times in future 5G networks [1]–[3].
However, the increase of access points and user traffic put a
heavy burden on backhaul links, which connect base stations
(BSs) with the core network [4]. To reduce the backhaul
burden, one promising approach is to cache popular contents
at BSs and user devices [5]–[10], so that mobile users can get
the required content from local BSs or nearby user devices
without utilizing backhaul links. Such local access can also
reduce the download delay and improve the energy efficiency
[6], [11].
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Most previous investigations on wireless caching networks
assumed fixed network topologies [8], [12]–[19]. However,
user mobility is an intrinsic feature of wireless networks,
which changes the network topologies over time. Thus, it
is critical to take the user mobility pattern into account. On
the other hand, user mobility can also be a useful feature to
exploit, as it will increase the communication opportunities of
moving users. Mobility-aware design has been proved to be
an effective approach to deal with lots of problems in wireless
networks. For example, exploiting user mobility helps improve
capacity in ad hoc networks [20] and reduce the probability
of failed file delivery in femto-caching networks [21]. In this
paper, we will propose an effective mobility-aware caching
strategy in device-to-device (D2D) caching networks to offload
traffic from the cellular network.
A. Related Works
Compared with caching at BSs [11]–[14], [21]–[24],
caching at mobile devices provides new features and unique
advantages. First, the aggregate caching capacity grows with
the number of devices in the network, and thus the benefit
of device caching improves as the network size increases [8].
Second, by caching popular content at devices, mobile users
may acquire required files from close user devices via D2D
communications, rather than through the BS [25], [26]. This
will significantly reduce the mobile traffic on the backbone
network and alleviate the heavy burden on the backhaul links.
However, mobile caching also faces some new challenges.
Specifically, not only the users, but also the caching helpers
are moving over time, which brings additional difficulties in
the caching design.
There have been lots of efforts on D2D caching networks
while assuming fixed network topologies. Considering a single
cell scenario, it was shown in [8] that D2D caching outperforms other schemes, including the conventional unicasting
scheme, the harmonic broadcasting scheme, and the coded
multicast scheme. Assuming that each device can store one
file, Golrezaei et al. analyzed the scaling behavior of the
number of active links in a D2D caching network as the
number of mobile devices increases [16]. It was found that
the concentration of the file request distribution affects the
scaling laws, and three concentration regimes were identified.
In [17], [18], the outage-throughput tradeoff in D2D caching
networks was investigated and optimal scaling laws of per-user
throughput were derived as the numbers of mobile devices
and files in the library grow under a simple uncoded protocol.
Meanwhile, the case using the coded delivery scheme [27] was
investigated in [19].
There are some preliminary studies considering user mobility. In [21], Poularakis et al. studied a femto-caching network
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with user mobility. A Markov chain model was adopted to
represent which helper, i.e., a particular femtocell BS, was
accessed by a specific user in different time slots. However, in
D2D caching networks, such a model cannot be adopted, since
there is no fixed caching helper, and all the mobile users may
move over time. The effect of user mobility on D2D caching
was investigated via simulations in [28], which showed that
user mobility does not have a significant impact on a random
caching scheme. However, such a caching scheme failed to
take advantage of the user mobility pattern. In [29], it showed
that user mobility has positive effect on D2D caching. In [30],
Lan et al. considered the case where mobile users can update
caching content based on the file requirement and user mobility. However, it was assumed that one complete file can be
transmitted via any D2D link when two users contact, which is
not practical, considering the limited communication time and
transmission rate. More recently, several design methodologies
for mobility-aware caching were proposed in [31], but more
thorough investigations will be needed, especially on practical
implementations.

•

maximization problem over a matroid constraint. The
main contribution in this part is to prove that the complicated objective function is a monotone submodular
function. With the reformulated form, a greedy algorithm
is developed, which achieves at least 21 of the optimal
value.
Simulation results show that the proposed mobility-aware
caching strategy provides significant performance gains
over the commonly used popular caching strategy [36]
and random caching strategy [37]. Meanwhile, the greedy
algorithm achieves near-optimal performance. Moreover,
we observe that users with very low velocity tend to
rarely contact with others, and thus they need to cache
the most popular files to meet their own requirements. On
the other hand, the users with high velocity contact others
frequently, and they need to cache the most popular files
as well, in order to help others to download the requested
files. Meanwhile, the users with medium velocity need to
cache less popular files to avoid duplicate caching.

C. Organization
B. Contributions
In this paper, we propose a mobility-aware caching placement strategy in D2D networks. The information of user
connectivity in the user mobility pattern is captured with the
inter-contact model [32], [33]. Specifically, as shown in Fig.
1b, for an arbitrary pair of mobile users, the timeline consists
of both contact times, defined as the times when the users are
within the transmission range, and inter-contact times, defined
as the times between contact times [34]. Each file is encoded
into several segments by the rateless Fountain code [35], and
a mobile user needs to collect enough encoded segments to
recover the requested file. Once a user is in contact with some
other users who cache part of its requested file, it will get
some of the segments via D2D communication. Our objective
is to design caching placement to maximize the data offloading
ratio. The main contributions of this paper are summarized as
follows:
• As each mobile user may get the requested file via
multiple contacts with other users, the complexity of
calculating the objective function, i.e., the data offloading
ratio, increases exponentially with the number of users,
which brings a major difficulty for algorithm design. We
first propose a divide and conquer algorithm to efficiently
evaluate the objective, with quadratic complexity with
respect to the number of users.
• The caching placement problem is shown to be NPhard, and a dynamic programming (DP) algorithm is
proposed to obtain the optimal solution with much lower
complexity compared to exhaustive search. Although the
DP algorithm is still impractical, it can serve as a performance benchmark for systems with small to medium
sizes. Moreover, its computation complexity is linear with
the number of files, and thus it can easily deal with a large
file library.
• To propose a practical solution, we reformulate the
problem and prove that it is a monotone submodular

The remainder of this paper is organized as follows. In
Section II, we introduce the system model and formulate the
mobility-aware caching placement problem. An optimal DP
algorithm is proposed to serve as the performance benchmark
in Section III. In Section IV, we reformulate the caching
placement problem as a monotone submodular maximization
problem over a matroid constraint, and adopt a greedy algorithm to solve it. The simulation results are provided in Section
IV. Finally, we conclude this paper in Section V.
II. S YSTEM M ODEL AND P ROBLEM F ORMULATION
In this section, we will firstly introduce the mobility model
adopted in our study, together with the caching strategy and
file transmission model. The caching placement problem will
then be formulated.
A. User Mobility Model
The inter-contact model can capture the connectivity information in the user mobility pattern, and has been widely
investigated in wireless networks [32], [38]–[40]. Thus, it is
adopted in this paper to model the mobility pattern of mobile
users. In this model, mobile users may contact with each other
when they are within the transmission range. Correspondingly,
the contact time for two mobile users is defined as the
time that they can contact with each other, i.e., they may
exchange files during the contact time. Then, the inter-contact
time for two mobile devices is defined as the time between
two consecutive contact times. Specifically, we consider a
network with Nu mobile users, whose index set is denoted
as D = {1, 2, ..., Nu }. Same as [32], we model the locations
of contact times in the timeline for any two users i and j
as a Poisson process with intensity λi,j . For simplification,
we assume that the timelines for different device pairs are
independent. We call λi,j as the pairwise contact rate between
users i and j, which represents the average number of contacts
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most existing works, e.g., [30]. We also assume that there is
a delay constraint, denoted as T d . If user i cannot collect at
least Kf different encoded segments of file f within T d , it will
request the remaining segments from the BS. For example, as
shown in Fig. 1, user 1 requests a file, which is not in its own
cache. Thus, it starts to wait for encountering the users storing
the requested file. Within time t < T d , user 1 first gets one
segment from user 2, and then another segment from user 3.
As user 1 collects enough segments via D2D links to recover
the requested file, it does not need to download the file from
the BS.

3"#$%&'%%'($).'$4

C. Problem Formulation
(a) A sample network.
contact time
inter-contact time
request

time

(b) The timeline of user 1 and user 3.
Fig. 1: A sample network with Nu = 3, Nf ile = 3, C = 3, B = 1, and Kf = 2
for f ∈ F .

In this paper, we investigate the caching placement strategy
to maximize the data offloading ratio, i.e., the percentage of
the requested data that can be delivered via D2D links, rather
than via the BS. If the D2D links can offload more data from
the BS, it will lead to higher spatial reuse efficiency and also
significantly reduce the backhaul burden. Specifically, for user
i, the data offloading ratio is defined as



min (ui,f , Kf )
User i requests file f
Ei = Ef ∈F Eui,f
Kf
X  Eui,f [min (ui,f , Kf )] 
=
pf
,
(1)
Kf
f ∈F

per unit time. The pairwise contact rate can be estimated from
historical data, and we will test our results on real-life data-sets
in the simulation.
B. Caching Strategy and File Delivery Model
We consider a library of Nf ile files, whose index set is
denoted as F = {1, 2, ..., Nf ile }. Rateless Fountain coding is
applied [21], [35], where each file is encoded into a large
number of different segments, and it can be recovered by
collecting a certain number of encoded segments. Accordingly,
it can be guaranteed that there is no repetitive encoded segment
in the network. Specifically, we assume that each file is
encoded into multiple segments, each with size s bits, and
file f can be recovered by collecting Kf encoded segments.
Note that the value of Kf depends on the size of file f . It
is assumed that each mobile user reserves a certain amount
of storage capacity for caching, which can store at most C
encoded segments. The number of encoded segments of file f
cached in user i is denoted as xi,f .
Mobile users will request files in the file library based on
their demands. For simplicity, we assume that the requests
of all the users follow the same distribution, and
P file f is
requested by one user with probability pf , where
pf = 1.
f ∈F

When a user i requests a file f , it will start to download
encoded segments of file f from the encountered users, and
also check its own cache. We assume that the duration of each
contact of users i and j is tci,j seconds, and the transmission
rate from user
j cj to user
k i is ri,j bps. Accordingly, we consider
ti,j ri,j
that Bi,j =
segments can be transmitted within one
s
contact from user j to user i, which is more practical than

P
j
where ui,f =
j∈D ui,f denotes the number of encoded
segments of file f that can be collected by user i within time
T d , of which uji,f segments can be collected from user j.
Let Mi,j , with i ∈ D and j ∈ D, denote the number of
contact times for user i and j within time T d . Based on the
memoryless property of the Poisson process, Mi,j follows a
Poisson distribution with mean λi,j T d . Since Bi,j segments
can be transmitted from user j in one contact time, user i can
maximally download Bi,j Mi,j segments from user j within
T d . Considering the cached content at user j, user i will
get uji,f = min(Bi,j Mi,j , xj,f ) encoded segments of file f
from user j. The pairwise contact rate λi,i can be regarded as
infinity, which implies that user i can access all the contents
d
in its own
P cache. Thus, during time T , user i can collect
ui,f = j∈D min(Bi,j Mi,j , xj,f ) encoded segments of file f
from all users. Then, the data offloading ratio for user i is
 



X pf 
X
Ei =
E min 
min(Bi,j Mi,j , xj,f ), Kf  .

Kf 
f ∈F

j∈D

(2)
Accordingly,P
the overall average data offloading ratio of all the
users is N1u
Ei , and the mobility-aware caching placement
i∈D

problem is formulated as
1 X
Ei ,
max
X
Nu
i∈D
X
s.t.
xj,f 6 C, ∀j ∈ D,

(3)
(3a)

f ∈F

xj,f ∈ N, ∀j ∈ D and f ∈ F,
xj,f 6 Kf , ∀j ∈ D and f ∈ F,

(3b)
(3c)
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where constraint (3a) implies that each user device cannot
store more than C segments, (3b) guarantees that each encoded
segment is either fully stored or not stored at all in one user
device, and (3c) implies that, since file f can be recovered by
Kf encoded segments, it is redundant to store more than Kf
segments of file f at each user. The caching placement problem (3) is a mixed integer nonlinear programming (MINLP)
problem. Next, we will show that it is NP-hard in Lemma 1.
Lemma 1. Problem (3) is an NP-hard problem.
Proof. See Appendix A.
In the following sections, we will propose effective algorithms to solve it.
D. A Divide and Conquer Algorithm To Evaluate the Objective
To evaluate the objective function of the optimization problem (3), the distribution of the summation of Nu independent
random variables need to be obtained. A direct calculation
will incur high computational complexity, which increases
exponentially with the number of users Nu . To efficiently
solve (3), we first develop a time-efficient approach to evaluate
the objective. With the definition of the expectation, we can
rewrite the objective function as
1 X
Ei =
Nu
i∈D


( Kf −1
X
X
1 X X pf
q Pr 
min(Bi,j Mi,j , xj,f ) = q 
Nu
Kf
q=0
i∈D f ∈F
j∈D

)
X
+ Kf − Kf Pr 
min(Bi,j Mi,j , xj,f ) 6 Kf − 1 .
j∈D

(4)
Then, the main difficulty is to get the distribution of the
summation P
of the Nu independent random variables, denoted
u
as Si,f
=
j∈D min(Bi,j Mi,j , xj,f ). In the following, we
will propose a divide and conquer algorithm to reduce the
computation complexity of getting the cumulative distribution
u
function (cdf) of Si,f
. The algorithm decomposes the original
problem into multiple sub-problems, and solve them one by
one. Then, the solution of the original problem is constructed
based on those for the sub-problems.
u
Firstly, the cdf of Si,f
can be written as


Nu
X
(i,f
)
0
Pr 
Vj
6 K ,
(5)
j=1
(i,f )

where K 0 is an integer and Vj
= min(Bi,j Mi,j , xj,f ), with
1 6 j 6 Nu , is a non-negative random variable. Since all the
random variables are non-negative integer numbers, the event
K 0 < 0 is with zero probability. In the following, we only
consider the case where K 0 is a non-negative integer number.
Secondly, we define a series of sub-problems, denoted as
P (J, K r ), where 0 6 J 6 Nu , 0 6 K r 6 K 0 , and both J

and K r are integer numbers. Each sub-problem P (J, K r ) calculates the probability that the summation of random variables
(i,f )
Vj
, with 1 6 j 6 J, is less than or equal to K r , which is
given as


J
X
(i,f
)
P (J, K r ) = Pr 
Vj
6 Kr .
(6)
j=1

Finally, we will show that the probability given in (5) can
be calculated by solving multiple sub-problems defined in (6).
When J = 0, no random variable is considered in the subproblem, which becomes P (J, K r ) = Pr[0 6 K r ] = 1. When
J > 1, the sub-problem P (J, K r ) can be solved based on the
solutions of P (J − 1, ·), as shown in lemma 2.
Lemma 2. The sub-problem P (J, K r ), with 1 6 J 6 Nu ,
0 6 K r 6 K 0 , can be constructed by
Kr
h
i
X
(i,f )
r
P (J, K ) =
Pr VJ
= z × P (J − 1, K r − z), (7)
z=0

where
h
i
(i,f )
Pr VJ
=z =

z

(λi,J T d ) Bi,J exp(−λi,J T d )




z


Bi,J !

l
m

1−






0

Γ

z
,λi,J T d
B
l i,J m 
z
−1 !
B

if z < xJ,f and z ≡ 0 (mod Bi,J ) ,
if z = xJ,f ,

i,J

otherwise.
(8)

Proof. Eq. (7)hfollows thei law of total probability, and the
(i,f )
probability Pr VJ
= z equals
h
i
(i,f )
Pr VJ
= z = Pr [min(BMi,J , xJ,f ) = z] =
i
 h
z

Pr
M
=
if z < xJ,f ,
i,J

B
i,J i
 h
(9)
Pr Mi,J > Bzi,J
if z = xJ,f ,



0
if z > xJ,f .
Since Mi,J is a Poisson random variable, we can easily get
the result in (8).
u
Accordingly, when J = Nu , the cdf of Si,f
can be obtained.
The divide and conquer algorithm is summarized in Algorithm
u
1. Using the cdf of Si,f
, we can get the objective value based
on (4). The overall complexity of evaluating the objective
2
function is O(Nf ile Nu2 Kmax
), where Kmax = max Kf .
f ∈F

Compared to calculating the objective directly using multiple
summations, whose complexity is O(Nf ile Nu (Kmax )Nu ), the
proposed divide and conquer algorithm significantly reduces
the complexity.
III. O PTIMAL M OBILITY-AWARE C ACHING A LGORITHM
In this section, an optimal DP algorithm will be proposed
to solve the mobility-aware caching placement problem. It
will help to demonstrate the effectiveness of the proposed
caching strategy and also serve as a performance benchmark
to evaluate the sub-optimal algorithm proposed in Section IV.
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State

Stage ͳ

Caching placement
User 1

Ͳ Ͳ
Ͳ ͳ
Ͳ ʹ
ͳ Ͳ
ͳ ͳ
ͳ ʹ
ʹ Ͳ
ʹ ͳ
ʹ ʹ

User 2

Optimal
value

State
Ͳ Ͳ

---

---

0

---

File 1

0.3

---

Files 1&2

0.5

ͳ Ͳ

File 1

---

0.3

File 1

File 2

0.5

File 1

Files 1&2

0.66

ʹ Ͳ

Files 1&2

---

0.5

---

---

0

---

File 1

0.3

---

File 1

0.3

File 1

---

0.3

File 1

File 1

0.46

File 1

File 1

0.46

File 1

---

0.3

File 1

File 1

0.46

File 1

File 1

0.46

Selected path

Ͳ ͳ
Ͳ ʹ
ͳ ͳ
ͳ ʹ
ʹ ͳ
ʹ ʹ

Table of the data offloading ratio for each file, i.e., ܷ in (11).
File ݂

Stage ͵

Stage ʹ

Caching placement Optimal
value
User 1
User 2

Files 1&2

File 1

0.66

Files 1&2

Files 1&2

0.76

Eliminated path

User ͳ caches
file ݂

User ʹ caches
file ݂

Users ͳ and ʹ
cache file ݂

ͲǤͳ

ͲǤͳ

ͲǤʹͶ

ͲǤ͵

File 1

ͲǤʹ

File 2
File 3

State

Caching placement Optimal
value
User 1
User 2

ʹ ʹ

Files 1&2

Files 1&3

ͲǤ͵

ͲǤʹ

ͲǤͶ
ͲǤ͵

Explanation of the 4 paths from stage 2 to stage 3

path

Caching placement

0.82
ͳͳ

ʹʹ

ͳʹ

ʹʹ

ʹͳ

ʹʹ

ʹʹ

ʹʹ

User 1

User 2

Files 1&3

Files 2&3

Files 1&3

Files 1&2

Files 1&2

Files 1&3

Files 1&2

Files 1&2

Optimal value
ͲǤʹͶ  ͲǤͷ ൌ ͲǤͶ

ͲǤͳ  ͲǤ ൌ ͲǤͺʹ

Ǥ   Ǥ  ൌ Ǥ ૡ
Ͳ  ͲǤ ൌ ͲǤ

The optimal value is calculated according to (12), which equals the
gain of the users using file 3 plus the optimal value at stage ʹ.

Final solution

Fig. 2: An illustration of the proposed DP algorithm with Nu = 2, Nf = 3 and Kf = 1. There are 3 stages, where the eliminated paths from stage 1 to stage 2 are omitted.
The states at stage m represent the remaining caching capacity to store the first m files. For example, state (1 2) at stage 2 means that user 1 caches one segment of file 1 or 2,
and user 2 caches two segments of files 1 and 2 in total. The final solution first caches file 1 at both users 1 and 2, then caches file 2 at user 1, finally caches file 3 at user 2.

Algorithm
1 The divide
i and conquer algorithm to calculate
hP
(i,f )
Nu
0
V
6
K
Pr
j=1 j
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:

for all 0 6 K r 6 K 0 do
Set P (0, K r ) = 1.
end for
for J = 1 to Nu do
for all 0 6 K r 6 K 0 do
Set P (J, K r ) = 0.
for all 0 6 z 6 K r do
h
i
(i,f )
Set P (J, K r ) = P (J, K r ) + Pr VJ
=z ×
P (J − 1, K r − z).
end for
end for
end for

A. Optimal Caching Placement Algorithm
DP is an effective algorithm to deal with integer variables,
which divides the original problem into multiple stages, and
solves the problem stage by stage [41]. Specifically, each stage
is associated with multiple states, and the optimal solution at
each stage can be obtained based on the optimal solutions at
previous stages according to a recursive relationship. Thus,
with the optimal solution at the beginning stage and the recursive relationship, the optimal solution of the original problem
can be constructed. In the following, we will illustrate the key
steps of the proposed DP algorithm for the caching placement
problem, including dividing the original problem into stages
and finding the corresponding recursive relationship.
1) Stages and States: At each stage, we will design caching
placement for a specific file. Each state includes the information of the remaining cache capacities for all the mobile users.
We denote the state as a vector Cr = [crj ]16j6Nu , where crj
is the remaining cache capacity of user j.
For state Cr at the m-th stage, 1 6 m 6 Nf ile , the optimal
caching placement for the first m files while user i stores no
more than cri segments needs to be found. It can be obtained
by solving the following problem:
X
OP Tm,Cr =
max
Uf (x1,f , . . . , xNu ,f ), (10)
xj,f , j ∈ D
1 6 f 6 m 16f 6m

s.t.

X

xj,f 6 crj , ∀j ∈ D,

(10a)

06f 6m

xj,f ∈ N, ∀j ∈ D and 1 6 f 6 m,
xj,f 6 Kf , ∀j ∈ D and 1 6 f 6 m,

(10b)
(10c)

where
Uf (x1,f , . . . , xNu ,f ) =
 



X
1 X pf  
E min 
min(Bi,j Mi,j , xj,f ), Kf 

Nu
Kf 
i∈D

j∈D

(11)
is a function from Nu numbers to a real number representing
the data offloading ratio for file f , and constraints (10a)(10c) correspond to constraints (3a)-(3c) respectively. For state
[C]Nu ×1 at the Nf iles -th stage, problem (10) is the same as the
original problem (3). Denote the optimal caching placement
at the m-th stage with state Cr as (xm,Cr )j,f , which means
that user j stores (xm,Cr )j,f segments of file f . This problem
is still complicated, and next we will develop a recursive
relationship to solve it.
2) Recursive Relationship: At the first stage, since there
is only one file to cache, the optimal solution is to fill the
remaining caching storage of each user with the first file, i.e.,
OP T1,Cr = U1 (min(K1 , cr1 ), . . . , min(K1 , crNu )). Then, the
optimal solutions at the m-th stage, with 2 6 m 6 Nf ile , can
be constructed based on the optimal solutions at the (m−1)-th
stage as shown in Lemma 3, and an illustrate is shown in Fig.
2.
Lemma 3. The optimal solution at the m-th stage, 2 6
m 6 Nf ile , with state Cr can be obtained according to the
following recursive relationship:
OP Tm,Cr =

max

xj,m ,j∈D

Um (x1,m , . . . , xNu ,m )
+ OP Tm−1,[crj −xj,m ]16j6Nu , (12)

s.t. xj,m 6 crj , ∀j ∈ D,
xj,m ∈ N, ∀j ∈ D,
xj,m 6 Kf , ∀j ∈ D.

(12a)
(12b)
(12c)

Proof. We first consider a certain caching placement for file
m, i.e., user j stores xj,m segments of file m. Then, the
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remaining cache capacities for the first (m − 1) files becomes
[crj − xj,m ]16j6Nu . Meanwhile, the objective value can be
calculated based on OP Tm−1,[crj −xj,m ]16j6Nu , given as
X
max
Uf (x1,f , . . . , xNu ,f )
xj,f ,j∈D,16f 6m−1

16f 6m

=Um (x1,m , . . . , xNu ,m )
+

max

xj,f ,j∈D,16f 6m−1

X

Uf (x1,f , . . . , xNu ,f )

16f 6m−1

=Um (x1,m , . . . , xNu ,m ) + OP Tm−1,[cri −xi,m ]Nu .

(13)

Finally, after searching all possible caching placements for
file m, we can get the recursive relationship in (12), where
constraints (12a)-(12c) correspond to constraints (10a)-(10c)
respectively.
3) Optimal
Caching
Placement:
Denote
(x?1,m , x?2,m , . . . , x?Nu ,m ) as the optimal solution of problem
(12), the optimal caching placement at the m-th stage with
state Cr is decided as follows. When m = 1, all the users
cache the first file, and thus, the caching placement is
(
min(K1 , crj ) if f = 1,
(x1,Cr )j,f =
(14)
undecided
if f > 1.
When m > 1, the caching placement for file m is
(x?1,m , x?2,m , . . . , x?Nu ,m ), and for the first (m − 1) files, it
is the same as the optimal solution at the (m − 1)-th stage
with state [crj − x?j,m ]16j6Nu , given as

?

if f = m,
xj,m
(xm,Cr )j,f = (xm−1,[crj −x?j,m ]16j6Nu )j,f if f < m,


undicided
if f > m.
(15)
The optimal solution at the first stage can be obtained by filling
the caching storage of each user with the first file, and then,
each stage can be solved based on the solutions at previous
stages. Thus, we can get the optimal solution for the original
problem at the Nf ile -th stage. The optimal DP algorithm is
summarized in Algorithm 2.
B. Complexity Analysis
According to Algorithm 2, the complexity of obtaining the
optimal solution at the m-th stage with state Cr , when 1 <
m 6 Nf ile , is given as


r
Tstate = O (Kmax + 1)kC k0 Tu ,
(16)
where Tu is the time complexity of calculating the function
2
Um (x1,m , . . . , xNu ,m ), which equals O(Nu2 Kmax
) using the
divide and conquer algorithm, and k·k0 denotes the number
of non-zero elements in the vector. The time complexity of
the m-th stage can then be derived as
Tstage (m) =

Nu 2 2

O((C + 1) Nu Kmax )

2
O (CKmax + C + 1)Nu Nu2 Kmax



2
O (Kmax + 1)Nu Nu2 Kmax

if m = 1,
if 1 < m < Nf ile ,
if m = Nf ile .
(17)

Algorithm 2 The optimal DP algorithm

: the optimal utility
1: OP TNf ile ,[C]Nu ×1 , xNf ile ,[C]Nu ×1
j,f
value and caching placement for the original problem
2: for all Cr 6 [C]Nu ×1 do
3:
Set (x1,Cr )j,1 = min(K1 , crj ) for j ∈ D.
4:
Set OP T1,Cr = U1 ((x1,Cr )1,1 , . . . , (x1,Cr )Nu ,1 ).
5: end for
6: for m = 2 to Nf ile − 1 do
7:
for all Cr 6 [C]Nu ×1 do
8:
Set OP Tm,Cr = 0.
9:
for all xj,m , j ∈ D, that satisfies constraints in (12)
do
10:
if OP Tm,Cr
<
Um (x1,m , . . . , xNu ,m ) +
OP Tm−1,[crj −xj,m ]16j6Nu then
11:
Set OP Tm,Cr = Um (x1,m , . . . , xNu ,m ) +
OP Tm−1,[crj −xj,m ]16j6Nu
and x?j,m = xj,m .
12:
end if
13:
end for
14:
Update (xm,Cr )j,f , j ∈ D, f ∈ F, according to (15).
15:
end for
16: end for
17: Set m = Nf ile ,Cr = [C]Nu ×1 , and Run Steps 8-14.
Then, we can get the time complexity of the DP algorithm as
Tdp =
(

2
O ((C + 1)Nu + (Kmax + 1)Nu )Nu2 Kmax

2
O Nf ile (CKmax + C + 1)Nu Nu2 Kmax

if Nf ile 6 2
if Nf ile > 2.
(18)

For comparison, the time complexity of the exhaustive search
method is given by

2
Tsearch = O Nf ile (Nf ile Kmax )CNu Nu2 Kmax
.
(19)
The only difference between the complexities of the DP
algorithm and the exhaustive search is the bases of the
exponential terms, which significantly affect the overall complexities. When Nf ile = 1, the caching placement can be
easily obtained by filling all the caching storage with the only
file. When Nf ile > 2, it can be observed that (Nf ile Kmax )C
increases faster than (C +1), (Kmax +1) and (CKmax +C +1)
with both Kmax and C increasing. Meanwhile, considering the
case while both Kmax and C equal the minimum value, i.e.,
Kmax = C = 1, the complexity of the DP algorithm is similar
to that of the exhaustive search when Nf ile 6 3, and much
faster than the later when Nf ile > 3. Thus, the proposed DP
algorithm is superior than the exhaustive search with respect
to the time efficiency.
IV. S UBMODULAR O PTIMIZATION BASED A LGORITHM
FOR M OBILITY-AWARE C ACHING
The complexity of the DP algorithm increases exponentially
with the number of mobile users. Thus, in this section, we aim
to design a more practical sub-optimal algorithm. We will first
reformulate the original problem to the one that maximizes
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a monotone submodular function over a matroid constraint.
Then, adopting a greedy algorithm, we will provide a nearoptimal caching placement algorithm.
A. Submodular Functions and Matroid Constraints
The submodular maximization problem subject to matroid
constraints is an important type of discrete optimization problems. It has been widely investigated, and effective algorithms
with provable approximation ratios have been proposed [42]–
[44]. A great number of typical and interesting combinational
optimization problems are special cases of the submodular
maximization problem, e.g., the max-k-cover problem and the
max-cut problem [45]. Recently, submodular maximization
problems over matroid constraints have found a wide range
of applications in wireless networks, e.g., for network coding
design [46] and femto-caching design [12]. In the following,
we will first provide some background information, including
necessary definitions and properties of the monotone submodular function and the matroid constraint [43].
Definition 1. Let S be a finite set and g be a real-valued
function with subsets of S as its domain. The function g is
a monotone submodular function if it satisfies the following
properties:
1) g(A) 6 g(D), for all A ⊆ D ⊆ S,
2) g(A) + g(D) > g(A ∪ D) + g(A ∩ D).

where Sj,f is a set of all Kf segments of file f that may be
cached at user j defined as
Sj,f = {yj,f,k |1 6 k 6 Kf }.

(22)

Next, we rewrite the objective function of problem (3) as a
function of subsets of S as
1 X X pf
g(Y ) =
Nu
Kf
i∈D f ∈F


X
× E 
min(Bi,j Mi,j , |Y ∩ Sj,f |), Kf  . (23)
j∈D

To prove that the function g(Y ) defined in (23) is a monotone
submodular function, we will show that g(Y ) satisfies Proposition 1. The main difficulty is to derive the gain of adding
one element into the caching placement Y , which is given in
Lemma 4.
Lemma 4. Let Y ⊂ S and yj,f,k ∈ S − Y , and then the gain
of adding yj,f,k into the caching placement Y is
g(Y ∪ {yj,f,k }) − g(Y ) =



|Y ∩ Sj,f | + 1
pf X
Pr Mi,j >
Nu Kf
Bi,j
i∈D
 X
min(Bi,j 0 Mi,j 0 , |Y ∩ Sj 0 ,f |)
× Pr
j 0 ∈D,j 0 6=j


Proposition 1. The following statement also defines a monotone submodular function:
g(A ∪ {j}) − g(A) > g(D ∪ {j}) − g(D) > 0,
for all A ⊂ D ⊂ S and j ∈ S − D.

≤ Kf − |Y ∩ Sj,f | − 1

(24)

Proof. See Appendix B.
(20)

Proposition 1 provides an intuitive interpretation of the
monotone submodular function, i.e., the gain of adding a new
element decreases when the set becomes large. It is monotone
as adding a new element always has a non-negative gain.
Definition 2. Let S be a finite ground set and I be a nonempty
collection of subsets of S, and then, the tuple M = {S, I} is
called a matroid if
1) ∅ ∈ I,
2) If D ∈ I and A ⊆ D, then A ∈ I,
3) If A, D ∈ I and |A| < |D|, then there exists j ∈ D − A
such that A ∪ {j} ∈ I,
where | · | denotes the cardinality.

Lemma 5 verifies that g(Y ) satisfies Proposition 1, and thus
it is a monotone submodular function.
Lemma 5. Let A ⊂ D ⊂ S and yj,f,k ∈ S − D, then,
g(A ∪ {yj,f,k }) − g(A) > g(D ∪ {yj,f,k }) − g(D) > 0. (25)
Proof. See Appendix C.
Finally, the constraint in the original problem is proved to
be a matroid constraint in Lemma 6.
Lemma 6. Let Si , where i ∈ D, denote all the segments that
may be stored at user i, which is Si = {yi,f,k |f ∈ F and 1 6
k 6 Kf }. Then, constraints (3a) and (3b) can be rewritten as
Y ∈ I, where

I = Y ⊆ S |Y ∩ Si | 6 C, ∀i ∈ D ,
(26)
which is a matroid constraint.

B. Problem Reformulation
In the following, we will show that the original problem (3)
can be reformulated as a monotone submodular maximization
problem over a matroid constraint. Firstly, the ground set S
is defined as S = {yj,f,k |j ∈ D, f ∈ F and 1 6 k 6 Kf },
and each caching placement Y is a subset of S. If the element
yj,f,k is in Y , then it means that the k-th segment of file f is
cached at user j. Specifically, the relationship between xj,f ,
with j ∈ D and f ∈ F, and the caching placement Y ⊆ S is
xj,f = |Y ∩ Sj,f |,

(21)

Proof. The tuple M = (S, I) belongs to a typical matroid,
called the partition matroid [43].
To sum up, problem (3) can be reformulated as
1 X X pf
max
Y ∈I
Nu
Kf
i∈D f ∈F



X
× E min 
min(Bi,j Mi,j , |Y ∩ Sj,f |), Kf  ,
j∈D

(27)
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which is a monotone submodular maximization problem over
a matroid constraint.

Algorithm 3 The Greedy Algorithm
1:
2:
3:

C. Greedy Algorithm for Mobility-Aware Caching
For problem (27), the greedy algorithm provides an effective
solution, and has been proved to archive a 12 -approximation
[43], i.e., the worst case is at least 50% of the optimal solution.
Moreover, it has been observed to provide close-to-optimal
performance in lots of cases. A randomized algorithm was
proposed in [45], which achieves a higher approximation ratio.
However, with the size of the ground set as Nu ×Nf ile ×Kmax ,
the randomized algorithm is computationally inapplicable.
In the simulation, we will show that the greedy algorithm
performs very close to the optimal caching strategy.
The greedy algorithm firstly sets the caching placement Y
as an empty set, and then, it adds an element according to the
priority values while satisfying the matroid constraint. The
process continues until no more element can be added. The
d
priority value of an element yj,f,k , denoted as gj,f,k
, is defined
as the gain of adding yj,f,k into the caching placement Y ,
given in (24), when Y ∈ I, yj,f,k ∈ S − Y and Y ∪ {yj,f,k } ∈
I.
The difficulty in the greedy algorithm is to update the
priority value efficiently. To get the priority value given in
(24), two kinds of probabilities need to be calculated, i.e.,



|Y ∩ Sj,f | + 1
,
(28)
p1i,j,f = Pr Mi,j >
Bi,j
 X
p2i,j,f = Pr
min(Bi,j 0 Mi,j 0 , |Y ∩ Sj 0 ,f |)
j 0 ∈D,j 0 6=j


≤ Kf − |Y ∩ Sj,f | − 1 .

(29)

Since Mi,j follows a Poisson distribution with mean λi,j T d ,
p1i,j,f can be calculated as
p1i,j,f = 1 −

Γ

l

|Y ∩Sj,f |+1
Bi,j

m

d

, λi,j T
l
m

|Y ∩Sj,f |+1
−1 !
Bi,j

4:
5:
6:
7:
8:
9:
10:
11:
12:

Set Y = ∅ ⇔ set xj,f = 0, ∀j ∈ D and f ∈ F.
S r = S.
d
Initialize the priority values {gj,f,k
|j ∈ D, f ∈ F, 1 6
k 6 Kf }.
while |Y | < Nu × C do
d
yj ? ,f ? ,k? = arg max r gj,f,k
.
yj,f,k ∈S

Set Y = Y ∪ {yj ? ,f ? ,k? } ⇔ add xj ? ,f ? by 1.
S r = S r − {yj ? ,f ? ,k? }.
if |Y ∩ Sj ? | = C then
S r = S r − Sj ?
end if
d
Update the priority values {gj,f
? ,k (Y )|j ∈ D, 1 6 k 6
r
Kf ? , yj,f ? ,k ∈ S } based on Algorithm 1.
end while

D. Complexity Analysis
According to Algorithm 3, the computation complexity of
the greedy algorithm is
O (Nu C(Tp + Tm )) ,

where O(Tp ) and O(Tm ) denote the computation complexity
for updating the priority values and searching for the element
yj ? ,f ? ,k? with the maximum priority value in one iteration.
d
From Eq. (24), the priority value gj,f,k
(Y ) is irrelevant with
the fact whether yj,f ? ,k is in Y when f 6= f ? , and the
gain of adding different segments of the same file to the
cache of the same user remains the same. Thus, in each
iteration, at most Nu priority values need to be calculated.
According to Algorithm 1, the complexity for calculating
2
). Then, the computation
one priority value is O(Nu2 Kmax
complexity for updating the priority values in one iteration is
2
). Moreover, to reduce the complexity
O(Tp ) = O(Nu3 Kmax
of finding the element with the maximum priority value, we
denote the maximum gain of caching one segment of file
f ∈ F in one device as
maxf =


.

(30)

Using the divide and conquer algorithm, similar as the one
proposed in Section II-D, we can get the value of p2i,j,f
efficiently.
In summary, the greedy algorithm is described in Algorithm
3, where S r denotes the remaining set, including the elements
that may be added into the caching placement Y . When the
element {yj ? ,f ? ,k? } is added to Y , it should be deleted from
S r . When user j ? has already stored C segments, no more
segment can be stored in user j ? , and thus, all the elements
in Sj ? should be deleted from S r . Moreover, after adding a
new element {yj ? ,f ? ,k? } to Y , the priority values should be
updated. According to (24), adding the element {yj ? ,f ? ,k? }
only affects the priority values of elements {yj,f ? ,k |j ∈ D, 1 6
k 6 Kf ? , yj,f ? ,k ∈ S r }, and thus, only the corresponding
priority values need to be updated.

(31)

max

j∈D,16k6Kf ,yj,f,k ∈S r

d
gj,f,k
(Y ).

(32)

d
Since only priority values gj,f
? ,k (Y ), where j ∈ D and
1 6 k 6 Kf ? , may be updated in each iteration, we
can store the maximum values maxf for all f ∈ F, and
update maxf ? in each iteration to reduce the complexity for
searching the element yj ? ,f ? ,k? with the maximum priority
value from O(Nu Nf ile ) to O(Nu + Nf ile ). Thus, ignoring
lower order terms, the overall computation complexity of the
greedy algorithm is

2
O Nu C(Nu3 Kmax
+ Nf ile ) .
(33)

V. S IMULATION R ESULTS
In this section, simulation results will be provided to evaluate the performance of the proposed mobility-aware caching
strategy. Moreover, we will validate the mobility model and
the effectiveness of the greedy caching strategy based on reallife data-sets, which are available at CRAWDAD [47]. Four
caching strategies are compared:
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1) Optimal mobility-aware caching strategy: the optimal
solution of problem (3) using the DP algorithm in Section
III.
2) Greedy mobility-aware caching strategy: the sub-optimal
solution of problem (3) using the greedy algorithm in
Section IV.
3) Random caching strategy: the random caching strategy
[37], where the probabilities of each user to cache segments of different files are proportional to the file request
probabilities.
4) Popular caching strategy: each user device stores C
segments of the most popular files [36].
In the following, we assume that the file request probability
follows a Zipf distribution with parameter γr , i.e., pf =
f −γr
P
i−γr [8], [12], [16]. The number of encoded segments to
i∈F

recover each file, i.e., Kf , is randomly selected in [1, Kmax ].
A. Performance Evaluation
In this part, we generate the contact rate for each device
pair, i.e., λi,j , for i ∈ D and j ∈ D\{i}, according to a
Gamma distribution as Γ(4.43, 1/1088) [40]. We first compare
the performance of the four caching strategies by varying the
number of users in Fig. 3. Firstly, we can observe that the
greedy caching strategy outperforms both the random caching

and popular caching strategies, since the later two do not
make good use of the user mobility information. Secondly, the
performance of the greedy caching algorithm is very close to
the optimal one. Finally, the above observations do not change
for different parameters of the file request probabilities. Note
a large value of γr means that the requests from mobile users
are more concentrated on the popular files.
Fig. 4 shows the effect of the caching capacity C. It is
demonstrated that the proposed mobility-aware strategy always
provides a substantial performance gain over the random
caching and popular caching strategies for different caching
capacities. In addition, when the caching capacity is very
small, caching the segments of the most popular files provides
a good performance.
Fig. 5 shows the runtime of the proposed algorithms on a
desktop computer with a 3.20 GHz Intel Core i5 processor
and 8 GB installed memory. Even though the runtime of the
optimal algorithm increases exponentially with the number of
users, it can be easily applied to a small size network within
one minute. Moreover, the runtime of the greedy algorithm is
much lower than the optimal algorithm, and it can achieve a
near optimal performance as shown in Fig. 3 and 4.
B. Mobility Pattern
In this part, we will investigate the effect of user mobility
pattern on the proposed caching strategy. First, as the intercontact model adopted in this study cannot directly capture
the speed of user mobility, we will connect it with the random
waypoint model [48], which can directly reflect user velocity.
We will then investigate how user mobility affects the caching
performance.
In the random waypoint model, user i randomly selects a
target point in the area and moves towards it with velocity
randomly selected in (0, 2Via ). When a user reaches its target,
it will randomly select a new target. The user average velocity
Via is uniformly distributed in (0, 2V n ), where V n is the
network average velocity. Simulation results of user velocity
and contact rates are shown in Fig. 6 and Fig. 7, where 20 users
are moving in a 300 m × 300 m area and the transmission
range of each user is 30 m. Fig. 6 shows how the network
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Fig. 8: Comparison of different caching strategies with Nu = 15, Nf ile = 100,
T d = 120 s, Bi,j = 1, Kmax = 3 and C = 8.

Next, we will show how the user mobility pattern affects
the caching performance. The contact rate for each device pair,
i.e., λi,j , for i ∈ D and j ∈ D\{i}, is generated according
to the Gamma distribution as Γ(k, θ), which means that the
average contact rate for the whole network is kθ and the
variance is kθ2 . In Fig 8, we consider the effect of the network
average contact rate, while the variance remains the same
as Γ(4.43, 1/1088) [40]. A larger network average contact
rate implies a higher frequency of contacts in the network,
or equivalently, a higher user velocity. We see that the data
offloading ratio increases first linearly, then logarithmically
with the increase of the network average contact rate, with
either mobility-aware caching or random caching. When the
contact rate is large enough, each user may access the caching
storage of all the users in the network, and the data offloading
ratio reaches a fixed value. The data offloading ratio using the
popular caching increases slightly, and quickly reaches a fixed
value when the network average contact rate increases. For
both the random caching strategy and greedy mobility-aware
strategy, mobile users cache different contents and utilize the
D2D links to exchange data. Thus, both achieve a significant
performance gain compared to the popular caching strategy. In
addition to utilizing the D2D links, the greedy mobility-aware
caching strategy also takes advantage of the user mobility
pattern, and thus, it outperforms the random caching strategy.
Fig. 9 illustrates how the caching behavior changes with
the user average contact rate, which is the rate each user
contacts all the other users and is related to the user velocity
as shown in Fig. 7. In particular, we will focus on the C most
popular files, and investigate the percentage of the caching
capacity of each user that is used to cache these most popular

1

Average percentage of the caching capacity
for caching the most popular files

average velocity affects the network average contact rate, i.e.,
the average number of contacts in the network per unit time. A
linear relationship is observed, i.e., the faster the users move,
the more contacts will occur. Fig. 7 shows the relationship of
the user average velocity and the user average contact rate,
i.e., the average number of contacts for a particular user per
unit time. For this simulation, we use V n = 3m/s. Again, it
reveals a linear relationship between the user average velocity
and the user average contact rate. Therefore, in the following
investigation, the effect of contact rates can be regarded as to
be equivalent to the effect of user velocity.
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Fig. 9: Average percentage of the caching capacity for caching the most popular files
when Nu = 15, Nf ile = 100, T d = 120 s, Bi,j = 1, Kmax = 3 and C = 8.

files. In this simulation, we first generate the contact rate
for each device pair, i.e., λi,j , for i ∈ D and j ∈ D\{i},
according to the Gamma distribution Γ(0.443, 1/108.8). Then,
the user average
contact rate of user i can be calculated as
P
λi =
λi,j . For each realization, caching placement
j∈D\{i}

is obtained by applying the greedy mobility-aware caching
strategy. Afterwards, for the i-th user, the percentage of its
caching capacity used to cache the C most popular files,
denoted as ηi , will be recorded. In this way, we get one data
point (λi , ηi ) for user i in each realization. In total, 5000
realizations are run. We discretize the user average contact
rates, and plot the corresponding average percentage of the
caching capacity for caching the most popular files in Fig. 9.
We see that this percentage first decreases and then increases
with the user average contact rate going large. Intuitively,
when the user contact rate is low, users prefer to cache the
most popular files in order to support their own requirements.
When the user contact rate is relatively high, users are likely
to cache the most popular files as well, but to help other
users to download the requested files via D2D links. On the
other hand, the users with medium user contact rates need
to cache more diversified contents to avoid duplicate caching,
as well as to exploit the user contact opportunities and D2D
communications.
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Fig. 10: Comparison of different caching strategies with Nf ile = 500, T d = 120 s,
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C. Realistic Data-Sets
To verify the effectiveness of the proposed mobility-aware
caching strategy, we utilize the data set conducted by Chaintreau et al. in the INFOCOM 2006 conference [49]. IMotes,
i.e., small portable Bluetooth radio devices, were distributed
to 78 student workshop participants. The transmission range
of each iMote is approximately 30 meters. It is found that user
mobility patterns are different in the daytime and nighttime,
i.e., users are much more active in the daytime, which fits
our intuition. As an example, we use the daytime data during
the first day and estimate the contact rate for each device
pair, i.e., λi,j , by the average number of contact times per
second1 . Based on the estimation, we then apply three different
caching placement strategies, i.e., the greedy mobility-aware
caching strategy, the random caching strategy and the popular
caching strategy. Fig. 10 compares the performance of the
three caching strategies during the daytime in the second day.
It is shown that the greedy caching strategy outperforms the
random caching strategy by 12% ∼ 100% and outperforms
the popular caching strategy by 10% ∼ 60%, which validates

1 Notice that this is a very simple estimator, but it already provides a
substantial performance gain with mobility-aware caching. With more data
and more sophisticated estimators, the performance can be further improved.
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Fig. 12: Comparison of different caching strategies with Nf ile = 500, T d = 120 s,
Bi,j = 1, Kmax = 3 and C = 8.

the user mobility model and demonstrates the advantage of
the proposed mobility-aware caching strategy.
Besides the conference scenario, we also test the proposed
mobility-aware caching strategy in the campus environment,
where iMotes are distributed to 36 students in the Cambridge
campus [50]. Based on the data during the daytime in previous
days, we estimate the contact rate for each device pair, i.e.,
λi,j , and design the caching strategies. The performance of the
three caching strategies in the following day is shown in Fig.
11. We see that the greedy caching strategy outperforms the
random caching strategy by 15% ∼ 100% and outperforms
the popular caching strategy by 7% ∼ 60%.
To show the effect of mobility in a realistic scenario, we
generate the user moving traces based on the Self-similar
Least-Action Walk (SLAW) model [51], where 80 users are
moving with the same velocity in a 1000 m × 1000 m area and
the transmission range of each user is 30 m. In the simulation,
the hurst parameter for self-similarity of waypoints is set as
0.8, and the pause-time follows a truncated Pareto distribution
with the minimum and maximum values as 30 s and 30
min, respectively. We first estimate the contact rate for each
device pair, i.e., λi,j , and design the caching strategies. The
performance of the three strategies on the generated realistic
user traces is shown in Fig. 12. Besides, the numerical value
calculated by Eq. (3) is shown to demonstrate that the Poission
model provides a good approximation. It also illustrates that
the data offloading ratio increases with the user velocity,
with either greedy mobility-aware caching or random caching.
Meanwhile, the greedy mobility-aware caching strategy outperforms both random and popular caching strategies with
different user velocities.
VI. C ONCLUSIONS
In this paper, we exploited user mobility to improve caching
placement in D2D networks using a coded cache protocol.
We took advantage of the inter-contact pattern of user mobility when formulating the caching placement problem. To
assist the evaluation of the complicated objective function, we
proposed a divide and conquer algorithm. A DP algorithm
was then developed to find the optimal caching placement,
which is much more efficient than exhaustive search. By
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reformulating it as a monotone submodular maximization
problem over a matroid constraint, we developed an effective
greedy caching placement algorithm, which achieves a nearoptimal performance. Simulation results based on both the
mathematical model and real-life data-sets showed that the
proposed mobility-aware greedy caching strategy outperforms
both the random caching strategy and popular caching strategy.
It is observed that slow users tend to cache the most popular
files to support themselves, since they have few opportunities
to communicate with others via D2D links. Fast moving users
also tend to cache the most popular files, but the purpose
is mainly to fulfill the requests from other users, since they
have much more opportunities to establish D2D links with
others. Meanwhile, users with medium velocity tend to cache
less popular files to better exploit the D2D communications.
For future works, it would be interesting to exploit other
information of the user mobility pattern to further improve
the caching efficiency. It will also be interesting to investigate
joint caching at both BSs and devices, as well as distributed
algorithms for implementation in large-size networks.

B. Proof of Lemma 4
The gain of adding yj,f,k into the caching placement Y is
(
pf
×
g(Y ∪ {yj,f,k }) − g(Y ) =
Nu Kf


KP
f −1

P
P


0
0
0
q
Pr

j 0 ∈D,j 0 6=j min(Bi,j Mi,j , |Y ∩ Sj ,f |)


q=0
i∈D







+ min(Bi,j Mi,j , |Y ∩ Sj,f | + 1) = q


(a)
P
P


−
Pr
min(Bi,j 0 Mi,j 0 , |Y ∩ Sj 0 ,f |)



i∈D
j 0 ∈D,j 0 6=j


!





+ min(Bi,j Mi,j , |Y ∩ Sj,f |) = q


(b)

A PPENDIX
A. Proof of Lemma 1
We will prove that problem (3) is NP-hard by a reduction
from the 2-disjoint set covers (2DSC) problem, which has been
proved to be NP-hard [52].
Definition 3. 2DSC: Denote B as a set of finite elements,
and A as a collection of subsets of B. The problem is to
determine whether there exist two subsets of A, i.e., A1 ⊂ A
and A2 ⊂ A, such that: 1) A1 ∩ A2 = ∅; 2) The union of
the members
in Ai , i = 1, 2 covers all the elements in B, i.e.,
S
B = B0 ∈Ai B 0 , i = 1, 2.





+Kf
























max
X

i∈D f ∈{1,2}
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min(Bi,j 0 Mi,j 0 , |Y ∩ Sj 0 ,f |)

+ min(Bi,j Mi,j , |Y ∩ Sj,f | + 1) ≥ Kf

P
P
−
Pr
min(Bi,j 0 Mi,j 0 , |Y ∩ Sj 0 ,f |)
i∈D
j 0 ∈D,j 0 6=j
!)
+ min(Bi,j Mi,j , |Y ∩ Sj,f |) ≥ Kf
Pr

j 0 ∈D,j 0 6=j

i∈D

(35)
We first divide the Eq. (35) into two parts, and tackle them
separately. The first part is
Kf −1

(a) =

X

|Y ∩Sj,f |+1

(
X

q

X

i∈D q 0 =|Y ∩Sj,f |

q=0

The 2DSC problem can be solved by solving a special case
of problem (3), where Nf = 2, Kf = 1, C = 1, Bi,j = 1
(i ∈ D, j ∈ D), and Nu = max(|A|, |B|). Denote the i-th
element in B as bj and the j-th member in A as Am
j , and if
bi ∈ Am
j , set λi,j = +∞; otherwise, set λi,j = 0. Meanwhile,
set λi,j = 0, if i > |B| or j > |A|. Then, the special case of
problem (3) becomes



X
1 X X
pf 1 − exp −T d
λi,j xj,f 
Nu


P



X

× Pr

min(Bi,j 0 Mi,j 0 , |Y ∩ Sj 0 ,f |) = q − q 0



j 0 ∈D,j 0 6=j



× Pr [min(Bi,j Mi,j , |Y ∩ Sj,f | + 1) = q 0 ]
)

0
− Pr [min(Bi,j Mi,j , |Y ∩ Sj,f |) = q ]
.

When Bi,j

l

|Y ∩Sj,k |+1
Bi,j

m

(36)


− 1 = |Y ∩ Sj,f |,

j∈D

1 X X
=
pf 1∃j∈A, s.t. bi ∈Am
, (34)
j and xj,f =1
Nu
i∈B f ∈{1,2}

s.t. xj,1 + xj,2 6 1, ∀j ∈ A,
xj,f ∈ {0, 1}, ∀j ∈ A and f ∈ {1, 2},

(34a)
(34b)

|B|
Accordingly, if the solution of problem (34) is N
, two disjoint
u
m
subsets of A are found, i.e., A1 = {Aj |xj,1 = 1} and A2 =
{Am
j |xj,2 = 1}; otherwise, there is no such subsets. Thus,
if Problem (3) can be solved in polynomial time, the 2DSC
problem can be solved in polynomial time, i.e., the 2DSC
problem is poly-time reducible to Problem (3). Since an NPhard problem is reducible to problem (3), problem (3) is NPhard.
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Since min(Bi,j 0 Mi,j 0 , |D∩Sj 0 ,f −E|) 6 min(Bi,j 0 Mi,j 0 , |D∩
Sj 0 ,f |), denote Ui,j 0 = min(Bi,j 0 Mi,j 0 , |D ∩ Sj 0 ,f |) −
min(Bi,j 0 Mi,j 0 , |D ∩ Sj 0 ,f − E|), then Ui,j 0 > 0 and

j 0 ∈D,j 0 6=j

− Pr

To prove that the function g(A) defined in (23) is a monotone submodular function, we will show that g(A) satisfies
Proposition 1. Let A ⊂ D ⊂ S, E = D − A, and
yj,f,k ∈ S − D, then according to Eq. (24), we can get

j 0 ∈D,j 0 6=j


= q − |Y ∩ Sj,f | − 1

X

By combining the four parts, the gain of adding yj,f,k into the
caching placement Y can be given as shown in Lemma 3.

g(A ∪ {yj,f,k }) − g(A) =
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C. Proof of Lemma 5
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(42)

It is easy to get the conclusion that g(A ∩ {yj,f,k }) − g(A) >
0, since it is a summation of non-negative probabilities. In
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conclusion, the function g(A) satisfies Proposition 1, and thus,
it is a monotone submodular function.
R EFERENCES
[1] J. G. Andrews, S. Buzzi, W. Choi, S. V. Hanly, A. Lozano, A. C. Soong,
and J. C. Zhang, “What will 5G be?” IEEE J. Sel. Areas Commun.,
vol. 32, no. 6, pp. 1065–1082, Jun. 2014.
[2] Y. Shi, J. Zhang, and K. B. Letaief, “Group sparse beamforming for
green Cloud-RAN,” IEEE Trans. Wireless Commun., vol. 13, no. 5, pp.
2809–2823, May 2014.
[3] Y. Shi, J. Zhang, K. B. Letaief, B. Bai, and W. Chen, “Large-scale convex
optimization for ultra-dense Cloud-RAN,” IEEE Wireless Commun.,
vol. 22, no. 3, pp. 84–91, Jan. 2015.
[4] V. Chandrasekhar, J. Andrews, and A. Gatherer, “Femtocell networks:
A survey,” IEEE Commun. Mag., vol. 46, no. 9, pp. 59–67, Sep. 2008.
[5] N. Golrezaei, A. F. Molisch, A. G. Dimakis, and G. Caire, “Femtocaching and device-to-device collaboration: A new architecture for
wireless video distribution,” IEEE Commun. Mag., vol. 51, no. 4, pp.
142–149, Apr. 2013.
[6] X. Wang, M. Chen, T. Taleb, A. Ksentini, and V. Leung, “Cache in the
air: exploiting content caching and delivery techniques for 5G systems,”
IEEE Commun. Mag., vol. 52, no. 2, pp. 131–139, Feb. 2014.
[7] X. Peng, J.-C. Shen, J. Zhang, and K. B. Letaief, “Backhaul-aware
caching placement for wireless networks,” in Proc. IEEE Global Commun. Conf. (Globecom), San Diego, CA, Dec. 2015.
[8] M. Ji, G. Caire, and A. F. Molisch, “Wireless device-to-device caching
networks: Basic principles and system performance,” IEEE J. Sel. Areas
Commun., vol. 34, no. 99, pp. 176–189, Jul. 2015.
[9] X. Peng, J. Zhang, S. Song, and K. B. Letaief, “Cache size allocation
in backhaul limited wireless networks,” in Proc. IEEE Int. Conf. on
Commun.(ICC), Kuala Lumpur, Malaysia, May 2016.
[10] M. A. Maddah-Ali and U. Niesen, “Decentralized coded caching attains
order-optimal memory-rate tradeoff,” IEEE/ACM Trans. Netw., vol. 23,
no. 4, pp. 1029–1040, Aug. 2015.
[11] E. Bastug, M. Bennis, M. Kountouris, and M. Debbah, “Cache-enabled
small cell networks: Modeling and tradeoffs,” EURASIP J. on Wireless
Commun. and Netw., vol. 2015, no. 1, pp. 1–11, Feb. 2015.
[12] K. Shanmugam, N. Golrezaei, A. G. Dimakis, A. F. Molisch, and
G. Caire, “Femtocaching: Wireless content delivery through distributed
caching helpers,” IEEE Trans. Inf. Theory, vol. 59, no. 12, pp. 8402–
8413, Sep. 2013.
[13] N. Golrezaei, K. Shanmugam, A. G. Dimakis, A. F. Molisch, and
G. Caire, “Femtocaching: Wireless video content delivery through
distributed caching helpers,” in Proc. of IEEE Int. Conf. on Computer
Commun. (INFOCOM), Orlando, FL, Mar. 2012.
[14] ——, “Wireless video content delivery through coded distributed
caching,” in Proc. IEEE Int. Conf. on Commun.(ICC), Ottawa, ON, Jun.
2012.
[15] N. Golrezaei, A. F. Molisch, A. G. Dimakis, and G. Caire, “Femtocaching and device-to-device collaboration: A new architecture for
wireless video distribution,” IEEE Commun. Mag., vol. 51, no. 4, pp.
142–149, Apr. 2013.
[16] N. Golrezaei, A. G. Dimakis, and A. F. Molisch, “Scaling behavior for
device-to-device communications with distributed caching,” IEEE Trans.
Inf. Theory, vol. 60, no. 7, pp. 4286–4298, Apr. 2014.
[17] M. Ji, G. Caire, and A. F. Molisch, “Optimal throughput-outage tradeoff in wireless one-hop caching networks,” in Proc. IEEE Int. Symp.
Information Theory (ISIT), Istanbul, Jul. 2013.
[18] ——, “The throughput-outage tradeoff of wireless one-hop caching
networks,” IEEE Trans. Inf. Theory, vol. 61, no. 12, pp. 6833–6859,
Oct. 2015.
[19] M. Ji, G. Caire, and A. Molisch, “Fundamental limits of caching in
wireless D2D networks,” IEEE Trans. Inf. Theory, vol. 62, no. 2, pp.
849 – 869, Feb. 2016.
[20] M. Grossglauser and D. Tse, “Mobility increases the capacity of ad-hoc
wireless networks,” in Proc. of IEEE Int. Conf. on Computer Commun.
(INFOCOM), Anchorage, AK, Apr. 2001.
[21] K. Poularakis and L. Tassiulas, “Exploiting user mobility for wireless
content delivery,” in Proc. IEEE Int. Symp. Information Theory (ISIT),
Istanbul, Turkey, Jul. 2013.
[22] J. Liu, B. Bai, J. Zhang, and K. B. Letaief, “Content caching at the
wireless network edge: A distributed algorithm via brief propagation,”
in Proc. IEEE Int. Conf. on Commun. (ICC), Kuala Lumpur, Malaysia,
May 2016.

[23] J. Li, Y. Chen, Z. Lin, W. Chen, B. Vucetic, and L. Hanzo, “Distributed
caching for data dissemination in the downlink of heterogeneous networks,” IEEE Trans. Commun., vol. 63, no. 10, pp. 3553–3568, Oct.
2015.
[24] A. Liu and V. K. Lau, “Exploiting base station caching in MIMO cellular
networks: Opportunistic cooperation for video streaming,” IEEE Trans.
Signal Process., vol. 63, no. 1, pp. 57–69, Jan. 2015.
[25] L. Song, Z. Han, and C. Xu, Resource Management for Device-to-Device
Underlay Communication. Springer Science & Business Media, 2013.
[26] L. Lei, Y. Zhang, X. Shen, C. Lin, and Z. Zhong, “Performance analysis
of device-to-device communications with dynamic interference using
stochastic petri nets,” IEEE Trans. Wireless Commun., vol. 12, no. 12,
pp. 6121–6141, Oct. 2013.
[27] M. A. Maddah-Ali and U. Niesen, “Fundamental limits of caching,”
IEEE Trans. Inf. Theory, vol. 60, no. 5, pp. 2856–2867, Mar. 2014.
[28] N. Golrezaei, P. Mansourifard, A. F. Molisch, and A. G. Dimakis, “Basestation assisted device-to-device communications for high-throughput
wireless video networks,” IEEE Trans. Wireless Commun., vol. 13, no. 7,
pp. 3665–3676, Apr. 2014.
[29] S. Krishnan and H. S. Dhillon, “Effect of user mobility on the performance of device-to-device networks with distributed caching,” IEEE
Wireless Commun. Lett., to appear.
[30] R. Lan, W. Wang, A. Huang, and H. Shan, “Device-to-device offloading
with proactive caching in mobile cellular networks,” in Proc. IEEE
Global Commun. Conf. (GLOBECOM), San Diego, CA, Dec. 2015.
[31] R. Wang, X. Peng, J. Zhang, and K. B. Letaief, “Mobility-aware caching
for content-centric wireless networks: modeling and methodology,”
IEEE Commun. Mag., vol. 54, no. 8, pp. 77 – 83, Aug. 2016.
[32] V. Conan, J. Leguay, and T. Friedman, “Fixed point opportunistic routing
in delay tolerant networks,” IEEE J. Sel. Areas Commun., vol. 26, no. 5,
pp. 773–782, Jun. 2008.
[33] R. Wang, X. Peng, J. Zhang, and K. B. Letaief, “Mobility-aware caching
for content-centric wireless networks: Modeling and methodology,”
IEEE Commun. Mag., vol. 54, no. 8, pp. 77–83, Aug. 2016.
[34] P. Hui, A. Chaintreau, J. Scott, R. Gass, J. Crowcroft, and C. Diot,
“Pocket switched networks and human mobility in conference environments,” in Proc. ACM Special Interest Group on Data Commun.
(SIGCOMM) Workshop, Philadelphia, PA, Aug. 2005.
[35] D. J. MacKay, “Fountain codes,” IEE Proc.-Commun., vol. 152, no. 6,
pp. 1062–1068, Dec. 2005.
[36] H. Ahlehagh and S. Dey, “Video-aware scheduling and caching in the
radio access network,” IEEE/ACM Trans. Netw., vol. 22, no. 5, pp. 1444–
1462, Oct. 2014.
[37] B. Blaszczyszyn and A. Giovanidis, “Optimal geographic caching in
cellular networks,” in Proc. IEEE Int. Conf. on Commun. (ICC), London,
UK, Jun. 2015.
[38] A. Passarella and M. Conti, “Characterising aggregate inter-contact times
in heterogeneous opportunistic networks,” in Proc. IFIP Netw. Conf.,
Valencia, Spain, 2011.
[39] A. Chaintreau, P. Hui, J. Crowcroft, C. Diot, R. Gass, and J. Scott,
“Impact of human mobility on opportunistic forwarding algorithms,”
IEEE Trans. Mobile Comput., vol. 6, no. 6, pp. 606–620, Jun. 2007.
[40] A. Passarella and M. Conti, “Analysis of individual pair and aggregate intercontact times in heterogeneous opportunistic networks,” IEEE
Trans. Mobile Comput., vol. 12, no. 12, pp. 2483–2495, Oct. 2013.
[41] L. Cooper and M. Cooper, Introduction to Dynamic Programming. New
York: Pergamon, 1981, vol. I.
[42] S. Fujishige, Submodular functions and optimization. Elsevier, 2005.
[43] M. L. Fisher, G. L. Nemhauser, and L. A. Wolsey, “An analysis
of approximations for maximizing submodular set functions-I,” Math.
Prog., vol. 14, no. 1, pp. 265–294, Dec. 1978.
[44] A. Schrijver, Combinatorial optimization: polyhedra and efficiency.
Springer Science & Business Media, 2003.
[45] G. Calinescu, C. Chekuri, M. Pál, and J. Vondrák, “Maximizing a
monotone submodular function subject to a matroid constraint,” SIAM
J. Comput., vol. 40, no. 6, pp. 1740–1766, 2011.
[46] S. El Rouayheb, A. Sprintson, and C. Georghiades, “On the index
coding problem and its relation to network coding and matroid theory,”
Information Theory, IEEE Transactions on, vol. 56, no. 7, pp. 3187–
3195, Jul. 2010.
[47] J. Scott, R. Gass, J. Crowcroft, P. Hui, C. Diot, and A. Chaintreau,
“CRAWDAD dataset cambridge/haggle (v. 2009-05-29),” Downloaded
from http://crawdad.org/cambridge/haggle/20090529, May 2009.
[48] C. Bettstetter, G. Resta, and P. Santi, “The node distribution of the
random waypoint mobility model for wireless ad hoc networks,” IEEE
Trans. Mobile Comput., vol. 2, no. 3, pp. 257–269, Sept. 2003.

1536-1276 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TWC.2017.2705038, IEEE
Transactions on Wireless Communications
15

[49] A. Chaintreau, P. Hui, J. Scott, R. Gass, J. Crowcroft, and C. Diot,
“Impact of human mobility on opportunistic forwarding algorithms,”
IEEE Trans. Mobile Comput., vol. 6, no. 6, pp. 606–620, Jun. 2007.
[50] J. Leguay, A. Lindgren, J. Scott, T. Friedman, and J. Crowcroft,
“Opportunistic content distribution in an urban setting,” in Proc. ACM
Special Interest Group on Data Commun. (SIGCOMM) Workshop, Pisa,
Italy, Sep. 2006.
[51] K. Lee, S. Hong, S. J. Kim, I. Rhee, and S. Chong, “SLAW: A new
mobility model for human walks,” in Proc. of IEEE Int. Conf. on
Computer Commun. (INFOCOM), Rio de Janeiro, Brazil, Apr. 2009.
[52] M. Cardei and D.-Z. Du, “Improving wireless sensor network lifetime
through power aware organization,” ACM Wireless Netw., vol. 11, no. 3,
pp. 333–340, May 2005.

Rui Wang (S’14) received her B.Eng. degree in
electronic information engineering from the University of Science and Technology of China, in 2013.
She is currently working toward her Ph.D. degree
in the Department of Electronic and Computer Engineering at Hong Kong University of Science and
Technology (HKUST) under the supervision of Prof.
Khaled B. Letaief. Her research interests include
D2D communications, wireless caching networks,
stochastic geometry, and optimization theory.

Jun Zhang (S’06-M’10-SM’15) received the B.Eng.
degree in Electronic Engineering from the University
of Science and Technology of China in 2004, the
M.Phil. degree in Information Engineering from the
Chinese University of Hong Kong in 2006, and the
Ph.D. degree in Electrical and Computer Engineering from the University of Texas at Austin in 2009.
He is currently a Research Assistant Professor in
the Department of Electronic and Computer Engineering at the Hong Kong University of Science and
Technology (HKUST). His research interests include
dense wireless cooperative networks, mobile edge caching and computing,
cloud computing, and big data analytics systems.
Dr. Zhang co-authored the book Fundamentals of LTE (Prentice-Hall,
2010). He is a recipient of the 2016 Marconi Prize Paper Award in Wireless
Communications, the 2016 Young Author Best Paper Awards by the IEEE
Signal Processing Society (co-author), the 2014 Best Paper Award for the
EURASIP Journal on Advances in Signal Processing, an IEEE ICC Best
Paper Award in 2016, and an IEEE PIMRC Best Paper Award in 2014. He
also received the 2016 IEEE ComSoc Asia-Pacific Best Young Researcher
Award. He is an Editor of IEEE Transactions on Wireless Communications,
and is a guest editor of the special section on "Mobile Edge Computing for
Wireless Networks" in IEEE Access. He frequently serves on the technical
program committees of major IEEE conferences in wireless communications,
such as ICC, Globecom, WCNC, VTC, etc., and served as a MAC track
co-chair for IEEE WCNC 2011.

Khaled B. Letaief (S’85-M’86-SM’97-F’03) received the BS degree with distinction in Electrical Engineering from Purdue University at West
Lafayette, Indiana, USA, in December 1984. He
received the MS and Ph.D. Degrees in Electrical Engineering from Purdue University, in August 1986,
and May 1990, respectively.
From 1990 to 1993, he was a faculty member
at the University of Melbourne, Australia. He has
been with the Hong Kong University of Science &
Technology since 1993 where he is known as one
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