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Abstract — We consider a mobile content delivery network
(mCDN) in which a special form of mobile devices designated as
caching servers (caching-server device: CSD) can provide the
near-by devices with some popular contents on demand via
device-to-device (D2D) communication links. On the assumption
that mobile CSDs are randomly distributed by a Poisson point
process (PPP), an optimization problem is formulated to
determine the probability of storing the individual content in
each server in a manner that minimizes the average caching
failure rate. Further, we present a low-complexity search
algorithm, optimum dual-solution searching algorithm (ODSA),
for solving this optimization problem. We identify the important
characteristics of the optimal caching policies in the mobile
environment that would serve as a useful aid in designing an
mCDN.

Index Terms— Mobile Contents Distribution Network (CDN),
Device-to-device Communication, Caching Probability, Caching
Server Device, Poisson Point Process

1. INTRODUCTION

Ever-increasing demands for multimedia contents have had
a critical impact on network capacity in serving content to
end-users with high availability and performance. In particular,
it tends that a small portion of popular contents, especially
associated with the common interests, incurs the enormous
amount of traffic that would take up a major portion of the
overall traffic, as social network service (SNS) allows them to
be shared dynamically and steadily among the public. In this
situation, the pure client-server model is highly inefficient for
content distribution, as it suffers from performance
degradation owing to a bottleneck problem at the single server,
while overloading the network to serve physically remote
clients. To deal with the issues in the client-server model, a
content distribution network (CDN) has been introduced as a
distributed system of proxy servers deployed in multiple data
centers across the network. In CDN, popular content on
servers subject to frequent demand for delivery is stored in
proxy servers, placed at multiple locations close to the end
users, offloading the network and server.

On the top of the global aspects, meanwhile, many issues
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over SNS are bounded by the local characteristics. Since one’s
interests in the various issues of politics, economics, society
and culture are centered on his or her daily social interactions,
those who are living in the proximity tend to consume the
same contents more often than the others. Based on this nature,
a concept of CDN recently has been extended to mobile
networks in which wireless access nodes, such as an access
point and a base station, can be used as caching servers for
mobile users at their end [1]. Furthermore, individual mobile
devices themselves can be caching servers as well, since they
are directly connected to each other by establishing device-to-
device (D2D) communication links [2]. And the main
advantage of D2D communication in a cellular system is
spatial reuse gained by enabling multiple direct links between
two near-by devices at the same time. However, in the current
commercial system, D2D communication links would be
rarely activated owing to the fact that most traffic is originated
mainly by the current client/server model-based content
delivery architecture, i.e., overloading the access network. If
mobile devices themselves serve as content caching servers,
mobile CDN (mCDN) traffic becomes enormous within each
cell, making D2D communication essential for an aggressive
spatial reuse gain. Furthermore, a mobile device as a caching
server, a caching-server device (CSD), would reduce the
traffic load of a backbone network as intended by CDN,
without incurring an extra cost of deploying and maintaining
proxy servers.

D2D communication-enabled CSDs with content-caching
capability differ from conventional caching servers in the
network in many ways. First, their service coverage is limited
owing to a wireless link. Second, caching servers are subject
to mobility, implying that the availability of contents would be
spatially random. Third, caching capability is limited by the
physical nature of mobile devices, e.g., limited storage
capacity. As a result of these characteristics, content-caching
policies must differ from the conventional ones. Content on
demand can be provided only when a mobile device exists
within the coverage of the corresponding caching server. In
practice, the advantage of mCDN may be limited when a
significant number of mobile devices in a broad range must be
served with a finite caching storage on the move. Therefore,
caching policies become essential for dealing with the
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mobility and limited storage of mobile CSDs. In other words,
the probability of caching individual content, e.g., if it must be
cached or not, must be determined by the content demand rate,
the coverage of the caching server device, and the distribution
of mobile devices. For example, only the most popular
contents can be cached within the storage capacity of a
caching server, or some of the contents must be selectively
cached, possibly with a given caching probability. In the event
that a specific content cannot be found upon request, a server
is subject to caching failure.

In this paper, we formulate an optimization problem to
determine the optimum caching probability for each content.
Then, we propose a low-complexity solution approach, the
optimum dual-solution searching algorithm (ODSA), which
minimizes the average caching failure probability. Because
ODSA converts the continuous dual solution region into
discrete solution regions, it allows a full search to determine
the optimum caching probability. In fact, it takes fewer
iterations, on the order of O(log N) searches, for caching N

contents in the system to find the optimal solution, as
compared to the number of iterations in the conventional
subgradient method [4], with an acceptable accuracy in
practice. The performance of the proposed policy with the
optimal caching probability is compared with that of other
caching policies, one with an equal caching probability (EP
caching policy) and the other with high-priority-first selection
(HPF caching policy). Based on conclusions from our
optimization framework, we provide a practical design
principle that can improve its performance when the demand
statistics are known a priori.

This paper is organized as follows. In Section II, we present
the system model and formulate the optimization problem for
finding the caching probability for each content. In Section III,
we present ODSA. In Section IV, numerical results are
presented to provide the performance of the different caching
policies. Finally, conclusions are drawn in Section

II. SYSTEM MODEL & PROBLEM FORMULATION

A. System model

We assume that CSDs are randomly distributed over a
circular range with radius d, centered at a reference receiver
that requests a specific content. In particular, we assume a
distribution of L CSDs by a Poisson point process (PPP) with
average intensity A (arrivals/m®) [3], i.e., a probability that /
CSDs exist within a distance of d from the reference receiver
is given as

(”dz/l)n eﬁrdzz
[

Let I denote a set of N contents, one of which is requested by
a device at an arbitrary location. Note that the caching server
device is different from the device in general, as it is capable
of storing the contents (up to M contents on average) that are
obtained upon its own request or overhearing what other
devices have transmitted and providing these contents to any
neighbor device via a direct link upon the request. In fact,

filzd)= (1)
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D2D communication links are used to share contents among
the CSDs forming an mCDN. We assume that the CSD stores
the content of index i with a probability of p,, when the
corresponding content was obtained upon its own request or
overheard when other devices have transmitted it. Therefore,
those CSDs with content i are distributed by a PPP with
average intensity A-p, . Let D be a random variable
representing the distance between a reference receiver that is
requesting content i and the closest CSD with content i. In
other words, as shown in Figure 1, this corresponds to the
situation in which there exists no CSD with content i within a
circular range of radius D centered at the reference receiver.
Then, the cumulative distribution function (CDF) of D,
F"(d), is given as

F(d)=1-Pr(D >d)=1-f,(0;d) =1—e ™ (2)

. Reference Receiver Device
O Caching Server Device

|I| Stored Content i

i 2]
- R
. |:| Empty Buffer
O N
v 7 i S\

Figure 1. Distribution of caching-server devices (CSDs):
[lustration

Content caching failure is defined as an event in which the
reference receiver that requests a specific content cannot find
the corresponding CSD within a distance R that is the
maximum transmission range of the CSD. The caching failure
rate of each content i for a reference receiver with a radius R,

denoted as P}”(R) , 1s given by the probability of caching
failure as follows:

PO(R)=1-F(R)=e ™ 3)

Meanwhile, let g, denote the probability that content i is

requested by a device. We assume that a content with a
smaller index has a larger probability of being requested by a
device, ie., g =g, if i<j . Given content caching

probabilities p ={p,, p,,...., Py} » the average content caching

failure rate is given by the weighted sum of individual content
caching failure probabilities for all contents, each weighted by
the probability of requesting the corresponding content, as
follows:

F®)=2{1-F (R} g =Y ge ™" 4
iel iel
B. Problem formulation

We intend to determine the caching probability for each
content, p={p,,p,,....Py} » that minimizes the average
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caching failure probability in (4) when each device caches
content i with a probability of p,. Note that the average

number of contents cached in CSD is Zid p, . Then, let us

impose a constraint that the average number of contents
cached in CSD cannot exceed M, i.e.,

YoM 5)

iel
In other words, M corresponds to the maximum number of
contents that can be cached in a CSD on average. Now, our
optimization problem can be formulated as

min > ge (6)

= e Dy
P=1p1.P2> ‘p"“}igl

subject to qPi—M<0 @)
p,—-1<0,i=12,---,N ®)
-p,£0,i=12,---,N. )

This is a constrained non-linear convex optimization problem,
which can be solved by a conventional iterative approach, e.g.,
the subgradient method [4]. However, we note that the
convergence rate of the subgradient method depends mainly
on the step size in an iteration formula, typically requiring a
large number of iterations to obtain the optimal solution
within the given accuracy. In order to circumvent the
complexity of an iterative approach, therefore, we propose a
reduced complexity search algorithm, ODSA, in the next
section.

III. OPTIMUM DUAL-SOLUTION SEARCHING ALGORITHM

Note that the solution to our optimization problem (6)-(9) is
a vector p={p,, p,,..... py; Wwith real elements. This type of

problem can be solved using iterative schemes such as the
subgradient method [4]. For a convex or quasi-convex
problem, these iterative schemes guarantee an optimal solution,
but may involve enormous computational complexity. This is
because the optimal step size for updating decision variables is
difficult to determine, so the number of iterations needed to
converge varies with other parameters. However, in our
optimization problem (6)-(9), we find a non-iterative solution
approach with a fixed but low computational complexity. We
propose a method for converting this problem into one of
searching for the optimal dual solution over a finite set.
Toward this end, we consider the Karush-Kuhn-Tucker (KKT)
conditions for our optimization problem (6)-(9) as follows:
- The gradient of the Lagrangian with respect to p,

vanishes:

L 2
o __ AR e ™ P g + u+y,—0, =0

o, (10)

where
) N N
LO =Y ge ™" +u(Y  p-M)+ Y 7(p-D-Yo.p,
iel i=1 i=1

- Primal conditions:
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> p,-M<0 (11)
iel
p,—-1<0, —p,£0,i=12,---,N (12)
- Dual conditions:
u=0 (13)
7,20,0,20i=12,---,N (14)
- Complementary slackness:
u(Zp,-—M}o (15)
iel
7:(p,-1)=0,i=12,--,N (16)
op =0,i=12,---.N 17)
Solving (10) for p,,
1 TAR’g. 1 7AR’g.
(u,y,06)= lo = lo - (18
P;(1,7,0) R gw%_q R o8 z (18)
where & =u+y,—o, . ¥=070m0nyy) . and

6=(0,,0,,"-,0y). As ) . p, =M must be satisfied at the
in (15).

Furthermore, y,=0 for p, #1 in (16) and o, =0 for p, #1

optimal solution, g 1is not necessarily zero

in (17). Depending on the value of p,, & can be given as

u—o, if p;=0
&=y if 0<p, <1. (19)
u+y, if p =1

Lemma 1. For an arbitrary value of p, 6 and y are given
as

o, =[u-mRg],i=12,---,N (20)

7, =[mARge ™ —pul", i=1,2,--,N 1)

where [x]" = max(0,x).
Proof: Left out due to lack of space. gg

As ¢ and y are given in terms of # by Lemma 1, we can
represent p,(u,v,6) in (18) as p,(u) in short. As u is
known for p, =1 or p, =0 in Lemma 1, we only need to
determine ¢ for 0 < p, <1. Let I, denote a set of contents
that is never stored in any device, i.e., I, ={i| p, =0, i el}.
Similarly, define I, to denote a set of contents that is always
stored in all devices, ie., I, ={i| p, =1 iel}. As I, and I,
depend on the given dual solution u, they can be re-defined

as functions of y by the fact that u < zAR?g, for p, >0 and
H> 7z/1R2gl.e'”Mz for p, <1:
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1,(1) = {i| 7ARg, < u,i €[LN]} (22)

() ={i| PR’ ge ™ > p, ie[l, N} (23)
In Theorem 1, we will show that given I,(x) and I, (x) for

an arbitrary x , the optimal dual solution x° will be a
function x .

Theorem 1. If I, (x)=1,(x’) and 1,(u)=1,(1) for an
arbitrary dual solution u , then the optimal dual solution

* ., .
MU is given as

TAR? ( (24)

(p)
where ii(u) = N—|1,(u) UL, ()] .
Proof: Left out due to lack of space. gy

Zp,-(ﬂ)—Mj}

iel

7 =ﬂeXp{

In the subsequent theorem, we provide a necessary and
sufficient condition for the optimal dual solution, which will
serve as a stopping condition for our search algorithm.

Theorem 2. When I,(1) =1, Zp[(,u*)zM, ie, an

iel

arbitrary value of u is the optimal dual solution u  iff

2P (u)=M.

iel

Proof: Left out due to lack of space. g

Theorem 1 indicates that the optimal solution z° can be
derived by searching for an arbitrary value of x such that

I(u)=1,(¢") and T, (u)=1,(&"). In order to facilitate the
search for x, a continuous real number, we first investigate
the properties of 4. In fact, the following theorem identifies
the range of the optimal solution .
Theorem 3. The optimal dual solution u exists within the
following ranges:

7[/1R2gMe’”;”R2 <u <miR’g, (25)

Proof: Left out due to lack of space. g

According to the definitions in (22) and (23), the elements
in I,(u) and I,(x) vary by g, , which determines the
boundary value. Now, let us define a set of boundary values
for the dual solution within the range of u° given by
Theorem 3, which is given as

Bo={ sy iy}

= {mle g e |me [l,M]} (26)

U{mR’g, | g, > gye™ ,me[M,N]}

where we have assumed that g, < u, for i> j without loss of

generality. Note that there are a maximum of N elements in
(26). To describe the proposed search algorithm, we define the
following dual-solution update function:

7= x'eXp{fog(xn(z” " (x)_Mj}'

Now, the optimal dual solution can be found by searching for
u satisfying Z p,(f(1)) =M as required by Theorem 2.

Therefore, based on Theorems 2 and 3, the following optimal
dual-solution searching algorithm can be constructed:

27

iel

Algorithm 1. Optimal Dual-solution Searching (ODSA)

// set the boundary values

ue{ﬂl’uz, ...... ’/’lN}
:{;z,1R2 g™ |me [l,M]} U{miR?g,, | me[M, N1}

where g, <y, for i>j;
// initialization of starting point, step size, and dual solution
ne|[N/2|; t«[N/2|; p<pu,;
While Zp[. (f(y)) #=M //repeat until Zp, (f(p)=M
iel iel
t <« |_t / 2-| ;
If Zp,. (y) —M >0 //set the next searching point
iel
n < max(0,n—1t);
else if Zpl. (,u)—M <0
iel
n < min(N,n+t); // set the next searching point
end if ;
H<— 1,
end while;
1o f(w);

p < pu);

Figure. 2 illustrates the searching process for Algorithm 1
when |p|=14. At the first step, 7 is set to [|p[/2]=7. Since

L P(f(w)#M and Y p(u;)>M , n is reduced by
one-half, i.c., n=7-[7/2]=3, for the second step. At the
second and third steps, 7 is updated as n=3+[4/2]=5 and
n=5-[2/2]=4, respectively. Since Y p,(f(1,)=M

at the fourth step, searching is stopped, and the optimum dual
solution is given by f(u,). As each step reduces a search

space range by one half, starting from the maximum range of
N, Algorithm 1 involves a complexity of O(log, N) iterations
to search for the optimal solution.
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Zp' (n5)<M
> (i () =M

ZP,(#4)>M
Zp (& (u))=M

A

ZP.(A13)<M

Y| 2 (7 () =M

|
|
y

Mgt By oy My M

Figure 2. Illustrative example of Algorithm 1: |p|=14

Demand probability g.

Content index (i)

Figure 3. Zipf distribution with varying demand dominance
factor s: illustration

IV. NUMERICAL RESULTS

In this section, we first compare the performance of the
proposed ODSA and the subgradient method from the
viewpoints of computational complexity and accuracy for the
given operational environment. Then, we compare the
performance of the average caching failure rate obtained by
using the different caching probabilities, including the optimal
one found by ODSA.

In the current numerical analysis, we assume a maximum
transmission radius of 100 m, i.e., R = 100 m, and a PPP
distribution of devices with average A (devices/m?). For R =
100 m, an average of 10,0004z devices are uniformly
distributed over a circular range with a radius of 100 m,
centered around an arbitrary receiver. We assume that each of
the N representative contents has its own demand probability.
For example, the content demand probability for content i can
be modeled by the following Zipf distribution:

/iy
(s N)=—t
g (s,N) S iy

where s is a demand dominance factor. Figure 3 illustrates
the distribution in (28) with varying s.

The performance of the proposed policy with the optimal
caching probability is compared with that of other caching
policies: one with an equal caching probability (EP caching
policy) and the other with a high-priority-first selection (HPF
caching policy). The EP policy is to cache all contents with
equal probability, e.g., with the following probability:

(28)
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(29)

The HPF policy is to cache the M most frequently requested
contents, corresponding to the following caching probabilities:

1 ifisM
pi =

0ifi>M
In the numerical results in this subsection, we assume that
A=0.001/7.

Figure 4 shows the size of the search space for ODSA as
varying N with M =10, s=1,and 4 =0.01/7 . As shown in
Figure 4, the number of iterations for ODSA is bounded by
(log2 N—| , e.g., 14 for N = 10,000, while achieving the actual
number of iterations below the bound by breaking the rule in
Theorem 2.

p,=M/N, Viel

(30)

The number of searches

[ [
| | |
| | | |
I | T T
| | | |
| | | |
[ 1 + +
| | | |
| | | | | | | | | |
2F - 7:7 - 7:7 - 4‘ - 4‘ - T —7— Upper bound : ceil(log,N) |
| | | | || —¢— Proposed |
0 i | i il 1 — T T T 4]
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

The number of contents : N

Figure 4. Computational complexity as varying the number of
contents, N: M =10, s=1,4=001/n
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Figure 5. The average caching failure probability as varying
the demand dominance factor s: N =1,000, R=100m ,

A1=0.001/7

Figure 5 shows the average caching failure performance for
the EP, HPF, and optimal policies with different numbers of
caching storage capacity M as a dominance factor s varies
when N=1,000. First, the caching failure probability decreases
as the demand dominance factor s increases. This is attributed
to the fact that only a limited number of contents will be
requested with a large demand dominance factor, which tends
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to store some contents with a high probability, reducing the
caching failure rate. In fact, the performance of the HPF
policy is close to the optimal performance for a large demand
dominance factor. It is the other way around for the EP policy.

Figure 6 shows the average caching failure performance of
EP, HPF, and optimal policies for different numbers of
caching storage capacity M as the number of contents N varies
with s =1. Due to limited storage capacity, the average failure
probability increases with N. We observe that the EP and HPF
policies perform better for small and large numbers of
contents, respectively. Furthermore, the crossing point for the
performance of the EP and HPF policies moves toward the
larger N as M increases. However, the average caching failure
performance for the EP or HPF scheme deviates from the
optimum when M is sufficiently larger than N.

L | —o— EP: M=100

D | —k— EP : M=400

Y | =7 EP: M=700
—&— EP : M=1000
—E&— HPF : M=100
—¥— HPF : M=400
—S7— HPF : M=700
—O— HPF : M=1000
—E— Optimal : M=100
—¥— Optimal : M=400
—%7— Optimal : M=700

—&— Optimal : M=1000

Caching Failure Probability

104 i i i | i | i i
1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
N

Figure 6. The average caching failure probability as varying
the number of caching-service devices, N: s=1, R=100m,
A1=0.001/7x

Taking the results from Figures 5 and 6 into account, we
note that the optimal performance can be achieved by
employing the EP or HPF policy selectively, depending on N
and s. As N tends to be much larger than N, and most traffic
will be governed by some popular contents in general, a
further study on such a selective scheme may be meaningful.

V. CONCLUSION

In this paper, we considered a design and optimization
framework for an mCDN in which, by direct D2D
communication, mobile devices in proximity can share the
contents that are cached in the individual devices, i.c., a
mobile device consumes the contents while storing them as a
CSD. As the connectivity of mobile D2D links are highly
dynamic and, furthermore, since storage size is strictly limited
in the mCDN, we attempted to determine which contents must
be stored in CSDs, given the popularity of individual contents
in terms of their demand probabilities. In this paper, we
presented a low-complexity search algorithm to solve an
optimization problem that minimizes the average caching
failure probability. Based on our optimization framework, we
found that less popular contents must be cached still with
some given probabilities while caching more popular contents
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with a higher probability. On the other hand, it was found that
when the demand statistics are not known a priori,
performance could be improved significantly by alternately
employing the policy of caching all contents with the same
probability and that of caching some of the highly popular
contents only. Even if we have not taken the power
consumption issue into account for CSD in this paper, some
means of selecting the CSD that leads to longer battery
lifetime would be critical in practice.

As the small-cell approach becomes an essential means of
coping with mobile traffic explosion, the practicality of
mobile caching devices would be more acceptable with an
mCDN. In fact, the ultimate form of the small cell would be a
portable base station that can be carried by an individual user
with a wireless backhaul, eventually leading to more base
stations than mobile devices in some situations. The portable
base stations are dynamically inter-connected to form
reconfigurable backhaul links. As the popular contents can be
cached in portable base stations, the reconfigurable backhaul
infrastructure will serve as an mCDN, reducing wireless data
transmissions, especially without communication with the
server in the core network. Then, caching policies become
essential for dealing with the mobility and limited storage of
portable base stations. Therefore, our proposed optimization
framework and the solution approach therein can be useful for
implementing mCDN with portable base stations, which
would be the ultimate form of small cells in the next
generation mobile information system.
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